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Wavelet-based Deep Generative Framework for
Super-Resolution of Low-Resolution Labelled Maps

and Weak-Supervised Learning
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Abstract—The unavailability of pixel-level detailed labels is a
crucial challenge in the field of remote sensing image analysis.
Deep learning models require a large number of labeled samples
for an accurate estimation of a large number of trainable param-
eters. However, in remote sensing applications usually only a few
reliable labeled data are available for the learning of a classifier,
whereas often many weak/low-resolution unreliable labeled data
can be collected from available land-cover maps. Accordingly,
weak supervised learning may overcome the problems by using
noisy and low-resolution labels in remote sensing. In this paper,
we propose a deep adversarial model based on discrete wavelet
transform to exploit weak/low-resolution label information for
generating refined super-resolved Weak Reference Maps (WRM).
Our contribution includes the development of a discrete wavelet
transform based generator for enhancing the low-resolution
labels to generate a refined high-resolution reference map. We
also present an efficient framework for multi-source image fusion
that incorporates the refined super-resolved WRM, synthetic
aperture radar images and corresponding low-resolution labels.
Our findings highlight the effectiveness of the refined super-
resolved WRM. Additionally, we investigate the impact of the
high-resolution reference maps on segmentation accuracy, which
reveals their potential in improving the segmentation perfor-
mance compared to other reference methods.

Index Terms—Wavelet Convolution, Multi-Source Image Anal-
ysis, Semantic Segmentation, Generative Model, Deep Learning,
Weak Labels and Remote Sensing.

I. INTRODUCTION

MULTI-SOURCE remote sensing data fusion is the pro-
cess of combining information obtained from multiple

sources of remote sensing data to create a more comprehensive
and accurate representation of the target area or object being
observed. The sources of remote sensing data can include
aerial imagery, satellite imagery, UAV data and other forms
of data collection. The data are typically acquired using
different sensors having varying characteristics, such as spatial
resolution, spectral resolution and temporal resolution. The
process of multi-source data fusion involves combining these
different datasets into a single integrated dataset, either by
physically merging the data or by integrating the information
through mathematical models and algorithms.

Data fusion techniques have many applications in remote
sensing. One of the key domains that can benefit from these
techniques is land-cover classification and ground object iden-
tification, which can be improved by increasing the spatial
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resolution of the data. To address the challenges arising
from the trade-off between spatial resolution and temporal
frequency, various remote sensing data fusion methods have
been proposed. These methods can be broadly categorized into
image pair-based and spatial unmixing-based techniques. The
image pair-based fusion techniques involve combining two or
more images that were captured at different times or from
different viewpoints. The techniques are often used in remote
sensing applications, where multiple images of the same area
are captured using different sensors or at different times. The
goal of image pair-based fusion is to create a single image that
contains the most relevant information from all of the input
images. On the other hand, spatial unmixing-based fusion
techniques decompose the input images into their constituent
parts and then recombine them in a way that preserves the most
important features of each image. The techniques are often
used in applications where there is a high degree of spectral
mixing, such as in hyperspectral imaging. Both image pair-
based and spatial unmixing-based fusion techniques can be
used to create specific images that contain reliable information.

Deep Learning (DL) algorithms, such as Convolutional
Neural Networks (CNN) [1] and Recurrent Neural Networks
(RNN) [2], have shown great potential in handling large and
complex datasets, making them ideal for remote sensing data
fusion. These algorithms can extract high-level features from
different sources of data and combine them to provide more
accurate and detailed information about the Earth’s surface.
Some of the applications of multi-source remote sensing
data fusion using deep learning include land use and land
cover classification, crop monitoring, urban planning, disaster
response, and environmental monitoring.

A DL model requires a large amount of labeled data for
the estimation of the network parameters. In many remote
sensing applications, the unavailability of a sufficient number
of labeled data results in a major limitation [3]. CNN plays
a significant role in many applications. However, collecting
sufficient pixel-level labeled data for training a CNN is an
expensive task and requires expert knowledge [4], [5]. Thus
it is important to develop techniques that require a limited
number of reliable labels and can exploit weak-supervised
learning. Recently, weak-supervised learning has raised large
attention as one of the solutions to deal with either limited or
noisy labels and to minimise the gap between the performance
of supervised and semi-supervised classification.

Goodfellow et al. [6] proposed Generative Adversarial Net-
works (GANs), which have been used in several tasks (e.g.
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TABLE I
LIST OF SYMBOLS USED FOR REPRESENTING THE VARIABLES AND

PARAMETERS IN THIS PAPER

Symbols Used Description
I(.) Input Image

(p,q) Indicates spatial location of Image
n Indicates spectral channel of Image
C Convolutional Operation
K Convolutional Kernel

u× v Size of Kernel
φ Activation Function
b Bias
l Convolutional Layer

D(.) Discriminator
G(.) Generator

x Real Label
x’ Refined Super-Resolved WRM
y Generated Images
z Random Noise
L Objective Function of Generative Adversarial Model

X × Y Size of Wavelet Decomposition of each sub-band
ψr(.) Wavelet Decomposition
Li,j Low-Frequency Components of ith row and jth column
Hi,j High-Frequency Components of ith row and jth column

L Low-pass Matrices
H High-pass Matrices
FM Feature Matrix

P Principal Components Matrix
V Covariance Matrix
F Fusion of Features
k Number of Features
fk Input Feature for Fusion
ek Convolutional Filter
N Number of all the input channels after Fusion
θ Parameter vector of update rule
α Learning Rate
β Decay Rate
ϵ Small Constant

J(.) Cost Function
t Current Time Step
gt Gradient of the Cost Function
mt Moving Average of the Gradient
m̂t Bias Corrected Estimates of mt

WCE(.) Weighted Cross-Entropy Loss
c Number of Classes
γh True Probability of hth class
γ̂h Predicted Probability of the hth class
W Vector of class weights

image synthesis, image generation, image super-resolution,
etc). They consist of a generator and a discriminator, which
are trained simultaneously. Authors in [7] proposed a pixel-
to-pixel mapping which utilizes the Conditional Generative
Adversarial Networks (cGAN) as an approach to the image
translation tasks to generate images by conditioning the input
images. Image translation was successful in a range of tasks
including colorization, image reconstruction, image synthesis,
etc. Several researchers have used GANs for data augmenta-
tion tasks in remote sensing for obtaining better training data
and thus classification results [8], [9], [10]. Generative Ad-
versarial Networks (GAN)-based models are also widely used
in change detection on multispectral remote sensing imagery
for modeling the distribution between bi-temporal images.
Other researchers have used adversarial training for annotated
sample generation, super-resolution of remote sensing images,
cloud removal, image classification, radar image sequence
generation, synthetic aperture radar (SAR) image generation
for target recognition and semi-supervised hyperspectral image

classification.
Our work aims to exploit the generative characteristics of

cGAN to progressively generate refined super-resolved WRM
by incorporating the properties of wavelet transform. Wavelet
Transform [11] can extract robust spatio-spectral features at
different scales and orientations. The refined super-resolved
WRM are then merged with features extracted from multi-
spectral and SAR data in order to obtain weak/low-resolution
labels for performing pixel-level classification.

The use of frequency-based methods, and in particular
wavelet transforms, has been studied in computer vision re-
search. Gal et al. [12] have used the style-based wavelet-driven
generative model for content generation in the wavelet domain.
Li et al. [13] proposed a framework for synthetic aperture radar
images to optical images conversion using multiscale GAN
based on wavelet feature learning. The main novelty of the
proposed method consists in capturing weak label information
of very low-resolution land-use-land-cover labels by using
dedicated multiscale analysis using wavelet transform in order
to generate refined super-resolved WRM. Within the scope
of this paper, the term weak-supervised learning is limited
to situations where the supervision provided is inexact and
inaccurate, often referred to as label noise. However, there are
several challenges associated with weakly supervised learning,
including:

1) Ambiguity in labels: Weakly labeled data can be am-
biguous or noisy, making it difficult for models to
accurately learn from the data. For example, in image
classification, an image may be labeled as belonging to
a certain category, but it may also contain elements that
are characteristic of other categories.

2) Limited information: Weakly labeled data often provides
limited information about the underlying structure of the
data. This can lead to models that are not as robust or
accurate as those trained with reliable labeled data.

3) Difficulty in evaluation: Since weak-supervised learning
often relies on imperfect labels, it can be difficult to
evaluate the performance of models.

To address the aforementioned issues, we propose a pre-
processing approach to refine weak land-use/land-cover labels
for weak supervised learning. The main contributions of this
paper are as follows:

1) We use a discrete-wavelet-transform-inspired generator
to produce refined super-resolved WRM from low-
resolution labels using the characteristics of principal
components of the multispectral images.

2) We develop an efficient framework for multi-source
image fusion which utilizes the characteristics of refined
super-resolved WRM, SAR images and low-resolution
labels.

3) We compare the effectiveness of the obtained feature
map with those of other general generative model and
study the impact of refined super-resolved WRM in
terms of segmentation accuracy.

This paper is organized into six sections. Section II de-
scribes the background and state-of-the-art approaches. Sec-
tion III presents the proposed approach to the fusion of multi-
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Fig. 1. Proposed framework for the weak-supervised based multi-source image classification

source satellite images and thus the classification method.
Section IV describes the experimental data set and the design
of the experimental analysis carried out for assessing the
effectiveness of the proposed approach. Section V draws the
conclusions of this paper.

II. BACKGROUND

Supervised learning is a commonly used approach in DL and
requires a massive amount of training data. Due to changes
in natural landscapes and man-made objects in the physical
world, annotated data get outdated over time. Another big
challenge of DL in remote sensing is label noise. It is very
difficult to arrange perfect large-scale data labeling due to
the complexity of remote sensing data. But the availability of
noisy labeled data can bias the model, whereas a small amount
of reliable labels leads to overfitting. In order to deal with such
challenges several researchers have used transfer learning [14]
by executing pre-training on established benchmark datasets
for various tasks that do not have sufficient labels. However,
the pre-trained model performs well on similar datasets but it
is not reliable on different datasets having different character-
istics.

To improve classification accuracy, many researchers have
worked on either enhancing the resolution of remote sensing
data or incorporating auxiliary information. Using the classi-
cal DL models to solve the mapping on low and medium-
resolution data has become challenging for many researchers
in the remote sensing domain [15]. DL methods like CNN
[1], RNN [16], GAN [6] and many more have been frequently

employed in the remote sensing domain. At present, it is also
common to incorporate the attention mechanism within the DL
architectures [17], [18]. Ronneberger et al. [19] proposed a
UNet CNN which was successful in utilising the labeled sam-
ples more effectively due to the data enhancement capability
of the network. The modified network based on UNet has been
used in various applications for the purpose of classification
and segmentation [15], [20].

The increasing gap between the availability of large amount
of remote sensing data and the lack of reliable labeled data
opens an opportunity for the researchers to exploit the noisy
labels, few labels, weak labels to learn valuable informa-
tion. Semi-supervised and weak supervised learning offers a
paradigm to approach the above challenges.

A. Weak-Supervised Learning (WSL)

With the development of DL model, Weak-Supervised Learn-
ing (WSL) has become a research topic in the field of
computer vision. In an actual scenario, collecting supervision
information requires a high cost and thus it is desirable to
opt for weak supervision. In computer vision, the purpose
of WSL is to utilise a few labels in order to achieve high
accuracy in classification/segmentation. WSL uses high-level
and often noisy labels to generate larger training sets. WSL
is an umbrella term that addresses the variety of studies
to construct predictive models by focusing on learning with
incomplete, inexact and inaccurate supervision [21].

Incomplete supervision deals with a small amount of labeled
data and abundant unlabeled data [22]. Semi-supervised learn-
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ing and active learning come under this category [21]. In [23],
[24], [25], examples of incomplete supervision are presented
in terms of semi-supervised based scene classification. Inexact
supervision deals with the situation in which some information
is available, but not as exact as required [26]. In this category
low-resolution or weak labels are usually considered for su-
pervision. Multi-instance learning is an example of inexact
supervision. Inaccurate supervision deals with a situation in
which the supervision information is not always correct. In this
category labeled samples may be affected by noise and errors
[27]. The purpose of inaccurate supervision is to minimise the
impact of noisy labels. Noisy labels refer to the labels that are
different from their real land cover classes. Several researchers
have used crowd-sourcing to collect labeled samples for re-
mote sensing image classification [28], crop mapping [29],
etc.

In pixel-level classification, weakly supervised learning has
had a significant impact by enabling models to learn from
partially labeled or imperfectly labeled data. This has the
potential to significantly reduce the cost and time required
for manual annotation of large datasets.

1) Relation with Semi-Supervised Learning: Both semi-
supervised learning and weak-supervised learning approaches
deal with situations where labeled data are limited or partially
available. While there are similarities between these two
methods, they differ in terms of the level of supervision they
require and the techniques used to leverage the available data.
Both semi-supervised learning and weakly supervised learning
aim to overcome the limitations of fully supervised learning,
where a large amount of accurately labeled data is required.
Instead, they utilize partially labeled or weakly labeled data
to train models.

2) Distinctions with Semi-Supervised Learning: Semi-
supervised learning assumes that a small portion of the data
is labeled, while the majority remains unlabeled. The labeled
data are used to guide the learning process, while the unlabeled
data helps in capturing the underlying structure of the data
distribution. In contrast, weakly supervised learning deals with
situations where only weak or noisy labels are available. This
means that the labels provided for training may be incomplete,
inexact, or inaccurate.

In remote sensing, semi-supervised learning has been stud-
ied in multispectral image processing [30], [31], hyperspec-
tral image processing [32] and SAR-optical classification
[33]. Semi-supervised methods have been used with classical
machine learning (ML) methods in various remote sensing
applications [34], [35]. Recently, SSL methods have been
addressed with DL methods for scene classification [23],
semantic segmentation [36], [37], cross-modal learning [38],
etc. Semi-supervised methods have been also used to address
the limitation of dimensionality reduction in hyperspectral
data [39], [40]. In [39], authors used an iterative multitask
regression framework for low-dimensional subspace by con-
sidering labeled and unlabeled data. In [40], semi-supervised
local fisher discriminant analysis with pseudo labels is used to
perform non-linear dimensionality reduction. Zhao et al. [41]
exploited image inpainting as a pretext task for remote sensing
scene classification with limited labeled samples. In [42], the

authors utilized two pretext tasks in training through rotation
and contrastive prediction for few-shot scene classification.

B. Generative Model in Remote Sensing

In recent years, semi-supervised deep learning methods have
become the primary tool for remote sensing image analysis.
Among them, the GAN [6] is used by researchers because it
helps in solving the problem related to the lack of training
data. Generative models are widely used in remote sensing
applications. Autoencoder and GAN have been widely ex-
ploited to learn representation from the dataset. Autoencoder
is a deep neural network consisting of a hidden layer in
between an input and an output layer of the same size that
is trained with backpropagation in an unsupervised way [43].
Autoencoders have the capability to reconstruct an input from
the most significant features of the data. Zhang et al. [44]
exploited a stacked autoencoder to learn multispectral image
features for the change detection task. In remote sensing image
analysis, autoencoders are used for image classification [45],
[46], [47], hyperspectral image denoising [48], hyperspectral
image unmixing [49], generative feature extraction [50], [51],
etc.

Goodfellow et al., [6], introduced the basis for estimating
generative tasks through GAN. Radford et al., [52] proposed
deep convolutional GAN that can learn an unsupervised rep-
resentation of images for generative modeling. Several studies
have analyzed the state-of-the-art generative models for image-
to-image translation for paired and unpaired images, and
successfully synthesized images from label maps and edge
maps [7]. Isola et al., [7] presented pixel-to-pixel mapping,
which utilizes the conditional generative adversarial networks
as a tool for the image-to-image translation by condition-
ing the input images to generate synthetic output images.
They conducted several experiments in which image-to-image
translation was successful in a range of tasks, including
colorization, image reconstruction, and image synthesis.

Adversarial training has proven its efficacy in various tasks
such as road detection from remote sensing images [53]
and road segmentation from aerial remote sensing images
[54]. Moreover, GANs have shown effectiveness in change
detection on multispectral imagery by modeling the distri-
bution between bi-temporal images [55]. This approach has
also been applied in annotated sample generation [56], super-
resolution of remote sensing images [57], cloud removal [58],
[59], remote sensing image classification [8], digital surface
model simulation [60], radar image sequence generation [61]
and semi-supervised hyperspectral image classification [62].
Additionally, Wasserstein GAN loss has been proposed for
hyperspectral unmixing by Ozkan et al. [63], while Cheng
et al. [64] introduced perturbation-seeking GAN for remote
sensing scene classification. Ren et al. [65] proposed sample
weighting and class adversarial training strategies for synthetic
aperture radar (SAR) image classification. In another study
[66], spatiotemporal fusion was achieved for data augmenta-
tion using CycleGAN, leveraging its characteristics to generate
synthetic images for image fusion purposes.
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Fig. 2. Proposed methodology of the proposed Wavelet Regulated GAN (WRGAN) for refined super-resolved weak reference map generation.

C. Mathematics of Convolutional Neural Network (CNN) and
Generative Adversarial Network (GAN)

CNN is a state-of-the-art tool to process 2D and 3D data
[1]. It consists of three key components: convolutional layers,
activation function, and pooling. Let us consider an image
I(p, q, n), where (p, q) indicates the spatial location, and n
indicates the spectral band in input to a CNN with Kernel K,
activation function φ and bias b of layer l, the convolution and
pooling operations can be defined as:

Cl
(p,q;n) = φl+1(

∑
u

∑
v

I(p+u−1, q+v−1;n)lK(u, v;n)l+b)

(1)
pool(I l − 1)p,q,n = ρl(Ip+u−1,q+v−1,n) (2)

where the kernel has fixed u rows and v columns.
The GANs exploit the min-max operator in which the

discriminator aims to maximize the objective function whereas
the generator aims to minimize it. The min-max operator
minimizes the divergence between the data and the distribution
of deep features [67]. The objective function of the GAN can
be written as:

L = min
G

max
D

Ex[log(D(x))] + Ez[log(1−D(G(z)))] (3)

where D(x) and G(z) are the discriminative and generative
image samples, respectively, x represents the input image and
z is the noise used for generating synthetic training samples.

A conditional version of generative adversarial networks
can control the method used for data generation, incorporating
additional information such as class labels to monitor the ar-
tificial data generation process [68]. In conditional generative
adversarial networks, conditional information can be exploited
in the generator and the discriminator. The objective function
of cGAN can be written as:

L = min
G

max
D

Ex,y[log(D(x, y))]+Ex,z[log(1−D(x,G(x, z)))]

(4)
where D(x, y) and G(x, z) are the discriminative and gen-
erative image samples, respectively, x represents the input
image, y represents generated image and z is the noise used
for generating synthetic training samples.

III. PROPOSED METHOD

Fig. 1 shows the overall framework for the proposed weak-
supervised multi-source image classification approach.

A. Discrete Wavelet Transform Based Deep Adversarial Model

Fig. 2 illustrates the proposed Wavelet-Regulated Genera-
tive Adversarial Networks (WRGAN) for the refined super-
resolved WRM generation using a wavelet-based generative
framework. Our method is based on a generative approach
and centered on discrete wavelet transform (WT), which de-
composes an image into a sequence of channels that represent
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TABLE II
FEATURE MATRIX AFTER EACH BLOCK OF OPERATIONS IN THE PROPOSED

GENERATOR; FMψ : MATRICES GENERATED AFTER WAVELET
CONVOLUTION, FMenc,dec : MATRICES GENERATED AFTER EACH LEVEL

OF ENCODING AND DECODING

Feature Matrices
Input: 256× 256× 1

FMψ Spectral concatenation FMenc,dec

128× 128× 4 128× 128× 36 128× 128× 32
64× 64× 4 64× 64× 68 64× 64× 64
32× 32× 4 32× 32× 132 32× 32× 128
16× 16× 4 16× 16× 260 16× 16× 256
8× 8× 4 8× 8× 516 8× 8× 512

16× 16× 4 16× 16× 516 16× 16× 512
32× 32× 4 32× 32× 516 32× 32× 512
64× 64× 4 64× 64× 260 64× 64× 256

128× 128× 4 128× 128× 132 128× 128× 128
128× 128× 64
256× 256× 32

Output: 256× 256× 1

different ranges of frequencies. We use Haar WT with the
convolutional operation that processes the data by computing
the sum and difference of neighboring elements. Our gener-
ative model works with five-level decomposition, where each
image is transformed into four sub-images, i.e., LL, LH, HL
and HH components. The first sub-image, LL, corresponds to
a low-frequency component, and the remaining sub-images,
LH, HL, and HH, correspond to high-frequency components
in the horizontal, vertical and diagonal directions, respectively.
Iterating the use of these components on a given input image
I , it is possible to obtain a multiscale decomposition:

ψr(I) = [ψr−1(Li,j(I)), Hi,j(I)] (5)

where, ψ0(I) = I . Li,j , Hi,j are the low- and high-frequency
components, respectively, of the ith row and jth column and
L = [Li,j ], H = [Hi,j ] are the low-pass and high-pass
matrices, respectively.

B. Network Architecture and Training Procedure of Refined
Super-Resolved Weak Reference Map Generator

Our approach integrates wavelet-aware techniques into the
framework of the general conditional generative adversar-
ial network. In every level of wavelet decomposition, each
2X×2Y image is represented by four sub-bands of size X×Y .
Within the generator, encoder blocks are composed of repeated
convolutional layers, batch normalization and Leaky ReLU
activation functions. The generator objective is to exploit the
characteristics of the wavelet transform to produce refined
super-resolved WRM, utilizing principal component features
from corresponding high-resolution multispectral imagery.
Meanwhile, the discriminator aims to distinguish between
the refined label and the original label pairs. The principal
component is calculated on multispectral images represented
as a 3D array I of size (p × q × n), where each pixel in the
image has n spectral bands. Let V be the covariance matrix
of I, then its eigenvectors and eigenvalues are given by:

V =
1

s− 1

s∑
i=1

(Ii − P )(Ii − I)T (6)

Fig. 3. (a) High-Resolution Map (Real Label), (b) Modis Land Cover
(Weak Label), (c) Principal Component (PC-1) and (d) Weak Reference Map
generated through the proposed Generator.

where s = p× q is the number of pixels in the image, and I
is the mean vector of I.

The first r eigenvectors with the largest eigenvalues are used
to construct the reduced dimensional representation of the data,
which is given by:

Preduced = PVr (7)
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TABLE III
COMPARISON BETWEEN THE PROPOSED WAVELET REGULATED GAN (WRGAN) AND THE CGAN ARCHITECTURE IN TERMS OF STRUCTURAL

SIMILARITY INDEX (SSIM) AND MEAN SQUARED ERROR (MSE) ON THE TEST SET OF THE DFC2020 DATA THE AND VALIDATION SET OF CHESAPEAKE
NEWYORK DATA.

Data Metrics cGAN Proposed WRGAN
DFC2020 Test Dataset Mean Squared Error (MSE) 33.60 21.18

Structural Similarity Index (SSIM) 0.286 0.328
Chesapeake NewYork Validation Dataset Mean Squared Error (MSE) 20.75 12.37

Structural Similarity Index (SSIM) 0.029 0.244

TABLE IV
ANALYSIS OF THE EFFECTIVENESS OF THE PROPOSED WRGAN ACHIEVED ON THE VERY HIGH-RESOLUTION VALIDATION SET OF CHESAPEAKE

NEWYORK DATA IN TERMS OF CLASSIFICATION METRICS OBTAINED BY USING PARAFORMER (L2HNET-V2) [69].

Metrics L2HNet-v2 L2HNet-v2 + cGAN L2HNet-v2 + Proposed WRGAN Test Pixels
mIoU 43.50 45.08 45.83 143870568
OA 86.36 89.30 89.43 143870568
κ 76.76 81.47 81.52 143870568

Classes Class-wise Scores
Water 95.39 95.01 95.81 10010560
Forest 90.54 91.56 91.34 73174685

Low-Vegetation/Crop-Fields 85.25 88.81 88.87 59465016
Impervious 22.69 27.07 31.94 1220307

where Vr is a matrix containing the first r eigenvectors as
columns.

We applied 2D-wavelet convolution at every stage of encod-
ing and decoding operations. For instance, ψ1, ψ2, ψ3, ψ4, and
ψ5 represent the wavelet decompositions at the first, second,
third, fourth and fifth levels, respectively derived from the
input image I . Within the generator’s decoder block, we em-
ployed iterative transposed convolution operations, followed
by a stride operation and rectified linear unit (ReLU). This
process reduces the number of spectral features by half while
doubling the spatial feature size. The feature matrices resulting
from wavelet convolution at each level are then concatenated
spectrally with the feature maps obtained from each encoding
and decoding stage. Table II illustrates the feature matrix after
each operation block within the proposed generator.

The generator loss is calculated between the generated
high-resolution weak reference images and real label images.
The objective function of the proposed generative method is
defined as follows:

L = min
GWavelet

max
D

Ex,x′ [log(D(x, x′))]

+ Ex,z[log(1−D(x,G(x, z)))] (8)

where Generator (G) tries to minimise the loss against an
adversarial Discriminator (D) that tries to maximise it. The
resulting method is used for refining weak labels in which x
represents the valid label, and z is the random noise used for
generating refined super-resolved WRM. A prior random noise
(z) and principal component information are given as input
to the generator to produce the output (x′). The valid label
(x), refined super-resolved WRM (x′) and principal component
information are fed to the discriminator model to calculate the
adversarial loss.

C. Fusion of Features

The deep learning model is trained using a set of low-
resolution labeled data that includes multispectral and SAR
images, as well as the MODIS land cover data. The objective
of the training is to optimize the weights and biases of the
network to minimize the error between the predicted and actual
land cover labels. The fusion of features from multispectral
images, SAR images, refined super-resolved WRM and weak
labels can be achieved using a deep learning model such as
a convolutional neural network (CNN). Here is the general
equation for fusing these features:

F = φ

(
N∑

k=1

ek ∗ fk + b

)
(9)

where fk is the kth input feature, which are a multispectral
band, a SAR channel, a refined super-resolved WRM and a
weak label, ek is the convolutional filter for the kth feature,
N is the number of input channels, F is the output feature
map of the convolutional layer, b is the bias term and φ is
the activation function. The fused features are used for land
cover classification. The effectiveness of the fusion approach
depends on the quality and relevance of the input features, the
suitability of the network architecture and training strategy,
and the complexity and variability of the target task and
environment.

IV. EXPERIMENTAL RESULTS AND DISCUSSION

A. Experimental Data and Model Setup for Refined Super-
Resolved Weak Reference Maps Generation

We have considered open source DFC2020 [70] and Chesa-
peake Land Cover [71] datasets for the refined super-resolved
weak reference map generation.
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Fig. 4. Comparison of LULC maps generated after the inclusion of WRM in the very high-spatial resolution Chespeake NewYork dataset. Maps have been
obtained by using using Paraformer (L2HNet-v2) [69].

1) DFC2020 Data: The experiments were conducted on
a part of the open-source DFC2020 dataset in which we
have considered low-resolution 500m-MODIS-derived land-
cover maps and semi-manually derived high-resolution land-
cover maps. This dataset originally consisted of a quadruple
of Sentinel-1 SAR data, Sentinel-2 multispectral imagery, low-
resolution land-cover and corresponding high-resolution land-
cover maps. Each patch size is 256×256 pixels. We have used
2986 low-resolution/high-resolution pair samples and 3128
pair samples from the DFC2020 dataset to train and test the
proposed WRGAN respectively.

2) Chesapeake Land Cover: To further validate the effec-
tiveness of the proposed approach, we conducted experiments
on the Chesapeake dataset, prepared by Microsoft Research.
This dataset is made up of 1m very high-resolution imagery
paired with a 30m low-resolution land-cover product for
training, along with 1m very high-resolution ground truth data
for evaluation. For our study, we focused on a subset of the
dataset covering the New York region, which includes 125
large image tiles, each approximately 6000 × 7500 pixels in
size. Out of these, we selected 20 tiles to train the proposed
WRGAN, 100 tiles to train the classifier, and the remaining 5
tiles for validating both the generator and the classifier. Each
tile was further divided into 224 × 224 patches for model
training and evaluation.

For the training of the model, the Adam optimizer was used
with a learning rate of 0.0002, the dropout rate was fixed
to 0.5, stride and kernel size were set to 2 × 2 and 3 × 3,
respectively. We have used mean absolute error and mean
square error for calculating the generator loss and binary cross-
entropy to analyze discriminator accuracy after each epoch.
During the experimental training, the batch size is set to 25
for DFC2020 and 10 for Chesapeake NewYork data, and all
models are trained for 500 epochs. Adam (Adaptive Moment
Estimation) is an optimizer that combines the benefits of Root
Mean Square Propagation (RMSprop) and momentum. RM-

Sprop is a stochastic gradient descent optimizer that modifies
the step size of the gradient descent algorithm in order to
take steps proportional to the average of recent magnitudes of
the gradients. It adjusts the step size of the gradient descent
algorithm based on the moving average of both the gradient
and its squared value, as well as a momentum term that
accelerates learning in a consistent direction. The Adam update
rule for a parameter vector θ with learning rate α, decay rates
β1 and β2, and small constant ϵ can be expressed as:

gt = ∇θJ(θ) (10)

m̂t =
β1mt−1 + (1− β1)gt

1− βt
1

(11)

vt = β2vt−1 + (1− β2)g
2
t (12)

θt+1 = θt −
α√
v̂t + ϵ

m̂t (13)

where gt is the gradient of the cost function J(θ) with respect
to the parameter vector θ at time step t, mt is the moving
average of the gradient and its squared value, m̂t is the bias-
corrected estimates of mt and t is the current time step.

B. Experimental Data and Model Setup for Multi-Source
Image Fusion

For the multi-source feature fusion, the experiments were
conducted on the multi-source SEN12MS dataset [72], which
consists of triplet of Sentinel-1 SAR data, Sentinel-2 multi-
spectral imagery and MODIS low-resolution land-cover maps.
We have used 162, 555 triplet samples from the SEN12MS
to train the model and 18, 106 triplet samples for validation.
Each sample consists of 256 × 256 pixels. For the training
of the classifier, the RMSprop optimizer was used with a
learning rate of 0.01, the stride and kernel size were set to
2 × 2 and 3 × 3, respectively. RMSprop helps to smooth
out the convergence process and prevent oscillations in the
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optimization process. We have used cross-entropy to analyze
loss after each epoch. During the experimental training, the
batch size is set to 32, and all models are trained. The
RMSprop update rule for a parameter vector θ with learning
rate α and decay rate β can be written as:

E[g2]t = βE[g2]t−1 + (1− β)g2t (14)

θt+1 = θt −
α√

E[g2]t + ϵ
gt (15)

where gt is the gradient of the cost function J(θ) with
respect to the parameter vector θ at time step t, E[g2]t is
the exponentially-weighted moving average of the squared
gradient, and ϵ is a small constant added for numerical
stability. The experiments are conducted on AMD Ryzen 9
5950X 16-Core Processor 32T/16C, Nvidia NVIDIA GeForce
RTX 3090, Ubuntu 20.04.2 LTS. We have used torch version
2.1.0, rasterio 1.3.9, sklearn 1.4.0, matplotlib 3.8.2, numpy
1.26.0 to implement the proposed approach.

In order to evaluate the sensitivity of the model to various
parameters, we conducted controlled experiments by varying
key hyperparameters, such as the learning rate, kernel size,
stride and batch size, while keeping other settings constant.
The results showed that the learning rate was the most sensitive
parameter, with a noticeable impact on the convergence rate
and model performance. For instance, reducing the learning
rate below 0.001 led to slower convergence, whereas increas-
ing it beyond 0.01 caused instability in the training process.
The selected learning rate of 0.01 achieved an optimal balance
between convergence speed and accuracy.

Cross-entropy loss is a commonly used loss function for
classification problems, particularly for multiclass problems.
It measures the dissimilarity between the predicted probability
distribution and the true probability distribution of the labels.
The weighted cross-entropy loss between the predicted proba-
bility distribution ŷ and the true probability distribution y can
be written as:

WCE(γ, γ̂, wh) = −
c∑

h=1

W.γh log(γ̂h) (16)

where c is the number of classes, γh is the true probability of
the hth class, γ̂h is the predicted probability of the hth class
and W = [w1, w2, w3, ....., wc] is the vector of class weights
where wh is the weight assigned to the hth class. The weighted
cross-entropy loss is minimized when the predicted probability
distribution matches the true probability distribution and is
non-negative.

The test experiments were conducted on the open-source
DFC2020 dataset [70] consisting of a quadruple of Sentinel-
1 SAR data, Sentinel-2 multispectral imagery, Modis low-
resolution land-cover and the corresponding high-resolution
land-cover maps. Each patch size is 256 × 256 pixels. We
have used 2986 quadruple samples from the DFC2020 test set
to predict the efficacy of the proposed method.

C. Qualitative and Quantitative Evaluation

TABLE V
ANALYSIS OF THE EFFECTIVENESS OF THE PROPOSED MULTI-SOURCE

DATA FUSION CLASSIFICATION APPROACH RESULTS ACHIEVED ON THE
TEST SET OF THE DFC2020 DATA FOR DIFFERENT COMBINATIONS OF

INPUT DATA.

Dataset Metrics
Sentinel-2 Sentinel-1 WRM OA AA κ

✓ 50.47 36.06 37.32
✓ ✓ 63.19 40.97 50.77
✓ ✓ ✓ 69.68 51.96 61.55

TABLE VI
RESULTS OF THE ABLATION STUDY OF THE PROPOSED METHOD ON THE

TEST SET OF THE DFC2020 DATA. IN THE PROPOSED APPROACH, THE
CBAM-UNET IS CONSIDERED AS A BASELINE FOR THE CLASSIFICATION

EXPERIMENT

Metrics OA AA κ
Baseline 63.19 40.97 50.77

Proposed (Baseline + WRM) 69.68 51.96 61.55
Proposed (Baseline + WRM + WCE) 77.34 55.28 70.79

1) Refined Super-Resolved Weak Reference Map Genera-
tion: The generator is trained to generate output on a finite
set of latent vectors as well as unseen latent vectors sampled
during training. Moreover, to keep diversity we restrict the
training up to a certain level in order to generate diverse feature
maps and avoid overfitting. Table III shows the quantitative
comparison of the generated results on DFC2020 and Chesa-
peake NewYork data obtained by comparing the proposed
WRGAN with the general cGAN. In terms of key evaluation
metrics: Mean Squared Error (MSE) and Structural Similarity
Index (SSIM). These metrics were computed on the test set
against the generated refined super-resolved WRM outputs.
The results demonstrate that the proposed WRGAN obtained
a significant improvement in MSE and SSIM, indicating better
reconstruction quality and structural fidelity. These results
highlight the effectiveness of the WRGAN in exploiting
wavelet-based features to improve the quality of generated
Weak Reference Map, while controlling the effectiveness
of decomposition process and generated feature maps. The
proposed method is successful in generating shape information
of the principal component features. Fig. 3 shows the refined
super-resolved WRM generated against the principal compo-
nent using the proposed WRGAN. The results are plotted with
weak labels and real labels for visualization purposes.

To further evaluate the effectiveness of the generated data,
we employed Paraformer (L2HNet-v2) [69], for semantic
segmentation as a downstream task. Specifically, we used
the generated WRM data to train the semantic segmentation
model on the training set of the Chesapeake New York dataset.
We then evaluated the model on the validation set using
1m high-resolution reference ground truth labels obtained
from the Chesapeake Bay Conservancy Land Cover (CCLC)
project. Table IV presents the performance of the proposed
WRGAN in terms of Mean Intersection over Union (mIoU),
Overall Accuracy (OA), Kappa Coefficient (κ), and class-wise
scores. The results demonstrate the impact of using the WRM
generated by the proposed WRGAN, compared to both the
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TABLE VII
COMPARISON OF THE CLASSIFICATION RESULTS OF THE PROPOSED METHOD AND THE REFERENCE METHODS ON THE TEST SET OF THE DFC2020 DATA.

Metrics (%) Deeplabv3+ UNet Attention-UNet CBAM-UNet Segformer ViT-Encoder TransUNet Proposed
[73] [19] [74] [75] [76] [77] [78]

Overall Accuracy (OA) 57.51 57.47 62.12 63.19 55.82 57.08 59.24 69.68
Kappa Coefficient (κ) 47.38 44.63 50.31 50.77 44.00 45.95 45.84 61.55

Average Accuracy (AA) 44.08 41.61 39.91 40.97 42.61 44.80 43.30 51.96
Computational Complexity (iterations/s) 3.18 2.87 1.63 1.57 6.75 1.62 1.57 1.587

TABLE VIII
COMPARISON OF CLASS-WISE ACCURACY METRICS OBTAINED BY UNET, DEEPLABV3+ , ATTENTION-UNET, CBAM-UNET, SEGFORMER,

VIT-ENCODER, TRANSUNET AND THE PROPOSED METHOD ON THE TEST SET OF THE DFC2020 DATA.

Class-Wise Accuracy (%)
LULC Classes Deeplabv3+ [73] UNet [19] Attention-UNet [74] CBAM UNet [75] Segformer [76] ViT-Encoder [77] TransUNet [78] Proposed

Forest 64.51 86.29 70.74 63.90 60.56 68.35 34.25 84.59
Shrubland 26.55 0.02 0.02 0.04 0.0 0.0 0.0 37.05
Grassland 26.81 12.66 7.56 21.76 18.30 17.42 3.23 51.69
Wetland - - - - - - - -
Cropland 47.13 57.35 68.88 71.05 56.65 59.59 80.54 59.55

Urban/Builtup 55.89 17.74 66.57 27.46 33.36 32.51 5.86 36.62
Barren 0.0 0.16 0.19 0.16 0.0 0.0 0.0 77.30
Water 96.37 98.33 98.32 98.41 96.34 96.42 96.37 99.44

cGAN and the scenario without any GAN-based enhancement.
One can observe that WRGAN improves the classification of
minority classes like Impervious and the class-wise scores for
Water, reflecting in a better OA. Fig. 4 highlights the impact
of the inclusion of WRM in the land cover maps.

The proposed WRGAN has a broad application prospect
in the semi-labeling tasks. It is worth noting that the re-
fined super-resolved WRM obtained by the proposed method
model the principal component feature by utilizing multiscale
wavelets. The proposed generator learns the mapping from
principal component features to wavelet features with convo-
lutional features and then collectively generates the refined
super-resolved WRM.

2) Multi-Source Data Segmentation Accuracy: The gen-
erator of the proposed WRGAN has been used to generate
refined super-resolved WRM by considering the principal
component samples derived from the multi-spectral samples
of SEN12MS into refined super-resolved WRM. Then we
have used refined super-resolved weak reference maps with
weak/low-resolution labels for the classification of Sentinel-
1 and Sentinel-2 images. We considered CBAM-UNet [75]
as a baseline in the proposed classification experiment. Table
V shows the accuracy achieved by integrating Sentinel-1,
Sentinel-2 and the WRM generated by WRGAN. The results
highlight the impact of fusing the structural information of
Sentinel-1 with the spectral information of Sentinel-2 data,
which involves a significant improvement across all metrics.
Furthermore, the addition of the WRM further increases the
performance pointing out the effectiveness of WRM in enhanc-
ing feature representation by preserving multi-scale details and
improving the fusion process. The ablation study presented in
Table VI shows that the integration of the WRM with the
baseline significantly increase the accuracy highlighting its
ability to improve feature representations by capturing details
from fused multi-source data. When the WCE is added to the
WRM-enhanced baseline, the accuracy obtained outperforms
the other combinations. This enhancement demonstrates the

effectiveness of WCE in addressing class imbalance, further
refining model performance.

We have conducted a comprehensive evaluation of our
proposed method against several well established literature
techniques, including Segformer [76], ViT-Encoder [77] and
TransUNet [78], along with widely used architectures such as
Deeplabv3+ [73], UNet [19], Attention-UNet [74] and CBAM-
UNet [75]. Table VII shows the classification results achieved
on the DFC2020 dataset which contains 2986 quadruples of
Sentinel-1, Sentinel-2 images, MODIS low-resolution land-
cover labels and corresponding high-resolution land-cover
maps. It shows the classification accuracies of the proposed
method in terms of OA, κ and AA. The proposed method after
the addition of WRM and weighted cross-entropy WCE loss
shows better results compared to the reference methods. These
results confirms the robustness and reliability of our approach
in capturing spatial and spectral information. Additionally,
while the ccomputational complexity in terms of iterations
processed per second of the proposed approach (1.587 it/s)
is comparable to that of other transformer-based models.

Table VIII shows the comparison of class-wise accuracy
metrics of UNet [19], Deeplabv3+ [73], Attention-UNet [74],
CBAM-UNet [75], Segformer [76], ViT-Encoder [77], Tran-
sUNet [78] and the proposed approach. The table points
out the impact of refined features in identifying classes like
grassland and barren, which were not identified by general
UNet [19], Attention-UNet, CBAM-UNet [75], Segformer,
ViT-Encoder and TransUNet. Fig. 5 visualizes the comparison
of pixel-level classification of UNet, Attention-UNet and the
proposed method. As one can see the proposed method is
successful in creating boundaries between classes, whereas the
reference methods mixes the forest, croplands and grassland
classes.

The proposed method demonstrates its effectiveness in
addressing multi-source image classification challenges with
low-resolution labels on a large-scale and utilizing diverse
remote sensing data sources for pixel-level classification.

This article has been accepted for publication in IEEE Transactions on Geoscience and Remote Sensing. This is the author's version which has not been fully edited and 

content may change prior to final publication. Citation information: DOI 10.1109/TGRS.2025.3574396

© 2025 IEEE. All rights reserved, including rights for text and data mining and training of artificial intelligence and similar technologies. Personal use is permitted,

but republication/redistribution requires IEEE permission. See https://www.ieee.org/publications/rights/index.html for more information.



11

Fig. 5. Comparison of LULC maps generated through general UNet, Attention UNet, CBAM-UNet and the proposed method on the test set of the DFC2020
data.

There are still some challenges associated with the proposed
method in pixel-level classification, because of ambiguity in
labels. Wavelet transforms can provide localized frequency
information and the transformed coefficients obtained through
wavelet decomposition may not have direct and intuitive
interpretations, making it difficult to understand the underlying
patterns and features captured by the generative model. One
limitation is that the obtained maps also contain artifacts, when
fusing multiple sources of remote sensing data, uncertainties
associated with each individual dataset can propagate into the

fused data.

V. CONCLUSION

We have presented an approach which consists of two parts.
First, refined super-resolved WRM are generated from the
principal component using the generator of the proposed
WRGAN. Then they are used along with the multispectral
and SAR images for pixel-level classification. The refined
super-resolved WRM generation approach is based on the
exploitation of the discrete wavelet transform during the train-
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ing of the generative model. The use of a frequency domain
based convolutional approach to the generation task provides
a specific improvement. The generation results confirm that
the loss function implemented in the proposed WRGAN is
more reliable compared to the general cGAN loss for gener-
ating refined samples. The fusion of decomposed multiscale
wavelet features and image convolution features makes the
network generate high-quality refined feature maps. In the
multi-source features fusion task, we incorporate the refined
feature maps as input to the classifier for weak supervised
pixel-level classification. Our method is effective in solving
remote sensing problems on a very large scale, which employs
different available remote sensing data sources from Earth
observation.

In future work, weak-supervised based semantic segmen-
tation will be extended to a self-supervised/unsupervised
approach for large-scale mapping. However, we will focus
on developing specialized architectures, incorporating domain
knowledge to improve model interpretability and develop
lightweight models. We also aim to incorporate Point Spread
Function (PSF) of the sensors in the model to better represent
the spatial-context for robust modeling of spatial uncertainties.
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