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EffBaGAN: An Efficient Balancing GAN for Earth
Observation in Data Scarcity Scenarios
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Abstract—Generative adversarial networks (GANs) can be used
as a data augmentation technique in scenarios with limited labeled
information and class imbalances, common issues in remote sens-
ing datasets. The EfficientNet architecture has gained attention
for achieving high accuracy with moderate computational cost.
This work introduces efficient balancing generative adversarial
network (EffBaGAN), a generative network specifically designed
for the classification of multispectral remote sensing images based
on EfficientNet, addressing data scarcity and class imbalances
while minimizing network complexity. EffBaGAN is built upon a
balancing generative adversarial network (BAGAN) architecture,
incorporating a custom EfficientNet-based discriminator and gen-
erator. In particular, for the discriminator we propose reduced
EfficientNet discriminator, a reduced version of EfficientNet-B0
adapted to multispectral imagery. The generator, residual Effi-
cientNet generator, includes a residual EfficientNet-based path,
which enhances the quality of the generated synthetic samples. In
addition, a superpixel-based sample extraction procedure is used to
further reduce the computational cost of the method. Experiments
were conducted on large, very high-resolution multispectral im-
ages of vegetation, demonstrating that EffBaGAN achieves higher
accuracy than other advanced classification methods, including
vision transformers and residual BAGAN, while maintaining a
significantly lower computational cost. In fact, EffBaGAN is more
than twice as fast as the residual BAGAN, making it an efficient
solution for remote sensing image classification in data-scarce en-
vironments.

Index Terms—Balancing generative adversarial network
(BAGAN), classification, data augmentation, EfficientNet,
multispectral, residual generator, transformer, vegetation.

NOMENCLATURE

AA Average accuracy.
ACGAN Auxiliary classifier generative adversarial net-

work.
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Adam Adaptive moment estimation.
BAGAN Balancing generative adversarial network.
CGAN Conditional generative adversarial network.
CNN Convolutional neural network.
ConViT Convolutional-like vision transformer.
DWConv Depthwise convolution.
DWSConv Depthwise separable convolution.
EffBaGAN Efficient balancing generative adversarial net-

work.
ELU Exponential linear unit.
FLOPs Floating-point operations.
GAN Generative adversarial network.
κ Cohen’s kappa coefficient.
LeakyReLU Leaky rectified linear unit.
MBConv Mobile inverted bottleneck.
OA Overall accuracy.
PReLU Parametric rectified linear unit.
PWConv Pointwise convolution.
RedEffDis Reduced EfficientNet discriminator.
ResBaGAN Residual balancing generative adversarial net-

work.
ResEffGen Residual EfficientNet generator.
ResNet Residual network.
SE Squeeze-and-excitation.
SEEDS Superpixels extracted via energy-driven sam-

pling.
SiLU Sigmoid linear unit.
SLIC Simple linear iterative clustering.
TrSp Training speedup.
TTPE Training time per epoch.
ViT Vision transformer.
WP Waterpixels.

I. INTRODUCTION

R EMOTE sensing multi- and hyperspectral images are
valuable tools for classifying elements in a scene [1].

Applications of such classification include forest mapping, mon-
itoring the evolution of invasive species in watersheds [2], and
estimating crop yield. For example, crop yield estimation can
be achieved by analyzing the electrical conductivity of the soil
from various spectral bands of the images [3].

Various machine learning techniques have been employed
for image classification tasks in remote sensing [4]. In recent
years, the focus has shifted primarily toward deep learning-
based techniques, which have proven more effective for multi-
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and hyperspectral image classification compared to traditional
approaches [5], [6]. Among these techniques, CNN [7], such
as ResNet [8], are particularly prominent and are commonly
chosen for this purpose [9], [10], [11]. The integration of skip
connections in ResNets facilitates the training of deep networks
by mitigating the vanishing gradient problem, which can prevent
the learning process in very deep networks [12].

However, these techniques are characterized by a high compu-
tational cost [13]. Thus, in recent years, research has increasingly
focused on developing fast and effective models that require
fewer computational cost, thus minimizing training and testing
times [14]. This is particularly relevant for applications on
mobile devices with limited computing capacity, such as those
utilizing MobileNet networks [15], or in scenarios requiring
real-time or near real-time processing. One of the techniques
that are applied to reduce the computational cost in deep learn-
ing are network compression techniques, such as pruning and
quantization [16]. Pruning involves removing parameters that
do not significantly impact the network’s performance, thereby
enhancing computational efficiency. Quantization, on the other
hand, reduces the number of operations by lowering the pre-
cision of the data type used for weights or activations in the
networks. For instance, Hernández et al. [17] demonstrated the
application of quantization in models for IoT devices within
a facial recognition system, highlighting how this technique
allows model training on IoT devices by reducing computational
cost without significantly compromising accuracy.

Another alternative to reduce the computational cost is to
develop network models focused on this purpose, being able to
highlight the EfficientNet architecture [18], proposed by Google
in 2019. The main novelty introduced in this architecture is that
different networks can be designed by uniformly varying the
three dimensions that define them: depth, width, and resolution.
This is done through a compound coefficient, which is defined
as an exponent affecting the three dimensions mentioned above.
It allows an adaptation to the computational resources of the
device used and/or to the computational time requirements
without affecting the resulting accuracy. EfficientNet achieves
comparable and often superior image classification accuracies
compared to other CNN-based architectures, such as ResNet.
There are previous works in the literature where EfficientNets
have been used for the classification of images in remote sensing,
but not for the classification of the different elements present in
watersheds.

One problem with deep learning networks is that they require
a large amount of data to train properly [19]. Added to this is the
fact that data scarcity and class imbalances are prevalent in multi-
and hyperspectral remote sensing datasets, leading to biased
classifiers that do not generalize well. Data augmentation helps
alleviate this issue. Although the most common way to perform
data augmentation is by applying simple transformations to
existing samples [20], it has also recently been performed by
using a type of neural architecture known as GAN [21]. These
architectures allow the creation of completely new synthetic
samples from an estimate of the reference data distribution [22],
[23]. GAN architectures that generate synthetic images from

random noise are known as noise-to-image, but some architec-
tures generate synthetic images from input images, known as
image-to-image. This work is focused on noise-to-image archi-
tectures. Different GAN designs are found in the literature [24].
� CGAN [25]: incorporates the corresponding information

to synthesize a sample of a specific class on demand.
� ACGAN [26]: a natural extension of CGAN that allows

the discriminator to assign each sample the most probable
class, as well as distinguish between whether it is a real or
synthetic sample.

� BAGAN [27]: when dealing with imbalanced datasets
among the different classes present in them, GANs may
not have enough information from the minority classes
to train on the most relevant features of these classes.
Furthermore, in these cases, GANs synthesize identical
samples for each class, with no variety to enrich the dataset,
sometimes even failing to synthesize noise. To solve these
two problems, this architecture was developed. It intro-
duces multiple modifications to stabilize the training of
small and imbalanced datasets. These improvements are
the introduction of an autoencoder [28] and the combina-
tion of both discriminator outputs (the predicted class and
whether it is a real or synthetic sample).

In summary, the main problem with deep learning meth-
ods for classification of remote sensing images is their high
computational cost. Thus, in this work, we have designed a
proposal to maintain very good accuracy metrics in this type of
classification while reducing the computational cost compared
to other state-of-the-art methods.

This work presents an alternative to perform data augmenta-
tion by taking advantage of the computational efficiency of Effi-
cientNet networks, proposing EffBaGAN as a result. EffBaGAN
is a novel EfficientNet-based augmentation and classification
method for multispectral remote sensing imaging for environ-
mental monitoring. The EffBaGAN architecture includes a cus-
tom discriminator and generator. In particular, the computational
cost reduction is achieved through the RedEffDis, our simplified
proposal of EfficientNet. The proposed residual EfficientNet
generator (ResEffGen) includes an EfficientNet-based residual
path to allow the synthesis of higher-quality samples. It preserves
the features of the initial latent vector while creating new ones
and synthesizing these samples in two steps: one for the spatial
expansion and one for the spectral information. The challenges
of data scarcity and class imbalances are addressed through a
data augmentation technique that combines traditional trans-
formations with sample synthesis by the proposed EffBaGAN.
Thus, the main contributions of this work are the following.

1) The proposed method incorporates an EfficientNet-based
architecture and a sample extraction process based on su-
perpixel segmentation and traditional augmentation tech-
niques combined with sample synthesis by BAGAN. This
achieves high accuracies due to the enrichment obtained
through the sample extraction procedure and both data
augmentation techniques, as well as reduced computa-
tional cost due to the sophisticated building blocks used
in EfficientNet-based architectures: the MBConv blocks.
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The combination of these technical innovations is crucial
in scarce and imbalanced datasets, where the available
labeled samples should be used to their full potential.

2) The discriminator RedEffDis allows achieving very good
accuracy metrics while significantly reducing computa-
tional cost compared to other classifiers based on resid-
ual architectures such as ResNet. This discriminator is
characterized by having a reduced number of blocks,
adapting to the samples extracted from the datasets used.
Each of these blocks extracts spatial features from each
channel independently, thus avoiding interaction between
them and being faster and more computationally efficient.
It does this through a DWSConv, which has two steps:
first the independent feature extraction mentioned above,
and then the combination of these through a one-point
convolution.

3) The generator ResEffGen includes an EfficientNet-based
residual path, which allows for the combination of the
most relevant features of the initial noise and the new ones
generated through the main path. As a result, richer and
more complete samples are generated through a two-step
process, being one for the spatial resolution and the other
for the spectral information. This proposed residual path
first expands the initial noise to have the spatial resolution
of the desired samples, and then synthesizes the values of
the different bands of the synthesized sample. This is done
through a transposed DWSConv, which performs the two
steps of this operation but with the transposed behavior.

The rest of this article is organized as follows. Section II
shows the EfficientNet architecture and those of GAN used for
the proposed method. Then, Section III describes EffBaGAN in
detail. Thereafter, Section IV presents the different experiments
for evaluating EffBaGAN in terms of classification performance
and computational efficiency. Next, Section V carries out the
discussion of our proposal. Finally, Section VI concludes this
article.

II. RELATED WORK

As discussed above, the basis of this work is the EfficientNet
to reduce computational cost and GANs to address the problem
of scarcity and imbalance in remote sensing images.

A. EfficientNet

Its low computational cost makes this type of network a
very interesting alternative for the classification task. The Ef-
ficientNet [18] is characterized by a uniform scaling of the
three dimensions of this type of network through a compound
coefficient, thus adapting to the computational or temporal con-
straints imposed while trying to obtain a scheme as accurately
as possible, as already explained in the introduction.

The main component of the EfficientNet architecture is MB-
Conv, first introduced in MobileNetV2 networks [29]. This block
consists of the following two phases.
� Expansion through a PWConv: the block starts with a con-

volutional operation with 1× 1 size filter called PWConv.

This convolution aims to increase the input dimensionality,
projecting it into a high-dimensional space to capture more
complex representations. The channel expansion is defined
by the expansion factor e.

� DWSConv: the result of the previous phase is then passed
through a DWSConv, significantly reducing the computa-
tional cost compared to a traditional convolution by avoid-
ing intensive interactions between channels. This operation
is further divided into the following two parts.
1) DWConv: applies a convolution to each input chan-

nel separately, thus identifying spatial patterns inde-
pendently to each channel, preserving the number of
channels but reducing the spatial resolution.

2) Reduction through a PWConv: is the last operation
in the block, and is applied to learn more complex
representations by combining the spectral information
from the output of the previous operation. In turn, this
block reduces the number of output channels to adapt
it to the processing of the subsequent stages.

It should be noted that, in EfficientNets, MBConv blocks
additionally include an SE block [30], which consists of two
phases: a first phase that obtains a representative value of each
feature map/channel as a global summary of everything present
in it, and a second phase that consists of learning through fully
connected layers the weights that will be applied to each feature.
The percentage of channels processed through this block is
defined by the reduction rate se.

The same authors as EfficientNet have later proposed a second
version of it: EfficientNet V2 [31]. The main difference between
this network and the first version is the modification of the
MBConv block architecture, becoming a Fused MBConv block,
introduced in [32]. The Fused MBConv block differs from the
standard by replacing the first two operations (PWConv and
DWConv) by a standard convolution.

The MBConv block used in the EfficientNet architecture, as
well as the Fused MBConv block used in the EfficientNet V2
architecture [31], are depicted in Fig. 1, where the differences
between them can be seen.

By using the MBConv block, CNNs will achieve higher com-
putational efficiency, as this block reduces the number of compu-
tations compared to traditional convolutions. Furthermore, the
addition of the SE block allows CNNs to focus on the most
relevant features of the input sample and attenuate those that are
less relevant with almost no added computational cost [33]. On
the other hand, the standard convolution applied in the Fused
MBConv block is faster than PWConv + DWConv at runtime
due to the exploitation of the spatial locality of the processed
data.

As mentioned before, the main building block of Efficient-
Nets, MBConv, was previously introduced in MobileNet net-
works, also with the same objective of reducing the computa-
tional cost. MobileNet-based networks demonstrated, on RGB
remote sensing images, to obtain very competitive accuracies
while the computational operations used by such models are
lower than for other standard networks [34], [35]. Similarly,
EfficientNet-based networks also obtain very competitive results
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Fig. 1. Structure of (a) MBConv and (b) Fused MBConv blocks. The input sample has Cin channels with height H and width W . The accumulated output
dimensions of each operation are shown on its left. The blocks MBConv and Fused MBConv apply expansion factor e on the first operation, stride sH × sW on
the second operation in MBConv and on the first in Fused MBConv, and reduction rate se ∈ [0, 1] on the first red operation. The number of output channels is
Cout, selected in the last operation of both blocks.

Fig. 2. Architecture of a GAN. It can be observed how the generated latent
vectors pass through G to generate synthetic samples.

in terms of classification accuracy for remote sensing problems,
also with a lower computational cost [36], [37], [38], [39].

B. Generative Adversarial Networks

We chose GANs as a data augmentation technique on scarce
and imbalanced datasets. A GAN consists of two neural net-
works, the generatorG, and the discriminatorD, which compete
with each other in an adversarial learning process. G creates
synthetic data samples from a random latent input space, whileD
evaluates the authenticity of these samples, trying to distinguish
them from the real ones. As the networks are trained together,
G improves its ability to produce increasingly realistic samples,
while D improves its ability to discern between real and syn-
thetic samples. This process of competition and feedback allows
GANs to generate synthetic samples that are indistinguishable
from real ones, making them especially useful as a data augmen-
tation technique, with great potential compared to traditional
techniques [40]. The GAN architecture is depicted in Fig. 2.

Both G and D use convolutional neural architectures. While
D remains a common architecture, G uses transposed convolu-
tions as its main operation, working inversely. So thenD needs to
transform an input sample into a unidimensional feature vector

of length Z, while G has as input a vector of length Z and will
transform it into a sample whose sizes are those needed for D’s
input. This unidimensional vector of length Z is known as latent
space, being Z the size of said space. This space is nothing
more than the abstract representation of the characteristics and
attributes of the samples synthesized by G.

BAGAN’s features make it a very good choice for applying
data augmentation technique on datasets with significant class
imbalances, such as remote sensing datasets [27]. This archi-
tecture introduces various improvements to stabilize training,
especially in situations of data scarcity and class imbalances.
First, the parameters of the two networks are initialized by an
autoencoder [28], thus initiating the training from a good starting
point and subsequently learning how to represent the different
classes in the latent space. In addition, thanks to the initialization
of G with the autoencoder’s decoder, the generator can learn an
accurate class-conditioning in the latent space.

Various proposals for using GANs for data augmentation
in the classification of images with EfficientNet have been
presented in the bibliography. In [41], different methods to
improve the classification of an EfficientNet-B0 network on a
COVID-19 chest X-ray image set are proposed, one of them
being a GAN-based augmentation one, which did not obtain the
best results, but instead obtained the best results by balancing the
dataset. Kwak and Kim [42] used a GAN-based augmentation
method to further classify very high-resolution multispectral
remote sensing images with an EfficientNet-based classifier, ob-
taining better results than the alternatives without augmentation.
Regarding this method, it is worth mentioning that they used a
CycleGAN [43], being this an image-to-image augmentation
method, and not a noise-to-image one. Finally, Abady et al. [44]
used GAN-based architectures to augment multispectral satellite
images from different regions through season transfer with these
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Fig. 3. Procedure for extracting training samples from the dataset in EffBaGAN. It starts with a segmentation in superpixels to subsequently obtain the patch of
each superpixel and enrich the data through traditional augmentation, introducing the output of this procedure to the network architecture of Fig. 4. The augmentation
is not performed on the validation and test sets. The multispectral image has height H , width W , and B bands.

architectures. Then, they performed detection and localization
of these areas with EfficientNet-B4. The results show that in
scenarios where the training and test sets were generated with
the same GAN architecture, it is very accurate, but in those
where this was not the case the results can be improved. All of
the abovementioned proposals have been the starting point for
our thinking that a method combining the low computational
cost of EfficientNet and data augmentation through GAN would
be promising.

Transversely to the previous proposals, it is also worth men-
tioning that Feng et al. [45] demonstrated, on hyperspectral
remote sensing images, how a residual generator obtains better
accuracies in GAN-based methods on noise-to-image than one
that does not have these residual features. This last approach was
the starting idea for our later proposal for a residual generator
with EfficientNet features (which in turn has residual features),
presented in more detail in Section III-C. Shortcuts in the resid-
ual generator allow the creation of synthetic samples preserving
the most important features of the initial latent vector while
generating new ones, and the EfficientNet features present in
it allow the synthesis of the samples in two steps: one for the
spatial expansion and one for the spectral information.

III. PROPOSED METHOD

EffBaGAN, the proposed method for remote sensing classifi-
cation applied to data scarcity scenarios, is illustrated in Figs. 3
and 4. This section describes its different components as follows.
First, the sample extraction procedure that combines superpixel
segmentation and traditional augmentation techniques is intro-
duced in Section III-A. Next, the designed network architecture
is discussed globally and jointly in Section III-B. Finally, the
design of the neural architectures in EffBaGAN is detailed in
Section III-C.

A. Sample Extraction Via Superpixel Segmentation and
Traditional Augmentation

Aiming to improve EffBaGAN for scarce and imbalanced
datasets, a procedure for extracting samples from these datasets
has been used [46]. This procedure combines two techniques
widely used in remote sensing: superpixel segmentation and tra-
ditional augmentation techniques. Fig. 3 shows this procedure,
step by step, the result of which are input samples to the network
architecture described in Section III-B.

Fig. 4. Neural network architecture of EffBaGAN. Its main features are
an EfficientNet-based BAGAN design that incorporates an EfficientNet-based
residual generator (ResEffGen) and an EfficientNet-based classifier (Red-
EffDis). The input real training samples are obtained using the extraction
procedure presented in Section III-A.

Superpixel segmentation groups contiguous pixels with sim-
ilar characteristics, resulting in a homogeneous region. These
regions do not have to be of a specific and/or regular shape, but
have to be adapted to the image to group pixels with similar
characteristics.

Since these are large and very high-resolution images, a
representative patch of the superpixel will be selected for clas-
sification to classify the central pixel of it, and then the class
resulting from this classification will be propagated to the whole
superpixel. In this way, the number of samples to be processed
by the classification scheme is significantly reduced, making
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the computational cost of the scheme much lower than if it were
done at the level of individual pixels. This representative patch
is obtained from the already segmented image, determining the
minimum quadrilateral that contains the superpixel within it, and
setting the center point as the superpixel’s central pixel. Once
we have this central pixel, we establish a search range of size
N ×N pixels centered on this central pixel, forming the patch
of this superpixel. It is worth mentioning that the class associated
to the superpixel will be the class of the aforementioned central
pixel. The patches have a spatial resolution of 32 × 32.

To perform the superpixel segmentation, different algorithms
in the literature, such as SEEDS [47] or SLIC [48], could be
used. In this work, WP [49] is used to facilitate comparison with
other classification techniques already published as well as for
its low computational time and good performance, providing
homogeneous, compact regions with high adherence to the
edges [2].

All extracted patches are further subjected to a traditional aug-
mentation technique, which consists of, first, a random rotation
of 0◦, 90◦, 180◦, or 270◦, and then a possible horizontal and/or
vertical flip, with a 50% probability of occurrence each.

B. Network Architecture

The EffBaGAN is an EfficientNet-based BAGAN architec-
ture. It has been designed to include a new residual generator
ResEffGen with EfficientNet features, allowing the synthesis of
higher quality samples. The discriminator RedEffDis, also based
on EfficientNet, aims at reducing the computational cost. Since
the high-resolution datasets for the classification applied to for-
est mapping have very limited labeled samples, an autoencoder
module [28] is inserted. It stabilizes the subsequent training of
the GAN, thus achieving a more realistic sample synthesis even
with scarce and imbalanced datasets.

The EffBaGAN training process consists of three steps, as
shown in Fig. 4.

1) First, the autoencoder is trained with all the available
samples without considering their label, to produce an
initial understanding of the data distribution. To guide the
unsupervised training, mean squared error loss is used,
with the autoencoder aiming to minimize it as much as
possible. This autoencoder module consists of an encoder
and a decoder, which must have the same topology as the
discriminator (RedEffDis) and the generator (ResEffGen),
respectively, to allow knowledge transfer through the shar-
ing of weights of the autoencoder with the uninitialized
GAN.

2) Once the autoencoder has been trained, all the learned
parameters are transferred to the GAN, thus making it
acquire the knowledge of the autoencoder. The objective
of the autoencoder is to learn how to compress and recon-
struct the samples as accurately as possible.

3) Finally, the last step is the training of the GAN module
itself, where due to the transfer of the previous step, it
starts from a more stable point than if the parameters
were randomly initialized. To guide the training of this

step, categorical cross-entropy loss is used in both the
ResEffGen and the RedEffDis.
It should be noted that the total loss of the discriminator
results from the sum of the categorical cross-entropy loss
of the real samples and that of the synthetic samples. The
first part results from the calculation of the loss function
between the predicted class probabilities of the real sam-
ples and their labels. On the other hand, the second part
results from the calculation of the loss function between
the predicted class probabilities of the synthetic samples
and their labels.

Once the EffBaGAN networks have been trained, the syn-
thetic output of the discriminator is disabled, so that the final
classifier only makes predictions about the classes in the dataset.

C. Network Topologies

As mentioned in Section III-B, the autoencoder and the GAN
modules share topology. First, the topology of the EfficientNet-
based discriminator RedEffDis, also applicable to the en-
coder, will be discussed. Subsequently, the topology of the
EfficientNet-based residual generator ResEffGen, also applica-
ble to the decoder, will be discussed.

It should be noted that the topologies have been selected after a
study that will be detailed in Section IV-B1 for the discriminator,
and in Section IV-B2 for the generator.

For the discriminator topology, we have proposed the Red-
EffDis architecture, intending to obtain a better adaptation to
the BAGAN and to the multispectral remote sensing datasets.
We can highlight the following features.

1) RedEffDis is based on EfficientNet-B0: EfficientNet
has multiple versions, ranging from EfficientNet-B0 to
EfficientNet-B7 uniformly increasing the three dimen-
sions of the network. These three dimensions are depth,
width and resolution, so that the EfficientNet-B7 will have
more layers, and a larger number of channels and sample
sizes than the EfficientNet-B0. All of these versions are
designed for much larger datasets than those used in
this work (such as ImageNet [50]), so we have focused
on the simplest architecture of this type of network to
avoid possible overfitting to the training data, which is
EfficientNet-B0.

2) RedEffDis avoids the excessive reduction of spatial res-
olution provided by EfficientNet-B0 by eliminating the
first 3 stages with MBConv of this network. In other case,
the last stages of the network will not be able to extract
the spatial features correctly even having the necessary
operations to do so, since these stages have an input spatial
resolution of 1 × 1. The proposed elimination decreases
the reduction of spatial resolution across the network, so
that the final stages are able to extract spatial features by
having an input spatial resolution greater than 1 × 1.

3) Finally, RedEffDis includes several modifications focused
on MBConv block stages. It should be noted that the
same proportion among the different stages of the network
architecture than for EfficientNet-B0 is respected. The
modifications focused on the following aspects.
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Fig. 5. Diagram of the RedEffDis for EffBaGAN. The output dimensions
correspond to an input sample with dimensions H ×W ×B = 32× 32×B,
being B the number of spectral bands. The values of the modifiable parameters
(r1, r2, e, se) will be those of the corresponding configuration.

� Number of repetitions for each MBConv stage, r1
and r2: these values are selected complying with the
constraint r1 ≤ r2. This is shown in Fig. 5, where each
stage with MBConv blocks is repeated the number of
times indicated on its right.

� Expansion factor e: the MBConv block of each stage
performs an expansion of the number of input chan-
nels in the first operation, as shown in Fig. 1. The
number of channels resulting from the expansion is
the number of input channels Cin multiplied by e. The
values of these factors are chosen to be the same for all
stages with MBConv, thus respecting the proportions
of EfficientNet-B0.

� Reduction rate se: the MBConv block of each stage
includes an SE module that performs the SE opera-
tions. The reduction rate se indicates the percentage of
channels that are selected for these operations. It is a
decimal number in the range [0,1], and, similar to the
expansion factor e, se is the same for all stages with
MBConv.

It is worth mentioning that the modifications proposed for the
MBConv block can also be applied to the Fused MBConv one.
Following the approach of EfficientNet V2 [31], two additional
versions were tested: one with the first half being Fused MBConv
blocks, and another with all of them. We call these versions
RedEffDis-FusedHalf and RedEffDis-FusedAll, respectively.

TABLE I
DETAILS OF THE LAYERS IN THE REDEFFDIS FOR EFFBAGAN

Fig. 6. Diagram of the ResEffGen for EffBaGAN. The size of the input latent
vector is Z. The output dimensions of the generator are 32× 32×B, being B
the number of spectral bands. These output dimensions must be the same as the
real samples and as the input dimensions of the RedEffDis.

The proposed RedEffDis topology is depicted in Fig. 5 and
detailed in Table I. As a result of the discriminator study in
terms of accuracy and training time, we have proposed two
different configurations of EffBaGAN depending on the val-
ues of (r1, r2, e, se) defined for RedEffDis. EffBaGAN-Base
is defined by values (3, 4, 6, 0.5), which means that it has
(2 · 3 + 4 + 1) = 11 MBConv blocks with expansion factor
e = 6 and reduction rate se = 0.5. EffBaGAN-Small is defined
by (1, 1, 6, 0), thus having only (2 · 1 + 1 + 1) = 4 MBConv
blocks with expansion factor e = 6 and reduction rate se = 0.
These two configurations EffBaGAN-Base and EffBaGAN-
Small will be evaluated in Section IV.

Regarding the generator ResEffGen, it is depicted in Fig. 6 and
detailed in Table II. We have proposed to add an EfficientNet-
based residual path next to a main path that includes two
transposed convolutions. The EfficientNet-based residual path
performs the transposition of the DWSConv operation of the Ef-
ficientNet (see the two transposed convolutions in the green path,
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TABLE II
DETAILS OF THE LAYERS IN THE RESEFFGEN FOR EFFBAGAN

the residual one, in Fig. 6). The transposed convolutions of the
main path increase the spatial resolution of the synthetic sample
by two steps to finally obtain a sample of the desired spatial and
spectral resolution. For its part, the residual path consists of a
transposed DWSConv which, as previously explained, is formed
by a DWConv followed by a PWConv, and in this case we have
adapted them to have this transposition behavior.

This combination of the RedEffDis and the ResEffGen is
effective for the following two main reasons.
� The EfficientNet-based discriminator trains faster thanks

to the optimized MBConv block. Its design includes the
DWSConv operation, which has a lower computational
cost than a standard convolution as it avoids interaction
between channels.

� The EfficientNet-based residual generator produces an
enhanced-accuracy network thanks to the increased quality
of the synthetic samples. This is achieved by comple-
menting the information contained in the main path with
the synthetic samples produced by the residual path with
transposed DWConv and transposed PWConv.

IV. EXPERIMENTS

In this section, EffBaGAN is evaluated in terms of classifica-
tion performance to assess its overall effectiveness. EffBaGAN’s
capabilities are compared with other classification methods,
such as a CNN, a ResNet, a BAGAN-based method, a ViT,
and other methods designed for low computational cost such
as MobileNet or EfficientNet-B0.

The section is organized as follows. First, the datasets, met-
rics, and execution environment used for the experiments are
outlined in Section IV-A. The optimizer, weight initialization,
and the hyperparameter optimization procedure, are also de-
tailed here. Then, the EffBaGAN’s discriminator and generator
topology selection, as well as the experimental results, are
presented and discussed in Section IV-B.

A. Experimental Setup

1) Datasets: Eight large, very high-spatial resolution multi-
spectral images of natural regions with dense vegetation, which
were used in [2], were considered. These images have been
captured in 2018, 2019, and 2020 flying an autonomous aerial
vehicle at 120 m altitude over several river basins in Galicia
(Spain), resulting in a spatial resolution of 10 cm/px. The ve-
hicle carried a MicaSense RedEdge-MX multispectral camera,
capturing five bands corresponding to wavelengths of 475 nm

(blue), 560 nm (green), 668 nm (red), 717 nm (red-edge), and
840 nm (near-infrared). Table III details the specific locations
and dimensions of the scenes.

Fig. 7 shows the composite color images corresponding to
the eight river images, together with their reference information.
Table IV lists the ten classes identifiable in the reference infor-
mation, detailing the number of samples in each dataset. These
classes range from native vegetation to human-made structures
such as roads or buildings. It is important to note the data
scarcity and large imbalances between classes in all datasets.
These imbalances introduce a bias toward the majority classes,
which could prevent a balanced classification accuracy across
classes.

All datasets were segmented into superpixels using the WP
algorithm choosing an average size of 400 px/superpixel, with
a minimum of 100 px/superpixel, and utilizing a compactness
factor of 0.5 points, following the approach of [2]. The extracted
patches have a spatial dimension of N ×N = 32× 32 px. In
addition, all data were normalized to the range [−1, 1] . For all
datasets, a training set of 15% of the samples and a validation set
of 5% of the samples will be used to monitor training progress to
identify potential problems such as overfitting. This leaves the
remaining 80% of the samples for the test set.

2) Metrics: The classification performance of EffBaGAN
is determined by class prediction of each labeled sample and
comparison of results with reference information. For this, three
standard pixel-level metrics in remote sensing classification [51]
will be used, excluding for their calculation only the central
pixels of the superpixels of the training set: OA, AA, and Cohen’s
kappa coefficient (κ).

The computational cost of the EffBaGAN will be evaluated
through different metrics. Execution time is evaluated in terms of
TTPE, in seconds. Based on this metric, the TrSp evaluates how
much faster a classification method trains per epoch compared
to a pre-established one. Three metrics related to the size and
complexity of the network will also be obtained: network size
in memory (in MiB), number of trainable parameters (floating-
point variables) of the network, and number of operations, in
particular FLOPs, of the network for one forward pass with batch
size one.

3) Execution Environment: All experiments have been per-
formed on a computing cluster. The used node has two AMD
EPYC 7543 CPUs with 32 cores each, 256 GB of RAM, and
two NVIDIA Ampere A100 GPUs with 40 GB of VRAM
each, but only one core and one GPU have been used in
the experiments carried out. Regarding the software, the code
has been executed within a Conda environment, with Python
3.8.13, and CUDA 11.3 with cuDNN 8.3.2. The programming
language to be used will be Python, on which the follow-
ing main packages should be highlighted: PyTorch 1.12.0, for
the creation, training, and testing of the networks; NumPy
1.24.3, for the manipulation of the datasets; scikit-learn 1.3.2,
for the preprocessing of the datasets and obtaining κ; fvcore
0.1.5.post20221221, for obtaining the FLOPs; torchinfo 1.7.2,
for obtaining the detailed information on the architecture of
the networks; and Guild AI 0.8.1, for the registration of the
experiments.
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Fig. 7. Composite color images (left) and reference information (right) of the datasets used in this work. All representations follow the same size scale. The class
corresponding to each color in the reference information is described in Table IV, while black means that there is no reference information about those pixels.
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TABLE III
DESCRIPTIONS OF THE DATASETS USED IN THIS WORK

TABLE IV
ABUNDANCE OF CLASSES IN THE DATASETS

4) On Training Neural Networks: Adam [52] was used as
the network optimization algorithm, which has proven to be
suitable for problems with large amounts of data and large
number of parameters. The parameters used for this optimizer
were set to β1 = 0.5 and β2 = 0.999, as usual in adversarial
architectures. All the network parameters that could be were
initialized using Xavier’s (or Glorot’s) initialization [53]. The
number of training epochs, the losses, and the validation accu-
racy of EffBaGAN have been monitored throughout the train-
ing epochs. The conclusion is that 600 epochs are sufficient
to reach the maximum performance of the full classification
method.

5) Hyperparameter Optimization: In Section III, certain
configuration features of EffBaGAN were left unaddressed,
such as the size of the latent vectors or the activation function,
among others. To determine them, a hyperparameter optimiza-
tion procedure has been carried out evaluating the performance
of EffBaGAN in several scenarios. Specifically, the following
configurations were tested.

� Batch size (batchsize): larger batches accelerate training
but may worsen generalization abilities. The batch size
has been limited to small values to prioritize classification
accuracy over speedup, testing batchsize = {32, 64, 128}.

� Learning rate (α): all the values in the range [0.0005,
0.0030] with a step of 0.0005 were tried.

� Size of latent vectors (Z): guided by the dimensionalities
of the convolutional layers in EffBaGAN, the values Z =
{32, 64, 128} were tried.

� Activation function: ELU [54], LeakyReLU [55],
PReLU [56], and SiLU [57] were tested.

� Dropout probability (pdropout): to cover sufficient possibil-
ities, the values pdropout = {0.05, 0.20, 0.35, 0.50} were
tested.

All the possible combinations of these hyperparameters result
in 864 configurations to evaluate. Since the computational cost
of this optimization is very high and the initial behavior of the
network is a good indicator of future performance, the number
of training epochs of each configuration was limited to 20
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TABLE V
RECORDED METRICS FOR EIRAS DAM DATASET USING DIFFERENT CONFIGURATIONS OF THE EFFBAGAN DISCRIMINATOR

during this optimization. These configurations have been tested
on the Oitavén River dataset with EffBaGAN-Small repeating
each one 5 times for consistency. Once all these tests were
run, the configuration with the highest classification accuracies
(determined by OA, AA, and κ) was chosen.

Following this optimization process, the hyperparameter
choices that maximized the performance of the EffBaGAN were
a batch size of 64 samples, a learning rate of about 0.0005,
latent vectors of size Z = 32, the SiLU activation function, and
dropout probability of 5%.

B. Experimental Results

1) Selection of the Discriminator Topology: Before going on
to explain the selection of the discriminator (this section) and the
generator (next section), it should be noted that all modifiable
parameters other than those under study have been kept constant.
In addition, each discriminator or generator configuration has
been run a total of 5 times for consistency. Thus, the values
shown for the different metrics for each configuration are the
average and the deviation after the 5 repetitions of each.

For selecting the adequate configurations of the discriminator
of the EffBaGAN called RedEffDis, a study of all possible
configurations was carried out. In this study, the EfficientNet-B0,
as well as several parameter configurations of the RedEffDis,
RedEffDis-FusedHalf, and RedEffDis-FusedAll proposed in
Section III-C were considered. A total of 19 different discrimi-
nator configurations were tested over four of the eight datasets:
Eiras Dam, Ermidas Creek, Oitavén River, and Ulla River.

Table V shows the average values of the experimental met-
rics for the nine most representative EffBaGAN discriminator
configurations on the Eiras Dam dataset in terms of high accu-
racy and low execution time. Several RedEffDis configurations
varying the number of repetitions of the different stages, the
expansion factor e, and the reduction rate se both separately
and combined, one configuration of RedEffDis-FusedHalf, one
of RedEffDis-FusedAll, and EfficientNet-B0 are shown in the
Table. It is worth commenting that these results follow the same
trend in all the tested datasets.

The final configurations of the discriminator selected are
those considered to be the best combinations of accuracy and
training time metrics. The discriminator version with the best
tradeoff between accuracy and training time is the RedEffDis
with parameters (r1, r2, e, se) = (1, 1, 6, 0), since it has very

competitive accuracy metrics and one of the shortest TTPE (note
the wide range of this metric among the different versions). How-
ever, the RedEffDis with (r1, r2, e, se) = (3, 4, 6, 0.5) obtains
the highest accuracies. These two configurations are shown to
be the most promising for the discriminator topology since one
of them obtains the highest accuracy metrics while the other
has a reduced computational cost. So, two configurations of
EffBaGAN have been proposed.
� EffBaGAN-Base: it has the discriminator topology with

the higher accuracy metrics. This topology has a total of 11
MBConv blocks with expansion factor e = 6 and reduction
rate se = 0.5. This configuration corresponds to the fourth
row of Table V: RedEffDis being its tuple of modifiable
parameters (r1, r2, e, se) = (3, 4, 6, 0.5).

� EffBaGAN-Small: it has one of the discriminator topolo-
gies with the highest accuracy metrics but a reduced
TTPE. This topology has a total of 4 MBConv blocks
with expansion factor e = 6 and reduction rate se = 0.
This configuration corresponds to the sixth row of Ta-
ble V: RedEffDis, being its tuple of modifiable parameters
(r1, r2, e, se) = (1, 1, 6, 0).

2) Selection of the Generator Topology: On the other hand,
the EffBaGAN generator is characterized by incorporating a
residual path. We tested various generator topologies with a
varying number of transposed convolutions from 2 to 5, ob-
taining an optimal number of 2. Then, different residual path
topologies were tested.
� Transposed convolution: a simple transposed convolution

was tested as the residual operation.
� Upsampling with convolution: to obtain a synthetic sample

with a specific spatial resolution and number of bands,
we first proposed to perform a bilinear upsampling to
obtain the desired spatial resolution, and then with a 2D
convolution to adapt the number of channels to the number
of bands desired for the synthetic sample.

� Transposed DWSConv: following the philosophy of the
main EfficientNet block, we have proposed the creation of
a transposed DWSConv, consisting first of a transposed
DWConv, which obtains the desired spatial resolution,
and then a transposed PWConv, which obtains the desired
number of bands.

The results of the different generator configurations are shown
in Table VI. The values correspond to the average after executing
them on the eight datasets. The selected configuration, which
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TABLE VI
AVERAGE RECORDED METRICS FOR ALL THE DATASETS USING DIFFERENT CONFIGURATIONS OF THE EFFBAGAN GENERATOR

will be called ResEffGen, is that offering the best accuracy
metrics. ResEffGen consists of 2 transposed convolutions in the
main path and a transposed DWSConv, i.e., based on Efficient-
Net, in the residual path. It should be noted that the generator
is the most critical part of the method design, so a thorough
analysis has been carried out on all available datasets. In the
case of the discriminator, the design of which is less sensitive to
parameter selection, only a representative subset of the images
has been used, as mentioned in Section IV-B1.

3) Overfitting Analysis: To better understand the selection of
the proposed reduced version of EfficientNet-B0 (RedEffDis) as
the discriminator of our method, we will discuss the overfitting
issues encountered with larger models from the EfficientNet
family. As previously mentioned when introducing RedEffDis
in Section III-C, the EfficientNet family was originally designed
for much larger datasets than those used in this work. Therefore,
the simplest model, EfficientNet-B0, with further reductions
has been chosen to suit our needs. Fig. 8 illustrates the train-
ing and validation losses of an experiment on the Eiras Dam
dataset for three networks: EfficientNet-B0, EfficientNet-B3,
and EfficientNet-B7. The figure highlights that as the network
size increases, overfitting becomes a more significant issue, as
evidenced by the widening oscillations and instability of the
validation losses for the larger models, such as EfficientNet-B3
and even more so, EfficientNet-B7. These big and sudden oscil-
lations are an indicator that these networks are not generalizing
well, but are learning specific features from the training data. The
reduced version of EfficientNet-B0 RedEffDis was, therefore,
proposed to mitigate this overfitting while still maintaining
reasonable performance on smaller remote sensing datasets.

4) Evolution of Metrics During Hyperparameter Optimiza-
tion and Training: To understand how the learning rate value
influences model training, the relationship between the accuracy
metrics and the discriminator and generator losses during hyper-
parameter optimization are analyzed with respect to the different
learning rates tested, as depicted in Fig. 9(a) and (b). Fig. 9(a)
justifies the selection of 0.0005 as the learning rate for the
hyperparameter optimization. As the learning rate increases, we
observe a decrease in accuracy metrics. In Fig. 9(b), we can see
that increasing the learning rate results in a higher discriminator
loss and a lower generator loss, which is detrimental in the
former case but beneficial in the latter. However, the chosen
learning rate of 0.0005 provides a good balance between these
competing factors, optimizing the overall learning performance.

On the other hand, to ensure correct and sustained training, the
evolution of various training metrics for both discriminator and
generator is also analyzed in an experiment of EffBaGAN-Base
on the Ermidas Creek dataset, as depicted in Fig. 10(a)–(c).
Fig. 10(a) shows a consistent generalization of the classifier,
as the variation of the discriminator validation accuracy be-
tween epochs decreases markedly between the first and last
training epochs, reaching the minimum variation from about 450
epochs onwards. Fig. 10(b) and (c) shows how the discriminator
and generator losses decrease together as the training epochs
progress, reaching their minimum values in the final epochs.
From these two observations, it can be seen that running 600
training epochs allows the EffBaGAN to optimize its perfor-
mance to the experimental datasets used in this work.

5) Overall Classification Performance: Table VII presents
the resulting OA, AA,κ, TTPE, and TrSp metrics for EffBaGAN
and other classification methods on all the experimental datasets.
The classification methods compared include a CNN, imple-
mented in [58], a ResNet, proposed in [8], and a BAGAN-based
approach called ResBaGAN, proposed in [46]. They also in-
clude MobileNet and EfficientNet approaches, proposed in [15]
and [18], respectively, as baselines for efficient deep learning
methods, and a ViT, ConViT, and Mobile-Former approaches,
proposed in [59], [60], and [61], respectively, as state-of-the-art
references for image classification and previously used in remote
sensing [62]. Each classification method has been run 5 times
for consistency.

First, we can observe in Table VII, how the two classifica-
tion methods considered in the literature as especially efficient
(MobileNet and EfficientNet-B0) do not achieve as high accu-
racy metrics values as the simpler methods CNN and ResNet.
Furthermore, the two efficient methods have similar or even
higher TTPE than the simpler ones. The reason is that these
two efficient methods are designed for large datasets, being as a
consequence deeper, while the simpler methods consist of very
shallow networks. This supports our motivation of proposing
a method with a discriminator based on a reduced version of
EfficientNet-B0 to achieve high classification accuracy at low
computational cost in classification problems with data scarcity.

Analyzing the results shown in Table VII by other state-of-the-
art techniques based on transformers such as ViT, ConViT, and
Mobile-Former even been faster in average (TTPE values) they
obtain OA average values around 1% lower than EffBaGAN.
ResBaGAN also presents similar OA values to both ViT and
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TABLE VII
RECORDED METRICS FOR ALL THE DATASETS USING ALL THE CLASSIFICATION METHODS

ConViT, despite being also adapted to data scarcity scenarios
by utilizing data augmentation via a GAN, just like EffBaGAN.
A more detailed analysis of the differences in the classification
maps between ViT and EffBaGAN will be conducted at the end
of this section.

EffBaGAN also obtains reduced computational cost (average
TTPE values) compared to ResBaGAN, the other high accuracy
method that is specially adapted to data scarcity scenarios. The
reduction in computational cost with respect to ResBaGAN is,
as we explained along this work, due to the introduction in the
discriminator RedEffDis of the main component of the Efficient-
Net networks, the MBConv block. It consists of operations with
reduced computational cost, such as DWSConv, thereby making
the overall method more computationally efficient. Regarding
the generator ResEffGen, it helps to synthesize richer samples
for training due to the introduction of the EfficientNet-based
residual path.

If we analyze the results for the different datasets, we can
observe how, depending on the specific dataset, the highest

accuracy metrics are obtained by one or the other configu-
ration of the proposed EffBaGAN, or by ViT. However, the
mean values of two of the three accuracy metrics are higher
in EffBaGAN-Small, being the other in ViT. Comparing the
two proposed EffBaGAN configurations, EffBaGAN-Small is
more computationally efficient by having a reduced discrim-
inator with fewer operations, making it a better choice than
EffBaGAN-Base. Regarding the training time, it can be seen
how EffBaGAN-Small is faster than ResBaGAN, the other
classification method adapted to data scarcity scenarios, being
up to 2.25× faster than it. The EffBaGAN-Small configuration
obtains very high accuracy metrics, achieving average values of
96.16% of OA and 87.15% of AA due to the fact that the reduced
discriminator is better adapted to this type of data scarcity
scenarios, as already seen in the study on discriminator selection
in Section IV-B1. A specific case could be that of the Ulla
River dataset, which, as noted in Table IV, presents a specially
low number of samples per class. Despite this, the proposed
method achieves high accuracies with 98.36% of OA. This also
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Fig. 8. Evolution of the training and validation losses from different Effi-
cientNets in an experiment on the Eiras Creek dataset. Lower values are better.
(a) EfficientNet-B0. (b) EfficientNet-B3. (c) EfficientNet-B7.

explains why EfficientNet-B0 is not able to converge with this
dataset.

It is interesting to observe graphically the differences between
EffBaGAN-Small and ViT, the two best performing methods
in our comparative study, for the detection of the different
types of vegetation. Figs. 11 and 12 illustrate different regions

Fig. 9. Relationship between accuracy metrics (a) and discriminator and
generator losses (b) with respect to the learning rate value used in hyperparameter
optimization. Higher values are better in (a), while lower values are better in (b).
(a) Accuracy metrics. (b) Discriminator and generator losses.

of the Eiras Dam dataset in composite color, alongside their
reference information and the classification maps obtained by
EffBaGAN-Small and ViT. The class and color identification is
consistent with the details provided in Table IV. It can be ob-
served that ViT does not discriminate correctly between different
vegetation types, assigning different colors, which correspond
to different vegetation types, to regions that are uniform in the
reference information. These problems are partially solved by
the proposed EffBaGAN-Small although some errors remain
detectable.

6) Ablation Study: In order to evaluate the impact of each
data augmentation technique (traditional and through BAGAN)
applied by EffBaGAN in the performance, additional experi-
ments have been carried out selectively removing each one of
the augmentation techniques. These experiments have been per-
formed on the Eiras Dam dataset, showing the mean values and
confidence intervals of OA, AA, and κ for 5 repetitions of each
experiment. Specifically, two variants of EffBaGAN-Small were
tested: applying only traditional augmentation and applying only
BAGAN-based augmentation.
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Fig. 10. Evolution of discriminator validation accuracy (a), discriminator
losses (b) and generator loss (c) of EffBaGAN-Base in an experiment on the
Ermidas Creek dataset. Higher values are better in (a), while lower values are
better in (b) and (c). (a) Discriminator validation accuracy. (b) Discriminator
losses. (c) Generator loss.

Fig. 13 depicts the results in terms of accuracy. It can be seen
how both data augmentation techniques contribute to an increase
in accuracy metrics, especially in terms of AA. The application
of both augmentation techniques reaches higher accuracy, as it
helps the classifier to learn the minority classes with limited data.

TABLE VIII
COMPUTATIONAL RESOURCES USED BY THE DIFFERENT NETWORKS

7) Computational Cost: In order to further analyze the trade-
off between accuracy and computational cost of the different
networks, their computational requirements have been analyzed.
Table VIII shows the size, number of trainable parameters, num-
ber of FLOPs, and average TTPE, directly extracted from Ta-
ble VII, for the different networks tested. It can be observed that
the network with the biggest size in memory (and, therefore, that
with the higher number of trainable parameters) is EffBaGAN-
Base, while the one with the highest number of FLOPs is ViT. It
is worth noting that the size of EffBaGAN-Small is less than 1
MiB larger in memory than EfficientNet-B0 achieving higher
accuracy. It can also be seen that EffBaGAN-Small, despite
having more trainable parameters than ResBaGAN, requires
lower average TTPE than it. This is due to the MBConv blocks
of EffBaGAN-Small discriminator RedEffDis, which speed up
the convolution operations by performing them in two separate
steps through DWSConvs, thus avoiding the interaction between
channels, as mentioned earlier in this work.

In order to analyze how the computational cost of EffBaGAN-
Small changes depending on the parameter selection, various
configurations of its discriminator, RedEffDis, were tested on
the Eiras Dam dataset. Specifically, the expansion factor e
of the MBConv block stages was varied, while keeping all
other configurable parameters set to their default values. Each
configuration was run five times to ensure consistency in the
accuracy metrics. As detailed in Table IX, the network size,
number of trainable parameters, number of FLOPs, and accuracy
metrics for the different RedEffDis configurations are presented.
The results indicate that accuracy improves as the expansion
factor e increases. Consequently, the value e = 6 was selected,
despite the fact that the network size and number of FLOPs are
higher compared to other configurations in the table. It is worth
noting that if the priority were to minimize computational cost
rather than maximize accuracy, lower values e would be more
appropriate.

8) Other Datasets: The proposed method has also been
tested on three widely used remote sensing datasets with higher
spectral resolution and lower spatial resolution than the experi-
mental datasets described in Table III: Salinas, Pavia University,
and Indian Pines [63]. For the experiments, all parameters have
been kept the same as those used in the other experiments
in this work. However, segmentation into superpixels was not
performed, as these new images are smaller (the largest of has
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Fig. 11. Composite color image (a), reference information (b), ViT classification map (c), and EffBaGAN-Small classification map
(d) of a region of the Eiras Dam dataset where pines and rocks are present. The class and color identification is consistent with the details provided in
Table IV. (a) Composite color. (b) Reference information. (c) ViT. (d) EffBaGAN-Small.

Fig. 12. Composite color image (a), reference information (b), ViT classification map (c), and EffBaGAN-Small classification map (d) of a region of the Eiras
Dam dataset where eucalyptus are present. The class and color identification is consistent with the details provided in Table IV. (a) Composite color. (b) Reference
information. (c) ViT. (d) EffBaGAN-Small.

TABLE IX
COMPUTATIONAL RESOURCES AND AVERAGE RECORDED ACCURACY METRICS FOR EIRAS DAM DATASET USING

DIFFERENT EXPANSION FACTORS FOR THE EFFBAGAN-SMALL DISCRIMINATOR
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Fig. 13. Accuracy metrics in the ablation study of the two data augmentation
techniques used in EffBaGAN on the Eiras Dam dataset. The bars represent the
mean values along their confidence intervals. Higher values are better.

TABLE X
RECORDED ACCURACY METRICS FOR THREE WIDELY USED

REMOTE SENSING DATASETS USING EFFBAGAN-SMALL

610 × 340 px), making pixel-by-pixel processing computation-
ally feasible. Each run for these datasets was repeated five times.
Table X shows that EffBaGAN-Small achieved OA and AA
values above 99% for two out of the three datasets. For Indian
Pines, with has a much lower number of labeled samples, specific
parameter and architecture configurations would be required for
maximum performance.

V. DISCUSSION

Deep learning-based techniques for the classification of re-
mote sensing images present high classification performance,
but also high computational cost and, typically, require large
amounts of data to be adequately trained. Scenarios with data
scarcity, such as the forest mapping one studied in this work,
pose a challenge to these techniques. In general, in remote
sensing for Earth observation, the scarcity of labeled data, and
the class imbalances [4] are common issues. In this context, data
augmentation techniques, especially those based on GANs [21]
such as BAGAN [27], play a significant role.

Regarding the high computational cost of the deep learning
classification techniques, several new efficient methods, such as
EfficientNet [18], have been developed to specifically reduce
it [14]. In this work, we focus on EfficientNets due to their
structure based on the compound coefficient that modifies the
depth, width and resolution of the network to adapt to the specific
computational device used without significantly affecting clas-
sification accuracy. EffBaGAN, a combination of EfficientNet,
an efficient classification method, and BAGAN, a data augmen-
tation technique, has been shown to be effective in this work.
The analyzed results show lower computational cost than other
approaches specifically designed with similar objectives, such
as ResBaGAN.

It is important to mention that the proposed method in this
work is adapted to the spatial and spectral resolution of the
considered datasets. If it is desired to use this method with
input samples with different spatial resolution or from remote
sensing images with different number of bands than those shown
here, the patch size should be changed. In our case the size is
32 × 32 × 5. The spatial resolution in the network is reduced
by the consecutive convolutional layers, so the number of layers
and the stride should be adapted to avoid an excessive reduction
of the spatial resolution. If the number of bands is very different
from that of the images used here, it will also be appropriate to
change the number of feature maps that are obtained throughout
the network, in both discriminator and generator.

If maximum performance is required, some additional
changes can be applied. First, in the discriminator, the sizes of
the kernels used in the convolution operations for the extraction
of features should be selected according to the resolution of
the input patches; and, second, in the generator, the size of the
latent space should be adapted to the desired resolution for the
synthetic samples. Overfitting should also be avoided as it was
explained in Section IV-B3. In addition, as future work to im-
prove the accuracy of the proposed method, more sophisticated
architectures for the discriminator such as transformers could be
proposed.

Although GANs are a very good alternative for sample syn-
thesis and, consequently, dataset enrichment, they have some
limitations. The main limitation of GANs lies in their instability
during the training process. Due to the nature of their adversarial
architecture, training can be affected by a difficult to achieve
equilibrium. On many occasions, the discriminator tends to
improve much faster than the generator, which can result in
the latter eventually generating poor quality samples. Another
limitation of GANs is the high computational cost involved in
training, making their applicability difficult in scenarios with
limited computational resources or strong temporal constraints.
In addition, this type of network is difficult to adjust in terms
of the selection of hyperparameters and the architecture itself,
and this adjustment is done empirically, being laborious and
unsystematic. For all these reasons, the design of the architecture
of the proposed method in this work has been done following a
careful process.

Another method that shows good results in our experiments is
ViT, which also presents very high accuracy metrics but lower in
a 1% on average than the proposed method EffBaGAN over the
studied datasets. It is important to note that EffBaGAN and ViT
are two deep learning architectures with different approaches
and purposes. EffBaGAN represents an advancement of GAN-
based networks, therefore, employing adversarial training, while
ViT is based on the transformer architecture that captures com-
plex relations among the input samples. Also, as discussed in
the experimentation, ViT distinguishes less well between the
different vegetation types in the datasets used, which is the
critical point of the classification in this particular domain.

The computational cost of EffBaGAN opens an interesting
line for future research in the use of GAN-based architectures
in real-time applications. While EffBaGAN represents a signif-
icant step toward near real-time processing and suitability for
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hardware architectures with limited capabilities in data-scarcity
scenarios, it still presents some limitations. Although it achieves
a good balance between performance and computational cost,
the training time remains higher compared to other methods.

Future work on this network should focus on optimizing its
architecture to further reduce computational costs without com-
promising accuracy. These enhancements could enable more
efficient execution on resource-constrained platforms, making it
even more practical for real-world applications. Also concerning
potential future improvements for increasing performance, tech-
niques such as quantization and pruning could reduce computa-
tional costs even further [16]. These techniques would allow for
more efficient inference by minimizing the number of operations
and memory requirements.

Finally, the adaptation to other computing platforms could
also be an interesting line for future research. Although the
current experiments were conducted using a single core and
one high-performance GPU, aiming to minimize the amount
of computing resources used, evaluating the performance on
alternative computing infrastructures such as distributed com-
puting infrastructures could prove beneficial. This flexibility
would allow the model to scale efficiently for problems involv-
ing bigger datasets and, therefore, requiring more substantial
computational resources.

VI. CONCLUSION

This work introduces EffBaGAN, a deep learning method
tailored for multispectral remote sensing image classification,
specifically addressing the challenges posed by data scarcity
while maintaining computational efficiency. The method in-
tegrates an EfficientNet-based residual generator and an
EfficientNet-based discriminator within a BAGAN-based data
augmentation framework. In addition, the use of superpixel-
based sample extraction helps to reduce computational costs.
This work represents the first application of a fully EfficientNet-
based architecture with BAGAN for remote sensing classifica-
tion.

To optimize performance, various configurations of the Eff-
BaGAN discriminator were tested, modifying factors such as the
repetition of each stage, the expansion factor, and the reduction
rate in the SE module. Generator topologies were also explored,
with variations in the number of transposed convolutions in
the main path and the type of residual paths used, including
a simple transposed convolution, upsampling with convolution,
or transposed DWSConv. As a result, a more effective and com-
putationally efficient overall network topology was achieved.

The method was evaluated under a data scarcity scenario,
focusing on classifying eight high-resolution multispectral im-
ages of forests in Galicia (Spain) with limited training data and
pronounced class imbalances. Compared to other classification
methods, including some based on transformers, EffBaGAN
demonstrated high overall and average classification accuracy,
with an average TTPE of 8.90 s, being more than twice as fast
as ResBaGAN, another method designed for data scarcity sce-
narios. The best-performing configuration, EffBaGAN-Small,
achieved an OA of 96.16% and an AA of 87.15%.

Finally, this work opens several research directions. One
potential direction is replacing the EffBaGAN discriminator
with more advanced architectures like transformers, which could
enhance accuracy. The proper configuration to manage computa-
tional costs for such models would need thorough investigation.
In addition, reducing the computational burden of EffBaGAN
through techniques like quantization and pruning, as well as ex-
perimentation on different computing platforms, could improve
its efficiency.
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