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Abstract

Radar remote sensing provides an effective means of analyzing target characteristics for
low-altitude surveillance, and the rapid growth and misuse of drones highlight the need for
efficient classification of small aerial targets such as drones and birds. Micro-motions, such
as rotor rotation or wing flapping, induce characteristic frequency shifts in radar echoes
known as micro-Doppler effects. These radar-derived features provide essential structural
and kinematic information for deep-learning-based target classification. However, in
practical applications, existing methods still suffer from inadequate micro-Doppler feature
extraction capability and rarely account for small-sample scenarios, both of which limit
their classification performance. To address these challenges, this article proposes a transfer
learning and self-attention enhanced ResNet50 (TSAR-Net), which combines transferred
hierarchical convolutional features with multi-head self-attention to jointly exploit local
and global time–frequency characteristics. Furthermore, to alleviate the small-sample
classification problem, we introduce a projection-based TSAR-Net (PTSAR-Net), which
maps the 2048-dimensional pooled feature through a 512-dimensional layer to a compact
128-dimensional representation for limited-label classification. On the measured DIAT-
µSAT dataset, TSAR-Net achieves 99.59% accuracy, compared with 96.71% for VGG19,
an improvement of 2.88 percentage points. With five training samples per class, PTSAR-
Net achieves 81.14% accuracy, compared with 70.72% for TSAR-Net, an improvement of
10.42 percentage points.

Keywords: micro-Doppler; small aerial target; radar target classification; representation
learning; transfer learning; limited-label classification

1. Introduction
Micro-motions refer to minor movements of a target or its components beyond overall

translational motion, such as rotations, vibrations, or oscillations. These features can be
detected and analyzed using advanced sensors and techniques capable of capturing subtle
changes in the target’s motion. Among these technologies, radar systems are particularly
notable for their all-time, all-weather, and long-range detection capabilities, making them
a focal point of research in micro-motion feature perception and extraction [1,2]. Related
micro-Doppler signatures have also been investigated using other sensing modalities [3].
In radar remote sensing, deep-learning-based interpretation of micro-Doppler information
provides a useful route for analyzing target characteristics in low-altitude surveillance.
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Micro-motions induce frequency modulation in radar echoes, generating sidebands around
the central Doppler frequency caused by the target’s translational motion. This phe-
nomenon, known as the micro-Doppler effect, has been extensively investigated [4–10]. By
extracting micro-Doppler features from radar echoes, researchers can capture the struc-
tural and kinematic information of targets, enabling improved target identification and
classification [11–16].

With advancements in air target recognition technologies, micro-Doppler feature-
based classification has become a key focus of radar-based research. Air targets often
exhibit distinctive micro-Doppler signatures in their motion characteristics, such as the
wing flapping of birds and the rotor blades of drones [17,18]. Accurate classification
based on these features is critical for improving radar identification accuracy and enhanc-
ing the reliability of air target recognition systems. To address these challenges, various
approaches have been explored, including empirical mode decomposition and synchro-
squeezing phase analysis for feature extraction and classification [19,20], as well as the
integration of micro-Doppler features with convolutional neural networks (CNNs) or
dictionary learning for multi-target scenarios [21,22]. Techniques such as the short-time
Fourier transform (STFT), principal component analysis (PCA), and long short-term mem-
ory (LSTM) neural networks have also been employed for micro-motion classification [23].
Related CNN-based studies have examined classification of similar micromotion targets
under low-SNR conditions [24]. Furthermore, transfer learning with VGG19 has been
applied for multi-target classification tasks [25,26], which also led to the release of the
DIAT-µSAT dataset, the first publicly available micro-Doppler dataset dedicated to small
aerial targets. Recent studies have also investigated enhanced Doppler spectrograms and
cascaded denoising-classification pipelines for radar target recognition [16,27]. Despite
these advancements, two challenges remain. Conventional CNNs mainly aggregate lo-
cal spatial information through finite receptive fields, which may limit explicit modeling
of long-range time–frequency dependencies. In addition, limited labeled samples can
constrain classifier training.

The small-sample problem is a critical factor limiting the practical application of radar-
based air micro-motion target classification. Due to the complexity of target types, acquiring
large amounts of sample data for various targets incurs high costs. Furthermore, obtain-
ing micro-Doppler features requires high-precision radar observations under controlled
experimental conditions, imposing stringent requirements on experimental equipment
and environments. Most existing studies primarily depend on abundant sample data for
feature extraction and classifier design [28–30]. Recent low-altitude radar work has also
investigated target recognition with limited labeled samples [31]. Therefore, there is a need
to explore efficient classification algorithms tailored to small sample sizes, enabling full
utilization of micro-Doppler features from aerial targets under such conditions.

To address these challenges, this article proposes a transfer learning and self-attention
enhanced ResNet50 (TSAR-Net). The motivation for adopting transfer learning stems
from the difficulty and high cost of collecting large-scale labeled radar datasets. Trans-
fer learning uses ImageNet-pretrained ResNet50 weights to improve training efficiency,
while multi-head self-attention (MHSA) models dependencies among spatially sepa-
rated time–frequency features. TSAR-Net therefore combines transferred hierarchical
convolutional features with global dependency modeling to form a transfer-enhanced
local-to-global representation framework. To further improve performance in small-
sample scenarios, the projection-based TSAR-Net (PTSAR-Net) maps the 2048-dimensional
pooled feature through a 512-dimensional layer to a compact 128-dimensional embedding
before classification.

The contributions of this article are summarized as follows.
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(1) A transfer-enhanced local-to-global representation framework, TSAR-Net, is pro-
posed for micro-Doppler classification of small aerial targets. It combines trans-
fer learning for hierarchical convolutional representation with MHSA for global
dependency modeling.

(2) PTSAR-Net introduces a compact representation strategy for limited-label classification
by mapping the pooled feature to a lower-dimensional embedding before classification.

(3) The proposed methods are validated on the measured DIAT-µSAT dataset under
conventional supervision and with 5, 10, 20, and 50 training samples per class.

Beyond micro-Doppler signatures, full-polarimetric information may provide comple-
mentary cues on target scattering characteristics for radar target recognition [32,33]. Future
extensions could explore its joint use with micro-Doppler representations to characterize
both target motion and scattering properties.

The remainder of this article is organized as follows. Section 2 describes the radar
signal model, the DIAT-µSAT dataset, the TSAR-Net and PTSAR-Net architectures, and
the experimental protocol. Section 3 presents the measured data verification and analysis.
Section 4 discusses the main findings and future directions, and Section 5 concludes
the article.

2. Dataset and Methods
2.1. Micro-Doppler Signal Model and Time–Frequency Representation

To illustrate the translational and rotational contributions to the radar echo, this
subsection considers a rotating blade on a translating platform, as illustrated in Figure 1.
The platform excluding the blade is represented by scattering point A, about which the
blade rotates with angular velocity ω.

Figure 1. Geometry used to illustrate translational and rotational contributions to the micro-
Doppler response.
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For this illustrative model, the transmitted linear frequency-modulated (LFM) signal
is given by

s(t) = exp(j2π f0t) exp
(︂

jkπt2
)︂

(1)

where t represents time, f0 is the carrier frequency, k = B/Tp is the frequency-modulation
rate, B is the bandwidth, and Tp is the chirp duration.

The platform’s initial radial distance is R, with the direction away from the radar
defined as positive. Its translational range variation is described by the polynomial model

Rp(t) = R +
N

∑
n=1

αntn

n!
(2)

where α1 and α2 represent the initial velocity and initial acceleration of the target, respec-
tively. N denotes the dimensionality of the motion parameters in the polynomial model.

The blade contains M strong scattering points. For the m-th point Bm, the rotation
radius and initial phase are denoted by rm and φm, respectively, where m = 1, 2, . . . , M.
The rotational range component relative to A and the total range between the radar and Bm

are given by
Rbm(t) = rm cos(ωt + φm) (3)

Rm(t) = Rp(t) + Rbm(t) = R +
N

∑
n=1

αntn

n!
+rm cos(ωt + φm) (4)

With Km denoting the reflection coefficient of the scattering point Bm, the down-
converted baseband echo can be expressed as

sr(t) =
M

∑
m=1

Km exp
(︃
−j

4π f0

c
Rm(t)

)︃
exp

(︄
jπk
(︃

t − 2Rm(t)
c

)︃2
)︄

(5)

where c is the speed of light.
Considering the range-dependent carrier phase in (5), the translational Doppler com-

ponent and the rotational Doppler component of the m-th scattering point are expressed
as follows.

fp(t) = −2 f0

c

N

∑
n=1

αnt n−1

(n − 1)!
(6)

fb,m(t) =
2 f0

c
rmω sin(ωt + φm), m = 1, . . . , M. (7)

Here, fp(t) is the common translational contribution, and fb,m(t) is the rotational
contribution of the m-th scattering point. The received echo is the superposition of the indi-
vidual scattering contributions in Equation (5). The translational contribution is constant
when the radial translational velocity is constant. The STFT is then applied to the baseband
echo to obtain its time–frequency representation

STFT{sr(t)}(t, f ) = S(t, f ) =
∫︂ ∞

−∞
sr(τ)h(τ − t)e−j2π f τdτ (8)

where h(t) is the window function, f represents frequency, and S(t, f ) is the joint repre-
sentation of the signal in the time–frequency domain. A schematic diagram of the STFT
principle is shown in Figure 2.

For classification, this study uses the measured STFT spectrograms from the DIAT-
µSAT dataset described in Section 2.2.

https://doi.org/10.3390/rs18193442

https://doi.org/10.3390/rs18193442


Remote Sens. 2026, 18, 3442 5 of 15

Time 

window

Amplitude

Time-domain signal waveform

Time

F
F

T
F

F
T

F
F

T
F

F
T

F
F

T
F

F
T

F
F

T
F

F
T

F
F

T
F

F
T

Frequency

Time

Time-frequency representation

Figure 2. STFT processing used to obtain the time–frequency spectrogram.

2.2. Measured DIAT-µSAT Dataset

The DIAT-µSAT dataset comprises 4849 STFT time–frequency spectrograms from five
types of small aerial targets, grouped into six categories: two-blade rotor, three-short-
blade rotor, three-long-blade rotor, quadcopter, bionic bird, and a mixed class of bionic
bird and two-blade rotor. The data were collected using an X-band continuous-wave
radar [25]. Each spectrogram was generated from 30,000 time-domain points using a
1024-point discrete Fourier transform, a Hamming window, and an overlap of 200 points.
Figure 3 presents representative examples with the coordinate axes removed. Accordingly,
the following analysis focuses on visual characteristics, including the relative spacing of
recurrent structures, the apparent spread along the frequency dimension, and distinctive
patterns in the mixed-target class.

Figure 3. Representative measured STFT spectrograms from the six DIAT-µSAT categories.
(a) Two-blade rotor. (b) Three-short-blade rotor. (c) Three-long-blade rotor. (d) Quadcopter. (e) Bionic
bird. (f) Bionic bird and two-blade rotor.
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In the representative rotor examples, the two-blade rotor and three-short-blade rotor
in Figure 3a,b exhibit closely spaced repetitive structures around a strong central band.
The three-long-blade rotor in Figure 3c also shows recurring curved structures, but with a
relatively narrower apparent spread along the frequency dimension. These examples share
recurrent micro-Doppler structures while exhibiting differences in their visible spacing
and extent.

The quadcopter example in Figure 3d exhibits several strong central patches accompa-
nied by irregular surrounding structures. The bionic bird in Figure 3e shows small recurrent
structures around the central band, whereas the mixed bionic bird and two-blade rotor
example in Figure 3f presents a more densely structured central region. These observations
indicate that the spectrograms contain both local time–frequency textures and repeated
structures over wider regions of the spectrogram. This motivates jointly modeling local
features and broader time–frequency dependencies.

2.3. TSAR-Net for Conventional Supervised Classification

ResNet provides a residual convolutional backbone for hierarchical feature extrac-
tion [34]. Transfer learning uses pretrained model parameters as an initialization for
adaptation to the target task. In this study, an ImageNet-pretrained ResNet50 was adopted,
with the first 40 layers frozen during training and the remaining layers fine-tuned for STFT
spectrogram classification.

A multi-head self-attention mechanism is introduced into the transferred ResNet50
to model dependencies among spatially separated time–frequency features [35]. The self-
attention mechanism can be expressed as

Attention(Q, K, V)=softmax
(︃

QKT
√

d_k

)︃
V (9)

Here, Q, K, and V represent the query vector, key vector, and value vector, respectively,
while dk is the dimension of the key vectors. The query, key, and value vectors are obtained
by separate linear projections of the input features.

Multi-head self-attention models feature relationships in parallel across multiple heads

MultiHead(Q, K, V)=Concat
(︁
head1, ..., headq

)︁
WO (10)

where q represents the number of heads. The outputs from each head are concatenated and
then fused into the final result through the linear layer WO. The multi-head design enables
the model to capture correlated information at both local and global scales.

In TSAR-Net, the MHSA module is inserted between Conv4_x and Conv5_x to aggre-
gate global dependencies before the final convolutional stage.

Since sample difficulty varies with observation angles in the measured dataset, this
study uses focal loss [36] to down-weight easily classified samples and emphasize challeng-
ing cases. The focal loss is defined as

FL(pt) = −(1 − pt)
γ log(pt) (11)

where (1 − pt)γ is the modulation factor, which reduces the loss weight for easily classified
samples. γ ≥ 0 is the focusing parameter, controlling the degree of emphasis on hard-to-
classify samples. pt represents the predicted probability of the target class by the model
and is defined as

pt =
exp(zy)

∑6
c=1 exp(zc)

, y ∈ {1, . . . , 6} (12)
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where zc denotes the logit for class c, and pt is the softmax probability assigned to the
ground-truth class y in the six-class task.

In summary, the TSAR-Net architecture diagram is shown in Figure 4. Conv1 refers
to the initial convolutional layer, while Conv2_x, Conv3_x, Conv4_x, and Conv5_x con-
sist of 3, 4, 6, and 3 bottleneck blocks, respectively. Each bottleneck block is made up of
three consecutive convolutional layers: a 1 × 1 layer, a 3 × 3 layer, and another 1 × 1 layer.
The first 1 × 1 layer aims to reduce the number of channels in the feature maps, thereby
lessening computational complexity. The following 3 × 3 layer captures the spatial informa-
tion from the input feature maps. The final 1 × 1 layer returns the number of channels back
to their original size. MHSA denotes the multi-head self-attention layer, Avgpool refers to
the average pooling layer, and FC represents the fully connected layer.

Figure 4. TSAR-Net architecture for transfer-enhanced local-to-global representation learning.

2.4. PTSAR-Net for Limited-Label Classification

The output feature dimension of the average pooling layer in TSAR-Net is 2048. When
the sample size is insufficient, the training data cover only a small portion of the feature
space, limiting the learning of discriminative representations. High-dimensional features
may also retain irrelevant or weakly discriminative information. In small-sample scenarios,
the model may memorize specific features of the training data instead of capturing the
overall distribution pattern, leading to overfitting.

To address the challenge of small-sample micro-motion target classification, this article
introduces a projection head after the average pooling layer in TSAR-Net. The projection
head compresses the 2048-dimensional average-pooling output into a lower-dimensional
embedding for classification under limited-label settings.

The structure of the projection head is shown in Figure 5 and consists of three lay-
ers. The first layer is a linear layer that maps the 2048-dimensional input features to a
512-dimensional intermediate space. The second layer is an activation layer, where the
ReLU function introduces a nonlinear transformation. The third layer is another linear
layer that maps the 512-dimensional intermediate features to the final 128-dimensional
embedding space.
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Figure 5. Compact projection stage used by PTSAR-Net under limited-label training.

2.5. Experimental Protocol

The hardware configuration of the workstation used in this experiment included
an AMD EPYC 7742 processor, an NVIDIA RTX A6000 GPU with 48 GB of VRAM, and
256 GB of RAM. The software environment included CUDA v11.0.194 and PyTorch 1.7.1.
All hardware and software configurations described in this article are based on publicly
available commercial or open-source products. During the experiment, the images were
resized to 224 × 224 pixels. The multi-head self-attention layer was configured with
32 attention heads. Focal loss was configured with parameter γ = 2. The Adam optimizer
was used with an initial learning rate of 0.001. The training process utilized a batch size of
256 and was conducted for 50 epochs.

3. Measured Data Verification and Analysis
3.1. Performance of TSAR-Net
3.1.1. Ablation Study on the TSAR-Net Architecture

This section explores the practical roles of the self-attention mechanism and transfer
learning in TSAR-Net. To evaluate the contributions of these two mechanisms to the
model’s performance, ablation studies are conducted on the measured DIAT-µSAT dataset.

For the standard supervised experiments, the DIAT-µSAT dataset was partitioned into
3838 training samples, 524 validation samples, and 487 test samples. The exact numbers of
samples from each class in the three subsets are provided in Table 1.

Table 1. Class-wise numbers of training, validation, and test samples in the standard supervised
experiments on DIAT-µSAT.

Class Training Validation Test Total

Two-blade rotor 634 86 80 800
Three-long-blade rotor 632 86 81 799
Three-short-blade rotor 633 87 80 800

Bionic bird 633 87 80 800
Bionic bird & two-blade rotor 645 88 82 815

Quadcopter 661 90 84 835
Total 3838 524 487 4849

For the self-attention mechanism, the ablation study removes the multi-head self-
attention layer, using the transfer learning-based ResNet50 (TR-Net) as the control. In the
transfer learning setup, the layer-freezing configuration is kept consistent with TSAR-Net,
where the weights of the first 40 layers are not updated during training. For transfer
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learning, the ablation study evaluates the performance of the SAR-Net model trained
without pre-trained parameters and with no frozen layers. All models in the ablation study
were trained with consistent batch-size and optimizer settings.

The classification results for TR-Net, SAR-Net, and TSAR-Net on the DIAT-µSAT
dataset are presented in Table 2, with accuracy variations shown in Figure 6. Precision
is the ratio of true positive predictions to the total number of positive predictions made
by the model. Recall is the ratio of true positive predictions to the total number of actual
positive samples. F1-score, the harmonic mean of precision and recall, is used to evaluate
both metrics simultaneously. Accuracy is the ratio of correctly predicted samples to the
total number of samples.

Table 2. Ablation results on the measured DIAT-µSAT dataset. Bold values indicate the uniquely
highest results for each metric among the compared methods.

SAR-Net TR-Net TSAR-Net

Precision Recall F1-Score Precision Recall F1-Score Precision Recall F1-Score

Two-blade rotor 1 0.9875 0.9937 0.9877 1 0.9938 1 1 1

Three-long-blade rotor 0.9875 0.9753 0.9814 0.9759 1 0.9878 0.9759 1 0.9878

Three-short-blade rotor 0.9405 0.9875 0.9634 1 0.9750 0.9873 1 0.9875 0.9937

Bionic bird 1 1 1 1 1 1 1 1 1

Bionic bird & two-blade rotor 1 0.9756 0.9877 1 0.9878 0.9939 1 0.9878 0.9939

Quadcopter 1 1 1 1 1 1 1 1 1

Macro average 0.9880 0.9877 0.9877 0.9939 0.9938 0.9938 0.9960 0.9959 0.9959

Weighted average 0.9881 0.9877 0.9878 0.9940 0.9938 0.9938 0.9960 0.9959 0.9959

Accuracy 0.9877 0.9938 0.9959

Figure 6. Validation accuracy for the transfer and MHSA ablation configurations on DIAT-µSAT.

The ablation results show that transfer learning improves the model’s learning ef-
ficiency and classification accuracy. The introduction of the multi-head self-attention
mechanism further improves the model’s ability to aggregate features from different loca-
tions and capture long-range dependencies between internal features, which benefits the
classification of the three-short-blade rotor class. Overall, the ablation results support the
integration of transfer learning and self-attention for micro-motion target classification.
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3.1.2. Comparison with Representative Baselines

The comparison includes VGG19 [25] and MobileNetV2 [37] as CNN-dominant base-
lines, ViT-Tiny [38] as a Transformer-based baseline, and HOG-RBF-SVM [39] as a conven-
tional feature-engineered machine-learning baseline. Table 3 summarizes overall accuracy
and macro-averaged precision, recall, and F1-score on DIAT-µSAT. Each macro metric is
the unweighted mean of the corresponding class-wise values across the six classes.

Table 3. Classification performance of different methods on the measured DIAT-µSAT dataset. Bold
values indicate the uniquely highest results for each metric among the compared methods.

Method Type Accuracy Macro Precision Macro Recall Macro F1

VGG19 CNN 0.9671 0.9691 0.9669 0.9671
MobileNetV2 CNN 0.9897 0.9897 0.9897 0.9897

ViT-Tiny Transformer 0.9856 0.9856 0.9856 0.9855
HOG-RBF-SVM Traditional ML 0.9138 0.9136 0.9132 0.9130

TSAR-Net CNN + MHSA 0.9959 0.9960 0.9959 0.9959

TSAR-Net achieves the highest accuracy of 99.59% and the highest scores across all three
macro-averaged metrics. Its accuracy exceeds that of MobileNetV2, the best-performing
external baseline at 98.97%, by 0.62 percentage points. The corresponding gains over ViT-
Tiny, VGG19, and HOG-RBF-SVM are 1.03, 2.88, and 8.21 percentage points, respectively.

The confusion matrices in Figure 7a–e show that misclassifications are concentrated
mainly among the rotor classes and the mixed bionic bird and two-blade rotor class. Com-
pared with VGG19, MobileNetV2 and ViT-Tiny reduce the number of misclassified samples
from the three-short-blade rotor class from seven to one and three, respectively, and reduce
the mixed-class errors from five to two for both models. Both models misclassify two sam-
ples from the three-long-blade rotor class as three-short-blade rotor. HOG-RBF-SVM
exhibits more dispersed confusion, including misclassifications of rotor and mixed-class
samples as quadcopters. TSAR-Net makes only two errors: one three-short-blade rotor sam-
ple and one mixed-class sample are classified as three-long-blade rotors. All five methods
correctly classify all bionic bird and quadcopter samples. Overall, the confusion matrices
further confirm the lower misclassification rate of TSAR-Net on this dataset.

(a) (b)

Figure 7. Cont.
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(c) (d)

(e)

Figure 7. Confusion matrices of different methods on the measured DIAT-µSAT test set. (a) VGG19.
(b) MobileNetV2. (c) ViT-Tiny. (d) HOG-RBF-SVM. (e) TSAR-Net.

3.2. Performance of PTSAR-Net

To evaluate classification under limited-label conditions, 5, 10, 20, and 50 samples are
randomly selected from each class of DIAT-µSAT for training, while the remaining samples
are used for testing. Table 4 reports the classification accuracies of all six methods under
these four settings.

PTSAR-Net achieves the highest accuracy in every setting. With five samples per
class, it reaches 81.14%, exceeding TSAR-Net, the second-best method, by 10.42 percentage
points. With 10 samples per class, TSAR-Net again achieves the second-highest accuracy,
while PTSAR-Net leads by 2.97 percentage points. With 20 and 50 samples per class,
MobileNetV2 is the next-best method: PTSAR-Net achieves 87.88% and 93.93%, exceeding
MobileNetV2 by 0.93 and 1.23 percentage points, respectively. PTSAR-Net also exceeds
TSAR-Net by 2.83 and 3.71 percentage points under these two settings. The substantially
larger gain in the five-sample setting is consistent with the role of the compact projection in
limited-label learning. When only a few samples are available, the high-dimensional pooled
representation of TSAR-Net is more susceptible to insufficient feature-space coverage and
overfitting, whereas the lower-dimensional embedding of PTSAR-Net provides a more
compact representation for classification. As the number of training samples increases, the
feature space is better covered by the training data, allowing TSAR-Net to learn more stable
decision boundaries and thereby reducing the relative benefit of the compact projection.
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Table 4. Classification accuracy under limited-label training on DIAT-µSAT. Bold values indicate the
highest accuracy for each training sample size among the compared methods.

Method
Training Samples per Class

5 10 20 50

VGG19 0.6323 0.7797 0.8458 0.9253
MobileNetV2 0.6867 0.7622 0.8695 0.9270

ViT-Tiny 0.6016 0.5617 0.6441 0.7852
HOG-RBF-SVM 0.5460 0.6289 0.6957 0.7624

TSAR-Net 0.7072 0.8177 0.8505 0.9022
PTSAR-Net 0.8114 0.8474 0.8788 0.9393

4. Discussion
On the measured DIAT-µSAT dataset, TSAR-Net achieves higher accuracy than its

ablation variants and the CNN-based, Transformer-based, and handcrafted-feature-based
baselines evaluated in the standard supervised setting. PTSAR-Net achieves the highest
accuracy among the six methods in all four limited-label settings, with its largest margin
over the next-best method at five training samples per class. Together, these results support
the effectiveness of the proposed framework for the evaluated standard supervised and
limited-label radar classification tasks.

The current evaluation is based on the measured DIAT-µSAT dataset, and the reported
results reflect the acquisition conditions represented in this dataset. The use of STFT spec-
trograms and local-to-global feature modeling provides a basis for adapting the framework
to other radar datasets through suitable preprocessing and model fine-tuning. Extending
the evaluation to additional radar configurations and datasets is a natural direction for
future work.

The micro-Doppler time–frequency representations used in this study primarily charac-
terize motion-related signatures. Full-polarimetric information can provide complementary
information on polarization-dependent scattering characteristics [32,33]. These comple-
mentary cues could be integrated with micro-Doppler features at the feature level to form
a richer target representation [40–42]. Future work could therefore explore combining
scattering information across polarization channels with micro-Doppler features to jointly
characterize target motion and scattering. Such a representation may help distinguish small
aerial targets with similar motion signatures but different scattering responses. This direc-
tion would complement the present focus on local-to-global micro-Doppler representation
learning and limited-label classification.

5. Conclusions
This article presents TSAR-Net, a transfer-enhanced local-to-global representation

framework for micro-motion target classification using micro-Doppler features extracted
from radar echoes. By integrating transfer learning and multi-head self-attention, TSAR-
Net extracts hierarchical local features and models global time–frequency dependencies.
On the measured DIAT-µSAT dataset, TSAR-Net achieves 99.59% accuracy, the highest
among the methods compared in the standard supervised setting, exceeding the closest
external baseline by 0.62 percentage points. To address limited training samples, PTSAR-
Net incorporates a projection head that maps the 2048-dimensional pooled feature through
512 dimensions to a compact 128-dimensional embedding. PTSAR-Net achieves the highest
accuracy in all four limited-label settings, including 81.14% with five training samples per
class, which is 10.42 percentage points higher than TSAR-Net. These results show that
TSAR-Net and PTSAR-Net offer effective approaches for the evaluated conventional and
limited-label radar classification settings.
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