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Abstract—Generative Adversarial Networks (GANs) applied
to remote sensing classification have shown strong performance
in scenarios with limited labeled data. However, their deploy-
ment on resource-constrained edge computing devices, such as
autonomous aerial vehicles or satellites, is often limited by
their high computational cost. This work presents a preliminary
study on the impact of computational optimization techniques
applied to EffBaGAN, aiming to facilitate the projection over
edge computing devices. EffBaGAN is a neural architecture that
integrates EfficientNet and a Balancing GAN (BAGAN) to tackle
the classification of multispectral images under conditions of data
scarcity and class imbalance. We evaluate the effect of several
optimization techniques, including Automatic Mixed Precision
(AMP), Post-Training Quantization (PTQ), Quantization-Aware
Training (QAT), and structured magnitude-based pruning, on
the computational efficiency of the EffBaGAN neural architecture
when executing on a multicore CPU + GPU system. Experimental
results on high-resolution multispectral datasets for biodiversity
assessment show that the network can be significantly optimized
without degrading classification accuracy. In particular, PTQ
and QAT achieved a network size reduction of over 72%, while
structured pruning successfully removed 30% of the parameters
and floating-point operations. Moreover, we show that suitable
combinations of optimization strategies, such as QAT combined
with pruning, can substantially reduce computational overhead,
thereby improving the feasibility of deploying EffBaGAN in
resource-constrained environments.

Index Terms—High Performance Computing, edge comput-
ing, multispectral, classification, deep learning, data scarcity,
Generative Adversarial Network, Automatic Mixed Precision,
quantization, pruning

I. INTRODUCTION

Remote sensing multi- and hyperspectral image classi-
fication using deep learning techniques has proven highly
effective [1][2]. Nevertheless, their use implies two important
and correlated challenges: the high computational cost and the
need for a large amount of labeled data for proper training [3].
Parallel computing platforms are typically used to reduce
computational costs, particularly in heterogeneous systems [4].

Some classification problems in remote sensing are affected
by data scarcity (low number of labeled samples) and class
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imbalance. This is the case for applications such as small-scale
land-cover mapping and biodiversity assessment [5][6]. In
these cases, standard deep learning techniques fail to train the
network correctly, resulting in overfitting, and adaptations or
even new networks are necessary [7]. To mitigate data scarcity,
Generative Adversarial Networks (GANs) [8] have emerged
as a robust augmentation technique, capable of synthesizing
novel samples from an estimated data distribution. In contexts
of severe class imbalance, the Balancing GAN (BAGAN) [9]
is particularly effective for classification, offering a specialized
architecture that stabilizes training and restores equilibrium in
small, imbalanced datasets.

This work studies the Efficient Balancing Generative Ad-
versarial Network (EffBaGAN) [10], a method that integrates
the efficiency of EfficientNet with a BAGAN framework for
multispectral image classification under conditions of data
scarcity and class imbalance. EffBaGAN incorporates a resid-
ual EfficientNet-based generator and a reduced EfficientNet-
based discriminator, thereby lowering network complexity and
computational cost. This classification method achieves high
accuracy while maintaining a lower computational cost than
other methods adapted to data scarcity and class imbalance. Its
efficiency largely comes from the use of the EfficientNet core
building block, the Mobile Inverted Bottleneck (MBConv),
originally introduced in MobileNetV2 [11]. This block relies
on depthwise separable convolutions to reduce computational
cost by limiting expensive channel-wise interactions.

Recent advances highlight the importance of heterogeneous
and hardware-aware optimization to achieve real-time per-
formance on platforms such as autonomous aerial vehicles
and on-orbit satellites [12][13]. Although EffBaGAN, as de-
signed based on EfficientNet architecture [14], reducing the
computational cost while maintaining accuracy, represents an
improvement in terms of computational cost, its resource
requirements may still be prohibitive depending on the tar-
get deployment platform. To further improve its suitability
for resource-constrained environments, this work focuses on
analyzing the computational cost of EffBaGAN and applying
straightforward optimization strategies to enable efficient exe-
cution on a simple heterogeneous computing architecture. The
considered setup consists of a multicore CPU with a single
GPU. This analysis supports the exploration of EffBaGAN
deployment on edge devices, where strict energy and memory
constraints require highly efficient and lightweight neural
networks.
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Overall, this work analyzes the computational cost of
EffBaGAN for classification tasks under conditions of data
scarcity and class imbalance. The main objective is to evaluate
and apply optimization techniques that improve computational
efficiency by reducing hardware resource utilization, thereby
lowering overall computational cost. Specifically, this study
evaluates the individual and combined impact of Automatic
Mixed Precision (AMP), quantization, and structured pruning
on the computational efficiency of EffBaGAN.

II. EFFBAGAN

EffBaGAN [10] is a generative classification method built
upon the BAGAN architecture. It acts as both a data aug-
mentation technique and a classifier. The core innovation of
EffBaGAN lies in integrating the EfficientNet architecture [14]
into both the generator and the discriminator, replacing stan-
dard convolutional blocks with MBConv (Mobile Inverted
Bottleneck Convolution) blocks to perform convolutions with
reduced computational cost.
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Fig. 1. Neural network architecture of EffBaGAN [10].

Its architecture, as shown in Figure 1, consists of two main
components: ResEffGen, a generator with an EfficientNet-
based residual path for synthesizing high-quality samples, and
RedEffDis, a reduced EfficientNet-BO discriminator used as
the classifier. Training follows a three-step procedure: (1) au-
toencoder training to learn data distribution, (2) knowledge
transfer to initialize the GAN, and (3) adversarial training.
Input samples are obtained using Waterpixels superpixel seg-
mentation to group pixels into homogeneous regions, consid-
ering all spectral components, thereby reducing computational
cost.

III. REDUCING THE COMPUTATIONAL COST

In this section, different straightforward optimization strate-
gies aimed at reducing the hardware resource utilization of
EffBaGAN are presented.

A. Automatic Mixed Precision

AMP [15] combines single-precision (FP32) operations,
required for numerical stability, with half-precision (FP16)
to reduce memory bandwidth usage. This optimization dy-
namically selects the appropriate precision for each operation
during training, preserving convergence and achieving final
accuracy comparable to that of the baseline network without
optimization.

B. Quantization

It reduces the precision of network parameters to lower-
precision 8-bit integers (INT8) to decrease network size.
This optimization is particularly effective during inference,
reducing both network size and power consumption, enabling
the deployment of complex networks on resource-constrained
devices with minimal impact on accuracy. Two widely used
quantization strategies are considered:

o Post-Training Quantization (PTQ) [16]: this approach ap-

plies quantization after the training process is completed.
It is simple and fast to implement, but it may degrade
accuracy and require an additional calibration step.

o Quantization-Aware Training (QAT) [17]: it simulates
quantization effects during training by injecting quanti-
zation noise into the forward pass, allowing the network
to adapt to reduced-precision representations. As a result,
QAT typically increases training time.

In this work, both PTQ and QAT are evaluated to achieve

a significant reduction in network size while preserving clas-
sification accuracy.

C. Pruning

it is the process of permanently removing redundant or non-
informative connections from a neural network, effectively
transforming a dense network into a more compact one by
reducing network size, parameter count, and the number of
floating-point operations (FLOPs). By eliminating unnecessary
computations, pruning [18] reduces computational cost while
preserving baseline accuracy.

Pruning methods can be categorized into unstructured prun-
ing, which removes individual weights, and structured pruning,
which removes entire groups of parameters, such as filters
or channels. The effectiveness of pruning depends on the
criterion used to identify removable components; common
approaches include magnitude-based, sensitivity-based, and
activation-based criteria.

In this work, structured filter pruning is applied to convolu-
tional layers after training. An L1-norm magnitude-based cri-
terion is used to estimate filter importance, and the least signif-
icant 25% of channels are removed under the assumption that
they contribute minimally to the network’s representational
capacity. Unlike unstructured pruning, this approach physically
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removes filters and their corresponding feature maps, leading
to tangible reductions in network size, parameter count, and
FLOPs. A fine-tuning stage is subsequently performed to
mitigate potential accuracy loss.

IV. EXPERIMENTS

In this section, EffBaGAN-Small [10], a computationally
efficient variant of EffBaGAN, is evaluated for classifica-
tion performance and computational cost. EffBaGAN-Small
baseline (without optimizations) is compared against multiple
optimized configurations obtained by selectively enabling the
proposed optimization techniques.

A. Experimental setup

Eight large, high-spatial resolution multispectral images
of natural areas with dense vegetation in Galicia (Spain),
previously used in [10], are used in the experiments. These
scenes range in size from 6722 x 6689 to 22116 x 10718
pixels and provide between 1461 and 61 393 labeled samples.
The datasets have a spatial resolution of 10 cm/px, and the
inputs to the network consist of 32 x 32 patches extracted
from these scenes with 5 spectral bands corresponding to
wavelengths of 475 nm (blue), 560 nm (green), 668 nm (red),
717 nm (red-edge), and 840 nm (near-infrared). In addition,
all data were normalized to the range [—1, 1], and the training
and validation sets comprised 15% and 5% of the samples,
respectively, leaving the remaining 80% for the test set.

Regarding evaluation metrics, classification performance is
assessed using Overall Accuracy (OA), Average Accuracy
(AA), and Cohen’s kappa coefficient (k). Additionally, training
and test times are measured. Computational cost is evaluated
in terms of peak GPU memory allocation during training,
network size, number of parameters, and number of FLOPs
required for a single forward pass with a batch size of 1.

All the experiments were conducted on a computer cluster
using a node equipped with two AMD EPYC 7543 CPUs with
32 cores each, 256 GB of RAM, and two NVIDIA Ampere
A100 GPUs, although only one CPU and GPU were used
for all experiments. Execution times were measured end-to-
end for training and inference, and peak GPU memory during
training was captured via PyTorch’s native maximum memory
allocator tracking.

The training protocol and most hyperparameter settings fol-
low those described in [10], with the SiLU activation function
replaced by the Hardswish activation function [19]. SiLU is
not currently supported by standard quantization backends due
to the difficulty of efficiently mapping its sigmoid component
to fixed-point arithmetic. Hardswish is a piecewise-linear
approximation that preserves the non-linearity of SiLU while
remaining compatible with hardware-accelerated integer infer-
ence. Hardswish is consistently used across all experiments.
The network is trained for 600 epochs using a batch size of
64, a learning rate of approximately 5 - 10~%, latent vectors
of size 32, and a dropout probability of 5%. For PTQ, static
calibration utilizes 64 batches from the training set. Regarding
QAT, it inserts fake quantization nodes over the final 20%

of the total training epochs, using a three-phase schedule:
standard training (first 80%), observer-enabled calibration (80-
90%), and a final stabilization phase with frozen observers
(last 10%). Structured pruning is applied one-shot, followed
by fine-tuning for 30% of the original training epochs (using
the 20% of the initial LR, and a StepLR scheduler decaying
by v = 0.5 every 25% of the fine-tuning epochs).

B. Experimental results

Table I reports OA, AA, x (accuracy metrics), along with
training and test times, and peak GPU memory allocation
during training, network size, number of parameters, and
number of FLOPs for a single forward pass (computational
metrics) for the EffBaGAN-Small baseline (without optimiza-
tions) and for the different optimization techniques described
in Section III, evaluated both individually and in selected
combinations. Results are averaged over five runs across
eight datasets (described in Section IV-A). Mean and standard
deviation are reported for accuracy metrics and times, while
the computational cost metrics are constant across runs for a
given optimization configuration.

The table shows that applying AMP reduces peak GPU
memory allocation by 10% during training by storing a
significant portion of computations in FP16, thereby lowering
memory bandwidth requirements. However, a slight increase in
training time is also observed due to the overhead introduced
by dynamic loss scaling and runtime casting operations.

Regarding quantization techniques (columns PTQ and QAT
in the table), both achieved a network size reduction exceeding
72% by compressing weights to INT8. Nevertheless, QAT
introduces a notable training overhead for this small network
due to the insertion of fake quantization nodes into the com-
putational graph, increasing both training time and peak GPU
memory allocation during training. In contrast, PTQ introduces
no training overhead, as it relies on post-training calibration
using a representative subset of the data to map activation
ranges to INT8 without modifying the learned weights or
degrading accuracy.

The results for pruning show a successful reduction of more
than 30% in the number of parameters and FLOPs without
degrading accuracy metrics. This robustness is attributed to
the fine-tuning stage performed after pruning, which enables
the remaining filters to adapt and compensate for the removed
ones.

Finally, when combining optimization techniques, PTQ with
pruning results in greater accuracy degradation than QAT
combined with pruning. The degradation observed with PTQ
and pruning can be attributed to the aggressive nature of both
techniques: PTQ lacks a fine-tuning phase to compensate for
the structural changes it introduces, and pruning inherently
reduces the network’s representational capacity. In contrast,
the combination of QAT and pruning benefits from training-
aware quantization and subsequent fine-tuning, enabling the
network to better adapt and converge. A per-class analysis
for the imbalanced datasets used in this paper shows that for
some spectrally overlapping classes, PTQ is unable to separate
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TABLE 1
RECORDED METRICS FOR ALL THE DATASETS WITH THE DIFFERENT OPTIMIZATION TECHNIQUES APPLIED TO EFFBAGAN-SMALL.

Metrics Baseline AMP PTQ QAT Pruning PTQ + Pruning QAT + Pruning
OA (%) 95.92 + 0.49 95.95 + 0.46 95.35 +1.23 95.85 + 0.40 96.50 + 0.10 74.34 +14.77 89.36 + 3.86
AA (%) 87.49 + 1.29 87.03 +2.28 86.62 + 2.27 87.12 £+ 2.15 88.40 + 0.83 65.97 + 8.87 73.82 +5.88
k(%) 93.26 + 0.77 93.28 +0.78 92.31 4 1.97 93.14 + 0.66 94.19 £ 0.17 61.81 & 17.20 81.77 + 6.07
Training time (s) 3862.95 + 146.80  3984.05 + 51.81 3750.86 + 94.97 6581.87 +£809.12 429492 £ 159.69  4795.22 + 221.09 4809.46 + 208.45
Test time (s) 893.63 + 14.22 952.73 + 1521 964.41 + 28.24 1005.63 + 32.48 1035.85 + 38.93 1112.05 + 69.60 1167.69 + 42.45
Peak mem. alloc. (MiB) 132091 1183.48 132091 1431.44 132091 1320.91 132091

- (l 10.40%) (0.00%) (1 8.37%) (0.00%) (0.00%) (0.00%)
Network size (MiB) 3.78 3.78 1.03 0.95 3.22 1.27 1.26

- - ( 72.85%) . 74.91%) (J 14.99%) ({ 66.32%) (] 66.81%)
Parameters (#) 972235 972235 972235 966475 677315 675443 674219

- - (0.00%) { 0.59%) (J 30.33%) ({ 30.53%) { 30.65%)
FLOPs (#) 27104 608 27 104 608 26619232 26619232 18339720 17939592 17939592

- -  1.79%)  1.79%) (} 32.34%) (] 33.81%) (J 33.81%)

Accuracy metrics and execution times are presented as the mean and standard deviation computed across all experiments. All reported computational cost metrics correspond
to the inference phase; therefore, only the discriminator network is considered when computing these metrics. The percentage values reported below each computational cost

metric indicate the relative difference with respect to the baseline configuration.

them. The network struggles to distinguish some classes.
For example, the minority class concrete has low accuracy
and is often confused with asphalt, while similar vegetation
classes are not well separated. Conversely, QAT’s training-
aware adaptation allows the remaining parameters to readjust
to the structural capacity loss. QAT resolves failures across
all flora classes by restricting remaining misclassifications to
minor intra-vegetation confusions.

Overall, QAT with pruning achieved the largest reduc-
tions in network size, parameter count, and FLOPs (66.81%,
30.65%, and 33.81%, respectively). The observed accuracy de-
cline stems from the cumulative impact of restricted numerical
precision (quantization) and reduced representational capacity
(pruning), creating compounded constraints that fine-tuning
could partially mitigate. However, this approach successfully
avoided the severe accuracy degradation observed with PTQ
pruning, remaining effective even under severe class imbal-
ance, with some datasets containing classes that represent as
little as 0.30% of the labeled samples, while others account
for up to 69.75%.

V. CONCLUSIONS

This work optimizes the computational cost of EffBaGAN,
a generative classification method designed for multispectral
image classification in data-scarce scenarios. The study eval-
uates the effectiveness of several widely used deep learning
optimization techniques when applied to this specialized gen-
erative architecture. In particular, we examined:

o The impact of Automatic Mixed Precision (AMP) on
training efficiency.

o The effect of quantization strategies, comparing Post-
Training Quantization (PTQ) and Quantization-Aware
Training (QAT).

« The application of structured network pruning.

« The interaction between these techniques, identifying
combinations that provide cumulative efficiency gains and
those that lead to performance degradation.

Experimental results demonstrated that EffBaGAN can be

significantly compressed and optimized without compromising

its classification performance on imbalanced datasets. Specifi-
cally, AMP reduces peak GPU memory allocation by approxi-
mately 10%, alleviating memory bandwidth requirements dur-
ing training with negligible impact on convergence. Regarding
storage, quantization is highly effective at reducing network
size, with both PTQ and QAT achieving reductions of more
than 72%. However, PTQ is better suited to this architecture,
as QAT introduces substantial training overhead due to the
insertion of fake quantization operations. Finally, structured
magnitude-based pruning successfully reduces the network’s
parameter count and FLOPs by 30%, with subsequent fine-
tuning playing a key role in preserving the network’s repre-
sentational capacity and classification accuracy.

When combining strategies, QAT with pruning yields the
largest reductions in network size, parameters, and FLOPs.
Although the compounded constraints of precision and re-
duced capacity led to a drop in accuracy, the integrated fine-
tuning phase successfully mitigated the severe degradation,
highlighting the importance of training-aware adaptation when
aggressive compression techniques are applied. Overall, this
study confirms that standard deep learning optimization tech-
niques can be effectively applied to specialized generative
networks such as EffBaGAN.

Although EffBaGAN was originally designed for small-
scale remote sensing tasks, the proposed optimizations further
reduce computational requirements, enabling deployment on
resource-constrained edge computing platforms where mem-
ory and energy constraints are critical. Deployment strategies
require carefully balancing hardware and training constraints:
we recommend QAT combined with pruning for strictly
storage-limited edge environments, given its maximal size
reduction. However, because this combination adds training
overhead and degrades accuracy, either standalone PTQ or
pruning is optimal for preserving maximum classification
accuracy, or when operating under strict computational or
time constraints during training. Future work will focus on
evaluating these techniques on hardware-specific inference
engines and embedded platforms to further improve real-time
performance and deployment efficiency.
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