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Abstract—Radar-based human activity recognition (HAR) has
become an important technique in a wide range of applications,
from smart homes to healthcare monitoring. Compared with
vision-based sensing, radar is privacy-preserving and robust to
adverse lighting conditions, making it well suited for indoor
environments. However, achieving both high accuracy and energy
efficiency remains challenging due to the complexity of radar
signals and the subtle variability of human motions. In this pa-
per, we propose spiking-transformer-TopoLoss (STT), a topology-
regularized spiking transformer model for micro-Doppler-based
HAR. STT integrates block-wise spatiotemporal attention with
a TopoLoss constraint to enhance both representation capac-
ity and robustness. Specifically, the STAtten module captures
long-range spatiotemporal dependencies, while Leaky Integrate-
and-Fire neurons maintain event-driven sparsity for efficient
computation. Meanwhile, TopoLoss encourages spatially orga-
nized intermediate representations, helping suppress spurious
activations and preserve the continuity and periodicity of micro-
Doppler signatures. Experimental results on a nine-class micro-
Doppler kitchen dataset demonstrate that STT achieves 98.99%
overall accuracy. Evaluations on public datasets further show that
STT remains competitive in both accuracy and computational
efficiency, indicating its potential for robust and scalable radar-
based HAR in real-world applications.

Index Terms—Micro-Doppler, Spiking neural networks,
Spatial-temporal attention, Topological loss, Human activity
recognition

I. INTRODUCTION

Radar-based human activity recognition (HAR) has at-
tracted growing interest due to its broad applicability in
medical healthcare, smart homes, and autonomous driving [1].
Compared with vision-based sensors, radar does not capture
detailed facial appearance or identity cues, which mitigates
privacy leakage in sensitive indoor settings [2]. Despite these
advantages, radar-based HAR remains challenging due to the
complex temporal and spatial dynamics embedded in radar
measurements, which vary across activities. Robust methods
are therefore required to extract discriminative features and
achieve accurate classification. In recent years, deep learning
has addressed these challenges by enabling automatic feature
learning from radar data, leading to significant gains in recog-
nition accuracy and robustness [3].
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Spiking Neural Networks (SNNs) are attractive for radar
sensing due to their event-driven, low-power computation.
A. Safa et al. [4] first combined SNNs with FMCW radar
by converting radar signals into the event domain to reduce
computational cost. Building on this, M. Arsalan et al. [5]
processed raw ADC data using SNN-based operations that
mimic Fourier transforms, achieving lower latency and power
consumption. K. Zheng et al. [6] further introduced a neuro-
morphic radar framework where SNNs process radar outputs
with competitive accuracy under constrained computation.
More recently, Y. Wu et al. [7] proposed hybrid architectures
integrating Gaussian Mixture Models (GMM) with SNNs
to better capture spatiotemporal features in complex indoor
environments. However, despite these efforts, conventional
SNNs still suffer from information loss due to their sparse bi-
nary activations, which limits the preservation of fine-grained
patterns required for challenging recognition tasks [8].

To alleviate the representation bottleneck of conventional
SNNs, Spiking Transformers have been introduced to enhance
long-range dependency modeling [9]. However, Spiking-
Transformer-based activity recognition on micro-Doppler
spectrograms remains under-explored, and directly applying
standard spiking transformer architectures may not fully ad-
dress the structural characteristics of micro-Doppler patterns
[10]. In particular, micro-Doppler signatures often exhibit
strong local continuity in the time-frequency domain, and
models that do not explicitly encourage structured organization
in intermediate representations may become sensitive to noise
and subtle intra-class variations [11]. These considerations mo-
tivate incorporating an inductive bias that promotes organized
and structurally coherent representations during learning.

To this end, we adopt the TopoLoss constraint to encourage
topographic organization in neural network representations
[12]. TopoLoss introduces a topology-inspired regularization
that promotes smoothness and locality by encouraging nearby
neurons to learn similar response patterns, analogous to topo-
graphic organization observed in biological systems. In prac-
tice, TopoLoss reshapes learned representations into a 2D map
and regularizes this map to be consistent with a smoothed ver-
sion of itself, thereby discouraging abrupt discontinuities and
suppressing noisy activations. Such topographic regularization
has been applied to both vision models and language mod-



Fig. 1. FMCW Radar Signal Processing Pipeline.

els to form TopoNets, showing improved performance with
minimal inference overhead. We hypothesize that TopoLoss is
particularly suitable for micro-Doppler spectrogram analysis
because it can promote structured, locally consistent features
in the time-frequency domain.

In this paper, we propose a spiking transformer network
called spiking-transformer-TopoLoss (STT)1, a novel frame-
work designed to enhance the efficiency and accuracy of radar-
based HAR, enabling the model to focus on the most relevant
features while capturing the necessary spatial and temporal
dependencies. Our contributions are summarized as follows:

1) We propose STT, a spiking transformer architecture
that integrates a spatiotemporal attention encoder with a
brain-inspired regularization term, TopoLoss, for micro-
Doppler-based human activity recognition.

2) We demonstrate that STT achieves superior performance
on our micro-Doppler spectrogram dataset, reaching an
overall accuracy of 98.99%.

3) We further evaluate STT on public datasets and ana-
lyze efficiency–accuracy trade-offs. In particular, STT
(dim=256) maintains competitive accuracy with fewer
parameters and lower computational cost, while STT
(dim=768) achieves 93.79% accuracy on CIFAR-10.

II. METHODOLOGY

A. Signal Processing

In an FMCW-based mmWave sensing system, the transmit-
ted waveform sweeps linearly in frequency over time within
each chirp. The transmitter and receiver operate simultane-
ously, enabling continuous transmission and echo capture [13].
The instantaneous frequency of the transmitted chirp is

fT (t) = fc +
B

Tc
t, (1)

1The source code is available at: https://github.com/zy-StarXH/STT

where fc is the carrier frequency, B is the chirp bandwidth,
and Tc is the chirp duration.

Accordingly, the transmitted signal is

sT (t) = AT cos

(
2πfct+ π

B

Tc
t2 + ϕ0

)
, (2)

where AT is the transmit amplitude and ϕ0 is the initial phase.
For a target at distance d, the received echo is delayed and

attenuated due to propagation loss and scattering:

sR(t) = αAT cos

(
2πfc(t− τd) + π

B

Tc
(t− τd)

2 + ϕ0

)
,

(3)
where α is the attenuation coefficient and τd = 2d/c is the
round-trip delay with the speed of light c.

The transmitted and received signals are mixed to produce
an intermediate-frequency (IF) beat signal. After low-pass
filtering, it can be approximated as

sIF(t) = sT (t) · sR(t) ≈ AIF cos(2πfbt+ φb) , (4)

where fb = (B/Tc)τd is the beat frequency proportional to
range, and φb is the phase offset from motion and reflection.

As shown in Fig. 1, a Fast Fourier Transform (FFT) is first
applied along the fast-time axis to generate range profiles. The
complex samples from the target range bin are then stacked
across chirps (the slow-time axis), and a Short-Time Fourier
Transform (STFT) is applied to produce the micro-Doppler
spectrogram. The resulting 2D Doppler maps are used as
inputs to the spiking neural network.

B. Spiking Neural Network

SNNs represent the third generation of neural network
models, distinguished by their biological plausibility and
event-driven information processing paradigm [14]. Unlike
traditional artificial neural networks with continuous-valued
activations, SNNs communicate through discrete spike trains.
Information can be encoded in spike timing, firing rate, or



Fig. 2. Overview of the Proposed STT Architecture.

population activity, resembling the signaling mechanism of
biological neurons. The core component of an SNN is the
spiking neuron, and the leaky integrate-and-fire (LIF) model
is widely adopted due to its balance between computational
efficiency and biological realism [15]. These neurons integrate
synaptic inputs to update their membrane potential and emit a
spike when the potential crosses a predefined threshold. The
dynamic behavior of the membrane potential Vj(t) for neuron
j can be described by the following iterative update equation:

Vj(t) = βVj(t− 1) +
∑
i

wjixi(t), (5)

where β is the decay factor reflecting the leakage of the
membrane, wji denotes the synaptic weight from input neuron
i, and xi(t) represents the incoming binary spike input at
time t. When Vj(t) exceeds a firing threshold Vth, the neuron
generates an output spike and the membrane potential is reset.
An advantage of SNNs is energy efficiency, largely attributed
to the sparsity of spike events, which makes them suitable for
low-power hardware implementations [16]. However, conven-
tional SNNs often struggle to capture long-range spatiotempo-
ral dependencies and to preserve fine-grained patterns, limiting
their performance on complex tasks such as micro-Doppler
activity recognition. To address these limitations, Spiking-
Transformer models combine spiking mechanisms with Trans-
former architectures to enhance feature extraction while main-
taining the event-driven nature of SNNs.

C. TopoLoss Function

While Spiking Transformers improve long-range depen-
dency modeling, they may neglect the underlying geometric
structure of the data. To address this and enhance the structural
continuity of feature representations and encourage local to-
pographic organization, a TopoLoss function is introduced. In-
spired by the brain’s self-organizing cortical mechanism [12],
this loss function encourages spatial smoothness by comparing

each feature map with its blurred version, suppressing noisy
activations while preserving meaningful spatial relations.

Let X ∈ RH×W×D denote the feature activation map of
a network layer, where H and W are spatial dimensions and
D is the channel depth. A smoothed version X̃ is obtained
through a downsampling–upsampling operation:

X̃ = Uϕ

(
Dϕ(X)

)
, (6)

where Dϕ(·) and Uϕ(·) represent the downsampling and up-
sampling operators with scale factor ϕ controlling the level of
smoothing.

The overall training objective combines the classification
loss Lcls with the topological regularization term Ltopo, which
measures the structural consistency between X and X̃:

Ltotal = Lcls + λtopo Ltopo, (7)

where λtopo balances the influence of the topological con-
straint. The loss is applied to the final classification head and
added to Cross-Entropy loss during training. The parameters
include the scale, h, and w. Our tests show that model perfor-
mance is sensitive to these values. Increasing the scale while
keeping a ratio of h and w helps improve accuracy. TopoLoss
smooths internal representations and improves robustness by
preserving the continuity of micro-Doppler patterns.

D. The Proposed STT Model

The proposed STT model aims to improve spike-based fea-
ture learning by integrating advanced spatiotemporal attention
with brain-inspired topographic constraints, as shown in Fig. 2.
We first introduce the baseline architecture, STAtten, and then
describe how we incorporate the TopoLoss term.

STAtten is a representative model that combines spiking
mechanisms with a Transformer-style attention encoder [17].
It consists of three main components. The first component is a
spike feature preprocessor that starts from an encoding of the
input. It includes multiple 2D convolution and pooling layers,



TABLE I
THE DESCRIPTION OF NINE DIFFERENT HUMAN ACTIVITIES.

No. Activity Description Samples

(a) Bending Bending from standing position 986
(b) Closing cabinet Closing a cabinet door 1020
(c) Drinking Drinking from a cup or bottle 967
(d) Eating Eating food while seated 929
(e) Falling Falling to the floor from standing 1049
(f) Opening cabinet Opening a cabinet door 990
(g) Sit-to-stand Transition from sitting to standing 870
(h) Squat-to-stand Squatting down then rising 1009
(i) Stand-to-sit Transition from standing to sitting 923

which convert the input into multi-scale feature maps. After
each convolution, LIF neurons perform temporal integration
and sparse thresholding to generate spike trains. This spike-
based representation enhances time–frequency features and
structural patterns while suppressing noise. The resulting fea-
tures are then patched and reshaped into spatiotemporal tokens,
preserving the original spatial and temporal relationships.

The second component is a block-wise spatiotemporal at-
tention module. Queries, keys, and values are generated via
1 × 1 convolutions (learnable linear projections) followed by
spiking neurons. For a binary input tensor X , we obtain

Q = LIF(WQX), K = LIF(WKX), V = LIF(WV X).
(8)

Instead of attending to all time steps simultaneously, STAtten
adopts chunked attention that focuses on short temporal seg-
ments. This design captures short-term motion details without
losing spatial patterns. For a temporal block indexed by b, the
block-wise attention is computed as

STAtten(X[b]) = LIF(Attn(Q[b],K[b], V [b])) , (9)

where Attn(·) denotes the attention operation and [b] indicates
the corresponding temporal block.

The third component is the classification head. Spatial and
temporal features from the last encoder block are aggregated
into a single feature vector, which is passed through a spiking
neuron before a linear classifier produces final class prediction.

To further enhance the STAtten baseline, STT introduces
TopoLoss as an additional training objective applied to the
logits produced by the classification module. Unlike stan-
dard objectives that focus solely on classification accuracy,
TopoLoss serves as a topographic inductive bias by encour-
aging spatially adjacent neurons to learn similar response
patterns. By enforcing smoothness in the learned topographic
organization and penalizing abrupt discontinuities, the model
suppresses noise while preserving the structural integrity of
micro-Doppler signatures. Consequently, combining STAtten
with TopoLoss enables STT to learn robust, spatially orga-
nized representations without compromising the event-driven
efficiency of the original architecture.

III. EXPERIMENTAL SETUP

We employed a custom-designed 77 GHz mmwave radar
module for indoor human motion recognition. Developed for

TABLE II
PERFORMANCE COMPARISON OF DIFFERENT MODELS.

Models
Accuracy

(%)
Kappa

(%)
Size

(MB)
Params

(M)
FLOPs

(G)

ViTSmall 100.00 100.00 82.66 21.649 4.25
Spiking-ResNet18 96.97 96.59 42.69 11.18 14.53
Spiking-ResNet34 94.84 94.19 81.28 21.29 29.34
SEW-ResNet18 97.98 97.73 42.69 11.18 14.53
SEW-ResNet34 82.94 80.81 81.28 21.29 29.34
STAtten 98.54 98.36 426.00 37.19 326.57
STT (dim=256) 98.54 98.36 47.74 4.15 50.88
STT (dim=768) 98.99 98.86 426.00 37.19 326.57

low-cost and compact deployment, the system is integrated
onto a single printed circuit board and costs approximately
$20. The radar features four on-chip transmitting and four
receiving antennas, controlled by an STM32 microcontroller
that handles chirp scheduling and USB-based data transfer.
The analog front-end integrates voltage-controlled oscillators,
phase-locked loops, mixers, and analog-to-digital converters
for signal generation and acquisition. The radar emits linearly
frequency-modulated chirps with a duration of T = 85µs and
a bandwidth of B = 2.585GHz. Each chirp is sampled at
3.636 MSPS, producing 256 fast-time samples per chirp.

To evaluate the system under realistic conditions, we con-
structed a dataset in a furnished kitchen environment with
typical appliances and clutter. Unlike controlled lab setups, our
environment includes items such as cabinets and refrigerators
that introduce occlusion and multipath effects. The radar was
mounted on top of a laptop screen approximately 1.2 m above
the ground. It was positioned to directly face the activity
zone, enabling the system to effectively capture human motion
signatures within a range of 1.5 to 2 m. The laptop supplied
power to the radar and handled real-time data acquisition.
All participants provided written informed consent before
data collection. The study was conducted in accordance with
institutional ethical guidelines. Finally, a total of 9 kitchen-
related activities were recorded, covering both routine tasks
and safety-critical actions such as falling. These activities are
summarized in Table I.

The dataset comprises 8,753 annotated samples collected
from nine participants, whose heights ranged from 162 to 183
cm. We split the dataset into training, validation, and test sets
with a 19:5:1 ratio. The division is based on random splitting
of image samples, which includes data across different subjects
and time periods, ensuring that the model is tested on various
patterns across all participants. Each participant performed
multiple repetitions at different distances and angles, ensur-
ing diversity in motion patterns and radar perspectives. Raw
radar signals are then processed to generate micro-Doppler
spectrograms.

IV. RESULTS AND DISCUSSION

A. Overall Performance

We validated the performance of the proposed STT on
our kitchen dataset. All experiments were conducted on an



Fig. 3. The validation accuracy and loss of STT on our kitchen dataset.

Fig. 4. Normalized Confusion Matrix of the Proposed STT (dim=768) Model.

NVIDIA V100-SXM2-32GB GPU. The models were trained
for 80 epochs using the AdamW optimizer with an initial
learning rate of 1× 10−3.

As presented in Table II, the STT (dim=768) achieves an
outstanding accuracy of 98.99% and a Kappa coefficient of
98.86% with 37.19M parameters. For resource-constrained
scenarios, the lightweight STT (dim=256) offers a competi-
tive alternative, achieving 98.54% accuracy with only 4.15M
parameters. Fig. 3 illustrates the validation accuracy and loss
curves. It can be observed that the proposed STT (dim=768)
converges stably, demonstrating a steady decrease in loss and
a rapid increase in accuracy comparable to ViT-Small.

Fig. 4 further details the classification performance of
STT (dim=768). The model achieves 100.00% accuracy on
distinct actions such as Closing cabinet, Drinking, and Falling.
Although minor misclassifications occur in actions like Eating

(97.00%) and Stand-to-sit (97.00%) due to high similarity
with other motions, the overall recognition capability remains
highly robust.

B. Ablation Study

To validate the effectiveness of the TopoLoss constraint, we
compare STT (dim=768) with the baseline STAtten. Table II
shows that STT achieves an accuracy of 98.99%, surpassing
STAtten (98.54%) by 0.45%. While Fig. 3 reveals larger initial
training fluctuations for STT due to the joint optimization of
classification and topographic constraints, this process mirrors
biological synaptic pruning and refinement [18]. Ultimately,
the model stabilizes at a higher accuracy, confirming that the
spatial organization enforced by TopoLoss enhances feature
robustness and noise resistance.

C. Comparison with State-of-the-Art Models

We further compare the properties and classification abilities
of STT with representative SNNs [19], [20] and ViT [21], and
the results are presented in Table II. Among SNN baselines,
while SEW-ResNet34 drops to 82.94%, our STT (dim=768)
attains 98.99%, outperforming the baseline STAtten by 0.45%.
Although ViT Small reaches 100.00% accuracy, our STT
model delivers comparable high performance while leveraging
the event-driven properties of SNNs. ViT reaches 100% likely
because of the dataset difficulty and the strong training setup
for Transformers. However, our STT model is more energy-
efficient because it uses the event-driven features of SNNs.
Furthermore, the lightweight STT (dim=256) matches STAt-
ten’s accuracy (98.54%) with only 4.15M parameters, demon-
strating a superior balance between classification capability
and model complexity.

D. Validation on CIFAR-10 Dataset

In addition to the evaluation on our kitchen dataset, we
conducted experiments on the public CIFAR-10 dataset [22]
to assess generalization. We use CIFAR-10 because it is a
standard dataset for testing Spiking Neural Networks. This
experiment helps us prove that our STT model works well



TABLE III
PERFORMANCE COMPARISON OF DIFFERENT MODELS ON CIFAR-10

DATASET.

Models
Accuracy

(%)
Kappa

(%)
Size

(MB)
Params

(M)
FLOPs

(G)

Spiking-ResNet34 88.6 86.3 81.25 21.28 9.28
SEW-ResNet34 92.73 91.2 81.25 21.28 9.28
STT(dim=256) 87.35 85.9 29.51 2.57 2.49
STT(dim=768) 93.79 91.3 426.01 37.25 29.77

on general image tasks, not just radar data. As shown in
Table III, the proposed STT (dim=768) achieves an accu-
racy of 93.79%, outperforming SEW-ResNet34 (92.73%) and
Spiking-ResNet34 (88.6%). Beyond recognition performance,
we analyzed computational costs. While STT (dim=768) uses
37.25M parameters to ensure superior capability, the lighter
STT (dim=256) offers a highly efficient alternative. It reduces
the parameter count to 2.57M while maintaining competitive
accuracy, making it suitable for resource-constrained devices.

E. Discussion of Main Findings

The experimental results demonstrate the feasibility of our
approach. The STT (dim=768) model achieves the highest
accuracy on both micro-Doppler and public datasets, demon-
strating efficiency of the model. Our approach significantly
outperforms traditional spiking neural networks on micro-
Doppler dataset, suggesting that spatial-temporal attention
mechanism is effective for activities recognition. The time-
frequency patterns for micro-Doppler map aligns well with
the spatial-temporal mechanism and the topoLoss function,
resulting in an outstanding 98.99% accuracy. These results
show that STT effectively recognizes micro-Doppler activities
while maintaining its generality across different datasets.

V. CONCLUSION

This paper proposes STT, a spiking transformer model
tailored for micro-Doppler-based human activity recognition.
STT is designed to address limitations of conventional SNN-
based radar pipelines, including information loss in sparse
spike representations and reduced ability to preserve fine-
grained time-frequency continuity that is critical for distin-
guishing activities with subtle motion differences. By intro-
ducing TopoLoss as a topographic regularizer, STT encourages
spatially organized intermediate representations, which helps
suppress noise while preserving the structural integrity and
continuity of micro-Doppler patterns. Extensive experiments
validate the effectiveness of our approach. STT achieves
98.99% accuracy on our kitchen dataset. Moreover, evaluations
on public datasets further demonstrate its generalization capa-
bility and practical efficiency–accuracy trade-offs, supporting
its suitability for radar-based HAR scenarios that require both
high precision and energy-aware inference. Future research
will focus on hybrid spike-continuous coding and hardware-
aware attention mechanisms to optimize energy efficiency and
real-time performance for radar-based activity recognition.
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