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ABSTRACT:Aiming at the prevalent issue of limited dataset scale in radar targetmicro-Doppler effect-based human action recognition, this
study constructs an improved Deep Convolutional Generative Adversarial Network (DCGAN) for radar sample data augmentation and
integrates it with a Convolutional Neural Network (CNN) for human action classification. First, a millimeter-wave radar data acquisition
system was established to collect human action echo signals. The raw data were preprocessed to extract micro-Doppler features, forming
a 2D micro-Doppler time-frequency spectrogram dataset. Second, modifications were made to the original DCGAN by replacing the
optimizer of the discriminator network and introducing an L2 regularization term to enhance the quality of micro-Doppler time-frequency
spectrogram generation. Finally, a CNN architecture was implemented to classify the augmented human action samples. Experimental
results demonstrate that the enhanced DCGAN-CNN framework achieves robust human action classification performance, achieving
an accuracy rate of up to 97.5%. This validates the superior capability of generative adversarial networks in few-shot scenarios for
radar-based human action recognition.

1. INTRODUCTION

In recent years, human action recognition has found signifi-
cant applications in telemedicine, autonomous driving, intel-

ligent security systems, and other domains. Current approaches
mainly rely on inertial sensors [1] and video data [2]; how-
ever, these methods suffer from poor portability, susceptibil-
ity to environmental interference, and privacy concerns. Radar
technology, with its advantages of all-weather capability, con-
tinuous operation, and strong penetration, has driven grow-
ing interest in non-contact radar-based human action recogni-
tion [3, 4]. Notably, human action recognition leveraging the
micro-Doppler effect of radar targets [5] has emerged as a crit-
ical research direction.
Early human action recognition approaches primarily em-

ployed Support Vector Machines (SVMs) and Decision Trees
(DTs), relying on shallow features such as mean values and
variances extracted from raw radar echoes, which introduced
feature redundancy and compromised recognition accuracy.
With the rapid advancement of deep learning, data-driven fea-
ture extraction and classification methods have been increas-
ingly applied to micro-motion signal analysis of human targets.
Kim and Moon from the University of California pioneered the
application of Convolutional Neural Networks (CNNs) for hu-
man target detection and gait classification [6]. Subsequent
studies [7–9] have prioritized CNN-based implementations for
radar human posture recognition. However, deep learning
models typically demand substantial training data, while ac-
quiring labeled samples for radar-based human action recog-
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nition remains cost-prohibitive, often resulting in insufficient
data volume.
To address data scarcity in small-sample scenarios, con-

ventional strategies employ sample augmentation through im-
age processing techniques including random cropping, rota-
tion, and flipping. Nevertheless, such geometric transforma-
tions alter the spatiotemporal characteristics of micro-Doppler
time-frequency spectrograms, thereby distorting authentic mo-
tion signatures. Generative Adversarial Networks (GANs) of-
fer superior solutions by approximating real sample distribu-
tions to synthesize augmented datasets [10]. In particular,
study [11] implemented GAN for classifying micro-Doppler
images of human activities in radar measurements, while [12]
utilized Deep Convolutional Generative Adversarial Networks
(DCGANs) to enhance micro-Doppler radar spectrograms. Al-
though these GAN-enhanced methods demonstrated improved
recognition rates, our proposed improved DCGAN framework
advances radar sample augmentation by optimizing both the
quality and diversity of generated time-frequency representa-
tions compared to baseline DCGAN architectures.
Based on the comprehensive analysis above, this paper pro-

poses a novel method for human action recognition in small-
sample scenarios using millimeter-wave radar, which is devel-
oped based on improvedDCGAN andCNN. First, a millimeter-
wave radar acquisition platform is built to collect radar echoes
of six different human actions, followed by preprocessing.
Micro-Doppler features are extracted through the method of
projecting range-Doppler maps onto the velocity dimension
and performing frame-wise accumulation, thereby constructing
a two-dimensional micro-Doppler time-frequency spectrogram
dataset. Subsequently, an improved DCGAN architecture and
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FIGURE 1. Overall architecture of the Generative Adversarial Network (GAN) model.

CNN structure are constructed to achieve data augmentation
and classification recognition, with comparative analysis con-
ducted against the original DCGAN and CNN models. Experi-
mental results demonstrate that utilizing the improved DCGAN
for radar sample data augmentation in small-sample scenarios
represents an effective and viable approach.

2. THEORETICAL FOUNDATION

2.1. Micro-Doppler Effect Analysis
When a radar transmits electromagnetic signals to a moving tar-
get, the received signal frequency deviates from the transmitted
signal’s frequency, a phenomenon known as the “Doppler ef-
fect” [13]. The degree of frequency shift is determined by the
target’s radial velocity relative to the radar. When a moving
target undergoes relative motion with respect to the radar sys-
tem, the distance between the target and radar equipment can
be expressed as

R(t) = R0 − vt (1)
The time delay of the echo is

T =
2R(t)

c
=

2

c
(R0 − vt) (2)

The high-frequency phase difference is

φ = −2π
2

λ
(R0 − vt) (3)

Therefore, the total Doppler frequency shift of the target is

fD =
1

2π

dφ
dt

=
2

λ
v = f

2v

c
(4)

The primary movement of a target generates a Doppler fre-
quency shift. When any component of the target exhibits micro-
motions, these subtle movements induce additional frequency
modulation on the radar echoes, creating sideband compo-
nents in the signal spectrum, a phenomenon termed the “micro-
Doppler effect”. Human activities constitute typical articulated
non-rigid motions, formed by coordinated movements of scat-
tering points across body segments, exhibiting highly complex
kinematic patterns. During radar detection of human targets,
the received echoes contain hybrid Doppler information modu-
lated by both whole-body translational motion and non-rigid

micro-motions, manifesting intricate spectral characteristics.
In human action recognition, the micro-Doppler effect serves as
a unique signature distinguishing biological targets. Effective
extraction of micro-Doppler features from radar echoes pro-
vides critical foundations for human action classification and
identification.

2.2. Generative Adversarial Networks
Generative Adversarial Networks (GANs), first proposed by
Goodfellow et al. [14], constitute a novel deep learning frame-
work comprising a generator (G) and a discriminator (D), with
themodel architecture illustrated in Figure 1. Radford et al. [15]
introduced Deep Convolutional GANs (DCGANs) by replac-
ing multilayer perceptrons in conventional GANs with convo-
lutional neural networks (CNNs). Compared with traditional
GANs, DCGANs exhibit four critical architectural innovations:
1) Elimination of pooling layers for up/down-sampling in both
generator and discriminator; 2) Systematic integration of Batch
Normalization (BN) layers in all network layers except input
layers; 3) Adoption of rectified linear unit (ReLU) activations
in generator hidden layers with Tanh activation in the output
layer; 4) Implementation of LeakyReLU activations throughout
the discriminator. The adversarial training process between dis-
criminator D and generator G converges toward Nash equilib-
rium, formally expressed as the following minimax optimiza-
tion problem [16]:

min
G

max
D

V (D,G) = E
x∼Pdata(x)

[logD(x)]

+Ez∼Pz(z) [log(1−D(G(z)))] (5)

where x denotes the real samples, z the input noise, D(x)
the probability of the discriminator classifying real samples as
authentic, G(z) the samples generated by the generator, and
D(G(z)) the probability of the discriminator misclassifying
synthetic samples as genuine.
In DCGAN training, the optimization is achieved through

alternating execution of the following two gradient update
steps [16]:

θt+1
D = θtD + λt∇θDV

(
Dt, Gt

)
(6)

θt+1
G = θtG + λt∇θGV

(
Dt+1, Gt

)
(7)
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FIGURE 2. Radar data processing pipeline.

FIGURE 3. Clutter suppression performance comparison.

3. MODEL CONSTRUCTION

3.1. Micro-Doppler Feature Extraction
Radar echoes of different human actions are preprocessed to
construct a micro-Doppler time-frequency spectrogram dataset.
The processing flow of the radar echo data is shown in Figure 2.

For radar data processing, the mixed intermediate frequency
(IF) signal is sampled at themth sampling point within the nth
chirp period, resulting in discrete IF signal samples. These sam-
ples are parsed into a two-dimensional data matrix R[m,n],
wherem denotes the fast-time sampling index, representing the
number of sampling points within a single chirp period; n indi-
cates the slow-time sampling index, corresponding to the total
number of frames in a complete acquisition cycle.

R =
[
r1 · · · r2 · · · rn

]
(8)

rn =
[
r1,n · · · r2,n · · · rm,n

]T (9)

After successfully parsing the radar echoes, clutter suppres-
sion is essential to eliminating interference fromwalls and envi-
ronmental clutters. This study employs mean filtering for echo
processing — a mature technology with straightforward prin-
ciples. The comparative time-frequency spectrograms before
and after mean filtering are shown in Figure 3. As evidenced in
Figure 3, the preprocessing effectively reduces clutter-induced
blurring and occlusion of human action-inducedmicro-Doppler
signatures, resulting in enhanced clarity of kinematic features
in the spectrograms. The mean filtering operation on the echo
matrix R is implemented through two sequential stages:

• Average Reference Calculation: Compute the mean value
across all received signal vectors in the slow-time dimen-
sion. This establishes a baseline clutter profile derived
from stationary environmental reflections.

• Differential Suppression: Subtract the calculated mean
reference signal from each individual slow-time frame’s
received signal vector. This operation effectively iso-
lates dynamic target echoes while suppressing static clut-
ter components.

The mathematical expression can be formulated as

R[m,n] = R[m,n]−K[m] (10)

where K[m] denotes the mean reference received signal and
expressed as:

K[m] =
1

N

N∑
n=1

R[m,n] (11)

Building upon the acquired data matrix R, the fast-time
dimension is processed through Hamming-windowed Range-
FFT to obtain high-resolution 1D range profiles. Subsequently,
the slow-time dimension undergoes Hamming-windowed
Doppler-FFT processing based on the range-resolved data,
generating a Range-Doppler Map (RDM). The RDM effec-
tively captures distance and velocity correlation characteristics
of all scattering points from human targets within the radar
frame. Distinct motion patterns of human actions mani-
fest discriminative RDMs, enabling action-specific feature
extraction.
For echo processing of a single human target in this study,

let RD(i, j, t) denote the signal power value at the ith range
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(a) (b) (c)

(d) (e) (f)

FIGURE 4. Time-frequency spectra of human actions with micro-Doppler signatures, (a) bending, (b) clapping, (c) running, (d) squatting, (e) walking,
(f) waving.

bin, jth velocity bin within the Range-Doppler Map (RDM)
of the tth frame. The extracted human action RDM under-
goes velocity-dimension projection followed by column-wise
frame-wise accumulation to generate the micro-Doppler time-
frequency spectrogram induced by target motion, as illustrated
in Figure 4. The horizontal axis represents the frame index of
the echo signal, while the vertical axis corresponds to the ve-
locity magnitude indexed by velocity bins. Consequently, the
micro-Doppler frequency can be expressed as:

DP (t, j) =
∑
i

RD(i, j, t) (12)

3.2. Improved DCGAN
To address the small-sample scenario in human action recogni-
tion, this study introduces the following architectural enhance-
ments to the original DCGAN framework:
1) Optimizer Modification: While the original DCGAN em-

ploys the Adam optimizer for both generator and discriminator
training, we replace the discriminator’s optimization method
with the Root Mean Square Propagation (RMSProp) algo-
rithm to mitigate high-noise issues during adversarial training.
This adaptation applies an exponentially weighted average of
squared gradients to both weight (w) and bias (b) parameters,
formulated as:

Sdw = βSdw + (1− β)(dw)2 (13)

w = w − lr
dw√

Sdw + ε
(14)

Sdb = βSdb + (1− β)(db)2 (15)

b = b− lr
db√

Sdb + ε
(16)

where lr denotes the learning rate, ε a small constant value for
numerical stability, and β the hyperparameter controlling the
decay rate.
2)Within the discriminator network, to address the challenge

of small-sample datasets, we introduce L2 regularization to en-
hance the DCGAN’s stability and image generation capability.
The L2 regularization term is incorporated into the objective
function, formulated as:

L(w, b) = L0(w, b) +
λ

2n

∑
w

w2 (17)

where L0 denotes the original loss function, w the weight pa-
rameters, λ the regularization coefficient, and n the number of
training samples.

3.3. DCGAN-CNN Model Architecture
To address the prevalent challenge of small-scale datasets
in radar-based human action recognition leveraging micro-
Doppler effects, this work employs a Generative Adversarial
Network (GAN) to synthesize radar spectrogram sam-
ples. Figure 5 illustrates the operational framework of the
DCGAN-based recognition model, which first augments radar
spectrograms via DCGAN and subsequently feeds them into a
CNN for classification.
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FIGURE 5. DCGAN-CNN architectural framework flowchart.

FIGURE 6. Generator architecture diagram.

FIGURE 7. Discriminator architecture diagram.

The DCGAN generator architecture in this study, as illus-
trated in Figure 6, consists of five transposed convolutional lay-
ers. The generator network accepts a 100-dimensional random
noise vector Z sampled from a standard normal distribution as
input. Transposed convolutional layers are utilized for upsam-
pling, with each layer (except the final one) undergoing Batch
Normalization (BN) and ReLU nonlinear activation after the
upsampling operation. The output of the final transposed con-
volutional layer is processed through a Tanh activation func-
tion, ultimately generating a 3× 96× 96 RGB image.
The DCGANdiscriminator architecture is shown in Figure 7.

The discriminator network consists of 5 convolutional layers.
Each convolutional layer is followed by Batch Normalization
(BN) and processed through the nonlinear LeakyReLU activa-
tion function. The final layer employs the Sigmoid activation
function to ultimately determine the authenticity of the input
image.
The human action recognition samples in this study are

based on measured radar echo data, constituting a small-sample
dataset. After preprocessing, the samples exhibit significant
feature differences. Therefore, the constructed convolutional

neural network (CNN) adopts a shallow architecture with three
layers, as shown in Figure 8. This shallow CNN structure pro-
gressively increases channel dimensions and employs 3×3 con-
volutional kernels. The recognition model utilizes the cross-
entropy loss function, with a batch size of 20 and maximum
iterations of 100 during training. Stochastic Gradient Descent
(SGD) is applied to optimize the network parameters.

4. EXPERIMENTAL RESULTS AND ANALYSIS

4.1. Experimental Setup and Data Acquisition
All experiments were conducted on an NVIDIA RTX 3090
GPU with 24GB VRAM and Intel Xeon Gold 6226R CPU
@ 2.90GHz. The experiments utilized the IWR1642 indus-
trial millimeter-wave radar sensor and DCA1000 data acquisi-
tion board to construct a real-time human action data acquisi-
tion platform for capturing radar echoes from human actions.
The IWR1642 radar development platform, equipped with the
PC-controlled mmWave Studio interface (Texas Instruments),
enables real-time echo signal acquisition, transmission, and vi-
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FIGURE 8. CNN-based recognition model.

FIGURE 9. Radar hardware configuration.

sualization. The radar data acquisition module is illustrated in
Figure 9.
To ensure the validity of the training data, the experimental

data acquisition was conducted in a semi-open outdoor environ-
ment without interference from other moving targets. The radar
antenna was fixed on a 0.9-meter-high tripod, with the target
positioned 2.5 meters away from the radar and moving radially
relative to the radar, as shown in Figure 10. Figure 11 illustrates
the data acquisition software interface. The radar was config-
ured in a monostatic mode (one transmitter, one receiver), with
specific parameters listed in Table 1. Five human subjects with
heights of 153 cm, 155 cm, 156 cm, 160 cm, and 175 cm par-
ticipated in the experiment. Six daily human actions were se-
lected: (1) bending, (2) clapping, (3) running, (4) squatting, (5)
walking, and (6) waving. Each action was recorded for 2 sec-
onds to ensure motion integrity. These six actions exhibit both
similarities and significant differences in their range profiles.

TABLE 1. Radar hardware parameter configuration.

Parameters Value
Start Frequency (GHz) 77

Frequency Modulation Slope (MHz/µs) 64
Number of ADC Samples 256

Pulses per Frame 128
Sampling Rate (MSPS) 5.12

FIGURE 10. Data acquisition setup.

FIGURE 11. Data acquisition software interface.

All motions were performed facing the radar, with each action
repeated 50 times.

4.2. Experimental Dataset Construction
Utilizing the developed millimeter-wave radar system, 250
echo samples per action were collected and processed into 2D
micro-Doppler time-frequency spectrograms through the pro-
posed preprocessing methodology. For each action category,
the samples were randomly partitioned into a training subset D1
and a testing subset D2. The enhancedDCGANmodel was then
employed to generate an augmented training subset D3 by syn-
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TABLE 2. Dataset statistics.

Human Actions Label Training Subset D1 Testing Subset D2 Augmented Training Subset D3
bending bend 150 100 300
clapping clap 150 100 300
running run 150 100 300
squatting squat 150 100 300
walking walk 150 100 300
waving wave 150 100 300

thesizing samples in a 1 : 1 ratio relative to the original training
data. Detailed statistics of the dataset composition are provided
in Table 2.

4.3. Analysis of Experimental Results

4.3.1. Evaluation Metrics

In classification tasks, the model’s recognition accuracy (accu-
racy, acc) is defined as:

acc =
Ptrue

Pn
(18)

where Ptrue denotes the number of correctly classified samples,
and Pn represents the total number of samples.
In classification tasks, four fundamental metrics are defined:

True Positive (TP), True Negative (TN), False Positive (FP),
and False Negative (FN). The model is evaluated using preci-
sion, recall, and specificity metrics.
1) Precision (precision):

precision =
TP

TP + FP
(19)

2) Recall (recall):

recall =
TP

TP + FN
(20)

3) Specificity (specificity):

specificity =
TN

FP + TN
(21)

Here, TP and TN denote the number of human action instances
correctly predicted as their true classes. FP represents the quan-
tity of instances from other human action classes misclassified
into a specific target class. FN indicates the number of target-
class human actions erroneously predicted as other classes.

4.3.2. Performance Analysis

The recognition performance of the improved DCGAN-CNN
model for micro-Doppler time-frequency spectra of different
human actions was analyzed. The neural network was trained
using Dataset D3 and evaluated on Test Set D2.

FIGURE 12. Accuracy curve.

During the model training process, the recognition accuracy
curves of the training set and validation set are shown in Fig-
ure 12. It can be observed that the validation accuracy reaches
approximately 97%. The confusion matrix evaluation results
are presented in Figure 13. The high values along the diagonal
indicate that the proposed network achieves correct classifica-
tion for most spectrogram categories.
The implemented network attains a human action recognition

accuracy of 97.5%. Figure 13 further reveals that hand clap-
ping and hand waving actions are prone to misclassification,

FIGURE 13. Confusion matrix.
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followed by running and walking. The model demonstrates su-
perior recognition accuracy for other daily activities. Quantita-
tive evaluations using precision, recall, and specificity metrics
are summarized in Table 3.

TABLE 3. Model evaluation metrics.

Class Precision Recall Specificity
bend 0.99 1.0 0.998
clap 0.932 0.96 0.986
run 1.0 0.97 1.0
squat 0.99 0.98 0.998
walk 0.971 1.0 0.994
wave 0.969 0.94 0.994
Macro 0.973 0.968 0.995

Weighted 0.975 0.975 0.995

4.3.3. Model Validation

To validate the data-augmented models, this study compares
three approaches: a CNNwithout augmented samples, the orig-
inal DCGAN, and the proposed improved DCGAN-augmented
model. All experiments uniformly adopt 100 training epochs.
Figure 14 illustrates the accuracy curves of different classifica-
tion methods during training. Table 4 presents the recognition
accuracy comparisons across models, while Table 5 provides
detailed precision and recall metrics.

FIGURE 14. Training set accuracy curve.

As shown in Table 4, the recognition accuracy of the base-
line CNN model without data augmentation is 94.33%. The
DCGAN-augmented model achieves 96.5% accuracy, while
the improved DCGAN-augmented model attains 97.5%. Com-
pared to the non-augmented model, the improved DCGAN

TABLE 4. Recognition accuracy across models/%.

Models accuracy
Improved DCGAN 97.5

DCGAN 96.5
CNN 94.33

framework demonstrates a 3.17% accuracy gain, and it outper-
forms the original DCGAN by 1%. These results confirm that
data augmentation significantly enhances recognition accuracy,
with the proposed improved DCGAN achieving state-of-the-art
performance.
Analysis of Table 5 reveals precision improvements in four

action categories: hand clapping, running, walking, and hand
waving, with the most substantial precision gain observed for
running. For bending and squatting actions, the improved
DCGAN-augmented model exhibits marginally lower pre-
cision than the original DCGAN, but achieves significantly
higher recall rates than both DCGAN and CNN baselines.

4.3.4. Generated Image Evaluation

To evaluate the generation performance of the proposed
improved DCGAN model, micro-Doppler time-frequency
spectra synthesized by the model are analyzed. Figures 15
and 16 respectively display the real spectrograms and improved
DCGAN-generated images. Comparative analysis demon-
strates that the improved DCGAN model effectively learns
discriminative features of various human actions, with the
generated image samples exhibiting high structural similarity
to the authentic spectrograms.
The quality and diversity of images generated by Generative

Adversarial Networks (GANs) reflect, to some extent, the per-
formance of the network model. Salimans et al. proposed the
Inception Score (IS) to evaluate the quality and diversity of im-
ages generated by generative models [17]. The IS is calculated
as follows:

IS(G) = exp
(
Ex∼pg

DKL(P (y |x )P (y))
)

(22)

where x denotes the generated data, y the corresponding labels,
p(y|x) the conditional distribution of class assignments given a
generated sample, p(y) the marginal distribution of classes, and
DKL the Kullback-Leibler divergence between the two distri-
butions.
Based on the IS metric, Table 6 presents a comparative anal-

ysis of micro-Doppler-generated images between the improved
DCGANmodel proposed in this work and the baselineDCGAN
model for different human action classes. The results demon-
strate that the improved DCGAN achieves higher IS values
across all spectrogram categories, confirming its superior ca-
pability in generating higher-quality synthetic time-frequency
representations.

4.3.5. Comprehensive Evaluation of Improved Model

1. Quantitative Performance Gains
As shown in Table 7, the improved DCGAN demonstrates

significant advantages over the baseline model across key met-
rics.
2. Computational Complexity & Runtime
As shown in Table 8, under NVIDIA RTX 3090 GPU en-

vironments, the improved DCGAN incurs marginal computa-
tional overhead while achieving superior performance
In summary, the improved DCGAN demonstrated modest

yet consistent performance enhancements, achieving a 1% ac-
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TABLE 5. Model performance comparison.

Comparison Metrics Models bend clap run squat walk wave

precision
Improved DCGAN 0.99 0.932 1.0 0.99 0.971 0.969

DCGAN 1.0 0.907 0.97 1.0 0.96 0.959
CNN 0.99 0.909 0.96 0.979 0.97 0.86

recall
Improved DCGAN 1.0 0.96 0.97 0.98 1.0 0.94

DCGAN 0.99 0.98 0.96 0.96 0.96 0.94
CNN 0.99 0.90 0.97 0.92 0.96 0.92

TABLE 6. Comparison of Inception Score (IS) values across models (↑).

Models bend clap run squat walk wave
DCGAN 1.55 1.38 1.45 1.39 1.16 1.42
Improved
DCGAN

1.70 1.45 1.65 1.49 1.30 1.44

TABLE 7. Comparison of improved DCGAN vs. Original DCGAN performance.

Metric Original DCGAN Improved DCGAN Improvement Statistical Validation
Classification Acc. (%) 96.5 97.5 +1.0 t-test (p = 0.032)
Inception Score (↑) 1.43± 0.12 1.62± 0.15 +13.3% Bootstrap 95% CI

FID (↓) 32.7 28.7 −12.2% Mann-Whitney U test (p < 0.05)
Training Convergence 80 epochs 50 epochs −37.5% Loss curve derivative analysis

TABLE 8. Runtime efficiency comparison.

Phase Original DCGAN Improved DCGAN Overhead Key Factors
Single Iteration (ms) 23.4 25.1 +7.3% L2 regularization gradients
Full Training (hrs) 4.2 4.5 +7.1% Faster discriminator convergence

End-to-End Latency (ms) 210 225 +7.1% Pipeline accumulation

(a) (b) (c) (d) (e) (f)

FIGURE 15. Real images, (a) bending, (b) clapping, (c) running, (d) squatting, (e) walking, (f) waving.

(a) (b) (c) (d) (e) (f)

FIGURE 16. Improved DCGAN-generated images, (a) bending, (b) clapping, (c) running, (d) squatting, (e) walking, (f) waving.
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curacy improvement, higher IS for generation quality, and en-
hanced training stability, while maintaining comparable model
complexity through optimized adversarial training strategies.
Although the integration of L2 regularization and RMSProp
optimization introduced minor computational overhead, the
framework preserved its computational efficiency without sub-
stantially increasing runtime demands. Crucially, this work es-
tablishes a cost-effective solution for radar-basedmotion recog-
nition in small-sample scenarios by systematically address-
ing data scarcity challenges through refined gradient balance
mechanisms and architectural adjustments in the discriminator-
generator interplay, thereby advancing practical deployment
potential in resource-constrained environments.

5. CONCLUSION
This study proposes a few-shot human action recognition
framework integrating an enhanced Generative Adversarial
Network (GAN) with Convolutional Neural Networks (CNNs)
for millimeter-wave radar systems. The model achieves
robust recognition of daily human activities through effective
data augmentation. A 77GHz millimeter-wave radar data
acquisition system was deployed to collect human action
echo signals, enabling precise extraction of micro-Doppler
signatures from complex radar returns. An improved Deep
Convolutional GAN (DCGAN) architecture was developed
for sample augmentation, coupled with a CNN classifier for
motion categorization. Compared to baseline models trained
on non-augmented datasets, the enhanced DCGAN achieves
a 3.17% accuracy improvement. When benchmarked against
the original DCGAN, the proposed model exhibits a 1%
accuracy gain, though this marginal enhancement suggests
limited architectural superiority. These results validate the
framework’s practical utility in boosting recognition accuracy
and handling complex motion patterns, demonstrating GAN’s
viability for radar dataset expansion.
However, implementing GANs for motion sample augmen-

tation involves intricate nonlinear adversarial optimization,
which may lead to training instability, suboptimal sample
quality, and limited diversity during Nash equilibrium pursuit.
Future research should focus on developing stabilized train-
ing mechanisms to enhance classification performance and
generation fidelity. Additionally, current experiments were
conducted in ideal interference-free environments; subsequent
studies must address motion recognition under real-world
noisy conditions.
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