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Abstract 

The DARPA Moving and Stationary Target Acquisition and 
Recognition (MSTAR) dataset has served as a foundational 
benchmark for synthetic aperture radar (SAR)–based auto-
matic target recognition (ATR) research for more than two 
decades. In recent years, it has been widely adopted for train-
ing and evaluating deep learning models, with reported clas-
sification accuracies often exceeding 95%. While these re-
sults demonstrate the effectiveness of modern neural archi-
tectures, they also raise concerns regarding the representa-
tiveness and continued utility of MSTAR as a proxy for op-
erational SAR ATR tasks. In this paper, we examine the 
strengths and limitations of the MSTAR dataset in the context 
of deep learning–based model development. We present rep-
resentative performance results from a convolutional neural 
network trained on MSTAR imagery, illustrating how dataset 
characteristics such as centered targets, fixed chip dimen-
sions, limited clutter, and single-object scenes lead to artifi-
cially easy classification problems. We further contrast these 
results with preliminary experiments on the ATRNet-STAR 
dataset, where modest perturbations including target offset 
and rotation produce substantial performance degradation. 
Collectively, these findings highlight the need for more real-
istic SAR datasets and evaluation protocols. This paper is in-
tended as a work in progress, with ongoing analysis of em-
bedding-space structure and robustness metrics to be reported 
in future revisions. 

 Introduction    
Synthetic aperture radar (SAR) remains a critical sensing 
modality for military and intelligence applications due to its 
ability to operate in all weather conditions and independent 
of illumination. Automatic target recognition (ATR) using 
SAR imagery has therefore been an enduring research focus, 
spanning model-based, feature-engineered, and, more re-
cently, deep learning approaches. 
 Among available SAR datasets, the DARPA MSTAR da-
taset has emerged as the de facto benchmark (Ross et al. 
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1998; Chen et al. 2016) for algorithm development and com-
parative evaluation. Originally curated to support classical 
ATR research, MSTAR provides labeled SAR image chips 
of military ground vehicles collected under controlled con-
ditions. Its accessibility and consistency have made it attrac-
tive for training convolutional neural networks (CNNs) and 
related deep learning architectures. 
 However, as the field matures, there is growing recogni-
tion that high performance on MSTAR does not necessarily 
translate to robust operational capability. Many published 
results implicitly conflate success on MSTAR with general 
SAR ATR proficiency, despite well-documented dataset 
constraints. This paper argues that MSTAR should be 
viewed primarily as a model development and debugging 
dataset, rather than a reliable indicator of real-world perfor-
mance. The contributions of this paper are threefold: 

1. We summarize key properties of the MSTAR dataset 
that simplify the learning problem for deep networks. 

2. We present representative deep learning results demon-
strating near-ceiling performance on MSTAR. 

3. We contrast these results with preliminary findings on 
the ATRNet-STAR dataset (Wagner and Palmer 2020), 
showing significant sensitivity to relatively minor geo-
metric perturbations. 

Overview of MSTAR Dataset 
The MSTAR dataset consists of SAR image chips corre-
sponding to a limited set of ground vehicle targets, typically 
collected at specific depression angles and across discrete 
azimuth angles. Each image chip exhibits several defining 
characteristics: 

• Target-centered imagery: The object of interest is con-
sistently located near the center of the chip. 

• Fixed spatial dimensions: All image chips share the 
same pixel resolution and extent. 

• Minimal clutter: Backgrounds are relatively homogene-
ous, with little environmental variation. 
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• Single-object scenes: Each chip contains exactly one la-
beled target. 

 
 
From a machine learning perspective, these properties 

substantially reduce intra-class variability while amplifying 
inter-class separability. In effect, the dataset implicitly en-
codes strong spatial priors that deep networks can exploit 
without learning robust, physically grounded features. 
These characteristics introduce significant limitations when 
MSTAR is used as the sole benchmark for modern deep 
learning based ATR systems. 

Deep Learning Performance on MSTAR 
To illustrate the implications of these dataset properties, we 
trained a convolutional neural network using standard su-
pervised learning procedures on the MSTAR dataset. The 
model architecture and training pipeline are consistent with 
common practices in the literature and are documented in 
the accompanying Jupyter notebook. Table 1 summarizes 
representative classification performance on a held out 
MSTAR test set.  The overall precision, recall and f1-scores 
are all high.  Further, these results are consistent with many 
previously reported studies and confirm that modern CNNs 
can easily separate MSTAR target classes under standard 
evaluation protocols.  

 
. 

Class Precision Recall F1-Score 
2S1 0.98 0.96 0.97 
BRDM-2 0.96 0.98 0.97 
D7 0.72 1.00 0.84 
SLICY 1.00 1.00 1.00 
T62 0.98 0.89 0.93 
ZIL131 0.98 0.87 0.92 
ZSU-23-4 1.00 0.82 0.90 
ACCURACY   0.93 
AVERAGE 0.95 0.93 0.93 

Table 1: Representative CNN Performance on MSTAR da-
taset 

Beyond scalar metrics, we examined internal feature em-
beddings extracted from the penultimate layer of the net-
work. Preliminary analysis suggests that embeddings corre-
sponding to different target classes form tight, well-sepa-
rated clusters when restricted to a narrow range of azimuth 
angles. The observed structure further supports the conclu-
sion that MSTAR presents a low-complexity classification 
problem for deep models. 

Sensitivity Analysis Using ATRNet-STAR 
To examine model robustness, we evaluated the same 
trained network on data derived from the ATRNet-STAR 
dataset, which introduces controlled but operationally rele-
vant variations. Key differences relative to MSTAR include: 

• Targets offset from the center of the image chip 
• Target rotations relative to the sensor 
• Increased geometric variability without changing target 

identity. 
Class Precision Recall F1-Score 

2S1 0.28 0.27 0.28 
BRDM-2 0.48 0.75 0.59 
D7 0.29 0.23 0.25 
T62 0.32 0.36 0.34 
T72 0.57 0.6 0.58 
ZIL131 0.29 0.25 0.27 
ZSU-23-4 0.33 0.46 0.47 
BMP-2 0.49 0.46 0.47 
BTR-60 0.2 0.17 0.18 
BTR-70 0.41 0.13 0.19 
ACCURACY   0.41 
AVERAGE 0.37 0.37 0.36 

Table 2: CNN Performance on ATRNet-STAR. Figure 1: Example of MSTAR SAR image chips with ref-
erence photographs. 
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  Table 2 summarizes preliminary performance results on 
ATRNet-STAR.  Despite representing the same target clas-
ses, these modest perturbations result in substantial degra-
dation. This finding highlights a key risk that models that 
appear highly capable under MSTAR evaluation may in fact 
be brittle when exposed to even mild departures from the 
dataset’s implicit assumptions. 

Embedding-Space Structure for a Narrow Az-
imuth Slice (170°–190°) 

To further characterize the internal representations 
learned by the network, we performed an embedding-space 
analysis restricted to a narrow azimuth slice (170°–190°). 
Embed-dings were extracted from the dense penultimate 
layer of the trained CNN and analyzed using principal com-
ponent analysis (PCA), inter-/intra-class scatter metrics, and 
the Bhattacharyya distance to quantify class separability.  
 Figure 2 (PCA visualization for 170°–190°) shows the 
first two principal components of the embedding vectors. 
Even under this restricted viewing geometry, the learned 
representations exhibit strong clustering behavior: samples 
from each target class form compact, tightly grouped clus-
ters, with clear separation between most classes in the low-
dimensional projection. This qualitative structure supports 
the hypothesis that, within a constrained azimuth regime, 
MSTAR presents a highly separable classification problem 
for modern deep networks. 
 Quantitatively, the Fisher Discriminant Ratio (FDR = 
1.2856) indicates that between-class scatter exceeds within-
class scatter in the learned feature space. The Davies–
Bouldin Index (DBI = 1.3729) and Dunn Index (0.3134) fur-
ther confirm that clusters are generally compact and well-
separated, though not perfectly isolated. These values are 
consistent with the visually apparent separation in the PCA 
projection. 

The Bhattacharyya analysis provides a more granular 
view of pairwise class confusability. Most class pairs exhibit 
large Bhattacharyya distances, indicating strong statistical 
separability. For example, pairs such as D7–SLICY and 
SLICY–ZIL131 show very high separation values of 575.9 
and 5416.3, respectively. However, the smallest 
Bhattacharyya values occur for the T62–ZIL131 (226.9) and 
2S1–T62 (231.7) pairs, indicating relatively higher overlap 
in feature space. This is consistent with the PCA visualiza-
tion, where T62 and ZIL131 display a modest degree of 
cluster proximity and limited overlap relative to the other 
classes. 
 Importantly, even this most confusable pair remains 
largely separable in the full embedding space, suggesting 
that the overlap observed in two-dimensional PCA projec-
tions reflects dimensionality reduction effects rather than 
fundamental inseparability. Nevertheless, the T62–ZIL131 

interaction highlights that residual ambiguity persists even 
in the otherwise simplified MSTAR setting. 

Collectively, these azimuth-sliced embedding results re-
inforce a central claim of this paper: when target pose is nar-
rowly constrained, MSTAR induces highly structured and 
well-separated feature manifolds that make the classifica-
tion task comparatively easy for deep networks. The tight 
intra-class grouping and strong inter-class separation ob-
served here provides further evidence that high accuracy on 
MSTAR, particularly within restricted azimuth regimes, 
should be interpreted as performance on a low-complexity, 
bias-structured dataset rather than as proof of operational ro-
bustness. 

Discussion 
Recent advances in machine learning have highlighted the 
risks of dataset bias and shortcut learning (Torralba and 
Efros 2011; Geirhos et al. 2020), where models achieve 
strong performance by exploiting spurious correlations or 
structural regularities rather than learning task-relevant, in-
variant features. In computer vision, this phenomenon has 
been observed in datasets where object position, back-
ground statistics, or acquisition geometry are inadvertently 
correlated with class labels. 
 The MSTAR dataset exhibits several characteristics that 
make it particularly susceptible to shortcut learning. Con-
sistent target centering, fixed chip dimensions, limited back-
ground clutter, and single-object scenes create strong spatial 
and contextual priors. Deep networks trained on MSTAR 
can therefore achieve high accuracy by relying on positional 
cues, silhouette regularities, or background homogeneity ra-
ther than learning robust scattering-based or geometry-in-
variant representations of target structure. 
 From this perspective, MSTAR performance should be in-
terpreted cautiously. High accuracy does not necessarily in-
dicate that a model has learned physically meaningful SAR 
features, but rather that it has successfully internalized the 
dataset’s implicit biases. This framing helps explain the 
sharp performance degradation observed when the same 
models are evaluated on datasets such as ATRNet-STAR, 
where these priors are intentionally violated through target 
offset and rotation. By situating MSTAR within the broader 
context of dataset bias and shortcut learning (Torralba and 
Efros 2011; Geir-hos et al. 2020), we argue that it serves 
best as a controlled sandbox for algorithm development, not 
as a stand-alone benchmark for assessing operational readi-
ness or generalization.  

141



 
 

   
The results presented here reinforce a critical point: MSTAR 
is an excellent dataset for learning how to build SAR classi-
fiers, but a poor dataset for validating operational robust-
ness. Deep networks trained on MSTAR achieve high accu-
racy not solely because they learn invariant target signa-
tures, but because they exploit dataset regularities that do 
not generalize. 

This does not diminish the historical or pedagogical value 
of MSTAR. Rather, it suggests that continued reliance on 
MSTAR as a primary benchmark risk overstating progress 
in SAR ATR. More realistic datasets featuring clutter, multi-
object scenes, variable framing, and broader pose distribu-
tions are essential for meaningful evaluation. 

Conclusion & Near-Term Extensions 
This paper examined the utility and limitations of the 
MSTAR dataset for deep learning–based SAR ATR, with 
particular emphasis on learned representation structure. 
While modern CNNs achieve near-ceiling classification ac-
curacy on standard MSTAR splits, deeper analysis of em-
bedding-space geometry reveals why this performance is at-
tainable.  
 Low-dimensional visualizations of dense-layer embed-
dings, restricted to a narrow azimuth slice (170°–190°), 
show tightly clustered intra-class groupings and strong in-
ter-class separation. Quantitative scatter metrics—including 
Fisher Discriminant Ratio, Davies–Bouldin Index, Dunn In-
dex, and pairwise Bhattacharyya distances—confirm that 
between-class variance generally exceeds within-class vari-
ance in the learned feature space. With the exception of 

modest overlap between T62 and ZIL131, the classes are 
cleanly separable under constrained pose conditions. These 
findings reinforce the central argument of this paper: 
MSTAR induces highly structured, low-complexity deci-
sion boundaries that make the classification problem com-
paratively easy for modern deep networks. 
 Importantly, this embedding-space structure should not 
be interpreted as evidence of operational robustness. Rather, 
it reflects the dataset’s strong priors - consistent target cen-
tering, limited clutter, fixed chip dimensions, and restricted 
geometric variability. When these priors are relaxed, as in 
preliminary experiments on ATRNet-STAR, performance 
degrades substantially. Together, the accuracy results, em-
bedding geometry, and cross-dataset sensitivity analysis 
demonstrate that high performance on MSTAR largely re-
flects exploitation of dataset regularities rather than fully in-
variant, physically grounded SAR feature learning. This 
work remains ongoing. Near-term extensions include: 

• Cross-dataset embedding comparison: Evaluating how 
embedding compactness and separability shift when 
models are exposed to ATRNet-STAR or synthetically 
perturbed imagery. 

• Pose-sensitivity profiling: Systematically measuring 
representation drift under controlled translation, rota-
tion, and framing perturbations. 

Collectively, these extensions aim to move SAR ATR 
evaluation beyond scalar accuracy metrics toward represen-
tation-aware, robustness-centered assessment. By explicitly 
analyzing learned feature geometry and its sensitivity to 
controlled perturbations, we seek to establish more mean-
ingful criteria for judging progress in SAR-based automatic 
target recognition.  
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Figure 2: First two principal components of the embedding 
vectors. 
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