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Abstract

To enhance public safety and safeguard lives and property, the automatic detection of
anomalous and violent behaviors in video has become a key task in intelligent surveillance
systems. Violent actions are often abrupt, rapid, and irregular, posing considerable chal-
lenges to conventional approaches. Existing methods based on hand-crafted features and
convolutional neural networks still exhibit limitations in spatiotemporal feature extraction,
recognition accuracy, and model robustness. To address these issues, this paper proposes
HSTNet, a hybrid neural architecture that integrates Spiking Neural Networks (SNNs) with
Transformers. The framework adopts a dual-branch design: the SNN branch models tempo-
ral dynamics in video, while the Transformer branch extracts spatial structural information.
A feature interaction module is further introduced to enable deep cross-modal fusion.
Experiments on multiple datasets including UCF101, HMDB51, Hockey Fight, and Movies
Fight demonstrate that HSTNet achieves significantly higher accuracy than state-of-the-art
baselines, indicating strong performance and promising application potential.

Keywords: violent action detection; hybrid neural networks; SNN; transformer

1. Introduction
Violent incidents in public venues such as urban transportation hubs, metro stations,

campuses, and shopping malls are highly abrupt and harmful. Consequently, the automatic
detection of violent behavior in video has become an urgent problem to address. As a major
research area in computer vision, video action recognition aims to model spatiotemporal
patterns in videos to automatically identify specific behaviors (e.g., assault, shoving, fighting),
and it plays a pivotal role in intelligent security, behavior analysis, and anomaly detection [1].

However, violent action recognition faces the following challenges:

1. Abruptness and irregularity: Violent behaviors are typically short lived and intense,
with rapid spatiotemporal changes, making it difficult for conventional convolutional
models to effectively capture their dynamics [2].

2. Complex background interference: Real-world surveillance videos often contain
background noise and occlusions, which divert the model’s attention from the primary
actor and undermine its focus on the action of interest [3].

Existing deep learning-based action recognition methods can be broadly categorized
into CNN, RNN, GCN, and Transformer-based approaches. Conventional two-dimensional
convolutional neural networks (2D CNNs) are effective in extracting spatial appearance
features from individual video frames, but they lack the capability to model temporal
dynamics [4]. Three-dimensional convolutional neural networks (3D CNNs) extend convo-
lution operations to the temporal dimension, enabling the joint modeling of local spatiotem-
poral features; however, such models usually involve high computational complexity and
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substantial training costs [5]. Recurrent neural networks (RNNs) and their variants, such as
long short-term memory (LSTM) and gated recurrent units (GRUs), explicitly model tem-
poral dependencies, but they often suffer from gradient vanishing issues and show limited
effectiveness in handling long-term temporal sequences [6]. Graph convolutional networks
(GCNs) have achieved promising performance in skeleton-based action recognition by
modeling the topological structure of human joints, yet they are sensitive to noise and
variations in skeletal structures [7]. In recent years, Transformer-based architectures have
demonstrated strong capability in capturing long range dependencies through self atten-
tion mechanisms; nevertheless, their quadratic computational complexity poses significant
challenges when processing long video sequences [8]. In addition, many state-of-the-art
methods adopt multi-branch artificial neural network (ANN) frameworks to fuse RGB
and optical-flow modalities, but such approaches typically rely on late fusion strategies
and incur high computational and energy costs, thereby limiting their applicability in
resource-constrained deployment scenarios [9].

To address the above issues, we propose HSTNet, a hybrid neural architecture that
combines Spiking Neural Networks (SNNs) with Transformers. The model adopts a dual-
branch design: the SNN branch leverages its event-driven, low-power characteristics to
model temporal dynamics in video, while the Transformer branch exploits its global model-
ing capability to extract spatial structural features. To overcome the modality independence
and shallow fusion commonly seen in multi-branch approaches, we introduce a feature
interaction module that enables deep inter-modal fusion and noise suppression, thereby
enhancing recognition robustness. We conduct comparative experiments on multiple public
datasets (UCF101, HMDB51, Hockey Fight, Movies Fight). The results show that HSTNet
consistently achieves higher recognition accuracy than mainstream methods (3D CNN,
TSN, ViT) and, in particular, demonstrates superior performance and strong generalization
on violent action recognition.

The main contributions are as follows:

1. We propose HSTNet, a hybrid neural architecture that integrates Spiking Neural
Networks (SNNs) and Transformers, effectively combining their complementary
strengths in temporal modeling and spatial representation.

2. We design a feature interaction mechanism that deepens cross-modal fusion, suppresses
background interference, and enhances the model’s discriminative ability for violent behaviors.

3. Extensive experiments on multiple public action recognition and violence datasets
validate the effectiveness of the proposed method, demonstrating superior overall
performance and promising application prospects.

2. Related Work
2.1. Two-Stream and 3D CNN-Based Methods

In recent years, deep learning methods have been widely applied to action recog-
nition [10], with two-stream networks and 3D CNNs standing out in both research and
practice. Simonyan et al. [11] first proposed the two-stream architecture, which extracts
features in separate temporal and spatial branches and fuses them either at intermedi-
ate layers or at the final classification layer to generate action predictions by combining
temporal and spatial information. Subsequently, Feichtenhofer et al. [12] introduced an
early fusion strategy to enable joint optimization of features. Wang et al. [13] proposed
Temporal Segment Networks (TSNs), which divide a video into several segments for fea-
ture extraction and fusion, effectively alleviating the limitations of two-stream networks in
modeling long-range temporal information. In addition, Ma et al. [14] designed a human
action recognition model that combines a spatiotemporal two-stream fusion network with
additive margin Softmax, further improving recognition accuracy; Ding et al. [15] proposed
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a heterogeneous two-stream architecture to reduce redundant interference and enhance
feature representation quality.

Despite their strong performance across many tasks, two-stream networks still en-
counter bottlenecks when handling complex or fine-grained actions. As a result, models
based on 3D convolutions have gained traction, and 3D CNNs have been widely adopted
for action recognition. Tran et al. proposed the R(2+1)D architecture [16], which factorizes
a 3D convolution into separate spatial and temporal convolutions, thereby improving
network performance. Feichtenhofer et al. [17] introduced the scalable X3D network, which
enhances recognition accuracy while reducing computational cost. For violence detection
specifically, Ding et al. [15] jointly modeled spatial and temporal cues with 3D CNNs
and performed classification using fully connected layers. Cheng et al. [18] innovatively
combined an optical-flow gating mechanism with 3D CNNs, optimizing the max-pooling
process to improve feature extraction effectiveness and recognition performance.

2.2. Skeleton-Based Methods

Skeleton-based action recognition analyzes the trajectories of human keypoints and
has developed rapidly in recent years. Since skeleton sequences naturally contain joint
spatiotemporal information, effectively modeling their temporal dynamics is crucial for
recognition performance. Traditional approaches rely primarily on hand-crafted features
such as geometric relations among joints, velocity, and acceleration [19] which depend on
domain expertise and often generalize poorly across scenarios or large-scale datasets [20].
With the advent of deep learning, powerful feature modeling has been introduced to
skeleton action recognition. Existing methods can be broadly categorized into four families:
recurrent neural networks (RNNs) [21], convolutional neural networks (CNNs) [22], graph
convolutional networks (GCNs) [23], and Transformers [24], each with distinct advantages
for different recognition settings.

Zhao et al. [25] proposed an improved RNN structure that achieves faster convergence
and lower computational cost compared with conventional LSTMs, and combined with 3D
CNNs yields significant performance gains. Li et al. [26] further introduced an adaptive
learning framework (RNN-T) that effectively addresses the difficulty of distinguishing
fine-grained action categories, and validated its superiority on multiple large-scale datasets.
Xu et al. [27] proposed EnsemNN, which builds a main network with one-dimensional
convolutional residual blocks and introduces multiple subnetworks to separately process
temporal and spatial features of the skeleton. Wang et al. [28] encoded joint trajectories as
pseudo-images and used 2D CNNs to extract discriminative features for action classification.
Within the GCN paradigm, joints are treated as graph nodes and their connections as edges,
enabling effective modeling of the skeleton’s topology. Yan et al. [29] were the first to
introduce GCNs into skeleton-based action recognition with ST-GCN (SpatioTemporal
Graph Convolutional Network), which significantly improved performance through a
spatiotemporal graph representation and laid the groundwork for subsequent research.
Building on GCNs, Lee et al. [30] proposed LD-GCN (Layered Decomposition GCN),
which models action sequences using only joint and bone streams, avoiding redundant
computation common in multistream designs and achieving state-of-the-art results on
several datasets. Hao et al. [31] further incorporated hypergraph neural networks, using
hyper-edges to capture higher-order dependencies and designing hypergraph attention
together with improved residual structures. This approach addresses the limitation of
focusing only on local physical connections, markedly enhancing modeling accuracy
and generalization.
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2.3. Transformer-Based Methods

Originally proposed for natural language processing [32], Transformers have been
increasingly introduced to computer vision (CV) due to their advantages in handling
long-range dependencies and computational efficiency, advancing a wide range of vision
tasks. Dosovitskiy et al. proposed the Vision Transformer (ViT) [33], which partitions
an image into patches and uses positional encoding for sequence modeling, substantially
improving image classification performance. A variety of improved models followed:
Lee et al. [34] introduced a multi-path vision Transformer that enhances representational
capacity by fusing multi-scale features; Xia et al. [35] incorporated deformable attention
to better focus on salient information; and Liu et al. [36] proposed Swin Transformer V2,
which, with multiple optimizations, set new records across several vision benchmarks.
In action recognition, Transformers likewise perform strongly. Ahn et al. [37] proposed
a spatiotemporal cross-attention Transformer that efficiently fuses spatial and temporal
cues. Ma et al. [14] applied Transformer-based models to driver action recognition and
designed a voting mechanism for precise localization, validating their effectiveness in
complex scenarios.

Nevertheless, the high computational complexity of Transformers still constrains
their deployment on long videos and high-resolution inputs. Moreover, strategies for spa-
tiotemporal feature fusion remain immature, and the substantial redundancy in video data
increases learning difficulty. Designing lightweight, efficient Transformers with coordinated
spatiotemporal modeling thus remains an active research direction.

2.4. Hybrid Neural Network-Based Action Recognition

Spiking Neural Networks (SNNs) [38] offer event-driven, low-power computation
and exhibit advantages in temporal modeling, making them a useful complement to
conventional artificial neural networks (ANNs). Spiking neurons are the fundamental
computational units of Spiking Neural Networks (SNNs). The leaky integrate-and-fire
(LIF) model is commonly adopted as the neuron model in SNNs. In the LIF model, a
neuron updates its membrane potential by integrating incoming inputs over time, while
the potential gradually decays due to a leakage mechanism. When the membrane potential
exceeds a predefined firing threshold, the neuron emits a spike and the membrane potential
is reset. This integrate-and-fire mechanism enables neurons to encode dynamic information
through spike timing and firing patterns, thereby endowing SNNs with inherent temporal
modeling capability. Moreover, SNNs operate in an event driven manner, where spikes
are generated only when the membrane potential reaches the firing threshold, resulting in
sparse neural activations. Compared with conventional artificial neural networks that rely
on continuous valued computations, this event-driven mechanism significantly reduces
the update frequency of neurons and synapses, leading to lower computational complexity
and energy consumption. As a result, SNNs exhibit clear advantages for deployment on
low-power hardware and resource-constrained edge devices.

However, SNNs still face challenges such as suboptimal accuracy and training dif-
ficulty. Sparse spiking signals can lead to vanishing gradients and slow convergence.
Although learnable thresholds [39,40] and surrogate gradients [41] provide improvements,
SNNs often lag behind ANNs in stability and representational power. To this end, re-
searchers have proposed ANN–SNN hybrid architectures. One strategy uses an SNN
branch to process event streams and an ANN for classification [42]; another adopts a
dual branch design that separately extracts frame-based and event-based information and
fuses them via weighting or interaction mechanisms [43]. For example, Aydin et al. [44]
developed an energy-efficient hybrid model for pose estimation, while Zhao’s team [43]
integrated hybrid modeling into tracking frameworks, demonstrating practical utility.
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Despite these advances, many methods still suffer from shallow modality fusion and
a lack of explicit interaction mechanisms. Building hybrid networks with deep information
interaction to fully exploit the complementarity of ANNs and SNNs is therefore key to
achieving high-accuracy, low-power action recognition.

3. Proposed Method
3.1. SNN–Transformer Hybrid Neural Network Architecture

As shown in Figure 1, the proposed HSTNet comprises three components: an SNN
branch, an ANN branch, and a feature interaction module. HSTNet adopts two indepen-
dent branches: the SNN branch is implemented as a Spiking Neural Network based on
an MS-ResNet architecture [45], while the ANN branch employs a Swin Transformer [46].
The ANN branch focuses on extracting spatial representations, whereas the SNN branch
captures temporal dynamics and interframe motion cues. As illustrated in Figure 1, the
blue blocks correspond to the four hierarchical feature extraction stages of the SNN branch,
whereas the red blocks indicate the four hierarchical feature extraction stages of the ANN
branch. The input video is split into RGB frames and residual (difference) frames. RGB frames
are fed to the ANN branch (Swin Transformer) to extract spatial features F1, F2, F3, F4; residual
frames are fed to the SNN branch (MS-ResNet) to extract temporal features S1, S2, S3, S4. Resid-
ual frames provide a lightweight approximation of inter-frame motion and can be directly
derived from RGB inputs, enabling effective temporal modeling while avoiding the additional
computational overhead introduced by optical flow estimation or event-based preprocessing.
This design is consistent with the event-driven and efficiency-oriented characteristics of SNNs,
and is particularly suitable for scenarios that emphasize computational efficiency and deploy-
ability. At corresponding stages, the two branches exchange complementary information via
the feature interaction modules. To reduce computation and broaden the global receptive
field, the first two interaction modules are computed at a reduced spatial resolution (average
pooling), followed by upsampling to restore the original size. The fused multi-scale features
are then passed to a multi-scale enhancement module (inter-scale enhancement, intra-scale
enhancement) and a Feature Pyramid Network (FPN) for further cross-scale integration. Fi-
nally, the ANN branch’s prediction and the multi-branch fused prediction are combined in
the classification head to produce the final action label.

Figure 1. HSTNet network.
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3.2. SNN

The SNN branch focuses on modeling temporal dynamics and inter-frame motion
patterns in an efficient, event-driven manner, leveraging its suitability for temporal signal
processing. As shown in Figure 2, the SNN branch adopts MS-ResNet. Compared with
the standard spiking ResNet (vanilla ResNet), MS-ResNet introduces key architectural
modifications: it removes the inter-block LIF (leaky integrate-and-fire) neuron modules and
adds cross-layer identity mapping shortcut connections that span the entire network. In the
vanilla spiking ResNet, as depth increases, model accuracy saturates after stacking about
20 SNN layers, making further improvement difficult. By eliminating the LIF modules, MS-
ResNet provides an unobstructed pathway for information flow and effectively prevents
the accumulation of ineffective residual representations. These changes markedly enhance
scalability, enabling the network to scale to 482 layers on CIFAR-10 and to 104 layers on
ImageNet [45]. They not only improve information transmission in deep SNNs, but also
substantially enhance the model’s scalability and stability. The output feature dimensions
of the SNN branch at different stages are detailed in Table 1. As shown, the SNN branch
adopts a hierarchical design in which the spatial resolution is progressively reduced while
the feature dimensionality is gradually increased across stages. This structure enables
multi-level temporal feature extraction with increasing semantic abstraction. In the early
stages, average pooling and upsampling are employed to balance computational efficiency
and temporal modeling capacity, while maintaining alignment with the corresponding
stages of the ANN branch. In deeper stages, higher-dimensional feature representations are
learned at lower spatial resolutions, allowing the network to capture high-level temporal
semantics and long-term motion patterns.

Figure 2. Resnet and MS-Resnet.
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Table 1. SNN branch.

Layer Modules Feature Maps Output

Input – 3 224 × 224
Conv 1 64 224 × 224
Stage1 2 128 56 × 56
Average pooling 1 1 128 14 × 14
Upsampling 1 1 128 56 × 56
Stage 2 2 256 28 × 28
Average pooling 2 1 256 14 × 14
Upsampling 2 1 256 28 × 28
Stage 3 2 512 14 × 14
Stage 4 2 1024 7 × 7

3.3. ANN

The ANN branch is designed to provide strong spatial representation capability, which
is essential for recognizing complex human actions in cluttered scenes. Purely temporal
modeling is insufficient for action recognition, as many actions are characterized by subtle
spatial configurations and object–human interactions. The ANN branch adopts a Swin
Transformer for feature extraction. Compared with a standard Transformer, Swin introduces
a local attention mechanism that focuses on local structures while reducing computational
complexity and improving efficiency. Specifically, Swin Transformer first applies Patch
Partition to the input H × W × 3 RGB image, splitting it into non-overlapping M × M
windows and computing self-attention independently within each window. For example,
given an input RGB frame F, when the patch size is set to 4 × 4, the original feature map

F ∈ RH×W×C is converted to F ∈ R
H
4 ×W

4 ×C. Next, through a Linear Embedding Layer,
these patches are projected into a unified C-dimensional vector space. For each window
X ∈ RM2×C, Swin Transformer computes self-attention within this local region, thereby
effectively extracting local features while avoiding the high computational cost of global
attention in standard Transformers. The computation is given by:

SA(Q, K, V) = softmax

(
QKT

√
dk

+ B

)
V,

Q = XWQ, K = XWK, V = XWV

(1)

where SA denotes the self-attention operation, and WQ ∈ RC×C, WK ∈ RC×C, and
WV ∈ RC×C are learnable linear projection matrices used to generate the query Q, key
K, and value V, respectively; these projections share parameters across windows. B denotes
a learnable relative positional encoding, and dk is the dimensionality of the keys.

To further enhance the model’s representational capacity, the local window self-
attention is extended to multi-head self-attention (Window Multi-Head Self-Attention,
W-MSA). However, relying solely on local attention may restrict information exchange
across different windows. To remedy this, Swin Transformer introduces Shifted Win-
dow Multi-Head Self-Attention (SW-MSA), which alternates with W-MSA to enable cross-
window interaction and strengthen global modeling. The overall structure is shown in
Figure 3.
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Figure 3. Two consecutive Swin Transformer blocks.

The computation of the alternating cascade of W-MSA and SW-MSA can be expressed as:

F̂(ℓ) = W-MSA
(
LN(F(ℓ))

)
+ F(ℓ),

F(ℓ+1) = MLP
(
LN(F̂(ℓ))

)
+ F̂(ℓ),

F̂(ℓ+1) = SW-MSA
(
LN(F(ℓ+1))

)
+ F(ℓ+1),

F(ℓ+2) = MLP
(
LN(F̂(ℓ+1))

)
+ F̂(ℓ+1).

(2)

where LN (LayerNorm) and MLP denote layer normalization and multilayer perceptron,
respectively, and l indexes the l-th layer of the Swin Transformer encoder. By cascading
W-MSA and SW-MSA, the model effectively enables information exchange across windows,
thereby enhancing global feature modeling. In addition, to further capture multi-scale
information, Swin Transformer introduces a resolution-reducing feature merging (Patch
Merging) operation at each stage to progressively extract higher-level semantic features.

3.4. Feature Interaction Module

While dual-branch architectures can separately model spatial and temporal informa-
tion, treating the two branches as independent often leads to shallow fusion and limited
cross-modal complementarity. In many existing hybrid frameworks, spatial and temporal
features are only combined at high-level or decision stages, which restricts their ability
to mutually refine each other. To overcome this limitation, we introduce a feature inter-
action module that enables explicit and bidirectional information exchange between the
SNN and Transformer branches at corresponding semantic levels. This module allows
temporal motion cues extracted by the SNN branch to guide spatial attention in the ANN
branch, while spatial semantic information helps suppress background noise in tempo-
ral representations. As a result, the interaction module provides a unique contribution
by deepening cross-modal fusion and improving robustness in complex and dynamic
scenes. As shown in Figure 4, in the first two dynamic interaction modules we introduce
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an average-pooling layer before interaction to reduce spatial resolution, and an upsam-
pling layer after interaction to restore the features to their original resolution. This design
reduces computational complexity: after downsampling, the dimensionality of the feature
maps decreases, so attention is computed in a more compact feature space, substantially
lowering the computational cost. Performing feature interaction at a low spatial resolution
biases cross-modal fusion toward global characteristics rather than local details, which
facilitates feature complementarity. The subsequent upsampling restores the features to
the initial resolution, preserving representational capacity and thereby improving the final
recognition performance.

Figure 4. Feature interaction module.

Assume the SNN features are Xs ∈ RT×C×H×W and the Transformer features are
Xt ∈ RT×C×H×W . The computation can be expressed as:

As→t = Softmax

(
QsKT

t√
d

)
∈ RT×T ,

At→s = Softmax

(
QtKT

s√
d

)
∈ RT×T ,

Qs = WQ
s Xs, Ks = WK

s Xs, Vs = WV
s Xs,

Qt = WQ
t Xt, Kt = WK

t Xt, Vt = WV
t Xt

(3)

WQ, WK, WV ∈ RC×d are learnable projection matrices, and d is the projection di-
mension. The attention weight matrix As→t indicates how the SNN features attend to
the Transformer features, and At→s does the opposite. This feature interaction module
effectively suppresses background noise: when the SNN detects an action such as an
arm swing at time step t, the Swin Transformer correspondingly strengthens its focus on
the arm region, increasing the feature weights there and thereby enabling more precise
spatiotemporal fusion. 

Zs = As→tVt,

Zt = At→sVs,

Z = Conv
(

Concat(Zs, Zt)
) (4)

Zs denotes the new SNN features after interaction with the Transformer, and Zt

denotes the new Transformer features after interaction with the SNN; Concat denotes
concatenation along the channel dimension, and Conv denotes a 1 × 1 convolutional layer.
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3.5. Scale Enhancement Module

Human actions often exhibit significant variations across temporal and spatial scales.
Relying on features from a single scale may limit the model’s ability to recognize actions
with different motion amplitudes and temporal durations. In particular, violent behaviors
and complex actions may involve both fine-grained local movements and coarse global
motion patterns. To address this issue, we enhance the intermediate features of the Swin
Transformer both within-scale and across scales to strengthen multi-scale representations.
Specifically, the within-scale enhancement optimizes features at a single scale, whereas
the cross-scale enhancement focuses on fusing features from different scales. The detailed
structures are shown in Figures 5 and 6.

Figure 5. Within-scale enhancement module.

The computation can be formulated as follows:

X̃i = Xi + PEi (5)

Xi denotes the input features and PEi the positional encoding. The within-scale
enhancement applies a Transformer encoder to single-scale features to improve their
representational capacity at that scale.

Zi = TransformerEncoder
(
X̃i
)

(6)

Figure 6. Cross-scale enhancement module.
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The cross-scale enhancement leverages a multi-head attention mechanism to cap-
ture cross-scale dependencies; it restricts attention to adjacent scales, thereby enabling
complementary integration of features at different resolutions.

Z(proj)
i−1 = Wi−1 Zi−1,

µi−1, σi−1 =
(
Z(proj)

i−1

)
,

µi, σi =
(
Zi
)
,

Z(norm)
i−1 =

Z(proj)
i−1 − µi−1

σi−1 + ε
× σi + µi

(7)

Wi−1 is a linear layer; µ and σ denote the mean and variance, respectively; and ε is
a small constant to prevent division by zero. γi and βi are learnable parameters, and ⊙
denotes element-wise multiplication.Zattn

i =
(
Q = Zi, K = Z(norm)

i−1 , V = Z(norm)
i−1

)
,

Zenhanced
i = γi ⊙ Zattn

i + βi

(8)

3.6. Classfication Head

As shown in Figure 7, the classification head integrates multi-branch information and
employs an adaptive weighting mechanism to generate the final prediction. The operator
⊗ denotes element-wise multiplication, while the ⊗ marked as Concat represents tensor
concatenation along a specified dimension. Here, S4 and F4 denote the output features from
the SNN branch and the ANN branch, respectively. First, S4 and F4 are concatenated along
the feature dimension, followed by average pooling to reduce feature redundancy and
improve computational efficiency. Meanwhile, the feature outputs provided by the Feature
Pyramid Network (FPN) are also subjected to average pooling to ensure scale consistency.
Subsequently, the pooled FPN features are concatenated with the previously fused features
to further integrate multi-source information. Next, a fully connected layer is applied
to compute the weighting factor α, which is used to perform weighted feature fusion.
This adaptive weighting mechanism enables the model to dynamically adjust the relative
importance of features from different sources. Finally, the fused feature representation is
fed into a fully connected layer for classification, and the resulting prediction is added to
the prediction from the ANN branch to produce the final output.

Figure 7. Classfication head module.
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4. Experiments
4.1. Datasets

The proposed method is evaluated on four public datasets (UCF101, HMDB51, Hockey
Fight, and Movies Fight), covering two types of scenarios: general action recognition and
violent behavior detection. UCF101 and HMDB51 encompass various action types such as
sports, dance, and daily activities, with complex backgrounds and diverse motion subjects.
Hockey Fight and Movies Fight are specifically designed for violent action detection.
These four datasets differ significantly in terms of their sources, background complexity,
and action types, making them suitable for a comprehensive evaluation of the model’s
spatiotemporal modeling ability and robustness.

UCF101 consists of 13,320 video clips spanning 101 action categories, mainly collected
from YouTube, including sports, dance, and daily activities. The dataset is characterized by
complex backgrounds, diverse motion subjects, significant camera motion, and frequent
occlusions, posing high demands on the model’s spatiotemporal modeling capability
and robustness.

HMDB51 contains 6766 video clips across 51 action classes, sourced from movies,
television programs, and online videos. Compared with UCF101, HMDB51 features more
diverse action categories and more severe background clutter, making it a challenging
benchmark for evaluating action recognition performance in complex scenarios.

The Hockey Fight dataset is specifically designed for violent behavior detection
and includes 1000 video clips extracted from National Hockey League (NHL) games,
with 500 clips depicting real fight events and the remaining 500 clips representing non-
violent gameplay. All videos are captured under a uniform scene background and consis-
tent camera viewpoints, allowing the model to focus on action-related cues rather than
background variations.

The Movies Fight dataset is also used for violence detection, where fight scenes are
collected from movies, and non-violent clips are selected from other action recognition
datasets. Although relatively small in scale, this dataset involves diverse characters, motion
patterns, and background variations, serving as a complementary benchmark to evaluate
the model’s recognition ability under non-uniform and complex visual conditions.

4.2. Experimental Settings and Evaluation Metrics

Input modality. HSTNet uses only RGB video as input.
Implementation details. All experiments are implemented using the PyTorch deep

learning framework (version 1.8.0) with Python 3.9 on an Ubuntu 20.04 operating system.
Model training is performed using an NVIDIA A100-SXM4 GPU with CUDA 11.1 support,
while the CPU used is an AMD EPYC 7543.

Preprocessing. We adopt fixed-interval sampling to extract contiguous clips of
16 frames from each original video, with a stride of 16 to ensure broad temporal cov-
erage. Each sampled clip is resized to a standard spatial resolution of 224 × 224 pixels.
Pixel values are then normalized to the range [0, 1].

Training configuration. The initial learning rate is set to 3 × 10−4 with a batch size
of 8. For HMDB51 and UCF101, the models are fine-tuned from pretrained backbones
rather than trained from scratch. In our preliminary experiments, we observed that the
training loss and validation accuracy converge rapidly within the first few epochs, and
further increasing the number of epochs brings marginal performance improvements while
significantly increasing computational cost. Therefore, to ensure fair comparison across
methods and maintain computational efficiency, we adopt a limited number of training
epochs in the reported experiments. This setting follows common practice in recent action
recognition works that rely on pretrained Transformer backbones. Training is conducted for
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5 epochs. A cosine annealing learning rate schedule is applied to balance fast convergence
in early stages with fine-grained optimization in later stages.

Metrics. We report accuracy and recall to assess recognition performance.

(1) Accuracy. Measures the overall proportion of correctly classified samples—the more
action instances whose labels are predicted correctly, the higher the accuracy. Here,
Accuracy denotes the model’s classification accuracy for actions; TP (true positive), TN
(true negative), FP (false positive), and FN (false negative).

Accuracy =
TP + TN

TP + TN + FP + FN
(9)

(2) Recall. An important metric for a classifier’s ability to identify positive samples,
defined as the proportion of actual positives that are correctly detected by the model.
Here, TP (true positive) is the number of samples correctly predicted as positive, and
FN (false negative) is the number of samples that are actually positive but predicted
as negative. Recall ranges from 0 to 1; a higher value indicates fewer missed positives
and better detection performance.

Recall =
TP

TP + FN
. (10)

(3) FLOPS. FLOPs refer to the total number of floating-point operations required to
perform a single forward or backward pass of a neural network, and are widely used
to evaluate computational complexity. FLOPs can be computed by summing the
operation counts of all layers in the network.

(4) SYOps. Synaptic Operations (SYOps) are primarily used to measure the computational
cost of Spiking Neural Networks (SNNs). They represent the number of synaptic
computations occurring between neurons, the number of times neurons receive input
spikes and perform synaptic processing.

(5) Params. Params denotes the total number of trainable parameters in a neural network
and is commonly used to measure the model’s storage requirements. In general, a
larger number of parameters leads to higher memory consumption and increased
computational complexity.

4.3. Main Results

We compare the proposed method with mainstream models on the HMDB51 and
UCF101 datasets. The results are summarized in Table 2, where “–” denotes missing entries;
the best results are highlighted in bold. The compared baselines cover representative
ANNs, SNNs, and hybrid neural networks, including 2D CNN-based ResNet18 [47] and
ResNet50 [47]; 3D CNN-based C3D [48] and Res3D [49]; Transformer-based ViT-B [33],
ViT-L [33], Swin-B [46], and Swin-L [46]; and the Spiking Neural Network MS-ResNet [45]
and the hybrid neural network ReSpike (built upon ResNet18/ResNet50) [50].

From the results in Table 2, HSTNet outperforms most state-of-the-art action recogni-
tion models on the HMDB51 dataset. In terms of recognition accuracy, HSTNet improves
over ResNet18 by 12.70% and over ResNet50 by 9.12%. From the results in Table 3, HSTNet
maintains superior performance on the UCF101 dataset as well. Owing to the richer action
content in UCF101, the performance gains are even more pronounced: HSTNet improves
over ResNet18 by 11.78% and over ResNet50 by 8.73%. These results indicate that HSTNet
is able to achieve competitive recognition accuracy while offering favorable computational
efficiency and a more lightweight model design.
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Table 2. Performance comparison of different action recognition methods on the HMDB51 dataset.

Type Method Accuracy (%) FLOPs (G) SYOps (G) Params (M)

2D ANN ResNet18 50.70 29.18 – 11.70
2D ANN ResNet50 54.28 66.11 – 25.60
3D ANN C3D – 154.19 – 78.20
3D ANN Res3D 54.14 163.42 – 33.20
Transformer ViT-B 59.91 269.81 – 85.86
Transformer ViT-L 62.25 954.97 – 303.15
Transformer Swin-B 61.17 242.70 – 86.68
SNN MS-ResNet 40.76 0.35 3.19 0.56
Hybrid ReSpike (ResNet18) 52.70 14.47 1.93 30.08
Hybrid ReSpike (ResNet50) 58.20 23.57 1.93 44.58
Hybrid HSTNet 63.40 377.56 9.32 151.04

Note: The bold values indicate the best results.

To analyze the recognition performance of HSTNet across different action categories,
we further investigate the classification accuracy of each action class on the HMDB51 dataset.
Figures 8 and 9 illustrate the class-wise recognition results of HSTNet. The results show that
HSTNet achieves relatively high accuracy on most action categories, particularly for actions
with large motion amplitudes (e.g., class 6 “Climb” and class 16 “Golf”), where the model
demonstrates superior performance. In contrast, the recognition accuracy is relatively lower
for daily actions with small motion amplitudes and subtle variations (e.g., class 2, class 5,
and class 43, such as “Stand” and “Clap”). Considering that actions with small motion
amplitudes in real-world scenarios are generally less harmful, whereas violent events are
often accompanied by large and abrupt motion changes, this recognition characteristic
highlights the practical value of the proposed method for real-world applications.

Figure 8. Accuracy of HSTNet on the first 30 action classes of the HMDB51 dataset.

Figure 9. Accuracy of HSTNet on the remaining 21 action classes of the HMDB51 dataset.

https://doi.org/10.3390/app16041825

https://doi.org/10.3390/app16041825


Appl. Sci. 2026, 16, 1825 15 of 20

Table 3. Accuracy on UCF101.

Category Method Accuracy (%)

2D ANN ResNet18 79.14
2D ANN ResNet50 82.20
3D ANN C3D 85.23
3D ANN Res3D 85.82
Transformer Vit-B 85.53
Transformer Vit-L 87.43
Transformer Swin-B 90.03
SNN MS-ResNet 60.55
Hybrid ReSpike (ResNet18) 70.50
Hybrid ReSpike (ResNet50) 85.60
Hybrid HSTNet 90.93

Note: The bold values indicate the best results.

4.4. Ablation Studies

We conduct an in-depth study of how the dynamic feature interaction module, the
within-scale enhancement module, the cross-scale enhancement module, and the Feature
Pyramid Network (FPN) affect recognition accuracy. By progressively inserting these com-
ponents into a baseline model, we quantify the contribution of each and further analyze the
overall effect of different module combinations. As shown in Table 4, the baseline attains
an accuracy of 56.09%. After introducing only the dynamic feature interaction module,
HSTNet reaches 58.10%, indicating that the proposed interaction effectively fuses spatiotem-
poral features and enhances action recognition. Adding the within-scale enhancement
module and FPN yields a further absolute gain of 1.14%, demonstrating the positive role
of multi-scale feature extraction in video action recognition. With the cross-scale enhance-
ment module added, accuracy increases to 59.46%, confirming that the synergy between
cross-scale and within-scale enhancement effectively integrates multi-scale information
and strengthens the model’s representational capacity. Finally, after incorporating the
classification head to fuse multi-branch features, the model achieves an accuracy of 63.40%.

Table 4. Ablation study on module effectiveness.

Feature
Interaction

Within-Scale
Enhancement

Cross-Scale
Enhancement

Classification
Head

Accuracy (%)

✗ ✗ ✗ ✗ 56.08
✓ ✗ ✗ ✗ 58.10
✓ ✓ ✗ ✗ 59.24
✓ ✓ ✓ ✗ 59.49
✓ ✓ ✓ ✓ 63.40

Note: The bold values indicate the best results.

The classification head in this experiment fuses feature outputs from different branches.
Following the order of fusion inside the head, we denote the three fusion points as
Position 1, Position 2, and Position 3. To further validate the effectiveness of the fusion
strategy, we compare two alternatives—channel-wise concatenation and element-wise
addition—to examine their information-integration capability and impact on overall per-
formance in our network. The results are summarized in Table 5, where Add denotes
element-wise addition and Concat denotes channel-wise concatenation. The experimental
results indicate that the designed classification head fully exploits the complementary
information of SNN and ANN; together with the multi-scale representational power of
FPN and an adaptive weighting mechanism, it yields more accurate and robust classifica-
tion decisions.
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Table 5. Ablation study of different fusion strategies.

Position1 Position2 Position3 Accuracy (%)

Add Concat Add 62.35
Concat Add Add 62.05
Concat Concat Concat 59.83
Concat Concat Add 63.40

Note: The bold values indicate the best results.

4.5. Real-World Scenarios

To comprehensively validate the performance of the proposed algorithm in high-threat
public scenarios—especially for violence detection—we conduct comparative experiments
on the Hockey Fight and Movies Fight datasets against a range of mainstream methods.
The compared approaches include representative models such as ViF [51], ViF+OViF [52],
ResNet50 [47], and C3D [48]. The HSTNet results are obtained from our experiments
under the settings in Section 4.2, while the results of ViF, ViF+OViF, ResNet50, and C3D
are directly taken from their respective publications on the same datasets. The results are
reported in Tables 6 and 7.

Table 6. Accuracy on Hockey Fight.

Method Accuracy (%) Recall

ViF 82.00 –
ViF+OViF 87.50 –
ResNet50 95.50 0.96
C3D 93.50 0.92
HSTNet 96.50 0.97

Note: The bold values indicate the best results.

Table 7. Accuracy on Movies Fight.

Method Accuracy (%) Recall

ViF – –
ViF+OViF – –
ResNet50 96.00 0.98
C3D 82.00 0.79
HSTNet 98.00 1.00

Note: The bold values indicate the best results.

The videos in the Hockey Fight dataset are all taken from a uniform scene background,
with consistent camera angles and visual style, which aligns with the characteristics of
real-world video surveillance environments. The results in Table 6 show that the proposed
HSTNet achieves the best performance with a 96.50% accuracy and the highest recall rate
on this dataset, fully demonstrating its sensitivity in capturing the intense motion changes
of violent behavior in single-scene video surveillance. To visually present the recognition
results of the HSTNet algorithm, the confusion matrices for HSTNet and C3D are plotted
as shown in Figure 10. It can be observed that HSTNet shows significant advantages
in recognizing violent actions. Table 7 presents the experimental results on the Movies
Fight dataset. This dataset covers a variety of complex fight scenes, with non-uniform
background environments, making it highly challenging. The experimental results indicate
that the HSTNet model achieves a high accuracy of 98.00% and the highest recall rate, which
fully proves its strong adaptability and recognition performance in handling complex and
varied individual behaviors.
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(a) C3D confusion matrix (b) HSTNet confusion matrix

Figure 10. Comparison of confusion matrices of C3D and HSTNet.

5. Conclusions
We proposed HSTNet, a hybrid architecture that integrates a Spiking Neural Net-

work (MS-ResNet) with a Transformer (Swin Transformer) for video action recognition. To
enable efficient information exchange between the spiking and artificial neural branches,
we designed a feature interaction module that facilitates deep fusion of spatiotemporal
cues while suppressing background noise. To further exploit multi-scale information, we
introduced within-scale and cross-scale enhancement modules together with a Feature
Pyramid Network (FPN), collectively improving feature expressiveness. In addition, a
dedicated classification head aggregates multi-branch outputs to enhance recognition accu-
racy. Experiments on two public video datasets, HMDB51 and UCF101, show that HSTNet
achieves substantial gains in accuracy. Moreover, in high-public-risk scenarios of violence
detection, the model exhibits strong performance, underscoring its practical applicability.
These performance gains are not achieved at the cost of a substantial increase in model
parameters or computational complexity. Systematic ablation studies further indicate that,
although each functional module contributes a relatively modest improvement individually,
their effects are stable and consistent in enhancing overall performance. This demonstrates
a well-balanced design trade-off between recognition accuracy, computational efficiency,
and model complexity. Despite these gains, there remains room for improvement in captur-
ing long-range temporal dependencies within the hybrid framework. Although the SNN
branch effectively models long-term temporal cues, training SNNs can be challenging; more
efficient learning algorithms are needed to accelerate training and improve convergence.
Future work may explore conversion-based ANN–SNN frameworks that leverage advances
in conventional neural networks while reducing the number of timesteps and speeding up
inference. Building on this, we also plan to investigate on-device deployment of HSTNet
on standalone compute platforms. Finally, the present study focuses primarily on RGB
and residual frames, whereas real-world videos are often multi-modal (e.g., RGB, depth,
skeleton, optical flow). Future research will consider cross-modal alignment mechanisms
and optimized fusion strategies to enhance adaptability and robustness, thereby improving
generalization in complex environments.
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