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Abstract

Someone once said that ”an image is worth a thousand words.” This captures well the amount of semantic
information hidden inside these matrices of pixels. Looking at an image instinctively induces us to form
hypotheses about which objects are inside, their state, dislocation, etc. We thus create, in our head,
a high-level semantic representation of the image, understanding its contents. This ability, although
instinctive and almost effortless for us, is very difficult to reproduce inside machines. Researchers have
worked to replicate human image perception for decades, initially focusing on categorizing images or de-
tecting specific objects, resulting in semantic representations tied to fixed concepts. Image captioning (IC)
involves generating natural language descriptions for images, enabling machines to communicate their
perception through language. This approach provides a flexible framework to convey diverse semantics.
Despite significant advancements, IC systems face challenges in flexibility and reliability, particularly in
specialized domains like remote sensing (RS). The contributions presented in this thesis are organized
into chapters, each addressing a limitation in remote-sensing image captioning (RSIC). Chapter 2 intro-
duces the fundamentals of generative image captioning, while Chapter 3 explores two distinct approaches
to enhance robustness and accuracy. First, we propose an ensemble method that leverages collective
knowledge from multiple participants to improve the reliability of image captioning outputs. Second, we
fine-tune a pre-trained large vision-language model using an instruction-based multi-task dataset, show-
ing how pre-training on a large visual-language dataset results in a better adaptation to downstream
tasks with limited labeled data. We further evaluate how integrating multiple tasks into the same frame-
work influences single-task performance. Chapter 4 focuses on enhancing the richness and detail of image
descriptions, addressing the limitation of current RS image captioning datasets, where complex scenes
are often reduced to a single, simple sentence. We propose to simulate a visual dialogue between two
pre-trained instruction following models to iteratively dig for more detailed information. Based on several
metrics, we show that our paradigm can generate descriptions that can discriminate better between dif-
ferent scenes. Chapter 5 focuses on Visual Question Generation (VQG) for remote-sensing images, which
aims at generating natural language questions for a given input image. We introduce a new dataset to
overcome the lack of question diversity in existing RS-VQG datasets. We also train a vision-language
model to generate questions directly from remote-sensing images. VQG can address a serious limitation
of our visual dialogue paradigm, which generates questions from an initial image description. Directly
generating the questions from the image reduces the risk associated with an incoherent first description
of the image. Chapter 6 focuses on describing changes between pairs of remote-sensing images. We use
entirely pre-trained models, eliminating the need for custom model training. We explore how the instruc-
tions provided to these models can steer the description toward particular aspects of interest for the user.
Chapter 7 introduces our initial exploration of incorporating supplementary geographic information into
a remote-sensing image captioning pipeline. We aim to generate more detailed captions tailored to the
specific scene and its geographic features. We believe integrating GIS data into vision-language models
can enhance their groundedness when solving different tasks. In light of recent advancements in large
vision-language models, we think that our endeavors in image captioning reflect a gradual shift from
task-specific models trained to perform single tasks to multi-task large vision-language models that can
accomplish several tasks at the same time, framing each as an answer to a different user instruction. We
think adapting at inference time to multiple tasks and requests, as we show in Chapters 3 and 6, rep-
resents a fundamental ability that future vision-language models should possess and can greatly benefit
remote-sensing applications. Finally, we think that RS vision-language research should move toward the
inclusion of additional data sources (i.e., geographic databases) to help vision-language models be more
precise and grounded in answering specific image-related queries.
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Chapter 1

Introduction

An image captures a snapshot of a scene at a certain moment, impressing it on a grid of millions of pixels.
The numerical value of each pixel depends on how light interacts with objects and thus is scattered back
to a photosensitive sensor, like the one we have on our cameras. Thus, pixel values shift as the scene
changes, influenced by several factors, such as the objects, their state, conditions, arrangement, quantity,
etc. Interpreting an image means analyzing a certain configuration of pixels to assign it a semantic
meaning. Humans rapidly develop this ability: from an early age, we can recognize visual elements, their
relationships, their alignment with prior knowledge, and various implicit contextual elements.

In the last decades, the sheer volume and speed at which images are generated have steadily in-
creased, with an estimate of 61400 images every second in 2024 1, and accounting only for those taken
by smartphones or cameras. Additionally, vast amounts of image data are continuously generated from
space exploration instruments, medical imaging technologies, surveillance systems, and other domains.
At this rate, human interpretation alone is insufficient to ensure timely and consistent analysis for the
numerous applications that use such data. Consequently, enabling machines with the capability to au-
tomatically interpret and understand images has become an important endeavor, creating a thriving
research field. Early efforts, as illustrated in Figure 1.1, focused on machines to automatically categorize
images into predefined classes. For example, studies such as [1] and [2] addressed binary classification
problems, distinguishing cityscape-landscape or indoor-outdoor scenes. Subsequent research expanded
this approach to several classes [3], eventually progressing to modern systems capable of categorizing
images into hundreds or even thousands of classes [4]. However, often, categorizing images into mutually
exclusive classes is restrictive. To increase interpretability, researchers have thus developed multi-label
classification algorithms [5][6], which assign a set of representative labels, allowing images to belong to
multiple categories simultaneously.

As the request for finer image interpretation techniques advanced, object detection was developed
to identify and highlight individual objects within images. Early methods were primarily focused on
detecting faces [7][8], with modern approaches that can now recognize and detect thousands of differ-
ent objects, accommodating variations in scale, pose, and appearance [9]. Image segmentation has also
been proposed as a logical extension of object detection, offering a more precise approach by delineating
objects through full segmentation rather than relying on bounding boxes or other coordinate-based rep-
resentations [10]. This technique can also segment different semantic regions within an image, such as
distinguishing between buildings, roads, vehicles, trees, and other elements [11].

While the aforementioned techniques prove valuable tools for image interpretation, their outputs are
not always accessible to human observers. This is especially the case for specialized areas like the medical
field, where automatic image interpretation outputs are rarely auto-explicative of their meaning. Another

1”Photo Statistics: How Many Photos are Taken Every Day?”, Matic Broz, Photutorial.
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Figure 1.1: The evolution of image interpretation in the last decades. Both granularity and accessibility
to the meaning of the extracted semantics increased over time.

example is remote sensing images, which can capture light in wavelengths different from what we are used
to and thus look incomprehensible to non-experts.

Due to his flexibility, humans rely on language as the primary mode of communication. Language
allows for the direct conveyance of complex semantic information, often bypassing the interpretative
challenges associated with other forms of expression by presenting content in a readily comprehensible
format. For this reason, the field of image captioning has emerged, aiming to develop machines capable
of extracting semantic information from images in natural language descriptions. In the example of
image description, natural language can convey detailed information, such as objects’ proximity, relative
positions, sizes, quantities, and other contextual details that are challenging to capture through other
types of outputs. Image captioning can thus be viewed as the merging of several different tasks together:
object recognition and counting, object attribute detection, and relative position understanding.

Beyond providing a more direct and accessible interpretation of image contents, captioning can be
useful in several applications, such as text-to-image retrieval [12][13], precision agriculture [14][15], human-
machine interaction [16][17], traffic data analysis [18], medical applications [19][20], helping visually im-
paired people [21][22][23], improving dataset quality [24] and others.

The first approaches to image captioning were based on templates [25][26][27], in which a machine de-
tects concepts and phrases from the image and then composes them to generate a description. Although
simple, this method tended to create repetitive captions, lacking the natural feeling of a human descrip-
tion. Another set of techniques is based on retrieval, framing image captioning as a ranking problem [28].
The general idea is to have a dataset of images and their respective captions [29], and with the target
image, search for the most similar image within the database and transfer the caption from the database
to the output. Most of the architectures in this category embed images and texts in a latent space, where
the search is conducted [30][31]. Although this can enhance the naturalness of the generated caption,
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it still has drawbacks when the algorithm is presented with images that differ significantly from images
in the database. In that case, the algorithm is prone to failure, as it can assign a caption that is not
necessarily coherent with the target image.

A third category, generative image captioning, has emerged to address the limitations of template-
based and retrieval-based approaches. This method has been extensively researched because it can mimic
human writing style, generate fluent text, and create novel captions by combining concepts learned during
training. Generative image captioning relies on auto-regressive language models, which generate text by
sequentially predicting the next word in a sentence given the context of the previous words and the
image. This approach imposes no pre-defined constraints on text generation, giving freedom to the
model to generate text in an open-ended manner. The greater flexibility of this framework has led to its
widespread adoption in nearly all recent image captioning applications. These applications commonly
use neural auto-regressive language models, which approximate the next-word distribution using neural
networks.

Early approaches to generative image captioning [32][33] framed the task using a two-step framework.
The process involves an encoding stage, where the image is analyzed to produce a condensed semantic
representation, followed by a decoding stage, in which text is generated based on the extracted visual
semantics until a stopping criterion is met, indicating the completion of the caption. When these pioneer-
ing works were conducted, convolutional Neural Networks (CNNs) were the default choice for handling
visual inputs. Global features were extracted by feeding the image into the CNN and keeping the output
from the layer immediately preceding the classification step. For example, in [33], the authors use global
features from GoogleNet as the initial hidden state for an RNN-based language model. In [32], the au-
thors use global features from VGG [34], injecting them at each step of the language model. The focus
of this thesis is on remote-sensing (RS) image captioning (IC), specifically on the task of describing the
content of RGB images as those depicted in Figure 1.2. These images are captured using sensors similar
to standard cameras or smartphones. What distinguishes them is the acquisition angle and resolution:
they are taken from an overhead perspective using aircraft, drones, or satellites, and they usually cover
vast areas on Earth.

1.1 Evolution of RS image captioning

First works in remote sensing image captioning [35][36] proposed pioneering datasets for the task, adopting
an encoder-decoder configuration using global features from a CNN. Other works in this direction try
to leverage global features but with a focus on a better alignment using either auxiliary modules like
a variational auto-encoder (VaE) in [37] or by leveraging pre-trained models like CLIP [38] which are
trained in a contrastive learning setting to align images and texts in a shared latent space. Given the
peculiarity of remote sensing images, multi-scale approaches have been explored. The idea is to leverage
intermediate layers of a CNN to capture multi-scale information. The hierarchical structure of CNNs
preserves the spatial coherence between regions in the input image, and the deeper the layer, the more
the features are aggregated in a coarser scale. An example is [39], in which the authors use a multi-scale
cropping mechanism that extracts features at three different scales before resizing them to obtain a fused
feature representation covering different scales. Following the introduction of the attention mechanism,
many researchers adopted it in the context of RS image captioning. For example, in [40], authors use
a multi-level attention mechanism to focus on different parts of the images and words of the generated
sentence. These two levels of attention are combined using another attentive layer to yield the final
features used to condition a long-short-term memory (LSTM) decoder that generates the caption. In
[41], the attention mechanism adaptively aggregates image features of specific spatial regions and scales.
The authors introduce a contextual attention module to align visual scenes and attribute information.
In [42], the authors use a cross-hierarchy attention mechanism, in which feature representation of objects

3



CHAPTER 1. INTRODUCTION

Figure 1.2: Examples of RGB remote sensing images of varying resolution. The first row contains low-
resolution images that thus cover a larger area. The second row contains high-resolution images, where
single cars can be spotted, covering more contained areas.

and patches are extracted using the region proposal of an object detection algorithm. These are further
complemented by the global feature vector, and an attention module is used to fuse the information from
different hierarchical regions of the image. After the advent of the Transformer [43], several approaches
switched to using this architecture for remote sensing image captioning. In [44], the authors propose
the CapFormer, a purely transformer-based image captioning approach for remote sensing. In [45], the
authors propose a transformer-based architecture in which the decoder can adaptively focus on multi-scale
features fused using topic-sensitive word embeddings. To better separate foreground from background
in images, in [46], the authors use a transformer-based approach equipped with deformable scaled dot-
product attention to mine multi-scale features from foreground and background areas. To better fuse
visual and linguistic features during caption generation, authors of [47] propose a cross-modal reasoning
dual transformer model. Specifically, they use a Swin Transformer (SwinT) encoder to better model
multi-scale visual features and discover the intrinsic relationship in the objects. A transformer-based
decoder is equipped with a cross-attention component to attend to visual features coming from the
encoder. Besides architectural improvements, some works focused on using additional information inside
the RS image captioning pipeline. In [48], the authors explore using annotated image regions to better
direct the model’s attention to specific regions of interest during caption generation. They use region-grid
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features and geometry relationships to estimate correlations between different regions in the image. In
[49], the authors use additional information from the predicted image label word embedding to guide the
calculation of attention masks. In [50], a small target attention module calculates the attention weights
using additional word embeddings of names of small targets that are difficult for the model to include
in the output caption. Differently from integrating additional information, some works explore using
multi-task settings, integrating auxiliary tasks to aid remote sensing image caption generation. Similarly,
authors of [51] and [52] explore multi-label classification as an auxiliary task. The authors use multi-label
scene classification due to its conceptual similarity to image captioning and its capability of highlighting
semantic classes. In [53], a meta-learning strategy is tested, using natural and remote sensing image
classification as meta-tasks. The idea is to leverage meta-features from classification models as input to
the image captioning model. Using meta features already adapted to remote sensing image classification,
the model requires a relatively small amount of caption-labeled data to achieve effective performance
on RSIC. In [54], visual question answering (VQA) is explored as an auxiliary task for remote sensing
image captioning. According to the authors, VQA aids the model in better-differentiating images, which
is a limitation in RS due to the high inter-class similarity. With the advent of the Transformer and the
discovery of auto-regressive language modeling as a strong unsupervised signal for implicit multi-task
learning, several large language models have been built and trained on massive amounts of data. Due to
their compatibility with solving vision language tasks, large language models have been adopted for remote
sensing image captioning. Early works, such as [55], leverage pre-trained large language models (LLMs)
to generate captions for remote sensing images by describing their object annotations. Due to their
large-scale pre-training, large vision language models, and the expansion of LLMs to accommodate visual
inputs, they have shown impressive capabilities in zero-shot settings and when finetuned on relatively
small amounts of data. In [56], the authors harness the power of pre-trained large language models and
powerful image encoders pre-trained using contrastive learning to achieve impressive image captioning and
retrieval performance. However, due to the resource constraint in remote sensing tasks, other attempts
tried to fine-tune a vision-language model already pre-trained to solve vision-language tasks in the natural
domain. An example is [57], in which the authors curated a large-scale dataset of image-instruction
pairs and fine-tuned a pre-trained LLaVA model on various tasks in a unified framework, achieving
impressive capabilities. This approach is similar to [P1] though extended with further vision-language
remote sensing tasks. Due to the advantage compared to training from scratch, other approaches followed
the same paradigm [58][59][60], fine-tuning a pre-trained large vision-language model on instruction-based
multi-task datasets. The large-scale language modeling pre-training injects a general world knowledge
inside the language model that, by learning to predict the likely continuation of a text, learns to link
textual concepts and thus their underlying semantics. Starting from the pre-trained model, fine-tuning
on specific instructions becomes more effective and necessitates a relatively small amount of examples to
achieve excellent performance. Furthermore, framing several tasks into the same format is beneficial as
more data can be gathered and used to increase the generalization and accuracy of models on a varied
suite of remote sensing tasks. Furthermore, these systems are highly efficient as the same model can solve
different tasks within a unified framework.

Despite great advances in remote sensing image captioning and, more generally, in remote sensing vi-
sual language tasks, we think some critical aspects need further analysis. Despite the advances achievable
using large pre-trained vision-language models, remote sensing image captioning remains an area with
a scarcity of labeled data. Due to the cost of manual labeling, the datasets proposed for the task are
relatively small, even though progress is being made in this direction. Thus, we think that a major con-
cern in RS image captioning is robustness, as real-world applications necessitate accurate and consistent
models. Beyond a pure data perspective, we think that to increase the groundedness of vision-language
models in RS applications, integrating geographic information systems (GIS) is an interesting avenue.
A vision-language model seamlessly interacting with a GIS platform represents a valuable advancement,
especially for RS applications. Data-wise, another limitation of current RS image captioning lies in the
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format of existing image captions. Most datasets contain short captions, often limited to a single sentence
describing the primary feature within the image. Besides conveying more information to the end user,
more detailed descriptions would prove favorable for several applications, such as text-to-image retrieval
and generation, as they constitute a more complete semantic representation of the image contents. How-
ever, manually labeling a dataset of rich captions is a time-consuming task. We think leveraging current
vision-language models’ pre-trained capabilities is a promising direction to enrich remote-sensing image
captions without creating apposite datasets. With the widespread adoption of multi-task large vision-
language models, evaluating their output for tasks like image captioning remains challenging. Researchers
discovered that standard metrics frequently evaluate a description based not on its intrinsic quality but
on how closely it matches the language patterns of the reference dataset. This stems from the heavy
reliance on exact word matching, which fails to account for variations in phrasing, such as long versus
concise captions or different sentence structures. We think that addressing this limitation could represent
a huge advancement in understanding how well a model describes the contents of an image. We think new
evaluation metrics should prioritize semantic meaning over exact word matching. Finally, despite being
highly task-efficient, large vision-language models are resource-intensive, limiting their large-scale appli-
cability. We think research on efficient smaller vision-language models would be important, especially for
adopting them on resource-constrained hardware settings such as drones or satellites.

1.2 Thesis objectives

This thesis is structured into self-contained chapters; each presenting research focused on analyzing a
limitation of the current remote sensing image captioning field. The second chapter briefly overviews
the fundamentals of generative image captioning and introduces important concepts that will be used
throughout the thesis. The chapter begins by framing generative image captioning as a specialized form
of language modeling, tracing the influence of advancements in natural language processing (NLP) that
have reshaped the field and transformed its paradigm in recent years. Additionally, it presents the
concept of language as a unified representational format capable of integrating diverse tasks within a
single framework—a foundational principle driving the development of large vision-language models as
versatile assistants for various applications.

Building on the robustness concerns expressed in the introduction, the third chapter focuses on
methodologies that increase the accuracy and reliability of remote sensing image captioning. The halluci-
nation problem, when a vision-language model generates text that doesn’t accurately reflect the image’s
content, poses challenges in adopting such systems in real-world applications. Furthermore, a halluci-
nation is often difficult to spot, as those models generally create fluent and coherent text. To increase
robustness, we first propose to leverage the ensemble concept, where not a single one but several models
are asked to produce a caption for a target image. The generated captions are then analyzed to isolate
the final best caption. Secondly, following the practice of fine-tuning pre-trained large vision language
models, we explore the use of multi-task learning and large vision-language models (LVLM) to boost
captioning performance.

Based on our observation of a degree of expression restrictiveness in the target captions in the most
famous remote sensing captioning datasets, in the fourth chapter, we explore ways to enrich the final
caption using multiple turns of a machine-to-machine dialogue about the image content, sparked by the
initial caption provided by a large vision-language model.

The fifth chapter is devoted to another vision-language task, visual question generation (VQG). We
explored this field after recognizing visual question generation as an important building block of our
dialogue system. There, the question generation was carried out in a pure text manner, which caused
challenges when the first description was not pertinent to the image content. Here, the idea is to have
models able to generate questions directly from the image itself.
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The sixth chapter explores change captioning, a task in which the algorithm is asked to process
multi-temporal images and generate a text that describes what changed during the time frame. Based
on the restrictiveness of current datasets for this task, we analyze the application of pre-trained large
vision-language models in this context, including our machine-to-machine visual dialogue. We analyze
the ability to target the extraction of specific aspects of interest for the user at inference time.

The final chapter presents initial explorations into integrating ancillary geographic information to
enhance remote-sensing vision-language tasks. Specifically, we investigate enriching image captions with
OpenStreetMap (OSM) data and introduce a manually curated dataset of image-caption-OSM triplets
to support this task. Our analysis highlights the complexities of integrating diverse data modalities and
identifies challenges stemming from the inclusion of additional, scene-dependent information. Despite
these issues, we emphasize the potential benefits of incorporating grounded, detailed geographic context
to improve the utility and reliability of remote-sensing vision-language models. Finally, we propose
future research directions to address these challenges, proposing more effective approaches to leverage
the supplementary data.

Finally, based on the progression of the field in the last years, we draw our conclusions and highlight
possible future directions.
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Chapter 2

Fundamentals of Generative Image
Captioning

The low naturalness and variety of template-based approaches and the costly maintenance of a large
and representative database for retrieval-based approaches led researchers to develop a third category
of methods, the generative approaches, based on auto-regressive language models. Generative image
captioning has been deeply investigated for its ability to mimic human writing style and fluency and
the possibility of generating novel captions by merging concepts learned during training. As depicted in
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Figure 2.1: Visual representation of generative image captioning.

Figure 2.1, in generative image captioning, the prediction is carried out iteratively, segment by segment.
The model assesses the probability for each possible next text segment at each iteration, leveraging
contextual information from the previously generated text and the image. The model selects the most
appropriate next text segment by sampling from this probability distribution, which is then appended to
the generated sequence. This iterative process continues until a stopping criterion is met, signifying that
generation is complete.

Thus, generative image captioning is an extension of language modeling, augmented with the integra-
tion of visual information derived from the image.
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2.1. TOKENS AND TOKENIZATION

2.1 Tokens and tokenization

In auto-regressive language modeling, what we have thus far referred to as ”segments” of text is termed
tokens. A piece of text is thus converted into a sequence of tokens. Tokens represent the fundamental
unit of information, and their value can vary depending on how we choose to split text. Some examples
of splitting strategies are shown in Figure 2.2, and take the name of tokenization strategies. Each token
is then mapped to a unique numerical identifier within a vocabulary. In that way, texts can be split
into tokens and then converted to IDs, resulting in sequences of numbers that a neural network can
process. This is a lossless conversion, as the same text can be recovered from the sequence of IDs with
the inverse operation. As in Figure 2.2, two natural ways to split a text would be by individual words or

Figure 2.2: Example of different tokenization criteria on the same text. BPE is trained on text from the
book ”Harry Potter - The Sorcerer Stone.”

individual characters. However, both approaches have limitations. In auto-regressive language modeling,
it is crucial to balance the vocabulary size and the length of the sequence of IDs after text conversion.
Word-level tokenization often leads to an excessively large vocabulary, which can dilute the information
conveyed by each token. Conversely, character-level tokenization reduces vocabulary size but results in
longer sequences of token IDs, which can lead to memory-related challenges.

More advanced tokenization methods have been developed to address these challenges by leveraging
Byte Pair Encoding (BPE) [61]. BPE tokenizers decompose text into sub-word units—sequences of
consecutive characters learned from a given text corpus and optimized for compressing text within a
constrained vocabulary size. In the BPE algorithm, the most frequent byte sequences are iteratively
merged into tokens, with this merging process continuing until the desired vocabulary size is achieved. For
instance, the BPE tokenizer used in GPT-2 [62] employs a vocabulary of 50257 tokens. This vocabulary
consists of 256 base byte tokens, a special end-of-text token, and additional tokens formed through 50000
merge operations.

2.2 Mathematical formulation

In auto-regressive language modeling, the likelihood of observing a text sequence T, consisting of N
tokens {t1, t2, . . . , tN}, is given by:

P (T) = P (t1, t2, . . . , tN ) =

N∏
i=1

P (ti | t<i) (2.1)

9
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The joint probability of observing the exact sequence of tokens in T, P (t1, t2, . . . , tN ), is therefore ex-
pressed as the product of the conditional probabilities of each token ti, given the preceding ones t<i.
A language model seeks to model the probability distribution over a large corpus of texts, denoted as
{T1,T2,T3, . . . }, to maximize the likelihood of observing text samples drawn from this corpus. For
instance, a language model trained on English text data is more likely to assign a higher probability
to the sentence ”a cat sitting on the sofa” than to ”a cat sleeping in the fridge.” This preference arises
because the former is statistically more frequent to encounter compared to the latter.

In the paradigm of neural language modeling, which we adopt in this thesis, the probability distribu-
tion is modeled using a large neural network parameterized by θ. Given a dataset D = {T1,T2,T3, . . . }
of texts, training a neural language model involves determining the parameters θ∗ that maximize the
following log-likelihood function:

θ∗ = argmax
θ

∑
T∈D

log
(
P (T)

)
= argmax

θ

∑
T∈D

N∑
i=1

log
(
P (ti | t<i, θ)

)
(2.2)

in which the sum of the log probabilities replaces the product of probabilities without altering the prob-
lem’s solution. Thus, the language model compresses the dataset D into (θ).

A trained neural language model can generate text by iterative sampling from its learned language
distribution, as illustrated in Figure 2.1. Since the output of the language model represents a probability
distribution over the vocabulary of possible tokens, various strategies can be employed to sample the next
token. The simplest approach is to select the token with the highest probability at each step, a technique
referred to as greedy sampling, depicted in Equation 2.3.

t̂i = argmax
ti

P (ti | t<i, θ) (2.3)

Other methods for text generation include beam search, nucleus sampling [63], top-k sampling, and others.
These methods can be categorized into deterministic and non-deterministic approaches. Deterministic
approaches, as the name implies, always produce the same output given the same input. Greedy sampling
and beam search are examples in this category. On the other hand, non-deterministic approaches sample
the next token based on the probability distribution generated by the language model, resulting in varying
outputs for subsequent runs using the same input. Nucleus sampling and top-k sampling fall into this
category. In the thesis, we focus exclusively on deterministic approaches to ensure the reproducibility of
the results.

2.2.1 Language model (LM) vs. vision-language model (VLM)

What we have discussed so far applies to pure neural language modeling. However, the equations can
be readily extended to incorporate the influence of an image X. For instance, given an image X and a
corresponding text T (such as its description), the probability of observing the description T subject to
image X can be formulated as:

P (T | X) = P (t1, t2, . . . , tN | X) =

N∏
i=1

P (ti | t<i,X) (2.4)

Similarly, given a dataset D = {(X1,T1), (X2,T2), (X3T3), . . . } of images and paired texts, a neural
vision-language model is defined by the parameters θ∗ that maximize the following log-likelihood:

θ∗ = argmax
θ

∑
T,X∈D

log
(
P (T | X)

)
= argmax

θ

∑
T,X∈D

N∑
i=1

log
(
P (ti | t<i,X, θ)

)
(2.5)

Sampling equations can be modified accordingly.
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2.3 Modeling the next-token probability distribution

In neural vision language modeling, which includes but is not restricted to image captioning, the prob-
ability distribution is modeled using an encoder-decoder architecture. The encoder is a vision module
responsible for compressing an image X into a manageable vector representation Zx ∈ Rdx , condensing
the semantic information from the pixel level to a more abstract semantic level. Vector representations
of data, like Zx, are called embeddings and are characterized by their dimension, in this case dk. The
decoder is an auto-regressive language model that generates the caption token by token, conditioned on
the image information (condensed in the embedding Zx) and the preceding tokens.

2.3.1 Auto-regressive language model

One of the ubiquitous choices for the decoder, until 2017, was represented by recurrent neural networks
(RNNs) [64]. RNNs are a class of neural networks designed to handle sequential data. These networks
process input sequences one step at a time, maintaining a hidden state hi that acts as the network’s
”memory” at step i. The network uses the hidden state to retain information about the previous steps
< i to condition the output at the current step i. The mathematical equation governing a plain RNN is
the following:

hi = f(Wthti +Whhhi−1 + bh + bt) (2.6)

Where Wth is a weight matrix controlling the information flow from input to the hidden state, Whh is
the weight matrix controlling information flow between hidden states at different steps, bh and bt are bias
terms, and f is a non-linear activation function. Additionally, ti represents the input at time step i.
The output at each time step i is calculated as:

yt = g(Whyht + by) (2.7)

where Why is the hidden-to-output weight matrix, which projects the hidden state hi to a probability
distribution over the vocabulary, by is the bias term, and g is an activation function (e.g., softmax for
classification).

Due to their recurrent computation, RNNs suffer from optimization issues. For the chain rule of
derivation, the gradients at the earlier time steps become a multiplication of contributions from each
following time step. This can result in gradients that either diminish to negligible values (vanishing
gradients) or grow uncontrollably large (exploding gradients), making learning long-range dependencies
harder. Two main variants have been proposed to counteract this issue: long-short-term memory (LSTM)
[65] and gated recurrent unit (GRU) [66]. While their structural mechanisms share similarities, GRUs are
often favored for their computational efficiency, offering performance comparable to LSTMs with reduced
complexity.

The attention mechanism

In 2015, a paper [67] introduced a novel mechanism to address a critical limitation in Recurrent Neural
Networks (RNNs). The authors drew inspiration from machine translation, where the standard approach
involved an RNN encoder compressing a source sentence into a fixed-size hidden state h and an RNN
decoder generating the translation conditioned on h.

The paper highlights a fundamental issue: the fixed size of h imposes a bottleneck on the architecture,
as it requires the network to encapsulate information from the whole source sentence into a single,
fixed-length representation. They showed how this approach often leads to performance degradation,
particularly when handling longer sequences than those used to train the machine. If the network can
adaptively absorb only the relevant context at each decoding step, it can address the bottleneck of storing
all information in a single fixed representation, as different parts of the source sentence are likely to be
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Figure 2.3: The ”Bahdanau” soft-attention mechanism. When generating the target translation token yt,
the decoder adaptively integrates context from the source sentence by computing different ”attention”
scores for each hidden state ht, t ∈ [1, T ] of the encoder.

relevant for different target token predictions. Thus, the authors introduced an ”alignment” component
that allows the network the possibility to generate a different context vector ct at each decoding step via
soft alignment. The authors applied the alignment component to an encoder-decoder RNN framework.
As depicted in Figure 2.3, the prediction of the t-th target token yt depends on the previous token yn−1,
the decoder hidden state st and a context vector ct. In turn, the context vector ct exerts its influence on
the decoder hidden state st via

st = f(st−1, yt−1, ct) (2.8)

The context vector ct is adaptive and depends on the encoder hidden representations (h1, . . . , hT ). The
context is calculated as:

ct =
T∑

j=1

αtjhj (2.9)

where each weight αtj is normalized between 0 and 1 using a softmax function, which also ensures that∑T
j=1 αtj = 1.

αij =
exp(eij)∑T
k=1 exp(eik)

(2.10)

where eij = a(si−1, hj). a is the alignment model, parametrized as a feed-forward neural network that is
jointly trained with the other components of the system.

This marked the initial integration of an attention mechanism within language models—a development
that would revolutionize the field within just a few years. Thanks to its natural property of allowing
a model to adaptively ”focus” on different parts of the input, thus mimicking human attention when
looking at an image, researchers started to employ the attention mechanism for image captioning [68][69],
reporting improved performance and a higher interpretation of the results thanks to the possibility to
visualize the regions of the image ”attended” by the network during caption generation.
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The transformer architecture

Despite significant advancements in RNNs coupled with the attention mechanism, their sequential com-
putation was still a source of limitations. In 2017, Vaswani et al. [43] introduced a radically different
paradigm for language modeling. They introduced a novel architecture called Transformer, a sequence-
to-sequence model that entirely eliminates recurrence.

A transformer architecture takes in input a sequence of N embeddings Zin = {zin1 , zin2 , . . . , zinN } and
outputs a sequence of embeddings of the same length Zout = {zout1 , zout2 , . . . , zoutN }. The transformer
comprises a stack of layers, each doing the same operation, depicted in Figure 2.4, called dot product
attention. The output sequence has the same dimensions as the input sequence when fixing din = dout,
but its elements are a transformed version of the input sequence. Each output element results from
aggregating information from all the elements in the previous layer. The aggregation is dynamically
controlled using attention. Thus, it is data dependent, allowing the network to adaptively attend to
the most relevant context for the particular example. The removal of the recurrence in transformers
brings two advantages compared to RNNs. Firstly, transformers do not need to wait for previous steps
to be completed to compute successive elements in the sequence but can perform the computation in
parallel. This makes transformers more training efficient than RNNs. Secondly, each element in the
output sequence is generated using the same number of operations, irrespective of its position. The
number of operations depends only on the number of attention layers inside the network. As a result,
each element in the input sequence potentially has the same possibility to influence the output, facilitating
more effective modeling of long-range dependencies.

Transformers, however, have also drawbacks compared to RNNs. Given their formulation, the memory
utilization scales quadratically with the input sequence length (think of the scores matrix, which is an
n × n matrix). This is also true during inference, where RNNs are much quicker and memory efficient.
Another drawback is that a transformer with plain attention layers cannot differentiate between sequence
arrangements. For example, the output for a sequence Z = {z1, z2, . . . , zN} will be identical to the output
for a different arrangement of the sequence Z = {zN , z1, . . . , z2}, due to the linear combination of the
elements. This is why, in transformers, there is the need to explicitly add position information inside the
input sequence.

However, the higher parallelization reachable with transformers and the reported better performance
on a wide range of tasks made this architecture the go-to choice for many researchers in the field as the
standard network for language modeling.

2.3.2 The era of large language models

At the same time, language was starting to be used as an universal medium to seamlessly integrate dif-
ferent tasks into the same format. For example, in [70], authors used language to frame 10 different tasks,
from translation to summarization to text comprehension. In 2019, another paper [62] demonstrated that
auto-regressive language modeling of large quantities of web-scraped text results in unsupervised multi-
task learning. The authors trained a transformer-based language model to perform next-token prediction
on WebText, a dataset of millions of web pages. The model, without any explicit supervision, achieved
state-of-the-art results on 8 out of 7 benchmarks in a zero-shot setting. The model was GPT-2, a 1.5B
parameters transformer large language model, which marked the beginning of the era of large language
models.

Foundational language models

This ability of large language models to gain multi-task abilities in an unsupervised manner from large
quantities of web-scraped text marked a paradigm shift in the whole community, especially under the
view of language modeling as a universal pre-training task to acquire broad knowledge about our world.
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𝐸𝑖𝑛 ∈ 𝑅𝑛 ×𝑑 𝑖𝑛

𝑊𝑘 ∈ 𝑅𝑑𝑖𝑛 ×𝑑𝑘 𝑊𝑞 ∈ 𝑅𝑑𝑖𝑛 ×𝑑𝑞 𝑊𝑣 ∈ 𝑅𝑑𝑖𝑛 ×𝑑𝑣

𝐾 ∈ 𝑅𝑛 ×𝑑𝑘

𝑆 = 𝑄 ⋅ 𝐾𝑇

𝑄 ∈ 𝑅𝑛 ×𝑑𝑞 𝑉 ∈ 𝑅𝑛 ×𝑑𝑣

𝑆 ∈ 𝑅𝑛 ×𝑛

𝑎𝑡𝑡 𝑛𝑜𝑢𝑡 = 𝑆 ⋅ 𝑉

𝑎𝑡𝑡 𝑛𝑜𝑢𝑡 ∈ 𝑅𝑛 ×𝑑𝑣

𝑊𝑜𝑢𝑡 ∈ 𝑅𝑑𝑣 ×𝑑𝑜𝑢𝑡

𝐸𝑜𝑢𝑡 = 𝑎𝑡𝑡 𝑛𝑜𝑢𝑡 ⋅ 𝑊𝑜𝑢𝑡

𝐸𝑜𝑢𝑡 ∈ 𝑅𝑛 ×𝑑 𝑜𝑢𝑡

𝐾 = 𝐸𝑖𝑛 ⋅ 𝑊𝑘 𝑄 = 𝐸𝑖𝑛 ⋅ 𝑊𝑞
𝑉 = 𝐸𝑖𝑛 ⋅ 𝑊𝑉

Figure 2.4: A single self-attention layer. The input sequence Ein is mapped to an output sequence Eout.
Each element in the output sequence is a linear combination of elements in the value matrix (V ) derived
from the input sequence. The coefficients of the linear combination are determined by a dot product
operation between the keys matrix (K) and the query matrix (Q), both derived from the input sequence.
In cross-attention layers, the query matrix is derived from the input sequence, while the key and value
matrices are derived from a different source (such as the output of an encoder).

GPT-2 was a very early demonstration of a foundational model. A foundational model is ”any model that
is trained on broad data (generally using self-supervision at scale) that can be adapted (e.g., fine-tuned)
to a wide range of downstream tasks” [71]. Another paper [72] showed how training a bigger language
model on more data greatly improves task-agnostic, few-shot performance, becoming competitive with
fully supervised approaches on most datasets. Researchers found that some empirical formulas link
language modeling performance to the model size, dataset size, and compute used during training [73].
Training a larger model on more data or for more iterations consistently leads to lower test set perplexity
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(or greater language modeling performance). This, coupled with mostly exaggerated claims about AGI,
led researchers and companies to invest in creating larger models and collecting larger datasets to train
those models. Several orders of magnitude have spanned both model size and dataset size, creating
foundational models showing impressive transfer capabilities to many downstream tasks.

Instruction fine-tuned language models

Through large-scale pre-training, foundational language models acquire a broad range of potential ca-
pabilities. However, these models necessitate fine-tuning using supervised data to correctly adapt to
downstream tasks. The language modeling ability of the pre-trained foundational language model only
implies that the model can generate a coherent continuation of a text sequence. This does not mean that
they can follow the intention of a certain query. In the example in figure 2.5, the prompt is the query
given to the language model. As humans, we can understand the request behind this prompt: the user
wants an explanation of the moon landing suitable for a six-year-old kid. In the example completion,
it is clear that the completion from the foundational language model (GPT3) does not align with our
expectation. The model writes four sentences similar to the input but asks for other theories. This is
an example in which the completion of the model does not ”follow” the prompt formulated by the user,
thus not carrying out the expected task. Differently, InstructGPT, an instruction-following model (an
”aligned” model), correctly ”understands” the request hidden in the instruction, providing an answer
that effectively solves the task. The instructGPT model, nowadays known as ChatGPT [74] was released

Figure 2.5: Example of different responses to the same query by a foundational model (GPT3 [72]) and
an instruction fine-tuned model (InstructGPT [74])

in 2022, and was the first attempt to build an instruction-following model. If the model can correctly
”follow” user intention, it is also an implicit multi-task solver within the same framework and, more
importantly, without fine-tuning each downstream task. To align the model to follow instructions, the
authors used a mix of supervised fine-tuning using conversational data labeled by humans and reinforce-
ment learning from human feedback (RLHF), a technique to further push the model towards answers
that are preferable to humans. An example of an instruction-response pair is provided below.

{

"instruction": "Is the following statement true or false?

The human body has 207 bones.",

"response": "false"

}

The potential of instruction-following models is the ability to solve various tasks at inference time without
the need for supervised fine-tuning. The user can use the prompt to influence model behavior and how it
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responds. For instance, using an instruction-following model, we can push the model to solve a sentiment
analysis problem by prompting it with the following query: ”Rate the sentiment of this statement:
(statement) as positive, negative, or neutral. Respond with a single word.”

Because these models are trained on extensive datasets containing human-like queries, they understand
that the task is to evaluate the sentiment of the provided statement and respond with one of the specified
options: ”positive,” ”negative,” or ”neutral.” In Chapter 3 and Chapter 5, we will see some applications
of this capability to solve remote sensing tasks without the need to fine-tune the models on labeled data
for the task. Of course, to better align with some tasks or situations, models can be fine-tuned using
custom datasets, but the idea is that using language as the interface, a single model can be used to solve
a plethora of requests without the need to collect any particular data for any specific task. These models
have been commonly labeled as assistants. This discourse holds for vision-language models that can give
rise to vision-language assistants when adapted to follow instructions involving visual content.

2.4 Metrics for image captioning

This section provides an overview of the commonly used metrics for image captioning. Mostly, research
in image captioning adopted metrics based on exact word matching, though some also involve other
strategies.

2.4.1 Bilingual evaluation understudy (BLEU)

BLEU [75] calculates a modified n-gram precision between a candidate text and a set of reference texts.
The BLEU score is defined as:

BLEU = BP · exp

(
N∑

n=1

wn log pn

)
(2.11)

Where BP represents the brevity penalty, which penalizes short translations in comparison to the
reference. The variable wn denotes the weights for the n-gram precisions, with the typical value of
wn = 1

N , where N is the maximum n-gram length considered. The term pn refers to the precision for
n-grams of length n, which is the fraction of n-grams in the generated text that also appears in the
reference text. BLEU is bounded between 0 and 1, with higher scores indicating a better match between
reference and generated text.

2.4.2 Consensus-based Image Description Evaluation (CIDEr)

CIDEr [76] is also based on n-gram precision between the candidate text and a set of reference texts.
Furthermore, it uses the TF-IDF measure to penalize n-grams that commonly occur across all references
in the dataset. The CIDEr score referring to an n-gram is:

CIDErn(ci, Si) =
1

m

∑
j

gn(ci) · gn(sij)
∥gn(ci)∥∥gn(sij)∥

(2.12)

Where ci represents the candidate caption, and Si is the set of m reference captions. The function
gn(·) denotes the TF-IDF weighted n-gram vector representation. ∥gn(ci)∥ and ∥gn(sij)∥ are the norms
(magnitudes) of the n-gram vectors for the candidate caption ci and the j-th reference caption sij in Si,
respectively. The dot product gn(ci) · gn(sij) measures the cosine similarity between the n-gram vectors.
Finally, the term 1

m normalizes the score by the number of reference captions. The complete CIDEr
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metric is an average of the score computed for n-grams from 1 to 4, as in the following equation

CIDEr(ci, Si) =

4∑
n=1

wn CIDErn(ci, Si), (2.13)

CIDEr is bounded between 0 and 5, with higher scores indicating a better match between reference and
generated text.

2.4.3 METEOR

METEOR [77] is based on unigram matching between a candidate text and a set of references. Unigrams
can be matched based on surface forms, stemmed forms, or meanings (using a synonym stemmer), and
in the case of multiple references, an alignment module selects the best alignment between the generated
text and each reference text. The alignment metric ensures that the words in the generated texts are
arranged similarly to the reference text. The hypothesis is that similar arrangements correlate with a
more syntactic and semantic agreement between the generated and the reference texts. After finding the
best alignment, METEOR computes the harmonic mean between precision and recall.

Fmean =
10PR

R+ 9P
(2.14)

Where P is the precision computed as the ratio of unigrams in the generated text matched in the reference
text over the total number of generated unigrams, and R is the recall computed as the ratio of unigrams in
the reference text that is present in the generated text over the total number of unigrams in the reference
text. METEOR gives higher weight to recall. METEOR further calculates a penalty score based on the
alignment between the generated and the reference text, which evaluates worse alignments lower than
better alignments. The final formula of METEOR is:

METEOR = Fmean · (1− Penalty) (2.15)

METEOR is bounded between 0 and 1, with higher scores indicating a better match between reference
and generated text.

2.4.4 Recall-Oriented Understudy for Gisting Evaluation (ROUGE)

ROUGE [78] is a set of metrics used to evaluate the coherence between a generated summary and a
reference summary. We will specifically use ROUGE-L in the rest of the thesis. Generally, for each
sentence ri in a given reference text R composed of u sentences, the longest common sub-string (LCS)
LCS∪(ri, C) match is calculated against the union of all sentences in the generated text C. The longest
common substring is a series of adjacent words in the reference and the generated text. After the LCS
has been calculated for each sentence in the reference text, precision and recall are calculated like:

Rlcs =

∑u
i LCS∪(ri, C)

m
(2.16)

Plcs =

∑u
i LCS∪(ri, C)

n
(2.17)

Where m is the total number of unigrams in the reference text and n is the total number of unigrams in
the generated text. Then, the ROUGE-L metric is computed as:

ROUGE-L =
(1 + β2)RlcsPlcs

Rlcs + β2Plcs
(2.18)
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Where β = 1.2 following the implementation of Salaniz1 on GitHub. ROUGE-L is bounded between 0
and 1, with higher scores indicating a better match between reference and generated text.

1https://github.com/salaniz/pycocoevalcap
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Chapter 3

Increase Captioning Accuracy and
Robustness

[P2] Riccardo Ricci, Farid Melgani, Josè Marcato Junior, and Wesley Nunes Goncalves. “Robust Im-
age Captioning with Post-Generation Ensemble Method”. In: IGARSS 2023-2023 IEEE International
Geoscience and Remote Sensing Symposium. IEEE. 2023, pp. 5234–5237.

[P3] Riccardo Ricci, Farid Melgani, Josè Marcato Junior, and Wesley Nunes Goncalves. “NLP-Based
Fusion Approach to Robust Image Captioning”. In: IEEE Journal of Selected Topics in Applied Earth
Observations and Remote Sensing (2024).

[P1] Yakoub Bazi, Laila Bashmal, Mohamad Mahmoud Al Rahhal, Riccardo Ricci, and Farid Melgani.
“Rs-llava: A large vision-language model for joint captioning and question answering in remote sensing
imagery”. In: Remote Sensing 16.9 (2024), p. 1477 (my contribution: idea conceptualization).

Introduction

This chapter is dedicated to methods that can increase the robustness and accuracy of remote-sensing
image captioning. A significant problem in this field is the scarcity of large-scale human-curated datasets
and the intrinsic complexity and variability within remote sensing scenes. Due to the cost, both monetary
and in terms of time, of manually labeling RS scenes with descriptive captions, the available datasets
are significantly restricted when compared to natural image captioning datasets [79][80], as can be seen
in Table 3.1. To date, four datasets have been publicly released for remote sensing image captioning:
Sidney-Captions [35], UCM-Captions [35], RSICD [36] and NWPU Captions [41]. The main reason for this
difference is that it is easier to web-scrape samples of natural images and their descriptions than remote-
sensing scenes. The confidence in building real-world applications is primarily linked to the reliability of a
model. Still, we know that a scarcity of training data can harm both robustness and generalization. As we
saw in the thesis introduction, most of the literature has focused on improving captioning performance by
introducing several variations to the CNN-RNN vanilla pipeline. In this chapter, we propose and analyze
two ways to enhance the robustness and performance of remote-sensing image captioning algorithms:
1. applying an ensemble of captioners and 2. training a large vision language model (LVLM) using
instruction tuning on multiple tasks at once.
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Table 3.1: Statistics of image captioning datasets in the computer vision (CV) and the remote sensing
(RS) community.

Name N° of images Captions per image

CV Datasets
COCO Captions [79] 328000 ≈ 5
Flickr30k [80] 31000 5

RS Datasets
NWPU Captions [41] 31500 5
RSICD Captions [36] 10921 5
UCM Captions [35] 2100 5
Sidney Captions [35] 613 5

3.1 Ensemble for image captioning

Ensembles have been extensively studied in the literature to increase the accuracy and robustness of
algorithms on classification problems [81]. For example, authors in [82] adopted an ensemble to boost
the accuracy of change detection maps. In [83], the authors apply ensembles to increase multi-class
classification accuracy. Despite the success of ensembles for classification, they received little to no
attention in the context of image captioning. In [84], the authors apply an ensemble by summing the
next-token probabilities of each captioner and sampling upon the aggregated probability distribution.
As the authors showed, this approach only slightly boosts captioning performance; however, we argue
that formulating an ensemble for image captioning in such a way poses significant constraints. First, all
captioning models must use the same vocabulary. Employing differing vocabularies leads each captioner
to generate probability distributions over different sets of possible tokens, making it impossible to sum
individual probabilities before sampling the next token. This is a limitation since it is common for
different pre-trained algorithms to employ different vocabularies. Second, most captioners must return
coherent predictions; otherwise, there is a high risk of severely impacting the performance since every
contribution is weighted equally. For these reasons, we propose a different ensemble paradigm, in which
the idea is to leverage the ensemble a-posteriori. This means that ensemble techniques are applied after
each model has generated its final description. With this formulation, we remove all the limitations:
what is necessary is a generated caption of each model, irrespective of how it is obtained. In this way,
there are no predefined constraints, leaving the freedom to (a) adopt different architectures, (b) adopt
different caption generation schemes, and (c) use different vocabularies. We propose three methods, each
with strengths and drawbacks, providing a thorough analysis of the a-posteriori ensemble in different
scenarios. The main contributions can be summarized as follows:

• We propose three strategies to implement an ensemble in the context of image captioning.

• We evaluate our approaches using four remote sensing (RS) image captioning datasets, assessing
the ensemble’s robustness and performance across different scenarios.

3.1.1 Methodology

Our ensemble for image captioning is depicted in Figure 3.1. Our approach is divided into two main
stages: caption generation and post-generation ensemble. During caption generation, a set of different
algorithms is employed, producing a set of caption candidates, one for each participant. The post-
generation ensemble stage ingests the set of candidates and, optionally, the image and is responsible for
producing a single best output. In the following, we explore in detail our choices for both stages.
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Different descrip�ons for
the same image

1) there are lots of houses arranged 
neatly and some roads go through them

2) it is a dense residen�al area with lots
of houses arranged neatly and a road 
goes through them

3) lots of houses arranged neatly and 
some roads go through them

4) lots of cars parked in lines in the 
parking lot

N) this is a dense residen�al area

POST-GENERATION 
ENSEMBLE MODULE

Selec�on/Genera�on

Cap . 1

Cap . 2

C
ap

. N

BEST CAPTION

Figure 3.1: Conceptual pipeline of our ensemble approach. From an image, several captions are generated
using different captioners. A post-generation ensemble module takes this set of captions and, optionally,
the image, outputting a single best caption.

Caption generation stage

As stated in [81], the effectiveness of an ensemble largely depends on the diversity among its members.
If all classifiers in the ensemble make the same errors, the ensemble will not perform significantly better
than its individual members. Instead, if the members make errors in different instances, an ensemble
can compensate for individual weaknesses. Diversity can be achieved employing different architectures,
training recipes, and trainset distributions. In image captioning, since the output is a textual description,
differences can also arise from the vocabulary used by the algorithm. We created an ensemble of N = 7
different models, including three state-of-the-art pre-trained captioners, namely MLAT [85], Blip-2 [86],
and CapDec [87]. Further, we build and train four additional models following the architecture of [33].
We achieve architectural diversity using different combinations of encoder and decoder, as depicted in
Table 3.2. We created models combining three encoders: two CNNs (VGG-16 and ResNet-50) and
a Vision Transformer (ViT-B/16), and two decoders: Gated Recurrent Unit (GRU) and a Transformer
Decoder (TD). It is worth mentioning that CapDec and Blip-2 are trained on natural scenes and, thus, are
not tailored to the remote sensing scenario. Given a dataset D = {(X1,T1), (X2,T2), . . . } of samples
of images and their corresponding description, the parameters of each custom model are adjusted to
maximize the likelihood of the model generating the correct description for each image, as depicted in
Equation 2.5. During inference, we generate the caption using greedy sampling to enforce reproducibility.

Post-generation fusion stage

We envisioned two primary post-processing strategies: selection and generation. Selection strategies
prove advantageous in scenarios marked by pronounced uncertainty among captioning models, where
a significant proportion of generated captions might lack relevance to the image content. Conversely,
generation becomes pertinent when there is substantial semantic concordance among the candidates,
but syntactical discrepancies or inaccuracies in the generated captions could compromise both their
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Table 3.2: Algorithms included in our ensemble.

Encoder Decoder

CC-a VGG-16 GRU
CC-b ResNet-50 GRU
CC-c ResNet-50 Transformer
CC-d ViT Transformer

MLAT [85] ResNet-50 Transformer
Blip-2 [86] ViT FlanT5 XXL [88]
CapDec [87] RN-50x4 GPT-2

CC stands for Custom Captioner.

performance and readability.

In the following, we introduce two selection strategies: näıve selection and CLIP-Coherence (CLIP-
C) selection. Additionally, we introduce a generative strategy grounded in the Variational Autoencoder
(VaE) framework.

Selected cap�on

BERT latent space

1) it is a dense residen�al area with 
lots of houses arranged neatly and 
a road goes through them

2) there are lots of houses arranged 
neatly and some roads go through 
them

.

.
8) this is a dense residen�al area

“this is a dense residen�al 
area”

BERT
Closest to average

𝑧𝑐𝑙𝑎𝑠𝑠 ,2
𝑡

𝑧𝑐𝑙𝑎𝑠𝑠 ,1
𝑡

𝑧𝑡

Figure 3.2: The näıve selection strategy. Each candidate caption generated in the first stage is projected
into a semantic latent space using a pre-trained BERT [89] model. The average of the embeddings is
used as an anchor, and the caption that falls closer to it is selected as the final output.
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Näıve selection

Naive selection, depicted in Figure 3.2, is a text-only strategy in which the selection process relies solely
on the generated set of captions. It leverages a distilled version of the BERT model (Bidirectional
Encoder Representations from Transformers [89]), which is suited to convert texts into semantic vector
representations. This operation is depicted in Equation 3.1.

Zt = [ztclass; z
t
1; z

t
2; . . . ; z

t
n] = BERT(T), T = [tclass; t1; t2; . . . ; tn]

ztclass = Pooling
(
[ztclass; z

t
1; z

t
2; . . . ; z

t
n]
)

(3.1)

Where T ∈ R(n+1) represent the sequence of text tokens obtained from the tokenization of a text T, with a
special ”class” token prepended at the beginning and Zt ∈ R(n+1)×h is the sequence of output embeddings,
which is the result of the processing of several self-attention layers inside the BERT model, and Pooling
is the operation of selecting the output embedding corresponding to the ”class” token. In their paper,
the authors pre-train their model on a large corpus of text using two self-supervised objectives: masked
language modeling prediction and next-sentence prediction. This massive pre-training allows their model
to extract semantic sentence representations that can benefit a wide suite of tasks such as question-
answering and language inference. The model projects semantically related sentences in similar parts of
the latent space, creating a semantic latent space that can be leveraged for similarity search and other
tasks. We adopted the distilled 6-layer version from [90] to decrease the computational requirements.
Considering a set of M candidate captions, Naive selection proceeds as follows:

• Projection: each candidate caption is projected in the BERT latent space as detailed in Equation
3.1, resulting in a set of embeddings {ztclass,1, ztclass,2, . . . , ztclass,M}, where each one represents the
content of one candidate caption.

• Aggregation: an anchor z̄t is calculated as the average of all the sentence embeddings z̄t =
1
M

∑M
i=1 z

t
class,i. The anchor serves as the prototype vector encapsulating the average semantic

content of the set of captions.

• Selection: the caption whose embedding has the smallest Euclidean distance from the anchor is
selected as the final caption.

Within the landscape of ensemble techniques, this approach shares similarities with the majority voting
principle.

CLIP-C Selection

CLIP-C (CLIP-Coherence) selection, depicted in Figure 3.3, employs the Contrastive Language-Image
Pre-training (CLIP) model [91], a multi-modal framework that integrates textual and visual data. CLIP
consists of two branches, one processing the image and the other processing text, both generating em-
beddings following 3.1. The text branch is a Transformer encoder [43] while the visual branch is a Vision
Transformer (ViT) [92]. Using a dataset of 400 M of corresponding image-text pairs, contrastive learning
is used to enforce CLIP to project the two modalities in a shared latent space. Given an image X, a
corresponding text is a semantically coherent description of the image such as a caption or an anecdote
about the image content. A text which is semantically unrelated to the image content is referred to
as a mismatched text. After training using contrastive learning, the latent space shows an interesting
property: corresponding images and texts are projected in similar regions, while mismatched pairs are
projected far apart. Thanks to this property, CLIP has demonstrated robust capabilities in zero-shot clas-
sification and retrieval tasks on natural scenes, recently extending to remote sensing scenes [93][94][95].
The CLIP-Coherence selection employs CLIP to project the image and the candidate captions in the
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1) it is a dense residen�al area 
with lots of houses arranged 
neatly and a road goes through
them

2) there are lots of houses 
arranged neatly and some roads 
go through them
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Figure 3.3: The CLIP-Coherence selection strategy. Using a pre-trained CLIP model, an image-text
coherence score is derived for each candidate caption. The one with the highest coherence is selected as
the final output.

shared latent space and evaluate the coherence of the image with each candidate via the cosine similarity
between the respective embeddings:

cosine similarity(a, b) =
a · b

∥a∥∥b∥
(3.2)

Where a ∈ Rd and b ∈ Rd represent two generic vectors of dimension d and ∥ · ∥ denotes the Euclidean
norm. We conducted experiments using two versions of the CLIP model. The first is the pre-trained
version, released by OpenAI, and trained on a comprehensive corpus of web-scraped text-image pairs
(mainly covering natural scenes). The second [93] is fine-tuned on remote-sensing scenes, thus exhibiting
enhanced performance in tasks such as RS image retrieval and RS zero-shot classification. Supposing a
set of M candidate captions and an RGB image X ∈ R3×w×h, the CLIP-Coherence selection proceeds as
follows:

• Projection: the text branch projects each candidate caption in the shared latent space, producing
a set of embeddings {ztclass,1, ztclass,2, . . . , ztclass,M}. The visual branch projects the image in the
same space, producing the embedding zxclass.
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• Similarity computation: the cosine similarity of each candidate caption with the image is com-
puted as Ci = cosine similarity(ztclass,i, z

x
class).

• Selection: the final output is the caption that maximizes the cosine similarity with the image
i∗ = argmaxi∈{1,...,M} Ci

From our perspective, the CLIP-coherence selection strategy facilitates using an ensemble of specialized
members. Each member can excel in a distinct subset of scenes without needing a universal model
across the entire spectrum of possible scenes. Notably, this procedure does not involve any averaging.
Consequently, even in scenarios in which only a single caption exhibits coherence with the image, this
strategy can, in principle, be able to isolate it, irrespective of the noise provided by the remaining
candidates.

VaE fusion

Variational auto-Encoder (VaE) fusion, depicted in Figure 3.4, is a text-only strategy based on the
Variational Auto-Encoder framework. This framework is preferred over a plain auto-encoder for the
characteristics of the latent space achieved by noisy sampling during training. It has been demonstrated
that textual interpolation in such latent space yields smoother and more plausible outputs [96] compared
to standard auto-encoders. The idea is to compress the set of captions into the VaE latent space to
preserve the semantic meaning of the set of captions while discarding possible syntactic errors. The noisy
sampling used during training can enhance its robustness to slight perturbations of the inputs, making it
the best candidate for dealing with such errors. However, this requires that we train a VaE model for each
dataset. Due to data restriction, we decided to fine-tune a pre-trained VaE-based language model called
OPTIMUS [97] instead of training a model from scratch. OPTIMUS is composed of two sub-networks:
BERT [89] and GPT-2 [62]. As we previously saw, BERT acts as the encoder, condensing a text T into a
latent representation ztclass. The training of the VaE model follow these steps. The BERT representation
ztclass,i of a text T is mapped via the linear projection f to the mean µ and standard deviation σ of a
Gaussian probability distribution as:

µi, σi = f(ztclass,i) (3.3)

A noisy latent vector is sampled from the Gaussian distribution as:

z̃tclass,i = µi + σi ⊙ ϵ, ϵ ∼ N (0, I) (3.4)

where ϵ is drawn from a standard normal distribution. The text is reconstructed by GPT-2 conditioned
on the noisy latent vector

T̂ = GPT-2(z̃tclass,i) (3.5)

where T̂ is the reconstructed sentence. The VaE model is trained to minimize the following loss function:

Lvae = Eq(z|T)

[
log p(T|z

)]
−DKL

(
q(z|T)∥p(z)

)
(3.6)

where Eq(z|T) [log p(T|z)] is the likelihood of reconstructing the original text T from its latent representa-
tion z, averaged over the latent posterior distribution q(z|T). p(z) is the prior latent distribution, usually
a standard normal distribution N (0, 1), and DKL is the Kullbach-Leibler (KL) divergence, used to push
q(z|T) close to p(z), smoothing the latent space and preventing the network to overfit on individual
samples.

OPTIMUS has been pre-trained on roughly 2M sentences from English Wikipedia. The authors
used pre-processing to isolate sentences of a maximum length of 64 tokens to make it more targeted to
modeling short sentences. Starting from the pre-trained weights, we fine-tune 4 versions of OPTIMUS,
one for each of the 4 datasets. After fine-tuning of the OPTIMUS model, supposing a set of M candidate
captions, the VaE fusion strategy proceeds as follows:
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Figure 3.4: The VaE fusion strategy. Inside OPTIMUS, the encoder (BERT) projects the candidate
captions in a smooth VAE latent space. There, the Gaussians means are averaged, and used as anchor
to condition the decoder (GPT-2), which distills the final caption.

• Projection: Each candidate caption is encoded into the VaE latent space. This process produces
two sets ofM elements: the mean values {µ1, µ2, . . . , µM} and standard deviations {σ1, σ2, . . . , σM},
of M Gaussian distributions.

• Aggregation: The aggregated latent representation is obtained as the average of each Gaussian’s
mean, µ̄ = 1

M

∑M
i=1 µi.

• Reconstruction: the representation ẑtclass,i = µ̄ conditions the OPTIMUS decoder to generate
the distilled caption.

The idea is to leverage the modeling capability of the variational latent space to retain a condensed
representation of the input captions, thus discarding noise from possible errors or misspellings. Decoding
from ẑtclass,i = µ̄ can be seen as extracting the condensed semantic meaning of the input set of captions.
We formulate this strategy to deal with possible syntactic errors in the input captions. Indeed, such
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a scenario cannot be tackled using selective strategies, which are restricted to the pool of generated
candidates. Details of architecture and training are provided in Section 3.1.2.

3.1.2 Experimental results

Setup

As our primary focus is not on the performance of individual algorithms, we do not search for the best
training hyper-parameters. Instead, we apply the same hyper-parameters across all custom captioners,
selecting reasonable values based on the data volume at our disposal. Each captioner uses the BERT
tokenizer with an embedding dimension of dt = 256. For training, we used a batch size of bs = 8, a
learning rate of α = 1 × 10−4, and a dropout probability of pdrop = 0.15 to counteract over-fitting.
During training, we freeze the parameters of the encoder while updating the parameters of the decoder.
Due to the limited dataset size, we use early stopping monitoring the BLEU-4 on the validation set. The
AdamW optimizer was employed with a weight decay of λ = 1× 10−7.

OPTIMUS has been fine-tuned for e = 10 epochs, adhering to the pre-training configuration provided
by the original authors.

The performance is reported using BLEU1-4 (B1-4), ROUGE-L (R), METEOR (M), and CIDEr
(C). In the following, we present three evaluation scenarios to analyze the ensemble’s performance under
different conditions.

Scenario 1: Standard Evaluation

This experiment reproduces a standard scenario in which evaluation is conducted on samples from the
same dataset as the one used in training (of course, of separate train and test subsets). In each table, the
first seven rows represent the performance of the single captioners, while the last four are the ensemble
results with the three strategies. Color codes are used to indicate RS datasets used to train the captioners.
Blip-2 and CapDec have been trained on datasets of natural scenes.

Table 3.3: UCM-Captions: Standard Evaluation. Bold entries highlight the best results.

Captioner B1 B2 B3 B4 R M C

CC-a 0.79 0.72 0.66 0.61 0.74 0.40 3.03

CC-b 0.77 0.70 0.64 0.59 0.71 0.39 2.99

CC-c 0.54 0.45 0.38 0.34 0.48 0.22 1.56

CC-d 0.82 0.75 0.70 0.65 0.77 0.43 3.19

MLAT [85] 0.42 0.23 0.13 0.09 0.31 0.14 0.54

Blip-2 [86] 0.35 0.19 0.10 0.04 0.27 0.13 0.33

CapDec [87] 0.30 0.16 0.08 0.04 0.26 0.11 0.18

Strategy

Näıve 0.80 0.72 0.66 0.60 0.74 0.40 3.09

CLIP-rsicdv2 0.69 0.61 0.56 0.52 0.62 0.34 2.49

CLIP-vitlarge14 0.55 0.44 0.38 0.34 0.45 0.24 1.48

VaE 0.76 0.67 0.60 0.54 0.70 0.37 2.69

Trained on UCM

Trained on RSICD
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Table 3.4: UAV-Captions: Standard Evaluation. Bold entries highlight the best results.

Captioner B1 B2 B3 B4 R M C

CC-a 0.69 0.59 0.49 0.40 0.70 0.34 3.92

CC-b 0.70 0.59 0.48 0.38 0.69 0.34 3.76

CC-c 0.59 0.48 0.39 0.31 0.60 0.27 3.08

CC-d 0.68 0.57 0.46 0.37 0.69 0.35 3.56

MLAT [85] 0.13 0.03 0.01 0.00 0.13 0.06 0.04

Blip-2 [86] 0.21 0.07 0.03 0.00 0.18 0.10 0.11

CapDec [87] 0.13 0.05 0.01 0.00 0.13 0.09 0.04

Strategy

Näıve 0.73 0.62 0.52 0.42 0.72 0.35 4.00

CLIP-rsicdv2 0.35 0.24 0.18 0.13 0.35 0.18 1.08

CLIP-vitlarge14 0.27 0.16 0.11 0.07 0.25 0.16 0.52

VaE 0.68 0.57 0.45 0.35 0.66 0.31 3.28

Trained on UAV

Trained on RSICD

Table 3.5: SIDNEY-Captions: Standard Evaluation. Bold entries highlight the best results.

Captioner B1 B2 B3 B4 R M C

CC-a 0.77 0.68 0.61 0.55 0.70 0.38 2.35

CC-b 0.73 0.63 0.56 0.49 0.66 0.35 2.11

CC-c 0.69 0.60 0.52 0.45 0.64 0.34 1.91

CC-d 0.76 0.67 0.60 0.53 0.70 0.38 2.31

MLAT [85] 0.47 0.24 0.13 0.07 0.29 0.15 0.24

Blip-2 [86] 0.33 0.18 0.12 0.07 0.28 0.11 0.10

CapDec [87] 0.31 0.11 0.00 0.00 0.26 0.08 0.08

Strategy

Näıve 0.76 0.67 0.60 0.53 0.70 0.38 2.34

CLIP-rsicdv2 0.59 0.46 0.39 0.34 0.50 0.25 1.58

CLIP-vitlarge14 0.56 0.44 0.37 0.33 0.46 0.23 1.11

VaE 0.71 0.61 0.54 0.47 0.65 0.35 1.60

Trained on SIDNEY

Trained on RSICD

The ensemble’s performance is summarized in Tables 3.3-3.6. Most captioners achieve satisfactory
results, with the notable exceptions of Blip-2 and CapDec, which lag behind across all evaluation metrics.
It is important to highlight that these models have not been specifically trained on remote sensing data,
making their lower scores somewhat expected. Furthermore, as we can see from the performance of
MLAT, a simple change in the training dataset can be critical when evaluating the model using standard
metrics. MLAT has been trained on the RSICD dataset, and we can see that on UCM, UAV, and
SIDNEY, it achieves lower metrics than the first four models trained on the same dataset. Despite this,
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Table 3.6: RSICD-Captions: Standard Evaluation. Bold entries highlight the best results.

Captioner B1 B2 B3 B4 R M C

CC-a 0.61 0.44 0.34 0.27 0.46 0.24 0.71

CC-b 0.60 0.43 0.32 0.26 0.44 0.24 0.69

CC-c 0.54 0.36 0.26 0.20 0.38 0.20 0.48

CC-d 0.63 0.47 0.37 0.30 0.48 0.26 0.81

MLAT [85] 0.65 0.49 0.39 0.32 0.49 0.27 0.90

Blip-2 [86] 0.34 0.16 0.08 0.04 0.24 0.10 0.20

CapDec [87] 0.35 0.16 0.07 0.03 0.23 0.10 0.13

Strategy

Näıve 0.65 0.49 0.39 0.32 0.50 0.27 0.86

CLIP-rsicdv2 0.58 0.42 0.32 0.26 0.43 0.23 0.73

CLIP-vitlarge14 0.46 0.28 0.19 0.15 0.31 0.15 0.40

VaE 0.63 0.44 0.33 0.26 0.46 0.24 0.73

Trained on RSICD

the Naive selection approach performs consistently well, often aligning with or exceeding the best results
from individual captioners (Table 3.4). Moreover, the Variational Autoencoder framework demonstrates
that it can effectively capture the overall meaning of the set of captions by achieving a satisfactory
performance, often higher than most of the captioners in the ensemble. Unexpectedly, the CLIP selection
pipeline hinders performance, particularly when using CLIP-vitlarge14, which is not fine-tuned for the
remote sensing domain. Two factors may contribute to this outcome. First, the CLIP model is not
particularly specialized for RS image captioning, and second, it often selects captions produced by Blip-
2, which are generally coherent, although arranged using a different word distribution, impacting on the
scores. These observations indicate a need to reconsider the evaluation metrics used in image captioning.
Current metrics, which prioritize syntax and exact word matching over semantic integrity, may not
fully capture the quality of a generated caption. This observation is confirmed in the qualitative results
depicted in Figures 3.5 and 3.6. It can be noticed how the ensemble, and especially the selective strategies,
can often select a very coherent caption.

Scenario 2: Generalization evaluation

This scenario simulates a higher diversity between training and testing data. Each dataset, in turn,
undergoes prediction using captioners that have been trained on every other dataset, thus excluding the
dataset in focus. This design aims to test the generalization capabilities of the algorithms when exposed
to unfamiliar data and the possible benefits of using the ensemble in such a scenario. For clarity, we keep
only the best-scoring custom captioner for each dataset.

In Tables 3.7-3.10, a marked decline in the performance of all captioners is observed across every
metric and dataset. This is especially true for models trained on the UAV-Captions dataset, which
consistently shows the lowest performance metrics, as highlighted by the yellow lines in the tables. Just
by looking at the metrics, we can deduce that UCM, RSICD, and SYDNEY datasets share certain
features or characteristics that make them more closely aligned, while UAV is substantially different.
Among ensemble approaches, the Variational Autoencoder (VaE) fusion is the most effective method.
The unique strength of this approach lies in the capability of the VaE to act as a semantic ’translator.’
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Table 3.7: RSICD-Captions: Generalization Evaluation. Bold entries highlight the best results.

Captioner B1 B2 B3 B4 R M C

CC-d 0.38 0.18 0.09 0.05 0.24 0.10 0.14

CC-d 0.33 0.13 0.05 0.02 0.21 0.10 0.08

CC-d 0.20 0.09 0.02 0.00 0.18 0.05 0.02

Blip-2 [86] 0.33 0.16 0.07 0.04 0.23 0.10 0.19

CapDec [87] 0.35 0.15 0.07 0.03 0.23 0.10 0.11

Strategy

Näıve 0.36 0.16 0.07 0.03 0.22 0.10 0.14

CLIP-rsicdv2 0.35 0.17 0.08 0.04 0.24 0.10 0.21

VaE 0.40 0.17 0.08 0.03 0.24 0.10 0.10

Trained on UCM

Trained on UAV

Trained on SIDNEY

Table 3.8: SIDNEY-Captions: Generalization Evaluation. Bold entries highlight the best results.

Captioner B1 B2 B3 B4 R M C

CC-d 0.53 0.41 0.32 0.27 0.42 0.20 0.44

CC-d 0.47 0.22 0.12 0.07 0.29 0.16 0.27

CC-b 0.16 0.08 0.00 0.00 0.14 0.04 0.04

MLAT [85] 0.49 0.25 0.13 0.08 0.30 0.16 0.28

Blip-2 [86] 0.31 0.18 0.12 0.00 0.28 0.10 0.10

CapDec [87] 0.28 0.10 0.04 0.00 0.22 0.07 0.07

Strategy

Näıve 0.49 0.26 0.14 0.08 0.32 0.16 0.25

CLIP 0.41 0.24 0.15 0.06 0.31 0.14 0.27

VaE 0.64 0.46 0.33 0.24 0.47 0.24 0.86

Trained on UCM

Trained on UAV

Trained on RSICD

The VaE is fine-tuned on the captions of the target dataset, allowing it to adapt its decoder to the specific
vocabulary. This adaption facilitates a sort of semantic distillation through the latent space, thereby
’translating’ the global meaning of the set of captions into the language style of the target dataset.
This improves the relevance of the captions generated, resulting in a notable improvement across all
performance metrics. The VaE is thus able to focus on the semantic aspects of input captions while
overlooking syntactic variations or variations in the choice of words. Unlike other selective ensemble
methods, the VaE inherently performs this semantic translation, making it a useful tool for bridging
the semantic gap across diverse training datasets. Qualitative results, depicted in Figures 3.7 and 3.8,
highlight a difficult scenario for the ensemble, in which most of the captions are unrelated and not coherent
with the image. The most robust alternative in this case is the CLIP-selection strategy, particularly CLIP-
rsicdv2, which provides coherent captions for all the images. Its general, non-specialized counterpart,
CLIP-vitlarge14, is tricked in the first image on the UCM-Captions dataset but provides coherent captions
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Table 3.9: UAV-Captions: Generalization Evaluation. Bold entries highlight the best results.

Captioner B1 B2 B3 B4 R M C

CC-c 0.21 0.12 0.03 0.01 0.23 0.08 0.05

CC-b 0.11 0.03 0.01 0.00 0.10 0.05 0.04

CC-d 0.19 0.09 0.03 0.00 0.20 0.07 0.05

MLAT [85] 0.12 0.02 0.00 0.00 0.13 0.05 0.04

Blip-2 [86] 0.20 0.08 0.03 0.02 0.19 0.11 0.11

CapDec [87] 0.14 0.06 0.02 0.01 0.13 0.09 0.05

Strategy

Näıve 0.14 0.05 0.01 0.00 0.14 0.06 0.05

CLIP 0.19 0.08 0.03 0.02 0.18 0.10 0.10

VaE 0.37 0.24 0.15 0.09 0.34 0.15 0.37

Trained on UCM

Trained on SIDNEY

Trained on RSICD

Table 3.10: UCM-Captions: Generalization Evaluation. Bold entries highlight the best results.

Captioner B1 B2 B3 B4 R M C

CC-b 0.22 0.11 0.00 0.00 0.19 0.06 0.04

CC-d 0.42 0.20 0.10 0.05 0.28 0.13 0.38

CC-d 0.37 0.22 0.13 0.07 0.32 0.15 0.29

MLAT [85] 0.42 0.23 0.13 0.08 0.31 0.14 0.54

Blip-2 [86] 0.34 0.20 0.12 0.08 0.29 0.13 0.40

CapDec [87] 0.31 0.15 0.06 0.02 0.25 0.11 0.16

Strategy

Näıve 0.43 0.24 0.14 0.09 0.32 0.16 0.47

CLIP 0.40 0.24 0.14 0.08 0.32 0.15 0.49

VaE 0.47 0.32 0.22 0.16 0.38 0.16 0.62

Trained on UAV

Trained on SIDNEY

Trained on RSICD

for all the other cases.

Scenario 3: Robustness Evaluation

In this setup, we want to test the resilience of the ensemble to errors, such as semantic errors, syntactic
errors, or misspellings. We consider different noise levels, corresponding to different percentages of
corrupted words over the total word count in the input set of captions. The corruption level is represented
as:

Corruption Level =
Number of Corrupted Words

Total Word Count
× 100 (3.7)
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Table 3.11: SIDNEY-Captions: Robustness Evaluation. Results Expressed in Terms of Bleu-4. Bold
entries highlight the best results.

Noise level (%) 0 5 10 15 20 25 30

Best captioner 0.55 0.50 0.44 0.40 0.34 0.30 0.26

Worst captioner 0.00 0.00 0.00 0.00 0.00 0.00 0.00

Näıve 0.53 0.53 0.49 0.45 0.40 0.35 0.29

CLIP-rsicdv2 0.34 0.33 0.29 0.27 0.26 0.24 0.20

CLIP-vitlarge14 0.33 0.32 0.33 0.30 0.26 0.27 0.20

VaE 0.46 0.46 0.46 0.45 0.46 0.44 0.41

Table 3.12: RSICD-Captions: Robustness Evaluation. Results Expressed in Terms of Bleu-4. Bold entries
highlight the best results.

Noise level (%) 0 5 10 15 20 25 30

Best captioner 0.32 0.29 0.25 0.22 0.19 0.17 0.14

Worst captioner 0.02 0.02 0.02 0.02 0.02 0.01 0.01

Näıve 0.32 0.31 0.28 0.26 0.23 0.20 0.17

CLIP-rsicdv2 0.26 0.24 0.22 0.20 0.18 0.16 0.14

CLIP-vitlarge14 0.14 0.14 0.14 0.13 0.12 0.11 0.10

VaE 0.26 0.25 0.22 0.19 0.14 0.11 0.08

Errors are simulated using word deletion, word substitution, and character substitution. We evaluate the
ensemble’s performance across seven noise levels, ranging from 0% to 30%, incremented in steps of 5%.

Results are provided in Tables 3.11-3.14. A key observation is the different performance of selective and
generative strategies under varying levels of noise corruption. Specifically, under low noise conditions,
selective strategies exhibit superior performance. In contrast, under conditions of elevated noise, the
Variational Autoencoder (VaE) generative approach demonstrates a slower decrease in performance. This
trend is not observed for the RSICD-Captions dataset. We hypothesize that the bigger size of this dataset
increases the variability of captions and scenes, thereby making it more difficult for the VaE to adapt to
its distribution. In contrast, smaller datasets present a lower range of variance and complexity, which
may prove the VaE more effective in adapting to the dataset’s caption distribution. Importantly, our
experiments validate the efficacy of ensemble strategies in mitigating the impact of syntactic errors. This
suggests that ensemble methods can serve as a robust countermeasure against various forms of linguistic
noise, thereby enhancing overall resilience. Qualitative results are depicted in Figures 3.9 and 3.10.

3.1.3 Discussion

After collecting and analyzing all the results for the three proposed configurations, we summarize our
findings and insights on applying a post-generation ensemble for image captioning. As the results demon-
strate, the ensemble can increase the robustness of the output to various situations, scenes, vocabulary,
and other factors of variation. Upon the proposed techniques, the main strengths and drawbacks are
reported in Table 3.15.
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Table 3.13: UCM-Captions: Robustness Evaluation. Results Expressed in Terms of Bleu-4. Bold entries
highlight the best results.

Noise level (%) 0 5 10 15 20 25 30

Best captioner 0.65 0.59 0.52 0.46 0.40 0.36 0.30

Worst captioner 0.04 0.03 0.03 0.02 0.02 0.02 0.02

Näıve 0.60 0.59 0.54 0.50 0.44 0.38 0.33

CLIP-rsicdv2 0.52 0.48 0.44 0.40 0.37 0.34 0.28

CLIP-vitlarge14 0.34 0.35 0.34 0.33 0.30 0.28 0.24

VaE 0.54 0.52 0.52 0.51 0.47 0.45 0.42

Table 3.14: UAV-Captions: Robustness Evaluation. Results Expressed in Terms of Bleu-4. Bold entries
highlight the best results.

Noise level (%) 0 5 10 15 20 25 30

Best captioner 0.40 0.37 0.33 0.29 0.24 0.21 0.18

Worst captioner 0.0 0.0 0.0 0.0 0.0 0.0 0.0

Näıve 0.42 0.41 0.39 0.37 0.33 0.29 0.26

CLIP-rsicdv2 0.13 0.13 0.13 0.13 0.12 0.12 0.13

CLIP-vitlarge14 0.07 0.08 0.08 0.09 0.09 0.09 0.09

VaE 0.36 0.35 0.34 0.32 0.31 0.29 0.26

Despite its simplicity, the näıve selection approach proves to be a very strong baseline. Its main
problem is the lack of prior filtering on the set of input captions, which also affects the VaE fusion strategy.
In our opinion, the most promising and scalable approach is the CLIP-C selection, which provides an
effective way of dealing with situations of high variability in the input set. We speculate that the release
of more targeted CLIP models for the RS field can further improve the selection ability and, thus, the
robustness of the CLIP-C selection strategy. Furthermore, we analyzed the additional computation time
required to run our ensemble. This mainly depends on the number of models included in the ensemble,
with little additional computation time required by the selection/fusion methods. Table 3.16 reports the
time used by each captioner to produce a caption for an image and the additional computational time
for the fusion strategy, along with the total time. As can be seen, running the ensemble requires the
generation of a caption by each model plus the added time for the fusion strategy. This leads to a severe
increase in computational time, with the slowest strategy being VaE fusion, taking an average of 4.045
seconds to process an image.

3.1.4 Conclusion

We have systematically investigated the possibility of applying an ensemble approach to increase the
robustness of image captioning. Specifically, we designed strategies that act a-posteriori after individual
captions have been generated. Two selective strategies, Näıve and CLIP-selection, focus on choosing
the most coherent caption from the set of candidates. A generative strategy, based on the variational
autoencoder (VaE) framework, synthesizes a new caption based on the entire set of candidates. We

33



CHAPTER 3. INCREASE CAPTIONING ACCURACY AND ROBUSTNESS

CC-a - this is a beach with blue sea and white sands CC-a - it is a straight runway with some mark lines on it
CC-b - the waves slapping a white sand beach CC-b - there are two straight freeways closed to each other
CC-c - this is a dense forest with green waters and grass CC-c - there are some mark lines on the straight runway
CC-d - the waves slapping a white sand beach over and
over again

CC-d - there are four airplanes in the airport

MLAT - a white waves is near a yellow beach MLAT - many planes are parked in an airport
Blip2 - a man is walking on the beach Blip2 - aerial view of a small airport
CapDec - A woman in a white dress is standing in the snow. CapDec - A group of planes parked in an airport.
Näıve - a white waves is near a yellow beach Näıve - A group of planes parked in an airport.
CLIP-rsicdv2 - the waves slapping a white sand beach over
and over again

CLIP-rsicdv2 - A group of planes parked in an airport.

CLIP-vitlarge14 - a man is walking on the beach CLIP-vitlarge14 - A group of planes parked in an airport.
VaE - this is a beach with white sands and blue waters VaE - there are two airplanes with black fuselage taxiing

on the runway

Figure 3.5: Qualitative Results on UCM-Captions, scenario 1.

Table 3.15: Comparative Analysis of Captioning Strategies

Strategy Strengths Drawbacks

Näıve

• Easy to integrate

• Good trade-off between robustness and
computational demand

• Unstable with high caption semantic
variance

• Ignores coherence of the captions dur-
ing semantic ”averaging” in the latent
space

• Cannot handle syntactic errors

CLIP-C

• Easy to integrate

• Stable with high semantic variance

• Selective behavior for image coherence

• Cannot handle syntactic errors

• Not tailored for remote sensing images

VaE • Handles syntactic errors

• Ignores coherence of the captions dur-
ing semantic ”averaging” in the latent
space

• Nondeterministic output due to gener-
ation sampling

• Higher computational load
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CC-a - a large number of trees were planted around the
stadium

CC-a - a baseball field is near several green trees

CC-b - many boats are in a port near many buildings and
green trees

CC-b - a baseball field is surrounded by many green trees

CC-c - many boats are in a port near many buildings CC-c - a playground is surrounded by many green trees and
buildings

CC-d - many buildings are near a port near many buildings CC-d - a baseball field is surrounded by some green trees
and buildings

MLAT - several boats are in a port near some buildings MLAT - a baseball field is near several green trees
Blip2 - the harbor of hong kong Blip2 - aerial view of a baseball field
CapDec - A large body of water with a boat and people on
it.

CapDec - A baseball field with a baseball player holding a
bat on it.

Näıve - several boats are in a port near some buildings Näıve - a baseball field is near several green trees
CLIP-rsicdv2 - many buildings are near a port near many
buildings

CLIP-rsicdv2 - a baseball field is surrounded by some green
trees and buildings

CLIP-vitlarge14 - several boats are in a port near some
buildings

CLIP-vitlarge14 - a baseball field is near several green trees

VaE - many ships are in a port near a beach VaE - a baseball field is surrounded by many green trees

Figure 3.6: Qualitative Results on RSICD-Captions, scenario 1.

Table 3.16: Caption Generation Times and Ensemble Fusion Overhead (in seconds per image)

Model Generation Total Time

CC-a 0.025

3.795

CC-b 0.030
CC-c 0.126
CC-d 0.140
MLAT 2.660
Blip-2 0.654
CapDec 0.160

Ensemble Ensemble time Total Time % of Total Time
Naive 0.010 3.805 0.26%
CLIP-C 0.038 3.833 0.99%
VAE 0.250 4.045 6.18%

conducted a comprehensive analysis using three well-established remote sensing image captioning datasets
in addition to a novel dataset named UAV-Captions. Three scenarios have been designed to test different
aspects of the captioning process, which allowed us to expose and discuss the strengths and weaknesses of
each strategy. Our findings demonstrate that our ensemble-based approaches offer a scalable and robust
way of integrating various captioning algorithms. This leads to more reliable and contextually accurate
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CC-a - there is an asphalted zone CC-a- there is large road
CC-b - there is soil ground CC-b- there is white roof
CC-c - there is grass field CC-c- grass field at upper right is close to asphalt
CC-d - there is large road CC-d- there is parking lot
CC-a - a piece of ocean is near a yellow beach CC-a - many planes are parked in an airport
CC-b - it is a piece of yellow desert CC-b - some boats are in a large port near a road
CC-c - many green trees are in two sides of a curved river CC-c - several storage tanks are near a piece of green

meadow
CC-d - a piece of ocean is near a piece of green ocean CC-d - many planes are parked in an airport
CC-a - a meadow with some green bushes and white
bunkers on it while a highway passed by

CC-a - a small river with dark green waters goes through
a residential area

CC-b - a meadow with some green bushes and white
bunkers on it

CC-b - a part of ocean with deep green waters

CC-c - there are some white buildings in the industrial area
with some roads go through

CC-c - there are some marking lines on the straight runway
while some lawns beside

CC-d - a big meadow with some mark lines on it while a
highway beside

CC-d - there are some white airplanes parked on the airport
with some airport buildings beside

MLAT - a white waves is near a yellow beach MLAT - many planes are parked in an airport
Blip2 - a man is walking on the beach Blip2 - a small plane parked on the tarmac
CapDec - a close up of a person wearing a suit and tie CapDec - A group of planes sitting on top of an airport

tarmac.
Näıve - a meadow with some green bushes and white
bunkers on it while a highway passed by

Näıve - many planes are parked in an airport

CLIP-rsicdv2 - a white waves is near a yellow beach CLIP-rsicdv2 - A group of planes sitting on top of an air-
port tarmac.

CLIP-vitlarge14 - a man is walking on the beach CLIP-vitlarge14 - A group of planes sitting on top of an
airport tarmac.

VaE - there is a white sand beach with white sands and
green waters

VaE - there are two tennis courts on the green ground with
a road beside

Figure 3.7: Qualitative Results on UCM-Captions, scenario 2.

captions. More specifically, our results suggest that the CLIP coherence selection is less sensible to noisy
and unrelated captions and, thus, more suitable in situations in which there is high semantic variability
in the candidates. The approach based on the VaE framework has shown to be robust to noise, but,
at low noise levels, it is outperformed by the selective strategies. In addition, we show that the use of
multiple captioners incurs a significant computational overhead with respect to single-model alternatives,
making the use of the ensemble suitable only when time is not a constraint. Avenues for future research
in this area include the integration of better performing Contrastive Language-Image Pretraining (CLIP)
models for remote sensing imagery [94], as well as the implementation of automated filtering mechanisms
to prune less coherent caption candidates before ensemble application. The integration of tailored CLIP
models can reduce the leaking of irrelevant captions, as happened in Figure 3.9 for the CLIP-vitlarge14.
This model is trained on natural images, and we can see that from the colors in the image, the model
is tricked into describing the image as a woman in a white dress. On the other hand, a mechanism to
filter the captions before the Naive and VaE solutions can benefit both strategies by removing a portion
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CC-a - there is an asphalted zone CC-a- there is road
CC-b - there is an asphalted zone CC-b- large white roof and some grass on the top
CC-c - there are several trees CC-c- large white roof with shadow on the bottom right
CC-d - there are several rocks on the asphalt CC-d- there is an asphalted zone
CC-a - there are two storage tanks on the ground CC-a - it is a small baseball diamond with sand and grass
CC-b - lots of boats docked in lines at the harbor and the
water is deep blue

CC-b - it is a small baseball diamond with sand and grass

CC-c - lots of cars parked in lines in the parking lot CC-c - a medium residential area with a road goes through
this area

CC-d - a big intersection with sky blue roofs CC-d - it is a small baseball diamond
CC-a - a meadow with some green bushes and white
bunkers on it while a highway passed by

CC-a - a residential area with houses arranged neatly and
some roads go through this area

CC-b - a meadow with some green bushes and white
bunkers on it

CC-b - a curved river with dark green waters goes through
a residential area

CC-c - there are some white buildings in the industrial area
with some roads go through

CC-c - there are some white marking lines on the runways
while some lawns beside

CC-d - there are some sandlands and orange roofs arranged
neatly

CC-d - there are some white buildings in the residential
area with some roads go through

Blip2 - aerial view of a harbor with boats Blip2 - a baseball field with a soccer field and a pool
CapDec - a number of small boats in a large body of water CapDec - A baseball player holding a bat on top of a base-

ball field.
Näıve - there are some sandlands and orange roofs arranged
neatly

Näıve - it is a small baseball diamond with sand and grass

CLIP-rsicdv2 - aerial view of a harbor with boats CLIP-rsicdv2 - a baseball field with a soccer field and a
pool

CLIP-vitlarge14 - aerial view of a harbor with boats CLIP-vitlarge14 - a baseball field with a soccer field and a
pool

VaE - there are some cement roads on the desert VaE - a bareland with some cars is next to the straight
roads

Figure 3.8: Qualitative Results on RSICD-Captions, scenario 2.

of irrelevant captions that could contaminate the selection and distillation with unrelated information.
In summary, the ensemble strategies examined in this paper hold promise for significantly enhancing the
reliability and contextual relevance of image captions in remote sensing applications.
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CC-a - this is donnell beach blue sea and white sands CC-a - it is straight runway with some on it
CC-b - the waves slapping a white sand beach CC-b - there are straight freeways closen to each other
CC-c - this is g dense forest with green waters and grass CC-c - there are some mark juarez on the straight runway
CC-d - the waves slapping a white sand beach over and
over again

CC-d - there are airplanes in the airport

MLAT - a buyers deemed is near a yellow beach MLAT - many planes are parked in an airport
Blip2 - a undercover is walking food the beach Blip2 - aerial viev of a small airport
CapDec - woman in a white dress is standing ip the snow. CapDec - A group of planes parked in ancestral airport.
Näıve - this is donnell beach blue sea and white sands Näıve - there are airplanes in the airport
CLIP-rsicdv2 - the waves slapping a white sand beach over
and over again

CLIP-rsicdv2 - A group of planes parked in ancestral air-
port.

CLIP-vitlarge14 - woman in a white dress is standing ip
the snow.

CLIP-vitlarge14 - A group of planes parked in ancestral
airport.

VaE - a white sand beach is taxing on one side and a small
white sand beach on the other side

VaE - there are some airplanes with black fuselage taxiing
on the runway

Figure 3.9: Qualitative Results on UCM-Captions, scenario 3. Noise level: 20%.

CC-a - a large number of quantitative were planted aroudd
the stadium

CC-a - a 130 field is surrounded by some green trees and
buildings

CC-b - many boats are in a port near many buildings and
khz hrees

CC-b - a field fs stumble by many green trees

CC-c - many boats are in n fort near many buildings CC-c - o is surrounded by green trees and buildings
CC-d - many buildings are near a port near many budldings CC-d - a baseball field is surrounded by some green trees

and buildings
MLAT - several boats are in a port near soqe buildings MLAT - a baseball field is near several trees
Blip2 - the harbor of hong impulse Blip2 - aerial view of a baseball field
CapDec - A restaurant of water with i boat and people on
ig.

CapDec - o baseball field with a lo player holding a bat on
it.

Näıve - several boats are in a port near soqe buildings Näıve - a baseball field is near several trees
CLIP-rsicdv2 - many buildings are near a port near many
budldings

CLIP-rsicdv2 - l baseball field is near several breen trees

CLIP-vitlarge14 - the harbor of hong impulse CLIP-vitlarge14 - aerial view of a baseball field
VaE - many ships in port are orderly surrounded by a port VaE - a baseball field locates in the meadow with several

trees

Figure 3.10: Qualitative Results on RSICD-Captions, scenario 3. Noise level: 20%.
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3.2 Multitask learning and pre-trained Large Visual Language
Model (LVLM)

Current research often focuses on improving the performance of single-task captioning models and over-
looks the potential commonalities with other tasks. An example is visual question-answering (VQA),
in which a model is trained to answer natural language questions about the content of an image. Such
additional tasks, closely related to image captioning, can provide complementary information, thus po-
tentially improving the model’s capability and learning speed when trained in a multi-task setting [98].
This phenomenon can be intuitively explained by the model learning hypotheses that explain more than
one output, preventing specific tasks from over-fitting [99]. Multitask learning can be especially beneficial
in the RS field, where it can alleviate the scarcity of data by aggregating labeled data from different task-
specific datasets. Furthermore, multi-tasking can benefit efficiency, as a user may, for instance, desire
both a natural language description of an RS image and information extracted through VQA, all from a
single model. However, handling multiple tasks with one model poses its own challenges.

Seminal works on multitask learning [100][101] involved using a shared backbone to extract shared
features and dedicated heads to learn task-specific outputs. This poses challenges such as the higher
complexity of designing dedicated heads, as well as the integration of different loss functions and their
balancing for the proper functioning of the multi-task setting. A more recent and direct approach involves
casting each downstream task as an auto-regressive sequence prediction problem, which can be solved
within a unified sequence-to-sequence model. This approach removes the burden of crafting custom task-
specific heads or loss functions, providing a more general framework for multitasking. Image captioning is
a natural example of a vision-language task that can be cast as a sequence-to-sequence prediction problem.
Others are visual question-answering (VQA) and visual question generation (VQG). Surprisingly, other
tasks, such as object detection [102][103], have been analyzed in this context, providing a promising
direction for future universal models. A key difference between previous multitask models and this new
approach is that a language model can be pointed to solve specific tasks by ”tuning” it using instructions.
As we saw in the introduction, instructions are textual directives that explicitly direct a model to solve
a specific task. For example, a natural instruction for image captioning can be ”Describe this image in
detail.” The model learns to answer different queries differently, effectively solving different tasks within
the same input-output format. For object detection, an example of an instruction can be ”Localize
all the swimming pools in this image,” to which the model answers with a sequence of coordinates of
bounding boxes. This approach has gained interest after the introduction of the so-called foundational
models, which are usually very large models trained on vast quantities of data in an unsupervised or
semi-supervised way to gather general knowledge. These task-agnostic models, when fine-tuned on high-
quality samples of instructions and desired answers, become very robust and powerful assistants that
can help a user solve many different tasks at the same time just by changing how we prompt them. In
this chapter, we want to study the feasibility and impact of instruction-tuning a pre-trained large vision-
language model on two tasks simultaneously, namely image captioning and VQA. We aim to investigate
the impact of jointly addressing both tasks in a unified setting on each other’s downstream performance.
We also want to assess whether leveraging a large pre-trained model offers advantages over specialized
models trained from scratch. We thus adopted LLaVA [104], an open-source large vision-language model
that excels in instruction-following image understanding tasks. The authors trained the model in two
phases. First, they connected a frozen image encoder (CLIP [91]) to a frozen language model (LLama
[105]) and pre-trained a small feed-forward network to adapt the visual tokens extracted from the vision
model to the text tokens latent space in the language model. This has been achieved using a 558K
images subset of the LAION-CC-SBU dataset with synthetic captions from Blip [106]. The goal is to
have the language model predict the image caption, relying on the adapted visual tokens, thus aligning
the two modalities. After pre-training, the model underwent fine-tuning using a curated dataset of image-
related instructions for different tasks such as captioning, visual question answering, complex reasoning,
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and detailed description, achieving SoTA performance on several natural image benchmarks. However,
despite its impressive capabilities in the natural domain, its performance tends to be suboptimal when
applied to RS scenes. This performance gap stems from fundamental differences between RS images and
natural images, which can be attributed to the high resolution, diverse scales, and unique acquisition
angles of RS images. To bridge this gap and analyze if multitasking can benefit single-task performance,
we propose Remote Sensing Large Language and Vision Assistant (RS-LLaVA), a large vision language
model tailored for RS image analysis. RS-LLaVA accepts an RS image and a textual instruction as inputs
and jointly performs image captioning or VQA. We adapt the model following the same two-step strategy
as the authors of LLaVA. In the pre-training step, the adapter layer connecting the image encoder and
the language decoder is pre-trained on captions from the UCM dataset. Subsequently, we construct an
RS instruction-oriented dataset using existing RS image captioning and VQA datasets. Due to the size of
the language model (7B or 13B parameters), we fine-tune the model using LoRA [107] to reduce memory
requirements. Experimental results demonstrate that RS-LLaVA outperforms previous state-of-the-art
methods in single-task and multi-task scenarios.

3.2.1 Instruction dataset

As discussed in the introduction, we need a dataset of instructions to solve different tasks using a single
vision language model. This is not vastly different from common deep learning training datasets, except
that in the case of language models and our case of vision-language models, both the input query and
the desired output are treated as sequences of text tokens. Examples of instructions to elicit a model to
solve the captioning task can be:

• What does this image represent?

• What is the topic of this image?

• Provide a description of the image.

Similarly, examples of queries for VQA can be:

• Is there a ship in the image?

• How many buildings are there?

• What is located in the top-right corner of the image?

Our RS-instructions dataset is constructed by mixing four captioning datasets: two for captioning (UCM-
Captions and UAV-Captions) and two for VQA (RSVQA-LR and RSIVQA-DOTA). Table 3.17 provides
a summary of the dataset statistics.

UAV-Captions [108] is a remote sensing image captioning dataset captured near the city of Civezzano,
Italy, on 17 October 2012, using an unmanned aerial vehicle equipped with an EOS 550D camera. The
dataset consists of ten RGB images, each with a resolution of 5184× 3456 pixels and a spatial resolution
of 2 cm. Out of these ten images, six are designated for training, one for validation, and three for testing.
From the original images, crops of size 256 × 256 pixels are extracted. Specifically, the training images
yield a total of 1746 crops, while the testing images provide 882 crops. Each crop is associated with three
descriptions written by different annotators.

RSVQA-LR [109] is a VQA dataset consisting of 772 low-resolution images derived from seven tiles
captured by the Sentinel-2 satellite, covering an area of 6.55 km² over the Netherlands. The images are
RGB of size 256× 256 pixels, with a resolution of 10 m. The images are split into 572, 100, and 100 for
train, validation, and test, respectively. The dataset comprises a total of 77232 questions, with each image
annotated with approximately 100 questions. The questions in the dataset cover four categories: object
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presence (answer: yes/no), comparisons between objects (answer: yes/no), rural/urban classification
(answer: rural/urban), and object counting.

RSIVQA-DOTA [110] is a VQA dataset based on the DOTA [111] object detection dataset. It
includes questions about scenes, objects, relative locations, color, and shape. The total number of
image/question/answer triplets in the dataset is 16430. The questions are of three types: presence,
counting, and other. The dataset is split into three sets: 80% for the train set, 10% for the test set, and
10% for the validation set.

Combining the original datasets’ train and test splits, our instruction-based dataset comprises 7058
samples, with 5506 used for training/validation and 1552 for testing.

Table 3.17: Datasets used to build the RS-instructions dataset.

Dataset Task #Images Image Size Texts per Image Resolution (m)

UCM-Captions [35] Captioning 2100 256 × 256 5 0.3048
UAV-Captions [108] Captioning 2628 256 × 256 3 0.02
RSVQA-LR [109] VQA 772 256 × 256 100–101 10
RSIVQA-DOTA [110] VQA 1868 Varies 3–24 Varies

RS-instructions dataset Captioning + VQA 7058 Varies Varies Varies

(a)

Human: <image> Is it a rural or an urban area?
GPT: rural
Human: How many commercial buildings are
there?
GPT: 8
Human: Is there a grass area?
GPT: yes
Human: What is the amount of water areas?
GPT: 10

(b)

Human: <image> What does this image
represent?
GPT: an intersection with a few cars on the road
Human: What is the topic of this image?
GPT: an intersection with two roads vertical to
each other
Human: What is the topic of this image?
GPT: an intersection with lots of cars parked at
the corners
Human: Provide a description of the image
GPT: an intersection with two roads vertical to
each other

Figure 3.11: Samples from the RS-instructions Dataset: (a) Image from RSVQA-LR dataset and (b)
Image from UCM Captions dataset. <image> is a placeholder to accommodate visual tokens from the
encoder at the beginning of the textual query.
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A set of template instructions is employed to transform image captioning samples into the instruction-
based format. For example, prompts such as ”Describe the image” or ”What does this image represent?”
are used, where the expected response corresponds to the original image caption. For VQA datasets,
question-answer pairs are treated as single instruction-response samples. Some examples are provided in
Figure 3.11. Our dataset can be accessed at this link.

3.2.2 Methodology

Model Architecture

As depicted in Figure 3.12, RS-LLaVA comprises two modules: a pre-trained visual encoder and a
pre-trained large language model decoder. A projection network maps the visual embeddings from the
encoder, which are inserted at the start of the stream of textual embeddings to condition the LLM
response. The network expects training samples of the form {X, I,R}, where X represents the image,

Image Encoder 
(ViT-L/14)

LLM (Vicuna 7b/13b)

Projected
Visual embeddings

𝑍𝑥𝑝 = [𝑧1
𝑥 ,𝑧2

𝑥 ,…,𝑧𝑁
𝑥 ]

Tokeniza�on and 
Embedding

two straight freeways with some plants 
beside them and some cars on the roads

Projec�on

Describe the image.

Instruc�on

Instruc�on embeddings

𝑍𝑖 = [𝑧1
𝑖 ,𝑧2

𝑖 ,…,𝑧𝑀
𝑖 ]

Visual embeddings
𝑍𝑥 = [𝑧1

𝑥 ,𝑧2
𝑥 ,…,𝑧𝑁

𝑥 ]

Figure 3.12: RS-LLaVA architecture. CLIP’s ViT-L/14 is used as the image encoder, while Vicuna (7b
or 13b) is chosen as the decoder. A feed-forward projection layer adapts the visual embeddings from ViT
to the text embeddings space of the LLM.

I represents the query instruction, and R represents the desired response. The encoder maps the input
image X ∈ RH×W×C to a sequence of visual embeddings Zx ∈ RN×dx . H, W , and C represent the
height, the width, and the number of channels of the image, N is the length of the sequence of visual
embeddings, and dx is their dimensionality. The projection layer, a two-layer feed-forward network, maps
the visual embeddings Zx to the text embedding dimension dt, creating the sequence Zxp ∈ RN×dt . The
projected visual embeddings are concatenated with the text embeddings of the instruction Zi ∈ RM×dt ,
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creating the input to the network Z =
[
Zxp ; Zi

]
∈ R(M+N)×dt . The network is trained to maximize the

likelihood of auto-regressively generating the sequence of K tokens of the response R = [r1, r2, . . . , rK ],
as described in Equation 2.2.

Model Training

Following the original training recipe of [104], training involves two steps: 1) pre-training and 2) fine-
tuning. During pre-training, the weights of the image encoder and the LLM remain fixed, while the
projection network is adapted to the RS data distribution using images and captions from the UCM-
Captions dataset. In this step, the goal is to predict the caption of the input image directly without any
instruction. In the next step, the projection network and the image encoder are frozen while the LLM is
fine-tuned. Given the high number of decoder parameters, we fine-tuned the LLM using the Low-Rank
Adaptation (LoRA) technique [107]. LoRA makes it possible to fine-tune large models, limiting memory
utilization. This approach works especially well for transformer-based models, which are characterized by
large weight matrices in the attention layers. Instead of modifying all parameters, LoRA approximates a
large matrix by introducing two low-rank matrices and fine-tuning only these components for the specific
task. During inference, the model is ”adapted” by fusing the two low-rank matrices with the original
pre-trained matrix, effectively acting as a modulation on the original language model.

Formally, given a pre-trained weight matrix W0 ∈ RU×V , two low-rank matrices B and A acts as a
modulation on the fixed pre-trained matrix:

W̃0 = W0 +∆W = W0 +BA, (3.8)

with B ∈ RU×R, A ∈ RR×V , and the rank R ≪ min(U, V ). We keep the default LoRA configuration
for transformer-based large language models, applying LoRA on query, key, and value projection matrices
in each attention layer: Wq, Wk, and Wv.

3.2.3 Experimental Results

Setting

For image encoding, we adopted the pre-trained vision backbone of CLIP-ViT-L/14 [91], with an image
resolution of 336× 336. This backbone divides the image in a grid of 14× 14 pixels, resulting in a visual
embedding sequence length of N = 576. For the language model, we tested the 7B and 13B parameter
variants of Vicuna-v1.5 [112]. The visual embedding dimension is dx = 768, while the text embedding
dimension is dt = 5120. We employ LoRA with rank r = 64 and α = 16, as suggested in the original
paper [107]. We trained for 15 epochs in each phase (pre-training and fine-tuning), using the Adam
optimizer, with a learning rate of 1e− 4.

Evaluation metrics

We utilize different metrics to evaluate the performance of our model in the captioning and VQA tasks. We
assess the captioning performance using the following standard metrics: BLEU 4, METEOR, ROUGE-L,
and CIDEr. For the VQA task on VQA-LR, we use accuracy for each question type. On VQA-DOTA,
for yes/no questions, we use precision, recall, and F1 score, while on counting questions, we use the root
mean square error (RMSE) with the ground truth answer.

For every experiment, we report the performance of different decoder sizes (7B and 13B). The analysis
differentiates between two scenarios: (1) when the model is trained on the constructed RS-instructions
dataset to perform multiple tasks (Joint), and (2) when the model is trained on a single task (Single).
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Image Captioning Results

Table 3.18: Captioning results on UCM-Captions. Bold highlights the best results.

Training Decoder Bleu 4 METEOR ROUGE-L CIDEr Training Time

Single
Vicuna7B 72.78 46.75 83.72 343.21 2.10 h
Vicuna13B 74.50 48.62 86.09 355.06 3.73 h

Joint
Vicuna7B 72.84 47.98 85.17 349.43 11.04 h
Vicuna13B 76.03 49.21 85.78 355.61 19.40 h

Table 3.19: Captioning results on UAV-Captions. Bold highlights the best results.

Training Decoder Bleu 4 METEOR ROUGE-L CIDEr Training Time

Single
Vicuna7B 53.27 42.03 78.21 427.17 1.83 h
Vicuna13B 52.79 42.77 79.15 423.18 3.81 h

Joint
Vicuna7B 49.02 40.46 76.80 404.54 11.04 h
Vicuna13B 49.24 40.14 76.28 390.30 19.40 h

Results on image captioning, depicted in Tables 3.18 and 3.19, show a mixed trend. On UCM-
Captions, integrating the two tasks led to better performance, especially for the 13B parameters decoder.
This is, however, in contradiction with the results on UAV-Captions, where it seems that integrating the
two tasks led to a worse performance. This dichotomy can be explained by the affinity of the two image
captioning datasets with the VQA datasets. Indeed, UCM Captions images are more similar to the ones
in the VQA-DOTA dataset, which can result in a better sharing of complementary information between
these two datasets. In contrast, images from the UAV dataset show differences in viewpoint and resolution
with the other datasets, which can explain the reduced performance due to worse information sharing.
Furthermore, it is evident how, for UCM-Captions, the size of the decoder is directly proportional to
the performance, while on UAV-Captions, this trend is much less pronounced. As expected, the joint
training on both tasks leads to a longer training time, and the 13B variant is much more computationally
demanding than the 7B variant. All these observations should be kept in place when choosing the right
model to fine-tune, especially considering the amount and type of data at our disposal. Qualitative results
of our model on the image captioning task are reported in Figure 3.13.

VQA Results

Table 3.20: VQA results on RSIVQA-LR. Avg: average of the accuracies on different question types.
Bold highlights the best results.

Training Decoder Count Pres. Comp. Urban/Rural Avg. Training Time

Single
Vicuna7B 75.05 92.97 91.23 95.00 88.56 3.25 h
Vicuna13B 75.87 92.32 91.37 95.00 88.64 7.10 h

Joint
Vicuna7B 74.38 92.80 91.33 94.00 88.13 11.04 h
Vicuna13B 73.76 92.27 91.37 95.00 88.10 19.40 h
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Table 3.21: VQA results on RSIVQA-DOTA. Bold highlights the best results.

Training Decoder
Count Yes/No

Training time
RMSE P R F1

Single
Vicuna7B 221.40 91.49 72.07 80.63 1.95 h
Vicuna13B 226.79 89.03 82.79 85.80 3.88 h

Joint
Vicuna7B 209.47 85.26 86.15 85.70 11.04 h
Vicuna13B 232.75 100 33.28 49.94 19.40 h

In this experiment, we evaluate the performance of our model in answering natural language questions
about remote sensing (RS) images. The results are presented in Tables 3.20 and 3.21.

On the RSVQA-LR dataset, joint fine-tuning yields worse results than fine-tuning on the single
dataset. These findings suggest that, for RSVQA-LR, the additional information provided by the other
datasets does not significantly enhance VQA performance. In this case, images from RSVQA-LR are
different from the other datasets since the resolution is much coarser. Similarly to the case of image
captioning on UAV-Captions, this difference can result in worse sharing of information between the
datasets, explaining the performance drop. Notably, the performance difference between the two model
sizes is minimal in both training scenarios.

In contrast, on the RSIVQA-DOTA dataset, training on the joint dataset improves the performance
of the 7B variant, which achieves an F1 score comparable to that of the 13B variant trained on the single
task while also delivering a much lower RMSE on counting questions. This supports our hypothesis
that the stronger compatibility between RSIVQA-DOTA images and UCM-Captions facilitates effective
knowledge transfer between the datasets, thereby enhancing single-task performance. This behavior
contrasts with RSVQA-LR, whose images are of lower spatial resolution than those in the other datasets,
potentially limiting the benefits of cross-task information sharing. Some qualitative results on both
RSVQA-DOTA and RSVQA-LR are shown in Figure 3.14.

3.2.4 Comparison with state of the art

In this section, we compare the results of our RS-LLaVA model trained on our RS instruction dataset
with other SoTA models in RS image captioning and VQA. Captioning results are reported in Tables
3.22 and 3.23. On UCM-Captions, our 13B model outperforms several strong baselines on all metrics
except for CIDEr, where it achieves the second position. Both variants perform satisfactorily, with the
7B variant very close to the second-best algorithm [52]. On UAV-Captions, both variants of our model
surpass the previous state-of-the-art (SoTA) results by a large margin. VQA results on the RSVQA-LR
dataset are reported in Table 3.24. The results show that both variants of our model offer more accurate
answers compared to other state-of-the-art methods across all question types.

3.2.5 Conclusions

This chapter explored the promising capabilities of LLMs and their extension, LVLMs, in the field of
RS, specifically by investigating their multi-tasking potential for tasks like image captioning and VQA.
We introduced RS-LLaVA, an enhanced version of LLaVA adapted for RS imagery. To train this model,
we developed the RS-instructions dataset by leveraging existing four single-task datasets. We have
demonstrated the capability of the proposed architecture using two different variants of increasing size,
namely vicuna-7B and vicuna-13B. While the experiments demonstrated the notable performance of the
proposed RS-LLaVA architecture, it is important to mention the computational challenges posed by large
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Table 3.22: Results of different RS image captioning methods on the UCM-Captions dataset. The best
results are highlighted in bold, while the second-best results are underlined.

Method BLEU4 METEOR ROUGE CIDEr

CSMLF [113] 12.10 13.20 39.27 22.27
VGG19+LSTM [35] 21.90 20.60 - 45.10
GoogleNet-hard att. [36] 65.62 44.89 79.62 320.01
VAA [114] 63.87 43.80 78.24 339.46
Yuan et al. [115] 66.23 43.71 77.63 316.84
ResNet18 MSF [116] 63.45 - 73.18 329.56
SD-RISC [117] 53.80 39.00 69.50 213.20
Hoxha et al. [108] 37.02 37.02 67.87 292.28
Li et al. [118] 67.00 47.75 75.67 285.47
MSA [119] 70.21 45.04 79.18 325.71
Word-sentence [120] 62.02 43.95 71.32 278.71
Structured att. [121] 71.49 46.32 81.41 334.89
Zia et al. [45] 67.50 44.60 - 323.10
Li et al. [122] 69.76 45.71 80.72 338.87
SCST [123] 67.60 - 76.00 336.00
Wang et al. [124] 65.10 45.30 78.50 338.10
MLCA [41] 66.80 43.50 77.20 324.00
Ye et al. [52] 73.76 49.06 83.64 371.02
RSLLaVA-7B (Joint) 72.84 47.98 85.17 349.43
RSLLaVA-13B (Joint) 76.03 49.21 85.78 355.61

Table 3.23: Results of different RS image captioning methods on the UAV dataset. The best results are
highlighted in bold, while the second-best results are underlined.

Method BLEU4 METEOR ROUGE CIDEr

Hoxha et al. [108] 39.22 32.81 69.63 391.31
Hoxha et al. [108] 39.69 32.17 69.31 389.45
Basmal et al. [P4] 45.17 38.18 75.19 390.27
RSLLaVA-7B (Joint) 49.02 40.46 76.80 404.54
RSLLaVA-13B (Joint) 49.24 40.14 76.28 390.30

Table 3.24: Results of different VQA models on the RSVQA-LR dataset. The best results are highlighted
in bold, while the second-best results are underlined.

Method Count Presence Comparison Urban/Rural Average

Lobry et al. [125] 67.01 87.46 81.50 90.00 81.49
Yuan et al. [126] 68.53 90.13 86.91 92.00 84.39
Bazi et al. [127] 72.22 91.06 91.16 92.66 86.78
RSLLaVA-13B (Joint) 74.38 92.80 91.33 94.00 88.13
RSLLaVA-13B (Joint) 73.76 92.27 91.37 95.00 88.10
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Instruction: Provide a description of the
image.
Response: There are many airplanes stopped
at the airport.
Ground Truth: There are many airplanes at
the airport.

Instruction: What does this image
represent?
Response: There are two straight freeways in
the desert.
Ground Truth: There are two straight
freeways in the desert.

Instruction: Provide a description of the
image.
Response: Some asphalt on the left and
some trees on the right.
Ground Truth: Small road on the left and
several trees on the right.

Instruction: What does this image
represent?
Response: Soil field with building facade on
the top.
Ground Truth: Soil ground with building
facade on the top.

Figure 3.13: Sample of RS-LLaVA captioning results from UCM-Captions (top row) and UAV-Captions
(bottom row).

parameter sizes. Indeed, LLMs often require extensive computational resources for training and inference,
limiting their accessibility and scalability. To address this issue in future research, efforts should focus
on exploring techniques for model compression, such as knowledge distillation or parameter pruning, to
reduce the computational burden while maintaining performance. Additionally, one can plan to integrate
additional datasets and tasks, such as visual grounding and change detection in multi-temporal images,
to further enhance the versatility and applicability of RS-LLaVA in RS applications.
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Instruction: How many small vehicles are there
in this picture?
Response: 20
Ground Truth: 2

Instruction: How many planes are there in this
picture?
Response: 3
Ground Truth: 3

Instruction: How many large vehicles are there
in this picture?
Response: 1
Ground Truth: 16

Instruction: How many small vehicles are there
in this picture?
Response: 8
Ground Truth: 2

Instruction: How many roundabouts are there in
this picture?
Response: 2
Ground Truth: 1

Instruction How many large vehicles are there in
this picture?
Response: 3
Ground Truth: 2

Instruction: Does this picture contain small
vehicle?
Response: Yes
Ground Truth: Yes

Instruction: How many helicopters are there in
this picture?
Response: 3
Ground Truth: 2

Instruction: What is the amount of large water
areas?
Response: 6
Ground Truth: There are 6 large water areas

Instruction: Is it a rural or urban area?
Response: Urban
Ground Truth: It is an urban area

Instruction: Are there more water areas than
roads?
Response: No
Ground Truth: No there are not more water
areas than roads

Instruction: Is a commercial building present?
Response: Yes
Ground Truth: Yes a commercial building is
present

Instruction: Is there a large road?
Response: No
Ground Truth: No there is no large road

Instruction Is a residential building present?
Response: Yes
Ground Truth: Yes a residential building is
present

Instruction: What is the number of large forests?
Response: 7
Ground Truth: There are 6 large forests

Instruction: What is the amount of grass areas?
Response: 326
Ground Truth: There are 268 grass areas

Figure 3.14: RS-LLaVa VQA results from RSVQA-DOTA (top row) and RSVQA-LR (bottom row).

48



Chapter 4

Enrich captions with Visual Dialogue

[P5] Riccardo Ricci, Yakoub Bazi, and Farid Melgani. “Machine-to-machine visual dialoguing with Chat-
GPT for enriched textual image description”. In: Remote Sensing 16.3 (2024), p. 441.

4.1 Introduction

While accuracy and robustness are very important for image captioning, another limitation of RS image
captioning is the restrictiveness of the ground truth captions with respect to the richness of the visual
scene. Most datasets from image captioning literature have captions composed of a single sentence
describing the general content and appearance of the main objects in the scene. Oftentimes, when the
main concepts are similar, the caption cannot capture details that differentiate one image from the other.
Figure 4.1 depicts some examples from UCM-Captions. These images share most ground truth captions,
but their content is rarely equivalent. For example, the first row depicts different crop types, with some
being low plants and some trees, but the captions do not grasp these differences. In the second row, a pool
is visible in the first image, which is overlooked by the captions, as well as the layout of the residential
area. A direct drawback of this restrictiveness in the ground-truth captions is the reduced information
conveyed to the user. On the other hand, this can also impact other applications such as text-to-image
retrieval, representation learning, and so on. The descriptiveness of captions is inherently influenced by
the data on which the model has been trained. To address the limited caption descriptiveness, some
studies are introducing new datasets featuring longer and more detailed captions. An example is [128],
in which the authors propose a labeled dataset of 2585 images with long and detailed captions. However,
this approach presents one main limitation: curating such a dataset is extremely time-consuming. Visual
dialogue [129] has been recently introduced as a paradigm in which a machine seamlessly interacts with
human users using natural language, holding a conversation about an image’s contents. Specifically,
given an image, a dialog history, and a follow-up question about the image, the task is to answer a
follow-up question. Nowadays, machines trained to solve such a task are called visual assistants. In
recent years, tremendous progress has been made in conversational models, both text-only [74][105] and
visual assistants [130][104][86]. For example, authors in [74] used supervised learning and reinforcement
learning from human feedback to teach an LLM to mimic the human ability to engage in dialogues,
comprehending and answering diverse queries formulated in natural language. Authors of [104] collected
a large-scale dataset of synthetic conversations about visual content using GPT-4 [130], then used this
data to teach an LLM to hold conversations about image contents and answer a diverse set of questions
regarding the image content. In [86], the authors connect a frozen LLM to a frozen image encoder,
enabling Blip-2 to solve diverse zero-shot queries about the image content, thanks to the ability of the
LLM to follow instructions. Thanks to the remarkable ability of those models to follow instructions,
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- There is a piece of farmland.
- There is a piece of cropland.
- It is a piece of farmland.
- It is a piece of cropland.
- Here is a piece of farmland.

Shared
captions: 5

Shared
captions: 5

Shared
captions: 5

- Many mobile homes arranged
in lines in the mobile home
park.
- Many mobile homes are very
close to each other in the mobile
home park.
- Lots of mobile homes arranged
in lines with some cars parked
at the roadside in the mobile
home park.
- Many mobile homes arranged
in lines in the mobile home park
and some roads go through this
area.
- Lots of mobile homes are very
close to each other and some
roads go through this area.

Shared
captions: 5

Shared
captions: 4

Shared
captions: 4

Figure 4.1: Images with ground truth captions. The other three images share most of the captions despite
being different from the first image.

in this chapter, we envision a visual dialogue system entirely based on such machines. The idea is to
leverage a text-only LLM to generate follow-up questions and a visual assistant to answer those questions
based on the image. A visual dialogue is carried out to explore further information besides that included
in the starting ”plain” caption. This is similar to how we as humans interact with each other to acquire
information about the world that surrounds us: we ask questions, and we receive answers. This way, we
try to reach the same goal of richer and more comprehensive captions, removing the burden of manually
crafting a targeted dataset.

We argue that dialogue can be beneficial for two reasons: (1) it decomposes the problem into sub-
problems represented by various questions, whose solutions can be easier, and (2) it enables exploring to
a deeper degree the semantic content hidden in an image. In this chapter, we explore different solutions
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for enriched remote sensing image description under the paradigm of “description through dialogue,”
providing strengths and weaknesses of each, as well as directions for further research.

4.2 Methodology

The general idea, as depicted in Figure 4.2, is to establish a machine-to-machine (M2M) visual dialogue
(VD) that requires no (or little) human intervention and can extract additional information to enrich an
initial ”plain” caption. The initial ”plain” caption sparks the dialogue, which serves to further explore the
image contents. The information collected in the exchange is ultimately summarized to generate the final
output. Within the visual dialogue framework, exploration is performed in steps; each question-answer
pair explores additional concepts and attributes, possibly building on previously extracted knowledge
to decide which follow-up questions to ask. In this chapter, we propose three different strategies to
establish a dialogue about the contents of an image: Open-Ended Dialogue (OED), Closed-Form Dialogue
(CFD), and Closed-Form Dialogue with Context (CFD-C). In Open-Ended Dialogue, similarly to [131],
we envision a system comprised of two modules, one devoted to asking questions and the other that, based
on a given question, provides an appropriate answer (conditioned on the target image). This conceptual

Figure 4.2: Conceptual representation of the machine-to-machine visual dialoguing (M2M-VD) paradigm.
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division keeps the individual responsibilities of the questioner and answerer isolated. However, this is
not a prerequisite: the two roles can also be accomplished within a unified model that provides questions
and answers (for example, using a single visual assistant). In Closed-Form Dialogue, predefined template
questions are used on each target image. In Closed-Form Dialogue with Context, we try to integrate the
context given by the previous questions and answers in the answering process. We explore the strengths
and drawbacks of the proposed strategies, trying to set the path for more exploration of this promising
but challenging paradigm.

Models used

In our proposals, ChatGPT [74] takes the role of the questioner, while Blip-2 [86] is adopted as the
answerer.

ChatGPT [74] is a fine-tuned version of GPT-3.5 [72], and it belongs to the family of text-only
instruction-tuned assistants. GPT-3.5 is a large language model pre-trained to perform the next token
prediction task on a large dataset of web-scraped textual data. Starting from the pre-trained GPT-3.5
weights, authors of [74] use supervised learning and reinforcement learning from human feedback (RLHF)
to confer instruction-following capabilities to the LLM.

Blip-2 is a large vision language model that bridges visual and text modalities by connecting a frozen
image encoder to a frozen large language model (LLM). The goal is to preserve the reasoning ability
of large language models while injecting image understanding by adaptively merging the two modalities
through the so-called ”query transformer.” The alignment between the image encoder and the LLM
follows a two-step procedure, using a corpus of 129 million of images with corresponding captions. In the
first step, the visual features extracted by a frozen image encoder are forwarded to the query transformer,
which modifies them to suit three pre-training tasks: (1) image-text contrastive learning (ITC), (2) image-
grounded text generation (ITG), and (3) image-text matching (ITM). ITC aims to enhance the mutual
information between image and text representations of corresponding (positive) pairs while reducing that
of non-corresponding (negative) pairs. ITG trains the query transformer to generate texts conditioned
on the input image. This objective forces the queries to capture the most meaningful clues to generate
the ground truth description from the frozen image encoder representation. ITM consists of a binary
classification of whether the image corresponds to the text (positive pair) or not (negative pair). The
prediction is achieved by generating scores for each query vector in the Query Transformer and averaging
to obtain the overall matching result. In the second step, the authors connect the query transformer
to a frozen large language model to align the large language model in generating text conditioned on
the queries extracted by the query transformer. According to the authors, keeping the models frozen
during alignment can mitigate the catastrophic forgetting problem, preserving the ability to perform
prompt-based text generation while including conditioning information from the image.

Open-Ended Dialogue (OED)

Figure 4.3 depicts the scheme of OED. In this framework, the question generation process is dynamically
controlled by ChatGPT, which relies on the dialogue history (questions and answers). Specifically, the
following steps are performed:

1. A fixed prompt, ”Describe this image in detail,” is used to spark the conversation.

2. Blip-2 answers with the first ”plain” caption.

3. ChatGPT, using the ”plain” caption as context, generates a follow-up question to request additional
details.

4. Blip-2 answers by looking at the image.
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5. ChatGPT, using the ”plain” caption and the dialogue history as context, produces a follow-up
question to further explore the image contents.

6. Blip-2 answers by looking at the image.

Figure 4.3: Open-ended dialogue block scheme.

Steps (5) and (6) are iteratively repeated K = 10 times to simulate a visual dialogue. In this
preliminary study, the number of iterations is fixed to avoid the complexity of implementing a more
advanced stopping criterion. At the end of the dialogue, the entire conversation is concatenated, and
ChatGPT is employed to summarize the content using an appropriate prompt to generate the final
description.

4.2.1 Closed-Form Dialogue (CFD)

In the Open-Ended Dialogue approach, a significant limitation arises from the complete reliance on the
initial description when generating follow-up questions. If the initial description is inaccurate, includes
hallucinations, or introduces incorrect concepts, the dialogue may diverge entirely from the actual content
of the image. To address this, we propose an alternative approach - Closed-form dialogue - which decouples
question generation from the dialogue history. Specifically, the user defines a fixed set of questions to
be applied uniformly across all images. CFD can be particularly advantageous in scenarios where (1)
the user requires specific information about the scenes or (2) the initial description generated by Blip-2
is insufficient or inaccurate, hindering the generation of meaningful follow-up questions. In general, if
the predefined set of questions is well-designed for the target images, this approach facilitates a more
consistent extraction of information, thereby improving the reliability of the results.

The process is illustrated in Figure 4.4. Blip-2 is used to answer each predefined question sequen-
tially. As in Open-Ended Dialogue, ChatGPT summarizes the dialogue content and generates the final
description.
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N Ques�ons

1. A satellite image of a city with buildings
and a soccer field

2. buildings and grass
3. for sports
4. yes
6. ………….
7. ……………

1. Can you describe the image briefly ?
2. What are the land cover types ?
3. How is the land used ?
4. Is there any man -made structure ?
5. Does the image contain an agricultural area ?
6. What is the dominant object ?
7. Can you describe the shape of the dominant object ?
8. What is the size of the dominant object?
9. Which material is the dominant object made of?
10. Can you describe the small objects , if any?
11. What are the two dominant colors in the image?
12. Where are the objects posi�oned within the image?
13. How are the objects spa�ally distributed ?
14. Does this image cover urban , vegeta�on, water or desert areas ?
15. Which among vehicles , aircra� or ships does the image contain , if any?

N Answers

Image: 𝐼

BLIP2 ChatGPT

The remote sensing image shows a satellite
view of a city featuring buildings and a soccer
field surrounded by grassy areas. The land cover
consists of urban structures and vegeta�on,
with the land being used for recrea�onal
ac�vi�es like sports and other urban purposes…

Summary

Figure 4.4: Closed-form dialogue block scheme.

4.2.2 Closed-Form Dialogue With Context (CFD-C)

In closed-form Dialogue with Context, we try to move one step forward in exploring the influence of the
dialogue history on answers to subsequent questions. The two previous strategies consider the dialogue
history only when generating the questions, not answering them. To explore this influence, we built an
encoder-decoder architecture, depicted in Figure 4.5, using the ViT-L/14 vision transformer backbone of
CLIP [91] as the image encoder and GPT-2 [62] as the language model decoder. The model’s structure
is very similar to RSLLaVA, as seen in the previous chapter, and thus, the operations are carried out
to generate the answers. The vision transformer encodes an image X ∈ RH×W×C into a sequence
of visual embeddings Zx ∈ RN×dx where N is the sequence length and dk is the dimensionality of
the visual embeddings. Similarly, the first question Q1 is converted in a sequence of text embeddings
Zq1 ∈ RM×dt where M is the sequence length and dt is the dimensionality of the text embeddings. The
visual embeddings are concatenated with the text embeddings of the first question Z = [Zx,Zq1] and used

as input features to GPT-2, which auto-regressively generates the tokens of the first answer Â
1
∈ RP ,

where P is the sequence length.

To predict the answer to the second question, the context is obtained by concatenating the embeddings

of the image, the first question, the first answer, and the second question: Z = [Zx,Zq1, Ẑ
a1
,Zq2]. Having

as input Z, GPT-2 is trained to generate the tokens of the second answer Â
2
. The process continues for

subsequent answers till the end of the dialogue. As for the previous approaches, we use ChatGPT to
summarize the dialogue and generate the final output.
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Figure 4.5: Block scheme of closed-form dialogue with context during inference.

Figure 4.6: Closed-form dialogue with context during training.

4.2.3 Dataset And Metrics

We tested the dialoguing framework on two remote sensing image captioning datasets: RSICD [36] and
UCM-Captions [35]. The choice has been made to have two datasets almost an order of magnitude
different in size and analyze how this can impact the performance.

As stated in [131] and [132], assessing the performance in dialogue-based image description is a
daunting problem, mainly because of the lack of ground-truth summaries to compare with. As explored
in [131], using traditional metrics leads to huge performance drops despite the result’s coherence. In
both these studies, authors use human assessment to evaluate the descriptions and the dialogues, which
is expensive and time-consuming. Due to the lack of resources, we were forced to experiment with other
metrics. We identified two existing reference-free metrics: CLIPScore [133] and text-to-image (T2I)
retrieval as feasible candidates. Furthermore, we propose a novel reference-free metric, which consists of
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generating synthetic images from the final textual output and comparing synthetic and original images.
In the analysis, we address their strengths and weaknesses in evaluating such results.

CLIPScore

Given an image X and a text T, CLIPScore leverages a pre-trained CLIP [91] model and measures the
compatibility between the image and the text. As in equation 3.1, the text branch of CLIP projects a
text T into a vector representation Zt

class. Similarly, the image is projected into a vector representation
Zx
class. CLIPScore is computed as follows:

CLIPScore(Zx
class, Z

t
class) = c ·max

(
cosine similarity

(
Zx
class, Z

t
class

)
, 0
)

(4.1)

Where the cosine similarity is computed as in equation 3.2. The c = 2.5 is a constant stretching the
measure in the [0−1] range. In their paper, the authors of CLIPScore demonstrate that higher CLIPscores
correlate with better image descriptions. To have a single aggregated value for an entire dataset, we take
the average for all the images.

Text-to-image (T2I) retrieval

As a second metric, we adopt text-to-image (T2I) retrieval as an indirect measure of description accuracy.
Suppose you have an image X and a generated text describing the image T. If the description T can
isolate the image X from a dataset of other images [X1,X2, . . . ,XN], this means that it must be coherent
and truthfully descriptive of the image contents. Suppose that the same description is generated for every
image; this retrieval operation is purely a matter of chance. The more a description is specific to an image,
the more effective it is to isolate the image from the whole dataset. We use CLIP-ViT-L/14 to extract
embeddings of images and generated captions and calculate recall scores for different levels of strictness:
R@1, R@5, and R@10. R@10 means the target image is in the first 10 ranked images, and so on for the
other recall scores.

In detail, consider a dataset of N images, represented as X = {X1,X2, . . . ,XN}, where Xi denotes
the i-th image. Each image Xi is associated with a generated description T̂i. Using the vision branch of
CLIP, the entire dataset of images X is embedded into a matrix Zx ∈ RN×dx . Each row of this matrix,
Zx
class,j ∈ Rdx , corresponds to the visual embedding representation of the j-th image.

For an image i, the retrieval process is as follows:

1. The generated text description T̂i is converted into the respective text embedding Zt
class,i ∈ Rdt .

2. The similarity between the text embedding Zt
class,i and the embedding of each image Zx

class,j , is

measured computing the cosine similarity cos sim(Zt
class,i,Z

x
class,j), between the respective embed-

dings, as described in Equation 3.2. This yields a similarity vector Si ∈ RN , where the j-th element
Si,j represents the similarity between T̂i and Xj :

Si =
[
cos sim(Zt

class,i,Z
x
class,1), cos sim(Zt

class,i,Z
x
class,2), . . . , cos sim(Zt

class,i,Z
x
class,N )

]
(4.2)

3. Entries of Si are sorted in descending order to determine the rank of each image based on its
similarity to the text T̂i. Let ranki(j) denote the rank of the j-th image for the i-th query.
Recall@m measures the percentage of queries for which the correct image Xi (i.e., the image paired
with T̂i) appears within the top m ranked images. Mathematically, we define Recall@m as:

Recall@m =
1

N

N∑
i=1

1 {ranki(i) ≤ m} (4.3)

Where 1(·) is the indicator function, which equals one if the condition inside holds true and zero
otherwise.
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Text-to-Image and Comparison (T2IC)

The last measure is a novel proposal. The idea is that if an image can be faithfully reconstructed from its
description, the description is a faithful representation of its contents. This new evaluation method for
caption quality, which we term “Text-to-Image and Comparison” (T2IC), is based on generating synthetic
images from the generated descriptions and comparing them with the original images. The higher the
similarity, the more faithful the description captures the image content. We fine-tune a pre-trained Stable
Diffusion model [134] for text-to-image generation to adapt it to generate synthetic remote sensing RGB
images. We fine-tuned Stable Diffusion using images and ground-truth captions from the union of UCM-
Captions and RSICD-Captions. We fine-tuned for 20 epochs using the AdamW optimizer with a 1e−5

learning rate. After obtaining a suitable model to generate synthetic RS images from textual descriptions,
we articulate our measure in two values. The first is the average cosine similarity between the synthetic
and the original images. The second is the so-called FID score, widely used to compare image generation
models. The FID score measures how closely the distribution of synthetic images matches the distribution
of real (original) images. Using a pre-trained InceptionV3 [135] model, it converts images into high-level
semantic embeddings, as explained in Chapter 1. Specifically, it keeps the InceptionV3 last layer input
representation as the semantic visual embedding on the image. It then fits two multivariate Gaussian
distributions on top of the extracted features, calculating their mean vectors and covariance matrices.
Then, the FID score measures the distance between these distributions as:

FID = ∥M− M̂∥22 +Tr

(
C+ Ĉ− 2

(
CĈ

) 1
2

)
(4.4)

Where M and M̂ are the mean vectors, and C and Ĉ are the covariance matrices of the real and synthetic
feature distributions, respectively. A lower FID score indicates that the distribution of the semantic
visual embeddings extracted from the synthetic set closely matches the one from the original images,
signifying higher-quality and more realistic synthetic images.

4.2.4 Prompts

Large language models (LLMs) have demonstrated remarkable prompt-following capabilities, where
prompts—textual instructions provided before a request—guide the model in generating responses aligned
with the desired task. Blip-2 and ChatGPT leverage LLMs, making prompts a crucial component of
their workflows to effectively address user queries. In [131], the authors employed specialized prompts
for question and answer generation. Building on this approach, we developed tailored prompts to elicit
the questioner and answerer LLM models in our framework.

(1) I have an image. Ask me questions about the content of this image. Carefully ask me
informative questions to maximize your information about this image content. Each time,
ask one question only without giving an answer. Avoid asking yes/no questions. I’ll put my
answer beginning with ‘Answer’:

(2) Next Question. Avoid asking yes/no questions. Question:

(3) Now summarize the information you get in a few sentences. Ignore the questions with
answers no or not sure. Don’t add information. Don’t miss information. Summary:

Table 4.1: Questioner prompts, applied to ChatGPT in our study.
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Prompt (1) is used at the beginning of the dialogue to provide information about the user requirements
and the desired format of the questions. Prompt (2) is to gather follow-up questions, and it is placed after
the previous dialogue history to ask the model to provide another question in the correct format. Prompt
(3) is used at the end of the dialogue to summarize the dialogue history in a descriptive paragraph.

(4) Answer given questions. If you are not sure about the answer, say you don’t know honestly.
Don’t imagine any contents that are not in the image.

Table 4.2: Answerer prompts, applied to Blip-2 in our study.

Prompt (4) is used to condition Blip-2 to output an answer only if it is sure that it is the correct answer.
In [131], the authors show that using these prompts reduces hallucinations from the answerer.

4.3 Results

In Tables 4.3 and 4.4, we present quantitative results for various dialogue-based approaches: open-ended
dialogue (OED), closed-form dialogue (CFD), and closed-form dialogue with context (CFD-C). These
methods are evaluated against two baselines: the ”plain” captions generated by Blip-2 and MLAT. We
included MLAT as a baseline due to its specialization in remote sensing scenes, lacking in Blip-2. By
incorporating these baselines, we aim to determine whether the dialogue-based approaches effectively
enhance the initial descriptions.

Table 4.3: Results on UCM dataset. Bold indicates the best result.

Blip-2 MLAT Dialogue-based

OED CFD CFD-C

Clipscore 65.2 69.0 66.1 72.7 67.8

ViT-L/14
R@1 21.9 4.8 25.2 22.9 9.0

R@5 59.5 20.0 61.0 59.5 36.2

R@10 83.8 37.1 84.8 81.4 63.3

T2IC
cos sim 0.59 0.59 0.60 0.59 0.58

FID 260.68 241.40 238.71 248.33 250.28

Descriptions obtained through Closed-Form Dialogue (CFD) achieve the highest CLIPScore, while
those obtained with Open-Ended Dialogue (OED) achieve the highest text-to-image recall scores. This
can be explained by the different approaches taken by OED and CFD. In CFD, questions are not affected
by a wrong initial description because the questions are predetermined. For this reason, CFD can be
more reliable in cases where the initial description is inaccurate. Conversely, the recall metric favors
targeted descriptions, as greater specificity enhances the ability to distinguish an image from others. The
OED approach achieves higher recall scores because it does not rely on a predefined template of questions,
allowing for greater flexibility to tailor the dialogue to the actual image contents by formulating questions
based on the first ”plain” caption. CFD-C achieves the lowest recall scores; however, it ranks between
CFD and OED based on the CLIPScore. Using the context inside the dialogue history to generate an
answer does not improve the performance. The training using weak annotations is probably ineffective
since CFD-C replicates errors produced in CFD. We expect that by training it on correct annotations,
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Table 4.4: Results on RSICD dataset. Bold indicates the best result.

Blip-2 MLAT Dialogue-based

OED CFD CFD-C

Clipscore 65.8 71.1 66.1 70.1 67.8

ViT-L/14

R@1 9.2 2.56 11.0 6.7 3.9

R@5 29.4 12.53 32.7 24.4 17.2

R@10 44.3 21.68 49.3 38.6 28.5

T2IC
cos sim 0.62 0.62 0.63 0.63 0.62

FID 140.02 151.23 122.03 122.89 128.65

CFD-C can achieve higher performance by leveraging the previous context to predict the next answer.
Some qualitative results for both datasets are shown in Figure 4.8 and Figure 4.9, where it can be noticed
how the dialogues in the OED method are more targeted to explore further details of the initial ”plain”
caption. However, some questions are too specific and thus receive undefined answers. The CFD and
CFD-C methods use more general questions and receive more general answers. In the third example,
the network hallucinates the presence of an aircraft, highlighting the necessity of a correct and coherent
predefined set of questions for closed-form dialoguing. The T2IC score comparing the original images
with those reconstructed from the generated descriptions indicates that OED outperforms the others in
terms of FID score. This suggests that summaries generated through dialogue are indirectly superior,
enabling the text-to-image generation model to produce images more similar to the originals. However,
based on the T2IC score for the RSICD dataset, it is difficult to determine the best method, as OED
and CFD exhibit similar performance. We argue that this conclusion is more reliable, given that the
RSICD dataset is larger than the UCM dataset, thus providing more robust statistics. While promising,
this measure requires further refinement to enhance its reliability in this context. Specifically, more
specialized image generation algorithms are needed to better address the remote sensing scenario. Figure
4.7 presents examples of both real and synthetic images, highlighting how dialogue-generated summaries
capture more information regarding color, object count, and spatial distribution.

4.4 Discussion and conclusion

In this chapter, we introduced and analyzed three approaches for generating detailed textual descriptions
of remote-sensing images using the concept of visual dialogue. Our proposed methodology leverages the
instruction-following capabilities of recent large language models (LLMs) and vision-language models
(VLMs, commonly referred to as ”visual assistants”) to establish a machine-to-machine visual dialogue
(M2MVD). In this framework, a first machine sequentially questions a second machine about the image’s
contents. The second machine answers the questions, creating an artificial dialogue to explore the image.
Questions can be generated using an LLM that autonomously decides what to ask based on an initial
”plain” caption or predefined in a set of questions and identically applied to every input image. After
the dialogue concludes, an LLM summarizes it into a paragraph, resulting in the final image description.
Without ground truth for comparison, we propose three reference-free metrics to evaluate the coherence
of the generated descriptions. Our results indicate that the Open-Ended Dialogue (OED) approach
yields the most promising outcomes among the three methods. Nevertheless, we also discuss and analyze
potential use cases for the Closed-Form Dialogue (CFD) approach. Despite the encouraging results,
several limitations must be addressed to develop a more robust and customized pipeline. In the subsequent
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section, we outline potential avenues for future research.

4.4.1 Image integration in the question generation process

In this work, the conditioning of the dialogue on the input image is limited to the answering process.
Specifically, the large language model (LLM) responsible for generating the questions (ChatGPT) relies
solely on the textual exchange to formulate subsequent questions. This approach can significantly impact
performance, particularly when the initial description is inaccurate. Although Closed-Form approaches
somewhat mitigate this issue, we contend that a more seamless integration of visual information into
the dialogue process is crucial. Such integration could enhance the overall system by ensuring that the
questions are more precisely targeted to the image content, thereby improving the quality and relevance
of the generated descriptions.

4.4.2 Adaptation to the remote sensing context

Both machines employed in our dialogue-based approaches are not specifically targeted to remote sensing
queries, which can lead to suboptimal performance. The answerer machine, in particular, is the most
critical component since errors in prior answers can influence the formulation of subsequent questions. On
the contrary, the questioner machine relies solely on textual information, thus requiring less adaptation
since LLMs have already been trained on massive amounts of textual data. To mitigate this issue, remote
sensing visual question-answering (RS-VQA) datasets can be utilized to refine the answer-generation
algorithm and target it to the remote sensing domain. Also, using a custom image captioning model to
obtain the initial ”plain” caption can be beneficial, but at the cost of additional memory requirements
to store the additional model. Our proposed CFD-C should not be viewed as a fine-tuned version of the
system, as it leverages CFD results as weak training labels rather than human-annotated ones.

4.4.3 Removal of uncertain answers

Using the uncertainty prompt in Blip-2, numerous questions, particularly in Open-Ended Dialogue, result
in answers such as ”I don’t know” or ”not sure.” The authors in [131] addressed this issue by implementing
a specific ChatGPT prompt to minimize the inclusion of redundant and uninformative responses in the
generated summary. However, this approach proves less effective in our context. We argue that the
authors in [131] may not have fully recognized the significance of this challenge, as their dataset likely
contained fewer such uncertain responses, given that their scenario involved natural images where Blip-2
is more effective. A more straightforward solution to mitigate this issue would be to exclude all question-
answer pairs with uncertain responses before proceeding to the summarization stage.

4.4.4 Improved template questions

We observed that the formulation of certain questions for the CFD method presented limitations. An
example is the question, ”Which among vehicles, aircraft, or ships does the image contain, if any?”. We
observed that in cases where none of these objects are present, the question tends to receive erroneous
interpretations from Blip-2. To address this issue, it is beneficial to develop more specific question
templates that encourage the generation of more precise and relevant answers, particularly in contexts
where the user already has a clear idea of the information they wish to extract.

4.4.5 Evaluation metrics

The evaluation strategies employed in this study rely on various reference-free metrics, which offer indirect
assessments of the quality of generated dialogues. While these metrics provide valuable insights, they do
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not directly measure the consistency of the generated descriptions to some defined ground truth. Ground-
truth summaries produced by human annotators would be required to evaluate this aspect thoroughly.
Simultaneously, further research into alternative reference-free metrics is essential, as these can provide
a promising and more time-efficient evaluation method.

4.4.6 Customizing the Dialogue through prompting

Another aspect worth exploring is targeting the dialogue to meet the user’s needs. As explored in this
work, large language models adopt prompts to focus their attention on specific outputs the user needs.
The Closed-form dialogue approach allows the user to target the dialogue by defining a set of questions,
but this requires time and expertise. If the user is interested in certain details, it would be beneficial
to have a prompt that can automatically target the questioner in generating questions to explore such
details. Finding the best way to introduce such conditioning in the question-generation process can be
a major advancement. Practically, this approach can be seen as an automatic generalization of CFD,
in which instead of fixing a priori the questions, the user directs the questioner in producing a set of
questions targeted to the need of the moment, alleviating the burden of the question definition.

(a) (b) (c) (d) (e) (f)

Figure 4.7: Original (a) and synthetic images generated starting from descriptions generated with different
methods. (b) MLAT, (c) Blip-2, (d) OED, (e) CFD, and (f) CFD-C.
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Describe this image in detail .

What is the weather like in
the image?

It is cloudy and raining

A golf course with a green and a 
sand trap

What type of trees are in the 
image?

Oak trees
Are there any golfers in the 
image?

No
What is the size of the green 
in the image ?

I don’t know

What is the color of the flag 
on the green ?

I don’t know

What is the color of the sand 
in the trap ?

I don’t know

What is the name of the golf 
course in the image ?

I don’t know

What is the terrain like 
surrounding the golf course ?

I don’t know

What is the name of the city 
or loca�on where the golf 
course is located ?I don’t know

The image is of a golf course with a
green and a sand trap . The weather in
the image is cloudy and raining.
There are oak trees in the image, but
no golfers . The size of the green,
the color of the flag , and the color
of the sand in the trap are unknown.
The name of the golf course, the
terrain surrounding it , and the
location of the golf course are also
unknown.

Can you describe the image
briefly?

What are the land cover
types?

Savanna , grassland, and forest

Aerial view of a golf course

How is the land used ?

Golf course
Is there any man-made
structure?

A golf course
Does the image contain an
agricultural area ?

No

What is the dominant object ?

A golf course
Can you describe the shape 
of the dominant object ?

A golf course

What is the size of the 
dominant object ?

A golf course

Which material is the 
dominant object made of ?

Grass
Can you describe the small 
objects, if any?

A golf course, a small pond, and a small tree

The image is an aerial view of a golf
course with savanna, grassland, and
forest in the background. The
dominant object is the golf course
madeof grass, and there is a small
pond and a tree in the image. The
objects are distributed in a radial
pattern , and the dominant colors in
the image are green and brown. The
image covers urban, vegetation, and
water areas and has an aircraft in
it .

What are the two dominant 
colors in the image ?

Green and brown

Where are the objects 
posi�oned within the image ?

From le� to right , the golf course, the 
trees, and the pond

How are the objects spa�ally distributed ?

The objects are distributed in a radial pa�ern

Does this image cover urban , vegeta�on, 
water or desert areas ?

Urban vegeta�on water

Which among vehicles, aircra� or ships 
does the image contain , if any?

Aircra�

Can you describe the image 
briefly?

What are the land cover 
types?

Sand, gravel, and bare soil

Aerial view of a golf course

How is the land used ?

Golf course
Is there any man-made 
structure?

A golf course
Does the image contain an 
agricultural area ?

No

What is the dominant object ?

A golf course
Can you describe the shape 
of the dominant object ?

A golf course

What is the size of the 
dominant object ?

A golf course

Which material is the 
dominant object made of ?

Grass
Can you describe the small
objects, if any?

A small pond in the middle of the golf course

The image is an aerial view of a
symmetrical golf course with a small
pond in the middle. The dominant
object is the grass of the golf
course, which covers most of the
image. The land cover types include
sand, gravel , and bare soil , and the
two dominant colors in the image are
green and brown. There are no man-
madestructures , agricultural areas,
vehicles , aircraft , or ships within
the image. It covers an urban area.

What are the two dominant
colors in the image ?

Green and brown

Where are the objects
posi�oned within the image ?

The golf course is in the middle of the 
image

How are the objects spa�ally distributed ?

The objects are distributed in a symmetrical
manner

Does this image cover urban , vegeta�on, 
water or desert areas ?

Urban

Which among vehicles , aircra� or ships 
does the image contain , if any?

A golf course

Open ended dialoguing Closed-form dialoguing Closed-form dialoguing with context

Blip- 2 MLAT

A golf course with a green and a
sand trap

a baseball field is near a
piece of green meadow

Describe this image in detail .

What is the weather like in 
the image?

It is clear and sunny

A group of small planes are 
parked on a tarmac

What is the color of the planes 
parked on the tarmac ?

White
What is the size of the planes 
in the image ?

Small
Are there any people visible 
in the image ?

No

What is the loca�on of the 
tarmac in the image?

the tarmac is in the 
middle of the airport

Are all the planes facing in 
the same direc�on?

No

What is the shape of the 
planes in the image ?

Small

What is the shape of the 
planes in the image ?

Small

What is the background of
the image?

A parking lot

The image shows a group of small
white planes parked on a tarmac in
the middle of an airport . The weather
is clear and sunny, and there are no
people visible in the image. The
planes are facing different
directions , and the backgroundof the
imageis a parking lot .

Can you describe the image
briefly?

What are the land cover 
types?

Paved and grass

A large marina with a pool and 
boats

How is the land used ?

Residen�al
Is there any man-made
structure?

Yes
Does the image contain an
agricultural area ?

No

What is the dominant object ?

A marina
Can you describe the shape 
of the dominant object ?

A circle

What is the size of the 
dominant object?

Large
Which material is the 
dominant object made of ?

Concrete
Can you describe the small 
objects, if any?

Boats

The image is an aerial view of an
airport where a group of small metal
planes are parked on a tarmac. There
is no agricultural area or man-made
structure visible in the image. The
dominantobjects are small airplanes ,
positioned in a row from left to
right . The objects are arranged in a
row and the two dominant colors in
the image are white and black. The
imagecovers an urban area.

What are the two dominant 
colors in the image ?

Blue and white

Where are the objects 
posi�oned within the image ?

In the middle of the image

How are the objects spa�ally distributed ?

Evenly

Does this image cover urban , vegeta�on,
water or desert areas ?

Urban

Which among vehicles , aircra� or ships 
does the image contain , if any ?

Ships

Can you describe the image 
briefly?

What are the land cover 
types?

bare ground , grassland , 
shrubland , forest, and urban

A parking lot with lots of cars

How is the land used ?
For parking 
lots Is there any man-made 

structure?
No

Does the image contain an 
agricultural area ?

No

What is the dominant object ?

Cars
Can you describe the shape 
of the dominant object ?

A parking lot

What is the size of the 
dominant object?

The cars

Which material is the 
dominant object made of ?

Metal
Can you describe the small
objects, if any?

Cars

The imagecontains a parking lot with
numerous cars, arranged in a grid
pattern. The land cover types include
bare ground, grassland, shrubland,
forest , and urban areas. The dominant
objects are the cars, which are made
of metal and colored black and white.
The small objects in the image are
also cars. There are no man-made
structures in the image, and there is
no agricultural area.

What are the two dominant
colors in the image ?

Black and white

Where are the objects
posi�oned within the image?

From the top

How are the objects spa�ally distributed ?

In a grid

Does this image cover urban , vegeta�on, 
water or desert areas ?

Urban

Which among vehicles , aircra� or ships 
does the image contain , if any ?

Vehicles

Open ended dialoguing Closed-form dialoguing Closed-form dialoguing with context
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A group of small planes are
parked on a tarmac

manyof the planes were docked
on the wide

Describe this image in detail .

It is sunny and warm

It is clear and sunny

A large marina with a large pool 
and a lot of boats

What kind of boats are present in
the marina ?

Yachts
What is the color of the 
boats in the marina?

White
What is the shape of the
marina?

Circular

What is the surrounding area 
like?

A city

What is the size of the
marina?

Not sure

How many people are in the 
image?

Not sure

What is the tallest structure
in the image ?

Not sure

What is the name of the 
marina?

Not sure

The image is of a circular marina
surrounded by a city . The marina has
white yachts and a large pool. The
weather is sunny and warm. The size
of the marina, the numberof people
in the image, and the name of the
marina are unknown. The tallest
structure in the image is also
unknown.

Can you describe the image
briefly?

What are the land cover 
types?

Paved and grass

A large marina with a pool and 
boats

How is the land used ?

Residen�al
Is there any man-made
structure?

Yes
Does the image contain an
agricultural area ?

No

What is the dominant object ?

A marina
Can you describe the shape 
of the dominant object ?

A circle

What is the size of the 
dominant object ?

Large
Which material is the
dominant object made of ?

Concrete
Can you describe the small 
objects, if any?

Boats

The image shows a large circular
marina in the middle of an urban area
with pavedand grassy land cover. The
marina is made of concrete and
contains boats. There is a pool
nearby. The dominant colors are blue
and white.

What are the two dominant 
colors in the image ?

Blue and white

Where are the objects 
posi�oned within the image ?

In the middle of the image

How are the objects spa�ally distributed ?

Evenly

Does this image cover urban , vegeta�on,
water or desert areas ?

Urban

Which among vehicles, aircra� or ships 
does the image contain , if any?

Ships

Can you describe the image 
briefly?

What are the land cover
types?

Grass, sand, and water

A large building with a pool 
and a dock

How is the land used ?
It is a 
residen�al area Is there any man-made

structure?
Yes

Does the image contain an 
agricultural area ?

No
What is the dominant 
object?

A large building
Can you describe the shape
of the dominant object ?

A large building

What is the size of the 
dominant object ?

Large

Which material is the
dominant object made of?

Concrete
Can you describe the small 
objects, if any?

A small pool

The image contains a large building
madeof concrete with a small pool.
The building is located in a
residential area with grass, sand,
and water. There are ships in the
water near the dock. The dominant
colors are blue and white. The
objects are positioned in the middle
of the image.

What are the two dominant 
colors in the image ?

Blue and white

Where are the objects 
posi�oned within the image?

In the middle

How are the objects spa�ally distributed ?

In the middle

Does this image cover urban , vegeta�on, 
water or desert areas ?

Urban

Which among vehicles , aircra� or ships 
does the image contain , if any?

Ships

Open ended dialoguing Closed-form dialoguing Closed-form dialoguing with context
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A large marina with a large pool
and a lot of boats

some buildings with swimming
pools are near a river

Describe this image in detail .

What type of buildings can be 
seen in the image ?

There are many buildings with red roofs

The image shows a large campus with a
large green lawn and a large circular area

What is the approximate size of 
the campus visible in the image ?

A few 
acres What is the predominant 

color of the buildings ?
Red

Are there any trees visible in 
the image?

No

What is the circular area in 
the image used for ?

A park

Can you see any people in the 
image?

No

What is the func�on of the 
campus?

A college 
campus What is the name of the 

college?
I don’t know

What is the architectural 
style of the buildings in the 
image?I don’t know

The image shows a red- roofed college
campuswith manybuildings on a few
acres of land. There is a large green
lawn and a circular area used as a
park. No people or trees are visible
in the image. The nameof the college
and the architectural style of the
buildings are unknown.

Can you describe the image
briefly?

What are the land cover 
types?

Grass, trees, buildings

Aerial view of a campus

How is the land used ?

For a college campus

Is there any man-made 
structure?

Yes
Does the image contain an 
agricultural area?

No

What is the dominant object ?

Buildings
Can you describe the shape 
of the dominant object ?

A square

What is the size of the
dominant object ?

Large
Which material is the 
dominant object made of?

Brick

Can you describe the small 
objects, if any?

A fountain

The image is an aerial view of a
college campus. It contains grass,
trees , and buildings madeof brick .
The dominant object is a large
square- shaped building positioned in
the center of the image. There is
also a fountain in the image. The
objects are evenly distributed in the
image, and the dominant colors are
green and red. The image covers an
urban area and contains vehicles .

What are the two dominant 
colors in the image ?

Green and red

Where are the objects 
posi�oned within the image ?

In the center of the image

How are the objects spa�ally distributed?

Evenly

Does this image cover urban , vegeta�on, 
water or desert areas ?

Urban

Which among vehicles , aircra� or ships
does the image contain, if any?

Vehicles

Can you describe the image 
briefly?

What are the land cover
types?

Buildings and grass

The image shows a campus with
many buildings and a soccer field

How is the land used ?

The land is used for a college campus

Is there any man-made structure ?

Yes
Does the image contain an
agricultural area?

No

What is the dominant object ?

Buildings
Can you describe the shape 
of the dominant object ?

A circle

What is the size of the 
dominant object ?

Large

Which material is the 
dominant object made of?

Concrete

Can you describe the small
objects, if any?

A few trees

The imageshowsa college campuswith
many buildings and a soccer field .
The dominant object is a large
circular building made of concrete,
positioned in the middle of the
image. The objects are evenly
distributed , and there are few trees
around. The dominant colors in the
image are red and white, and it only
covers urban areas. The image
contains vehicles , but no water,
vegetation, aircraft or ships.

What are the two dominant 
colors in the image ?

Red and white

Where are the objects 
posi�oned within the image ?

In the middle

How are the objects spa�ally distributed ?

Evenly

Does this image cover urban , vegeta�on,
water or desert areas ?

Urban

Which among vehicles , aircra� or ships
does the image contain , if any?

Vehicles

Open ended dialoguing Closed-form dialoguing Closed-form dialoguing with context
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The image shows a large campus
with a large green lawn and a
large circular area

a large number of trees were
planted around the school

Figure 7. Examples of dialogues and summaries on RSICD images (top row) and UCM-Captions images (bottom row).Figure 4.8: Examples of dialogues and summaries on RSICD images (top row) and UCM-Captions
images (bottom row).
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Describe this image in detail.

What is the predominant color
of the boats in the marina ?

White

a satellite view of a marina with boats
docked.

How many boats are there in the 
marina?

A few
What is the weather like in 
the image?

Sunny
What are the surrounding
features or landmarks near
the marina?

No
surrounding
features or 
landmarks

Is the water in the marina 
calm or rough ?

Calm

Are there any people on the 
boats in the marina ?

No
What is the size of the 
marina in comparison to the 
surrounding area?

not sure .
What type of boats are 
docked in the marina

Yachts

Are there any visible signs of 
ac�vity in the marina ?

No

The image depicts a serene satellite
view of a marina where several white
yachts are peacefully docked. The
weather is sunny, and the water in
the marina appears to be calm. There
are no discernible surrounding
features or landmarks in the
vicinity , and no people are seen on
the boats, suggesting a tranquil
scene. The exact numberof boats and
the marina' s size in relation to its
surroundings are unspecified, but
overall, it portrays a quiet and
idyllic waterfront setting with no
visible signs of activity .

Can you describe the image
briefly?

What are the land cover 
types?

Grassland , wetlands , and water

boats parked in a marina

How is the land used ?

It is a marina

Is there any man-made 
structure?

No
Does the image contain an 
agricultural area?

No

What is the dominant object ?

Boats
Can you describe the shape 
of the dominant object ?

boats

What is the size of the
dominant object ?

small
Which material is the 
dominant object made of ?

metal

Can you describe the small 
objects, if any?

Small boats

The image depicts a tranquil marina
surrounded by grassland and wetlands. Within
the marina, small metal boats are neatly
parked. There are no significant man-made
structures or signs of agricultural activity .
The dominant objects are the small boats
themselves, which are evenly distributed
within the marina. The two dominant colors in
the image are white and blue, representing
the boats and the water. Overall , the image
showcases a picturesque scene of boats in a
marina situated in a serene water- filled
environment, with no urban or desert elements
present.

What are the two dominant 
colors in the image ?

White and blue

Where are the objects 
posi�oned within the image ?

In a marina

How are the objects spa�ally distributed ?

Evenly

Does this image cover urban , vegeta�on, 
water or desert areas ?

Water

Which among vehicles , aircra� or ships
does the image contain , if any ?

Ships

Can you describe the image 
briefly?

What are the land cover
types?

wetlands , saline marsh , saline 
marsh, s

aerial view of a marina with boats
docked

How is the land used ?

a marina

Is there any man-made structure?

A marina
Does the image contain an
agricultural area ?

No

What is the dominant object?

boats
Can you describe the shape 
of the dominant object?

boats

What is the size of the 
dominant object ?

A boat

Which material is the 
dominant object made of ?

Wood

Can you describe the small
objects, if any?

boats, docks, piers, docks, docks, docks, 
docks

The image is an aerial view of a marina with
boats docked in the middle of the water. The
land cover types are wetlands and saline
marsh. The dominant object in the image is
boats madeof wood. The objects are arranged
in a grid pattern, and the boats are
positioned in the middle of the water. The
two dominant colors in the image are blue
and white.

What are the two dominant 
colors in the image ?

Blue and white

Where are the objects 
posi�oned within the image ?

the boats are posi�oned in the middle 
of the water

How are the objects spa�ally distributed ?

the objects are arranged in a grid pa�ern

Does this image cover urban , vegeta�on,
water or desert areas ?

Urban water

Which among vehicles , aircra� or ships
does the image contain , if any?

Ships

Open ended dialoguing Closed-form dialoguing Closed-form dialoguing with context
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a satellite view of a marina with
boats docked.

manyboats are in a port near
a wharf

Describe this image in detail .

What is the �me of day in this 
image?

not sure .

a highway in the desert.

What type of vehicles are present 
on the highway ?

Cars
Are there any signs or 
billboards along the highway?

No.
What is the weather like in 
the desert ?

Hot and dry

What is the surrounding 
landscape like ?

Desert.

Are there any cac� visible in 
the image?

No

What is the width of the 
highway?

I don’t know
Are there any mountains 
visible in the background?

No.

What color is the sky in this 
image?

Blue.

The image captures a highway cutting
through a vast desert landscape. The
time of day is uncertain, but the
weather is described as hot and dry,
reflecting the arid environment. The
highway is populated with cars, and
there are no signs or billboards
along the road. The surrounding
landscape is predominantly desert,
devoid of cacti or visible mountains
in the background. The sky above is a
clear blue, creating a stark and
expansive desert scene with a highway
running through it .

Can you describe the image
briefly?

What are the land cover 
types?

savanna

cars driving on a highway

How is the land used ?

It is used for a highway

Is there any man-made 
structure?

No
Does the image contain an 
agricultural area ?

No

What is the dominant object ?

Cars
Can you describe the shape 
of the dominant object ?

A highway

What is the size of the
dominant object ?

Large
Which material is the 
dominant object made of ?

asphalt

Can you describe the small 
objects, if any?

cars, bushes, and a sign

The image captures a vast savanna landscape,
where a highway cuts through the scene with
cars driving on it . There are no prominent
man-madestructures or agricultural areas in
sight . The dominant object is the large
asphalt highway itself , with cars , bushes,
and a sign scattered along it . The highway is
positioned in the middle of the road, and the
objects are evenly distributed. The two
dominant colors in the image are blue and
white, likely representing the cars and the
sky. Overall , the image primarily features a
desert landscape with vehicles traveling
along a highway.

What are the two dominant 
colors in the image ?

Blue and white

Where are the objects 
posi�oned within the image ?

in the middle of the road

How are the objects spa�ally distributed ?

Evenly

Does this image cover urban , vegeta�on, 
water or desert areas ?

Desert

Which among vehicles , aircra� or ships
does the image contain , if any ?

Vehicles

Can you describe the image 
briefly?

What are the land cover
types?

0 0 0 0 0 0 0 0 0

aerial view of a house in a
residen�al neighborhood .

How is the land used ?

it is a residen�al neighborhood

Is there any man-made structure?

A house in the 
middle of a field Does the image contain an

agricultural area ?
No

What is the dominant object ?

A house
Can you describe the shape 
of the dominant object ?

A house

What is the size of the 
dominant object ?

A house

Which material is the 
dominant object made of ?

wood

Can you describe the small
objects, if any?

a small house with a garage

The image is an aerial view of a house in a
residential neighborhood. The house is madeof wood
and is located in the middle of a large area of
trees . There is also a small house with a garage in
the image. The dominant colors are green and brown.
The image covers an urban area and contains an
aircraft .

What are the two dominant 
colors in the image ?

green and brown

Where are the objects 
posi�oned within the image ?

the house is in the middle of the 
image

How are the objects spa�ally distributed ?

the house is surrounded by a large area of trees

Does this image cover urban , vegeta�on,
water or desert areas ?

Urban

Which among vehicles , aircra� or ships
does the image contain , if any?

Aircra�
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Blip- 2 MLAT

a highway in the desert. many cars are parked near a
viaduct

Describe this image in detail .

What is the color of the cars in 
the parking lot ?

White

a parking lot with a lot of cars.

Are there any trees or greenery 
surrounding the parking lot ?

No.
What is the weather like in 
the image?

No 
weather. What is the size of the 

parking lot ?
Not sure

Are there any buildings in the
background of the parking
lot?

No

What is the arrangement of 
the cars in the parking lot?

Parked in
rows Do the cars appear to be new 

or old ?
Old What is the primary make or

brand of cars in the parking
lot?don’t know

What is the ligh�ng like in the
parking lot ?

Bright

In the image, there is a parking lot
filled with numerouswhite cars, all
neatly parked in rows. The
surroundings lack any greenery or
trees , and there are no buildings in
the background. The weather in the
image appears to be neutral , with no
distinctive weather elements. The
size of the parking lot is not
clearly discernible from the
description . The cars in the parking
lot seemto be on the older side, but
their make or brand is unknown. The
lighting in the parking lot is
described as bright, creating a well-
lit atmosphere.

Can you describe the image
briefly?

What are the land cover 
types?

Grassland

a parking lot with a lot of cars

How is the land used ?

Parking lot

Is there any man-made 
structure?

No
Does the image contain an 
agricultural area ?

No

What is the dominant object ?

Cars
Can you describe the shape 
of the dominant object ?

rectangular

What is the size of the
dominant object ?

small
Which material is the 
dominant object made of ?

Metal

Can you describe the small 
objects, if any?

No

The image depicts an urban parking lot filled
with small rectangular metal cars. The land
is primarily covered in grassland , but it is
used as a parking lot . There are no notable
man-madestructures or signs of agricultural
activity . The dominant objects are the evenly
distributed cars within the parking lot , and
the two dominant colors in the image are
black and white, representing the cars and
the parking spaces. Overall, the image
portrays an urban scene of a small car- filled
parking lot surrounded by grassland , with no
additional features or objects in sight .

What are the two dominant 
colors in the image ?

Black and white

Where are the objects 
posi�oned within the image ?

In the parking lot

How are the objects spa�ally distributed ?

Evenly

Does this image cover urban, vegeta�on, 
water or desert areas ?

Urban

Which among vehicles , aircra� or ships
does the image contain , if any?

Vehicles

Can you describe the image 
briefly?

What are the land cover
types?

grass and asphalt

A parking lot with parked cars

How is the land used ?

parking lot

Is there any man-made structure ?

No
Does the image contain an
agricultural area ?

No

What is the dominant object ?

Cars
Can you describe the shape 
of the dominant object ?

A lot of cars

What is the size of the 
dominant object ?

A lot of cars

Which material is the 
dominant object made of ?

Metal

Can you describe the small
objects, if any?

Cars

The image is of an urban parking lot with
parked cars. The land cover types are grass
and asphalt , and the dominant object is metal
cars parked in rows. The small objects in the
image are also cars , and the two dominant
colors are black and white. The objects are
positioned within the image in a parking lot .
There are no man-made structures ,
agricultural areas, or other types of
vehicles present in the image.

What are the two dominant 
colors in the image ?

Black and white

Where are the objects 
posi�oned within the image?

In a parking lot

How are the objects spa�ally distributed ?

Parked in rows

Does this image cover urban , vegeta�on,
water or desert areas ?

Urban

Which among vehicles , aircra� or ships
does the image contain , if any?

Vehicles
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a parking lot with a lot of cars. some cars are parked in a
parking lot

Describe this image in detail .

What is the weather like in 
the image?

sunny.

aerial view of a football field

Are there any players on the 
football field ?

No.
Are there any spectators in 
the stands ?

No.
What is the condi�on of the 
football field?

It is in good 
condi�ons What is the color of the grass 

on the football field?

Green

What are the dimensions of 
the football field ?

Not sure

Are there any goal posts on 
the football field ?

No.
Are there any markings on 
the football field ?

No.

What is the shape of the 
football field ?

Rectangular

The image is an aerial view of a
football field on a sunny day. The
field is empty, with no players or
spectators present, and it is in good
condition . The grass is a vibrant
green, and the field is rectangular
in shape. However, there are no goal
posts or markings visible on the
field , and the exact dimensions of
the field are not specified . The
overall scene is serene and
undisturbed, reflecting a quiet
momentwithout the usual activity
associated with football games.

Can you describe the image
briefly?

What are the land cover 
types?

Grassland , urban area

a football field surrounded by 
buildings

How is the land used ?

A football field

Is there any man-made 
structure?

Yes
Does the image contain an 
agricultural area ?

No

What is the dominant object ?

A football field
Can you describe the shape 
of the dominant object ?

A football field

What is the size of the
dominant object ?

Large
Which material is the 
dominant object made of ?

Concrete

Can you describe the small 
objects, if any?

A soccer field

The image portrays an urban scene featuring a large
football field surrounded by buildings . The land is
a combination of grassland and urban areas, with
the football field serving as the dominant object .
This football field is of substantial size,
constructed from concrete. In addition to the
football field , there is a soccer field , and the
two dominant colors in the image are green and
blue, representing the fields and the sky. The
objects are positioned in the middle of the scene,
with a scattered spatial distribution . The image
primarily covers an urban area, with no signs of
agricultural or natural elements. Interestingly , an
aircraft is visible , adding a dynamic element to
the urban landscape.

What are the two dominant 
colors in the image ?

Green and blue

Where are the objects 
posi�oned within the image ?

In the middle

How are the objects spa�ally distributed ?

Sca�ered

Does this image cover urban , vegeta�on, 
water or desert areas ?

Urban

Which among vehicles, aircra� or ships
does the image contain , if any?

Aircra�

Can you describe the image 
briefly?

What are the land cover
types?

Houses

A soccer field surrounded by houses

How is the land used ?

For sports

Is there any man-made structure ?

Yes
Does the image contain an
agricultural area ?

No

What is the dominant object ?

A soccer field
Can you describe the shape 
of the dominant object ?

A soccer field

What is the size of the 
dominant object ?

Large

Which material is the 
dominant object made of ?

Grass

Can you describe the small
objects, if any?

A few trees

The image shows a large soccer field
surrounded by houses and a few trees . The
soccer field is madeof grass and is located
in the middle of the urban area. The dominant
colors in the image are green and red. No
other objects such as vehicles, aircraft, or
ships are present in the image.

What are the two dominant 
colors in the image ?

Green and red

Where are the objects 
posi�oned within the image ?

In the middle

How are the objects spa�ally distributed ?

Evenly

Does this image cover urban , vegeta�on,
water or desert areas ?

Urban

Which among vehicles , aircra� or ships
does the image contain , if any?

Vehicles
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aerial view of a football field
a playground with three
basketball fields in it is
surrounded by manygreen trees
and buildings

Figure 8. Examples of dialogues and summaries on RSICD images (top row) and UCM-Captions images (bottom row).
Figure 4.9: Examples of dialogues and summaries on RSICD images (top row) and UCM-Captions
images (bottom row).
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Chapter 5

Question Generation

[P4] Laila Bashmal, Yakoub Bazi, Farid Melgani, Riccardo Ricci, Mohamad M Al Rahhal, and Man-
sour Zuair. “Visual question generation from remote sensing images”. In: IEEE Journal of Selected
Topics in Applied Earth Observations and Remote Sensing 16 (2023), pp. 3279–3293 (my contribution:
conceptualization and discussion about results).

5.1 Introduction

The ability to generate coherent questions is as critical as the capacity to provide coherent answers.
Over the years, researchers have extensively studied the problem of Visual Question Answering (VQA),
developing systems capable of answering natural language questions about image content. VQA facilitates
seamless interaction between users and systems, enabling users to pose questions in natural language and
receive responses in the same format. However, existing VQA frameworks typically assume that human
users generate the questions. This raises an important question: is it possible to empower machines with
the capability to autonomously generate such questions?

The human ability to formulate informative and coherent questions plays a crucial role in acquiring
new knowledge and shaping our understanding of the world. Enabling machines to perform this task holds
significant potential, particularly in interactive systems. By equipping machines with the capability to
generate questions, they can mimic human behavior and actively seek new information.

As discussed in the previous chapter, this capability can also be leveraged to enhance the question-
generation process in our Machine-to-Machine Visual Dialogue (M2MVD) system. Our initial approach
addressed question generation using a purely text-based methodology. Specifically, a large language model
(LLM) utilized the initial image caption and subsequent dialogue as contextual input to generate the next
question. This approach, which we term an indirect method of exploring visual content, relies solely on
textual descriptions of the image rather than direct visual input. Consequently, the model ”imagines”
the image based on the provided text. However, as highlighted in the previous chapter, this formulation
can lead to challenges, such as the dialogue diverging into irrelevant or non-meaningful exploration if the
initial description lacks detail or accuracy.

By contrast, visual Question Generation (VQG) seeks to develop models capable of directly generating
relevant questions by analyzing the visual content of an image. This direct interaction with the image
mitigates the issues inherent in text-only approaches to visual dialogue. Despite its potential, research on
VQGmethods in remote sensing has been limited, with most efforts relying on template-based approaches,
such as those employed in creating datasets like [109].

This chapter presents our work on open-ended visual question generation (VQG) for remote sensing
scenes. The term open-ended refers to the capability to generate questions without relying on predefined
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templates, instead predicting the words that compose the question in an auto-regressive manner. A
primary challenge in remote sensing VQG is the lack of high-quality datasets tailored for this task,
necessitating existing visual question-answering (VQA) datasets. However, VQA datasets are inherently
answer-centric, exhibiting limitations such as reduced variability and naturalness in the questions, which
pose significant drawbacks for question generation. These datasets often rely on template-generated
questions, resulting in substantial redundancy. For instance, in the RSIVQA-DOTA dataset, only 32
unique questions are found among a total of 16430.

Moreover, remote sensing scenes are typically complex and rich in diverse concepts, requiring an
effective VQG model to balance comprehensive concept coverage and question coherence. We introduce a
novel VQA dataset, TextRS-VQA, specifically designed for visual question generation (VQG) and visual
question answering (VQA) to address these limitations. TextRS-VQA is manually annotated to reduce
redundancy and to include more natural, expressive questions. This chapter provides an overview of the
dataset construction process, our methodology for VQG, and the results of our approach, emphasizing
the challenges and opportunities in advancing this research area.

5.2 Metholodogy

Figure 5.1: Overview of our VQGmodel. A vision encoder (Swin Transformer) extracts visual embeddings
Zx ∈ RN×dx , which are projected using a linear layer to match the language model embedding dimension
dt = 786 and concatenated with the question embeddings to condition the text decoder (GPT-2) to
directly generate the whole set of questions.

We envisioned a paragraph-based model that directly generates a set of questions. Specifically, a
set of visual embeddings is concatenated to the stream of textual embeddings resulting from the set of
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questions and fed to a language model decoder to guide the generation of the questions. We decided to
use this formulation for two reasons linked to our previous work on visual dialogue. The first is that
by directly generating an entire set of questions, we remove the need for the stopping criteria for visual
dialogue. The second is that generating a set of questions directly is faster due to the generation step
occurring only once at the beginning instead of at every step. However, directly generating a set of
questions removes the dependency of successive questions on the answers to previous questions, which
can result in repetitions or contradictions of previous ”facts.” Our paragraph-based question generation
model works as follows. Let {Xi,Qi}Ni=1 be the i-th entry of a dataset composed of N samples. Each
image Xi is associated with one or more questions Qi = {Qi,j}Jj=1 where J is the number of questions
associated with the image Xi. We concatenate the set of J questions to derive the question paragraph
Ti, which is the desired response of the model subject to image Xi.

Ti = Qi,1; Qi,2; . . . ;Qi,J (5.1)

Our paragraph-based VQG aims to directly generate the entire set of questions Ti given an RS image
Xi. The overall architecture of the VQG model is illustrated in Figure 5.1.

5.2.1 Vision Encoder

Figure 5.2: The internal architecture of the Vision Encoder, Swin Transformer Block, and GPT-2 block.

The initial step in our Visual Question Generation (VQG) model involves encoding the remote sensing
(RS) image into a set of representative visual embeddings. For this task, we employ a variant of the
Vision Transformer architecture, specifically the Swin Transformer [136]. This choice is motivated by
the Swin Transformer’s hierarchical architecture, which enables it to effectively extract global multi-scale
representations from the RS image, capturing visual elements across varying scales. This is especially
useful in RS images, characterized by objects spanning different orders of magnitude and granularity. The
Swin Transformer condenses an image X into a sequence of N visual embeddings Zx ∈ RN,dx . Specifically,
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the process starts with an image X ∈ R224×224×3. The image is first divided into tiny non-overlapping
patches of size of 4×4×3, which are flattened to form a sequence of dimension 56×56×48. The sequence
is then projected by a patch embedding layer into the vision encoder dimension to form a feature of size
56×56×C, where C = 128 in the implementation employed in our work. Positional information is added
to the sequence before feeding it to a series of Swin Transformer layers.

Figure 5.2-a shows the vision encoder consisting of multiple Swin Transformer blocks interleaved with
patch merging layers. The swin transformer layers alternate two special versions of self-attention called
Window-based Self-Attention (W-MSA) and Shifter-Window-based Self-Attention (SW-MSA). W-MSA
computes self-attention locally within each window, while SW-MSA shifts the features before partitioning
and computing the attention. The local computation within the window employed by the first configu-
ration reduces the computational requirements of the self-attention mechanism. In contrast, the shifted
window-based self-attention allows the modeling of cross-window dependencies. The patch merging layer
reduces the tokens between blocks by merging adjacent patches. Both configurations of the MSA use the
self-attention mechanism, as described in the introduction. To summarize, each Swin Transform block
alternates the computation as:

ẑl = WMSA(LN(zl−1)) + zl−1

zl = MLP(LN(ẑl)) + ẑl

ẑl+1 = SWMSA(LN(zl)) + zl

zl+1 = MLP(LN(ẑl+1)) + ẑl+1

(5.2)

We use the output visual embedding sequence of the last block before the average pooling layer as the
image feature representation Zx ∈ RN×dx , where N = 49 and dx = 1024. To adapt the visual embedding
dimension to the text embedding dimension of GPT-2 dt = 768, we use a fully connected layer, projecting
the visual feature to the desired dimension Zxp ∈ RN×dt . The projected visual embedding sequence Zxp

is fed into the language model as a prefix for generating the questions.

5.2.2 Language model decoder

We employ the pre-trained GPT-2 [62] as the language model to generate a set of questions for a given
input image. The main motivation to use the pre-trained GPT-2 model is its effectiveness in data-limited
scenarios due to the knowledge acquired through pre-training on a large-scale corpus of 8 million web
pages and more than 1.5 billion tokens. We fine-tune GPT-2 on our dataset, transferring its learned
linguistic knowledge to the RS questions generation task. We adopted a distilled version of the GPT-2,
DistilGPT2, which has six identical transformer blocks. The DistilGPT2 can take up to 1024 token
length, has 12 attention heads, and 82M parameters (compared to 124M parameters for the original
GPT-2). The internal architecture of a single GPT-2 block is shown in Figure 5.2, which uses masked-
multi-head self-attention (Masked-MSA), a variant of the attention explained in the introduction, that
models auto-regressive prediction by masking future tokens from influencing the present token.

5.2.3 Model Training

During training, the goal is to fine-tune the parameters of the questions generator (GPT-2) to maximize
the probability of generating the question paragraph Ti for an input image Xi. The objective of the
question generator is the auto-regressive language modeling objective function described in equation 2.4,
conditioned by the sequence of visual embeddings Zxp . We use greedy sampling to choose the highest
probable token as the next token in the predicted sequence.
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Figure 5.3: Distribution of question type for each dataset: (a) TextRS-VQA, (b) RSVQA-LR, (c)
RSIVQA-DOTA

Figure 5.4: Sunburst visualization for each dataset and question type: (a) TextRS-VQA, (b) RSVQA-LR,
(c) RSIVQA-DOTA

5.3 TextRS-VQA Dataset

VQG has made significant progress in computer vision. A key reason for this progress is the availability
of large datasets with high-quality questions of various types [137][138]. However, in the RS domain,
development is still limited, and the existing datasets, such as RSVQA [125] and RSIVQA [110], which
were proposed to solve the VQA problem, are more focused on the answers rather than the questions.
Questions in those datasets are generic, repetitive, and lack diversity, as they are automatically generated
from predefined templates. Thus, it is essential to establish a suitable benchmark to advance the research
on RS visual question generation. To fill this gap, we construct the TextRS-VQA dataset, the first fully
manually annotated dataset for VQA and VQG tasks in the RS domain. This dataset addresses the main
problem of prior datasets, which is the high redundancy of the questions. You can access our dataset
at this link. Figure 5.5 shows some sample images and their associated questions from our datasets and
previously proposed VQA datasets in RS. It can be seen how the questions in our dataset are more
natural, less redundant, and highly relevant to the image contents. Further, Table 5.1 summarizes some
statistics from our TextRS-VQA dataset and the other two VQA datasets in RS. The statistics show
that although our dataset has the lowest questions per image rate, the diversity of these questions –
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RSVQA-LR RSIVQA TextiRS

- Is it a rural or an urban area?
- Is the number of commercial
buildings equal to the number
of commercial buildings?
- Is there a farmland?

- How many small vehicles are
there in this picture?
- Does this picture contain a
small vehicle?
- Does this picture contain a
plane?

- Is there aircraft next to the
loading area?
- What is the green area next
to the terminal?
- How many aircraft are in this
terminal?

- Is a commercial building
present?
- Is there a building?
- What is the number of roads?

- How many baseball diamonds
are there in this picture?
- Does this picture contain a
baseball diamond?
- Does this picture contain a
harbor?

- How many basketball courts
are in the image?
- Are there buildings in the
image?
- Is there a green passage near
the basketball courts?

Figure 5.5: Comparison of question types in RSVQA-LR, RSIVQA, and TextiRS datasets.
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the number of unique questions to the total number of questions – is higher. In addition, our dataset
has a lower question average length but richer vocabulary compared to the other datasets. Figure 5.3
visualizes the distribution of the question types for the three datasets. As can be seen from the figure,
RSVQA-LR has four question types, and RSIVQA-DOTA has only two types of questions. In contrast,
in our TextRS-VQA dataset, around half of the questions are from the ”presence,” ”class type,” and
”count” types, while the other half contains a mix of other types. To further illustrate the diversity
of our dataset, Figure 5.4 provides a sunburst visualization of the question’s first three words for each
dataset. As can be seen, our TextRS-VQA revealed greater diversity than other VQA datasets.

5.3.1 Question annotation

The images of our TextRS-VQA dataset come from the TextRS dataset, which was introduced for RS
image retrieval and captioning [139]. It was built by collecting images from four well-known scene
classification datasets with different image sizes and spatial resolutions. Namely, AID [140], PatternNet
[141], UC-Merced [142], and RESISC45 [143]. From each dataset, 16 images are randomly extracted for
every class, totaling 2144 images. Each image is manually annotated with two to five questions to ensure
diversity, focusing on questions tailored to RS use cases. Our dataset contains 6245 questions of four
types: object counting, presence/absence, scene classification, and ”other,” which includes a wide range
of questions. We randomly selected 80% of the images and their associated questions for training while
the remaining 20% are left for testing.

Table 5.1: Statistics comparison between remote sensing VQA Datasets. Diversity is measured as the
ratio of images with at least a unique question over the total number of images. Unique means that the
question is not associated to any other image

Dataset TextRS-VQA RSVQA-LR RSIVQA-DOTA

# Images 2143 772 1868
# Questions 6245 77232 16430
# Unique questions 3608 8206 32
Diversity 57.77% 10.62% 0.002%
# Questions per image 2–5 100–101 3–24
Avg. question length (in words) 6.62 8 6.67
# Unique words in questions 609 131 47

5.4 Results

In this section, we first give the experimental details of our VQGmodel and explain the adopted evaluation
metrics before presenting the results.

5.4.1 Experimental setting

We used the base version of the Swin Transformer model as the vision backbone. The model has been
pre-trained on a large dataset of natural images (ImageNet-22k) and then fine-tuned on ImageNet-1k,
with images at 224 × 224 resolution. The model uses a patch size of 4 × 4 pixels and a window size of
7×7 patches. The model has an embedding dimension dx = 128. The base model consists of 4 layers; the
first, the second, and the last layers each have two Swin Transformer blocks, while the third layer has 18
blocks. Patch merging is applied after the first three blocks. For question generation, we use DistilGPT2, a
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Table 5.2: Results when fine-tuning GPT-2. B1-B4 (Bleu-1 to Bleu-4)

Dataset Question B1 B2 B3 B4 ROUGE METEOR CIDEr

TextRS-VQA 1st 56.40 42.77 31.81 24.32 49.27 22.43 85.64
10th 49.63 32.77 20.04 12.71 41.28 17.13 48.85

RSVQA-LR 1st 100.0 100.0 100.0 100.0 100.0 100.0 00.00
20th 99.21 93.79 85.62 79.09 87.78 47.16 29.32

RSIVQA-DOTA 1st 97.30 95.79 94.11 92.85 90.91 65.73 126.30
20th 77.34 74.31 70.67 65.20 73.46 46.89 28.74

Table 5.3: Results when freezing GPT-2. B1-B4 (Bleu-1 to Bleu-4)

Dataset Question B1 B2 B3 B4 ROUGE METEOR CIDEr

TextRS-VQA 1st 59.93 45.37 32.96 24.40 51.59 22.83 87.45
10th 42.07 30.74 19.03 11.45 39.35 14.85 46.50

RSVQA-LR 1st 100.0 100.0 100.0 100.0 100.0 100.0 0.00
20th 100.0 99.08 87.98 78.96 92.49 47.90 31.97

RSIVQA-DOTA 1st 94.76 91.66 87.98 85.26 87.90 57.10 90.81
20th 77.53 74.76 71.18 65.72 74.05 47.87 33.64

smaller model distilled from GPT-2. This model can process sequences up to 1024 tokens and has 6 layers,
768-hidden feature representation, 12 attention heads, 82M parameters (compared to 124M parameters
for GPT-2). We use the AdamW optimizer with a batch size of bs = 16 and fine-tune the model for 128
epochs. The initial learning rate is 2e − 5, which decays at 0.05. The number of questions to generate
during inference is fixed based on the dataset. For RSVQA-LR and the RSIVQA-DOTA, a maximum
of 20 is generated, while for TextRS-VQA, this limit is set to 10. Different evaluation metrics are used
to measure the quality of the questions generated by our VQG model. As standard metrics, we employ
BLEU, METEOR, CIDEr, and ROUGE, reference-based metrics that measure how well the generated
questions match the ground-truth questions in the dataset. We use two other metrics, strength, and
inventiveness, to evaluate the diversity of the generated questions. Strength is the percentage of unique
questions generated per image, while inventiveness is the ratio of the unique generated questions never
seen in the training set.

5.4.2 Numerical results

Since our model generates a paragraph of questions, we report the metrics for both the first and last
question of the paragraph. Generally, standard metrics assign lower scores for results on TextRS-VQA
compared to the other two datasets, especially regarding BLEU, ROUGE, and METEOR. This is due to
the higher question diversity in TextRS-VQA, which results in a more challenging scenario for generative
algorithms. However, this can also be due to issues not related to the generated text but to the evaluation
criteria, which rely heavily on exact word matching. This is explored in [131], in which it is shown that
standard metrics report drops in performance despite the semantic coherence of the output. Performance
on TextRS-VQA demonstrates a decline of approximately 5-11% across nearly all metrics from the first
to the last question. On RSVQA-LR, the first question receives perfect scores in all metrics except
the CIDEr. This is because the generated questions perfectly match the ground-truth questions, and
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the low CIDEr score is due to its high weight assigned to rare keywords, as well as the high degree of
repetitiveness in this dataset. Generally, scores tend to decrease from the first to the last question. On
RSIVQA-DOTA, the scores of almost all metrics are stable for the first six questions in the paragraph.
However, the scores started to drop gradually, starting with question seven. We further analyzed the effect
of freezing or fine-tuning the weights of the language model decoder. Table 5.3 shows the results of fixing
the weights of the GPT-2 model. We can see that for the TextRS-VQA dataset, the scores for generating
the first question are better when the language model weights are not updated. A hypothesis for this
behavior is that freezing the language model decoder preserves some entropy on the output classification,
leaving space for the model to generate more diverse questions and, thus, better match the distribution
on our TextRS-VQA dataset. This is also confirmed by a generally higher CIDEr score in results from
the frozen model. However, other metrics assign slightly higher scores to the last question generated
by the fine-tuned language model. On the RSVQA-LR dataset, the results of fixing and fine-tuning the
language model are identical to the first questions in the paragraph. However, the model with fixed
weights scores better in almost all metrics as the model generates more questions. For RSIVQA-DOTA,
the first generated question by the fine-tuned model is more accurate than the first generated question
by the fixed model. However, scores of fixed and fine-tuned models are comparable when generating later
questions.

Results of diversity metrics

To provide an in-depth analysis of the generated questions, Table 5.4 reports the generative strength and
inventiveness of our model when the language model is fine-tuned or is kept fixed. In all datasets, the
generative strength of the fine-tuned language model is better compared to the fixed one. In contrast,
the question generator with fixed weights has high inventiveness scores and more ability to generate novel
questions that do not exist in the training set. This is a further confirmation of the previous hypothesis
that a fixed language model preserves some entropy in the output distribution. The results also show
that the inventiveness of the model on the TextRS-VQA dataset is higher than other datasets despite
our dataset having the least number of questions. This could be attributed to the richness and the
high diversity of the questions in our dataset, which result in a more diverse and expressive model. In
addition, the table shows that the inventiveness scores of the fine-tuned model on the RSVQA-LR and the
RSIVQA-DOTA datasets are close to zero, which is an indication of the very low diversity of questions
in the dataset.

Table 5.4: Results of Diversity Metrics

Dataset Training Strategy Strength Inventiveness

TextRS-VQA Fine-tuned 83.71 63.06
Fixed 58.79 82.54

RSVQA-LR Fine-tuned 95.95 0.007
Fixed 45.65 9.68

RSVQA-DOTA Fine-tuned 81.31 0
Fixed 62.92 15.38

5.4.3 Qualitative Results

Figure 5.6 shows examples of generated questions from test images of each dataset, along with the ground-
truth questions. From the TextRS-VQA example, we can notice that the questions generated by our model
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TextRS-VQA RSVQA-LR RSVQA-DOTA

Predicted - Are there a building in
front of the parking lot?
- How many cars are in
the parking lot?
- Are there a building
next to the parking lot?
- Is this parking lot full of
cars?
- Is there a red car parked
in the parking lot?
...

- Are there less
commercial buildings
than grass areas?
- Are there less
residential buildings than
grass areas?
- Are there less water
areas than residential
buildings?
- Is the number of roads
equal to the number?
...

- How many small
vehicles are there in this
picture?
- How many roundabouts
are there in this picture?
- Does this picture
contain small vehicles?
- Does this picture
contain a plane?
...

Ground-truth - Are there lines on the
ground of the parking lot?
- Is the parking space all
occupied?
- Is there discoloration of
the cars?

- Is it a rural or a urban
area?
- Is there a grass area?
- What is the number of
roads?
- Is there a road?
...

- How many small
vehicles are there in this
picture?
- How many roundabouts
are there in this picture?
- How many swimming
pools are there in this
picture?
- Does this picture
contain small vehicle?
...

Figure 5.6: Examples of questions generated by our VQG model for test images of each dataset.

contain almost all the semantic information present in the image. Although the generated questions do
not perfectly match the ground-truth questions, some questions have the same meaning as the ground-
truth questions but are expressed differently, such as the reference question ”Is the parking space all
occupied?” and the generated question ”Is the parking lot full of cars?”. Further, our model can generate
novel and valid questions correlated with the image content but not present in ground-truth questions
such as ”How many cars are in the parking lot?”. We can also see some questions about objects and
their attributes that are not present in the ground-truth questions, such as questions about ”buildings”
and ”red cars.” This proves that our model can precisely understand image content and translate it into
questions. Most of the questions in the example seem biased toward the presence question, and there are
some incorrect questions, such as ”Are there cars on the road empty?”. In general, however, the questions
are sensible, diverse, and in line with the semantic content of the image. The example of the RSVQA-LR

73



CHAPTER 5. QUESTION GENERATION

dataset shows that the generated questions are very close to the ground-truth questions, even though
there are some incomplete questions, such as ”Is the number of roads equal to the number?”. In addition,
all questions follow the same pattern and question types of ground-truth questions, which aligns with the
quantitative results that show high similarity with the reference questions and low inventiveness scores.
A similar conclusion can be drawn by observing the generated questions for RSIVQA-DOTA. All the
generated questions are from the presence and count types, which are the only question types defined for
this dataset, which also explains the low inventiveness of our model on this particular dataset.

5.4.4 Comparison with state of the art methods on MSCOCO dataset

To verify the performance of the proposed method, we compare it against several VQGmodels in computer
vision on MS-COCO VQA dataset [144], which consists of 82783 train images and 40504 test images.
Each image in this dataset is associated with 5.4 questions on average. The results are presented in
Table 5.5. Generally, our VQG model outperforms all existing state-of-the-art methods regarding the
four BLEU metrics and METEOR. Our model also achieves the second-best ROUGE score. However,
the score of our model in terms of the CIDEr is lower than the state-of-the-art methods.

Table 5.5: Experimental results of our method and other state-of-the-art VQG methods on MS-COCO-
VQA dataset. Best results highlighted in bold, second best results underlined.

Method B1 B2 B3 B4 ROUGE METEOR CIDEr

IA2Q [145] 32.43 15.49 9.24 6.23 - 11.21 36.22
V-IA2Q [146] 36.91 17.79 10.21 6.25 - 12.39 36.39
Krishna et al. (t-space) [147] 47.40 28.95 19.93 14.49 49.10 18.35 85.99
Krishna et al. (z-space) [147] 50.09 32.32 24.61 16.27 - 20.58 94.33
IC2Q (WS) [145] 30.42 13.55 6.23 4.44 - 9.42 27.42
V-IC2Q (WS) [146] 35.40 25.55 14.94 10.78 - 13.35 42.54
Krishna et al. (WS) [147] 31.20 16.20 11.11 6.24 40.27 15.77 35.89
I + II + CL (WS) [148] 38.94 20.30 12.37 8.10 41.27 13.47 37.42
I + II + CL + Bayes (WS) [148] 41.87 22.11 14.12 10.04 42.34 13.63 46.87

Ours 55.34 38.44 26.06 17.62 47.45 19.32 29.63

WS: Weakly Supervised.

5.5 Conclusions

This chapter presents a novel dataset and methodology for remote sensing visual question generation
(RS-VQG). This work addresses a critical gap in remote sensing VQG datasets, which are predominantly
answer-centric and lack the diversity and naturalness of human-generated questions. Our model gener-
ates a paragraph comprising multiple questions but does not incorporate the sequential conditioning of
questions on the answers to preceding questions. Future extensions of this work could involve condition-
ing the generation of successive questions on prior answers, which would require the development of a
specialized dataset featuring question-answer pairs organized in a coherent flow.

The proposed approach employs an encoder-decoder architecture, leveraging a Swin Transformer to
encode the image into a sequence of multi-scale embeddings and a GPT-2 model to auto-regressively de-
code a set of questions based on these visual embeddings. We evaluate the performance of our method on
two standard visual question-answering (VQA) datasets and our newly proposed TextRS-VQA dataset.
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The results demonstrate the effectiveness of our model in generating a diverse and meaningful set of ques-
tions from remote-sensing images. Additionally, our manually annotated TextRS-VQA dataset exhibits
significantly higher question diversity, offering an appealing resource for enhancing the naturalness and
creativity of question generation in RS-VQG tasks.
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Chapter 6

Visual Dialogue for Change
Captioning

[P6] Riccardo Ricci, Yakoub Bazi, and Farid Melgani. “Change Captioning Meets Large Language and
Vision Models”. In: Under revision for ISPRS Journal of Photogrammetry and Remote Sensing, 2024.

6.1 Introduction

Change captioning aims at describing through natural language changes between two (or more) views of
the same location acquired at different times. In contrast to conventional change detection outputs such
as semantic or binary change maps, natural language provides a quicker and more intuitive interpretation
of the results for human users. Furthermore, natural language conveys richer semantics, enabling analysis
of the relationships between changed areas, their scale, and their attributes. Initial change captioning
research [149] focused on pairs of frames acquired by surveillance systems. The authors used a combi-
nation of cluster alignment and auto-regressive decoding to generate short descriptions of changes. In
[150], the authors leveraged the CLEVR engine to build a new dataset of synthetic images for change
captioning under the influence of ”distractors.” Distractors, such as viewpoint changes, are elements that
introduce fictitious changes while the semantic content remains unchanged. The authors proposed a dual
attention network to focus on changed areas and extract features. Successively, they input these features
into an attention-based recurrent neural network (RNN) to describe the changes. The RNN decoder dy-
namically attends to features from the before, after, or different images as it generates the caption. With
a similar goal, [151] introduced a novel M-VAM encoder that explicitly distinguishes semantic changes
from viewpoint changes in the feature space. A differential encoder distinguishes semantic features from
viewpoint changes in [152]. Furthermore, the authors incorporate a cycle consistency module that aligns
the combined features of the caption and the first image with those of the second image, enhancing overall
performance. Authors of [153] leveraged attention to capture semantic relations between different views
dynamically. They employ a visual attention block and a visual switch during decoding to dynamically
modulate the context (attending to the before, after, or difference image features) and its influence on
caption decoding. In [154], the authors propose a multitask learning setting to improve performance
by tackling change captioning and query image retrieval simultaneously using the generated caption. A
different avenue has been explored in [155], in which the authors proposed a novel benchmark dataset
with multiple changes between pairs of images. Transformer neural networks are employed to localize
and describe all the changes.

Although mainly explored using synthetic datasets of natural images, change captioning can empower
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several remote sensing applications such as urban planning, disaster management, and environmental
monitoring and surveillance [156]. Remote sensing change captioning has been introduced in [157], where
the authors employ a pre-trained CNN to extract visual embeddings from images. They explore various
methods to fuse the embeddings of the image before and after the changes and use the fused embedding as
a conditioning to generate the change caption. In another study [158], a novel transformer-based network
is proposed to enhance change captioning performance. The authors further propose a new large-scale
dataset and test several other approaches, with their method achieving state-of-the-art results. Authors
in [159] utilize the attention mechanism embedded in a multi-scale interactive change-aware encoder. A
multi-layer adaptive fusion module enables the encoder to capture semantic changes between bi-temporal
image features effectively. Captions of changes are subsequently generated by a transformer decoder,
enhanced by cross-gated attention to integrate visual information. In [160], the authors explicitly guide
the model, feeding difference features to multiple progressive difference perception layers and enhancing
spatial awareness of changes. Authors adopt a similar approach in [161], employing a ”difference” feature
encoding block. However, they utilize a single-stream feature extractor pre-trained on remote sensing
images to minimize the domain gap and improve downstream performance. In [162], the authors propose
a novel approach by decoupling change captioning into two distinct sub-tasks: a binary classification to
determine the presence of change and the subsequent task of describing the change. They also employ
prompt learning to harness the power of a pre-trained LLM, thereby maintaining low training memory
requirements.

All the aforementioned change captioning research has focused on supervised learning, which requires
the collection of large quantities of data in the form of triplets of two images and a text describing the
changes (X1,X2,T). The collection of large quantities of data is severely time and resource-consuming.
Furthermore, different users may be interested in different changes, making the customization of the out-
put a desired requisite for change captioning. In the conventional scenario, this would require a different
dataset to cover each different change, severely impacting the feasibility of this paradigm. Another ob-
stacle can be the training of large models, which is resource-intensive and not affordable for most users.
Thus, our work explores the possibility of leveraging the pre-trained capabilities of instruction-following
Large Language Models (LLM) and Vision-Language Models (VLM) to generate meaningful descriptions
of the changes between pairs of images. We remove the need for training by designing methodologies to
stimulate pre-trained models and elicit their intrinsic capabilities. We test prompting as an approach to
adaptively steer the behavior of an LLM to analyze different changes. Additionally, we introduce and
validate a novel evaluation criterion, FMScore (Fact Matching Score), which serves as a reference-free
metric for assessing the quality of change descriptions by utilizing fact matching as a proxy for description
accuracy.

6.2 Methodology

Motivated by the strong zero-shot performance of LLMs and VLMs, we employed two pre-trained mod-
els in our experiment. Similarly to our previous experiment on visual dialogue for image description in
Chapter 2, we adopted Vicuna [163] for pure text-based tasks. Specifically, we use Vicuna-13b-v1.5, a
13B parameters large language model based on LLaMA-2, fine-tuned on conversational data to acquire
instruction-following capabilities. For vision tasks, we employ OTTER-Image-MPT7B [164], a 9B param-
eters large vision-language model based on OpenFlamingo-9B, and fine-tuned on the MIMIC-IT dataset
[165]. Otter is characterized by its ability to accept interleaved image and text instructions, making it
feasible to work with sequences of images, as described by the authors.

We developed three distinct approaches for extracting remote sensing change descriptions, each char-
acterized by varying levels of complexity and potential for customization. In the first approach, the
most straightforward, we directly prompt Otter to compare the two images and describe the changes.
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In the second approach, we simplify the task by dividing it into two sub-tasks. Using Otter, we extract
separate descriptions for each image. Then, leveraging Vicuna, we compare the textual descriptions to
infer potential changes. The third approach is based on the concept of dialogue, introduced in Chapter
2. Instead of directly generating a change description, we use a series of question-answer pairs to ex-
tract specific information step-by-step. We explore two variations of dialogue: open and template. In
open dialogue, Vicuna is instructed to generate questions that explore potential changes. Conversely, in
template dialogue, a predefined set of questions is sequentially posed to Otter for each pair of images.
In both versions, Otter provides answers conditioned on the question and the visual information (pair of
images). More in detail, given a pair of multi-temporal satellite images, X1 and X2, Otter first extracts
visual embeddings Zx using CLIP [91], then uses a Perceiver Resampler module to compress the infor-
mation in the sequence of visual tokens into a small fixed number of learnable queries, effectively acting
as an information bottleneck. The ”perceived” visual tokens are exploited as keys and values of several
cross-attention layers inside the language model.

6.2.1 Direct change paragraph extraction

O�er

Image pre changes

The satellite image from the second descrip�on shows a significant difference compared to the first
one. Instead of seeing mul�ple buildings surrounded by dirt and grass, the image reveals a vast
expanse of black buildings, likely factories, in a state of disrepair. This suggests that there has been
some sort of industrial decline or abandonment in the area, leading to the deteriora�on of the
buildings. It is possible that the surrounding vegeta�on has also changed due to the lack of
maintenance and human ac�vity.

Change descrip�on

Image post changesDescribe the main changes between 
this two images

Figure 6.1: In direct extraction, Otter is directly fed with the pair of pre and post-change images (X1,X2)
and prompted with a targeted instruction (see Tab. 6.6), to which Otter answers with the change
description.

Figure 6.1 depicts the scheme of our first proposal. Otter, conditioned on the visual content and
stimulated with a targeted instruction (see Table 6.6), directly creates a paragraph describing the changes.
Despite the simplicity of the approach, a substantial drawback is the non-specificity of the generated
paragraph, which is general and may not fit the user’s needs.

6.2.2 Indirect change paragraph extraction

Directly extracting a paragraph describing the changes is challenging and unconventional, particularly
since Otter is not specifically designed for remote sensing applications. Therefore in our second approach,
we decompose the process into two more manageable tasks. The scheme is depicted in Figure 6.2. First,
Otter is instructed to describe each image separately. Successively, Vicuna analyzes the two textual
descriptions to extrapolate the changes, yielding the final change description. For the second step, we
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The satellite image shows a
large area of black buildings ,
likely factories , in a state of 
disrepair

Descrip�on 2

The satellite image shows a
large area of land with
mul�ple buildings surrounded
by dirt and grass.

Descrip�on 1

Image pre changes

The satellite image from the second descrip�on shows a significant difference compared to the first
one. Instead of seeing mul�ple buildings surrounded by dirt and grass, the image reveals a vast
expanse of black buildings, likely factories, in a state of disrepair. This suggests that there has been
some sort of industrial decline or abandonment in the area, leading to the deteriora�on of the
buildings. It is possible that the surrounding vegeta�on has also changed due to the lack of
maintenance and human ac�vity.

Change descrip�on

Image post changes

Describe in detail this satellite image

Vicuna

CD prompt

O�er

Figure 6.2: Indirect extraction has Otter describing each image separately. Then Vicuna analyzes the two
descriptions to infer possible changes based solely on the text, generating the final change description.

decided to use Vicuna for its excellence in text comprehension tasks. See Table 6.6 to inspect the prompts
we used for each step and model. The decomposition of the process can reduce the task difficulty but can
raise two main problems. The first is error accumulation; a two-step approach will inevitably accumulate
mistakes from two generative steps. The second is the target agnosticism of the first step, where the
model can produce descriptions of different aspects of the image, impacting the extraction of the real
changes between the images.

6.2.3 Dialogue-based change paragraph extraction

The third approach, depicted in Figure 6.3, addresses the limitations of the first two. Both first and
second approaches are insensitive to user needs and cannot be efficiently targeted to specific aspects of
interest. Toward change description customization, we leverage the concept of dialogue to extract small
chunks of information sequentially. By carefully formulating targeted questions, the model is constrained
to narrow requests, thereby reducing the likelihood of deviations from the content of interest to the
user. Leveraging our work on visual dialogue, we designed two complementary paths, template and open
dialogue. In template dialogue, as described in Chapter 2, the user defines a fixed set of questions for
all the pairs of images (refer to the Appendix for the template set of questions used in this study). In
open dialogue, a language model (in our case, Vicuna) automatically generates questions, ingesting the
previous dialogue history. In this formulation, the user can optionally define its needs in broad terms
during prompting to steer the generation toward a particular aspect of interest (see the experiment in
Section 6.6.3). After the dialogue, the conversation is summarized using Vicuna, yielding the final change
description.
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Image pre changes

The satellite image from the second descrip�on shows a

significant difference compared to the first one. Instead

of seeing mul�ple buildings surrounded by dirt and grass,
the image reveals a vast expanse of black buildings, likely

factories, in a state of disrepair. This suggests that there
has been some sort of industrial decline or abandonment

in the area, leading to the deteriora�on of the buildings.

It is possible that the surrounding vegeta�on has also
changed due to the lack of maintenance and human

ac�vity.

Change descrip�on

Image post changes

Open 
dialogue 

Template 
dialogue

Summariza�on 

prompt

Vicuna

Open dialogue

A large area of land
with buildings and trees

Can you describe the layout of the 

buildings in more detail?

There are several buildings with a 
lot of dirt and grass

Can you give a detailed descrip�on 

of this satellite image ?

Vicuna

O�er

O�er
Next ques�on

prompt

Vicuna

Previous dialogue

First ques�on 
prompt

Template dialogue

No

It the area seemingly undergoing 

construc�on of new structures?

Yes, the area include a 

construc�on site

Are there buildings in the 
image?

Ques�on 1 
Ques�on 2
Ques�on 3

O�er

O�er

Figure 6.3: In dialogue-based change paragraph extraction, a simulated conversation is used to collect
information. Then, Vicuna is instructed to summarize the dialogue and create the final change description.

6.3 Datasets

We test our approaches on two datasets, SECOND and LEVIR-CC.

SECOND [166] contains 2968 pairs of aerial images acquired over Hangzhou, Chengdu, and Shanghai.
Each image is of size 512 × 512 and is annotated with a semantic change map at the pixel level. The
images show changes in 6 land-cover classes, namely non-vegetated ground surface, tree, low vegetation,
water, buildings, and playgrounds. We adopted an augmented version of this dataset [167], which contains
several question-answer pairs for each couple of images created with an automatic pipeline, as depicted
in Figure 6.5.

LEVIR-CC [158] is specifically designed for remote sensing change captioning tasks. It comprises
10, 077 pairs of bi-temporal images and 50, 385 sentences describing the observed differences. Each image
pair is annotated with 5 captions to provide diverse perspectives on the changes detected. All the images
are standardized to a size of 256× 256 pixels and are registered at the pixel level to mitigate variations
caused by viewpoint changes. Some examples are depicted in figure 6.4.

80



6.4. EVALUATION

(a) Before (Pre-Event) (b) After (Post-Event)

Change Captions
1. Some completed houses are lined by the road.
2. Three neatly arranged buildings with paths to the road are built.
3. Several houses are constructed on the bare land on one side of the road.
4. Three houses are built along the road.
5. Three houses show up along the road.

Figure 6.4: Multitemporal images from LEVIR-CC with ground truth change captions.

6.4 Evaluation

Evaluating change paragraphs is difficult for two reasons. The first problem is obtaining a good ground
truth, given the costs in terms of time and effort. There exist datasets containing ground truth annota-
tions, like [158], but in the form of single sentence descriptions, which are very different from our context
of longer and more articulated paragraphs. The second reason is that standard natural language process-
ing (NLP) metrics are designed to evaluate the quality of short sentences. Synonyms, paraphrases, and
rearrangement of words are not taken into consideration by standard metrics, which mainly prioritize
exact word matching over semantic content. Since we aim to extract a description that can take different
syntactic forms, a metric isolating semantics from syntax could be very helpful. For this reason, we
decided to complement standard metrics by proposing a novel LLM-based evaluation method, FMScore,
to evaluate long paragraphs using an exact ”fact” matching evaluation.

We adopt four standard NLP evaluation metrics, namely BLEU, METEOR, CIDEr, and ROUGE-L.
To obtain references on SECOND, we created pseudo-ground-truth paragraphs using ChatGPT, prompt-
ing it to summarize the concatenations of all the questions and answers associated with each pair of
images. It is worth noting that given the particularity of the questions and answers, the resulting para-
graphs are rich in specific words, such as class names or acronyms of the classes. On LEVIR-CC, we used
ground truth change captions as the reference for standard metrics.

6.4.1 LLM-based evaluation - FMScore

To design a general-purpose metric for evaluating change paragraphs, we envisioned a novel strategy that
uses an LLM to indirectly assess the coherence of the generated change descriptions. The hypothesis
is that a good change description should contain references to all the changes between the two images
while minimizing the references to spurious changes. Reformulating, given two images, we should aim at
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(a) Before (Pre-Event) (b) After (Post-Event)

Questions Answers
Have the regions of non-vegetated ground surface changed? Yes
Have the regions of buildings changed in the first image? Yes
What is the largest change? Buildings
What is the percentage of changed areas? 60 to 70
Did the regions of water decrease? No
... ...

Summary
The two multitemporal images show changes in different land cover types. The areas of non-
vegetated ground surface, trees, and low vegetation have changed in both images. The areas
of water and playgrounds have remained mostly unchanged. The regions of buildings have
increased in both images, with the largest change in the post-event image. The change pro-
portion of non-vegetated ground surface in the first image is higher than in the post-change
image. The change proportions of trees, low vegetation, and water in the second image are
low.

Figure 6.5: Multitemporal images from SECOND with questions, answers, and summary. (Bottom)
LEVIR-CC dataset samples with ground truth captions.

creating a description that makes it possible to ”deduce” all and only the changes that happened. The
potential of this evaluation method is that it replaces exact word matching with exact ”fact” matching.
We think a technique based on this assumption can provide better insights compared to standard metrics,
especially for long and articulated paragraphs. In the subsequent section, we elaborate on our concept
and provide a comprehensive overview of our metric.

6.5 FMScore (Fact Matching Score)

FMScore is a metric that indirectly measures the quality of a description. First, we formulate the exact
meaning of using an LLM to ”deduce” a fact from a paragraph. The process simulates human text
comprehension, where the reasoner is impersonated by the LLM (Vicuna in our experiments). Having
a change description and a fact, Vicuna is prompted with: ”Here is a a description of some changes:
[change description]. In the description, are there references to the fact that [fact]?” We further instruct
the model to give a short answer, such that the LLM outputs ”yes” or ”no” at the beginning of the
answer. A fact is a basic unit of true information, such as ”A building has been removed in the center of
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the scene”, or ”A new road appears in between houses”.
The answer is analyzed using a simple word-matching rule to assign an affirmative or negative outcome.

We found in all our experiments that using our prompt, the answers always start with ”yes” or ”no”
and are followed by a brief explanation of the choice. We remove sampling during generation to obtain
deterministic responses and avoid run biases. From now on, we refer to a fact as ”covered” by a paragraph
if it is deducible from it.

We then reason on the hypothesis that given a series of ground truth facts, the best description is
the one that covers the majority of those facts. To evaluate a paragraph’s specificity, all possible facts
should be tested. This can be feasible or unfeasible, depending on the scenario. For instance, in the
SECOND dataset, given the finite number of possible classes of change, we can define a finite set of
facts. In contrast, with the LEVIR-CC dataset, formulating negative facts (changes that did not occur)
is impossible. Therefore, we take only the 5 captions as positive facts.

Once we have a list of facts for each image Xi, we can build two vectors, pi ∈ RJ and gi ∈ RJ , where
J is the number of facts for image i. gi is the true matrix, containing the real outcome of each fact,
while pi is the model’s predicted outcome for each fact. To populate pi, we take the generated change
description for image i and use Vicuna to test each fact Fj ∈ [1, J ]. We prompt the model as previously
described and evaluate the answer of the model, which can be positive (”yes”) or negative (”no”). We test
each fact Fj and fill the prediction vector pi,j with +1 if the LLM assigns a positive outcome, otherwise
−1. The ground truth vector gi,j is filled accordingly using the ground truth positive (+1) or negative
(−1) facts. For each fact f , the evaluation can raise three situations:

• True Positive (TP): Fj is positive and the LLM test receives positive outcome (gi,j = 1 and
pi,j = 1).

• False Positive (FP): Fj is negative, and the LLM test receives a positive outcome (gi,j = −1 and
pi,j = 1).

• False Negative (FN): Fj is positive, and the LLM test receives a negative outcome (gi,j = 1 and
pi,j = −1).

We compute sample-level true positive (TPi), false positive (FPi), and false negative (FNi) by aggregating
the results for an image i. For each image i, we can compute precision as pri = TPi

TPi+FPi
, recall as

reci =
TPi

TPi+FNi
and F1 score F1i =

2prireci
pri+reci

. Scores for each image i are averaged over the entire test
set to provide the final FMScore using Equation 6.1.

FMScore =
1

N

N∑
i=1

F1i (6.1)

where N is the total number of images in the test set. The two extremes are:

• 1: The ideal scenario. gi and pi are always identical. Only the true facts can be deduced from the
descriptions.

• 0: The worst scenario. gi is the reciprocal of pi. gi = pi. From the description, the opposite of
each true fact can be deduced.

Generally, a better paragraph should correlate with an increase in FMScore.

6.5.1 Evaluating SECOND dataset

The SECOND dataset comprises semantic change maps for K = 6 classes of objects, yielding F =
K × (K − 1) = 30 possible class changes for each couple of images. We excluded no-change scenarios,
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where the start and end remain in the same class. We build F = 30 facts using the following template:
”a [class 1] area has transformed into a [class 2] area”, where [class 1] and [class 2] are placeholders
for class names. Suppose the j-th element refers to a change from class w to class z. To populate gi,j,
we analyze semantic change maps and assign a value of +1 if this change actually occurred somewhere
inside the image, otherwise −1.

6.5.2 Evaluating LEVIR-CC dataset

The LEVIR-CC dataset includes ground truth captions detailing the changes, with each caption serving
as an individual fact, amounting to 5 facts per image.

We populate each gi with +1 since captions are regarded as changes that occurred between the two
images. Consequently, the precision metric can only be +1 or 0, as the count of false positives is invariably
0.

6.5.3 Score sensitivity to the LLM

FMScore is based on the hypothesis that LLMs can coherently and effectively deduce facts from descrip-
tions. Despite recent advances, with models that excel and sometimes surpass human capabilities in tasks
such as text understanding and paraphrasing, we need to validate this hypothesis to ensure the reliability
and applicability of the metric. In the following, we build a validation pipeline adopting a template-based
approach using the SECOND dataset. For each image i, each of the 30 facts (class changes) is termed

(a) (b)

Figure 6.6: Validation results for Vicuna-13b-v1.5. (a) Validation of Vicuna for different percentages of
true and false changes. (b) Absolute difference between reference f1-scores and Vicuna-derived f1-scores
for different quality template descriptions. The lower, the better.

positive if it happened in image i; otherwise, it is negative. By concatenating different percentages of
positive and negative facts, we can control the quality of the template description. We can generate the
ideal description (100% positives, 0% negatives) and the worst description (100% negatives, 0% positives).
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We generate descriptions of intermediate quality, varying the inclusion of positive and negative facts by
increments of 10%.

We can thus compute the true reference score for each description (indicating the quality) and evaluate
the alignment of our FMScore with this reference. An FMScore always equal to the reference indicates
that the LLM coherently deduces which facts are described in the text. The results of Vicuna-13b-
v1.5 on this task are plotted in Figure 6.6-a. We can see how the reference and our FMScore vary
smoothly and consistently with paragraph quality. On the extremes, we got an FMScore of 0.94 for
the perfect description (reference score 1) and 0.14 for the worst description (reference score 0). Figure
6.6-b depicts the absolute difference between the reference and FMScore across all combinations. Ideally,
perfect alignment with the reference would yield a difference of zero. However, the average difference of
0.06 indicates that while the LLM’s deduction process is generally acceptable, it is not flawless. This
discrepancy might be attributed to the semantic correlation between specific changes. For instance,
changes from ”ground” to ”building” and from ”low vegetation” to ”building” might lead to errors in the
deduction process due to their semantic similarity.

The smooth variation of the FMScore supports the hypothesis that higher-quality paragraphs correlate
with higher results. It is important to note that template descriptions could overestimate the metric’s
performance, as templates are simpler than real descriptions, making deductions more straightforward.
Addressing this limitation is left for future work. Despite this, our analysis validates the hypothesis that
Vicuna-13b-v1.5 can be used to derive our FMScore.

6.6 Results and discussion

In this section, we evaluate and compare the descriptions generated by our three proposed approaches.
We decided to also compare our results to change descriptions obtained using GPT4-v, which is currently
one of the best multi-modal models, although not free.

Table 6.1: Standard metrics scores of descriptions generated with the different approaches on SECOND
and LEVIR-CC. BLEU (B1-4) ∈ [0, 1], METEOR ∈ [0, 1], CIDEr ∈ [0, 10], ROUGE ∈ [0, 1]. Bold entries
represent the best results.

Dataset Approach B1 B2 B3 B4 METEOR CIDEr ROUGE

SECOND

GPT-4 0.24 0.10 0.04 0.02 0.10 0.01 0.18
Otter-direct 0.13 0.06 0.03 0.02 0.06 0.01 0.15
Otter-indirect 0.13 0.05 0.02 0.01 0.06 0.01 0.19
Otter-chat-open 0.28 0.12 0.05 0.03 0.13 0.01 0.22

Otter-chat-template 0.28 0.12 0.05 0.03 0.13 0.01 0.22

LEVIR-CC

GPT-4 0.13 0.07 0.03 0.01 0.12 0.14 0.00
Otter-direct 0.19 0.08 0.02 0.01 0.09 0.20 0.01
Otter-indirect 0.11 0.05 0.01 0.00 0.08 0.13 0.00
Otter-chat-open 0.08 0.04 0.01 0.00 0.09 0.08 0.00

Otter-chat-template 0.09 0.04 0.01 0.00 0.09 0.09 0.00

Table 6.1 presents standard metrics results for the SECOND and LEVIR-CC datasets. The scores
are generally low, indicating that the descriptions rarely match the exact wording of the ground truths.
However, this does not necessarily imply lower paragraph quality, especially for longer and more complex
outputs, as discussed in Section 6.4. On the SECOND dataset, the best results are obtained by Otter-
chat-open and Otter-chat-template, while on LEVIR-CC the best results are obtained by GPT4-v and
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Table 6.2: FMScore of descriptions generated with different approaches on both datasets. Bold entries
represent the best results.

Dataset Approach FMScore

SECOND

GPT-4 0.46
Otter-direct 0.09
Otter-indirect 0.07
Otter-chat-open 0.33

Otter-chat-template 0.35

All Only Change

LEVIR-CC

GPT-4 0.42 0.22
Otter-direct 0.16 0.00
Otter-indirect 0.20 0.01
Otter-chat-open 0.18 0.04

Otter-chat-template 0.16 0.03

Otter-direct. An explanation of this deviation can be that on SECOND, obtaining the final description
by summarizing the dialogue mimics the way in which the synthetic ground truths have been derived,
resulting in more similar outputs.

Table 6.2 breaks down our FMScore for each approach and dataset. On LEVIR-CC, the results are
further dissected considering two sets: all images and only those that exhibit some changes. GPT4-v
achieves the highest scores, with 0.46 on SECOND and 0.42/0.22 on LEVIR-CC. Otter-chat-template
and Otter-chat-open deliver competitive results on SECOND, while less competitive results on LEVIR-
CC. Otter-direct and Otter-indirect yield lower scores on SECOND, indicating that the pre-trained Otter
model is ineffective in directly extracting a change description on remote sensing images. Interestingly,
these two approaches demonstrate better overall performance on the LEVIR-CC dataset. However, when
focusing specifically on the subset of images that contain actual changes, a significant performance drop is
observed. This discrepancy may arise from descriptions that are unrelated to the image content, leading
the LLM to assign negative outcomes to the majority of facts. Consequently, since half of the images
in LEVIR-CC are labeled as depicting no changes, this could result in an inflated FMScore. Observing
the discrepancy in the results of the approaches using dialogue versus the approaches that solve the task
directly, it seems that decomposing this complex task into smaller, more manageable tasks (answering
precise questions) can facilitate the collection of coherent information. Some qualitative results are shown
in Figure 6.11.

6.6.1 Class-wise FMScore breakdown

Figure 6.7 reports a class-wise FMScore breakdown on the SECOND dataset. We assign a change to
a class if it comprises a transition either to or from that particular class. The results indicate that
performance is generally lower for changes associated with water and tree classes. These classes are
particularly challenging to detect in the SECOND dataset due to their representation as small pixel
patches in the images (refer to Figure 6.8), making them susceptible to being obscured by variations in
lighting conditions, seasonality, and other factors. Notably, GPT4-v achieves the highest scores across
all classes. Conversely, Otter-chat and Otter-chat-template demonstrate strong performance in detecting
changes related to building and ground classes but show reduced effectiveness on low vegetation and sports
field. Both Otter-direct and Otter-indirect exhibit uniformly low performance across all classes.
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Figure 6.7: Class-wise FMScore for different approaches.

6.6.2 Effect of different template question sets

In this experiment, we vary the number of questions in the template set and evaluate the resulting
description. We compared the original template set, with a reduced set containing fewer and an increased
set with additional questions. The template sets can be found in Table 6.3 We removed or added
batches of questions covering different concepts to better simulate real-world use cases. The template
sets are reported in the appendix at the end of the chapter. The original template includes questions
exploring changes in buildings and sports fields. The reduced set covers only questions exploring changes
in buildings. The increased set covers questions about buildings, sports fields, and water areas. Results
are depicted in Table 6.4. We observe that the FMScore varies with different templates. On LEVIR-CC,
the score correlates with the number of questions in the template: the template with the highest number
of questions achieves the highest FMScore. Conversely, the reduced set achieves the best score on the
SECOND dataset.

Given our knowledge of the possible classes of changes on SECOND, we conducted another experiment
to dissect class-wise performance using each template set. The results were more distinct and are depicted
in Figure 6.9. For Example, in the water class, the extended set of questions showed greater performance
due to the inclusion of questions exploring that concept. In contrast, the reduced set of questions failed to
pick changes in the sports field class, primarily because it lacked questions related to that concept. The
other classes exhibited trends consistent with the questions in the template sets, validating that defining
a set of template questions can effectively direct the exploration of specific concepts.

6.6.3 Effect of automatic guidance prompts in Otter-chat

To further evaluate Vicuna’s capability to autonomously generate questions pertinent to user interests,
we conducted a test by explicitly guiding the LLM in formulating questions. This approach aims to
alleviate the manual effort required to create template questions. By incorporating an ”Intention” prompt
(Table 6.6) alongside the ”First question” prompt in Otter-chat, we can guide the LLM in producing
questions. We explored two scenarios, simulating two different user intentions: the first directs the
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Figure 6.8: Average % of image area covered by class-wise changes.

Figure 6.9: Class-wise FMScore of Otter-chat-template using different sets of template questions on the
SECOND dataset.

model to focus on changes related to buildings, while the second on changes related to buildings and
sports fields. The outcomes, presented in Table 6.5, indicate that on SECOND, the highest performance
was achieved without additional guidance. Conversely, on LEVIR-CC, the best results were obtained
with explicit guidance towards changes concerning buildings. A detailed class-wise performance analysis,
depicted in Figure 6.10, reveals the impact of guidance on specific classes. Notably, the prompt directing
Vicuna to generate questions about buildings and sports fields yielded the highest score for the class
”sports fields,” demonstrating successful adherence to the guidance. Regarding the class ”water,” the
performance declined under explicit guidance towards buildings and sports fields, indicating a successfully
narrowed focus on the specified classes.
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Table 6.3: Comparison of original, reduced, and increased checklists.

Original Reduced Increased

- Have there been any changes
in the appearance of buildings
between the two images?

- Have there been any changes
in the appearance of buildings
between the two images?

- Have there been any changes
in the appearance of buildings
between the two images?

- Are there any signs of dam-
age to the buildings between
the two images?

- Are there any signs of dam-
age to the buildings between
the two images?

- Are there any signs of dam-
age to the buildings between
the two images?

- Have new buildings been con-
structed in the area?

- Have new buildings been con-
structed in the area?

- Have new buildings been con-
structed in the area?

- Have buildings been removed
between the two images?

- Have buildings been removed
between the two images?

- Have buildings been removed
between the two images?

- Have parts been added to the
existing buildings between the
two images?

- Have parts been added to the
existing buildings between the
two images?

- Have parts been added to the
existing buildings between the
two images?

- Are there signs of new con-
struction sites in the area?

- Are there signs of new con-
struction sites in the area?

- Have new playgrounds ap-
peared in the area?

- Have new playgrounds ap-
peared in the area?

- Have there been any changes
in the appearance of play-
grounds between the two im-
ages?

- Have there been any changes
in the appearance of play-
grounds between the two im-
ages?

- Have playgrounds been re-
moved between the two images?

- Have playgrounds been re-
moved between the two images?

- Are there any signs of damage
to the playgrounds between the
two images?

- Are there any signs of damage
to the playgrounds between the
two images?
- Have new water bodies ap-
peared in the area?
- If there are water bodies, have
they changed in size between
the two images?
- Have water bodies disap-
peared from the first to the sec-
ond image?

These findings validate the effectiveness of using a broad guidance prompt to steer Vicuna, thus
significantly reducing the burden of creating template questions. This method allows potential users to
provide general instructions, enabling the LLM to autonomously generate relevant questions.

6.6.4 Visual results of LLM’s ability to ”deduce” facts

Another significant aspect of our analysis is the evaluation of LLMs’ ability to detect the presence of facts
within paragraphs. We expanded our analysis by including visual examples of this ability, incorporating
two examples using GPT-3.5 as the LLM for fact deduction. Visual results are illustrated in Figures 6.12
and 6.13. The figures include a matrix on the left side, which depicts the ground truth changes between
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Table 6.4: FMScore obtained using different sets of template questions. Higher is better.

Dataset FMScore

Original Reduced Extended

SECOND 0.32 0.34 0.32

Original Reduced Extended

LEVIR-CC 0.16 0.13 0.18

Table 6.5: FMScore obtained using different guiding prompts in Otter-chat-open. Bold entries represent
the best results.

Dataset Guiding Prompt FMScore

SECOND
- 0.33
I am only interested in changes
related to buildings.

0.31

I am only interested in changes
related to buildings and sports
fields

0.27

LEVIR-CC
- 0.18
I am only interested in changes
related to buildings.

0.21

I am only interested in changes
related to buildings and sports
fields

0.20

Figure 6.10: Class-wise FMScore of Otter-chat using different Intention Prompts on the SECOND dataset.
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two images. In this matrix, yellow squares indicate that somewhere in the image, there is a transition
from the class on the x axis to the class on the y axis (positive fact). Violet squares signify the absence
of such change (negative fact). Each row represents a class in image X1, and each column corresponds
to a class in image X2. For instance, a yellow entry at position (1, 4) indicates that the fact ”a ground
area has transformed into a building area.” is positive for that image. As a further example, in Figure
6.12, the following changes are observed between the images:

• A ground area has transformed into a low vegetation area.

• A ground area has transformed into a building area.

• A low vegetation area has transformed into a ground area.

• A low vegetation area has transformed into a building area.

In our analysis, we tested the deduction of each fact from the generated paragraph using both Vicuna and
GPT-3.5 and calculated their respective FMScore. For instance, the description generated by GPT-4v,
as illustrated in Figure 6.12, received from Vicuna a positive outcome for all and only the true facts,
resulting in an FMScore score of 1. A manual inspection of the text reveals that most decisions are well-
supported by the description, except for the change from ground to low vegetation. The evaluation using
GPT-3.5 indicates a more conservative behavior. The model detects fewer changes yet demonstrates
greater precision. Specifically, all the changes identified by the model are supported by the description.
The sentence ”some vegetation appears to have grown significantly between the two images” highlights
a key difference in interpretation between Vicuna and GPT-3.5. Vicuna interprets this sentence as
indicating a change from ground to low vegetation, while GPT-3.5 does not recognize this change. Despite
the reasonableness of assigning the presence of this class of change based on the sentence, GPT-3.5
adopts a stricter evaluative approach, requiring more explicit statements to confirm the presence of facts.
Nonetheless, GPT-3.5 is not flawless, as evidenced by its incorrect identification of a change from ground
to sports field in the text generated by Otter-direct, as shown in Figure 6.13.

6.7 Conclusion

This chapter proposes, develops, and analyzes three novel approaches for generating remote sensing
change descriptions using pre-trained large language and multi-modal models (LLMs and VLMs). We
provide a thorough motivation for our methodological choices, detailing the strengths and weaknesses of
each approach. Additionally, we introduce and validate a new evaluation criterion called Fact Matching
Score (FMScore). This criterion leverages a large language model to deduce the presence or absence of
references to factual information inside a description, framing its coherence as how many real ”facts”
can be deduced from its contents. We report quantitative and qualitative results of our three approaches
on two remote sensing datasets: SECOND and LEVIR-CC. We expanded our evaluation by including
GPT4-v generated change descriptions as a comparison. Our findings demonstrate that while GPT-
4V sets a strong baseline, our proposed approaches achieve competitive results. Notably, our methods
are open source and can be seamlessly integrated with more specialized and robust large language and
multi-modal models to enhance performance.
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Table 6.6: Prompts used in our approaches

Approach Subtask Model Prompt

Direct - Otter Describe the changes between these two views of
the same area at different times. Describe only the
changes, if there are no noticeable changes, mention it
accordingly.

Indirect
Description Otter Describe in detail this satellite image.
Extraction Vicuna I have two descriptions of two satellite images. Based

on the two descriptions, create a paragraph summariz-
ing the main changes that you deduce. Do not describe
what is in each image but just changes. If there are no
significant changes, just say that. Description 1: - text-
. Description 2: -text-. Changes:

Chat-open

First question Vicuna I am interested in knowing which changes happened
between two satellite images of the same area acquired
at different times. I can look at the two images and
answer your questions one by one. You must produce
questions focused on structural changes in the area lay-
out. It must be possible to answer the questions just
by looking at the rgb images. First question:

Intention Vicuna I am only interested in changes related to . . .
Next question Vicuna Next question:
Answer Otter Answer the question. If you are unsure on the answer,

say you don’t know.
Summarization Vicuna This dialogue is about possible changes between two

satellite images. Summarize it creating a descrip-
tive paragraph of the changes happened. The para-
graph should not mention that the information is taken
from the dialogue, it must be just a description of the
changes as it would be by looking at the images.

Chat-
template

Summarization Vicuna This dialogue is about possible changes between two
satellite images. Summarize it creating a descrip-
tive paragraph of the changes happened. The para-
graph should not mention that the information is taken
from the dialogue, it must be just a description of the
changes as it would be by looking at the images.

GPT4-v - GPT4-v I’m a user interested in textual descriptions of the
changes occurred between two satellite images and you
are an assistant that can help me in this task. I will
upload both images together in the prompt. You must
directly describe the changes between them without re-
lying on additional tools. I’m interested in structural
changes (for Example the construction of a new build-
ing, changes in land use, and others that are pertinent
to remote sensing). You must avoid to describe changes
that are related to the image acquisition or seasonality.
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OTTER- DIRECT
The changes between the two views are minimal and
mostly confined to the edges of the image. In the
first image, there are several parked cars along
the street , but no cars are moving. In contrast ,
the second image features cars moving on the
street ; it seems to be a different time of day or
a different day altogether

OTTER- INDIRECT
There are no significant changes between the two
satellite images. Both images show a residential
area, with houses and possibly a fence . However,
while the first image has a person standing next
to a fence in the foreground, the second image
has several cars parked along the street in the
foreground.

OTTER- CHAT
Upon comparing the two satellite images, several
notable changes can be observed in the area. In
the second image, new buildings have been
constructed , including a large structure that
appears to be a shopping center . Additionally , a
new road has been built , connecting two previously
separate sections of the city . Several new parking
lots and garages have also been added, suggesting
increased commercial activity in the area.
Finally , there appear to be new trees and
landscaping throughout the area, likely
contributing to a more visually appealing
environment. Overall , these changes suggest a
growing and developing community.

OTTER- CHAT-TEMPLATE
Looking at the two satellite images side - by- side ,
it is evident that there have been several
changes in the area between the two dates . In the
later image, there are more buildings and
structures visible compared to the earlier image.
Additionally , there is a new building visible in
the right half of the image, which was not
present in the earlier image. Moreover, the
parking lot and road layout seem to have changed
slightly . Another noticeable difference is the
presence of a small building in the left half of
the image, which was not present before . Lastly ,
there seems to be a new residential complex in
the center of the image, which was also absent in
the earlier image.

GPT4- v
Looking at the second image, a significant urban
development is observed where a large area of
vegetation has been removed to make way for
residential or commercial buildings . along with
the construction of these new structures ,
additional roads have been established , carving
through what was once a green space to create a
structured urban grid . this development has led to
an increase in the density of buildings , expanding
the urban area and creating a defined boundary
where before it was more irregular and
interspersed with natural vegetation

OTTER- DIRECT
In the first image, there is a bridge crossing a
river near a forest . In the second image, the same
bridge is still visible , but the surroundings have
changed. There is now a road near the river , and
the forest has been cleared . This indicates that
there might have been development or changes in
the area in the time between the two images.

OTTER-INDIRECT
The two satellite images show different
locations . Image 1 shows a city street lined with
houses and cars , while Image 2 shows a close - up
view of a building with multiple rooms, possibly
a house or a small apartment building . There are
also more people and objects present in Image 2,
including a bench in the middle of the scene.

OTTER- CHAT
The two satellite images show a residential area,
with a sidewalk and streetlight pole visible in
both pictures . While the general layout of the
area remains consistent , there are several subtle
changes between the two images. The most
noticeable difference is the absence of a wooden
bench in the second image. Additionally , the
position of the streetlight pole seems to remain
unchanged. In terms of the environment, the trees
in the background appear to be the same in both
images, although their exact appearance is not
specified . Finally , while the first image captures
a car passing behind the camera, the second image
does not seem to show any cars in the vicinity ,
indicating a potential change in vehicle traffic
or parking habits .

OTTER-CHAT-TEMPLATE
Upon comparing the two satellite images, several
notable changes can be observed. In the second
image, a new building seems to have been
constructed near the waterfront . Additionally ,
what appears to be a parking garage has been
built in the same location . On the other hand,
some buildings that were present in the first
image are no longer visible in the second image,
suggesting they may have been demolished or
removed. Furthermore, there is a noticeable
change in the appearance of the waterfront
itself , which now features a wider promenade and
possibly renovated seating areas . Lastly , while
the playgrounds remain in the same location ,
there are indications of new construction nearby
in both images. Overall , the area appears to have
undergone significant development and
infrastructure changes.

GPT4- v
The most striking change as the area transitions
from the first to the second image is the
realignment of the railway tracks , which now take
a more direct , straighter path compared to the
previous curved route . This alteration likely
enhances the efficiency of the transportation
network. Adjacent to these tracks , there has been
an expansion of the industrial facilities ,
indicated by the construction activity in
progress . The completion of a large blue - roofed
building at the bottom enhances the industrial
skyline . Furthermore, the green belt along the top
of the image has thickened , suggesting either
natural growth over time or deliberate efforts to
bolster the area' s vegetation .

OTTER- DIRECT
The angle, or posture , of a photograph taken at
X: 223 Y: 167 is different from the second
photograph, indicating a change.

OTTER- INDIRECT
There are no significant changes between the two
satellite images described . Both images depict a
rooftop garden.

OTTER- CHAT
Upon comparing the two satellite images, several
notable changes can be observed in the area.
Firstly , a new building has been constructed in
the center of the images, which was not present in
the earlier image. Additionally , the parking lot
adjacent to the new building has also been
expanded. Furthermore, some of the trees around
the perimeter of the park have been cut down,
while others have grown significantly taller .
Finally , there have been some changes to the road
network in the area, including the addition of a
new roundabout near the park entrance .

OTTER- CHAT- TEMPLATE
Between the two satellite images, several changes
can be observed. In the second image, a new
building can be seen, while the building on the
left side of the first image is missing .
Additionally , the sports field appears to have
been removed. Some vegetation growth can also be
noticed near the building in the second image.
Finally , a new construction site can be seen in
the second image.

GPT4- v
In the second image, a well - developed residential
area appears where there was previously an
undeveloped, barren land in the first image.
Multiple houses have been constructed , complete
with roadways that define the street layouts .
Driveways and parking spaces are also visible
along with several vehicles parked on the newly
constructed roads. The transformation from an
empty plot to a developed residential neighborhood
is prominent.

OTTER- DIRECT
I backlit an outdoor greenhouse and captured a 
snapshot of it during a daytime scene .

OTTER- INDIRECT
No significant changes can be deduced from the
descriptions as both descriptions indicate that
the same rooftop garden is being described , which
remains consistent over time.

OTTER- CHAT
Between the two satellite images, several changes
can be observed in the area. The most significant
change is the construction of a new building in
the center of the image. Additionally , the parking
lot near the building has been expanded, and the
surrounding vegetation appears to have grown
significantly . There are also some minor changes
in the road network, including the addition of a
roundabout and modifications to the road leading
to the building . Lastly , there is a noticeable
shift in the position of the sun, indicating that
the images were taken at different times of the
day.

OTTER- CHAT- TEMPLATE
Upon comparing the two satellite images, several
changes can be observed. In the second image,
there is a newly built structure located at the
edge of the parking lot , while some trees have
also been planted . Additionally , the baseball
diamond appears to have been reconstructed with
new dugouts and a new infield . The outfield fence
has also been realigned further away from home
plate . However, it appears that the tennis courts
have been removed and replaced with what looks
like a new multi - use court . The track surrounding
the football / soccer field has also been repaved
and the field itself has been resurfaced .
Furthermore, a new access road has been
constructed , which now leads to a new building
that was not present before .

GPT4- v
In the second image, a significant transformation
can be observed. A new, wider road or path has
been constructed , taking over one of the less -
defined tracks present in the first image.
Additionally , a building or structure has been
added in the bottom right corner , which was not
present in the initial image.

Figure 6.11: Qualitative results on SECOND (top) and LEVIR-CC (bottom).
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F1_score=0.00

GPT4- v
Upon observing the transition
from the first to the second
image, it ' s apparent that
development has progressed in
the area . newly built
structures have emerged on the
once vacant land to the left of
the main road. These buildings
appear to be part of an
expansion of the industrial
zone adjacent to them. The
vehicular presence along the
road has varied , reflecting the
different moments captured by
the images. Toward the bottom
of the images, what was
previously bare land is now
showing signs of development or
alteration , with the land
appearing darker and perhaps
being prepared for a new
construction or use in the
second image. The buildings on
the right have reached
completion and the surrounding
area looks more established ,
indicating the area has
undergone continued
development. Vegetation or land
use dynamics seem to have
changed slightly in the top
left corner , and the differing
shadows suggest a difference in
the time of day when each photo
was taken .

OTTER- DIRECT
The first image shows a crowded
street with numerous cars parked
along the side , and a truck on
the road. The second image,
captured some time later , shows
an empty parking lot with fewer
vehicles and a smaller truck

OTTER-INDIRECT
There are more cars visible in
the second description than in
the first , indicating possible
growth in the number of
households or increase in car
ownership in the area . The
presence of a manhole in both
descriptions suggests that the
infrastructure has remained
relatively unchanged. However,
the specific location of the
manhole differs between the two
descriptions , which may suggest
minor changes in the layout of
the street or the surrounding
environment. Overall , the two
descriptions capture similar
residential areas , but the second
description provides a broader
view of the neighborhood,
highlighting its hilly terrain
and the parked cars .

OTTER- CHAT
Comparing the two satellite
images, several noticeable
changes have occurred in the
area . One of the most significant
changes is the addition of a
large building complex in the
center of the image, which was
not present in the earlier
photograph. Several smaller
buildings and structures have
also been built around the area ,
indicating a considerable
increase in urbanization . Some
areas that were previously
covered in trees and vegetation
appear to have been cleared for
construction purposes. New roads
and pathways have been
constructed , connecting different
parts of the area , while some
existing ones have been modified .
Additionally , a few small bodies
of water present in the earlier
image have changed in size and
shape. Overall , the landscape has
transformed from a predominantly
rural and natural setting to a
more urbanized and developed one.

OTTER- CHAT- TEMPLATE
Upon comparing the two satellite
images, several noticeable
changes can be observed. In the
second image, a new hotel has
been constructed near the
coastline , which was not present
in the earlier image.
Additionally , a parking lot has
been built adjacent to the
hotel . Furthermore , there have
been some minor changes in the
layout of the road network, with
the addition of a roundabout at
the intersection of two roads .
However, the overall structure
and appearance of the buildings
and infrastructure remain
consistent in both images.

Image 1

Image 2

GT matrix

Predicted matrices

F1_score=1.00 F1_score=0.00 F1_score=0.55 F1_score=0.40

CLASS LEGEND:

0. Water
1. Ground
2. Low_vegetation
3. Tree
4. Building
5. Sports _field

F1_score=0.00

Image 1

Image 2

GT matrix

Predicted matrices

F1_score=0.66 F1_score=0.00 F1_score=0.50 F1_score=0.00

CLASS LEGEND:

0. Water
1. Ground
2. Low_vegetation
3. Tree
4. Building
5. Sports _field

GPT4- v
Upon observing the transition
from the first to the second
image, it ' s apparent that
development has progressed in
the area . newly built
structures have emerged on the
once vacant land to the left of
the main road. These buildings
appear to be part of an
expansion of the industrial
zone adjacent to them. The
vehicular presence along the
road has varied , reflecting the
different moments captured by
the images. Toward the bottom
of the images, what was
previously bare land is now
showing signs of development or
alteration , with the land
appearing darker and perhaps
being prepared for a new
construction or use in the
second image. The buildings on
the right have reached
completion and the surrounding
area looks more established ,
indicating the area has
undergone continued
development. Vegetation or land
use dynamics seem to have
changed slightly in the top
left corner , and the differing
shadows suggest a difference in
the time of day when each photo
was taken .

OTTER- DIRECT
The first image shows a crowded
street with numerous cars parked
along the side , and a truck on
the road. The second image,
captured some time later , shows
an empty parking lot with fewer
vehicles and a smaller truck

OTTER- INDIRECT
There are more cars visible in
the second description than in
the first , indicating possible
growth in the number of
households or increase in car
ownership in the area . The
presence of a manhole in both
descriptions suggests that the
infrastructure has remained
relatively unchanged. However,
the specific location of the
manhole differs between the two
descriptions , which may suggest
minor changes in the layout of
the street or the surrounding
environment. Overall , the two
descriptions capture similar
residential areas , but the second
description provides a broader
view of the neighborhood,
highlighting its hilly terrain
and the parked cars .

OTTER- CHAT
Comparing the two satellite
images, several noticeable
changes have occurred in the
area . One of the most significant
changes is the addition of a
large building complex in the
center of the image, which was
not present in the earlier
photograph. Several smaller
buildings and structures have
also been built around the area ,
indicating a considerable
increase in urbanization . Some
areas that were previously
covered in trees and vegetation
appear to have been cleared for
construction purposes. New roads
and pathways have been
constructed , connecting different
parts of the area , while some
existing ones have been modified .
Additionally , a few small bodies
of water present in the earlier
image have changed in size and
shape. Overall , the landscape has
transformed from a predominantly
rural and natural setting to a
more urbanized and developed one.

OTTER- CHAT- TEMPLATE
Upon comparing the two satellite
images, several noticeable
changes can be observed. In the
second image, a new hotel has
been constructed near the
coastline , which was not present
in the earlier image.
Additionally , a parking lot has
been built adjacent to the
hotel . Furthermore , there have
been some minor changes in the
layout of the road network, with
the addition of a roundabout at
the intersection of two roads .
However, the overall structure
and appearance of the buildings
and infrastructure remain
consistent in both images.

Figure 6.12: Manual verification of fact presence evaluation by Vicuna 13B (top) and GPT-3.5 (bottom).
Green: correct passages. Red: wrong passages. Yellow: borderline passages. In matrices, we manually
inspect the paragraphs and mark with green, yellow, and red the correct, halfway correct, or wrong
deduction of each (fact), respectively.
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F1_score=0.00

GPT4- v
In the interval between the
first and second images, the
central building complex has
been expanded, with an
additional section to its left
and a new structure to the
right . The sports facilities
have undergone an upgrade, with
the courts ' surfaces changing
to a green color . Development
in the lower right of the image
has turned an open dirt area
into a more functional space ,
either through construction or
paving . Additionally , the
greener appearance of the
surrounding trees and shrubbery
indicates that the vegetation
has become more lush , which
enhances the aesthetic of the
area .

OTTER- DIRECT
The two views depict the same
vicinity during different times ,
which could be interpreted as a
day and night scenario . As a
night - time street , it appears
quieter and darker with closed
shops and fewer people around.
The view of the building with a
basketball court , green grass ,
and a baseball field is more
visible in the daytime ,
revealing a more vibrant
atmosphere with people engaging
in outdoor activities on the
field . The presence of cars on
the road highlights active
daytime traffic around the area .

OTTER- INDIRECT
The first description depicts a
residential area with a person
standing on the sidewalk , while
the second description describes
a city street with a row of
buildings and chairs arranged on
the sidewalk , resembling an
outdoor cafe . The presence of
trees , greenery , and a bench
suggest a more peaceful and
serene atmosphere in the first
description , while the second
description highlights a more
bustling and urban environment
with a diverse array of chairs on
the sidewalk .

OTTER- CHAT
Upon comparing the two satellite
images, several notable changes
can be observed. In the first
image, a car is parked near the
edge of the image, while in the
second image, there are multiple
cars parked in the same location .
Additionally , a building appears
to have been constructed between
the two images, as it is absent
in the first image but clearly
visible in the second. Finally ,
some vegetation appears to have
grown significantly between the
two images, particularly in the
grassy area .

OTTER- CHAT- TEMPLATE
Comparing the two satellite
images, several noticeable
changes can be observed. In the
second image, new buildings have
been constructed in the area ,
including a large commercial
complex and several residential
buildings . Additionally , a new
road has been built , connecting
the area to a main highway. Some
of the existing buildings seem
to have undergone renovations or
expansions . However, some
buildings also seem to be
abandoned or in a state of
disrepair . Moreover, the parking
lot adjacent to the commercial
complex has been expanded. The
playground near the buildings
has been updated with new
equipment, while another
playground has been completely
removed. Finally , the vegetation
around the area appears to be
healthier in the second image
compared to the first one.

Image 1

Image 2

GT matrix

Predicted matrices

F1_score=0.00 F1_score=0.00 F1_score=0.8 F1_score=0.40

CLASS LEGEND:

0. Water
1. Ground
2. Low_vegetation
3. Tree
4. Building
5. Sports _field

F1_score=0.00

Image 1

Image 2

GT matrix

Predicted matrices

F1_score=0.00 F1_score=0.00 F1_score=0.50 F1_score=0.50

CLASS LEGEND:

0. Water
1. Ground
2. Low_vegetation
3. Tree
4. Building
5. Sports _field
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GPT4- v
In the interval between the
first and second images, the
central building complex has
been expanded, with an
additional section to its left
and a new structure to the
right . The sports facilities
have undergone an upgrade, with
the courts ' surfaces changing
to a green color . Development
in the lower right of the image
has turned an open dirt area
into a more functional space ,
either through construction or
paving . Additionally , the
greener appearance of the
surrounding trees and shrubbery
indicates that the vegetation
has become more lush , which
enhances the aesthetic of the
area .

OTTER- DIRECT
The two views depict the same
vicinity during different times ,
which could be interpreted as a
day and night scenario . As a
night - time street , it appears
quieter and darker with closed
shops and fewer people around.
The view of the building with a
basketball court , green grass ,
and a baseball field is more
visible in the daytime ,
revealing a more vibrant
atmosphere with people engaging
in outdoor activities on the
field . The presence of cars on
the road highlights active
daytime traffic around the area .

OTTER-INDIRECT
The first description depicts a
residential area with a person
standing on the sidewalk , while
the second description describes
a city street with a row of
buildings and chairs arranged on
the sidewalk , resembling an
outdoor cafe . The presence of
trees , greenery , and a bench
suggest a more peaceful and
serene atmosphere in the first
description , while the second
description highlights a more
bustling and urban environment
with a diverse array of chairs on
the sidewalk .

OTTER- CHAT
Upon comparing the two satellite
images, several notable changes
can be observed. In the first
image, a car is parked near the
edge of the image, while in the
second image, there are multiple
cars parked in the same location .
Additionally , a building appears
to have been constructed between
the two images, as it is absent
in the first image but clearly
visible in the second. Finally ,
some vegetation appears to have
grown significantly between the
two images, particularly in the
grassy area .

OTTER- CHAT- TEMPLATE
Comparing the two satellite
images, several noticeable
changes can be observed. In the
second image, new buildings have
been constructed in the area ,
including a large commercial
complex and several residential
buildings . Additionally , a new
road has been built , connecting
the area to a main highway. Some
of the existing buildings seem
to have undergone renovations or
expansions . However, some
buildings also seem to be
abandoned or in a state of
disrepair . Moreover, the parking
lot adjacent to the commercial
complex has been expanded. The
playground near the buildings
has been updated with new
equipment, while another
playground has been completely
removed. Finally , the vegetation
around the area appears to be
healthier in the second image
compared to the first one.

Figure 6.13: Manual verification of fact presence evaluation by Vicuna 13B (top) and GPT-3.5 (bottom).
Green: correct passages. Red: wrong passages. Yellow: borderline passages. In matrices, we manually
inspect the paragraphs and mark with green, yellow, and red the correct, halfway correct, or wrong
deduction of each (fact), respectively.
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Chapter 7

Exploring the use of Ancillary
Geographic Information to Enrich
Captions

Based on work in progress.

7.1 Introduction

In Chapter 3, we investigated visual dialogue to enrich the descriptiveness of remote-sensing image de-
scriptions. The idea was to mine for further information that can be deduced by looking at the image
contents. This paradigm can incorporate general information that is not specific to the current scene but
is broadly applicable to any scene with similar visual characteristics. In this context, we think that a
useful property lies in the ability of a captioning model, or a visual assistant in general, to add specific
information that is valid only for the scene we are looking at. For example, wouldn’t it be useful to
have a system that can report the name and purpose of a building in an image or direct a user to useful
information regarding a monument inside a particular scene? This information is not inferrable if you
only look at the image; something else is needed.

Geographic databases are geo-referenced spatial databases used for storing and manipulating infor-
mation on geographic features (i.e., data associated with a location on Earth). One prominent example is
OpenStreetMap (OSM), an open-source effort to build a comprehensive and complete world map. OSM
contains information about many geographic features, such as buildings, roads, hospitals, schools, stadi-
ums, etc. Merging the visual ability with the ability to understand information about geographic features
could help build assistants that can answer with more coherence and more details about the contents of
an image. The only relevant work we found in this area is [168]. The authors utilize OpenStreetMap data
to create captions incorporating specific scene details based on the geographical context. These captions
are brief and focus on elements in close proximity to the scene, which is captured from a ground-level
perspective. Nonetheless, their work highlights the potential of integrating GIS data into remote sens-
ing applications, generating captions that offer valuable insights into the image’s location and nearby
features.

On the same line, we want to test the possibility of using OSM data to provide more grounded detail
for images captured from an aerial perspective. Furthermore, unlike the authors of [168], we want to add
specific details only to geographic features inside the scene.
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7.2. OPENSTREETMAP DATA

The primary focus is generating a dataset of triplets (image, OpenStreetMap data, description). To
evaluate if the system can produce richer captions, two types of descriptions are required: one that
provides general information and another that offers targeted details specific to the scene based on
its geographic features. Secondly, data integration: developing a deep-learning model to process the
image and additional geographic data for inference is complex. Moreover, images might contain varying
geographic features in different quantities, requiring the model to adapt to these variations. This chapter
explores initial approaches to integrating geographic information into a remote-sensing image captioning
pipeline. Drawing inspiration from the extensive and freely accessible textual data in OpenStreetMap,
which covers thousands of geographic features, we propose that a system capable of understanding and
presenting this information in an integrated manner would enhance the user experience, providing more
accurate and grounded responses.

7.2 OpenStreetMap data

The OpenStreetMap database is an open-source effort to map the world. In OSM, users can map thou-
sands of features, from parks to lakes, ponds, streets, houses, museums, stadiums, etc. OpenStreetMap
comprises three basic geographical features: nodes, ways, and relations. Nodes (also called point features)
represent individual points in space defined by their latitude and longitude. For example, a park bench
or a water well can be mapped using nodes. Ways are collections of nodes and can be either open or
closed. Open ways generally represent roads or rivers, while close ways form areas representing parks,
buildings, residential areas, etc. Finally, relations define complex relationships between multiple nodes,
ways, and other relations. An example is the definition of a trail as the union of multiple roads (ways).
Each geographic feature carries its latitude, longitude position, and a list of textual tags. The tags are
used to define the properties of the feature.

Examples of images with the corresponding geographic features from OSM are provided in Figure 7.1.
Every feature represents an ”object” inside the image. Tags are stored as key:value pairs. Since users
have the flexibility to define custom keys and values, there is no strict regulation. However, over time,
a standard has been established to regulate tagging. Today, a wiki detailing best tagging practices is
available online, ensuring that similar objects (e.g., buildings) are typically tagged with the same root
tag (e.g., building=yes). Looking at the example in Figure 7.1, we can see the tag ”landuse:industrial”.
This likely represents the area on the bottom right, specifying that it is an industrial site. We can also
see that OSM tags point to the presence of a railway, which is not readily identifiable by looking at the
image. Also, from the example, we can see how different scenes can be defined by different amounts of
additional OSM information, highlighting the need for a system that can robustly handle shifts in the
amount and type of tags related to geographical features.

7.3 Dataset

We collected a dataset of 1568 images with additional data about geographic features within the image
from OpenStreetMap. We restricted our focus to high-resolution images to reference and describe objects
with high detail. We used images acquired from the United States of America for two main reasons. First,
the NAIP1 program provides free high-resolution remote sensing imagery over many USA countries, with
a ground resolution of 0.6 meters/pixel. Second, the USA is well-mapped in OpenStreetMap, providing
a fertile ground for our exploration.

1https://naip-usdaonline.hub.arcgis.com/
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{crossing:barrier: no, railway: level_crossing, posi�on: center right} 
{building: yes, posi�on: top right} 
{building: yes, building:levels: 1, posi�on: top right}
{landuse: industrial, posi�on: top right} 
{building: yes, posi�on: bo�om right}
{building: yes, posi�on:bo�om right} 
{natural: water, water: pond, posi�on: center}
{highway: unclassified, maxspeed: 25 mph, maxweight: 10 st, surface: asphalt, 
posi�on: from top right to top center} 
{electrified: no, gauge: 1435, railway: rail, usage: branch, posi�on: from top
le� to center right} 
{highway: service, posi�on: top center} 
{highway: service, posi�on:top center} 
{highway: service, posi�on: fromtop center to top right}

{'leisure': 'golf_course', 'name': 'Cimarron Golf Club', 'posi�on': 'bo�om right'}

Figure 7.1: Two images captured over the USA, paired with geographic feature tags sourced from Open-
StreetMap. In the top image, a water feature in the center is labeled as a pond. The bottom image shows
a golf course on the right, with the name in the tags. OSM data is crucial for identifying its presence for
certain features, like the railway in the top image. Similarly, the golf course in the bottom image, which
mostly lies outside the view, is not easily recognizable from the image alone.

7.3.1 Data Collection

To build our dataset, we proceeded in two steps: first, we identified a list of states from which to collect
data, depicted in Table 7.1. The choice of states is arbitrary, and we tried to collect images from different
states to avoid biases due to weather conditions. Secondly, we identify a list of geographic features of
interest, depicted in Table 7.2, to limit scene variability and ensure that specific features are covered in
the dataset. The data collection process is carried out identically for each USA state. First, we divide the
large image tiles from NAIP into a uniform grid of cells of dimension 256×256 meters. Then, we randomly
select cells and use their coordinates to interrogate OSM to retrieve the list of geographic features inside
the scene. We verify if at least one geographic feature is included in the list of features of interest. If
the answer is affirmative, we download the corresponding image and resize it to 512 × 512 pixels. We
scrape information from OSM about all the features within the scene, restricting to ”nodes” and ”ways”
geographic features. We decided to avoid ”relations” features as they are more complex to model and
leave their exploration as a future endeavor. With this step we collect 1568 images with corresponding
OSM data, distributed according to Figure 7.2.
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Table 7.1: List of States

No. State No. State

1 Idaho 2 Georgia
3 Florida 4 Delaware
5 Connecticut 6 Colorado
7 Arkansas 8 Arizona
9 Alabama 10 Illinois
11 Indiana 12 Iowa
13 Kansas

Table 7.2: List of geographical features of interest used to scrape images for our dataset.

Key Value Key Value

building stadium leisure golf course

military bunker sport baseball

amenity place of worship landuse forest

highway service amenity bank

aeroway aerodrome highway trunk

natural beach building bunker

amenity parking man made storage tank

natural desert sport basketball

building house natural wood

landuse residential highway primary

waterway river sport golf

amenity restaurant highway motorway

leisure stadium leisure swimming pool

service parking aisle amenity hospital

sport tennis leisure park

building yes highway residential

natural water landuse farmland

7.3.2 Geographic location encoding

Each geographic feature inside OpenStreetMap is linked to its position on the earth, given by a (latitude,
longitude) pair. Node features have only one pair of coordinates, while way features, which are collections
of nodes, have a list of coordinates. We used a set of locations, depicted in Figure 7.3, referring to specific
image regions to convert the raw coordinates into textual locations. In detail, we divide the image
uniformly into nine regions, each assigned to a textual locution specifying its position inside the image.
First, we map world coordinates into image coordinates ((0, 0) is in the top left corner). For node
features, the cell where the feature is located specifies its position locution. For closed ways, we consider
the center of the area as the feature coordinate and use the same process as node features. For open
ways (roads, rivers), we use the start and end node coordinates, describing the position of the feature
using the sentence ”from x to y,” where x is the cell enclosing the start node, and y is the cell enclosing
the end node. Figure 7.1 shows an example of our encoding procedure, where the tags contain our added
key, specifying the position. All these transformations are made on the fly so that the original OSM data
remains untouched and can be leveraged by researchers willing to test other methodologies to embed
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Figure 7.2: Image per state distribution of images in our dataset.

the position. Furthermore, we think more sophisticated integration schemes can leverage the detailed
position information from geographic information systems to further increase the grounding of the visual
information in such systems.

7.3.3 Labeling

We manually label each image with two separate descriptions. The first is a general description of
the image content. The rationale is that the information in the general description must be visually
inferrable by only looking at the image. When generating general annotations, the annotator has access
to the additional OSM data to be more precise and consistent with the annotations, with the explicit
request to avoid inserting details in the description that cannot be readily inferred from the image alone.
When generating the augmented description, the annotator is instructed to insert additional information
specific to the scene, incorporating particular details from the OSM data that cannot be inferred by the
image alone. Some examples of samples in our dataset are depicted in Figure 7.4. Since the general and
augmented descriptions of Figure 7.4 appear different, misleading the reader, we specify that as a data
augmentation strategy, we create 9 additional versions of both descriptions using chatGPT. Specifically,
we input the original description and instruct ChatGPT to create 9 alternative versions that preserve
the original meaning while varying the wording. The same is done for augmented descriptions. This is
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Top le�

Center le�

Bo�om le� Bo�om center

Center

Top Center Top Right

Center Right

Bo�om Right

Figure 7.3: Grid to map feature position from world coordinates (latitude, longitude) to textual locations.

the reason for the different wording of the general and augmented descriptions. However, they keep the
same semantic meaning as the original annotated by us and thus are comparable. In green, some details
of the augmented description are specific to the scene and not inferrable from the visual content. With
text data augmentation, our dataset includes 10 general descriptions and 10 augmented descriptions for
each image.

7.3.4 Text statistics

Our manually labeled dataset has a higher degree of description richness. Our captions thoroughly
describe the scene, the objects’ position, appearance, and relations between them. Besides, the augmented
descriptions also include information from OSM tags, including details that cannot be inferred from the
image alone. As can be seen from the two examples of Figure 7.4, the captions describe each aspect
of the image, including the conditions of the objects (multi-lane asphalted highway, golf course with
manicured lawns and uneven edges), the network of roads, the relative positions between objects (flat-
roofed building with a parking lot in front), and so on. In Table 7.3, we summarize some statistics of our
dataset compared with other datasets in the literature. We can see that in our dataset, every image is
associated with at least one caption that is entirely unique across the dataset. Additionally, thanks to the
data augmentation step using chatGPT to rephrase the descriptions, 60.52% of the general descriptions
contain unique words that do not appear in any other description. This percentage increases to 67.98%
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Figure 7.4: Examples of images with corresponding general and augmented descriptions. Green highlights
details that only appear in OpenStreetMap data.

when analyzing the augmented version of the descriptions. This is primarily due to the inclusion of
specific names of geographic features (names of parks, golf courses, airports, etc.), which are often unique
to a single scene.

7.3.5 Key Filtering

As we saw previously, in OSM a tag is a key:value textual pair specifying some characteristic about
a geographic feature. OSM contains 99 thousands different keys2. This huge variability can prove
problematic for our scope, as it introduces the additional difficulty of handling different types of tags
that can contaminate the input. To reduce this variability, we created a blacklist of allowed keys such
that we can filter out unwanted tags and only keep the most interesting ones. Before key filtering, our
dataset contains 315 different keys. After filtering, we reduce this pool to 66, depicted in Table 7.4. Key
filtering is applied on the fly during training and inference, and it does not affect the original OSM tags
in our dataset, so other researchers can experiment with other strategies.

2https://wiki.openstreetmap.org/wiki/Tags
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Table 7.3: Statistics of some representative datasets for RS image captioning. General: general descrip-
tions in our dataset. Augmented: augmented descriptions in our dataset.

UCM [35] RSICD [36] VRSBench [169] General Augmented

N images 2100 10921 19,805 1,568 1,568
Vocabulary Size 368 3,325 8,387 7,295 7,168
Total Caps 10,500 54,605 19,805 15,680 15,680
Unique Caps 2,032 18,190 19,800 15,629 15,589
% Img w Unique Cap 14.90% 72.96% 99.95% 100.00% 100.00%
% Cap w Unique Words 1.52% 10.43% 12.70% 60.52% 67.98%

Table 7.4: The pool of retained keys.

Retained keys

aerodrome:type aeroway amenity attraction

bicycle parking building building:colour building:material

bunker type construction content country

crop crossing denomination designation

footway generator:method generator:source generator:type

golf healthcare highway historic

industrial intermittent junction landuse

leaf cycle leaf type leisure man made

material memorial military military service

natural operator:type ownership parking

parking space pipeline place plant:method

plant:source playground position power

railway religion service shelter type

shop social facility sport substance

substation support surface swimming pool

tourism tower:type water waterway

wetland wholesale alt name brand

county cuisine name official name

old name operator

7.4 Preliminary Exploration

7.4.1 Architecture

To analyze the potential to generate enriched captions with additional OSM tag information, we adopted
an encoder-decoder architecture, where a vision transformer image encoder maps an imageX to a sequence
of visual embeddings Zx, and a language model decoder generates the target caption conditioned on the
visual information. We designed a dedicated module to accommodate the additional textual data from
OpenStreetMap, treating OSM tags as pure textual metadata. Figure 7.5 depicts the architecture of
our model. In detail, the OSM tags are first filtered with the blacklist. Then, the key-value pairs of
the remaining tags are concatenated in a long textual string, which is tokenized and embedded using
the same vocabulary used for the caption. Furthermore, an object embedding is added to the tokens
of each geographic feature to relate tags with the corresponding geographic features in the attention
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Image Encoder 
RemoteCLIP(ViT-B/32)

LLM (GPT-2)

Visual embeddings

𝑍𝑥𝑝 = [𝑧1

𝑥𝑝
,𝑧2

𝑥𝑝
,…,𝑧𝑁

𝑥𝑝
]

Tokeniza�on and 

Embedding

The image features a straight path separating low , muddy vegetation ..

Projec�on

<BOS> The image features a straight path separating 
low , muddy vegetation ..

Cap�on

Cap�on embeddings
𝑍𝑐  = [𝑧1

𝑐 ,𝑧2
𝑐 ,…,𝑧𝑀

𝑐 ]

Tokeniza�on and

Embedding- natural wetland wetland saltmarsh posi�on center
- natural wetland wetland saltmarsh posi�on center right
- natural beach posi�on top right 

- landuse residen�al posi�on top center
- building house posi�on top center

…

OSM Data

Key filtering

Tokeniza�on and 
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Embedding

OSM embeddings
𝑍𝑜 = [𝑧1

𝑜 ,𝑧2
𝑜 ,…,𝑧𝐾

𝑜 ]

Perceiver Resampler

Perceived embeddings
[𝑝1 ,𝑝2 ,…,𝑝𝐾]

Xa�n layer

Xa�n layer

GPT-2 layer

GPT-2 layer

GPT-2 layer

interleave

Figure 7.5: Overview of our model. The image is processed by a frozen image encoder that converts it
into a set of visual embeddings Zx. The additional data from OSM is filtered, concatenated in a single
text string, tokenized and embedded into Zo. The two sequences are concatenated and processed by a
Perceiver Resampler module, which extracts a fixed set of ”perceived” embeddings Zp, which are used
in cross-attention (Xattn) layers inside the language model to inject visual and OSM information for
caption generation.

modules. Then, the visual embedding of the image and the OSM embeddings are forwarded to a Perceiver
Resampler module, as described in [170]. This module contains a fixed number of learnable embeddings
Zp that interact with the input embeddings through a series of cross-attention layers to condense the
information in the input sequence into a smaller and fixed set of embeddings. The resulting ”perceived”
embeddings Zxp are used inside a frozen language model (GPT-2), where cross-attention (Xattn) layers
are interleaved with standard fixed layers. Cross-attention layers are initialized with the fixed language
model’s layers, but their output representation is updated through cross-attention between the caption
embeddings from the previous layer Zc

l−1 and the perceived embeddings Zxp . Furthermore, cross-attention
layers contain a gating mechanism, learned during training, to control the flow of information from the
perceived embeddings. This way, if the gate is manually set to zero, cross-attention (Xattn) layers become
standard GPT-2 layers, leaving the pre-trained GPT-2 network untouched.

Preliminary results have been focused on analyzing the effect of the inclusion of OSM data on caption
generation. We tested two different configurations, using either the general or the augmented version
of the captions. We trained a model for each configuration using only the image as input and another
model using both the image and the associated OSM data. When using only the image, an attention
mask is used inside the Perceiver Resampler to mask out OSM embeddings. We fixed the random seed
to ensure that any changes are solely due to the different data sources, avoiding variations caused by
different weight initializations or dataset shuffling during training. We measure the performance using
Bleu-4 and Perplexity. Perplexity is a measure often used to evaluate the language modeling ability of an
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LLM. It measures the uncertainty of the model in predicting the next token in a sequence. It is usually
reported in aggregated form, calculated over several sequences (such as those in the validation set). For
a single sequence of length N , perplexity is calculated as

Perplexity = exp
(
−

N∑
i=1

log p(ti | t1, t2, . . . , ti−1)
)

(7.1)

where ti are single tokens in the sequence. As can be seen, the term inside the summation is the cross
entropy loss between the probability of the true token p(ti) = 1 and the probability assigned by the
language model p(ti | t1, t2, . . . , ti−1

)
. Thus, when training an LLM using cross-entropy loss, perplexity

can be calculated as the exponential of the loss.

7.4.2 Experimental setup

Our model uses the RemoteCLIP-ViT-B/32 [94] pre-trained image encoder and the GPT-2 base pre-
trained LLM. We use a batch size of 8 and a weight decay of 1e−3. The Perceiver Resampler has 4 layers,
with 16 learnable embeddings Zp of dimension dp = 768. The interleave between Xattn and GPT-2 layers
is 1, meaning layers inside GPT-2 alternate between standard GPT-2 and Xattn layers. We trained our
models for 15 epochs, monitoring the validation perplexity. We keep the best model as the one reaching
the lowest validation perplexity during training.

7.5 Results and discussion

Figure 7.6 shows the progress of the model’s perplexity during training. The perplexity of the training
and validation sets decreased over the first three epochs. However, signs of over-fitting emerge by the
fourth epoch: while the training perplexity decreases, the validation perplexity rises. The model exhibits
similar behavior when using either the image alone or combined with OSM data as input. The training
curves are nearly identical at the beginning of training and slightly diverge toward the end. This suggests
that in our current model, including OSM data is ineffective, as it does not affect the training speed or
the convergence. Tables 7.5 and 7.6 reinforce this observation. The Bleu-4 scores for the model trained
on images alone and the model trained with both data sources are very similar. This indicates that
the current method of integrating OSM data is ineffective, as the model fails to capture meaningful
dependencies between the two modalities to produce better captions. The qualitative results, shown in

Perplexity Bleu-4

Train Test Train Test

Best Model
img 6.75 7.99 0.14 0.13
img+osm 5.95 8.00 0.14 0.13

Overfitted Model
img 2.66 10.90 0.24 0.13
img+osm 2.58 11.39 0.27 0.13

Table 7.5: Quantitative results on general caption prediction. Best model: lowest perplexity on val.
Overfitted model: last epoch checkpoint. img: only the image is used as input. img+osm: both image
and OSM data as input.

Figures 7.8 and 7.9, reveal that our model struggles to incorporate the additional information provided by
OSM tags. Indeed, despite the tags indicating the presence of a golf course, the model fails to recognize
it. This limitation is also visible when the model receives only the image in input, suggesting that the
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Figure 7.6: Training (top) and validation (bottom) perplexity of the proposed model when predicting for
different inputs (only image or image+OSM) and different targets (general and augmented captions).

Perplexity Bleu-4

Train Test Train Test

Best Model
img 6.75 10.20 0.14 0.13
img+osm 6.73 10.21 0.15 0.13

Overfitted Model
img 3.11 14.29 0.22 0.15
img+osm 3.13 14.44 0.23 0.15

Table 7.6: Quantitative results on augmented caption prediction. Best model: lowest perplexity on val.
Overfitted model: last epoch checkpoint. img: only the image is used as input. img+osm: both image
and OSM data as input.

challenges may stem from our long and detailed captions, which represent a difficult target. We think
that the modest size of our dataset and the fact that the Perceiver Resampler is trained from scratch are
exacerbating this difficulty.

Analyzing the unsatisfactory performance of our model, we identified some critical aspects that need

106



7.6. CONCLUSION AND FUTURE ENDEAVORS

to be further analyzed:

1. Different number of OSM tags for different images: as shown in Figure 7.7, the distribution
of OSM tags associated with each image exhibits significant variation rather than being centered
around a specific value. This distribution shift due to the differing number of tags results in longer
or shorter sequences of OSM embeddings that the Perceiver Resampler must learn to handle. This
is challenging, as the Perceiver Resampler needs to learn how to compress sequences of different
lengths into the same set of fixed learnable tokens. This can also explain why the model shows
so little difference between using only the image or both data sources. We hypothesize that since
the sequence of visual tokens coming from the image is always of fixed length, it represents a more
stable input for the Perceiver Resampler, which thus tends to extract information more coherently
from the visual data source. To address this limitation, we need a mechanism to filter the most
relevant OSM data for a given image. We think that reducing the variability in the number of OSM
tags would enhance its integration with the visual information.

2. Perceiver Resampler trained from scratch: Perceiver Resampler is trained from scratch in our
architecture. However, to address the challenge of limited data, we believe it would be beneficial
to leverage pre-trained components as much as possible. One possibility would be integrating
the OSM data directly into the language model input, thus bypassing additional computations.
However, this poses a risk of generating excessively long sequences that could exceed the language
model’s maximum sequence length, leading to issues during both training and inference. This
approach would become more feasible after developing a reliable method to filter the most relevant
OSM tags.

3. Limited dataset: our dataset is limited in size due to the difficulty and time-consuming nature
of labeling additional samples. One potential approach to augment the labeled data could be
leveraging semi-supervised methods, such as fine-tuning existing vision-language models on our
dataset to generate additional samples. These synthetic captions could then be manually reviewed
for accuracy. However, this process risks contaminating our dataset, which is currently curated
with meticulous human annotation.

4. Using pre-trained vision-language models: an alternative approach is to take advantage of the
capabilities of large pre-trained vision-language models. As discussed in Chapter 2, these models
are highly sample-efficient and can learn complex tasks with significantly less labeled data than
models trained from scratch. However, their large parameter sizes can pose challenges for training,
particularly in resource-constrained environments.

7.6 Conclusion and future endeavors

This chapter explored the integration of ancillary geographic information into a remote-sensing image
captioning pipeline. Specifically, we incorporated additional data from OpenStreetMap (OSM) into the
model, enabling it to use both the image and the OSM data as complementary data streams during caption
generation. Additionally, the geographic information allows the model to access specific details of the
objects inside a scene, which cannot be inferred from the image alone, such as place names or building
purposes. We manually labeled a dataset comprising image-caption-OSM tag triplets to investigate this
possibility. Two captions were created: a general version, containing information deducible solely from
visual content, and an augmented version, incorporating inside the general caption details obtainable only
through OSM data. We build a model following the encoder-decoder architecture, inserting an additional
module for OSM data integration. The OSM tags, treated as text, are concatenated into a single string
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Figure 7.7: Distribution of the number of OSM tags per image in our dataset.

and processed through a Perceiver Resampler, which condenses the information from the image and
OSM tags into a fixed set of learnable embeddings. The output of the Perceiver Resampler feeds into
a GPT-2 language model decoder to generate the caption. We trained two models, one on general and
the other on augmented descriptions. The results indicate that the model is severely overfitting on the
training distribution, thus failing to effectively leverage the complementary information from the image
and the OSM data. The captioning performance is unsatisfactory, and further research is needed to
build a better model. We identified potential reasons for the limited performance and proposed future
research directions to build a more robust model capable of effectively integrating geographic and visual
data. We believe that incorporating ancillary geographic information is a promising avenue for advancing
remote-sensing vision-language models, particularly in developing systems that are more grounded in the
specific details of a scene.
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General Caption:
The aerial view shows a golf course with forested areas, featuring a small dark pond positioned in
the center right. Paths are scattered around the golf course.
Augmented Caption:
Large areas of trees are visible covering distinct parts of the image. The vegetation is dense and
the foliage is green or dark green. In between these patches of forest, there is a golf course called
”Azalea City Golf Course”. In the center right part, a little body of water is visible, with dark
waters. Small paths are visible, probably used to access the golf course.”

OSM tags
leisure: golf course, name: Azalea City Golf Course,
position: center right
golf: water hazard, natural: water, position: center
right
leisure: park, name: Langan Park, position: bottom
right
golf: green, landuse: grass, leisure: pitch, sport: golf,
position: center right
golf: bunker, natural: sand, position: center left
golf: tee, landuse: grass, position: top left

Predictions:

img (gen)
A thick forest on the left side, while a river flows diagonally from the center left to the top
right. In the bottom right corner, there is a building with a white roof.

img+osm (gen)
A landscape with a winding river flowing through the center. On the left side, there is a
thick forest, while on the right side, a small pond is visible.

img (aug)
The image shows a large expanse of green grassland. In the top left corner, there is a small
section of a dry area.

img+osm (aug)
The image shows a large area of land with a few scattered green plants. In the top left
corner, there is a small area of bare soil.

Figure 7.8: Qualitative result of our best model on a random test image. (gen): model trained on general
captions. (aug): model trained on augmented captions. Some OSM tags have been omitted for clarity.
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General Caption:
The aerial view shows a golf course with forested areas, featuring a small dark pond positioned in
the center right. Paths are scattered around the golf course.
Augmented Caption:
Large areas of trees are visible covering distinct parts of the image. The vegetation is dense and
the foliage is green or dark green. In between these patches of forest, there is a golf course called
”Azalea City Golf Course”. In the center right part, a little body of water is visible, with dark
waters. Small paths are visible, probably used to access the golf course.”

OSM tags
leisure: golf course, name: Azalea City Golf Course,
position: center right
golf: water hazard, natural: water, position: center
right
leisure: park, name: Langan Park, position: bottom
right
golf: green, landuse: grass, leisure: pitch, sport: golf,
position: center right
golf: bunker, natural: sand, position: center left
golf: tee, landuse: grass, position: top left

Predictions:

img (gen)
A landscape with sparse vegetation and some bare patches. At the top, there is a horizontal
road. In the bottom left corner, a small white building can be seen.

img+osm (gen)
A landscape with sparse vegetation and bare soil. A road runs horizontally through the
center of the scene.

img (aug)
The image shows a dry landscape with sparse vegetation scattered throughout. In the
center, there is a horizontal road that runs across the scene.

img+osm (aug)
The image shows a dry landscape featuring sparse vegetation and dry grass. In the top left
corner, there is a light path that runs horizontally through the scene.

Figure 7.9: Qualitative result of the over-fitted model on a random test image. (gen): model trained on
general captions. (aug): model trained on augmented captions. Some OSM tags have been omitted for
clarity.
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Conclusions and future directions

This thesis explored several strategies to improve critical aspects regarding remote sensing image cap-
tioning. After a brief introduction to some key concepts about generative image captioning in Chapter
2, Chapter 3 focuses on methods to enhance robustness and accuracy. The first proposed approach
introduced an ensemble-based image captioning framework that integrates outputs from diverse expert
models. By employing various fusion strategies, this framework combines captions into a single, more
robust output. To improve accuracy, we tested fine-tuning a pre-trained large vision-language model
with a novel multi-task instruction dataset. This dataset combined two image captioning and two visual
question-answering datasets specifically tailored for remote sensing. The study revealed that integrating
different tasks and datasets is advantageous only when the dataset’s images share common characteris-
tics. In contrast, when the images differ significantly—such as being captured at varying resolutions or
angles—the shared information between datasets and tasks can hinder performance. Furthermore, the
analysis revealed the high sample efficiency of pre-trained large vision-language models, which on single
tasks, already obtain strong results, sometimes resulting in state-of-the-art performance.

Chapter 4 explored strategies to enhance the detail and expressiveness of captions. A notable chal-
lenge identified was that many existing remote-sensing image captioning datasets often assign identical,
concise captions to visually distinct scenes. This can not only hinder text-to-image retrieval systems from
discriminating effectively between scenes but also fails to provide end users with sufficiently detailed in-
formation. To overcome this limitation without the need for additional, more detailed captions, which are
costly and time-consuming to obtain, we propose and test a novel approach leveraging a simulated visual
dialogue. This method involves an interactive exchange between two machines: a questioner, designed to
generate queries to explore the visual content, and an answerer, which answers the questions based on the
visual content. We show that our machine-to-machine visual dialogue (M2MVD) approach significantly
enhances caption richness and improves the ability to differentiate between visually similar scenes.

Chapter 5 analyzes some limitations in the question-generation process of our visual dialogue system
by delving into the task of Visual Question Generation (VQG) for remote sensing imagery. VQG aims
to create coherent and meaningful questions tailored to a specific remote sensing scene. We noticed that
existing datasets in RS-VQG literature are largely answer-centric, leading to template-based questions
that often lack diversity and naturalness. Thus we first introduced a novel dataset comprising human-
labeled questions that are richer and more varied, and then trained a vision-language model to generate
an entire paragraph of questions for a given image. Our analysis of the model’s outputs revealed that it
effectively generates questions grounded in the visual content.

Chapter 6 explores the temporal dimension by extending our dialogue-based approach to describe
changes between pairs of images. To account for multiple images, we leverage a pre-trained vision-
language model capable of processing and solving tasks involving sequences of images. We reveal how
directly solving this task requires a level of specialization not yet available in open-source pre-trained
vision-language models. However, we explore directing the question-generation model to focus on specific
areas of interest. This approach enables the creation of more precise and relevant descriptions tailored
to the user’s needs. To evaluate the quality of the outputs, we introduce a novel metric called FMScore,
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which assesses whether a series of facts is corroborated by a given piece of text. This metric serves as an
alternative to traditional word-matching reference metrics in NLP, which are unsuitable for evaluating
outputs from pre-trained vision-language models. We show that although pre-trained vision-language
models struggle with directly solving this task, our dialogue-based paradigm shows potential by simpli-
fying the problem into a sequence of more manageable sub-tasks.

Chapter 7 introduces our initial efforts to integrate additional geographic information into remote-
sensing vision-language tasks. We focus on image captioning and present a new dataset with descriptions
enriched by specific details derived from OpenStreetMap (OSM) tags related to geographic features in
the scene. We think that adding specific scene-related details helps make vision-language models more
grounded and reliable, especially for remote sensing tasks. However, combining multiple data sources
within a single framework poses unique challenges. These challenges arise from the high variability in
OSM data within individual samples and the limited number of available samples due to the cost involved
in manual labeling. We identify some key challenges and propose future research directions to improve the
integration of diverse data sources and develop models that effectively use their complementary strengths.

Then, after three years, I’m here looking back at the transformation that happened to my research
field. At the start of my PhD, remote sensing vision-language tasks were mainly tackled using specialized
models trained on single tasks. The potential of large language models as multi-task agents was not
evident, and conversational agents were not yet available. During the last three years, the paradigm
has shifted from models trained on single tasks to models that can understand and solve multiple tasks
at once. This shift has also influenced my perspective on the field. In the following, I will discuss my
thoughts on the future of this area, as well as the broader evolution of remote sensing vision-language
tasks.

Nowadays, a series of pre-trained models are available open-source: both language only [112][171][172]
and vision-language [104][164][170]. The majority of those models are specialized in natural scenes. Yet,
the pre-training step using large amounts of data makes them highly sample efficient during transfer
learning, even when applied to a downstream task that involves a drastically different distribution (such
as when fine-tuning them on remote sensing datasets). We saw in Chapter 3 how fine-tuning a pre-
trained large vision language model (LLaVA) on single tasks (image captioning or VQA) produces strong
baselines, surpassing previous state-of-the-art specialized architectures for the field. On the same line, I
believe that future efforts in remote sensing vision-language tasks should shift from single highly special-
ized models to general models that can solve several tasks at once, using language as an interface. Some
works in this direction are already starting to emerge in the remote sensing field [60][58]. Toward this
goal, there is a strong need to have remote sensing foundational models specifically trained on remote
sensing data in unsupervised ways. Efforts in this direction [173] could accelerate performance gains
by removing the distribution gap between general web-scraped visual-text data (used today to pre-train
those large models) and remote sensing-related data.

Another aspect to take into consideration is the use of instruction-following models. As we saw in
Chapter 2, these are models that have been specifically fine-tuned from pre-trained models to generate
different outputs based on user instructions. As demonstrated in Chapter 6, these models can be guided
through textual prompts to emphasize specific elements of interest. I believe that this capability is
particularly valuable in remote-sensing applications, where the primary focus often lies on specific aspects
of the data rather than exhaustive analysis of all available information. For instance, consider a scenario
in which a user seeks to identify and localize swimming pools within an aerial image. If the user’s
interest subsequently shifts to localizing baseball fields, having a model that can adapt and change the
output based on the request can eliminate the need to develop and deploy distinct models for each task,
enhancing efficiency.

Moreover, advancements in computational efficiency are crucial, particularly in the context of large
language models (LLMs) and large vision-language models, which contain billions of parameters. These
models are often impractical for real-time applications or deployment on resource-constrained devices.
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Thus, exploring strategies to reduce model complexity while maintaining performance is vital for facili-
tating their broader use in real-world remote sensing applications. Several initiatives are addressing this
challenge [174] [175] [172], introducing compact language models with performance comparable to that
of much larger models.

Lastly, we believe that remote-sensing applications should evolve from focusing solely on images to
integrating additional data sources. GIS databases, which provide grounded and specific information,
represent a valuable resource that must not be overlooked in future developments. We propose that a
vision-language assistant designed to address remote-sensing tasks would greatly benefit from incorpo-
rating ancillary geographic information, thereby improving both the specificity and the groundedness of
its responses.
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