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Abstract 
 
Image Captioning (IC) aims to generate a coherent and comprehensive textual description that summarizes 

the complex content of an image. It is a combination of computer vision and natural language processing 

techniques to encode the visual features of an image and translate them into a sentence. In the context of 

remote sensing (RS) analysis, IC has been emerging as a new research area of high interest since it not only 

recognizes the objects within an image but also describes their attributes and relationships. In this thesis, 

we propose several IC methods for RS image analysis. We focus on the design of different approaches that 

take into consideration the peculiarity of RS images (e.g. spectral, temporal and spatial properties) and 

study the benefits of IC in challenging RS applications.  

In particular, we focus our attention on developing a new decoder which is based on support vector 

machines. Compared to the traditional decoders that are based on deep learning, the proposed decoder is 

particularly interesting for those situations in which only a few training samples are available to alleviate 

the problem of overfitting. The peculiarity of the proposed decoder is its simplicity and efficiency. It is 

composed of only one hyperparameter, does not require expensive power units and is very fast in terms of 

training and testing time making it suitable for real life applications. 

Despite the efforts made in developing reliable and accurate IC systems, the task is far for being solved. 

The generated descriptions are affected by several errors related to the attributes and the objects present in 

an RS scene.  Once an error occurs, it is propagated through the recurrent layers of the decoders leading to 

inaccurate descriptions. To cope with this issue, we propose two post-processing techniques with the aim 

of improving the generated sentences by detecting and correcting the potential errors. They are based on 

Hidden Markov Model and Viterbi algorithm. The former aims to generate a set of possible states while 

the latter aims at finding the optimal sequence of states. The proposed post-processing techniques can be 

injected to any IC system at test time to improve the quality of the generated sentences. 

While all the captioning systems developed in the RS community are devoted to single and RGB images, 

we propose two captioning systems that can be applied to multitemporal and multispectral RS images. The 

proposed captioning systems are able at describing the changes occurred in a given geographical through 

time. We refer to this new paradigm of analysing multitemporal and multispectral images as change 

captioning (CC). To test the proposed CC systems, we construct two novel datasets composed of bi-

temporal RS images. The first one is composed of very high-resolution RGB images while the second one 

of medium resolution multispectral satellite images. To advance the task of CC, the constructed datasets 

are publically available in the following link: https://disi.unitn.it/~melgani/datasets.html. 

Finally, we analyse the potential of IC for content based image retrieval (CBIR) and show its applicability 

and advantages compared to the traditional techniques. Specifically, we focus our attention on developing 

a CBIR systems that represents an image with generated descriptions and uses sentence similarity to search 

and retrieve relevant RS images. Compare to traditional CBIR systems, the proposed system is able to 

search and retrieve images using either an image or a sentence as a query making it more comfortable for 

the end-users. 

The achieved results show the promising potentialities of our proposed methods compared to the baselines 

and state-of-the art methods.   

Keywords 

 

Change Captioning, Content-based image retrieval, Hidden Markov Models, Image Captioning, Post-pro-

cessing, Support Vector Machines, Viterbi Algorithm. 
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Chapter 1 

1. Introduction 
Describing the environment that surrounds us is a relatively easy task for us, humans. Given an image, it is 

natural for a human to describe with immeasurable details the salient contents of an image at a glance [1]. 

However, computers struggle to describe even the simplest scenarios. Making computers understand their 

surroundings with the same natural ability as humans do, has been the main focus of researchers in the field 

of artificial intelligence (AI).  

Remote sensing (RS) is defined as the acquisition of information about an object without being in physical 

contact with it [2]. This is done by detecting and measuring changes that an object imposes on the 

surrounding field (electromagnetic, acoustic or potential). Most commonly, the term ‘remote sensing’ is 

used in connection with electromagnetic techniques of information acquisition that cover the whole 

electromagnetic spectrum [2]. Though RS data can be of various types, in this work we will focus only on 

optical RS imagery. 

The automatic interpretation of RS images has been mainly concentrated on techniques, such as image 

classification/segmentation and object recognition. Such techniques aim to represent images with a set of 

spatialized semantic land-cover classes (labels). Due to their intrinsic nature, these techniques do not 

capture the attributes and the relationships that exist between the different land-cover classes. It is worth 

mentioning that the attributes and the relationships are part of the high-level semantic information of an RS 

scene. In particular, with the fast development of RS technology, we are now able to acquire images 

characterized by high spatial resolution with an abundant quantity of high-level semantic information. 

Accordingly, conventional techniques such the image classification/segmentation or object recognition 

might not be appropriate for analysing such images.  

Recently, to have a better understanding of an RS scene, image captioning (IC) has attracted the attention 

of the community. IC is a difficult but fundamental task in AI that aims to generate a textual description 

(i.e., sentence or caption) of the content of an image. It requires both the knowledge of computer vision 

(CV) and natural language processing (NLP) fields to better understand the image content and express this 

knowledge through a sentence description. Unlike previous techniques, IC not only provides the labels of 

different land-cover classes and their locations but is also able to capture and describe the attributes and the 

relationships with a sentence following linguistics rules. This richer representation can be useful in a variety 

of remote sensing applications such as image retrieval [3]–[5], change detection [6], image generation [7], 

[8] and so on. The importance of IC is reflected in the incremented number of articles recently published 

in the RS community [9]. However, the initial previous works were mostly devoted to adopting the IC 

techniques from natural images to RS images and constructing the relative datasets [9].  

IC techniques in the RS community are inspired by the seminal works of the CV community [10]–[19] and 

can be divided into three main categories: 1) template-based, 2) retrieval-based and 3) encoder-decoder 

frameworks. Template-based IC systems are composed of fixed sentence templates. First, object detection 

algorithms are exploited to detect objects and actions and then the fixed templates are filled with the 

detected objects. The only example of a template-based IC method in the RS community is the work of Shi 

et al. [20] where a fully convolutional network is used to detect the objects of an image and a language 

model based on fixed templates is used to generate the descriptions. The sentences generated by template-

based IC are in general correct from a grammatical and content viewpoint. However, they are heavily hand-

designed and, because of the fixed templates, the generated descriptions tend to be less natural compared 

to human descriptions. 
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The second type is retrieval-based IC. In this methodology, the generation of a sentence is treated as a 

retrieval problem. First given a target image, the retrieval-based IC methods search and retrieve from an 

archive the most similar images (to the target image) along with their descriptions. Then to the target image 

is assigned one or more descriptions of its most similar images. As an example, Wang et al. [21] mapped 

images and descriptions in the same semantic space to learn a distance metric to quantify the similarity 

between images and descriptions. At inference time, to a target image are assigned five descriptions that 

have the smallest distance from the considered image. Retrieval-based IC systems cannot generate novel 

descriptions and they assume that there is always a related image-text pair in the archive for a target image. 

This assumption might not always be true leading to descriptions that are uncorrelated to the image content. 

The most widely used IC in the RS community is the encoder-decoder framework [22]–[29] which is 

inspired by the progress in deep learning (DL) and machine translation (ML) [30]–[33]. Most of the 

encoder-decoder IC methods exploit pre-trained convolutional neural networks (CNNs) to encode the visual 

feature of an image and sequential models such as recurrent neural networks (RNNs) or long-short term 

memory (LSTM) [34] to translate the encoded visual features in a sentence description [9]. Encoder-

decoder frameworks can be divided as: 1) simple encoder-decoder and 2) attention-based encoder-decoder. 

The former represents an image with a fixed-length vector and the same feature vector is used as input to 

the decoder to generate the description one word at a time. The latter focus its attention on different parts 

of an image and extract different feature vectors for each part. In this case, the decoder uses feature vectors 

extracted by those portions of an image that are more related to the generated words. 

The first work in the RS community that uses a simple encoder-decoder framework is exploited in [22] 

where different CNNs [35]–[37] are used to encode the visual features of images and RNN or LSTM [34] 

is used to generate the captions. Zhang et al. [23] detected the main objects from an RS scene and forwarded 

the detected objects into an RNN model to generate the descriptions. Hand-crafted features [38]–[40] in 

addition to deep features and attention mechanism [18], [32] are explored in [24] to generate sentences. An 

attribute attention mechanism is introduced in [25]. A multiscale cropping and training mechanism is 

introduced in [26] for data augmentation to alleviate the problem of overfitting. To deal with the large scale 

variation present in RS images, a multiscale feature fusion combined with a de-noising mechanism is 

introduced in [27] and two different multiscale methods based on feature pyramid networks [41] are 

presented in [42]. Lu et al. [28] introduced an active attention mechanism where the sound of the name of 

different objects uttered by humans is used as guiding information to generate descriptions, and a retrieval 

topic recurrent memory is introduced in [29] where sentence topics are used to guide the description 

generation process. Sumbul et al. [43] introduced a summarization driven RS IC system where a pre-trained 

pointer generator [44] is used to summarize the ground-truth captions to keep only the relevant information 

which is then integrated into the IC system through an attention mechanism to generate coherent 

descriptions. A combination of a simple encoder-decoder and a retrieval-based IC framework is explored 

in [45] to alleviate the misrecognition problem. Li et al. [46] introduced a truncation cross-entropy loss to 

alleviate the overfitting whereas Zhao et al. [47] proposed a structured attention mechanism that can exploit 

structured spatial relationships widely present in an RS scene in contrast to previous unstructured attention 

methods. More recently Transformers [33] have been exploited in the RS community to boost the 

performances of IC systems [9]. Compared to RNNs, Transformers have several advantages such as 

removing the recurrence mechanism of RNNs allowing parallel computations and a more sophisticated 

attention mechanism [33], [48]. Shen et al. [49], [50] exploited Transformers to perform RS IC. In these 

works, Transformers are used as a decoder and are combined with self-critical sequence training [51] and 

variational autoencoder [52] to cope with insufficient training data. 

In general, encoder-decoder architectures generate novel sentences that are very similar (from syntax and 

lexical viewpoint) to the sentences produced by humans.  However, because they are based on deep learning 

architectures their performances strongly depend on the number of annotated training samples (the larger 
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the training set, the lower the risk of overfitting). Indeed, in the CV community, the datasets that are used 

to train and test IC systems have a very large amount of annotated samples. An example of such a dataset 

is the MS COCO dataset [53] which is composed of more than 300.000 images where each image is 

annotated with 5 different descriptions. In contrast to the CV community, in the RS community, the datasets 

used to perform IC are very small. This is due to the fact that creating large datasets is an expensive process 

in terms of time and resources. This is reflected on the size of the largest dataset present in the RS 

community. This dataset is composed of only 10.921 images. Each image is annotated with 5 descriptions 

but only 7% of them have 5 different ones. The majority of the images (48%) have only one unique 

description and the rest of them has from two to four different ones. This makes it hard to build IC models 

based on deep learning. Strategies like self-critical sequence training or variational autoencoders are usually 

used to cope with the data limitation problem [50], [51]. Another issue of the deep learning based models 

is also the high number of hyperparameters to be carefully tuned to have good performances. Furthermore, 

deep learning methodologies demand expensive computational power units, such are the graphics 

processing units to have reasonable training and testing time. It is worth noting that the more complex the 

system, the more acute the aforementioned issues. 

1.1. Objective of The Thesis 

The aim of this thesis is twofold: 

1. Development of new image captioning techniques in the context of RS image analysis. 

2. Study the potential of IC in challenging RS applications. 

The first and major objective is the one of developing novel IC techniques that take into consideration the 

peculiarities of the RS images, such are the spectral, spatial and temporal properties. In this context we 

propose three main solutions: 

 A novel decoder for RS IC based on support vector machines (SVMs). The peculiarity of the 

proposed decoder is its simplicity and efficiency. The proposed SVM based decoder is injected in 

the simple encoder-decoder architecture instead of RNNs or Transformers. Compared to the deep 

learning based solutions, the proposed decoder is particularly interesting for situations in which 

only a few training samples are available to alleviate the overfitting problem. It is characterized by 

a very short training and inference time, has only one hyperparameter and does not require 

expensive computational power units such are the GPUs, making it suitable in real-time 

applications. 

 Regardless of the efforts made in designing reliable IC systems, the task is far from being solved. 

In general, the generated descriptions are affected by several errors related to the objects and their 

attributes. Once an error occurs, this is propagated through the recurrent layers of the decoder 

leading to non-accurate descriptions. To cope with this problem, we propose two post-processing 

strategies. The proposed post-processing strategies aim to improve the quality of an IC system by 

detecting and correcting potential errors in the generated sentences. They are based on Hidden 

Markov Models (HMMs) and the Viterbi algorithm. The former aims to generate a set of possible 

states while the latter aims at finding the optimal sequence of states efficiently. The proposed post-

processing strategies are applied at test time and can be injected into any IC system to improve the 

quality of a generated sentence. 

 While all of the IC systems developed in the RS community are dedicated to single and RGB 

images, in this thesis we propose two captioning systems that are applied to multitemporal and 

multispectral image. The proposed captioning systems have the goal of describing the changes 

occurred in the multi-temporal and multi-spectral images. We refer to this new paradigm as change 

captioning (CC). Compared to the traditional change detection (CD) systems, that produce a binary 

change map highlighting the changes in a given geographical area or a semantic change map, a CC 
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system describes the changes with sentence descriptions including high-level semantic information 

such are the relationships and the attributes of the changed areas.  To test the proposed CC systems, 

we construct two novel bi-temporal datasets. The first one consists of very high resolution (VHR) 

RGB images while the second one consists of medium resolution multispectral satellite images.   

To advance the task of CC, the constructed dataset are publically available in the following link:  

https://disi.unitn.it/~melgani/datasets.html. 

 

The second objective of this thesis is to study the benefits of the IC on challenging RS applications. In 

particular, we study the benefits of the IC for content-based remote sensing image retrieval (CBIR).  CBIR 

systems are very important in the RS community as they allow one to query and retrieve relevant 

information from massive archives of RS images. A CBIR system aims to search and retrieve the most 

relevant images to a query image from a massive archive and consists of two main steps: 1) image 

representation where the goal is to describe an RS image with discriminative features that model the 

primitives (such are the different land-cover classes) and 2) retrieval of the most similar images to the query 

image by evaluating the similarity between the extracted features. The most crucial step of a CBIR system 

is image representation. While most of the CBIR systems use the hand-crafted or deep feature for image 

representation, we propose to use sentence descriptions to represent the images. We argue that the visual 

image descriptors might have limitation in modelling primitives such are attributes and the relationships of 

different objects present in an RS scene. These limitations strongly affect the performances of a CBIR 

system. To cope with this problem, we propose to use textual descriptors (sentences) that are a default 

container of such high-level semantic information. Then, we perform retrieval using the generated textual 

descriptors. This not only leads to a better but also to more user-friendly CBIR system. Our system allows 

one to use images or text as query depending on the needs of the users. In the former, an IC system is used 

to generate the textual descriptions while in the latter users are allowed to formulate the query as they wish 

using text. Overall, our contribution in this field is that, while most of the CBIR methods use hand-crafted 

or deep feature to represent the image content we propose to represent the images by generated sentence 

descriptions and use sentence similarity to search and retrieve the similar images. Compared to the existing 

CBIR methods, our proposed method is able to search and retrieve images using an image as a query or 

using a sentence as a query. The former is obtained by generating a sentence description utilizing an IC 

system, while the latter allow users to simply type a text and search for similar images that best represent 

their needs. The proposed CBIR system is more user-friendly compared to the traditional ones. 

1.2. Structure of the Thesis 

In Chapter 2, we start first with the second objective described above to explore and understand the 

conventional IC systems and their importance in a CBIR system. This will also help familiarizing the reader 

with standard IC techniques before moving to the new proposed methodological developments described 

in the successive chapters. We briefly review the recent successful approaches for CBIR. We then describe 

in detail the proposed CBIR system that performs query and retrieval using generated sentence descriptions. 

The proposed CBIR system is composed of three main blocks: 1) an IC system that aims to generate a 

sentence description of the content of a RS image; 2) a sentence encoder that converts the generated 

descriptions into semantically meaningful feature vectors. This is achieved using recent word embedding 

techniques; 3) metric similarity steps the estimates the similarity between the vectors of the generated 

descriptions and the ones of the archive, and then retrieves the most similar images to the query image.  

Chapter 3 presents the proposed IC system based on the SVM decoder. Compared to the traditional 

IC systems, we propose the SVM decoder to generate the sentence descriptions. The work is part of simple 

encoder-decoder systems that uses global feature to represent the RS scene. The extracted features are then 

forwarded to the decoder to generate the coherent captions. Compared to deep learning solutions, the 

https://disi.unitn.it/~melgani/datasets.html
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proposed decoder alleviates the overfitting problem, is faster and does not require expensive computation 

power units such are the GPUs. 

In Chapter 4 we describe the two proposed post-processing strategies that can improve the outcome 

of an IC system. These strategies are based on HMMs and Viterbi algorithm to propose and find an optimal 

sequence of states in an efficient way, respectively. The proposed post-processing strategies are applied at 

test time and can be injected to any IC system to improve the generated sentence quality. 

In Chapter 5 we introduce the proposed change captioning systems. These systems are able to 

describe the changes occurred in a given geographical area with sentence descriptions. They can be applied 

to multitemporal and multispectral images and constitute a new paradigm in analysing multitemporal RS 

images. 

Finally, Chapter 6 concludes the thesis and proposes some future directions.  
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Chapter 2 

 

2. Application of IC to Content-Based Image Retrieval 
In this chapter, we present the benefits of IC captioning to content-based image retrieval (CBIR). We 

propose a solution that exploits IC to perform CBIR and demonstrate its effectiveness. The main idea of 

the work consists in representing an RS image with a textual description to include high-level semantic 

information and performing a text-based retrieval. The main advantages of the proposed system are the 

inclusion of high-level semantic information through sentence description generation and a more user-

friendly query solution based on either text or image depending on the users' needs. To this end, the 

proposed retrieval system consists of three main steps. The first step aims to encode the image's visual 

features and then translate the encoded features into a textual description that summarizes the content of 

the image with captions. This is achieved based on an encoder-decoder IC system.  The second step aims 

to convert the generated textual descriptions into semantically meaningful feature vectors. This is achieved 

by using the recent word embedding techniques. Finally, the last step estimates the similarity between the 

vectors of the textual descriptions of the query image and those of the archive images and then retrieves the 

most similar images to the query image. 

2.1. Motivation 

Recent advances in satellite technology result in an explosive growth of remote sensing (RS) image 

archives. Thus, one of the important research topics is the development of accurate RS image retrieval 

(RSIR) systems to retrieve the most relevant images to a query image from such massive archives. To this 

end, in the RS community, great attention is devoted to CBIR which aims to search and retrieve the most 

similar images to a query image based on two main steps: 1) description of images by a set of visual features 

that model the primitives (such as different land-cover classes) present in the images; and 2) retrieval of 

images that are similar to the query image by evaluating the similarity between the features of the query 

image and those of the archive images [54]. 

The performance of remote sensing image retrieval (RSIR) systems depends on the capability of the 

extracted features in characterizing the semantic content of images. Existing RSIR systems describe images 

by visual descriptors that model the primitives (such as different land-cover classes) present in the images. 

However, the visual descriptors may not be sufficient to describe the high-level complex content of RS 

images (e.g., attributes and relationships among different land-cover classes). To address this issue, in this 

chapter we present an RSIR system that aims at generating and exploiting textual descriptions to accurately 

describe the relationships between the objects and their attributes present in RS images with captions (i.e., 

sentences). Textual descriptions not only are a default container of high-level semantic information but also 

are more user-friendly [55]. Hence in this work, we allow users to query images from a massive archive by 

either using image or text as a query depending on the users’ needs. 

2.2. Introduction and Literature Review 

A CBIR system consists of two main steps: 1) description of images by a set of visual features that model 

the primitives (such as different land-cover classes) present in the images; and 2) retrieval of images that 

are similar to the query image by evaluating the similarity between the features of the query image and 

those of the archive images [54]. The traditional content-based RSIR systems rely on hand-crafted features 

to describe the semantic content of images. To this end, several visual descriptors are presented in RS. As 

an example, bag of-visual-words representations of the scale-invariant feature transform features are 

introduced in [56]. In [57], a histogram of local binary patterns that models the relationship of each pixel 
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in a given image with its neighbours (which are located on a circle around that pixel) by a binary code is 

presented. Graph-based image representations, where the nodes model region properties and the edges 

represent the spatial relationships among the regions, are introduced in [3], [58], [59]. Descriptors of bag 

of spectral values are introduced in [60] to model the spectral information content of high dimensional RS 

images. After defining the image's visual features (i.e., visual descriptors), image retrieval can be achieved 

by considering unsupervised or supervised retrieval methods. Unsupervised methods compute the similarity 

between the visual features of the query image and those of the archive images and then retrieve the most 

similar images to the query. To this end, one can simply use the k-nearest neighbour algorithm. If the images 

are represented by graphs, graph matching techniques can be used. As an example, an inexact graph 

matching strategy that jointly exploits a subgraph isomorphism algorithm and a spectral embedding 

algorithm [58] can be used. Supervised methods require the availability of a set of annotated images for the 

training of the classifier. If the training images are annotated by single high-level category labels, any binary 

classifier could be exploited [61]. If the training images are annotated by low-level land cover class labels 

(i.e., multi-labels), multi-label image retrieval methods are required. In [62], a sparse reconstruction-based 

method that generalizes the standard sparse classifier to the case of multi-label RS image retrieval problems 

is introduced. 

Recent advances in deep neural networks have led to a significant performance gain in terms of content-

based RSIR compared to traditional systems. Deep learning (DL)-based RSIR systems simultaneously 

optimize feature learning and image retrieval [62]–[68]. Deep feature representations based on 

convolutional neural networks (CNNs) are introduced in the framework of the RSIR in [65], [68]. In [66], 

a retrieval method that exploits a weighted distance measure that is applied to the image features obtained 

by a CNN is presented. A re-ranking method that represents each RS image with CNN features and then 

applies image-to-class distance measures for retrieval problems is presented in [67]. A Siamese graph 

convolution network that assesses the similarity between a pair of graphs that can be trained with the 

contrastive loss function is introduced in [63]. Image representations obtained through binary codes are 

discussed particularly for scalable image search and retrieval in [62], [64]. To obtain the binary codes, in 

[62] a deep hashing neural network that exploits the cross-entropy loss is presented, whereas in [64] a metric 

learning based deep hashing network that uses triplet loss function (instead of the cross-entropy loss) is 

presented. 

The performance of the above-mentioned retrieval methods depends on the image descriptors that model 

the visual semantics of the considered images in the archives. However, these descriptors can have 

limitations in modelling the primitives (i.e., attributes and relationships between different land-cover 

classes) present in the images. It is important to note that there are usually several areas within each RS 

image associated with different land-cover classes. Thus, describing an RS image with a visual image 

descriptor may lead to limited retrieval accuracy particularly when high-level semantic content is present 

in the images. To address this issue, in this paper we present an image retrieval system that generates and 

exploits textual descriptions through image captions of RS images. The proposed retrieval system consists 

of three main blocks: 1) image captioning; 2) a sentence encoding, and 3) similarity matching. In the first 

step, a CNN is initially used to extract the visual features of RS images and then a recurrent neural network 

(RNN) is employed to generate a textual feature from the visual features. In the second step, the semantic 

meaning of the generated sentences is encoded based on recent word embedding techniques that are capable 

of producing semantically rich word vector representations. Finally, in the last step, the semantically rich 

word vectors are exploited to search and retrieve the most similar images to the query image from the 

archive. In this way, image retrieval is applied through the estimation of similarities among the generated 

textual descriptions instead of considering the visual descriptors. The proposed system can also be 

configured to allow one to use directly the textual descriptors as a query to retrieve the most similar images. 

Figure 2.1. shows the block diagram of the proposed retrieval system.  
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To the best of our knowledge, this is the first work in the RS community that achieves querying and 

retrieving images from the archive based on textual descriptions. The proposed RSIR system has been 

briefly presented in [69] with limited experimental analysis. This paper extends our work by introducing a 

detailed description of the proposed approach with a thorough experimental analysis. Another work recently 

published is in [4], which proposes a deep bidirectional triplet loss to learn the similarity between an image 

and its descriptions in a common feature space. The basic idea is that the related image-text pairs should be 

closer than the unrelated pairs in the common feature space. The query is performed using one or multiple 

sentence descriptions. Note that our proposed work is different from the work in [4]. In our work, one can 

search for similar images using either an image (by automatically generating a description of its content) 

or using directly a textual description as a query, whereas in [4] the query can be only in the form of a 

textual description. 

2.3. Methodology 

Let X = {X1, X2, … , XN}  be an archive of 𝑁 images and 𝑋𝑖 be the 𝑖𝑡ℎ image present in the archive. Each 

image in the archive is associated with 𝐽 ground truth textual descriptions (i.e.,  captions). Let 𝑆𝑖,𝑗 =

 {𝑤1,𝑗, 𝑤2,𝑗, … , 𝑤𝑝,𝑗},  j = 1,2, … , J be the jth  textual description of the image 𝑋𝑖 and 𝑤𝑝, 𝑝 = 1,2, … , 𝑃 be 

the words of the textual description. Let 𝑋𝑞 be the query image that can be selected by the user. Given a 

query image 𝑋𝑞, we aim to find a set 𝑌 = {𝑌1, 𝑌2, … , 𝑌𝑟} of the most similar images to 𝑋𝑞 from the archive 

with high accuracy. To this end, the proposed methodology consists of three main steps: 1) image caption 

generation; 2) sentence encoding; and 3) image retrieval based on the encoded sentences of images. The 

block diagram is shown in Figure. 2.1. 

2.3.1 Image Caption Generation 

Due to the success of the encoder-decoder IC systems in the RS community, in this chapter, we focus our 

attention on the use of encoder-decoder systems in the framework of RSIR. In detail, we define the textual 

descriptions of the RS images based on a multimodal RNN. Multimodal RNN is a combination of an RNN 

Figure 2.1 Block diagram of the proposed retrieval system. Configuration 1 allows users to query and retrieve images from the 

archive using image as query. Configuration 2 lets users use directly a textual description to query and retrieve images from the 

archive. In this work, the default scenario is configuration 1. 
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and a CNN to model the language descriptions and the image visual content in a unique multimodal layer 

[15]. The RNN learns the dense feature embedding of the words in the dictionary and keeps track of the 

semantic temporal context using its recurrent layers.  The CNN extracts the visual features of the RS images. 

The multimodal layer combines the previously extracted word feature with the image features in a unique 

layer representation to generate a word-by-word description of the RS image content. In this work, we have 

used ResNet 50 [70] to extract representative image features and the LSTM network to generate textual 

descriptions. The multimodal RNN is shown in Figure 2.2. 

Let 𝑥𝑡 be the one-hot encoding that represents a given word 𝑤𝑡 ∈ 𝑉 where 𝑉 is the vocabulary (whose size 

is the total number of words). Let ℎ𝑡 be the RNNs’ memory. At each time step, RNNs take as input 𝑥𝑡 and 

produces an output 𝑦𝑡 which is a combination of ℎ𝑡−1 and the current input 𝑥𝑡. Equations 2.1-2.3 describe 

the RNN, where 𝑒𝑡 is the so-called embedding layer which projects the one-hot encodings of the words into 

a semantic space where words having similar meanings are scattered near to each other, 𝑔1 is element-wise 

logistic sigmoid function and 𝑈, 𝑉, 𝑊 represent the weights to be learned and 𝑏 the relative biases. 

𝑒𝑡 = 𝑊𝑥𝑥𝑡 (2.1) 

ℎ𝑡 = 𝑔1(𝑈𝑤𝑒𝑡 + 𝑈ℎℎ𝑡−1 + 𝑏) (2.2) 

 𝑦 𝑡 = 𝑉ℎℎ𝑡   (2.3) 

The output is then combined through a multimodal layer with the image features obtained by ResNet 50 as 

follows: 

𝑚𝑡 = 𝑔2(𝑈𝑦 𝑦 𝑡 + 𝑈𝐹𝐹𝑖 + 𝑏)   (2.4) 

where 𝑔2 is the Rectified Linear Unit (ReLU). The last layer of the change captioning model consists of a 

fully connected layer of size 𝑉 (vocabulary size) with a softmax activation function (Equation 2.5.) which 

estimates the probability of the next word of the sentence given the combination of the image features and 

the previously predicted words. 

Figure 2.2 The multimodal recurrent neural network. a) multimodal recurrent neural network architecture; and b) the word pre-

diction at each time stamp t regarding the input image and its related sentence description (e.g. asphalt on the left and a red roof 

on the bottom right and some grass on the top right). “startseq” and “endseq” are special tokens denoting the start and the end of 

the sentence. L is the sequence (sentence) length. During test time only RS image is inputted to the model and word-by-word 

prediction is made regarding the image content until sampling “endseq” token. 
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𝑠(𝑚𝑡) =  𝑒𝑚𝑡/ ∑ 𝑒𝑚𝑘

𝑉

𝑘=1

 (2.5) 

 

In the training phase, the model receives the image 𝑋𝑖 along with one of the reference change descriptions 

and the goal of the model is to learn the parameters 𝜃 that maximize the probability of constructing the 

correct sentence that describes the changes between the different acquisitions as follows: 

𝜃∗ = argmax
 𝜃 

∑ log 𝑝(𝑆|𝑋𝑖; 𝜃)

𝑋𝑖,𝑆

 (2.6) 

 

Decomposing the sentence descriptions into words Equation 2.6 becomes: 

log 𝑝(𝑆|𝑋𝑖) = ∑ log 𝑝(𝑤𝑘|𝑋𝑖 , 𝑤1, … , 𝑤𝑘−1)

𝐿

𝑙=1

 (2.7) 

where 𝑝(𝑤𝑘|𝑋𝑖, 𝑤1, … , 𝑤𝑘−1) is the probability of predicting 𝑤𝑘  (𝑘𝑡ℎ word) given the image information 

and the previously predicted words. Two special tokens are inserted into each sentence to account for the 

start and the end of a sentence. Finally, the best parameters of the model are estimated by minimizing the 

following standard cross-entropy loss function 

𝐿𝑜𝑠𝑠(𝑋, 𝑆) = − ∑ 𝑙𝑜𝑔𝑝𝑖(𝑤𝑖).

𝑙

𝑖=1

 (2.8) 

In the test phase, the images are given as input to the model to generate the sentence description. The 

prediction process ends when the special token indicating the end of the sentence is predicted. Different 

studies have shown that the simple RNNs are affected by gradient vanishing/exploding problems which 

means that RNNs tend to forget faraway previous information that might be relevant for the prediction of 

subsequent words. To overcome this problem researchers have come up with LSTM [34] and their variation 

Gated Recurrent Unit (GRU) [71]. These special RNNs are specifically designed to cope with gradient 

vanishing/exploding problems. They have a more complex internal structure composed of different gates 

that allow the backpropagation of the gradients through time with uninterrupted gradient flow [34], [71].  

In particular, in our captioning system, we have used the LSTM to generate descriptions. The LSTM 

architecture is illustrated in Figure 2.3. The structure of the LSTM is more complex than the simple RNN. 

Within the LSTM are found a cell state and three gates to control the information flow through the network 

(see Figure 2.3.). The first step of the LSTM is to decide which information to cancel from the previous 

cell state 𝑐𝑡−1. The previous hidden state ℎ𝑡−1 together with the current input word embedding 𝑒𝑡 are first 

passed through the forget gate 𝑓𝑡 represented by a sigmoid function which outputs a number between 0 and 

1 stating that if the output of forget gate 𝑓𝑡 = 0 information has to be completely forgotten otherwise it has 

to be kept. Then ℎ𝑡−1 and 𝑒𝑡  are passed to the input gate represented again by a sigmoid function and to a  

Figure 2.3 LSTM architecture. 
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tanh layer to decide the value to be updated and the candidates to such values, respectively. The outputs of 

input gate 𝑖𝑡 and of tanh layer 𝑐�̅�  multiplied together are added to the multiplication between forget gate 

output 𝑓𝑡 with the previous cell state 𝑐𝑡−1 to finally update the current cell state 𝑐𝑡. Finally,  ℎ𝑡−1 and 𝑒𝑡 are 

passed to another sigmoid function to output 𝑜𝑡. The new state ℎ𝑡 of the LSTM  will be formed as the 

multiplication of 𝑜𝑡 with the filtered version of current cell state 𝑐𝑡. Filtering of the cell state 𝑐𝑡 is done by 

a tanh layer. Equations 2.9-2.14 describe the LSTM inner layers and information update where 𝑊 

represents the weight parameters to be learned and ∗ represents the Hadamard product. These Equations 

substitute Equation 2.2 of the multimodal network.  

 

2.3.2 Sentence Encoding 

Once the generated descriptions for each image are obtained they need to be scattered into a vector space 

able at exploring the semantic content within each description. This is achieved by representing each word 

with a real-valued vector. In this work, these vectors are used as features to retrieve the most similar images 

in the archive to a query image. The word representation in the semantic vector space in this work is done 

using two different word embedding techniques: 1) word2vec; [72] and 2) GloVe [73]. Based on the word 

co-occurrence both techniques are capable of producing semantically rich word vectors. Word2vec is 

trained on a shallow neural network language model composed of an input layer, projection layer and output 

layer to learn the word vector representations based on the nearby words [72]. Word2vec comes with two 

different predictive models; 1) the Continuous Bag of Words model (CBOW), and 2) the Skip-gram model. 

The former attempts to predict a word given its context (nearby words), while the latter attempts to predict 

the context given a target word. In this work, we used fastText [74] which is a faster version of word2vec 

that takes into account the word morphology. This technique is based on the skip-gram model and the words 

are represented as a sum of their n-gram characters. However, word2vec does not take into account the 

global co-occurrence of words in the whole text corpus. GloVe technique combines the Skip-gram model 

with the global matrix factorization to explore the global statistical co-occurrence of the words in the whole 

corpus. Instead of focusing only on the probability of words within a context it also takes into account the 

ratio of co-occurrence probabilities in the whole corpus extracting information from the data repetition 

within a text corpus. The generated sentences 𝑆�̂� = {𝑤1,𝑖,̂ 𝑤2,𝑖,̂ … , 𝑤𝑝,𝑖 ̂ } representing the image 𝑋𝑖 are 

encoded as 𝑉𝑖 = {(𝑒1,𝑖, 𝑓1,𝑖), … , (𝑒𝑝,𝑖, 𝑓𝑝,𝑖)}, where 𝑒𝑝,𝑖 is the word embedding obtained by the two 

embedding techniques and  𝑓𝑝,𝑖 = 𝑤𝑝,𝑖̂ / ∑ 𝑤𝑘,𝑖̂
𝑝
𝑘=1  is the word frequency normalized by the total number of 

words in the sentence. The reason behind this representation is explained in the following subsection. 

2.3.3 Image Retrieval based on Generated Textual descriptions 

The final step of the proposed methodology consists of exploiting the generated sentences of each RS image 

to retrieve the desired number of most similar RS images in the archive given a query image. To this end, 

𝑓𝑡 = 𝜎(𝑊𝑓[𝑒𝑡 , ℎ𝑡−1] + 𝑏) (2.9) 

𝑖𝑡 = 𝜎(𝑊𝑖[𝑒𝑡 , ℎ𝑡−1] + 𝑏) (2.10) 

𝑐�̅� = tanh(𝑊𝑐[𝑒𝑡 , ℎ𝑡−1] +  𝑏) (2.11) 

𝑐𝑡 = 𝑓𝑡 ∗ 𝑐𝑡−1 + 𝑖𝑡 ∗ 𝑐�̅� (2.12) 

𝑜𝑡 = 𝜎(𝑊𝑜[𝑒𝑡 , ℎ𝑡−1] + 𝑏) (2.13) 

ℎ𝑡 = 𝑜𝑡 ∗ tanh (𝑐𝑡) (2.14) 
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we need a metric that is capable of exploiting the semantic content encoded in each word using the two 

embedding techniques of the previous section. To this end, we exploit the word mover’s distance (WMD) 

[75], which is a special case of the well-known earth mover distance (EMD) [76] metric. 

The WMD uses the word vectors scattered in the semantic vector space to create a dissimilarity 

measurement of any two sentences as the minimum distance needed to convert the words of one sentence 

into the words of another sentence. In detail, let 𝐸 ∈  𝑅𝑑×𝑛  be the word embedding matrix with a 

vocabulary size 𝑛. Let 𝑒𝑖 ∈  𝑅𝑑 be the d-dimensional encoding vector of word 𝑖. Let 𝑆 and  𝑆′ be two 

documents (or sentences) represented as a normalized Bag of Words vector (nBOW), where  𝑓𝑖 =

𝑤𝑖/ ∑ 𝑤𝑘
𝑛
𝑘=1   is the number of times the word 𝑤𝑖 appears in 𝑆 divided by the total number of words 

composing 𝑆. Let 𝑐(𝑖, 𝑗) =  ‖𝑒𝑖 − 𝑒𝑗‖
2
 be the Euclidean distance in the semantic vector space between any 

two words 𝑖 and 𝑗 representing the word dissimilarity. Introducing an auxiliary matrix  𝑇 ∈  𝑅𝑛×𝑛 such that 

𝑇𝑖,𝑗 ≥ 0 denotes how much of the word 𝑖 in 𝑆 should be transferred to the word 𝑗 in 𝑆′, [75] defines the 

distance between any two documents as the minimum cumulative cost necessary to move all the words 

from sentence 𝑆 to 𝑆′  solving the following linear problem:   

𝑚𝑖𝑛
𝑇≥0

∑ 𝑇𝑖,𝑗 ∙ 𝑐(𝑖, 𝑗)

𝑛

𝑖,𝑗=1

   𝑖, 𝑗 𝜖 {1,2, … , 𝑛}   2.15 

𝑠𝑢𝑏𝑗𝑒𝑐𝑡 𝑡𝑜: ∑ 𝑇𝑖,𝑗 = 𝑓𝑖

𝑛

𝑗=1

     ∑ 𝑇𝑖,𝑗 = 𝑓𝑗

𝑛

𝑖=1

 2.16 

 

where ∑ 𝑇𝑖,𝑗 = 𝑓𝑖
𝑛
𝑗=1  states that the total flow from word 𝑤𝑖 in 𝑆 is fully transported to word 𝑤𝑗  in 𝑆′ and 

 ∑ 𝑇𝑖,𝑗 = 𝑓𝑗
𝑛
𝑖=1   states that the word 𝑤𝑗  in 𝑆′ receives all the incoming flow.  Once the WMD distance 

between the generated description of the query image 𝑋𝑞 and all of the other images in the archive is 

calculated, the images with the smallest distance to the query image are retrieved. 

2.4. Data Description and Experimental Setup 

2.4.1 Dataset Description 

To evaluate the proposed method, we used two different RS datasets:  

1) Unmanned aerial vehicles (UAV) image captioning dataset: The first dataset consists of images acquired 

by unmanned aerial vehicles (UAVs) with EOS 550D camera near the city of Civezzano, Italy on October 

17, 2012. The dataset is composed of 10 RGB images of pixel size 5184 × 3456 characterized by a spatial 

resolution of 2 𝑐𝑚, of which 6 images are used for training, 1 image for validation and 3 images for the 

test. For the purpose of this work, frames of size 256 × 256 for training, validation and test sets are 

generated. In total there are 2940 frames and each of them is composed of three textual descriptions written 

by three different human annotators. Examples of frames along with their descriptions are shown in Figure 

2.4. The vocabulary size 𝑉 of the dataset is 185. Since we make a comparison between our method and 

multilabel image retrieval, each image is labelled with one or more labels based on the ground truth 

descriptions. The total number of labels associated with the archive is 𝐶 =  16. The labels composing the 

archive are: “Asphalt”, ”Grass”, “Tree”, “Vineyard”, “Low Vegetation”, “Car”, “Gray Roof”, “Red Roof”, 

“White Roof”, “Solar Panel”, “Soil”, “Gravel”, “Rock”, “Person”, “Shadow” and “Building Facade”. 

2) Remote Sensing Image Captioning Dataset (RSICD): The second dataset is the RSICD dataset [24]. It is 

composed of more than 10, 000 RS images gathered from different maps with various resolutions. Thus, it 
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is the largest dataset used for RS image captioning. Each image has a different number of descriptions 

varying from one to five. The images are fixed to 224 × 224 pixel size.  The vocabulary size of this dataset 

is 3323. It is very useful for image captioning problems despite being affected by numerous misspellings. 

This popular benchmark dataset is unfortunately not suited for a straightforward conversion into a 

multilabel version. We, therefore, did not consider it for multilabel experiments. 

2.4.2 Experimental Settings 

As discussed in the previous section, our proposed method consists of image captioning, sentence encoding 

and image retrieval blocks. The dimension of the embedding, recurrent and multimodal layers that compose 

the image captioning block are E = R = M = 256. The features of each image are obtained using the 

ResNet50. The obtained features are passed to a dense layer (fully connected layer) of dimension D = 256 

with ReLu activations. To avoid overfitting, dropout is also applied. After the multimodal layer a dense 

layer having a dimension D = 256 with activation ReLu is applied. The output consists of a dense layer 

having softmax activations with vocabulary size dimensions V =  185 and V = 3323 for UAV and RISCD 

datasets, respectively. We randomly selected i) 60% of images to derive the training set; ii) 10% of images 

to derive the validation set and 30% of images for the test set.  In the retrieval stage, we unite the training 

and validation sets to construct the image archive and all the images in the test set for each dataset are used 

as query images to retrieve the most similar images from the archives to the query image 𝑋𝑞.  

Sentence encoding is performed using GloVe and fasText. GloVe vectors are pre-trained on Wikipedia 

2014 + Gigaword 5 corpus. They are available at the Stanford website [77]. The fasText vectors were 

trained separately in the two datasets corpus. The word vectors dimensionality is chosen as 50 for both the 

UAV and the RSICD dataset as a trade-off between the accuracy and computational complexity.  

2.4.3 Multilabel Image Retrieval System 

To evaluate the performance of the proposed method we compare it with the multilabel image retrieval. As 

was already mentioned before, the comparison with multilabeling is only done in the UAV dataset. The 

architecture of the multilabel method is the same as [78] with the difference in the last layer in which we 

use a dense layer with sigmoid activation 𝑓(𝑥) = 1/(1 + 𝑒−𝑥) instead of radial basis function neural 

network. To be fair in the comparison, we use the same features extracted with the ResNet50 as in the 

proposed caption retrieval method. The features are then passed to a dense layer of dimension 𝐷 =  256  

with ReLu activation and then to the final dense layer with dimension C = 16,  the number of classes/labels 

of the UAV dataset with sigmoid activation. The output of 𝑠𝑖𝑔𝑚𝑜𝑖𝑑 function is a probability score for each 

label. During the inference stage, to determine the presence/absence of a label in the image, we fix a 

Figure 2.4 Example of three images from the UAV dataset. The sentences from 1 to 3 correspond to ground truth sentence and 

sentence 4 (highlighted in red) is the generated sentence. 
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threshold value 𝜃𝑡ℎ and check whether the output of each neuron exceeds the threshold value. The neuron 

output of each label exceeding 𝜃𝑡ℎ are considered active determining the presence of the labels for a given 

image. The threshold value is empirically decided as 𝜃𝑡ℎ = 0.5.  

Once the label prediction is made, for each image we obtain a binary vector of dimension 𝐶 = 16,  where 

1 is associated with the presence of a given label in the image and 0 with the absence of a given label. The 

retrieval is performed by computing the Hamming distance to the query image. The images having the 

lowest Hamming distance to the query one are retrieved. 

2.4.4 Evaluation metrics 

The effectiveness of the proposed image retrieval system is quantified using three different metrics: BLEU 

score  [79], F-score [80] and user evaluation.  To define the different metrics, let 𝑋𝑞 be the query image 

along with its 𝑗 different descriptions 𝑆𝑞,𝑗 =  {𝑤1,𝑗, 𝑤2,𝑗 , … , 𝑤𝑝,𝑗} and with the set 𝐶𝑞 ∈ 𝐶 of labels present 

in 𝑋𝑞. Similarly, let 𝑌𝑟 ∈ 𝑌 be the retrieved image along with its 𝑗 different descriptions 𝑆𝑟,𝑗 =

 {𝑤1,𝑗, 𝑤2,𝑗, … , 𝑤𝑝,𝑗} and with the set 𝐶𝑟 ∈ 𝐶 of labels present in 𝑋𝑟. 

BLEU metric is a machine translation (MT) evaluation metric that measures how close the output of the 

MT system (candidate translation) is to the translation of a human expert (reference translation). The 

evaluation is based on the precision measure. Precision is calculated as the number of consecutive words 

(n-grams) in the candidate translation that occur in the reference translation divided by the total number of 

words of the candidate translation. BLEU score between a reference translation R and a candidate 

translation G is computed as a product of precision P(N, G, R) and the brevity penalty 𝐵𝑃(𝐺, 𝑅) as follows: 

𝐵𝐿𝐸𝑈(𝑁, 𝐺, 𝑅) = 𝑃(𝑁, 𝐺, 𝑅) × 𝐵𝑃(𝐺, 𝑅) 2.17 

where P(N, G, R) is the geometric mean of n-gram precision defined as: 

𝑃(𝑁, 𝐺, 𝑅) =  (∏ 𝑝𝑛

𝑁

𝑛=1

)

1 𝑁⁄

 2.18 

and 𝑝𝑛 =  𝑚𝑛 𝑙𝑛⁄  where 𝑚𝑛 is the number of n-grams between G and R, 𝑙𝑛 is the total number of n-grams 

in G. The brevity penalty penalizes the shorter translations and is calculated as follows: 

𝐵𝑃(𝐺, 𝑅) = min (1.0, exp (1 − (
𝑙𝑒𝑛(𝑅)

𝑙𝑒𝑛(𝐺)
))) 2.19 

where 𝑙𝑒𝑛(𝑅) is the length of the reference translation and 𝑙𝑒𝑛(𝐺) is the length of the candidate translation. 

Due to the geometric mean of n-gram precision when there is no higher-order n-gram precision (𝑒. 𝑔.  𝑛 =

4 ), the BLEU score of the whole sentence is 0 independently of the low order n-gram precisions (𝑛 =

 1,2,3). To overcome this issue we use a smoothing technique proposed in [81], which replaces the 0 scores 

in presence of low order n-grams with a small value 𝜀.  BLEU scores range from 0 to 1 where 1 is good. In 

this work for the n-gram precision we used 𝑛 =  1,2,3,4. In our image retrieval system, the reference 

translations are the ground truth  descriptions 𝑆𝑞,𝑗 of the query image 𝑋𝑞 and the candidate translations are 

the ground truth descriptions 𝑆𝑟,𝑗 of the retrieved image 𝑋𝑟. Before calculating the BLEU score, we apply 

the WMD distance between each description 𝑆𝑞,𝑗 of 𝑋𝑞 and all the descriptions 𝑆𝑟,𝑗 of retrieved image 𝑋𝑟 

to determine the closest description to 𝑆𝑞,𝑗 and then calculate the BLEU score between the closest 

descriptions. The BLEU score for a query image 𝑋𝑞 is determined by averaging the BLEU score between 
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each description of the query image and the closest description of the retrieved image. Finally, the BLEU 

score is averaged over all the retrieved images. 

Since we are comparing the proposed image retrieval system with multilabel image retrieval system, we 

also evaluate the performances of the proposed image retrieval system using F-score, which is an adequate 

metric in the case of multilabel information [80]. F-score is defined as the weighted harmonic mean of 

precision (Pr) and recall (Rec), where precision is defined as the fraction of identical labels of  𝑋𝑞 and 𝑋𝑟 

in the label set 𝐶𝑟 and recall is defined as the fraction of identical labels of 𝑋𝑞 and 𝑋𝑟 in the label set 𝐶𝑞 . 

Depending on the parameter 𝛽 the F-score gives more importance to precision or recall. In this work we 

have used β = 1,2. The equations of precision, recall and F-score are given in Equation 2.20, 2.21 and 2.22 

respectively, where 𝑁𝑟 is the number of retrieved images. 

A third metric used to measure the effectiveness of the proposed retrieval system is the end-user evaluation. 

Each of the end-users is asked to evaluate the performances of our retrieval system and multilabel retrieval 

system based on a simple question: “If you were to choose between the two retrieval systems, which one 

satisfies you the most in terms of retrieved images?” The term “satisfied” is interpreted as the similarity 

between the query image and retrieved image in terms of the relationship of different entities, the position, 

and orientation present in the query image and in the retrieved images. Users also considered the ranking 

produced by each retrieval system. The users are required to choose one of the retrieval systems. This 

evaluation is only done on our UAV dataset. In total, we randomly take 100 query images out of 882 query 

images and for each query image we retrieve 20 images with both our retrieval system and multilabel 

content-based image retrieval method. In total 16 users performed the evaluation. 

2.5. Experimental Results 

2.5.1 Experimental Results on UAV Dataset 

In this subsection, we evaluate the proposed retrieval system in terms of the mean BLEU score. In absence 

of works that use generated textual descriptions to query and retrieve images, we also report the upper 

bound results regarding the dataset. The upper bound results are obtained using the ground truth 

descriptions for the query and retrieving the desired most similar images to a query image. As the dataset 

has more than one ground truth description we randomly pick one of them to use as a query. We repeat this 

process 10 times and average the results. Table 2.1 and Table 2.2 show the upper bound results and the 

proposed retrieval system results, respectively. In terms of the word embedding technique, the results of 

each table are rather similar. We can notice an average gap of 10% in terms of the mean BLEU score 

between the two tables. We believe that the reason for having this gap is that the proposed retrieval system 

is affected by several errors, one of which, is the captioning block shown in Figure 2.1 Indeed, observing 

Figure 2.4 we can notice some errors in the generated sentences. Thus, one way to reduce the gap is to 

improve the image captioning block. 

 

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 =  
1

𝑁𝑟
 ∑ |

𝐶𝑞 ∩ 𝐶𝑟

𝐶𝑟
|

𝑁𝑟

𝑟=1

 2.20 

𝑅𝑒𝑐𝑎𝑙𝑙 =  
1

𝑁𝑟
 ∑

|𝐶𝑞 ∩ 𝐶𝑟|

|𝐶𝑞|

𝑁𝑟

𝑟=1

 2.21 

𝐹𝛽 =  
(𝛽2 + 1)𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 × 𝑅𝑒𝑐𝑎𝑙𝑙

𝛽2 × 𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 + 𝑅𝑒𝑐𝑎𝑙𝑙
 2.22 
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 TABLE 2-1 UPPER BOUND RESULTS IN TERMS OF MEAN BLEU SCORE (B): GROUND TRUTH DESCRIPTIONS ARE USED TO QUERY AND 

RETRIEVE THE IMAGES. 

 

TABLE 2-2 PROPOSED RETRIEVAL SYSTEM RESULTS IN TERMS OF MEAN BLEU SCORE: GENERATED DESCRIPTIONS ARE USED TO 

QUERY AND RETRIEVE THE IMAGES. 

Embedding 

 

Nr of retrieved 

Images 

 

B1 B2 B3 

 

B4 

 

 1 0.626 0.529 0.472 0.408 

 5 0.609 0.514 0.461 0.397 

GloVe 10 0.608 0.515 0.463 0.402 

 15 0.607 0.513 0.463 0.402 

 20 0.604 0.511 0.461 0.400 

      

 1 0.627 0.530 0.474 0.409 

 5 0.611 0.517 0.464 0.389 

fasText 10 0.609 0.516 0.465 0.403 

 15 0.609 0.516 0.465 0.404 

 20 0.605 0.512 0.462 0.400 

 

TABLE 2-3 COMPARISON RESULTS BETWEEN THE PROPOSED RETRIEVAL SYSTEM AND MULTILABEL METHOD.  

Method 

 

Nr of retrieved 

images 

 

 

Precision 

 

Recall 

 

F-1 Score 

 

F-2 score 

 1 0.823 0.794 0.777 0.780 

Multilabel 5 0.821 0.797 0.779 0.780 

Retrieval 10 0.799 0.793 0.762 0.772 

System [77] 15 0.779 0.793 0.749 0.765 

 20 0.789 0.790 0.752 0.764 

      

 1 0.778 0.828 0.781 0.802 
Proposed 5 0.778 0.809 0.767 0.783 
Retrieval 10 0.778 0.801 0.763 0.777 
System 15 0.776 0.794 0.759 0.772 

 20 0.773 0.788 0.754 0.766 

 

TABLE 2-4 COMPARISON RESULTS BETWEEN THE PROPOSED RETRIEVAL SYSTEM AND MULTILABEL METHOD FROM END USERS ON 20 

RETRIEVED IMAGES. 

Method User Evaluation (%) 

Multilabel image retrieval [77] 48 

Proposed retrieval system 52 

  

Embedding 

 

Nr of retrieved 

images 

 

B1 

 

B2 

 

B3 

 

 

B4 

 

 1 0.738 0.651 0.595 0.524 

 5 0.721 0.633 0.578 0.509 

GloVe 10 0.707 0.618 0.563 0.494 

 15 0.699 0.609 0.553 0.484 

 20 0.690 0.599 0.543 0.474 

      

 1 0.734 0.649 0.594 0.524 

 5 0.717 0.631 0.577 0.508 

fasText 10 0.705 0.617 0.562 0.490 

 15 0.697 0.607 0.553 0.484 

 20 0.688 0.598 0.543 0.473 
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Table 2.3. shows the results in terms of precision, recall, F-1 and F-2 scores when multilabel image retrieval 

and the proposed retrieval system are used. By analysing Table 2.3 one can observe that in terms of recall, 

F-1 and F-2 score our proposed retrieval system achieves slightly better values compared to the multilabel 

image retrieval system. However, in terms of precision, the multilabel image retrieval shows slightly better 

results. From the comparison between the proposed retrieval system and the multilabel one, we observed 

that the results are quite similar as can be seen in Table 2.3. To have a better understanding of the behaviour 

of the proposed retrieval system we also made a comparison from an end-user perspective between the 

proposed retrieval system and the multilabel one. Table 2.4 reports the results of the end-user evaluation. 

The results show that the proposed retrieval system overcomes the multilabel retrieval system by 4% from 

the end-users’ point of view. The users were also required to give some general comments about the two 

retrieval systems. In summary, the users confirmed that both algorithms retrieve similar images to a query 

image, however, the proposed retrieval system shows better visual results in terms of orientation, number 

and position of the objects compared to the multilabel image retrieval method [78].   

Figure 2.5. shows an example of images retrieved by the multilabel retrieval system and the proposed 

retrieval system. The predicted primitive classes and the generated descriptions of the query image shown 

in Figure 2.5. (a) are reported on the left and right of the image, respectively. The predicted primitive classes 

and the generated descriptions of the retrieved images are shown below each image in Figure 2.5. (b) and 

(c), respectively.  The retrieved images by the multilabel and proposed retrieval system are shown also in 

Figure 2.5. (b) and (c), respectively. Both the retrieval systems can find similar images to the query image. 

Figure 2.5 Retrieval example. (a) Query image where the 

ground truth and generated labels are shown on the top and 

bottom left of the image, respectively; ground truth and 

generated sentences are shown on the top and bottom right, 

respectively. (b) Images retrieved using multilabel image 

retrieval system. Above are shown the ground truth labels 

and below highlighted in red are shown the predicted la-

bels. (c) Images retrieved using the proposed retrieval sys-

tem. Above is shown one of the ground truth description 

and below highlighted in red are shown the generated de-

scriptions. The order of the retrieved images is reported 

above each image. 

Figure 2.6 Retrieval example. (a) Query image where the 

ground truth and generated labels are shown on the top and 

bottom left of the image, respectively; ground truth and 

generated sentences are shown on the top and bottom right, 

respectively. (b) Images retrieved using multilabel image 

retrieval system. Above are shown the ground truth labels 

and below highlighted in red are shown the predicted la-

bels. (c) Images retrieved using the proposed retrieval sys-

tem. Above is shown one of the ground truth description 

and below highlighted in red are shown the generated de-

scriptions. The order of the retrieved images is reported 

above each image 
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However, the proposed retrieval system is more accurate in finding similar images. Even though the first 

retrieved image missed “shadow”, all the retrieved images of the proposed retrieval system (see Figure 2.6. 

(c)) have the same spatial arrangement as the query image, the asphalt is on the left and the grass field is 

on the right. On the contrary, even though the results of the multilabel retrieval system (see Figure 2.6. (b)) 

include the same primitive classes as the ones of the query image their spatial arrangement is not accurate, 

except for the first retrieved image.  Figure 2.6. shows another example of images retrieved by multilabel 

retrieval system and proposed retrieval system. We can notice that the results of both the retrieval systems 

show cars parked in a parking lot. However, the fifth and tenth retrieved images from the multilabel retrieval 

system (see Figure 2.6. (b)) show only one car each while the query image describes a parking lot with 

three cars. Moreover, the first image retrieved by the multilabel retrieval system shows an additive primitive 

class, namely ‘person’. On the other hand, the images retrieved by the proposed retrieval system, even 

though the generated descriptions are affected by some errors (see Figure 2.6. (c)), show cars parked in the 

parking lot (from 3 to 4) and do not add any other primitive classes.  Another example of images retrieved 

by the two retrieval systems is shown in Figure 2.7. By looking at the images retrieved by both systems we 

can see that the proposed retrieval system can accurately find very similar images (see Figure 2.7. (c)) to 

the query image. On the contrary, the multilabel retrieval system misses different primitive classes and adds 

others (see Figure 2.7.  (b)). By visual analysis of all the obtained results regarding the UAV dataset, we 

can conclude that even though the generated descriptions are affected by some errors, the proposed method 

detects and retrieves visually most similar images from the archive to a query image. 

Figure 2.7 Retrieval example. (a) Query image where the ground 

truth and generated labels are shown on the top and bottom left of 

the image, respectively; ground truth and generated sentences are 

shown on the top and bottom right, respectively. (b) Images re-

trieved using multilabel image retrieval system. Above are shown 

the ground truth labels and below highlighted in red are shown the 

predicted labels. (c) Images retrieved using the proposed retrieval 

system. Above is shown one of the ground truth description and 

below highlighted in red are shown the generated descriptions. The 

order of the retrieved images is reported above each image. 
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2.5.2 Experimental Results on RSICD Dataset 

Table 2. V. and Table 2.VI. report the upper bound and the proposed retrieval system results, respectively. 

As was mentioned in the previous section, for this dataset the multilabels of the images are not available. 

We thus only provide the results of the proposed retrieval system and the upper bound in terms of mean 

BLEU scores. Unlike the results obtained in the UAV dataset, here we observe a reduction in terms of the 

mean BLEU score for the two tables and in particular the results of the proposed retrieval system are lower. 

The gap in terms of mean BLEU score between the two tables varies with the number of retrieved images, 

from 0.15 to 0.3. 

TABLE 2-5 UPPER BOUND RESULTS IN TERMS OF MEAN BLEU SCORE: GROUND TRUTH DESCRIPTIONS ARE USED TO QUERY AND RETRIEVE THE 

IMAGES. 

Embedding 

 

Nr of retrieved 

images 

B1 B2 B3 

 

B4 

 

 1 0.643 0.539 0.490 0.424 

 5 0.596 0.486 0.435 0.366 

GloVe 10 0.570 0.455 0.403 0.334 

 15 0.554 0.438 0.385 0.315 

 20 0.543 0.426 0.374 0.303 

      

 1 0.646 0.543 0.494 0.430 

 5 0.600 0.489 0.438 0.370 

fasText 10 0.574 0.459 0.407 0.338 

 15 0.558 0.441 0.389 0.319 

 20 0.546 0.428 0.376 0.306 

   

TABLE 2-6 

PROPOSED RETRIEVAL SYSTEM RESULTS IN TERMS OF MEAN BLEU SCORE: GENERATED DESCRIPTIONS ARE USED TO QUERY AND RETRIEVE 

THE IMAGES. 

Embedding 

 

Nr of retrieved 

images 

 

B1 

 

B2 

 

B3 

 

B4 

 1 0.386 0.257 0.209 0.147 

 5 0.385 0.259 0.214 0.153 

GloVe 10 0.384 0.259 0.214 0.155 

 15 0.381 0.256 0.212 0.153 

 20 0.380 0.255 0.211 0.152 

      

 1 0.388 0.259 0.210 0.148 

 5 0.387 0.260 0.214 0.153 

fasText 10 0.386 0.260 0.215 0.155 

 15 0.384 0.258 0.213 0.153 

 20 0.382 0.256 0.218 0.153 

 

Figure 2.8 shows an example of images retrieved by the proposed retrieval system when a query image is 

selected from the railway station category of the RSCID archive. The retrieval order of each image is given 

above the related image together with one of the ground truth descriptions. The generated descriptions are 

highlighted in red and are given below the retrieved image. From visual inspection of the retrieved images, 

we can observe that all the retrieved images are very similar to the query image. The 15𝑡ℎ retrieved image 

(see Fig. 2.8(b)) contains some bare land that is not captured by the generated description. However, the 

bare land even if not included in all the ground truth descriptions, is present in all the retrieved images. 

Figure 2.9.  shows another example of retrieved images when the query image is selected from the sparse 

residential category of the archive. We can observe that all the retrieved images are very similar to the query 
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image. Even if the ‘meadow’ primitive class is missing, all the retrieved images show a single building 

surrounded by trees.  

Figure 2.10 shows another example of the retrieved images where the query image is selected from the port 

category of the archive. The ground truth descriptions of the query image are in total three: 

1. “There are many places to a relatively large port.” 

2. “The lake is green above a lot of ship.” 

3. “Many boats are orderly in a port.” 

the ground truth descriptions for the 1𝑠𝑡 retrieved image (see Fig. 2.11(b)) are: 

1. “Many small black fish are in the pond.” 

2. The pond is surrounded by light green lawns ad vegetation.”; 

3. “Many cars are parked on the street.” 

4. “Many ships are parked in the harbor.” 

We notice that in both the query and the first retrieved image we find some ambiguity in the ground truth 

descriptions. For instance, the first ground truth description of the first retrieved image is completely wrong. 

Indeed, the BLEU scores 1,2,3 and 4 between the query image and the first retrieved image are 0.316, 

0.064, 0.055 and 0.033, respectively. We also can notice that the generated descriptions, even if very short 

and simple, are in line with what it is shown in the query image and the retrieved images (see Fig. 2.10 (a) 

and(b)). Furthermore, one can see that all the retrieved images, from a visual inspection, are highly 

correlated to the query image.  

Figure 2.11 shows another example of the retrieved image when the query image is selected from the dense 

residential category of the archive.  The ground truth descriptions of the query images are in total three: 

1. “The roof of residential buildings is red”  

2. “The wide have a lot of people walking on the road” 

Figure 2.8 Railway station image retrieval. (a) Query im-

age. (b) Images retrieved using the proposed retrieval sys-

tem. Generated textual descriptions (highlighted by red) 

are reported below the related images of (b). One ground 

truth description is reported above the related images of 

(b). The order of the retrieved images is reported above 

each image. 

Figure 2.9 Sparse residential image retrieval. (a) Query 

image. (b) Images retrieved using the proposed retrieval 

system. Generated textual descriptions (highlighted by 

red) are reported below the related images of (b). One 

ground truth description is reported above the related im-

ages of (b). The order of the retrieved images is reported 

above each image 
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3. “Many buildings are in a dense residential area” 

Even in this example, we can notice that the first two ground truth descriptions of the query image may not 

be very accurate, as they are missing some classes and adding some others not present in the query image. 

The third description instead is found almost in all the images within the dense residential category. As we 

use all the ground truth descriptions of the query image to calculate the BLEU score when the ground truth 

description presents some ambiguity the score will be low. Indeed, for the given example we have BLEU 

1, BLEU 2, BLEU 3 and BLEU 4 scores of 0.333, 0.230, 0.207 and 0.163, respectively. However, for the 

example shown in Figure 2.9. we have BLEU 1, BLEU 2, BLEU 3 and BLEU 4 scores of 0.637, 0.551, 

0.514 and 0.456, respectively. This may be one of the reasons why the results reported in Table. 2.6 are 

much lower compared to Table. 2.5.  

From different examples that we have seen from the RSICD, we can conclude that the reason why the 

results of Table 6 are low may be mainly related to the ambiguity of the ground truth descriptions. We 

would like to emphasize that this phenomenon occurs throughout all the RSICD dataset. Despite this, we 

can conclude that the caption generator block concentrates more on the most frequent ground truth examples 

during training to learn and to generate during test time highly correlated captions with the image visual 

contents. We also can conclude that no matter the low results we have obtained in terms of mean BLEU 

score per query image, the similarity between the query image and all the retrieved images shown in 

different examples is considerably high.  

2.6. Final Remarks 

In this chapter, we have presented a novel image retrieval system that represents the high-level semantic 

content of the images by generated sentences and performs image retrieval based on the generated 

sentences. The main idea and contribution of the chapter is the combination of RS and NLP techniques to 

perform RS image retrieval. Representing the image content by generated sentences allows expressing 

better the complex content of an RS scene compared to descriptors that only model the primitives. As a 

consequence, the retrieval system might be more accurate if proper sentences are generated and used to 

query and retrieve images from an archive. Hence, the image captioning block is crucial. We have tested 

Figure 2.10 Port image retrieval. (a) Query image. (b) Images 

retrieved using the proposed retrieval system. Generated tex-

tual descriptions (highlighted by red) are reported below the 

related images of (b). One ground truth description is reported 

above the related images of (b). The order of the retrieved im-

ages is reported above each image. 

Figure 2.11 Dense residential image retrieval. (a) Query im-

age. (b) Images retrieved using the proposed retrieval system. 

Generated textual descriptions (highlighted by red) are re-

ported below the related images of (b). One ground truth de-

scription is reported above the related images of (b). The or-

der of the retrieved images is reported above each image. 
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our system in two different RS archives. From the qualitative and quantitative results, using generated 

sentences as a query to perform image retrieval could be a promising direction for the community to 

improve the CBIR techniques. In future work, we plan to improve the captioning block. 
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Chapter 3 

 

3. SVM-Based Decoder 

3.1. Motivation 

As we saw in Chapter 1 most of the IC systems in the RS community are based on the encoder-decoder 

framework. In this system, CNNs are used to represent the images with discriminative features and RNNs 

are used to translate the features into a sentence description. Besides the RNNs, Transformers lately are 

being used as decoders. In particular, the use of Transformers is  combined with self-critical sequence 

training [51] or variational autoencoder [52] to cope with insufficient training data. 

The advantages of the encoder-decoder frameworks that use RNNs or Transformers as decoders is their 

ability to generate human-like descriptions. However, they are affected by various issues. For example, the 

performance of these systems depends on the number of annotated training samples (the larger the training 

set, the lower the risk of overfitting). Indeed, in the CV community, the datasets that are used to train and 

test IC systems are characterized by a very large amount of annotated samples. An example of such a dataset 

is the MS COCO dataset [53] which is composed of more than 300,000 images where each image is 

annotated with 5 descriptions. In contrast to the CV community, in the RS community, datasets used to 

perform IC are typically small since creating big datasets is not always possible as it is an expensive process 

in terms of time and resources. Another issue is the high number of hyperparameters that need to be 

carefully chosen to have good performance. Furthermore, deep learning methodologies demand expensive 

computational power units like graphic processing units (GPUs) to have reasonable training and testing 

time. It is worth mentioning that the more complex the system the more acute the aforementioned issues.  

To cope with the aforementioned problems, in this Chapter, we propose a novel decoder that is based on a 

network of support vector machines (SVMs) [82] for those situations in which it is possible to only have a 

limited number of training samples. SVMs are well-known classifiers in the RS community [83]. They are 

based on the margin maximization principle that renders them less sensitive to overfitting compared to deep 

learning methodologies [83]. In this work, a network of SVMs is used as a decoder instead of RNNs or 

Transformers to alleviate the problem of overfitting and to speed up training and inference time. Another 

advantage of SVMs is the low number of hyperparameters that need to be chosen to yield an accurate 

system. The proposed IC framework is shown in Figure 3.1. A CNN extracts image features and represents 

them with a fixed-length feature vector and a network of k SVM multiclass classifiers in cascade translates 

the feature vector into a sentence description (i.e., caption). The last SVM multiclass classifier is rendered 

recurrent to model the dependency on the previous words while generating the new words of a sentence. 

Note that this work is part of simple encoder-decoder networks that do not explore any kind of attention 

mechanism. 

Overall, the main contributions of this chapter can be summarized as follows: 

 A novel decoder architecture based on SVM is introduced for the first time in the framework of IC. 

It is suitable for situations in which only a few training samples are available to alleviate the 

problem of overfitting. 

 The proposed framework achieves better results compared to simple encoder-decoder frameworks 

in terms of accuracy and shows comparable and sometimes better results compared with the more 

sophisticated encoder-decoders that exploit attention mechanisms. 

 The proposed method is characterized by an extremely short training and inference time. 
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3.2. Methodology 

Let X = {X1, X2, … , XM} be a training set consisting of 𝑀  images and 𝑋𝑖 be the 𝑖𝑡ℎ image. Let us assume 

that each image 𝑋𝑖   is annotated with one or more sentence descriptions (or captions). Let 𝑆𝑖 =  {𝑠𝑖,𝑗} 𝑗=1
𝐽

 

be the set of sentences associated with the image 𝑋𝑖 and 𝑠𝑖,𝑗 be the 𝑗𝑡ℎ sentence description in the set. Each 

sentence 𝑠𝑖,𝑗 can be formulated as a set of ordered words 𝑠𝑖,𝑗 =   {𝑤𝑖𝑗,𝑙} 𝑙=1
𝐿  where 𝑤𝑖,𝑗,𝑙 is the 𝑙𝑡ℎ word of 

the sentence 𝑠𝑖,𝑗  and 𝐿 is the maximum length of 𝑠𝑖,𝑗. As with any encoder-decoder IC framework, our 

proposed IC system is composed of two steps: 1) image representation and 2) sentence generation. The first 

step aims to represent the input image with discriminative features while the second one is focused on the 

translation of the features into a sentence description. In this work, we have used a pre-trained CNN to deal 

with the first part and a network of k SVM multiclass classifiers to deal with the language part. In particular, 

the 𝑘𝑡ℎ  SVM is rendered recurrent to model the dependency of the previously predicted words while 

generating the successive words of the sentence description.  

3.2.1 Image Representation 

The first step of an IC system is to represent the images with discriminative features. To this end, we rely 

on CNNs since they have shown to be able to overcome the need of hand-crafted features [84]. To be in the 

same line as in most previous encoder-decoder IC systems in the RS community, in our work we exploit 

the VGG16 [36] CNN architecture pre-trained on ImageNet [85]. The image features are obtained passing 

each image 𝑋𝑖 through the pre-trained CNN architecture (omitting the last fully connected layer) as follows: 

𝑓𝑖 = 𝑉𝐺𝐺16(𝑋𝑖)  (3.1) 

 

3.2.2 SVM decoders 

The main difference between the proposed IC system and the previous works is the sentence generation 

part or decoding stage. While most of IC systems use sequential models such as RNN and LSTM as a 

decoder, in this work for the first time we develop a network of k SVMs in cascade to decode the features 

Figure 3.1 An overview of the proposed captioning method. The proposed method consists of two parts: an encoder, which 

maps the images into feature space and a decoder composed of a network of K SVM multiclass classifiers that generates the 

captions. The 𝑘𝑡ℎ classifier (highlighted in red) is rendered recurrent. The prediction process stops when a particular words 

indicating the end of the sequence is predicted. 
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into a sentence as shown in Figure 3.1. More precisely, given an image 𝑋𝑖 and one of its sentence 

descriptions 𝑠𝑖,𝑗, the first SVM namely 𝑆𝑉𝑀1 learns the mapping between the feature vector 𝑓𝑖 of the 

considered image 𝑋𝑖 and the first word 𝑤𝑖,𝑗,1 of the sentence 𝑠𝑖,𝑗 represented by the following formulation: 

𝑤𝑖,𝑗,1  = 𝑆𝑉𝑀1(𝑓𝑖) (3.2) 

The second SVM multiclass classifier (𝑆𝑉𝑀2) in turn learns the mapping between, on the one hand, the 

feature vector 𝑓𝑖 and the first word 𝑤𝑖,𝑗,1 of sentence 𝑠𝑖,𝑗 and, on the other hand, the second word 𝑤𝑖,𝑗,2 as 

shown in (3): 

𝑤𝑖,𝑗,2  = 𝑆𝑉𝑀2(𝑓𝑖, 𝑤𝑖,𝑗,1) (3.3) 

Following the same logic, the subsequent 𝑘 − 1 SVM multiclass classifiers (𝑆𝑉𝑀𝑘−1) will learn the 

mapping between, on the one hand, the image features 𝑓𝑖 and the previous 𝑘 − 2  words 𝑤𝑖,𝑗,𝑙 (with l=

1,2 …  𝑘 − 2) and, on the other hand, the subsequent word 𝑤𝑖,𝑗,𝑘−1: 

𝑤𝑖,𝑗,𝑘−1  = 𝑆𝑉𝑀𝑘−1(𝑓𝑖,  𝑤𝑖,𝑗,1 …  𝑤𝑖,𝑗𝑘−2). (3.4) 

The last multiclass SVM classifier namely 𝑆𝑉𝑀𝑘 is a particular classifier as it is rendered recurrent. In a 

recurrent manner, this classifier learns the mapping between the image features 𝑓𝑖 and 𝑘 − 1 previous words 

on the one hand and the subsequent 𝐿 − 𝑘 words on the other hand where 𝐿 is the length of the considered 

sentence. To each sentence are added two special words  𝑤0 ‘startseq’ and  𝑤𝐿+1 ‘endseq’ indicating the 

start and the end of a sentence, respectively. Each word 𝑤𝑖,𝑗,𝑙 of the sentence 𝑠𝑖,𝑗 is encoded using one-hot 

encoding with dimension 𝑉 which is the vocabulary size. To represent the previous words at a given point 

l in the sentence, we encode the part of the sentence up to 𝑙 in two ways: 1) by concatenating the word 

vectors or 2) by relying on a bag of words (BoW) representation. 

1) Sentence Encoding with word concatenation: The word concatenation allows for the preservation 

of the sequential order of the words. The 𝑘𝑡ℎ SVM multiclass classifier recurrently learns the map-

ping between the image features and a fixed size of 𝑘 − 1 previous words on the one hand and the 

subsequent 𝐿 − 𝑘 words on the other hand. Image features and the 𝑘 − 1 previous word vectors are 

concatenated together. More precisely, at each step (iteration) we have a fixed window size shift of 

Figure 3.2 Recurrent SVM multiclass classifier a) with word concatenation (SVM-D CONC) 

and b) with BoW (SVM-D BOW).  𝑤0  and  𝑤𝐿+1  are special tokens indicating the start and the 

end of a sentence, respectively. 
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𝑘 − 1 words while learning the mapping of the subsequent words 𝑤𝑖,𝑗,𝑙. The recurrent SVM mul-

ticlass classifier can capture temporal sequences in an explicit way up to order 𝑘, but the input 

vector may be large. This however is well handled by SVM, which tolerates high-dimensional 

inputs. 

 

2) Sentence encoding using Bow: Bag of words (BoW) is an encoding technique used in the NLP field 

where each sentence is represented as a vector of a fixed length of vocabulary size 𝑉 and each entry 

of the vector represents the number of times that each word appears in the considered sentence. To 

have the BoW representation of part of a sentence, we simply sum up the one-hot vector represen-

tations of the words composing the considered part of the sentence. An advantage of this encoding 

is that, to learn the mapping of a subsequent word, we exploit all the previous words of the sentence 

(and not just a subset) while keeping unchanged the size of the generated code (V). A drawback is 

that the word order is lost. As in the previous sentence encoding strategy, image features and word 

vectors are concatenated together. 

3.3. SVM Training and Inference 

For simplicity, let us consider a binary classification. Let us assume to have a training set consisting of M 

vectors from d-dimensional feature space 𝑥𝑖  ∈  ℜ𝑑  (𝑖 = 1,2, … , 𝑀) where each training sample is 

associated to a positive or negative class 𝑦𝑖 ∈ {1,-1}. The SVM consists in mapping the data into a higher 

dimensional feature space i.e., Φ(𝑥) ∈  ℜ𝑑′
 (𝑑′ ≫ 𝑑) to find a hyperplane that separates the two classes by 

minimizing the following cost function: 

Ψ(𝜔, 𝜉) =
1

2
‖𝜔‖2 + 𝐶 ∑ 𝜉𝑖

𝑀

𝑖=1

 (3.5) 

that is a combination of two criteria, margin maximization and error minimization. 𝜉𝑖 are the so-called slack 

variables and 𝐶 is a regularization parameter. The cost minimization function Ψ(𝜔, 𝜉) is subjected to the 

following constraints: 

𝑦𝑖(�̅� ∙ Φ(𝑥𝑖)) + 𝑏 ≥ 1 − 𝜉𝑖 , 𝑖 = 1,2, … , 𝑀 (3.6) 

and 

𝜉𝑖 ≥ 0, 𝑖 = 1,2, … , 𝑀 (3.7) 

The optimization problem can be transformed into a dual formulation and kernelized, leading to a Quadratic 

Programming (QP) solution [82]. In the end, the following discriminant function is obtained: 

ℎ(𝑥) = ∑ 𝛼𝑖𝑦𝑖K(𝑥𝑖, 𝑥) + �̅�

𝑖∈𝑆

 (3.8) 

where K(∙,∙) is a kernel function and S a subset of indices {𝑖 = 1,2, … , 𝑀}. The binary classification case 

can be easily extended to multiclass classification following one vs one or one vs all strategies [83]. 

During the test phase, the features of the test images are given as input to the network of k SVM classifiers 

to generate the sentence descriptions of the images one word at a time. The sentence generation process of 

a test image 𝑋𝑡 is described with the following equations:  

𝑤𝑡,1̂  = 𝑆𝑉𝑀1(𝑓𝑖) (3.9) 

𝑤𝑡,2̂  = 𝑆𝑉𝑀2(𝑓𝑖, 𝑤𝑖,1̂) (3.10) 



 

 29 

…
   

𝑤𝑡,�̂�  = 𝑆𝑉𝑀𝑘(𝑓𝑖, 𝑤𝑡,1̂, … , 𝑤𝑡,𝑘−1)̂  (3.11) 

The recurrent SVM (𝑆𝑉𝑀𝑘), depending on the sentence encoding (see Fig.3.2.), will recurrently predict the 

subsequent words based on the image features and the previous words. The sentence generation process 

stops when predicting the special word ‘endseq’ indicating the end of the sentences. 

3.4. Experiments 

3.4.1 Dataset Description 

To validate the proposed RS IC system, we conducted experiments on four different datasets: UAV, UCM, 

Sydney and Remote Sensing Image Captioning dataset (RSICD). The first three datasets are characterized 

by a small number of annotated images and are more suitable for our IC system. The UAV and RSICD 

datasets have been introduced in Chapter 2. In the following, we describe Sydney and UCM datasets. 

1) UCM caption dataset is based on the UC Merced Land Use Dataset [86] and proposed in [22]. It 

contains 2100 images of size 256 𝑥 256 characterized by a spatial resolution of 30.48 cm. Each 

image is annotated with five different sentences. 

2) Sydney caption dataset originates from the Sydney dataset [87] and is proposed in [22]. The dataset 

is composed of 613 images characterized by a spatial resolution of 50 𝑐𝑚. Each image is annotated 

with five different descriptions. 

3.4.2 Evaluation Metrics 

The metrics used to evaluate the performances of our RSCC systems are BiLingual Evaluation Understudy 

(BLEU) [79], Recall-Oriented Understudy for Gisting Evaluation (ROUGE_L) [88], Metric for Evaluation 

of Translation with Explicit Ordering (METEOR) [89] and Consensus-based Image description Evaluation 

(CIDEr) [90]. They measure how close the output of an IC system (generated description) is to the 

descriptions provided by human experts (reference descriptions). In particular, the BLEU score uses the n-

gram (n-consecutive words) precision to quantify the similarity between the generated change caption and 

the reference ones. In this paper, n ranges from 1 to 4. ROUGE_L calculates the F-score with respect to the 

longest common subsequence between the generated descriptions and the reference ones. METEOR is 

based on the harmonic mean of unigram precision and recall, with recall weighted higher than precision. 

Finally, CIDEr computes the similarity between a generated description and reference descriptions based 

on the Term Frequency Inverse Document Frequency (TF-IDF). The main idea of CIDEr is to weigh 

differently the words present in the corpus. The most frequent words are likely to be characterized by low 

information while the rarest ones have more information. 

3.4.3 Experimental Setup 

The experiments were performed maintaining the default splitting for the three publically available datasets 

(UCM, Sydney and RSICD): 80%, 10% and 10% for training, validation and test, respectively. Whereas 

for the UAV dataset, the splitting is 60% for training, 10% for validation and 30% for test. The vocabulary 

sizes 𝑉 for each dataset are 127, 338, 216 and 3323 words for UAV, UCM, Sydney and RSCID, 

respectively. As previously discussed, the peculiarity of this work is a decoding process based on 𝐾 𝑆𝑉𝑀 

multiclass classifiers. In our experiments, we adopted 𝐾 = 4, that is we have 4 SVM multiclass classifiers 

in total where the last one is recurrent. We believe this value captures satisfactorily within-sentence 

correlation while model complexity keeps contained. It is also noteworthy that in the literature the BLEU 

metric typically does not go beyond n=4 because within-sentence correlation drops significantly. To 

provide an in-depth analysis, we conduct an additional thorough experimental study which is reported in 

subsection 3.5.5. 
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We rely on a linear SVM multiclass classifier that has only one free parameter which is the value of the 

regularization parameter C. The best values found on the validation set are 𝐶 =  10−3, 10−1, 10−2 and 

 10−2 for 𝑆𝑉𝑀1, 𝑆𝑉𝑀2, 𝑆𝑉𝑀3 and 𝑆𝑉𝑀4, respectively for all datasets. The SVM implementation is based 

on LIBLINEAR [91] and is implemented in python. The experiments were conducted on an Intel(R) 

Xeon(R) CPU E5-1620 v3 @3.50 GHz machine. 

The image features are obtained using VGG-16 as a backbone pre-trained on ImageNet. VGG-16 produces 

a fixed feature vector of 4096 dimensions. Each SVM takes as input the image features and the previously 

predicted words (if present) to predict the subsequent words. All image and word features are scaled to be 

in the range [0, 1] using a minimax scaler characterized by the following formula:  

𝑥′ =  
𝑥 − 𝑥𝑚𝑖𝑛

𝑥𝑚𝑎𝑥 − 𝑥𝑚𝑖𝑛
 (3.12) 

where 𝑥 is the original feature value, 𝑥𝑚𝑖𝑛 and 𝑥𝑚𝑎𝑥  are the minimum and the maximum feature values 

respectively, and 𝑥′ is the normalized feature value. Note that also the recurrent SVM at each step (iteration) 

takes as input both image features and previously predicted words to recurrently predict the subsequent 

ones. Depending on the sentence encoding process, we have a different dependency on the previously 

predicted words. In the case of sentence encoding with word concatenation, the prediction of a new word 

depends on a fixed window size of 𝑘 = 4 previously predicted words. This strategy allows for maintaining 

the word order. Conversely, the sentence encoding is performed using BoW, the prediction of a new word 

depends on all previous words (from sentence start), but the word order is not preserved. The iteration 

process of the recurrent SVM ends when a special token indicating the end of the sentence is predicted or 

the maximum possible length of a sentence is reached. The maximum length of a sentence is chosen based 

on the longest sentence present in the training set and it is different for each dataset.  

3.4.4 Description of Reference Methods 

To show the effectiveness of the proposed method, we compare it with some state-of-the-art methods. The 

majority of these works are based on the encoder-decoder frameworks. Among them, we can find encoder-

decoder frameworks without and with attention mechanisms. It is worth noting that our SVM-based IC 

system belongs to the category of encoder-decoder methods, which do not exploit any kind of attention 

mechanism. Besides these two major categories, it is noteworthy to mention a retrieval method proposed 

in [21] and called CSMLF. In this method, images and sentences are mapped into the same latent semantic 

space and a distance metric is developed to measure the similarity between images and sentences. In the 

following, we describe briefly the methods used for comparison. 

1) Simple encoder-decoder frameworks 

a) VLAD+RNN and VLAD+LSTM introduced in [24]: these methodologies are based on hand-crafted 

features where the encoder is the well-known vector of locally aggregated descriptors (VLAD) [40] 

and the decoder is the simple RNN and LSTM [34], respectively. LSTM is a more sophisticated version 

of the simple RNN. 

 

b) mRNN, mGRU and mLSTM introduced in [22]: these methodologies use deep features where the 

pre-trained VGG 16 CNN architecture is employed as an encoder to represent the image with a fixed-

length feature vector and as decoder are used the simple RNN, LSTM, and GRU respectively. Gated 

Recurrent Unit (GRU) [92] is a variant of the simple RNN. 

 

c) mGRU-embed word is the same multimodal framework used in [22] in which images are encoded 

using the pre-trained VGG16 architecture to obtain the image features represented by a fixed-length 
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vector and GRU is used as a decoder to generate the descriptions. The difference is that, instead of 

training the word vectors from scratch, the authors exploit the GloVe pre-trained word vectors [73]. 

 

d) Merge GRU-D [93]: this method uses VGG-16 to encode the image features into a fixed-length 

feature vector and GRU to generate the descriptions. Different from the previous methods, GRU deals 

only with the sentence part. The image features are concatenated with the GRU output in a subsequent 

layer to condition the sentence generation with the image information. 

 

2) Attention-based encoder-decoder frameworks 

a) Soft attention and hard attention are two attention-based methods [18], [32] introduced in the RS 

community in [24]. The image features are obtained using VGG16 CNN architecture. Unlike the simple 

encoder-decoder framework that exploits the penultimate fully connected layer to represent an image, 

here convolutional layers are trained to produce convolutional maps of different parts of the image. The 

different parts of the images are weighted differently by the LSTM decoder to decide where to focus 

the attention while generating the words composing the sentence. In the hard attention model, a 

sampling strategy is used to decide the focus of the attention. 

 

b) ConvCap is an attention-based model that is based on CNNs as encoders and decoders. In particular, 

VGG-16 is used to encode the image and CNN architecture designed by [94] is employed as a decoder 

to generate the descriptions. 

 

c) Retrieval Topic Recurrent Memory Networks (RTRMN) [29] is an attention-based method based 

on ResNet-101 CNN architecture as encoder and a memory network as the decoder. Topic words are 

extracted and retrieved from the reference descriptions and are used to guide the decoder in generating 

the descriptions. “RTRMN” semantic and “RTRMN “statistical are two variants of the RTRMN that 

are based on the semantic topic words and the statistical topic words, respectively. 

 

d) Sound Active Attention (SAA) [28] is another attention-based method that exploits sound 

information to guide the decoder in generating the description of an image. It uses an encoder VGG-16 

and sound GRU to encode the image information and the sound information, respectively, as well as a 

separate GRU as a decoder to generate the descriptions. 

 

e) SD-RSIC [43] is an attention-based method that exploits the summary of the ground truth captions 

to guide the decoder to generate the description of an image. It uses different pre-trained CNN and 

LSTM to encode the image information and generate the descriptions, respectively. To be coherent 

with the other IC systems, we will consider only the results where VGG-16 is used as an encoder. 

3.5. Experimental results 

In this section, we discuss the experimental results achieved on four different datasets. The comparison 

with previously mentioned reference methods is done only for the three publicly available datasets. 

Regarding our UAV dataset, we have reported only the results achieved by our IC systems and merge GRU-

D [93] which we implemented following the instructions in [93]. More details about the implementation of 

the merge GRU-D method are provided in Section 3.5.5. The SVM-D CONC and SVM-D BOW are the 

two proposed IC systems that are based on the word concatenation and BoW model to encode the sentences, 

respectively. The results of most of the methods in terms of accuracy, training and test times are taken from 

the experiments performed in [28]. The experiments provided by [28] are conducted on Ubuntu 14.04.5 

LTS with 48 Intel(R) CPU E5-2650 v4 @ 2.20, which has a better performance compared to our machine. 

See Table 3-1 for more details. It is worth noting that even though we have trained the merge GRU-D for 

50 epochs, on each dataset (Section 3.5.5), the reported results in terms of accuracy, training and testing 
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times are based on the model which achieves the highest validation accuracy. The epoch number in which 

the highest validation accuracy is reached differs from dataset to dataset and it is much less than 50. In 

particular, the epoch number with the highest validation accuracy is 13, 18, 10 and 3 for UAV, Sydney, 

UCM and RSICD datasets, respectively. 

TABLE 3-1 PERFORMANCE COMPARISON OF THE MACHINES USED FOR THE EXPERIMENTS 

Method 
Ours 

(CPU E5-1620) 

[28] 

(CPU E5-2650) 

CPU Speed 4 𝑥 3.6 𝐺𝐻𝑧 𝟖 𝒙 𝟐 𝑮𝑯𝒛 

CPU Threads 8 𝟏𝟔 

PassMark 9154 𝟏𝟎𝟗𝟓𝟑 

Maximum memory size 375𝐺𝐵 𝟕𝟓𝟎𝑮𝑩 

 

3.5.1 Experimental Results on UAV Dataset 

Table 3-2 reports the quantitative results of our two IC systems and the merge GRU-D [93] in terms of 

different metrics, and training and test times. We can see that both of our IC systems show better results 

compared with merge GRU-D [93]. In particular, we can notice that SVM-D BOW achieves the highest 

results in almost all the metrics. In terms of training and testing time, we can see that our two proposed 

decoder is much faster compared to merge GRU-D [93], in particular the testing time. Fig. 4 depicts four 

examples of images where the first description of each image is one of the reference descriptions, whereas 

the second, third and fourth ones are generated by GRU-D [93], SVM-D BOW and SVM-D CONC, 

respectively. We can notice that all the generated descriptions of our two models, even though with some 

errors, are in line with the image semantic content. In particular, the descriptions of the first and fourth 

images (see Figures 3.3. a) and 3.3. d)) contain all the semantic information of the image and are very 

similar to the reference descriptions whereas the descriptions of the second and third images (see Figures 

3.3. b and 3.3. c) are affected by some errors or they miss some semantic information. The descriptions 

generated by the merge GRU-D [93] seem to be more affected by errors. In fact, except for the first image 

(see Figures 3.3. a) where the description is very accurate, the rest of the descriptions contain some errors 

related to the position and orientation of the objects. In particular, the generated descriptions seem to be 

biased towards the word ‘bottom’. In the last column of Table 3-2 are reported training and inference times 

of the models. Our two models are faster than merge GRU-D [93], in particular the test time. Note that the 

test time represents the time to generate all the descriptions of the images found on the test set. 

TABLE 3-2 EVALUATION SCORES (%) AND TIMES NEEDED FOR TRAINING (MINUTES) AND TESTING (SECONDS) ON UAV DATASET. 

IN BOLD ARE REPRESENTED THE BEST RESULTS WHILE IN ITALIC THE SECOND BEST RESULTS. 

Method B-1 B-2 B-3 B-4 METEOR ROUGE-L CIDEr-D 

Training 

time 

(minutes) 

Test time 

(seconds) 

Merge GRU-D  

[93] 
66.03 55.08 44.87 35.37 31.31 66.76 368.36 4.9 20.20 

SVM-D BOW 68.84 58.05 48.33 39.22 32.81 69.63 391.31 3.8 1.73 

SVM-D CONC 65.13 56.53 48.15 39.69 32.17 69.31 389.45 3.3 1.87 
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3.5.2 Experimental Results on Sydney Dataset 

In this dataset, we compare the results of our IC systems with thirteen different state-of-the-art IC systems 

that include retrieval based, encoder-decoder and attention-based encoder-decoder IC frameworks. In Table 

3-3 are reported the results of each method where the best and the second-best results are in bold and italic 

respectively, whereas the “-” symbol indicates that the corresponding metrics are not available for the 

considered models. In particular, our two proposed IC systems not only can outperform all the simple 

encoder-decoder frameworks with a good margin in all the metrics but also show comparable or better 

results compared with attention-based IC systems. It is noteworthy that the results in terms of BLEU-1 and 

BLEU-2 achieved by SVM-D BOW are the best.  

TABLE 3-3 EVALUATION SCORES (%) AND TIMES NEEDED FOR TRAINING (MINUTES) AND TESTING (SECONDS) ON SYDNEY CAPTION DATASET. 
“- “INDICATES THAT THE CORRESPONDING METRIC ARE NOT AVAILABLE FOR THAT MODEL. 

IN BOLD ARE REPRESENTED THE BEST RESULTS WHILE IN ITALIC THE SECOND BEST RESULTS. 

Method B-1 B-2 B-3 B-4 METEOR ROUGE-L CIDEr-D 

Training 

time 

(minutes) 

Test time 
(seconds) 

VLAD+RNN [24] 56.58  45.14  38.07  32.79  26.72  52.71  93.72 - - 
VLAD +LSTM [24] 49.13  34.12  27.60  23.14  19.30 42.01 91.64 - - 

mRNN [22] 51.30  37.50  20.40  19.30  18.50  - 161.00 - - 

mLSTM [22] 54.60  39.50  22.30  21.20  20.50  - 186.00 - - 
mGRU [22] 69.64  60.92  52.39  44.21  31.12  59.17  171.55 - - 

mGRU embedword 

[22] 

68.85  60.03  51.81  44.29  30.36  57.47  168.94 - - 

Merge GRU-D [93] 73.07 63.37 56.41 49.87 33.09 63.34 193.93 4.2 2.45 

CSMLF [21] 59.98  45.83  38.69  34.33  24.75  50.18  75.55 - - 

ConvCap [94] 74.72  65.12  57.25  50.12  34.76  66.74  214.84 - - 
Soft-attention  [24] 73.22  66.74  62.23  58.20  39.42  71.27  249.93 - - 

Hard-attention  [24] 75.91  66.10  58.89  52.58  38.98  71.89  218.19 - - 

SAA [28] 68.82  60.73  52.94  45.39  30.49  58.20  170.52 - - 
SD-RSIC [95] 72.4 62.1 53.2 45.1 34.2 63.6 139.5 - - 

SVM-D BOW  77.87 68.35 60.23 53.05 37.97 69.92 227.22 3.37 0.39 

SVM-D CONC 75.47 67.11 59.70 53.08 36.43 67.46 222.22 2.26 0.23 

 

Figure 3.3 Captioning examples of test images from UAV dataset. The first description corresponds to one of the ground truth 

descriptions while the second, third and fourth descriptions are generated by Merge GRU-D, SVM-D BOW and SVM-D CONC 

models, respectively. The words in red indicate errors in the generated descriptions. 
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3.5.3 Experimental Results on UCM Dataset 

Here, we compare the results of our IC systems with fifteen different state-of-the-art IC methods that 

comprise retrieval based, encoder-decoder and attention-based encoder-decoder IC frameworks. In Table 

IV are reported the results of each method. The proposed IC systems can outperform the simple encoder-

decoder and CSMLF methods in all the metrics. Furthermore, we can see that the results achieved by our 

IC systems, in particular by SVM-D CONC, are also higher compared with some methods that exploit 

attention mechanisms, such as ConvCap [94], soft attention [24] and RTRMN (statistical) [29]. In the last 

two columns of Table, 3-4 is reported the training and inference times of each method. We can see that our 

method is the fastest one.  

TABLE 3-4 EVALUATION SCORES (%) AND TIMES NEEDED FOR TRAINING (MINUTES) AND TESTING (SECONDS) ON UCM CAPTION DATASET. 

“-“ INDICATES THAT THE CORRESPONDING METRIC ARE NOT AVAILABLE FOR THAT MODEL. 
IN BOLD ARE REPRESENTED THE BEST RESULTS WHILE IN ITALIC THE SECOND BEST RESULTS. 

Method B-1 B-2 B-3 B-4 METEOR ROUGE-L CIDEr-D 
Training 

time 

(minutes) 

Test time 

(seconds) 

VLAD+RNN  [24] 63.11  51.93  46.06  42.09  29.71  58.78  200.66 121.43 2.57 

VLAD +LSTM  
[24] 

70.16  60.85  54.96  50.30  34.64  65.20  231.31 
291.18 2.89 

mRNN [22] 60.10  50.70  32.80  20.80  19.30  - 214.00 18.64 6.39 

mLSTM [22] 63.50  53.20  37.50  21.30  20.30  - 222.50 23.58 5.83 
mGRU [22] 42.56  29.99  22.91  17.98  19.41  37.97  124.82 34.00 32.43 

mGRU embedword 

[22] 

75.74  69.83  64.51  59.98  36.85  66.74  279.24 
31.75 29.76 

Merge GRU-D [93] 75.74 67.16 60.63 55.29 37.81 69.11 274.85 14 7.2 

CSMLF [21] 36.71  14.85  7.63  5.05  9.44  29.86  13.51 - - 

ConvCap [94] 70.34  56.47  46.24  38.57  28.31  59.62  190.15 1567.32 56.21 
Soft-attention  [24] 74.54  65.45  58.55  52.50  38.86  72.37  261.24 1251.51 140.02 

Hard-attention  [24] 81.57  73.12  67.02  61.82  42.63  76.98  299.47 1310.45 14.79 

SAA [28] 79.62  74.01  69.09  64.77  38.59  69.42  294.51  38.08 37.01 
SD-RSIC [95] 74.8 66.4 59.8 53.8 39.0 69.5 213.2 - - 

RTRMN (semantic) 

[29] 

55.26  45.15  39.62  35.87  25.98  55.38  180.25 
- - 

RTRMN (statistical) 

[29] 

80.28  73.22  68.21  63.93  42.58 77.26  312.70 
- - 

SVM-D BOW  76.35 66.64 58.69 51.95 36.54 68.01 271.42 10.80 1.73 

SVM-D CONC 76.53 69.47 64.17 59.42 37.02 68.77 292.28 9.80 1.90 

 

Figure 3.4 Captioning examples of test images from UCM dataset. The first description corresponds to one of the ground truth 

descriptions while the second, third and fourth descriptions are generated by Merge GRU-D, SVM-D BOW and SVM-D CONC 

models, respectively. The words in red indicate errors in the generated descriptions. 
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In particular, our IC systems are 2 to 10 times faster in terms of training time compared to simple encoder-

decoder frameworks and 4 to 170 times faster compared with more complicated IC systems that exploit 

attention mechanisms. We can notice that the same ratios are similar for the inference time.  

Figure 3.4 depicts four examples of images from the UCM dataset where the first description of each image 

is one of the reference descriptions whereas the second, third and fourth descriptions are generated by GRU-

D [93], SVM-D BOW and SVM-D CONC, respectively. From a visual inspection, we can see that all the 

descriptions generated by all the models are highly correlated with the content of the images. In particular, 

one can notice that the SVM-D CONC seems to produce more complete descriptions compared to SVM-D 

BOW or to merge GRU-D [93] (see Figures 3.4. a) and 3.4. c)). SVM-D CONC can detect and describe the 

fact that the buildings are in close contact in Figure 3.4.a) or that there are two roads in Figure 3.4.c) whereas 

the generated descriptions from SVM-D BOW do not capture this information. Indeed, we can see that this 

analysis is clearly reflected in Table IV where we have a similar BLEU-1 score for both the systems while 

regarding BLEU-2, BLEU-3, and BLEU-4 SVM-D CONC shows better results compared to SVM-D BOW. 

SVM-D CONC is also able to generate more complete descriptions than merge GRU-D [93] as it can be 

seen from Figure 3.4.c) where merge GRU-D misses the cars on the road.  

3.5.4 Experimental Results on RSICD Dataset 

The RSICD dataset is the biggest one in the RS community. It is about five times larger than the three small 

datasets presented so far. It is worth noting that our two SVM-based decoder IC systems are explicitly 

developed for those situations in which only small datasets are present. RSICD dataset is not part of those 

situations considering the number of images (more than 10.000) and the number of descriptions (more than 

50.000) [24]. Furthermore, this dataset has a vocabulary size of dimension 3323 words that can be translated 

into 3323 unique classes which become rather complex for an SVM multiclass classifier to deal with. For 

this reason, we have significantly reduced the vocabulary size of the dataset by taking only the most 430 

frequent words in our experiments. This reduction of the vocabulary size resulted in better results and also 

acceptable training and inference time. We have used the same configuration also with the merge GRU-D. 

TABLE 3-5 EVALUATION SCORES (%) AND TIMES NEEDED FOR TRAINING (MINUTES) AND TESTING (SECONDS) ON RSICD CAPTION DATASET. 
“-“ INDICATES THAT THE CORRESPONDING METRIC ARE NOT AVAILABLE FOR THAT MODEL. 

IN BOLD ARE REPRESENTED THE BEST RESULTS WHILE IN ITALIC THE SECOND BEST RESULTS. 

Method B-1 B-2 B-3 B-4 METEOR ROUGE-L 
CIDEr-

D 

Training 

time 

(minutes) 

Test time 
(seconds) 

VLAD+RNN  [24] 49.38  30.91 22.09 16.77  19.96  42.42  103.92 - - 
VLAD +LSTM  [24] 50.04  31.95  23.19  17.78  20.46  43.34  118.01 - - 

mRNN [22] 45.58  28.25  18.09  12.13  15.69  31.26  19.15 - - 

mLSTM [22] 50.57  32.42 23.19  17.46  17.84  35.02  31.61 - - 
mGRU [22] 42.56  29.99  22.91  17.98  19.41  37.97  124.82 - - 

mGRU embedword [22] 60.94  46.24  36.80  29.81  26.14  48.20  159.54 - - 

Merge GRU-D [93] 60.30 42.48 32.03 25.20 22.94 4383 65.90 98.33 90.51 
CSMLF [21] 51.06  29.11  19.03  13.52  16.93  37.89  33.88  - - 

ConvCap [94] 63.36  51.03  41.74  34.52  33.25  57.70  166.48 - - 

Soft-attention  [24] 67.53  53.08  43.33  36.17  32.55  61.09  196.43 - - 
Hard-attention  [24] 66.69  51.82  41.64  34.07  32.01  60.84  179.25 - - 

SAA [28] 67.60  44.33  44.33  36.45  31.09  55.36  193.96 - - 

SD-RSIC [95] 64.5 47.1 36.4 29.4 24.9 51.9 77.5 - - 
RTRMN (semantic) 

[29] 

62.01  46.23  36.44  29.71  28.29 55.39 151.46 
- - 

RTRMN (statistical) 
[29] 

61.02  45.14  35.35  28.59  27.51  54.52  148.20 
- - 

SVM-D BOW  61.12 42.77 31.53 24.11 23.03 45.88 68.25 41.25 11.36 
SVM-D CONC 59.99 43.47 33.55 26.89 22.99 45.57 68.54 35.82 23.32 

 

In Table 3-5 are reported the results of each state-of-the-art method and our two SVM-D IC solutions. We 

can see that the proposed methods outperform the simple encoder-decoder frameworks (except for the 

mGRU embedword) and CSMLF. However, the results are lower compared with more sophisticated 

systems that exploit attention mechanisms. The results of SVM-D BOW and SVM-D CONC are very 
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similar and we can note the same behaviour as on the other datasets where in terms of BLEU-1 and BLEU-

2 SVM-D BOW shows better results while in terms of BLEU-3 and BLEU-4 SVM-D CONC appears the 

best. Furthermore, they are characterized by short training and inference times. Training and inference time 

results of other methods are not provided in [28]. Considering the training and inference times of other 

methods in the UCM dataset, we can expect that the same ratio would be applied also to the RSCID dataset. 

Figure 3.5 depicts four examples of images from the RSCID dataset where the first description of each 

image is one of the reference descriptions whereas the second, third and fourth are generated by merge 

GRU-D, SVM-D BOW, and SVM-D CONC. It comes out that the generated descriptions of our two 

methods are more in line with the image content compared to merge GRU-D. In particular, the description 

generated by merge GRU-D of the first image (see Figure. 3.5.a) completely misses the semantic content 

of the scene. 

3.5.5 Impact of Parameter K and Number of Training samples 

Since, in the previous experiments, SVM-D CONC has performed slightly better compared to SVM-D 

BOW on all the datasets (see Tables 3-2, 3-3, 3-4 and 3-5), we will analyse further the proposed decoding 

approach by running a set of additional experiments on SVM-D CONC decoder. In particular, we will focus 

on two aspects. The first one is the importance of the parameter K, which controls the number of SVMs to 

construct the cascaded decoder. The second aspect is related to the impact of the number of training samples 

on its generalization capability. 

For the sake of comparison, we implemented merge GRU-D [93]. Its encoder is the VGG-16 pre-trained 

on ImageNet (same as ours) and the decoder is GRU. The decoder deals only with the language part and 

the image features are introduced in a subsequent layer by concatenating them with the GRU output. As in 

[93], the image features are mapped in an embedding space whose dimension is 128 which is the same as 

the word embedding layer and the GRU hidden state. Adam optimizer [96] with the default parameters and 

cross-entropy loss function is used to train the network in 50 epochs [93]. The learning rate is reduced by 

10% if there are 2 epochs without any improvement on the validation set performance. The batch size is set 

to 128.  

The parameter K determines the number of SVMs in cascade that compose our SVM decoders. In particular, 

in SVM-D CONC, it determines the window size of the previously considered words while predicting the 

successive ones. We varied the parameter K from 1 to 6. Figure 3.6 depicts the results obtained for each 

dataset. As expected, setting K=1 has a drastic effect on the accuracy. The reason behind this is the fact that 

Figure 3.5 Captioning examples of test images from RSICD dataset. The first description corresponds to one of the ground truth 

descriptions while the second, third and fourth descriptions are generated by Merge GRU-D, SVM-D BOW and SVM-D CONC 

models, respectively. The words in red indicate errors in the generated descriptions. 
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the generation of the subsequent words is limited to the previous word reducing to the minimum the word 

correlation within a sentence. On the other hand, increasing K extends the window size of the previous 

words that are considered to predict the subsequent ones leading to better exploitation of a context within 

a sentence, and in general as a consequence better accuracy. We also can note that when the parameter K 

goes beyond 4, the improvement ceases to be significant and in some cases start to drop. 

To assess further the generalization capability of our method, we run experiments by reducing further the 

number of training samples. In particular, we randomly generate five subsets of training samples composed 

of a half (50%) and another five subsets consisting of a quarter (25%) of the original set of training samples. 

The training of both SVM-D CONC and GRU-D [93] is performed on each dataset. Table 3-6 reports the 

average metrics as well as the related standard deviation (on the five runs). In particular, our method shows 

more accurate and stable compared to merge GRU-D except for the Sydney dataset where 50% of training 

samples are considered. Furthermore, one can also observe that the drop in accuracy of our method is lower 

compared to the merge GRU-D in almost all the metrics. This confirms, as expected from the intrinsic 

generalization properties of SVM, that our method is less sensitive to the size of the training set.   

Figure 3.6 Effect of parameter K of SVM-D CONC in all the four explored datasets. 
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TABLE 3-6 MEAN EVALUATION SCORES (%) AND STANDARD DEVIATION (𝜇 ± 𝜎) IN FUNCTION OF AMOUNT OF TRAINING SAMPLES (%)  

USED TO TRAIN MERGE GRU-D [93] AND SVM-D CONC (OURS). 

Dataset Method 
TRAIN 

% 
𝜇 ± 𝜎 
B-1 

𝜇 ± 𝜎 
B-2 

𝜇 ± 𝜎 
B-3 

𝜇 ± 𝜎 
B-4 

𝜇 ± 𝜎 
METEOR 

𝜇 ± 𝜎 
ROUGE-L 

𝜇 ± 𝜎 
CIDEr-D 

UAV 

Merge 

GRU-D 

 

25 60.01±3.20 49.19±3.54 39.81±3.45 31.68±2.98 28.91±1.68 61.30±4.44 231.74±140.06 

SVM-D 

CONC 

 

25 59.77 ±0.92 51.83 ±0.67 44.04 ±0.78 37.09 ±1.26 
29.28 
±0.53 

65.85 
±0.53 

365.25 ± 5.7 

Merge 

GRU-D 

 

50 59.27±3.46 49.05±3.22 39.99±3.13 32.06±2.85 28.78±1.47 60.89±4.21 299.48±66.07 

SVM-D 

CONC 

 

50 62.33±1.5 53.91 ±1.19 45.70 ±1.05 37.80 ±0.93 
30.55 
±0.67 

67.56 
±0.69 

378.23 ±5.07 

Merge 

GRU-D 

 

100 66.03 55.08 44.87 35.37 31.31 66.76 368.36 

SVM-D 

CONC 

 

100 65.13 56.53 48.15 39.69 32.17 69.31 389.45 

Sydney 

Merge 
GRU-D 

 

25 69.78±2.03 59.91±1.73 52.75±1.65 46.65±1.76 33.41±1.23 62.84±2.15 195.27±15.25 

SVM-D 

CONC 

 

25 73.88±0.83 64.71±0.87 57.32±0.76 50.90±0.64 35.81±1.01 65.81±1.56 213.02±12.37 

Merge 

GRU-D 

 

50 70.97±1.63 61.4±1.25 53.72±1.34 47.12±1.69 34.79±1.50 64.26±1.47 197.10±9.6 

SVM-D 

CONC 

 

50 75.09±2.21 66.03±2.42 58.15±2.73 51.18±2.96 36.01±0.90 67.08±1.29 215.93±13.49 

Merge 

GRU-D 

 

100 73.07 63.37 56.41 49.87 33.09 63.34 193.93 

SVM-D 

CONC 

 

100 75.47 67.11 59.70 53.08 36.43 67.46 222.22 

UCM 

Merge 
GRU-D 

 

25 69.12±1.72 59.66±2.23 52.66±2.69 46.92±3.00 32.56±1.19 63.51±2.01 233.21±14.58 

SVM-D 
CONC 

 

25 71.50±2.64 62.93±3.07 56.72±3.54 51.33±3.92 33.08±1.95 63.49±2.93 253.26±21.54 

Merge 
GRU-D 

 

50 72.73±0.80 63.51±0.91 56.92±1.03 51.39±1.11 35.12±1.11 66.24±1.10 251.86±7.20 

SVM-D 
CONC 

 

50 75.40±1.02 67.49±1.25 61.73±1.53 56.64±1.86 36.37±0.55 67.50±1.03 281.82±10.70 

Merge 

GRU-D 

 

100 75.74 67.16 60.63 55.29 37.81 69.11 274.85 

SVM-D 

CONC 

 

100 76.53 69.47 64.17 59.42 37.02 68.77 292.28 

RSICD 

Merge 

GRU-D 

 

25 54.46±1.33 36.96±1.03 25.29±3.02 19.95±0.89 23.99±8.83 39.60±0.93 51.68±1.60 

SVM-D 
CONC 

 

25 58.15±0.18 41.13±0.27 31.24±0.38 24.69±0.40 21.74±0.07 43.63±0.38 61.16±0.90 

Merge 
GRU-D 

 

50 56.25±1.28 38.57±1.09 28.10±0.92 21.28±0.87 21.13±0.71 41.35±1.18 56.04±2.77 

SVM-D 
CONC 

 

50 59.57±0.65 42.52±0.72 32.56±0.79 25.91±0.84 22.47±0.39 44.76±0.56 65.20±1.08 

Merge 
GRU-D 

 

100 60.30 42.48 32.03 25.20 22.94 43.83 65.90 

SVM-D 
CONC 

 

100 59.99 43.47 33.55 26.89 22.99 45.57 68.54 
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3.6. Final Remarks 

In this chapter, we have presented a novel remote sensing image captioning system that is based on a 

network of SVM multiclass classifiers. The proposed IC system is part of the well-known encoder-decoder 

family and uses convolutional neural networks to represent the image with a set of discriminative features 

and a network of SVMs as the decoder (instead of the RNNs or Transformers) to generate the image 

descriptions. In particular, the last SVM multiclass classifier is rendered recurrent to model the dependency 

of the past words while generating the subsequent words of a sentence. In particular, the dependency on the 

previous words is modelled using a fixed window size of previous words (SVM-D CONC) or considering 

all the past words (SVM-D BOW). The former has the advantage of preserving the word order but within 

a fixed window size while the latter has no constraint on window size but does not preserve the word order. 

The proposed system is particularly interesting in those situations characterized by the availability of only 

a few training samples. It exhibits very short training and inference times. Moreover, it requires the setting 

of just one hyperparameter, namely the regularization parameter C. The experiments carried out on four 

different remote sensing captioning datasets confirm the effectiveness of the proposed IC system, especially 

on small datasets. For future work, we think it worth exploring more sophisticated NLP strategies that can 

capture better the word dependencies without resorting to a predefined fixed window size while preserving 

the word order. 
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Chapter 4 

 

4. Post-Processing Strategies 

4.1. Motivation 

Designing reliable IC systems is very difficult. Just like any machine learning system, also IC systems are 

prone to errors. The outcome of an IC system might be affected by misrecognition problems related to the 

object and their attributes or relationships. Some of these features might be wrongly part of a generated 

sentence and some other might be omitted. Hence, post-processing can be a useful technique to rectify the 

generated sentences and improving their quality.  

To improve the quality of the outcome of an IC system, we propose two post-processing strategies. The 

proposed post-processing strategies aim to rectify a generated sentence by detection and correction of the 

potential errors. These strategies are based on Hidden Markov Models (HMMs) and the Viterbi algorithm. 

The former aims to generate a set of possible states while the latter aims at finding the optimal sequence of 

states efficiently. The proposed post-processing strategies are applied at test time and can be injected into 

any IC system to improve the quality of a generated sentence. 

Overall the main contribution of this chapter can be summarized as follows: 

 Two post-processing strategies are introduced for the first time in the framework of IC to correct 

the potential mistakes present in the generated sentences of an IC system. The two proposed 

postprocessing strategies are based on HMMs and Viterbi algorithm. Sentence rectification can be 

done either once the sentence is fully generated (post-generation strategy) or during the generation 

process (in-generation strategy). 

 The two proposed post-processing strategies are able to correct the potential errors in the generated 

descriptions improving the performances of IC models. 

 The achieved results of the post-processing strategies applied to a simple encoder-decoder network 

compete the complex state of the art IC systems. 

4.2. Methodology 

4.2.1 Image Captioning Architecture 

The tested IC architecture is based on multimodal neural network. We have introduced the multimodal 

neural network in subsection 2.3.3.  In this chapter, the decoder is the GRU [71] instead of the LSTM [34]. 

This because compared to the LSTM, GRU is more simple and present the same advantages. The GRU 

decoder is shown in Figure 4.1. The information flow in the GRU is controlled by two gates, a reset gate 𝑟𝑡 

that decides how much previous information stored in ℎ𝑡−1 to keep and an update gate 𝑧𝑡 that combines the 

previous information with the new input to update the new state ℎ𝑡. Equation 2.2 changes with the following 

equations that describes the GRU: 

ℎ𝑡 = 𝑧𝑡 ∙ ℎ𝑡−1 + (1 − 𝑧𝑡) ∙ ℎ𝑡
′  (4.1) 

𝑧𝑡 = 𝜎(𝑊𝑧[𝑒𝑡 , ℎ𝑡−1] + 𝑏) (4.2) 

ℎ𝑡
′ = tanh(𝑊ℎ[𝑒𝑡, 𝑟𝑡 ∙  ℎ𝑡−1] +  𝑏) (4.3) 
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4.2.2 Proposed Post-Processing Strategies 

In this subsection, we explain the two proposed post-processing strategies. These strategies are applied in 

the test phase, once the model is fully trained. We aim to detect and correct the potential errors of the 

generated sentences. This is done following two main strategies, the first one namely the post-generation 

strategy is applied once the sentence is fully generated by the IC model. The second one, namely the in-

generation strategy, aims at detecting and correcting potential errors during the sentence generation process. 

To this end, the in-generation strategy alters at each time steps the probability of the generated words in the 

𝑟𝑡 = 𝜎(𝑊𝑟[𝑒𝑡 , ℎ𝑡−1] + 𝑏). (4.4) 

Figure 4.1 GRU architecture. 

 a)     

     

                                                       b) 

Figure 4.2 Two proposed post-processing strategies: a) Post-generation strategy and b) in-gen-

eration strategy. In a) the detection and correction of potential errors is done once the sentence 

is fully generated from the captioning system. In b) the detection and correction of potential 

errors is done sequentially during the generation process. 
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sentence by penalizing the potential error words or giving more weight to more correct words. We will see 

that this leads not only to the detection and the correction of the potential errors within the sentence but 

also to the generation of more representative sentences that agree more with the image’s visual content. 

The information used to detect errors is found in the training set itself. Based on the training set and through 

HMMs we are able to define a set of possible states and model the transition from one state to another. 

Then through the Viterbi algorithm, we find the best sequential of states, thus forming the best possible 

path that represents the sentence that possibly describes best the content of the considered image.  

4.2.3 HMM 

HHMs are widely utilized to analyse time-series data where a series of unknown states is inferred from a 

sequence of observations [97], [98]. In the context of IC, the finite number of states is the vocabulary of 

words 𝑤 ∈ 𝑉 (of the training/validation sentence corpus) where 𝑉 is the vocabulary size and the sequence 

of observations are the image information (feature vector 𝑓 ) along with the generated words 𝑤1:𝑡−1  up to 

time 𝑡 − 1. Our goal is to use HMMs to improve the IC model in our hand in generating more coherent 

sentences given an image. In particular, we seek to rectify the generated sentence from a captioning model 

by reducing and correcting the potential errors. Formally, let 𝑢𝑡 denote the mixed vector of image features 

and words 𝑢𝑡 = (𝑓, 𝑤1:𝑡)  collecting the observed features at time 𝑡. Further, let 𝑈 = {𝑢1, 𝑢2, … , 𝑢𝐿} and 

Ω = {𝜔1, 𝜔2, … , 𝜔𝐿} denote a set of observed feature vectors and possible states, respectively for all 

timestamps 𝑡 = 1, … 𝐿 where 𝐿 is the maximum possible sentence length. The Bayes rule for Markovian 

models can be expressed as: 

 

𝑃(𝑈, Ω) = 𝑃(𝑈|Ω)𝑃(Ω) = ∏ 𝑃(𝑢𝑡|𝜔𝑡)𝑃(𝜔𝑡|𝜔𝑡−1))

𝐿

𝑡=1

 (4.5) 

where 𝑃(𝜔1|𝜔0) = 𝑃(𝜔1). In the context of IC, the states 𝜔 are simply the words 𝑤 ∈ 𝑉. The term 

𝑃(𝑢𝑡|𝜔𝑡) in our case represents the output of the IC model. In particular, 𝑃(𝑢𝑡|𝜔𝑡) = 𝑃(𝑤𝑡|𝑓, 𝑤1:𝑡−1) 

which is the probability of predicting the word 𝑤𝑡 at time 𝑡 given the image features 𝑓 and the previously 

predicted words 𝑤1:𝑡−1 up to time 𝑡 − 1 (Eq. 4.5.). It can be viewed as the emission probability of an HMM.  

The term 𝑃(𝜔𝑡|𝜔𝑡−1) becomes 𝑃(𝑤𝑡|𝑤𝑡−1) and it is the transition probability that models the transition 

from state 𝑤𝑡−1 at time 𝑡 − 1 to the state 𝑤𝑡 at time 𝑡 and 𝑃(𝑤1|𝑤0) = 𝑃(𝑤1) is negligible being the first 

word equal for all the sentences as it indicates the start of a sequence (sentence). The transitions 

probabilities 𝑃(𝑤𝑡|𝑤𝑡−1) are obtained from the sentence training corpus as count of the co-occurrence 

𝐶(𝑤𝑡, 𝑤𝑡−1) of the word (state) 𝑤𝑡−1 followed by the word 𝑤𝑡 over the total count number 𝐶(𝑤𝑡−1) of 

𝑤𝑡−1: 

                                                    𝑃(𝑤𝑡|𝑤𝑡−1) ≈
𝐶(𝑤𝑡−1,𝑤𝑡)

𝐶(𝑤𝑡−1)
.  (4.6) 

 

Taking into account all the above considerations Eq13. becomes  

Applying most likely sequence criterion the most probable (best), or maximum likelihood, sequence of 

states given the observed data is given by the following equation 

𝑃(𝑈|Ω)𝑃(Ω) = ∏ 𝑃(𝑤𝑡|𝑓, 𝑤1:𝑡−1)𝑃(𝑤𝑡|𝑤𝑡−1)).

𝐿

𝑡=1

 (4.7) 

𝑤1:𝐿̂ = 𝑎𝑟𝑔𝑚𝑎𝑥 {∑ log𝑃(𝑤𝑡|𝑓, 𝑤1:𝑡−1) + log𝑃(𝑤𝑡|𝑤𝑡−1)

𝐿

𝑡=1

}. (4.8) 
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The expression is expressed on a logarithmic scale for practical computational purposes. We find the most 

likely sequence of states efficiently using the Viterbi algorithm. To control the weight between the emission 

probabilities 𝑃(𝑤𝑡|𝑓, 𝑤1:𝑡−1) and the transition probabilities 𝑃(𝑤𝑡|𝑤𝑡−1) we introduce a parameter 𝛽 ∈

[0,1]  

The closer the parameter 𝛽 to 1 the more important are the transition probabilities and vice versa, the closer 

to 0 the parameter 𝛽, the more important are probabilities emitted by the captioning system. With this 

parameter, we aim at finding a good trade-off between the contribution coming from the IC models and the 

HMMs model. We believe that this trade-off, once found, would allow the correction of potential errors in 

the generated sentence leading to more correct ones.  

To further extend the dependence order on previous information we propose to include it in Eq. 17. the 

transition probability 𝑃(𝑤𝑡|𝑤𝑡−2) from state 𝑤𝑡−2 at time 𝑡 − 2 to the state 𝑤𝑡 at time 𝑡 where 𝑃(𝑤2|𝑤0) =

𝑃(𝑤2). The second-order dependency is incorporated in Eq. 17 as follows: 

 

where 𝑃(𝑤𝑡|𝑤𝑡−2) are obtained from the sentence training corpus as the count of the co-occurrence 

𝐶(𝑤𝑡, 𝑤𝑡−2) of the word (state) 𝑤𝑡−2 followed by the word 𝑤𝑡 (skipping 𝑤𝑡−1) over the total count number 

𝐶(𝑤𝑡−2) of 𝑤𝑡−2:  

 

4.2.4 Post-generation strategy 

The post-generation strategy aims at correcting the potential errors once the sentence descriptions is fully 

generated from the IC models.  Fig.4.2 a) depicts the scheme block of the post-generation strategies. As it 

can be seen, to detect and correct the potential errors in the generated sentence we need the emission and 

transition probabilities saved into matrices. Combining these two items through Eq.4.9. and Eq.4.10. and 

utilizing the Viterbi algorithm we seek to find the most likely sequence of words that best describes a given 

image. Thus, the post-generation strategy seeks to correct the potential errors once the sentence is fully 

generated. An illustration of this process is depicted in Fig. 4.3 a) where the green trellis represents the best 

path (likely sequence) calculated through Viterbi algorithm. 

4.2.5 In-generation strategy 

Different from the post-generation strategy, in-generation strategy looks for potential errors while the 

sentence is being generated instant per instant as depicted in Fig. 4.2. b) and Fig. 4.3.b). The main idea of 

this strategy is that if a sentence is fully generated it is hard to detect correct the potential errors. This 

because, the IC generation process is done sequentially and the prediction of the next words depends on 

image features and the previously predicted words. Hence, once an error word is generated it is going to 

affect all the subsequent instants and as a consequence it might become hard to detect and correct the 

potential errors. Furthermore, these errors could be many. Reflecting on the above considerations, the in-

generation strategy acts at each time-instant to detect the potential errors. As a consequence, if an error is 

corrected, the future time-instants will depend on the corrected word which will then lead to a more correct 

sentence. Fig. 4.3. b) depicts this process. The word prediction at a certain time-instant will thus depend 

𝑤1:𝐿̂ = 𝑎𝑟𝑔𝑚𝑎𝑥 {∑ βlog𝑃(𝑤𝑡|𝑓, 𝑤1:𝑡−1) + (1 − β)log𝑃(𝑤𝑡|𝑤𝑡−1)

𝐿

𝑡=1

}. (4.9) 

𝑤1:𝐿̂ = 𝑎𝑟𝑔𝑚𝑎𝑥 {∑ βlog𝑃(𝑤𝑡|𝑓, 𝑤1:𝑡−1) + (1 − β)

𝐿

𝑡=1

[log𝑃(𝑤𝑡|𝑤𝑡−1) + log𝑃(𝑤𝑡|𝑤𝑡−2)]}. (4.10) 

                                                              𝑃(𝑤𝑡|𝑤𝑡−2) ≈
𝐶(𝑤𝑡−2,𝑤𝑡)

𝐶(𝑤𝑡−2)
.  (4.11) 
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not only on the emission probability of the captioning system but also on the transition probabilities. The 

combination of the two is done through Eq.4.9. and Eq.4.10. and the most likely sequence (trellis) is found 

using a simplified version of the Viterbi-algorithm that is applied at each time step. An illustration of this 

process is depicted in Fig.4.3 b).  

 

4.3. Experimental Results 

4.3.1 Experimental Settings 

To test the proposed post-processing methods, we have maintained the default split for the publically 

available datasets (Sydney, UCM and RSICD): 80%,10% and 10% for training, validation and test, 

 a)     

     

 b)     

     Figure 4.3 Illustration of two proposed post-processing strategies: a) Post-generation strategy and b) in-generation strategy. In a) 

the detection and correction of potential errors is done once the sentence is fully generated from the captioning system. In b) the 

detection and correction of potential errors is done sequentially during the generation process. In the former the Viterbi algorithm 

is applied only at the end of the generation process, while in the latter, it is applied at each time step of the generation process. 



POST-PROCESSING STRATEGIES 

respectively. In the UAV dataset instead the splitting is 60%,10% and 30% for training, validation and test, 

respectively. The vocabulary sizes 𝑉 for each dataset are 127, 338, 216 and 3323 words for UAV, UCM, 

Sydney and RSCID, respectively.  The image features are obtained using VGG-16 pre-trained on ImageNet 

[85], [99]. The choice of VGG-16 is simply because it is the most used CNN in the RS community for 

image captioning and allows to make a fair comparison with other works. It produces a fixed feature vector 

of dimension 4096. In our IC system, the original image features are reduced to 256 through a projection 

layer (dense layer) with activation function ReLu. The same dimensions are fixed for the word embedding 

layer 𝑒𝑡 and the hidden memory of the RNN ℎ𝑡. The output of the RNN and the image features are fused 

together through the multimodal layer 𝑚𝑡 by elementwise addition preserving the dimension to 256. 

Another learnable fully-contented layer with the same dimension and ReLu activation function is added 

before the softmax layer. Adam optimizer [96] with a learning rate of 10−4, cross-entropy loss function 

and a batch size of 128 are used to train the model. Dropout regularization is applied in different parts of 

the model to avoid overfitting. In particular, dropout with a rate of 0.5 is applied to the original image 

features, to the word embedding layer and to the output of the RNN.  

The proposed post-processing strategies have only one free parameter that is 𝛽 = [0,1]. This parameter 

weighs the importance of the emission probabilities provided by the IC model and the transition 

probabilities provided by the HMM.  The best 𝛽  parameter is chosen using a grid search of step size equal 

to 0.05 on the validation set. The number of states, for each dataset, corresponds to its vocabulary size with 

the exception the of RSICD dataset.  For this dataset, we have used the most frequent words to train both 

the IC system and to calculate the transition matrix. In particular, we have used the words which have a 

frequency of 45 (number of appearances in the training set) reducing the vocabulary size (number of states) 

from 3323 to 368.  From our experiments, we noticed that it not only provides the best results but also 

allows the IC system to have a reasonable testing time. 
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TABLE 4-1 EVALUATION SCORES (%) AND TESTING TIME (SECONDS) ON DIFFERENT DATASETS. 

 

Dataset Method 𝛽 B-1 B-2 B-3 B-4 METEOR 
ROUGE-

L 
CIDEr 

Testing 

Time 
(seconds) 

UAV 

 
Baseline  

 

0 64.47 53.71 44.11 35.33 32.91 67.83 374.47 50.22 

Post-
generation 

first order 

0.65 66.85 56.08 46.18 37.13 32.45 67.03 373.12 77.95 

Post-
generation 

second 
order 

0.45 66.64 55.85 46.13 37.26 32.64 67.43 373.60 91.11 

In-

generation 
first order 

0.25 67.01 56.63 47.04 38.23 33.24 69.07 387.59 64.51 

In-

generation 

second 

order 

0.25 67.66 57.40 47.97 39.27 32.99 69.20 388.42 76.40 

Sydney 

 

Baseline  

 

0 77.22 67.70 59.86 53.25 37.31 68.87 233.83 3.26 

Post-

generation 

first order 

0.35 77.23 68.08 60.55 54.24 37.29 68.68 235.57 16.12 

Post-

generation 

second 
order 

0.55 78.31 69.09 61.69 55.23 37.37 69.07 254.11 20.57 

In-

generation 
first order 

0.3 77.47 68.97 62.33 56.45 39.26 70.07 247.43 17.13 

In-

generation 
second 

order 

0.3 78.37 69.85 63.22 57.17 39.49 71.06 255.53 21.30 

UCM 

 

Baseline  
 

0 77.37 70.22 64.56 59.71 40.42 73.54 298.22 11.27 

Post-

generation 
first order 

0.55 78.08 71.11 65.43 60.50 40.26 73.51 300.44 85.48 

Post-

generation 
second 

order 

0.45 78.18 71.17 65.56 60.78 40.20 73.68 303.66 150 

In-
generation 

first order 

0.25 79.13 72.15 66.72 62.05 40.96 74.03 307.89 89.49 

In-
generation 

second 

order 

0.2 79.73 72.98 67.44 62.62 40.80 74.06 309.64 111 

RSICD 

 
Baseline 

 

0 63.30 46.04 35.62 28.56 25.42 47.29 75.21 116.08 

Post-
generation 

first order 

0.2 62.91 45.97 35.64 28.63 25.36 47.34 75.61 
706.29 

 

Post-
generation 

second 

order 

0.2 62.90 45.99 35.68 28.68 25.30 47.34 75.56 893.20 

In-

generation 

first order 

0.05 62.89 45.92 35.59 28.56 25.33 47.28 74.81 720.34 

In-

generation 

second 
order 

0.05 62.92 45.97 35.61 28.57 25.29 47.28 74.47 1063.86 
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a) 

b) 

Figure 4.4 Examples of the generated descriptions of the baseline methods and the proposed post-processing strategies from the 

a) UAV dataset and b) Sydney dataset. In red are highlighted the heavy mistakes present in the generated description while in 

blue their corrections by the proposed post-generation strategies. In green are highlighted light mistakes in the generated cap-

tions. 
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a) 

b) 

Figure 4.5 Examples of the generated descriptions of the baseline methods and the proposed post-processing strategies from the 

a) UAV dataset and b) Sydney dataset. In red are highlighted the heavy mistakes present in the generated description while in 

blue their corrections by the proposed post-generation strategies. In green are highlighted some light mistakes in the generated 

captions. 
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4.3.2 Quantitative Results 

Table 4-1 reports the quantitative results on different datasets of the baseline method (no post-processing 

strategy) and the results of the two post-processing strategies, post-generation and in-generation of the first 

and second order. We can see that the two proposed post-processing strategies improve the performance of 

the baseline model with a good margin, in almost all the metrics and datasets. The only exception is the 

RSICD dataset. In this dataset the obtained quantitative results of the proposed post-processing strategies 

remain the same as the one achieved with the baseline model. We noticed that the optimal path of the post-

processing strategies generally is similar to the output of the baseline system. This is due to the fact that 

RSICD dataset contains many similar sentences for different scenarios. Furthermore, in this dataset 48% of 

the images are only describe by an unique sentence and only 7% of the images are described with 5 different 

descriptions [24].   In general, the in-generation strategy achieves the highest results. The rectification of 

the errors in this strategy is done at each time step. Once a potential error is corrected, this affects the future 

time steps leading to better sentences. On the other hand, rectification in the post-generation strategy is 

done once the sentence is fully generated by the baseline system. This means that the strategy corrects the 

potential mistakes while maintaining the form of the starting sentence. This is clearly reflected in the 𝛽 

values. We can see that the  𝛽  values of the post-generation strategy are in general higher compared to the 

in-generation strategy. This means that is harder and more onerous (in terms of time) to rectify a sentence 

once it is fully generated compared to a step by step correction. The best results of each post-processing 

strategy are reached when extending the memory from first to second order. However, this improvement is 

marginal compared to the first-order memory and it is more onerous in terms of time.   

4.3.3 Qualitative Results 

Fig. 4.3. and 4.4. show four examples of test images from all the considered datasets and their generated 

captions. Fig. 4.3. a), and b) depicts four examples of the UAV, and Sydney datasets while Fig. 4.4. a) and 

b) depicts four examples of the UCM and RSICD datasets, respectively. In the first three examples of the 

UAV dataset (Fig.4.3 a), we can notice that the generated descriptions of the baseline model are affected 

by several errors related to the objects and their attributes. It is worth noticing that the UAV dataset is rich 

of attributes related to the color, size, direction and the location of the objects. The post-processing 

strategies are able at detecting and correcting most of these errors present in the generated captions of the 

baseline method related to the color attribute (Fig.4.3 a) second column) and relative positions (Fig.4.3 b) 

third column). The in-generation strategy has the capability to completely change the generated description 

of the baseline method as the rectification is done sequentially at each time step (see third column of Fig. 

4.3. a)), while the post-generation strategy changes the only error present in the generated description of 

the baseline model related to the position of the cars. In the rightest column of Fig. 4.3 a), we can notice 

that the baseline model is able at generating a coherent description which is not disrupted by the two 

proposed post-processing strategies. In general, passing from first to second order does not change 

significantly the rectification of the sentences. This is also reflected on the quantitative results present in 

Table 4-I.  
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TABLE 4-2 COMPARISON WITH THE STATE OF THE ART METHODS ON DIFFERENT DATASETS. 

 

In the Sydney dataset (see Fig.3 b) we can see that the trend is same as with the UAV dataset. The proposed 

post-processing techniques are able at rectifying the errors present in the captions generated by the baseline 

system. In particular, we can see that the proposed post-processing strategies are not only able to correct 

the errors related to the attributes (first column of Fig. 3.b)), but also more significant errors related to the 

objects as it can be seen in the second and third column of the of Fig. 3. b). 

Dataset Method B-1 B-2 B-3 B-4 METEOR ROUGE-L CIDEr-D 

UAV 

Merge GRU-D [93]  66.03 55.08 44.87 35.37 31.31 66.76 368.36 

SVM-D BOW  68.84 58.05 48.33 39.22 32.81 69.63 391.31 

SVM-D CONC  65.13 56.53 48.15 39.69 32.17 69.31 389.45 
Proposed post-processing  

strategy  
67.66 57.40 47.97 39.27 32.99 69.20 388.42 

Sydney 

VLAD+RNN [24] 56.58  45.14  38.07  32.79  26.72  52.71  93.72 

VLAD +LSTM [24] 49.13  34.12  27.60  23.14  19.30 42.01 91.64 
mRNN [22] 51.30  37.50  20.40  19.30  18.50  - 161.00 

mLSTM  [22] 54.60  39.50  22.30  21.20  20.50  - 186.00 

mGRU  [22] 69.64  60.92  52.39  44.21  31.12  59.17  171.55 
mGRU embedword  [22] 68.85  60.03  51.81  44.29  30.36  57.47  168.94 

Merge GRU-D [93] 73.07 63.37 56.41 49.87 33.09 63.34 193.93 

CSMLF [21] 59.98  45.83  38.69  34.33  24.75  50.18  75.55 
ConvCap [94] 74.72  65.12  57.25  50.12  34.76  66.74  214.84 

Soft-attention [24] 73.22  66.74  62.23  58.20  39.42  71.27  249.93 

Hard-attention [24] 75.91  66.10  58.89  52.58  38.98  71.89  218.19 
SAA [28] 68.82  60.73  52.94  45.39  30.49  58.20  170.52 

SD-RSIC [95] 72.4 62.1 53.2 45.1 34.2 63.6 139.5 

SVM-D BOW   77.87 68.35 60.23 53.05 37.97 69.92 227.22 
SVM-D CONC  75.47 67.11 59.70 53.08 36.43 67.46 222.22 

Proposed Post-Processing 

strategy  
78.37 69.85 63.22 57.17 39.49 71.06 255.53 

UCM 

VLAD+RNN [24] 63.11  51.93  46.06  42.09  29.71  58.78  200.66 
VLAD +LSTM [24] 70.16  60.85  54.96  50.30  34.64  65.20  231.31 

mRNN [22] 60.10  50.70  32.80  20.80  19.30  - 214.00 

mLSTM  [22] 63.50  53.20  37.50  21.30  20.30  - 222.50 
mGRU  [22] 42.56  29.99  22.91  17.98  19.41  37.97  124.82 

mGRU embedword  [22] 75.74  69.83  64.51  59.98  36.85  66.74  279.24 

Merge GRU-D [93] 75.74 67.16 60.63 55.29 37.81 69.11 274.85 
CSMLF [21] 36.71  14.85  7.63  5.05  9.44  29.86  13.51 

ConvCap [94] 70.34  56.47  46.24  38.57  28.31  59.62  190.15 

Soft-attention [24] 74.54  65.45  58.55  52.50  38.86  72.37  261.24 
Hard-attention [24] 81.57  73.12  67.02  61.82  42.63  76.98  299.47 

SAA [28] 79.62  74.01  69.09  64.77  38.59  69.42  294.51  

SD-RSIC [95] 74.8 66.4 59.8 53.8 39.0 69.5 213.2 
RTRMN (semantic) [29] 55.26  45.15  39.62  35.87  25.98  55.38  180.25 

RTRMN (statistical) [29] 80.28  73.22  68.21  63.93  42.58 77.26  312.70 

SVM-D BOW  76.35 66.64 58.69 51.95 36.54 68.01 271.42 
SVM-D CONC  76.53 69.47 64.17 59.42 37.02 68.77 292.28 

Proposed Post-Processing  

strategy  
79.73 72.98 67.44 62.62 40.80 74.06 309.64 

RSICD 

VLAD+RNN [24] 49.38  30.91 22.09 16.77  19.96  42.42  103.92 
VLAD +LSTM [24] 50.04  31.95  23.19  17.78  20.46  43.34  118.01 

mRNN [22] 45.58  28.25  18.09  12.13  15.69  31.26  19.15 

mLSTM  [22] 50.57  32.42 23.19  17.46  17.84  35.02  31.61 
mGRU  [22] 42.56  29.99  22.91  17.98  19.41  37.97  124.82 

mGRU embedword  [22] 60.94  46.24  36.80  29.81  26.14  48.20  159.54 

Merge GRU-D [93] 60.30 42.48 32.03 25.20 22.94 4383 65.90 
CSMLF [21] 51.06  29.11  19.03  13.52  16.93  37.89  33.88  

ConvCap [94] 63.36  51.03  41.74  34.52  33.25  57.70  166.48 

Soft-attention [24] 67.53  53.08  43.33  36.17  32.55  61.09  196.43 

Hard-attention [24] 66.69  51.82  41.64  34.07  32.01  60.84  179.25 

SAA [28] 67.60  44.33  44.33  36.45  31.09  55.36  193.96 

SD-RSIC [95] 64.5 47.1 36.4 29.4 24.9 51.9 77.5 
RTRMN (semantic) [29] 62.01  46.23  36.44  29.71  28.29 55.39 151.46 

RTRMN (statistical) [29] 61.02  45.14  35.35  28.59  27.51  54.52  148.20 

SVM-D BOW  61.12 42.77 31.53 24.11 23.03 45.88 68.25 
SVM-D CONC  59.99 43.47 33.55 26.89 22.99 45.57 68.54 

Proposed Post-Processing  

strategy  
62.90 45.99 35.68 28.68 25.30 47.34 75.56 
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Fig. 4.4 a) and b) shows example of images and generated description from the UCM and RSICD datasets, 

respectively. Also here we can notice that the post-processing strategies are able at rectifying the generated 

sentences by correcting the errors and providing a more coherent description. In particular, in the examples 

taken from the UCM dataset we can see that the rectified sentences contain more attributes and are more 

complete compared to the baseline model. This can be seen in the first a second column of Fig. 4.4 a) in 

which the attributes related to the color of the airplane and the size of tennis court are included in the 

rectified version provided by the ingeneration post-processing strategy. The same happens also in the 

RSICD dataset (Fig. 4.4 b)). Even though in this dataset the quantitative results did not improve with respect 

of the baseline method, the strategies are able at correcting mistakes in the sentence. However, because the 

evaluation metrics measure the similarity between the generated description and the reference ones based 

on the word co-occurrence this is not reflected in the results of Table 4-I. In general, we can conclude that 

our post-processing strategies are helpful in rectifying the errors present in the generated sentences. The 

strategies seem to work best with small datasets that are more affected to overfitting.  

4.3.4 Comparison with State of the Art methods 

In this subsection we compare the integration of the post-processing strategies into the simple encoder-

decoder IC system with some state of the art methods [22], [24], [28], [29], [93]–[95], [100].   In Table 4-

2 we depict the comparison results in all the used dataset.  From the results one can notice that the 

integration of the post-processing strategies in the encoder-decoder framework achieve very competitive 

results with the state of the arts methods, with the exception of RSICD. In particular, we can see that for 

UAV and UCM datasets, the proposed post-processing strategy is able to compete not only with simple 

encoder-decoder frameworks but also with very sophisticated method that use attention mechanism. We 

can see that for the Sydney dataset, the achieved results are the best.  Regarding the RSICD dataset, we can 

achieve moderate results.  

4.4. Final Remarks 

In this chapter, we have presented two post-processing strategies to improve the sentence generation of an 

IC system. The postprocessing strategies based on the combination of HMMs and Viterbi algorithm. They 

are able to rectify errors present in the generated sentences of an IC system and as a consequence improve 

the outcome of the IC system. The post-processing strategies are applied at test time, once an IC system is 

fully trained. In particular, we propose the post-generation processing strategy that corrects the error present 

in a generated sentence, once this is fully generated, and the in-generation processing strategy that is able 

to detect and correct potential errors during the sentence generation process. While the first strategy 

maintains the same form as the originally generated sentence the second strategy is able at altering the 

output of the IC system at each time step, influencing the next ones. This allows to not only provide better 

sentences but also different compared to the original ones. The experiments carried out on four different 

RS captioning datasets confirm the effectiveness of the proposed post-processing strategies in rectifying 

the outcome of an IC system. The post-processing strategies tested on a simple encoder-decoder IC system 

not only are able to improve the baseline method but also produce competitive and sometimes better results 

than sophisticated state of the art methods. As future work, we aim to combine the postprocessing strategy 

with attention mechanism to correct the mismatch between the words and the related image parts. 
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Chapter 5 

 

5. Change Captioning 
In this chapter, we present a new paradigm to analyse multitemporal RS data. In particular, we focus on 

change detection (CD). Most CD systems, provide an output that is either a binary change map that 

highlights the changed regions or a semantic change map that indicates the type of change for each pixel. 

In this chapter, we propose to describe the changes in the multitemporal images. The benefits of such a 

system are multiple. For instance, important high-level semantic information such as the attributes and the 

relationships of the changed areas are omitted by the change maps. Through a change caption system, we 

are able to include this high-level semantic information in the sentence description. Furthermore, the 

interpretation of change maps might be challenging for end-users who do not have expertise in the topic. 

User-friendly information about the changed areas would widen the impact of CD applications in the 

community. Sentence change description are much easy to interpret for end-users. 

5.1. Introduction and Literature Review 

Observing Earth's surface evolution is one of the main purposes of remote sensing (RS). Through multi-

temporal images acquired by sensors on-board satellites or aerial platforms, we can continually observe 

and track changes that occur around our globe. As a consequence, change detection (CD) is among the most 

important applications in RS. The task of a CD system is to automatically detect changes over time in a 

given geographical area by analysing two or more co-registered images [101], [102]. Singh et al. defined 

CD as “the process of identifying differences in the state of an object or phenomenon by observing it at 

different times” [101]. Accordingly, the CD is indispensable in a wide range of RS applications based on 

land cover and land use analysis such as urban planning, environmental change assessment, disasters 

monitoring, deforestation and agricultural investigations [101].  

In the RS literature, several approaches have been proposed for change detection. These approaches can be 

grouped into two main broad categories: 1) unsupervised and 2) supervised approaches. Unsupervised 

approaches include CD methods that do not rely on prior information provided by reference data. In 

contrast, supervised approaches need the a priori information of reference data as most of them are based 

on the use of supervised classifiers. The majority of the unsupervised approaches in the literature are based 

on the so-called “difference image” (DI) generation and analysis [103]–[110]. DI can be generated by 

applying pixel by pixel subtraction [103] or ratio operator [105] in the co-registered input images where 

the assumption is that the pixels associated with the land cover changes have different values compared to 

the ones associated with the unchanged areas. Threshold or clustering methods can be used to analyse the 

DI and produce the final change map [102]–[104]. In general, unsupervised CD approaches are appealing 

because they do not need ground truth information. However, defining the optimal threshold to produce the 

final change map is not an easy task and its effectiveness strongly depends on the statistical characteristics 

of the difference image [104], [106]. Furthermore, the outcome change map is, in most cases, binary 

(change/no change) [102]–[110]. Even though there are specific cases in which different kinds of changes 

can be detected, the exact land-cover transition associated with the change cannot be explicitly identified 

since the ground truth information is missing [102].  

Supervised approaches assume that the ground-truth information is available for all the multi-temporal 

images. This information is injected into machine learning algorithms to learn automated decision models 

to distinguish between changed and non-changed areas and, possibly the type of change in the multi-

temporal images [6], [111]–[119]. This is achieved thanks to the use of supervised classifiers such as 

support vector machines (SVM) [82], [83], [117], decision trees and random forest [120]. Post-
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classification comparison is a traditional supervised technique that independently classifies the multi-

temporal images and then compares the individual classification maps to define the changed areas and the 

exact land-cover transitions associated with the change [111], [112], [114], [117]. The advantage of this 

technique is that it is straightforward. However, post-classification comparison techniques suffer the 

propagation of the classification error which leads to an error accumulation in the final change map [101]. 

To alleviate the classification error accumulation present in post-classification comparison techniques, 

compound classification simultaneously analyses the multi-temporal data by taking into account temporal 

contextual information. Markov and conditional random fields have shown to be very effective in 

incorporating such information and improving the change detection results in terms of accuracy and 

reliability [6], [113], [115], [118]. Although supervised change detection approaches are very effective in 

analysing the multi-temporal images and detecting the changes present, they assume that the ground truth 

information is available for each of the multi-temporal images. Such an assumption is not always possible 

in real scenarios as collecting ground-truth information is time-consuming and costly. To address this, semi-

supervised change detection approaches assume that the labelled information is available for at least one of 

the multi-temporal images and the learning paradigm of these approaches benefits both labelled and 

unlabeled samples making them more suitable in real-life scenarios [121], [122].  

One common limitation of the aforementioned conventional change detection approaches is the use of hand-

crafted features. These features are tedious to obtain and unable to capture high-level feature representation 

for multi-temporal images. Recently, deep neural networks have shown to be very effective in automatically 

learning discriminative and representative features directly from raw images. Improvement in the quality 

and quantity of RS data along with more accessible computational resources have oriented the researchers 

in the RS community toward the exploitation of deep learning (DL) algorithms to improve the accuracy of 

CD systems [123]–[126]. The DL algorithms exploited for CD includes restricted Boltzmann machines 

[127], autoencoders [128], convolutional neural networks [129]–[134] and recurrent neural networks 

(RNNs) [135], [136]. A comprehensive and extensive review of these strategies can be found in [126]. 

Despite the efforts made in developing reliable and accurate CD systems, the obtained output is either a 

binary change map that highlights the changed regions, or a semantic change map that indicates the type of 

change for each pixel. Important high-level semantic information such as the attributes and the relationships 

of the changed areas are omitted by the change maps. This information needs to be inferred and interpreted 

directly by end-users. It is worth noting that the interpretation of change maps might be challenging for 

end-users who do not have expertise in the topic. User-friendly information about the changed areas would 

widen the impact of CD applications in the community.  To address this issue, in this article, we present a 

CD system that automatically describes the changes in bi-temporal images with sentence descriptions (i.e., 

captions).  In doing so we are inspired by the recent advancements in IC in the RS community [9].  As we 

saw in the previous chapters, compared to traditional RS image analysis techniques, like classification or 

object recognition, IC not only provides a more user-friendly representation but also a richer one including 

relationships and attributes of the detected objects. In this work, we aim at expanding the remote sensing 

image captioning (RSIC) systems from single-date images to bi-temporal images where the goal is 

transformed from describing the image content to describing the changes that have occurred between the 

two acquisitions. We named the system change captioning (CC).  

The proposed CC system takes as input bi-temporal images instead of single-date images and describes the 

possible changes. As shown in Figure 5.1, it is based on an encoder-decoder framework. The encoder is 

composed of three main blocks: 1) a spectral dimensionality reduction block that aims at reducing the 

spectral dimension of the images, 2) a fusion block that combines the multi-temporal information, and 3) a 

pre-trained CNN to extract discriminative features from the multi-temporal images. We propose two main 

fusion strategies: early fusion which is applied at the image level (before the CNN) and a late fusion which 

is applied at the feature level (after the CNN) as can be seen in Figure. 5.1.a) and Figure. 1.b), respectively. 
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In this chapter, we present a new paradigm to analyse multitemporal RS data. In particular, we focus on 

change detection (CD). Most CD systems, provide an output that is either a binary change map that 

highlights the changed regions or a semantic change map that indicates the type of change for each pixel. 

In this chapter, we propose to describe the changes in the multitemporal images. The benefits of such a 

system are multiple. For instance, important high-level semantic information such as the attributes and the 

relationships of the changed areas are omitted by the change maps. Through a change caption system, we 

are able to include this high-level semantic information in the sentence description. Furthermore, the 

interpretation of change maps might be challenging for end-users who do not have expertise in the topic. 

User-friendly information about the changed areas would widen the impact of CD applications in the 

community. Sentence change description are much easy to interpret for end-users. 

5.2. Introduction and Literature Review 

Observing Earth's surface evolution is one of the main purposes of remote sensing (RS). Through multi-

temporal images acquired by sensors on-board satellites or aerial platforms, we can continually observe 

and track changes that occur around our globe. As a consequence, change detection (CD) is among the most 

important applications in RS. The task of a CD system is to automatically detect changes over time in a 

given geographical area by analysing two or more co-registered images [101], [102]. Singh et al. defined 

CD as “the process of identifying differences in the state of an object or phenomenon by observing it at 

different times” [101]. Accordingly, the CD is indispensable in a wide range of RS applications based on 

land cover and land use analysis such as urban planning, environmental change assessment, disasters 

monitoring, deforestation and agricultural investigations [101].  

In the RS literature, several approaches have been proposed for change detection. These approaches can be 

grouped into two main broad categories: 1) unsupervised and 2) supervised approaches. Unsupervised 

approaches include CD methods that do not rely on prior information provided by reference data. In 

contrast, supervised approaches need the a priori information of reference data as most of them are based 

on the use of supervised classifiers. The majority of the unsupervised approaches in the literature are based 

on the so-called “difference image” (DI) generation and analysis [103]–[110]. DI can be generated by 

applying pixel by pixel subtraction [103] or ratio operator [105] in the co-registered input images where 

the assumption is that the pixels associated with the land cover changes have different values compared to 

the ones associated with the unchanged areas. Threshold or clustering methods can be used to analyse the 

DI and produce the final change map [102]–[104]. In general, unsupervised CD approaches are appealing 

because they do not need ground truth information. However, defining the optimal threshold to produce the 

final change map is not an easy task and its effectiveness strongly depends on the statistical characteristics 

of the difference image [104], [106]. Furthermore, the outcome change map is, in most cases, binary 

(change/no change) [102]–[110]. Even though there are specific cases in which different kinds of changes 

can be detected, the exact land-cover transition associated with the change cannot be explicitly identified 

since the ground truth information is missing [102].  

Supervised approaches assume that the ground-truth information is available for all the multi-temporal 

images. This information is injected into machine learning algorithms to learn automated decision models 

to distinguish between changed and non-changed areas and, possibly the type of change in the multi-

temporal images [6], [111]–[119]. This is achieved thanks to the use of supervised classifiers such as 

support vector machines (SVM) [82], [83], [117], decision trees and random forest [120]. Post-

classification comparison is a traditional supervised technique that independently classifies the multi-

temporal images and then compares the individual classification maps to define the changed areas and the 

exact land-cover transitions associated with the change [111], [112], [114], [117]. The advantage of this 

technique is that it is straightforward. However, post-classification comparison techniques suffer the 

propagation of the classification error which leads to an error accumulation in the final change map [101]. 
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To alleviate the classification error accumulation present in post-classification comparison techniques, 

compound classification simultaneously analyses the multi-temporal data by taking into account temporal 

contextual information. Markov and conditional random fields have shown to be very effective in 

incorporating such information and improving the change detection results in terms of accuracy and 

reliability [6], [113], [115], [118]. Although supervised change detection approaches are very effective in 

analysing the multi-temporal images and detecting the changes present, they assume that the ground truth 

information is available for each of the multi-temporal images. Such an assumption is not always possible 

in real scenarios as collecting ground-truth information is time-consuming and costly. To address this, semi-

supervised change detection approaches assume that the labelled information is available for at least one of 

the multi-temporal images and the learning paradigm of these approaches benefits both labelled and 

unlabeled samples making them more suitable in real-life scenarios [121], [122].  

One common limitation of the aforementioned conventional change detection approaches is the use of hand-

crafted features. These features are tedious to obtain and unable to capture high-level feature representation 

for multi-temporal images. Recently, deep neural networks have shown to be very effective in automatically 

learning discriminative and representative features directly from raw images. Improvement in the quality 

and quantity of RS data along with more accessible computational resources have oriented the researchers 

in the RS community toward the exploitation of deep learning (DL) algorithms to improve the accuracy of 

CD systems [123]–[126]. The DL algorithms exploited for CD includes restricted Boltzmann machines 

[127], autoencoders [128], convolutional neural networks [129]–[134] and recurrent neural networks 

(RNNs) [135], [136]. A comprehensive and extensive review of these strategies can be found in [126]. 

Despite the efforts made in developing reliable and accurate CD systems, the obtained output is either a 

binary change map that highlights the changed regions, or a semantic change map that indicates the type of 

change for each pixel. Important high-level semantic information such as the attributes and the relationships 

of the changed areas are omitted by the change maps. This information needs to be inferred and interpreted 

directly by end-users. It is worth noting that the interpretation of change maps might be challenging for 

end-users who do not have expertise in the topic. User-friendly information about the changed areas would 

widen the impact of CD applications in the community.  To address this issue, in this article, we present a 

CD system that automatically describes the changes in bi-temporal images with sentence descriptions (i.e., 

captions).  In doing so we are inspired by the recent advancements in IC in the RS community [9].  As we 

saw in the previous chapters, compared to traditional RS image analysis techniques, like classification or 

object recognition, IC not only provides a more user-friendly representation but also a richer one including 

relationships and attributes of the detected objects. In this work, we aim at expanding the remote sensing 

image captioning (RSIC) systems from single-date images to bi-temporal images where the goal is 

transformed from describing the image content to describing the changes that have occurred between the 

two acquisitions. We named the system change captioning (CC).  

The proposed CC system takes as input bi-temporal images instead of single-date images and describes the 

possible changes. As shown in Figure 5.1, it is based on an encoder-decoder framework. The encoder is 

composed of three main blocks: 1) a spectral dimensionality reduction block that aims at reducing the 

spectral dimension of the images, 2) a fusion block that combines the multi-temporal information, and 3) a 

pre-trained CNN to extract discriminative features from the multi-temporal images. We propose two main 

fusion strategies: early fusion which is applied at the image level (before the CNN) and a late fusion which 

is applied at the feature level (after the CNN) as can be seen in Figure. 5.1.a) and Figure. 1.b), respectively. 

Once the encoding process is done, the obtained bi-temporal image representations are forwarded to the 

decoder to generate coherent change descriptions. In particular, we implement two different decoders: the 
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first one is based on the classical RNNs. The second one relies on a network of k multiclass support vector 

machines (SVMs), where the last one is rendered recurrent. Figure 5.2 shows the block schemes of the two 

proposed decoders. To test the proposed RSCC systems, in this work we have built two different datasets. 

The first one is based on VHR images while the second one is based on medium resolution satellite images. 

Both datasets contain 500 images and to each image, are assigned 5 different descriptions. The two datasets 

will be made publicly available to boost research in this new area. 

Overall the main contribution of this chapter can be summarized as follows: 

 We propose two baseline methods for RSCC based on the encoder-decoder framework. The 

difference between the baseline methods consists of the decoder part. A classical RNNs is 

developed in the first baseline method while a decoder based on the SVMs is proposed in the second 

baseline method.  

a) 

b) 

Figure 5.1 Overview of the proposed change captioning system based on: a) image-based level fusion, and 

b) feature-based level fusion.  
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 Two datasets for RSCC are created. The first one consists of VHR images while the second one 

consists of medium resolution satellite images. Each dataset is composed of 500 bi-temporal images 

and to each bi-temporal image are assigned 5 different change descriptions.  

We have briefly presented an RSCC system in [137]. The present article extends our previous work [137] 

by proposing novel RSCC methods and disclosing the two datasets 

5.3. Proposed Change-Captioning Datasets 

In this section we propose two novel datasets to caption the changes in the bi-temporal RS images. It is 

worth noting that these datasets are the first-ever made to tackle the problem of change detection through 

textual descriptions that carefully summarize the changes in a given geographical area between two 

different acquisitions. The datasets are different from each other. The first dataset is obtained by exploiting 

and annotating an existing dataset for RS change detection. The considered dataset is LEVIR and is 

originally used for detecting changes related to buildings [138]. The second dataset is entirely built in this 

work and consists of multispectral Landsat 7 images acquired over the region of Dubai. In the following 

subsection, we describe each dataset and the annotation process. 

a) 

b) 

Figure 5.2 Overview of the decoding phase based on a) RNNs, and b) on SVMs. 
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5.3.1 LEVIR Change Captioning Dataset (LEVIR CCD) 

The LEVIR dataset is originally constructed for building change detection and consists of 637 VHR 

(0.5 𝑚/𝑝𝑖𝑥𝑒𝑙) bi-temporal images of dimension 1024𝑥1024 acquired over 20 different regions over 

different cities in Texas US [138]. The collection of the image pair is obtained from Google Earth API with 

a period of 5~14 years.  A full description of the original dataset for building CD and the terms of use are 

given by the authors in [138]. 

To make the dataset appropriate for RSCC, we have exploited and annotated it with sentence descriptions 

that describe the nature of changes that occurred between the two acquisitions. In particular, the annotation 

process is performed by annotators with RS backgrounds. First, a visual inspection of the scenes in the bi-

temporal images is performed to identify the nature of the changes present. Then, the attributes (i.e., colour, 

size) and relationships between different changes are considered, in terms of position and relative position 

to other objects. After, the original image pairs are cropped into 256x256 pixels patches and finally, to each 

image pair 5 different change sentence descriptions are given by the annotators. The total number of image 

pairs is 500 leading to a total number of 2500 change descriptions. 

From the visual inspection, we have identified 13 types of objects that undergo a change. These objects 

include sparse/dense vegetation areas bare land, residential area, houses, roofs, roads/streets, vehicles, 

constructions, trees, grass and swimming pools. The relationships between the objects and their positions 

and relative positions include mainly the directions such as: on the right/left, on the upper or bottom part, 

on the upper left/right and bottom left/right. The attributes of the objects include colour (i.e., red, grey, 

white), size (big/small) and their similarity (similar/different). Starting from the visual inspections the 

annotators are asked to formulate a coherent change sentence description including the attributes and the 

relationships of different objects. In the dataset, the minimum length of the sentence is 3 and it refers to a 

situation in which there is no change between the two acquisitions: “nothing has changed”. The maximum 

length of the sentence is 37 words while the average is 15.12 words. The total vocabulary size of the dataset 

is 279 unique words. Two examples from the dataset are depicted in Fig. 5.3. The terms of use for the 

dataset follow [138].  

a) b) 

Figure 5.3 Two examples from LEVIR CCD along with the reference descriptions.  a) significant change and b) slight 

changes between the acquisitions. 
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5.3.2 Dubai Change Captioning Dataset (Dubai CCD) 

From 2000 to 2010 the area of Dubai has significantly changed in terms of urbanization. To understand and 

automatically describe the urbanization phenomena in Dubai, we decided to create the Dubai change 

captioning dataset (Dubai CCD).  To this end, we needed images of the years 2000 and 2010. From our 

research, the only free available images that cover the area of Dubai in the time of interest are multispectral 

images acquired by  Enhanced Thematic Mapper Plus (ETM+) sensor on-board Landsat 7 [139].  ETM+ 

acquires images in different bands with different spatial resolutions: 30 m visible and near-infrared bands; 

60 𝑚 thermal band; and 15 𝑚 panchromatic band [139].  Fig. 4. shows the RGB representation of the 

images. The bi-temporal images are acquired on 19.05.2000 and 16.06.2010, respectively and have a 

dimension of 2569𝑥2468 pixels. To create the Dubai CDD we have considered only visible and infrared 

bands which have a spatial resolution of 30m. Considering the medium spatial resolution of the images here 

we extracted 500 tiles of sizes 50𝑥50 from the bi-temporal images.  In order to properly identify and 

describe the nature of the changes in the small bi-temporal tiles, we also resorted to Google Maps to better 

inspect the area and publically available documents to understand the physical composition of the area.  

From the visual inspection we identified six different broad categories: 1) roads (i.e., crossroads, 

roundabout), 2) houses (i.e., neighborhood, residence areas) 3) buildings (any structure different from 

a) b) 

Figure 5.4 Images acquired over the region of Dubai from Landsat 7 on a) 19.05.2000 and b) 16.06.2010. For visualization 

purposes, the RGB combination is shown. 
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house), 4) green areas, 5) lakes and 6) islands (i.e., archipelagos, peninsula).  The annotators were asked to 

describe the changes on the bi-temporal images with a minimum of 3 words accounting for spatial 

distribution and the attributes of the changes.  Each image was annotated by 5 different change descriptions 

yielding to 2500 descriptions, a maximum length of 23 words, an average length of 7.35 words and a 

vocabulary size of 246 unique words. Fig. 5.5. depicts two examples from the dataset along with the 

reference descriptions. 

5.4. Proposed Change-Captioning System 

Let 𝑋𝑖  =(𝐼𝑡 , 𝐼𝑡+1) be a pair of RS images (or patches) acquired over the same geographical area at time 𝑡 

and 𝑡 + 1. Let us assume that we have 𝑀 pairs of such images 𝑋 =  {𝑋𝑖} 𝑖=1
𝑀   and each pair is associated 

with at least one textual description (sentence/caption) that describes the most salient changes that have 

occurred between the two acquisitions. Let 𝑆𝑖 = [𝑤1, 𝑤2, … , 𝑤𝐿] be the sentence change description of the 

image pair 𝑋𝑖 composed of 𝐿 ordered words 𝑤. Inspired by the captioning systems developed for single 

images, our change-captioning systems are composed of two main steps: 1) deep bi-temporal image feature 

extraction and fusion (i.e., encoder) and 2) sentence generation (i.e., decoder). The first step aims to fuse 

and represent the bi-temporal images with discriminative features while the second one targets the 

translation of the features into a coherent textual description that describes the nature of the changes 

detected among the two acquisitions. The encoder is composed of two branches in the case of bi-temporal 

images (and more branches in the case of multi-temporal images). Each branch conveys three main blocks: 

1) spectral dimension reduction to reduce the spectral dimension of the images, 2) a CNN to extract 

discriminative features, and 3) a fusion block to integrate the bi-temporal (or multi-temporal) information. 

The fusion operation can be applied either at the image level before the CNN or at the feature level after 

the CNN. To generate the sentences that describe the possible changes, we exploit both DL based methods 

based on RNNs, as well as the SVM-based decoder introduced in chapter 3. In particular, we use the 

multimodal RNN based on GRU [71] presented in Section 2.3.1. We present the details about the 

multimodal RNN in subsection 2.3.1. In the following we focus only on multi-temporal image 

representation.  

5.4.1 Multi-temporal image representation and fusion 

1) Spectral dimensionality reduction: This is the first block of the encoder. It is used to reduce the 

spectral dimensionality of multispectral images. In particular, we rely on the simple and popular 

principal component analysis (PCA) transformation [67] to reduce the original spectral dimension 

into three channels to fit the pre-trained CNN input requirement (see next subsection). 

 

a) b) 

Figure 5.5 Two examples from DUBAI CCD along with the reference descriptions.  a) significant change and b) slight 

changes between the acquisitions. 
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2) Multi-temporal image representation: the scope of feature generation, we rely on the powerful 

VGG16 CNN architecture pre-trained on ImageNet [85] to extract discriminative features [36]. The 

image features are obtained passing the input information from the bi-temporal images through the 

pre-trained VGG-16 (omitting the last fully connected layer) as follows: 

 

3) Multi-temporal image fusion: Different from single image captioning, our scenario is composed of 

bi-temporal images. To encode the changes, we consider two different fusion strategies as shown 

in Fig. 5.1. In the first one, the fusion is done before the feature extraction process (early fusion). 

We apply channel-wise image difference 𝑋𝑖
𝑑𝑖𝑓𝑓

= (𝐼𝑡+1 − 𝐼𝑡) and afterwards we forward the 

difference image to the CNN to extract the image features. In the second one, fusion is performed 

once the individual features are extracted by the pre-trained CNN (late fusion). In this configuration 

we have considered two simple but very effective operators, feature concatenation 𝐹 = (𝑓𝑡, 𝑓𝑡+1) 

or element-wise feature subtraction 𝐹 = (𝑓𝑡+1 − 𝑓𝑡−1). 

5.5. Experiments 

5.5.1 Experimental Set-Up 

In this section, we evaluate the two RSCC systems on the proposed LEVIR and Dubai RSCC datasets. The 

split of the datasets is as follows: 60%, 10% and 30% for training, validation and testing respectively. We 

obtain the image features using VGG-16 pre-trained on ImageNet. VGG-16 produces a fixed feature vector 

of dimension 4096. In this work, we have considered two different configurations of the systems based on 

how image processing is performed. In the first configuration, we first obtain a difference image by 

applying the channel wise difference of the individual images composing the bi-temporal image and then 

apply the CNN to extract the features. In this configuration, the obtained feature vector is of 4096 

dimensions. In the second configuration, the individual image features are extracted from each bi-temporal 

image and later feature fusion is applied. The fusion operator is either concatenation, doubling the size of 

the feature vector, or elementwise subtraction of the individual feature vectors obtaining a fused feature 

vector of dimension 4096. To the system based on the RNNs, the original features are projected through a 

projection layer (dense layer) with activation function ReLu and dimension 256. The same dimensions are 

fixed for the word embedding layer and the internal memory of the RNN. The output of the RNN and the 

image features are fused by applying element-wise addition. Adam optimizer [96] with a learning rate of 

0.0001, cross-entropy loss function and a batch size of 128 are used to train the model. Dropout 

regularization is applied in different parts of the model to avoid overfitting. In particular, dropout with a 

rate of 0.5 is applied to the original image features, to the embedding layer, and to the output of the RNN. 

Note that this configuration yields the best results. We also tried to concatenate the image features and the 

words features forming the multimodal layer without applying any reduction and the results were poor. 

The SVM decoder is composed of K multiclass classifiers. In our experiments, we adopted K=6, for the 

LEVIR CC dataset and K=4 for the Dubai CC dataset, respectively. This choice depends on the average 

length of the change sentence descriptions which is 15.12 and 7,25 for LEVIR CC and Dubai CC datasets, 

respectively. Because of the intrinsic properties of the SVM decoder, we need the number of SVM to be 

almost half of the average sentence length to model the word dependency while generating the change 

captions. This means that in total the system is composed of six and four SVM multiclass classifiers for the 

LEVIR CC dataset and Dubai CC dataset, respectively. The last one is rendered recurrent to model the 

dependency of the generated change caption on the previously predicted words. In particular, we rely on a 

linear SVM multiclass classifier that has only one free parameter, the value of the regularization C. The 

best values found on the validation set are C=0.001 for 𝑆𝑉𝑀1 and C=0.01 for the rest of the SVMs. Each 

𝑓𝑖 = 𝑉𝐺𝐺16(𝑋𝑖). (6.1) 



 

 65 

SVM takes as input the concatenation between the bi-temporal image features and words features (if 

present). In contrast to the CC system based on the RNN, no reduction is applied to the image feature vector. 

This is well handled by the SVM that tolerates high-dimensional inputs. All image and words features are 

scaled to be in the range [0, 1] using a minimax scaler (see Equation 3.12).  

5.6. Experimental Results on different Datasets 

5.6.1 Quantitative Resutls 

Table 5-1 and Table 5-2 report the quantitative results of the two proposed methods on LEVIR and Dubai 

CC Datasets, respectively. In particular, in the tables we can see the behaviour of the proposed methods 

according to the different combination of bi-temporal images. The achieved results by the two proposed 

TABLE 5-1 EVALUATION SCORES (%) AND TIMES NEEDED FOR TRAINING/TESTING ON LEVIR CC DATASET. 

Method 
Fusion  

operator 
B-1 B-2 B-3 B-4 METEOR ROUGE-L CIDEr 

Training 

Time 
(minutes) 

Testing 

Time 
(seconds) 

CC System 

based on 

RNN 

Feature 

Concatenation 
73.19 61.70 52.77 45.88 26.07 52.94 59.97 29.9 16.92 

Feature 
Subtraction 

71.85 60.40 52.18 45.94 27.43 54.13 71.64 48.3 19.29 

Difference 

Image 
68.20 54.95 45.64 38.79 25.34 49.86 60.27 48.75 16.89 

CC System 

based on 

SVM 

Feature 

Concatenation 
70.89 60.19 51.59 44.80 24.19 50.60 54.87 9.88 2.36 

Feature 
Subtraction 

73.83 63.18 54.10 46.97 25.09 50.48 51.42 36.4 1.21 

Difference 

Image 
66.94 54.81 45.25 37.99 22.69 45.61 42.49 2.58 1.29 

 
 

 

TABLE 5-2 EVALUATION SCORES (%) AND TIMES NEEDED FOR TRAINING/TESTING ON DUBAI CC DATASET. 

Method 
Fusion opera-

tor 
B-1 B-2 B-3 B-4 METEOR ROUGE-L CIDEr 

Training 

Time 

(minutes) 

Testing 

Time 

(seconds) 

CC System 
based on 

RNN 

(RGB 
channels) 

Feature 

Concatenation 
64.41 49.39 38.24 28.03 25.85 50.65 68.85 12.4 8.47 

Feature 
Subtraction 

67.19 52.23 40.00 28.54 25.51 51.78 69.73 16.57 8.23 

Difference 

Image 
65.54  51.51 40.13 28.70 25.34 51.90 69.57 15.24 11.52 

CC System 

based on 
RNN 

(PCA) 

Feature 

Concatenation 
71.44 56.80 45.36 34.38 28.07 56.67 80.73 10.25 5.57 

Feature 
Subtraction 

70.71 57.58 46.10 35.50 27.60 56.61 82.96 13.69 5.53 

Difference 

Image 
64.84 49.98 39.57 30.22 24.36 51.57 67.69 12 8.16 

CC System 
based on 

SVM de-

coder 
(RGB 

channels) 

Feature 

Concatenation 
65.78 51.25 40.34 30.74 24.94 50.66 69.68 5.88 0.76 

Feature 
Subtraction 

66.50 50.36 38.02 27.79 23.78 50.07 64.44 15.75 0.38 

Difference 

Image 
65.80 51.21 40.17 31.12 24.01 48.84 68.53 1.27 0.4 

CC System 

based on 
SVM de-

coder  

(PCA) 

Feature 
Concatenation 

66.34 51.89 41.34 31.78 25.62 52.12 75.70 5.09 0.75 

Feature 

Subtraction 
68.99 54.18 43.32 33.46 26.47 51.46 72.40 11.51 0.39 

Difference 

Image 
65.62 51.17 39.80 29.98 24.01 50.35 67.86 1.32 0.44 

 

methods are similar to each other. The best combination of bi-temporal images is their individual feature 

subtraction while the worst one is the channel wise difference of the bi-temporal images. The Dubai CC 

dataset is composed of multispectral images. In particular, we have used only those spectral bands that are 
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characterized by a spatial resolution of 30 m (visible and infrared channels). Table 5-2 reports the results 

obtained using only the RGB channels and the combination of all the 6 available bands, to better exploit 

the spectral information. The latter is achieved through a spectral dimensionality reduction obtained through 

PCA. In Table II, we can see that both methods have an important gain in terms of accuracy when PCA is 

applied with respect to the use of only RGB channels. This confirms the importance of spectral information 

in RS applications. Last two columns of Tables I and II show the training and testing times of the proposed 

CC methods. One can notice that the CC system based on SVM decoder is in general much faster to train 

and to test compared to the CC system based on the RNN. In particular, the testing time to generate the 

change descriptions for the whole test set is 7 to 13 times faster on Levir CC dataset and to 14 to 25 times 

faster on Dubai CC dataset making it very suitable in real life scenarios.  

5.6.2 Qualitative Results 

Figure 5.6 shows four examples of the generated change captions from the proposed systems of bi-temporal 

images on Dubai CC. In particular, we report the qualitative results obtained by the two methods applied 

to the images considering the RGB channels only and to the three principal components of the PCA that 

are applied to all the 6 available bands. The fusion operator considered in these examples is the individual 

feature subtraction. From the images in Figure 5.6 we can notice that all the generated change descriptions 

generated by the two systems utilizing all the available spectral information are in line with the changes of 

the bi-temporal images. The generated change captions are more complete and coherent with the changes 

of bi-temporal images compared to the ones generated utilizing only the RGB bands. In particular, utilizing 

Figure 5.6 Change captioning examples of test images from the Dubai CC dataset. The first description corresponds to one of the 

ground-truth change descriptions, while the second and third are generated by the CC system based on RNN and SVM, respec-

tively, when subtraction operator is applied to RGB channels.  The fourth and fifth descriptions are generated by the CC system 

based on RNN and SVM, respectively, when the subtraction operator is applied to the three principal components of PCA. In red 

are highlighted the errors in the generated change captions. 
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only the RGB bands some generated change descriptions are affected by errors as shown in the first image 

of the second raw in Figure 5.6.  

Figure 5.7 shows two examples of bi-temporal images from the Levir CC dataset along with the generated 

change captions from the two proposed systems.  In particular, are shown the generation change captions 

when the fusion operator is concatenation and subtraction. The generated captions by the two systems are 

in line with the visual changes between the bi-temporal images. We notice an error in the change generated 

description of the systems regarding the land cover transition when concatenation is applied as fusion 

operator (Figure 5.7, first image). In the ‘before’ image bare land is present instead of the low vegetation.  

However, the post-event changes are well-described by two methods. 

5.7. Final Remarks 

In this chapter, we present two different RSCC systems able at describing the changes from bi-temporal 

images with sentence descriptions. We showed that sentence descriptions not only include more high-level 

semantic information about the changes but also are more user-friendly and could help in widening the 

impact of CD applications for the community. 

In absence of datasets, we constructed two different change captioning datasets. One is based on very high-

resolution RGB RS images and the other one is based on multi-spectral images. The obtained experimental 

results show the promising capabilities of the proposed CC systems to generate complete and coherent 

change sentence descriptions that summarize the changes in bi-temporal images. In particular, we show 

that spectral information is very important in generating reliable change captions. The best strategy to fuse 

the image information seems to be late fusion where information is integrated at the feature level. From our 

results, it comes out that early fusion, which is applied at the image level as channel-wise difference, is not 

the best solution for RSCC. This might be explained by the stronger expressive power of high-level 

representations comparedlow-level ones. We also showed that the two decoders obtain very similar results 

in all the metrics. Furthermore, we show that the decoder based on SVMs is faster in terms of training and 

testing compared to that based on RNN. In the future, we aim at expanding the two proposed datasets with 

more images. Furthermore, we aim at developing more sophisticated CC methods based on attention 

mechanisms to better exploit the peculiarities of RS images such as scale and semantic ambiguities as well 

as spectral information. 

 

Figure 5.7 Change captioning examples of test images from the LEVIR CC dataset. The first description corresponds to one 

of the ground-truth change descriptions, while the second and third are generated by the CC system based on RNN when 

feature concatenation and subtraction operator are applied, respectively. The fourth and fifth descriptions are generated by 

the CC system based on SVM when feature concatenation and subtraction operator are applied, respectively. In red are high-

lighted the errors in the generated change captions. 
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Chapter 6 

 

6. Conclusions and Future Directions 

6.1. Conclusions 

This thesis has presented distinct methodologies to describe the content of remote sensing images with 

sentence descriptions, namely remote sensing image captioning. We have studied and proposed different 

image captioning methods in the context of remote sensing image analysis. We have shown the advantages 

of image captioning to perform content based image retrieval. Specifically, we have shown that using 

generated sentences as a query not only allows to include high-level semantic information increasing the 

accuracy of the retrieval process but also renders it more comfortable for end-users. 

We have proposed a novel decoder based on support vector machines which is particularly suitable for 

those situations in which only a small number of annotated samples is available. Furthermore, it is 

characterized by a very short training and testing and does not require expensive computational power 

making it very suitable for real-time applications. 

To improve the quality of an IC system we have proposed two post-processing strategies that are able to 

rectify the generated sentences by detecting and correcting the potential errors. They are applied at test time 

and can be injected into any IC system. We have shown that by injecting the post-processing strategies to 

a simple encoder-decoder IC system, it can improve the quality of the generated sentences. The achieved 

results not only improve the simple baseline but also compare and sometimes are better than more 

sophisticated IC systems based on attention mechanisms.  

Finally, we have proposed a novel track named change captioning applied to multitemporal remote sensing 

images. Specifically, our methods can be applied not only to the conventional single RGB images but also 

to multispectral and multitemporal images. Compared to traditional change detection algorithm, our 

proposed solution does not produce a change map highlighting the changed areas but is able to describe the 

changes in a given geographical area with sentence descriptions. This allows to widen the benefit of remote 

sensing change detection not only to expert users but also to non-expert ones. To test the proposed change 

captioning systems, we have constructed two bi-temporal RS datasets. The first one is composed of very 

high spatial resolution RGB images while the second one is composed of medium spatial resolution 

multispectral images. In the latter, we showed the importance of the spectral information to generate 

coherent change descriptions. To advance the task of CC, the constructed dataset are publically available 

in the following link:  https://disi.unitn.it/~melgani/datasets.html. 

6.2. Future Directions 

We saw that the proposed content based image retrieval system is composed of two main blocks: the image 

captioning and the caption matching block. We noticed that the proposed system heavily depends on the 

image captioning block. Furthermore, the two blocks are trained in different stages. A future work could 

be to have a unified training that on the same time generates the textual descriptions and performs retrieval. 

This could be done by embedding in the same space image and sentence representation and learning the 

similarity directly on the unified space. By doing so the unified framework would take advantages of the 

both tasks improving the retrieval accuracy and on the same time become less dependent on the captioning 

system. 

The IC architecture proposed in the RS literature are done in a supervised way. This means that there is a 

need of a training set composed of samples (images) and labels (sentences). During the training phase, the 

https://disi.unitn.it/~melgani/datasets.html
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system should learn the inherent relationship between the training samples and the corresponding labels to 

be able to generalize on unseen samples. However, obtaining the labels of the images is not a trivial task, 

especially when these labels are sentence descriptions in which the annotator should carefully analyse the 

content of an image and summarize this content into a concise sentence. Furthermore, there is a need to 

provide more than a sentence to have a robust RSIC system as the descriptions are very subjective. Hence, 

more than one annotator is needed to create a good training set demanding for more resources in terms of 

cost and time. To alleviate the need of large annotated samples, we proposed the SVM decoder which is 

particularly suitable when only a small number of annotated samples is available. However, more should 

be done in this direction. For instance, creating an IC system completely based on SVMs can be a future 

direction to further alleviate the overfitting problem. To this end, convolutional SVM (CSVM) can be 

exploit instead of the CNN as encoders [140]. Another future direction could be active learning based 

solutions. Given a suboptimal training set an active learning system iteratively selects the most relevant 

samples from a large amount of unlabeled data (learning set), to use for training with the aim of limiting 

the number of training samples as much as possible while maintaining the system’s accuracy as high as 

possible. Active learning solutions are not new in the RS community. They have been proposed in several 

RS applications such as image classification [141]–[143] or image retrieval [61]. We believe that this could 

be a future direction worthy to exploit also for RSIC to alleviate the need of large annotated samples.  

The proposed post-processing strategies are based on the combination of Hidden Markov Models and 

Viterbi algorithm to determine a set of possible states and to find the optimal sequence of states, 

respectively. They are applied to simple encoder decoder IC systems.  As future work, we propose to 

combine the post-processing strategies with attention mechanism to correct the mismatch between the 

words and the related image parts. We also believe that is worthy exploring graph neural network for post-

processing as they are now a default choice when dealing with structured data such are the sentences. 

Furthermore, they can be applied also to the images in order to better relate the image parts with relevant 

words [144].   

The proposed change captioning systems are applied to bi-temporal images. Even though they constitute a 

novel track in the RS community to analyse multitemporal and multispectral data, for now the temporal 

order is two. As future, we propose to verify the effectiveness of the proposed change captioning systems 

on multitemporal data of order bigger than two. To this end, a future direction could be to construct datasets 

of such kind. Furthermore, it would be worthy to exploit visual questioning answering [145]  and generation 

[146] do aid the single or multiple image captioning systems in generating more coherent descriptions that 

describe the content of the image or their changes.  

Finally, in this thesis we considered only optical images (RGB or multispectral) characterized by a high or 

medium spatial resolution. The experiments presented in Chapter 5, showed that using all the spectral 

information significantly improves the results of a change captioning system compared to only using the 

RGB channels. This highlights the importance of spectral information in generating more reliable change 

descriptions. We believe that it would be interesting to apply image captioning (single or multi date) on 

hyperspectral data or even on other type of data such as images acquired by active systems (i.e., Radar or 

Lidar). To this end, it would be first important to interact with potential end-users in order to define the 

captioning tasks and its peculiarities, and then construct the related datasets. 

 

 

 

  



 

 71 

  



CONCLUSIONS AND FUTURE DIRECTIONS 

  



 

 73 

Publications and Awards 
 

The contents of this thesis are based on several peer-reviewed papers published during my PhD 

studies together with some work that are under review process. Among the published and under 

review papers the most relevant ones to this thesis are listed as follows.  

Journal Articles 

 
 Improving Image Captioning Systems with Post-Processing Strategies 

G. Hoxha, and F. Melgani   
IEEE Transactions on Geoscience and Remote Sensing (TGRS), (Under Revision). 
 

 Change Captioning: A new Paradigm for Multitemporal Remote Sensing Image Analysis 
G. Hoxha, S. Chouaf,, F. Melgani and Youcef Smara,   
IEEE Transactions on Geoscience and Remote Sensing (TGRS), (2022), (Accepted, in press). 
 

 

 A Novel SVM-Based Decoder for Remote Sensing Image Captioning 
G. Hoxha and F. Melgani  
IEEE Transactions on Geoscience and Remote Sensing (TGRS), (2022). 

 
 

 Toward Remote Sensing Image Retrieval Under a Deep Image Captioning Perspective 
G. Hoxha, F. Melgani and B. Demir,  
IEEE Journal of Selected Topics in Applied Earth Observations and Remote Sensing (JSTARS), (2020).  

Conference Proceedings 
 

 Captioning Changes in Bi-Temporal Remote Sensing Images 
S. Chouaf, G. Hoxha, F. Melgani and Youcef Smara,  
IEEE International Geoscience and Remote Sensing Symposium (IGARSS) 
Brussels, Belgium (2021). 
 

 Remote Sensing Image Captioning with SVM-Based Decoding 
G. Hoxha and F. Melgani 
IEEE International Geoscience and Remote Sensing Symposium (IGARSS) 
Waikoloa, Hawaii, USA (2020). 
 

 Retrieving images with generated descriptions 
G. Hoxha, F. Melgani and B. Demir,  
IEEE International Geoscience and Remote Sensing Symposium (IGARSS) 
Yokohama, Japan, (2019). 

Awards 
 

 Best Oral Paper Award, First Place  
In recognition of an Outstanding Oral Paper Contribution at the Mediterranean and Middle-East Geoscience and 
Remote Sensing Symposium (M2GARSS 22’) 
 

 Best Oral Paper Award, First Place  
In recognition of an Outstanding Oral Paper Contribution at the Mediterranean and Middle-East Geoscience and 
Remote Sensing Symposium (M2GARSS 20’) 
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