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Abstract. In the field of deep learning, current human action recognition algorithms often treat temporal information, spatial
information, and background information equally, which leads to limited recognition accuracy. To address this issue, this paper
proposes a human action recognition algorithm based on spatiotemporal information interaction. First, a dual-pathway network is
proposed to learn spatial and temporal information at different refresh rates. The network includes a sparse pathway operating at
a low frame rate to capture spatial semantic information, and a parallel dense pathway operating at a high frame rate to capture
temporal motion information. Second, to extract more discriminative features from videos, a cross-dual attention interaction model
is introduced to focus on key regions of video segments and explicitly exchange spatiotemporal information between the two
pathways. Experimental results show that the proposed algorithm achieves recognition accuracies of 97.6% on the UCF101 dataset
and 78.4% on the HMDB5 dataset, outperforming the novel SlowFast algorithm by 1.8% and 1.4%, respectively. Combined with
a nighttime image enhancement algorithm based on MDIFE-Net curve estimation, the method achieved an accuracy of 83.2% on
the ARID nighttime dataset—an improvement of 22.9% over the performance before image enhancement. This demonstrates the
method’s strong potential for real-world nighttime action recognition applications.

Keywords: image enhancement, action recognition, illumination curve estimation, spatiotemporal information interaction,
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1. Introduction

Action recognition aims to detect human activities in video footage and has broad application prospects in fields such as smart
homes, intelligent security, human-computer interaction, and video retrieval. With the deepening of research in deep learning
models, the accuracy of human action recognition models based on deep learning now significantly surpasses that of early
traditional algorithms. These models simulate the human nervous system using bionic knowledge, automatically extract image
features, and perform classification through end-to-end multi-round training.

1.1. Action recognition algorithms based on deep learning

Currently, deep learning-based human action recognition algorithms can be broadly classified into the following categories: two-
stream convolutional-based algorithms, 3D Convolutional Neural Networks (3DCNN), and algorithms based on Long Short-Term
Memory (LSTM) networks.

(1) Two-Stream Convolutional Action Recognition Algorithms: Simonyan et al. were the first to propose the two-stream
convolutional network model in the field of video action recognition [1]. This model effectively extracts and aggregates spatial
and temporal features by processing spatial information using RGB video frames and temporal information using optical flow
frames. The spatial and optical flow prediction results obtained from the two-stream convolutional network are fused to generate
the final classification output. Although this model achieves promising results on both public and small-sample datasets, its
computational cost is high. To address this issue, Chen et al. proposed a lightweight and efficient neural network based on Graph
Convolutional Networks (GCN), named NLB-ACSE [2]. This model consists of two branches: a non-local block branch focusing
on long-range features and an adaptive cross-spatiotemporal edge branch focusing on short-range features. Both branches extract
information across time and space, focusing respectively on long-term and short-term dependencies, ultimately achieving
promising results. Ji et al. introduced the Temporal Shift Module (TSM), a model based on the two-stream structure that improves
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video action recognition performance by enhancing convolutional neural networks [3]. The temporal shift operation extends to the
video understanding domain by shifting certain channels along the temporal axis and combining information from neighboring
frames with the current frame. This allows for temporal modeling through the exchange of channel information between adjacent
frames and has led to state-of-the-art performance. Feichtenhofer et al. proposed a SlowFast network model [4], which integrates
a slow, high-resolution channel for extracting static spatial features with a fast, low-resolution channel for capturing dynamic
temporal features. These two parallel convolutional networks operate on the same video segment, achieving significant
performance improvements. Pang et al. introduced a novel deep network model [5], the GCN-Transformer Network (ConGT),
which integrates spatial and temporal modules in parallel. ConGT comprises two parallel streams: the Spatiotemporal Graph
Convolution stream (STG), which aims to preserve the natural topological structure of human skeletons, and the Spatiotemporal
Transformer Stream (STT), which captures global relationships between human joints. Additionally, a contrastive learning
paradigm is introduced to enhance action features by maximizing mutual information between the two streams. A Cyclical Focal
Loss (CFL) is also proposed to focus on confident samples in early training and hard samples in mid-training stages. These
contributions result in state-of-the-art performance.

(2) Action Recognition Algorithms Based on 3D Convolutional Neural Networks (3DCNN): Since video data contain both
spatial and temporal dimensions, action recognition in videos necessitates consideration of temporal information in addition to
spatial features, unlike static 2D images. Owing to its innovative temporal operations, 3D convolutional models have been widely
applied in the domain of video-based action recognition. Tran et al. proposed a 3D Convolutional Network (C3D) for action
recognition, which extracts spatiotemporal features from video clips using 3DCNN, thereby enhancing recognition accuracy [6].
This model achieved promising results on the UCF101 dataset. However, as the network depth increased, the model's error rate
also rose. To address the problems of gradient explosion and vanishing during backpropagation in deep networks, Tran et al. [7]
further introduced the Res3D network, which not only reduced the number of parameters by half compared to C3D but also
achieved better performance, effectively alleviating the gradient-related issues caused by deeper architectures. Carreira et al. [8]
proposed the Inflated 3D Convolutional Network (I3D), which integrates 3D convolutions with the two-stream approach. Using
video clips as input, I3D stacks multiple 3D convolutional layers to perform action recognition, yielding significant results on
public datasets. Christoph et al. [9] extended the depth and width of existing models and optimized image resolution and parameters
to propose the eXpand3D Convolutional Network (X3D), which achieved excellent results with minimal computational cost. Li
et al. [10] developed a residual network model incorporating multi-scale feature fusion and global average pooling. First, a multi-
scale feature extraction module is used to obtain features at various scales, thereby enriching spatiotemporal information. Then, a
global average pooling layer is adopted at the network's output stage in place of fully connected layers to reduce excessive
parameters, ultimately resulting in superior performance. Although 3DCNNS5 can directly extract spatiotemporal information from
RGB images or video segments, their high computational cost and parameter complexity make them less practical in real-world
applications. Furthermore, their increased parameter counts often lead to overfitting. Consequently, many hybrid models have
been proposed to balance spatiotemporal modeling capability and computational efficiency.

(3) Action Recognition Algorithms Based on Long Short-Term Memory (LSTM): Compared with convolution-based methods,
Recurrent Neural Networks (RNNs) incorporate hidden state data from previous time steps into current computations, effectively
preserving temporal dependencies and making them more suitable for sequential data. Donahue et al. [11] combined the strengths
of CNNs in image processing with the sequential modeling capability of LSTMs by first using a CNN to extract spatial features
from video clips and then feeding these features into an LSTM to model temporal dynamics, eventually fusing both to determine
the action class. Si et al. [12] utilized Graph Convolutional Networks (GCNs) to extract spatial features and LSTMs to model
temporal dynamics, achieving strong performance. However, these methods treat spatial and temporal information separately and
fail to capture their joint representations. To overcome this limitation, Li et al. [13] proposed a method that integrates convolutional
operations with LSTM networks. Recognizing the pixel-level correlations between adjacent video frames, they replaced the
standard LSTM operations with convolutional ones, allowing the model to simultaneously capture spatial and temporal features,
leading to better results. While RNNs offer unique advantages in handling temporal data, they are prone to gradient vanishing or
explosion. Bidirectional LSTM (BiLSTM) networks address this issue by using memory cells to store long-term dependencies.
Aljarrah et al. [14] proposed a BiLSTM-based action recognition model combined with Principal Component Analysis (PCA) for
dimensionality reduction, achieving high recognition accuracy. Wang et al. [15] proposed a two-stream BiLSTM architecture that
extracts spatiotemporal features from video frames. They introduced an optical flow discrimination loss function to better capture
changes in motion, and ultimately achieved high recognition performance on public datasets.

1.2. Action recognition algorithms integrating attention mechanisms

In addition to the above, attention mechanisms have been widely applied across various tasks, especially in image classification
and video analysis. Due to their ability to enhance model performance with minimal additional parameters, many researchers have
begun incorporating attention mechanisms into action recognition frameworks. Attention modules are capable of capturing long-
range spatial dependencies and long-duration temporal relationships. By embedding attention mechanisms into networks that
facilitate mutual learning between components, the accuracy and performance of video action recognition can be significantly
improved. Vaswani et al. [16] introduced the Transformer, a neural network architecture based entirely on attention mechanisms,
replacing traditional RNNs and CNNs. Wang et al. [17] proposed a non-dimensionality-reducing local inter-channel interaction
strategy based on fast 1D convolution, and designed an adaptive method to select kernel sizes to determine the local receptive field
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for inter-channel interactions. Woo et al. [18] proposed a lightweight and generic attention module that sequentially applies
attention in the channel and spatial dimensions. This module reallocates weights for both spatial and channel features and multiplies
them with the original feature maps, implementing a self-adaptive feature weighting scheme. Fu et al. [19] proposed a dual-
attention mechanism to model and fuse both local and global features in the spatial and temporal domains. Pan et al. [20] proposed
a co-attention mechanism to address temporal misalignment. Liu et al. [21] focused on temporal weight modeling and enhanced
crucial motion features through channel attention mechanisms, thereby supplementing temporal contextual information. Wang et
al. [22] proposed a method based on searching for optimal spatiotemporal attention units, which can be inserted at arbitrary
positions within a network to enhance spatiotemporal features. Experimental results demonstrated that this method significantly
improved video understanding performance.

2. Model overview

2.1. Spatiotemporal interaction network concept

There are two primary challenges in recognizing human actions from video clips: extracting discriminative features and leveraging
temporal information to model dynamic changes in actions throughout the video. The Two-Stream Network addresses these by
proposing a dual-branch architecture that extracts temporal and spatial features separately. One branch receives individual RGB
frames to capture spatial information, while the other receives multiple optical flow frames to capture temporal information.
Together, they represent the complete information of a video sequence, allowing for action recognition through the fusion of spatial
and temporal features. However, optical flow relies on handcrafted features, which are not conducive to end-to-end learning. This
separation of spatial and temporal processing has inspired new directions in the design of video action recognition models.

Compared to static images, videos are primarily different in the temporal dimension. When handling video data, it is usually
represented in the form of (x, y, t), where t denotes time. Since variations along the temporal and spatial axes do not occur with
equal probability, spatial and temporal information cannot be treated identically. Spatial changes tend to be visually gradual,
leading to slower sampling and recognition, whereas action changes often occur much more rapidly than changes in the appearance
of the subject. For example, under a fixed background, a person's action category may be "walking," but during the video, the
action may shift to "running," "jumping," or "climbing," while the person’s appearance remains largely unchanged. This implies
that the appearance of the object does not require a high refresh rate, whereas action recognition does. Inspired by this observation,
this study proposes a dual-path network that processes temporal and spatial information separately at different refresh rates for
better spatiotemporal modeling of actions in videos.

In deep learning, integrating attention mechanisms into network architectures allows the model to intelligently focus on relevant
regions during recognition tasks [23], thereby enhancing performance and offering high research value. In the domain of action
recognition, adaptively learning specific temporal and spatial features remains a significant challenge. To extract more
discriminative features from images and suppress irrelevant background noise, attention mechanisms are introduced to emphasize
important areas in video frames, ultimately improving model accuracy.

To address the above challenges, this chapter proposes a human action recognition algorithm based on spatiotemporal
information interaction. The innovations are summarized as follows:

(1) A dual-path network is proposed to extract spatiotemporal features. A sparse path captures spatial semantic information
using low frame rates and slow refresh speeds, while a parallel dense path captures rapidly changing motion information using
high frame rates and fast refresh speeds.

(2) A Cross Dual-Attention Interaction Module is proposed to focus attention on critical regions within video clips and facilitate
explicit exchange of spatiotemporal information between the two paths. A 3D spatiotemporal self-attention mechanism is
employed to compute attention maps from the sparse path to the dense path, while a 3D efficient channel attention mechanism
assigns importance weights across channels. The final spatiotemporal features are fused via a cross-connected structure.

2.2. Description of the spatiotemporal interaction network model

This section presents the spatiotemporal interaction network model, as illustrated in Figure 1. First, the video is input into both the
sparse and dense paths, which process data simultaneously. The sparse path samples video frames with a large temporal stride,
extracting spatial features at a low frame rate and slow refresh speed. The dense path samples frames with a small temporal stride
to extract temporal features at a high frame rate and fast refresh speed. Meanwhile, the Cross Dual-Attention Interaction Module
focuses on key areas of video clips. After four rounds of spatiotemporal interaction, the spatial and temporal features are fused.
The fused features are passed through a Softmax function for action classification and labeling. The following subsections will
detail the key components of the proposed algorithm: the dual-path network and the cross dual-attention interaction module.
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Figure 1. Cross dual-attention interaction module
2.2.1. Dual-pathway network

Feichtenhofer et al. discovered that RGB video data can be divided into two distinct components [24]: slowly changing static
regions and rapidly changing dynamic regions. This finding suggests that two different types of features can be extracted from the
same RGB video data. Inspired by this idea, we propose a dual-pathway network for action recognition. The network consists of
two branches: a sparse pathway that extracts spatial semantic features at a low frame rate and slow refresh rate, and a dense
pathway that captures temporal motion features at a high frame rate and fast refresh rate.

The initial pathway allocation strategy draws on insights from bionics. Studies have shown that in the visual systems of primates
[25], approximately 80% of retinal ganglion cells are parvocellular (P-cells), while the remaining 20% are magnocellular (M-cells).
M-cells exhibit high dynamic temporal processing capabilities, allowing them to effectively perceive temporal changes, but they
are not sensitive to spatial detail. In contrast, P-cells are highly effective at processing static spatial information but lack accuracy
in capturing temporal changes. Inspired by this biological analogy, the dual-pathway network is designed to emulate this division:
the dense pathway is analogous to M-cells and the sparse pathway to P-cells. The concepts of cell size and quantity are mapped to
frame sampling rates and channel numbers, respectively. Enhancing the temporal modeling ability (frame rate) of one branch while
reducing its spatial modeling complexity (channel width) not only reduces computational load but also allows each branch to
specialize in its respective role.

The 3DResNet architecture is employed as the backbone network due to its ability to extract mixed spatiotemporal features
and its use of skip connections to alleviate the vanishing gradient problem [25]. Both pathways use the same backbone architecture
but operate at different temporal speeds. The specific design is as follows:

1. The input is low-frame-rate video data. This branch operates in a spatiotemporal convolutional manner and primarily captures
spatial semantic information. It runs at a slow refresh rate with a large temporal stride. For every 7 frames in the input video
(tr > 1), only one frame is processed. In our design, t is set to 16. If the sparse pathway samples T frames, then the total length
of the original video clip is T X T frames.

2. The dense pathway operates in parallel with the sparse pathway, processing the same video segment but with high-frame-rate
input. Its primary function is to capture rapidly changing temporal motion information, operating at a fast refresh rate and small
temporal stride. The input frame stride for this branch is defined as t/a (@ > 1), where a denotes the ratio of the dense
pathway’s frame rate to that of the sparse pathway. In this study, « is set to 8. Unlike the sparse pathway, the dense pathway
does not require strong spatial semantic modeling capabilities. Therefore, the number of channels in this branch is reduced to
B times that of the sparse pathway (8 < 1), and we set § = 1/8. Although the dense pathway extracts frames at a higher
frequency, the reduced number of channels significantly lowers its computational cost. As a result, it consumes only about 20%
of the total computational load, ensuring that the sub-network remains lightweight. The parameter configuration of the
spatiotemporal interaction network is presented in Table 1. The spatial-temporal dimensions are denoted as T X S2 where T is
the temporal duration and S is the side length of the spatial crop.
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Table 1. Parameters of the spatiotemporal interaction network

Stage Sparse Pathway (3DResNet50) Dense Pathway (3DResNet50) Output Size
Raw Input - - 642242
S : 4%2247
Sampling Stride16, 12 Stride 2, 12 parse
Dense: 32x224?
P 1x7?% 64 5x72%, 8 Sparse: 4x1122
onv Layer
Y Stride 1, 2> Stride 1, 22 Dense: 321122
) MaxPool 1x32 MaxPool 1x32 Sparse: 4X56°
Pooling . .
Stride 1, 22 Stride 1, 22 Dense: 32x562
1 x 12,64 | [3x 12,8 | Sparse: 4X562
Residual Block 1 1x32,64 |x3 1x3%8 [x3 )
1 x 12, 256, 112,32, Dense: 32X56

Cross Dual-Attention Interaction Module

[1 x 12,128] 3 x 12,16 Sparse: 4x282
Residual Block 2 1x32%,128| %3 1x32%16(x3 5
112,512, 1 x 12, 64, Dense: 32x28
Cross Dual-Attention Interaction Module
3 x 12,256 | 1 x 12,32 ] Sparse: 4x 142
Residual Block 3 1x 32,256 [x3 1x32%,32 [x3 5
1% 12,1024 |1 x 12,128 Dense: 3214
Cross Dual-Attention Interaction Module
[3 x 12,512 | [1x 12,64 | Sparse: 47>
Residual Block 4 1x32%,512 |x3 1x32%,64 |x3 Dense: 32572
1 x 12,2048 1 x 12,256 ense:

Cross Dual-Attention Interaction Module

Global Avg Pooling, Feature Fusion, Fully Connected Layer #Action Categories

The input to the network consists of RGB video frames with a resolution of 64x2242. A convolutional layer with a stride of
16x12 is applied to the input frames to produce feature maps of size 4x224? for the sparse pathway. Simultaneously, a
convolutional layer with a stride of 2x12 is applied to produce 32x224? feature maps for the dense pathway. The next convolutional
layer for the sparse pathway uses 1x7 kernels with 64 channels and a stride of 1x2, resulting in output feature maps of size 4x1122,
For the dense pathway, 5x7 kernels with 8 channels and the same stride (1x2) are applied, producing 32x1122 feature maps.
Following this, both pathways apply max pooling layers with a kernel size of 1x3 and a stride of 1x2, downsampling the output
feature maps to 4x562 for the sparse pathway and 32x562 for the dense pathway.

Residual Block 1 consists of three residual units, each comprising three convolutional layers: a 1x1 convolution with 64 filters
to adjust channel dimensions, a 1x3 convolution for spatial feature extraction, and another 1x1 convolution with 256 filters for
residual addition. This design enables the network to align and combine feature maps of varying dimensions efficiently. A cross
dual-attention interaction module is inserted after Residual Block 1 to enhance feature representation by enabling interaction
between the two pathways. The outputs remain at 4x562 and 32x562, respectively. Residual Blocks 2, 3, and 4 follow the same
design pattern, with cross dual-attention modules inserted after each block. Ultimately, the feature maps are downsampled to 4x7>
for the sparse pathway and 32x72 for the dense pathway.

After feature extraction through the residual blocks, global average pooling is applied to each feature map to compress each
channel into a single value. The outputs from the sparse and dense pathways are then fused to form a single feature vector, which
is passed through a fully connected layer to produce the final action class prediction.

2.2.2. Cross Dual-Attention Interaction Module
As shown in Figure 2, this chapter proposes a Cross Dual-Attention Interaction Module, which facilitates information exchange

between the sparse and dense pathways via a combination of 3D spatiotemporal self-attention and 3D efficient channel attention
mechanisms.
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Figure 2. Cross dual-attention interaction module
2.2.2.1. Attention mechanism

The human visual system can rapidly scan the environment to locate salient regions and focus cognitive resources on these areas
for detailed processing, while ignoring irrelevant information. Inspired by this mechanism, attention models in deep learning aim
to highlight task-relevant information from a large pool of inputs, effectively improving model performance.

To enhance the network’s representational capacity and leverage the rich spatiotemporal information inherent in action videos,
this chapter proposes a 3D spatiotemporal self-attention mechanism for generating attention maps from the sparse to the dense
pathway, and a 3D efficient channel attention mechanism to assign varying importance weights across channels. These two
mechanisms are integrated through cross-connections to enable dynamic information exchange between pathways.

(1) 3D Spatiotemporal Self-Attention Mechanism: Given an input feature tensor I[C, T, H, W], the raw input video is first
processed using a 1x1x1 convolutional kernel to generate three sets of video features. These are then used to adaptively assign
weights along the height, width, and temporal dimensions, respectively. In each dimension, the darker the color in the
corresponding heatmap block, the more critical that region is for classifying the video action category, and thus the model allocates
more attention to it. After two rounds of feature selection and filtering via the 3D spatiotemporal self-attention mechanism,
attention weights are distributed over all pixels, further refining the extracted features. Additionally, a residual connection is
incorporated to preserve static background information and prevent degradation in the model’s learning capacity. As illustrated in
Figure 3, the detailed process is as follows:

The 3D spatiotemporal self-attention mechanism generates attention weights across both spatial and temporal dimensions.
Conceptually, this process can be interpreted as unsupervised estimation of the influence exerted by surrounding neighboring
pixels on a given pixel. The attention computation begins with the width-direction, where all pixels along this axis interact with
each other to compute individual attention weights. The same operation is applied to pixels that lie in the same row, column, or
share the same location across the temporal sequence. Through iterative traversal, each pixel ultimately captures global contextual
information from all other pixels.

Specifically, three independent attention operations are performed along the width, height, and temporal directions to
implement the 3D spatiotemporal self-attention. For instance, in width-direction attention, the input feature tensor is first reshaped
to I[{T,H}, W,CII[\{T, H\}, W, C|I[{T,H}, W, C], followed by three 1x1 convolutions to generate the query (Q), key (K), and
value (V) matrices, each of the same shape I[{T, H}, W, C]. The attention weights for the width direction are then computed via
the dot product of Q and the transpose of K, and normalized using the Softmax function, as shown in Equation (1). The final output
of the 3D spatiotemporal self-attention module is a refined feature tensor O[C, T, H, W], calculated as follows:

T
Attention(Q,K,V) = softmax(%)V (1)

OlCTHW] = Attention(Q,K,V) + I(CTHWI )
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Figure 3. 3D spatiotemporal Self-Attention mechanism

Where Q =F-Wq, K =F-Wk,V=F-Wv, Q,K,V, represent Query, Key and Value respectively. Wq, Wk, Wv denote
the learnable projection matrices. I represents the input video feature tensor, and O denotes the output feature tensor.

By analogy, the height-direction attention is computed starting from the reshaped feature map I{7"W3#.C1 while the temporal-
direction attention begins with IWH}T:C] The attention features from the width, height, and temporal directions are then added to
the original input features to obtain the final fused feature representation. This fused feature captures both spatial information from
width and height directions and temporal information from the time direction. After the first round of computation, each pixel is
influenced by all other pixels along the same row, column, and temporal position. This attention mechanism can be recursively
applied, enabling each pixel to attend to all other pixels across the entire feature map, thereby capturing comprehensive global
context. Notably, the two self-attention modules share parameters, which effectively reduces memory consumption in practice and
introduces minimal computational overhead.

(2) 3D Efficient Channel Attention Mechanism: Given an input feature tensor / 1, the original video features are first
passed through global average pooling to remove spatial and temporal dimensions, preserving only the channel-wise information.
Next, a 1D convolution is applied to model the correlations between adjacent channels, enabling local cross-channel information
interaction. This process can be interpreted as a sliding window that aggregates nearby channel features. The output is then passed
through a Sigmoid activation function to generate the channel attention weights, thereby enhancing feature representations. In the
resulting attention map, darker-colored channel blocks indicate higher importance, signifying that the model allocates greater
weights to these channels. Furthermore, a residual connection is introduced to preserve static background information and ensure
the model's learning capacity remains intact. The overall process is illustrated in Figure 4.
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Figure 4. 3D Efficient Channel Attention Mechanism
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The 3D Efficient Channel Attention Mechanism captures inter-channel and multi-channel interactions while avoiding
dimensionality reduction. After performing global average pooling, a vector of size 1x1x1xC is obtained, retaining only channel-
wise information. An adaptive kernel size k is then computed and used in a 1D convolution to calculate the weight of each channel.
The number of weights determines the kernel size k. To reduce parameter count, the module adopts weight sharing, reducing the
number of weights from k X C to just k. The value of k varies depending on the number of channels C, and once C is determined,
the adaptive kernel size k can be calculated using the following formulas:

C = ¢(k) = 2vk> (3)
_ _ |log2(©) , b
k=0 =[P5=+]| )

Here, y =2 and b =1, |t|,qq denotes the nearest odd number to ensure symmetry in convolution.
Next, a 3D global average pooling operation is applied to remove the spatial and temporal dimensions, preserving only the
channel-wise information, as defined by:
1
T«H*W

Avg(IETHMYy = SR Lijie )
Where Avg (I1¢THW1) denotes the result of 3D global average pooling. Based on this, the final output of the module is defined
as:

O[C,T,H,W] — O'(CIDk (A‘Ug (I[C,T,H,W]))) . I[C,T,H,W] + I[C,T,H,W] (6)

Where CID denotes the 1D convolution, k represents the adaptive kernel size, and ¢ denotes the Sigmoid activation function.
2.2.2.2. Feature fusion method

As shown in Figure 2, in order to fuse information between the sparse and dense paths, it is first necessary to align the dimensions
of the obtained features—specifically, the channel (C) and temporal (T) dimensions in [C,T,H,W]. In the spatiotemporal
information interaction network proposed in this chapter, the input feature map of the sparse path is [C, T, H, W], while the input
feature map of the dense path is [BC, aT, H, W], where C represents the number of convolutional channels, T, H, and W denote
the temporal length, spatial height, and width, respectively. a and S represent the temporal speed ratio and channel ratio,
respectively. Feature fusion is achieved through cross-connections between the sparse and dense paths.

(1) Fusion from the Dense Path to the Sparse Path: In this direction, the dense path contains more frames than the sparse path—
specifically, @ times more. Therefore, a 3D temporal max pooling operation with a kernel size of [«,1,1] and a stride of [a,1,1] is
used to downsample the dense path from aT frames to T frames. This results in a new spatiotemporal feature map, in which each
pixel represents the most salient feature among the a frames. Next, channel attention is computed to assign appropriate weights to
each channel, further enhancing performance. Finally, the temporal features of the dense path are laterally connected to the spatial
features of the sparse path in the next stage. The resulting fused feature map has the shape [fC + C, T, H, W].

(2) Fusion from the Sparse Path to the Dense Path: In this direction, a 1x1x1 convolutional layer is first applied to reduce and
match the number of channels. Subsequently, a spatiotemporal attention map is computed for specific spatiotemporal features, and
the execution order is optimized so that computationally expensive operations are performed on smaller feature maps. Then,
nearest-neighbor interpolation is used along the temporal axis to upsample the sparse path by a factor of [, 1,1], expanding the T
frames to aT frames. Finally, the spatial features of the sparse path are fused with the temporal features of the original dense path.
To achieve dimensional consistency between the two paths, lateral connections are used. Currently, three lateral connection
strategies are considered:

* Time-to-Channel: Compresses a frames into a single frame by increasing the number of channels,

transforming [BC, aT, H, W] into [aSC,T,H, W];
e Temporal Interval Sampling: Randomly samples one frame out of every a frames, converting [BC,aT,H, W] into
[ﬁ C' T' H ) W]’

¢ Temporal Interval Convolution: Applies a 3D convolution with a kernel size of 5x1x2, outputting 25C channels, and a stride

of @ in the temporal dimension.

Given the stochastic nature of video actions, which are not always evenly distributed over time, the first two methods may
result in the loss of critical action segments, thereby negatively affecting recognition accuracy. Therefore, the temporal interval
convolution approach is adopted for lateral connection, resulting in a fused feature map with shape [SC + BC, T, H, W1.

2.3. Experiments and analysis

The algorithm proposed in this chapter is implemented using the deep learning framework PyTorch, and the operating system used
is Windows 10. The Central Processing Unit (CPU) is an Intel(R)Core(TM)i9-9820XCPU@3.30GHz, and the Graphics Processing
Unit (GPU) is an NVIDIAGeForceRTX2080Ti, with 16 GB of RAM. The algorithm is optimized using the SGD optimizer, with
an initial learning rate set to 0.01. A cosine annealing strategy is used to decay the learning rate, with a momentum of 0.9, weight
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decay of 0.0006, and a dropout rate of 0.5. The number of training epochs is 150, and the batch size is 8. The following sections
introduce the experimental setup and datasets, followed by the presentation and analysis of the experimental results.

2.3.1. Dataset description

The experiments and analysis in this section are based on the algorithm presented in Section 2.2. The publicly available UCF101,
HMDB51, and ARID datasets are used for evaluation. The UCF101 dataset consists of video clips collected from YouTube [26],
introduced by Soomro et al. in 2012. Sample video clips from the dataset are shown in Figure 5. The dataset contains 13,320 videos
across 101 human action categories, each with a resolution of 320x240. These categories can be grouped into five major types:
Instrument playing, Sports, Actions by children, Human-human interaction, Human-object interaction.

Figure 5. Sample action clips from the UCF101 dataset

The HMDBS51 dataset is primarily compiled from various released films [27], with a smaller portion collected from public
datasets. It contains 6,849 video clips across 51 human action categories, with each category having at least 101 video clips.

Sample clips from the dataset are shown in Figure 6. These action categories can be grouped into five main types: Human
interactions, General body movements, Body-object interactions, General facial actions, Facial actions involving object
manipulation

Figure 6. Sample action clips from the HMDBS51 dataset
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The ARID dataset [28] is the first dataset focused on human actions in dark environments. It consists of over 3,780 video clips
covering 11 action categories, including: drinking, jumping, picking, pouring, pushing, running, sitting down, standing up, turning
(left or right), walking, and waving—as shown in Figure 7. These clips were recorded in 11 different scenes (24 indoor and 12
outdoor environments) with more than 12 volunteers participating. The video clips are significantly affected by illumination, noise,

and other challenging conditions.

Figure 7. Sample action clips from the ARID dataset

2.3.2. Evaluation metrics

In binary classification tasks, there are four types of prediction outcomes: True Positive (TP): A positive sample is correctly
predicted as positive; False Negative (FN): A positive sample is incorrectly predicted as negative; True Negative (TN): A negative
sample is correctly predicted as negative; False Positive (FP): A negative sample is incorrectly predicted as positive. When the
prediction results are TP or TN, the recognition is considered correct. Based on the above conditions, the confusion matrix is
shown in Table 2.

Table 2. Confusion matrix

. . Ground Truth
Confusion Matrix . .
Positive Negative
L Positive P FP
Prediction .
Negative FN TN

In this chapter, Accuracy is adopted as the evaluation metric for assessing model performance, defined as:

TP+TN
— 0
Accuary = . 100% 7

where TP and TN denote correctly predicted samples, and FP and FN denote misclassified samples.
2.3.3. Ablation study

To verify the effectiveness of each module in the proposed algorithm, ablation experiments were conducted on the HMDBS51 and
UCF101 datasets. The experimental results are shown in Table 3, where " v " indicates the module is used and " X" indicates it is
not.

From Table 3, it can be seen that using only the dense path yields relatively low accuracy. This is because the dense path is a
lightweight model with fewer channels—accounting for only 20% of the overall network's computation—thus weak in spatial
information processing. In contrast, using only the sparse path achieves higher accuracy due to its higher computational load and
richer feature extraction. When both paths are used and their spatial and temporal features are fused, accuracy is significantly
improved, demonstrating the feasibility of the dual-path network. With the cross dual-attention interaction module integrated, the
model achieves the highest accuracy. This improvement stems from the dual-attention mechanism and the clearly defined
bidirectional information exchange, which enable the sparse path to focus more effectively on important contextual semantic
regions, while the dense path gains enhanced perceptual capabilities. As a result of these enhancements, the spatiotemporal
interaction network achieves superior performance.
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Table 3. Ablation experiment results

Dense Path Sparse Path Cross anl-Attention Accuracy (%)
Interaction Module UCF101 HMDB51
J X X 78.5 51.7
X N X 90.3 72.6
J J x 95.8 77.0
J J 97.6 78.4

2.3.4. Comparative experiments

To validate the effectiveness of the proposed Spatiotemporal Interaction Network, comparative experiments were conducted on
the public HMDBS51 and UCF101 datasets. The model was compared against several mainstream human action recognition models,
including Res3D [25], Two-stream [1], LRCN [29], and SlowFast [4]. The results are presented in Table 4.

Table 4. Comparative results on public datasets

Accuracy(%)
Method
UCF101 HMDB51

Res3D 85.8 54.9
Two-stream 86.9 58.0
LRCN 88.6 61.0
Slowfast 95.8 77.0
Ours 97.6 78.4

As shown in Table 4, the proposed method achieves the best classification performance. Specifically, it outperforms the
SlowFast model by 1.8% on the HMDBS51 dataset and 1.4% on the UCF101 dataset, demonstrating the effectiveness of the
proposed Spatiotemporal Interaction Network.

2.3.5. Application experiments

In this section, the proposed Spatiotemporal Interaction Network is tested on the nighttime ARID dataset both before and after
image enhancement [28]. The action recognition model, trained on the HMDBS51 dataset, is evaluated on 11 action categories from
12 outdoor scenes in the ARID dataset, with 12 video clips selected for each category. The experimental results are presented in

Table 5, and Figure 3 provides visual comparisons from 10 experimental groups.

Table 5. Action recognition accuracy on the ARID dataset

Action Category Accuracy Before Enhancement (%) Accuracy After Enhancement (%)
drink 61.5 84.3
jump 62.3 86.5
pick 45.1 79.8
pour 35.6 63.6
push 423 76.9

run 87.6 98.6

sit 35.1 62.1

stand 41.9 753

turn 753 91.2

walk 89.6 99.5

wave 87.2 97.5
Average (All 11) 60.3 83.2

As shown in Table 5, the recognition accuracy for every action category significantly improves after image enhancement. The
average recognition accuracy increases by 22.9%, indicating that the enhanced images greatly improve action recognition
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performance. This is because nighttime surveillance videos typically suffer from low brightness and contrast, resulting in blurry
content and lost details, which make feature extraction and action recognition difficult and inaccurate. However, after enhancement
using the nighttime image enhancement model described in Chapter 3, the videos exhibit improved contrast, brightness, clarity,
and color saturation. These improvements enable the extraction of more meaningful features, leading to a substantial increase in
recognition accuracy.

As shown in Figure 8, Figures 8(b) and 8(d) illustrate the recognition results after enhancement of Figures 8(a) and 8(c),
respectively. The results clearly demonstrate that the recognition accuracy improves significantly after image enhancement using
the Spatiotemporal Interaction Network. This is because the pre-enhancement videos suffer from poor brightness and contrast,
making the actions hard to discern. In contrast, the enhanced videos illuminate extremely dark regions while preserving well-lit
areas, thereby enhancing clarity and visibility, which facilitates the extraction of richer features and results in higher recognition
performance. In summary, applying image enhancement before action recognition significantly improves the performance of
nighttime human action recognition.

Jjump: 48%

(b)

Figure 8. Human action recognition results before and after nighttime image enhancement

To further analyze the experimental results, confusion matrices are used. In a confusion matrix, each row represents the
proportion of actual video categories, while each column represents the proportion of predicted categories. The darker the cell
color and the higher the percentage, the more accurately that class is recognized. The confusion matrices for the 11 outdoor action
categories in the original ARID dataset are shown in Figure 9, where Figure 9(a) displays the confusion matrix before enhancement,
and Figure 9(b) shows the matrix after enhancement. The following analysis is based on these two confusion matrices.

As shown in Figure 9, the misclassification rate in Figure 9(a) is significantly higher than that in Figure 9(b). This is mainly
because the original nighttime ARID videos suffer from serious visual degradation, including low brightness, poor contrast, and
unclear details, which reduce the amount of useful features extractable during the recognition stage, resulting in increased
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misclassification. In contrast, the enhanced videos eliminate the adverse effects of insufficient lighting, thereby substantially
improving recognition accuracy.

In addition, the confusion matrices show variation in recognition accuracy across different action categories. This can be
attributed to factors such as: whether the action involves significant visual changes, how distinguishable it is from other actions,
and the complexity of the environment. For example: The actions pick and drink exhibit subtle changes, relatively static postures,
and overlap with actions like stand and sit, resulting in lower recognition accuracy. Although jump involves more pronounced
movement, it shares visual similarities with stand and sit, leading to frequent confusion and reduced accuracy. Pour and push show
larger motion changes but are visually similar to each other, which also lowers their classification accuracy.

100 ity
Wave - 128 Wave 25

90 920
e . s o ik i

70
stand - 47 56 61 418 62 54 198 59 44 70 stand 26 13 23 . 24 | 15 92 | 31 23

sit 313 351 102 98 136 L 39 . 0

Push 156 195 423 226 | 5 P . 231 1 10
Pour 168 187 289 356 35 Pour 364 . 3
Pick 256 293 Pick 13 89
20 20
Jump 194 183 Jump 69 | 66
10 10
Drink 186 199 . Drink 78 79 .
0

Wave Walk Tum Stand Sit  Run Push Pour Pick Jump Drink Wave Walk Tum Stand Sit  Run Push Pour Pick Jump Drink

(a) Before enhancement (b) After enhancement

Figure 9. Confusion matrices on the ARID dataset
3. Conclusion

This chapter proposes a human action recognition model based on spatiotemporal information interaction. Firstly, a dual-path
network is introduced to independently learn spatial and temporal features. It consists of a sparse pathway that operates at a low
frame rate to capture semantic spatial information, and a parallel dense pathway that runs at a high frame rate to capture temporal
motion information. Secondly, to extract more discriminative features from the video, a cross dual-attention interaction module is
proposed to focus attention on key regions of the video segments and to explicitly exchange spatiotemporal information between
the two pathways. Comparative experiments conducted on the public datasets HMDBS51 and UCF101 demonstrate that the
proposed method achieves higher accuracy than four mainstream action recognition algorithms. Additionally, ablation studies
validate the rationality and necessity of each component in the model. Finally, a set of comparative experiments on the nighttime
ARID dataset—between models applied to pre-enhancement and post-enhancement video—show a significant increase in
recognition accuracy after enhancement, thereby verifying the feasibility and effectiveness of the proposed method.
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