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Abstract: In recent years, Synthetic Aperture Radar (SAR) has received attention in the Automatic
Target Recognition (ATR) field due to its ability to acquire images both day and night, combined
with the superior resolution offered by the latest sensors. However, despite advances, there remains
a deficiency in dataset quality and quantity. This has necessitated the use of simulated data to
overcome challenges associated with obtaining large quantities of high-quality images of targets
and their subsequent labeling. In this study, we trained a Convolutional Neural Network (CNN)
using a simulated dataset, subsequently employing it to classify real images from the MSTAR
dataset. Traditional training methodologies often struggle with generalization when confronted
with domain disparities between simulated and real data. To mitigate this, we exploited Margin
Disparity Discrepancy (MDD), a domain adaptation technique not previously explored in SAR
context. Findings from this study showcased a 13% increase in classification accuracy and improved
generalization using MDD. Through Explainable AI (XAI) techniques such as t-SNE and other metrics
like Kullback Leibler Divergence (KLD), we revealed a more distinct alignment of feature spaces
between the two domains after domain adaptation, emphasizing MDD'’s role in enhancing model
accuracy and generalization.

Keywords: unsupervised domain adaptation; CNN; SAR; computer vision; remotesensing; DA;
artificial intelligence; classification; XAl

1. Introduction

Synthetic Aperture Radar (SAR) has become an influential remote sensing technology for Earth
observation, enabling the capture of high-resolution images regardless of weather conditions or
daylight availability. In recent years, the advancement in image quality and resolution has opened
doors for the successful application of Artificial Intelligence (Al) in various tasks, such as object
detection[1-3], object classification[4—7], image colorization [8,9], change detection[10-12] and noise
reduction[13-15].

Despite the progress made, the practical implementation of SAR-based applications in real-world
scenarios still faces a significant challenge due to the lack of extensive and reliable training datasets as
reported also in [16,17]. Although the sources for acquiring high-resolution imagery are increasing and
new data is becoming publicly available, the process of labeling SAR images remains a major obstacle.
While for certain applications like Ship Detection, the utilization of AIS data can offer a reliable source
for annotating a large number of images in an automated way[18,19], it is not feasible for most other
targets of interest, including vehicles, airplanes and military objects. Additionally, data augmentation
techniques are limited in this domain due to the complex interplay between acquisition geometry and
backscatter values, which cannot be replicated by simple scene rotations as in Electro-Optical (EO)
imagery.

One potential solution to address the aforementioned challenges lies in the utilization of SAR
simulators [20]. These software tools enable, given the 3D CAD models of the targets, the generation
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of a vast volume of labeled data by leveraging various permutations of sensor parameters, target
positioning, and angles of sight. SAR simulators offer the flexibility to create diverse synthetic datasets,
mimicking real-world scenarios and providing valuable training resources.

In this paper, we present a comprehensive analysis aimed at assessing the effectiveness and
usability of a Convolutional Neural Network (CNN) based classifier across simulated and real
domains for SAR imagery. We ultimately suggest an approach to boost the performances of the
CNN using Margin Disparity Discrepancy (MDD), an Unsupervised Domain Adaptation (UDA)
technique originally introduced by Zhang et al. [21], which enhance the CNN classifier’s ability to
extract domain invariant features. This enhancement ultimately leads to improved generalization and
overall performance. Obtained results are validated through an in-depth analysis, which validate the
capacity of DA in bridging from simulated to real domain in SAR context.

Previous researchers employed different methods to address the discrepancies between simulated
and real domains in SAR imagery. One such method is domain randomization [22], which promotes a
robust classifier trained on synthetic data. However, this method requires a vast amount of additional
simulations for better model generalization, an aspect that can be problematic in terms of space and
computational requirements. The concept of transfer learning has also been utilized effectively for
improving classification accuracy in the aforementioned context [23,24]. While this technique can
improve the model performances it requires labelled data in the real domain, which can be hard or
nearly impossible to obtain in many situations. Another novel approach involves the hierarchical
combination of a Convolutional Neural Network (CNN) and image similarity measures to handle the
distribution differences between simulated and real data [25]. This approach focuses on identifying
and reclassifying the 'hard samples’ that are prone to misclassification, thus enhancing the performance
of the recognition methods. However, this approach may face challenges with the misclassification of
hard samples, reliance on similarity measures in high-dimensional spaces, and the complexity of the
bagging ensemble technique.

Our employed method emphasizes the quality of simulation over quantity, effectively delegating
the task of domain generalization to the neural network’s architecture. By using a Domain Adversarial
Neural Network (DANN) framework for Domain Adaptation (DA) as previously demonstrated by
[26], and integrating it with an MDD-based loss function, we concurrently achieve object classification
and extraction of domain invariant features. This approach also proves to be computationally efficient
during the inference phase. Specifically, the neural network (NN) branch responsible for domain
discrimination is discarded after training. Consequently, the final classifier solely consists of the initial
CNN architecture, which results in a significant reduction in computational overhead.

2. Materials and Methods

A core aspect of our research lies in the construction of a unique simulated dataset obtained
with the usage of a path tracing based SAR simulator. This chapter details the material utilized, the
pre-processing steps, and the methods employed for executing this research.

2.1. Simulated Dataset

The simulated dataset was derived using a proprietary SAR simulator calibrated on the parameters
of the Moving and Stationary Target Acquisition and Recognition (MSTAR) dataset [27]. Our decision
to leverage the MSTAR dataset as a simulation reference is rooted in its diverse collection of images
featuring various targets against a simplistic background, captured from multiple angles. This aspect
holds significant relevance in SAR imagery, where even slight deviations in object orientation can
result in substantial disparities in radar signatures. With our research being fundamentally aimed at
the real-world application of ATR, we specifically selected samples acquired at a depression angle of
45°. This angle typically provides an optimal balance between spatial resolution and sensitivity to
topographic variations. This selection criterion restricted the number of viable classes in MSTAR to
three: ZSU-23, BRDM2 and 251. We generated 360 simulated images for each class at every integer
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degree of rotation, resulting in a total of 1080 data samples. The simulation parameters, summarized
in Table 1, were derived from the original file header provided by MSTAR, with the exception of the
thermal noise parameter, which we estimated directly from the data.

Table 1. Simulation sensor parameters.

Parameter Value Unit

Carrier Frequency 9.5 GHz
Resolution (Range) 0.3 m
Resolution (Azimuth) 0.3 m
Pixel Spacing (Range) 0.2 m
Pixel Spacing (Azimuth) 0.2 m
Thermal Noise -25 dB

The 3D CAD models employed in the simulation phase were sourced from public online
databases. These models may not perfectly replicate the original objects, leading to an approximation
in the computed radar signatures. This approximation could potentially influence the classifier’s
performance, yielding sub-optimal results. Thus, such limitations should be carefully considered in
real-world applications. For effective simulation, the 3D model requires parametrization through the
assignment of physical materials to each constituent surface. In our approach, we approximated the
entire object with a metallic surface thereby obtaining an ideal scatterer. However, it is important to
note that the original MSTAR images display a significant amount of rust on tank surfaces. This detail
might result in a slightly different interaction with SAR microwaves, something not fully captured in
our simulation due to our previous assumption on the material. In Figure 1 is shown a comparison
between MSTAR images and simulated ones.

CAD Simulated Real

zsu23-4

brdm2

Figure 1. This figure shows a comparison between CAD models, simulated SAR and MSTAR.

In subsequent sections, we use the term "real" to refer to the MSTAR data meanwhile our generated
data is referred to as "simulated".

2.2. MSTAR Dataset

As a benchmark for our simulations and a test set for our classifier, we used the previously
mentioned MSTAR dataset. Produced by the U.S. Army’s National Ground Intelligence Center,
MSTAR is a publicly accessible SAR dataset featuring high-resolution images of military targets
captured under various conditions, orientations, and depression angles from an airborne platform. As
previously validated by researchers in [22], this dataset serves as a principal resource for SAR-based
Automatic Target Recognition (ATR) studies.
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2.3. Data Preprocessing

Before feeding SAR images to our classifiers, we performed some preprocessing steps to ensure
data compatibility with our neural network and optimal feature extraction. With an aim to retain the
maximum amount of relevant information while enhancing object features and mitigating background
contribution, we employed a quarter-power magnitude stretch. This technique, derived from Doerry
[28], allows compressing the high dynamic range of SAR imagery into a smaller fixed range, in our
case between 0 and 255. The specific formula utilized to stretch the images is as follows, where "image"
denotes the amplitude value of the original complex data:

image

clip (255 . ) ,0, 255) (1)

3 - median (/image

This procedures ensures that the input data is appropriately formatted and normalized, facilitating
effective learning by the neural network. In Figure 2 the histograms of the six images used in Figure 1
are shown.

real synth

1000

500

0 1040 200 0 100 200

real synth

0 100 200 0 100 200

real synth

0
0 100 200 0 100 200
Figure 2. Histogram comparison between real (MSTAR) images (left) and our simulated images (right).
2.4. Domain Adaptation

The core of this research lies in the application of an unsupervised domain adaptation technique
to extract domain-invariant features. The method we used is margin disparity discrepancy, a technique
designed by Zhang [21] that minimize the distribution disparity between source (in our case, simulated)
and target (real) domains. Domain-invariant features are very important in real case scenario, a
model that is independent from the original domain is expected to generalize better and give stable
performances across different use-cases. The core of this technique lies in the application of a DANN
where one branch performs multi class classification and the other tries to distinguish the domain
from which an image is coming. As demonstrated theoretically by the authors, the expected error to
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be minimised during the training procedure is bounded by the sum of four different components: the
empirical margin error on the source domain, the empirical MDD (Margin Disparity Discrepancy)
which we want to minimize, the ideal error and some complexity terms, the last two of which are a
function of context parameters and therefore cannot be minimised by the training procedure. Intuitively,
the MDD function is a way to measure the difference of distributions between to different domains
formulated as the difference between the expected risks of source and target examples within a margin.
The main idea is that by minimizing this loss composed by the sum of the standard classifcation loss
and the MDD loss, the NN learns to correctly classify source examples while reducing the margin
for target examples. This way, MDD encourages the classifier to generate a decision boundary that
not only correctly classifies source data but also lies close to the target data, thereby bridging the gap
between the two domains. The architecture of our CNN is summarized in Figure 3. A DANN can be
seen as three separated networks, a feature extractor, a label predictor, and a domain classifier. For
feature extraction we employ a ResNet-50 model leveraging the pre-existing knowledge encapsulated
within the ImageNet weights, the initial blocks of the ResNet-50 model are frozen, with only the final
block being fine-tuned during the training phase. The label predictor and the domain classifier follow
a rather straightforward design, adopting a Fully Connected Network (FCN) architecture of two layers
with a dropout layer in the middle. Notably, the domain classifier branch incorporates a Gradient
Reversal Layer (GRL). The GRL is a crucial component of the DANN, this layer does not alter the
forward pass, and thus, the input passed through this layer remains unchanged. However, during the
backward pass, GRL negates the gradient, essentially reversing the direction of the gradient during
backpropagation. Mathematically, if x is the input to the GRL and y the output, the forward and
backward operations can be represented as:

y=x
_

dx
The variable A in these equations is a hyperparameter that regulates the degree of gradient
reversal, thereby controlling the trade-off between minimizing the discrepancy across domains
(source and target) and maximizing the task-specific classification loss. This balance enables the
model to simultaneously learn domain-invariant features and perform accurate classification. The
hyperparameter A generally ranges between 0 and 1, with the specific value typically being determined
through empirical optimization. This reversal of gradients during backpropagation encourages the
feature extractor to learn features that can fool the domain classifier, promoting the extraction of
domain-invariant features, which ultimately bridges the gap between the source and target domains.
This ensures the network learns features that not only maximize the error of the domain classifier but
also make it challenging for the domain classifier to distinguish between source and target domains,
thereby promoting domain invariance.

Label predictor

Feature vector \\x

Feature extractor

Gradient reversal layer

Domain classifier

Figure 3. General structure of a DANN.
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2.5. Al Decisions Interpretation

The opaque nature of Al models often results in a perception of these models as ‘black-box’
systems, given the complexity involved in understanding the meaning behind their decisions.
In order to analyze our results and better comprehend them we employed a few techniques
aligned with Explainable Artificial Intelligence (XAI). Our first method of choice was t-distributed
Stochastic Neighbor Embedding (t-SNE) [29], a technique particularly suited for the visualization of
high-dimensional data,in our scenario, the features extracted by our CNN model. Visualization of
clusters formed by t-SNE provides insights into the distinguishing features learned by the model and
how different classes and instances separates in the internal feature space. By comparing the features
extracted from both the source and the target domains we were able to visually assess the efficacy
of DA.

To accurately represent the operative real-world scenario where target labels are unavailable, we
also incorporated a Kullback-Leibler Divergence (KLD) analysis on the t-SNE visualizations produced
in the real domain. Operating under the assumption that an ideal classifier should generate compact
and well-delineated clusters, the application of KL divergence analysis provides a measure of the
model’s performance. This analysis enables an evaluation of our model in an entirely unsupervised
manner, an approach that better reflects real-world situations.

3. Results

We generated results using diverse configurations within the training pipeline. The following
sections detail each step undertaken, and every test is validated with evidence of result quality through
the application of the previously mentioned XAI techniques.

3.1. Training without Domain Adaptation

Initially, we established a baseline for our classifier and dataset by fine-tuning a ResNet50 model
exclusively using simulated images, and subsequently evaluated its performance on the MSTAR
dataset. The insights derived from this experiment are crucial to gauge the inherent capabilities of our
classifier and training dataset. The training parameters are shown in the below Table 2.

Table 2. Training Configuration

Parameter Value
Learning Rate 0.0003
Epochs 60
Batch size 32
Optimizer Adam
Clipnorm 1

The results acquired from this experiment are displayed in Figure 4. It is evident that the
performance is not satisfactory. While the training set swiftly reaches almost 100% accuracy, the test
set comprising real images plateaus at approximately 70% accuracy. This gap indicates a significant
degree of overfitting to the simulated images and underperformance on real-world data.
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Figure 4. Accuracy curve of our CNN trained without using Domain Adaptation (DA).

In Figures 5 and 6, it's noteworthy that our trained model demonstrates significant
underperformance, particularly with respect to class 2 (ZSU-23). It misclassifies nearly all instances of
this class as class 0, indicating a substantial issue with class-specific accuracy.

Confusion Matrix

True class

Predicted class

Figure 5. Confusion matrix of our CNN trained without using DA.
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Figure 6. ROC curves of our CNN trained without using DA.
3.2. Training with Domain Adaptation

In the DA training pipeline, we integrated MDD using Awesome Domain Adaptation Python
Toolbox (ADAPT) python library [30]. We leveraged the architecture shown earlier in Figure 3. The
training configuration details are summarized in Table 3.

Table 3. Training Configuration

Parameter Value
Learning Rate 0.0003
Epochs 40
Batch size 32
Lambda [0,1]
Gamma 2
Optimizer Adam
Clipnorm 1

The outcomes of the DA training pipeline are presented in Figure 7. We observed a significant
performance boost of approximately 13%, with a steadily climbing training curve that rises from
60% to a peak of 83.7%. This steady increase can be attributed to the varying value of the MDD
Lambda, which starts at 0 and increases at each epoch until it reaches 1. This parameter modulates
the balance between the classification task and the domain adaptation task. As a result, it prioritizes

the classification task at the beginning and gradually shifts focus to domain invariance as the training
progresses.
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Figure 7. Accuracy curve of our CNN trained without using Domain Adaptation (DA).

Furthermore, the issue with Class 3 being misclassified entirely is effectively addressed as
evidenced in Figures 8 and 9. However, an increased number of instances from Class 0 are now
erroneously classified as Class 2.

Confusion Matrix

200

True class

- 104

Predicted class

Figure 8. Confusion matrix of our CNN trained using DA.
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Figure 9. ROC curves of our CNN trained using DA.

4. Discussion

The study reveals significant improvements in classifier performance, achieved with only minimal
computational overhead. This efficiency extends to practical applications where, during the inference
phase, the neural network’s domain-discriminative branch can be excluded. The remaining architecture,
identical to the model before DA procedure, retains enhanced capabilities and produces features that
are invariant across real and simulated domains. This finding not only aligns with and reinforces
existing research on domain adaptation, demonstrating the efficacy of DA techniques in addressing
domain discrepancies, but it also pioneers the application of these techniques in a complex domain
previously unexplored. This significant extension of DA application showcases the adaptability and
potential of such techniques in diverse and challenging contexts.

In order to comprehend these results more thoroughly, an analysis of the evolution of the latent
features, extracted by the CNN, is conducted when MDD is applied. As demonstrated in Figure 10,
three sub-graphs are depicted. The top-left sub-graph represents the projected features extracted
from the encoder part of the neural network, utilizing the simulated images. Classification into three
categories is derived from the prediction of the NN trained on this data. Conversely, the top-right
graph reflects the same process, but is based on the real dataset.

One of the crucial observations is the inability of feature extraction in the real (target) domain to
create distinct point sets that enable clear differentiation among the three classes. This failure, which
manifests in a significant performance drop when applied to real data, can be traced back to differences
between the two domains, a problem the classifier struggles to overcome. Such insights underscore the
working hypothesis that domain discrepancies could hamper model performance when shifting from
simulated to real data. The bottom graph vividly illustrates this with the non-overlapping simulated
(source) and real (target) domains, further reinforcing the classifier’s perception of these domains as
two distinct sets.
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Figure 10. Split t-SNE finetuning images using DA.

When MDD is implemented during the training phase, as demonstrated in Figure 12, the outcome
is markedly different. It successfully facilitates the extraction of domain-invariant features, thus
bridging the gap between simulated and real domains. The points representing these domains align
almost identically within the same region, implying an effective decision boundary that classifies data
from both domains accurately.
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Figure 11. Split t-SNE finetuning using DA.

Further improving the quality of results is essential, particularly when considering real-world
scenarios where labeling of real data might not be feasible or might be limited due to various constraints.
The integration of a Monte Carlo dropout [31] procedure can help address this by modeling the inherent
uncertainty associated with the classification task. Figure 11 showcases this, with three sub-graphs
exhibiting the t-SNE projection of the latent space for each class in the real domain.

Significantly, the color coding within these graphs corresponds to the classifier’s output
probability, which noticeably drops at the boundaries of each cluster where there is a closer proximity
between clusters. This visualization highlights the uncertainty at the intersection of class boundaries,
and it can guide the refinement of the classifier and the decision process to accept or discard a given
prediction.
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Figure 12. Split t-SNE finetuning using DA.

The evaluation of discrepancies between the two domains was further facilitated by the use of a
KLD matrix. This tool was utilized to measure the similarity between the three clusters formed in the
t-SNE projection. As illustrated in Figure 13, the matrix’s diagonal presents values closer to zero. This
outcome indicates greater similarity between the clusters, as anticipated, since these clusters represent
the same classes across different domains. However, Class 2 exhibits a higher value compared to
Classes 0 and 1. Upon closer examination of the models, we attributed this discrepancy to an error in
the model measurements themselves. Future research may seek to investigate and rectify these errors
to further optimize model performance across different domains.
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5. Conclusions

The discoveries highlighted in this research signify substantial contributions to the domain of SAR
image classification when using simulated data, a growing trend in this area. The effective application
of Margin Disparity Discrepancy (MDD), the notable improvement in the model’s performance with
real data, and the honed discernment of pertinent image features all emphasize the immense value
of domain adaptation techniques in augmenting the effectiveness of SAR image classifiers. A key
strength of the study lies in the realistic conditions under which the advancements were achieved:
real data labels were unavailable, and yet no increase in the model complexity during the inference
phase was observed. Moreover, the research did not require an artificial increase in the volume of
training data. Consequently, the domain adaptation (DA) approach adopted was entirely unsupervised.
This widens its scope of applicability to settings where manual data labeling may be impractical or
infeasible, thus demonstrating the resilience and flexibility of such methods. Furthermore, our study
lays the groundwork for exciting future research directions. One such avenue involves contrasting
the findings of our research with the outcomes from a semi-supervised scenario, wherein a limited
subset of data samples is subjected to manual labeling and used in conjunction with simulated data.
This comparative approach could provide invaluable insights into the relative merits of supervised,
semi-supervised, and unsupervised strategies in various operational scenarios. In doing so, it might
unveil novel methodologies for optimizing SAR image classifier performance across diverse contexts.
In conclusion, the study has opened up new horizons for enhancing SAR image classification using
domain adaptation techniques, offering promising insights for future research in this domain. As
we continue to refine these techniques and expand their application, the ultimate aim is to build
more robust, efficient, and adaptable SAR image classification systems that can function optimally in
real-world scenarios.
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SAR Synthetic Aperture Radar
Al Artificial Intelligence
EO Electro-Optical

CNN Convolutional Neural Network

UDA Unsupervised Domain Adaptation
MDD Margin Disparity Discrepancy
DANN  Domain Adversarial Neural Network

DA Domain Adaptation

MSTAR  Moving and Stationary Target Acquisition and Recognition
ATR Automatic Target Recognition

FCN Fully Connected Network

XAI Explainable Artificial Intelligence

t-SNE t-distributed Stochastic Neighbor Embedding

KLD Kullback-Leibler Divergence

ADAPT Awesome Domain Adaptation Python Toolbox

ROC Receiver Operating Characteristic
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