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Abstract

To address issues such as the requirement for fixed-length video segments and
insufficient utilization of spatio-temporal information in existing human action
recognition methods, we propose a deep neural network model combining spatio-
temporal pyramids with attention mechanisms. The model integrates a 3D-
CNN incorporating spatio-temporal pyramids and an LSTM model augmented
with spatio-temporal attention mechanisms, enabling multi-scale processing of
video segments and full exploitation of complex spatio-temporal action informa-
tion. RGB images and optical flow fields are employed as spatial and temporal
inputs, respectively, while fused features combining motion and appearance fea-
tures from pyramid pooling layers serve as the fusion domain input. Finally, a
decision-level fusion strategy is adopted to obtain the final action recognition re-
sults. Experiments on the UCF101 and HMDB51 datasets achieved recognition
accuracies of 94.2% and 70.5%, respectively. Experimental results demonstrate
that the improved network model achieves high recognition accuracy on video-
based human action recognition tasks.
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Preamble

Improved Deep Convolutional Neural Network for Human Action
Recognition

He Binggian, Wei Wei, Zhang Bin, Gao Lianxin, Song Yanbei
(College of Computer Science & Technology, Chengdu University of Information
Technology, Chengdu 610225, China)

Abstract: Existing human action recognition methods require fixed-length
video segments as input and fail to fully utilize spatiotemporal information.
To address these limitations, this paper proposes a deep neural network model
that combines spatiotemporal pyramid pooling with an attention mechanism.
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The improved architecture integrates a 3D-CNN incorporating spatiotemporal
pyramids with an LSTM model enhanced with spatiotemporal attention, en-
abling multi-scale processing of video segments and comprehensive exploitation
of complex spatiotemporal action information. RGB images and optical flow
fields serve as inputs for the spatial and temporal domains, respectively, while
fused features combining motion and appearance characteristics from the pyra-
mid pooling layer constitute the fusion domain input. Final action recognition
results are obtained through a decision-level fusion strategy. Experiments on
the UCF101 and HMDB51 datasets achieve recognition accuracies of 94.2% and
70.5%, respectively. The experimental results demonstrate that the improved
network model attains high recognition accuracy for video-based human action
recognition tasks.

Keywords: action recognition; deep learning; spatiotemporal pyramid; atten-
tion mechanism; convolutional neural network

0 Introduction

Human action recognition has become one of the most active research areas in
computer vision due to its wide applications in human-robot interaction, vir-
tual reality, home security, and public safety. Current recognition algorithms
can be broadly categorized into two classes: traditional hand-crafted feature-
based methods and deep learning-based approaches. Deep learning methods
have demonstrated significant advantages over traditional approaches on vari-
ous challenging video datasets. Nevertheless, accurately distinguishing between
different action categories remains challenging due to environmental factors such
as illumination variations and occlusions, inter-class and intra-class differences
in action categories, and the limited size of video datasets. These issues pose
substantial challenges for robust feature extraction and action classification.

To overcome the limitation of convolutional neural networks being primarily ap-
plied to 2D images and to effectively incorporate motion information for video
analysis, Ji et al. [14] proposed performing three-dimensional convolutions in
CNN layers to capture discriminative features across both spatial and temporal
dimensions. However, this model still fails to fully exploit spatiotemporal video
features. Simonyan and Zisserman [6] introduced a two-stream convolutional
network that better utilizes temporal information in video data. This archi-
tecture employs two convolutional networks that take RGB images and optical
flow from video frames as inputs, respectively, extracting temporal and spatial
features for action representation before fusing them for classification. While
this model leverages spatiotemporal video sequence features to some extent, it
may be insufficient for capturing complex spatiotemporal cues across different
action categories since it only focuses on convolutional mappings at the current
step [13].

Most existing CNN-based recognition models capture only short-term spatiotem-
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poral features and cannot represent long-term variations. Experimental results
from several studies [9,10,15,16] have demonstrated that recurrent neural net-
works (RNNs), particularly Long Short-Term Memory (LSTM) models [17], can
effectively address this issue by modeling video sequences. However, in these
models, LSTM inputs are high-level features extracted directly from fully con-
nected layers of CNNs, which lack spatiotemporal detail. Current LSTM-based
action recognition methods also suffer from losing important spatiotemporal
cues, preventing models from obtaining sufficient spatiotemporal relationships
for human actions, and most require manual preprocessing of video segments to
handle fixed-length inputs.

To address these problems, this paper proposes a deep neural network model
that combines spatiotemporal pyramid pooling with an attention mechanism
(STPP and attention-mechanism network) based on the spatiotemporal two-
stream convolutional network architecture. For tasks requiring direct process-
ing of variable-length video segments, we introduce a simple modification to the
original C3D network by adding spatiotemporal pyramid pooling after the final
convolutional layer, enabling the model to generate fixed-length feature vectors.
Since spatiotemporal pyramid pooling processes feature maps from multiple per-
spectives, the model can obtain deeper feature representations, thereby improv-
ing recognition accuracy. For capturing complex spatiotemporal cues between
human actions, we design an LSTM model with added spatiotemporal attention
mechanism. This model not only captures long-term temporal information but
also captures complex spatiotemporal cues through the attention mechanism.
Additionally, we incorporate a spatiotemporal feature fusion module to mini-
mize the loss of important action features. Experimental results on the UCF101
and HMDB51 datasets demonstrate that the proposed model can effectively
recognize human actions in videos.

2 Design of Deep Neural Network Model for Human Ac-
tion Recognition Combining Spatiotemporal Pyramid and
Attention Mechanism

2.1 Overall Framework

Deep learning has achieved remarkable success in image recognition, leading
to extensive research and application of deep learning methods, particularly
convolutional neural networks, in computer vision. Unlike static images, video
sequences contain both appearance and motion information [18]. Consequently,
recent studies have attempted to design CNN-based action recognition mod-
els that effectively utilize both appearance and motion information from video
sequences. Karpathy et al. [19] compared three widely used CNN connection
methods: late fusion, early fusion, and slow fusion, concluding that these ap-
proaches cannot fully exploit motion information and only provide modest im-
provements for individual frames. Tran et al. [20] trained a deeper CNN model
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called C3D on UCF101 and Sports-1M, which approximates a 3D version of VG-
Guet [7] and includes 3D convolutional filters and 3D pooling layers operating
on both temporal and spatial domains. Simonyan and Zisserman [6] proposed
a two-stream convolutional neural network that trains a second CNN stream
on optical flow from video frames, compensating for the inability of stacked
RGB streams to fully utilize temporal information and providing performance
gains for action recognition. This model has been widely adopted in many other
action recognition methods [8,9,21,22].

However, the original two-stream convolutional neural network model has two
main problems: (a) it cannot capture long-term temporal information as it only
contains 10 consecutive optical flow frames; and (b) it trains spatial and tempo-
ral domains separately, with final predictions obtained by averaging the outputs
of two classifiers, thus failing to effectively learn spatiotemporal relationships
between temporal and spatial streams. To address these issues, Krishnan et
al. [10] proposed an LSTM-based action recognition method to fuse features
from longer-term video sequences. Wang et al. [23] introduced a segmental
network architecture with sparse sampling to model long-term temporal struc-
tures. Feichtenhofer et al. [24] proposed a spatiotemporal fusion method by
investigating various ways to combine networks in time and space, arguing that
two-stream networks should be fused at the final convolutional layer. Although
these methods improve upon the original two-stream convolutional neural net-
work, they still suffer from losing important spatiotemporal cues, preventing
models from obtaining sufficient spatiotemporal relationships for human actions
and requiring manual preprocessing of video segments to fixed lengths.

Considering these issues, this paper proposes a human action recognition model
based on a deep neural network combining spatiotemporal pyramid and atten-
tion mechanism, building upon Feichtenhofer et al. [24]. The model first obtains
spatiotemporal convolutional feature maps from RGB images and optical flow
of video sequences through 3D convolutional neural networks. It then employs
spatiotemporal pyramid pooling (STPP) to aggregate local spatiotemporal infor-
mation into fixed-length feature vectors. Effective spatiotemporal feature fusion
is performed at the STPP layer through a spatiotemporal feature fusion strat-
egy. Finally, the spatiotemporal features extracted from the spatiotemporal 3D
two-stream network and the fused features are input into LSTM models with
and without spatiotemporal attention mechanisms for modeling, respectively.
The classification results from these models are fused to obtain the final hu-
man action classification. Experiments on the UCF101 and HMDB51 datasets
demonstrate the effectiveness of the proposed model in recognizing human ac-
tions in videos.

The network framework is illustrated in Figure 1 [Figure 1: see original paper].
The model comprises three main modules: (1) a spatiotemporal two-stream 3D
convolutional neural network incorporating spatiotemporal pyramid pooling; (2)
spatial and temporal domain feature fusion; and (3) long short-term memory
with spatiotemporal attention mechanism.
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For the first module, we adopt the spatiotemporal two-stream model from [6]
and the C3D network structure from [20], modifying them to form our spa-
tiotemporal two-stream 3D convolutional neural network module. Both tem-
poral and spatial deep convolutional networks consist of 5 convolutional layer
groups, 4 max-pooling layers, 1 spatiotemporal pyramid pooling layer, and 2
fully connected layers. Specifically, the final max-pooling layer of the original
C3D network is replaced with spatiotemporal pyramid pooling. STPP not only
handles variable input sizes but also extracts deeper features through multi-
perspective feature extraction, thereby improving recognition accuracy. The
network comprises 5 convolutional layer groups with filter numbers of 64, 128,
256, 512, and 512 from groups 1 to 5, respectively, and two fully connected
layers with 4096 units each. Based on experimental results from [19] showing
that 3x3x3 kernel size is optimal for all convolutional layers, we adopt 3x3x3
kernels with a stride of 1x1x1 in this module. For max-pooling layers, the first
layer uses a kernel size of 2x2x1, while the remaining three use 2x2x2. The
first module connects directly to the third module.

The second module fuses spatiotemporal features extracted from the two streams
and connects to a standard LSTM model without spatiotemporal attention
mechanism in the third module. This module operates at the STPP layer of the
first module. The third module is an LSTM model with added attention mecha-
nism. As a recurrent neural network, LSTM can capture long-term spatiotempo-
ral dependencies by preserving temporal sequence information while effectively
avoiding gradient vanishing. Compared to the original LSTM, this module
can capture more complex spatiotemporal cues, thereby improving recognition
accuracy. Overall, the proposed network framework incorporates both feature-
level and decision-level fusion, enabling more accurate human action recognition
through these two fusion approaches.

After pre-training and fine-tuning on ImageNet, video sequences of RGB images
and optical flow frames are input into the model. Two 3D convolutional neural
networks are trained to extract temporal and spatial stream features, which
are then processed by spatiotemporal pyramid pooling to obtain fixed-length
feature vectors. Deep features of video frames are extracted through two fully
connected layers. Spatiotemporal features extracted from the STPP layer are
fused using a spatiotemporal feature fusion strategy. Finally, an LSTM model
with spatiotemporal attention mechanism models the spatiotemporal features
to obtain classification results.

2.2 Spatiotemporal Pyramid Pooling

To process video sequences of arbitrary size and length with our model, we em-
ploy spatiotemporal pyramid pooling (STPP) to generate fixed-length feature
vectors. Since the STPP layer can extract features from convolutional feature
maps at multiple perspectives, it enhances human action recognition perfor-
mance. This layer can accept video sequences of any size and length. Assuming
input RGB and optical flow image sequences have size | X h X w, where [ is
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the length (number of frames), while the final convolutional feature map has
size T x H x W, where T is the temporal size of pooling cubes and h, H and
w, W are the heights and widths of frames, respectively. We concentrate the
response values from each spatiotemporal cube input to STPP through max
pooling operations. Unlike standard sliding window pooling in [20], STPP’ s
sliding window size is dynamically adjusted within a given pooling level.

Let {p;,p:} denote the spatiotemporal pooling levels, where p; is the temporal
pooling level and p7 is the spatial pooling level. Since the temporal scale of
each video sequence is smaller than its spatial scale, we set p; = 1. When
ps = {4,2,1}, each input video clip generates a fixed-length descriptor, enabling
STPP to form fixed-length feature vectors by aggregating local spatiotemporal
information.

2.3 Spatiotemporal Feature Fusion

For video-based human action recognition, extracted features include both static
visual and dynamic motion characteristics. Appropriate and effective feature fu-
sion methods can leverage correlations between these two feature types to gen-
erate more diverse mixed features. Based on [24], we propose a spatiotemporal
feature fusion framework.

For the t-th video segment input to the model, we obtain two STPP features at
the first module’ s STPP layer, denoted as X{ and X", where X{ represents
RGB features (appearance features) and XJ* represents optical flow features
(motion features) of the ¢-th segment. We employ early fusion (element-wise
concatenation) to fuse these STPP features, generating a new fused feature X{ .
The mixed feature then passes through a fully connected layer with 4096 units
before connecting to the third module, where a long short-term memory model
models and classifies the fused features.

2.4 LSTM Model with Spatiotemporal Attention Mechanism

In this module, we design an LSTM model with spatiotemporal attention mech-
anism (S-P attention-mechanism LSTM) to model the deep features obtained
earlier. As a recurrent neural network, LSTM can capture long-term spatiotem-
poral dependencies by preserving temporal sequence information. Unlike orig-
inal RNNs, LSTM avoids gradient vanishing after backpropagation training.
Video sequences for human action recognition contain numerous spatiotempo-
ral cues. Directly inputting features from the first module’ s fully connected
layer into LSTM would be insufficient for capturing complex spatiotemporal
cues of different actions. Therefore, to capture more useful features, we add
spatiotemporal attention to the basic LSTM model.

A standard LSTM unit is shown in Figure 2 [Figure 2: see original paper], where
* represents either a or m. We describe high-dimensional features from the first
module’ s fully connected layer as X and X}", representing appearance and
motion features of the ¢-th video segment, respectively. Fused features from
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the second module’ s fully connected layer are described as th .4y, fr, and of
represent input, forget, and output gates, respectively, while g;, ¢}, hy, and Y/
represent memory modulation states, cell states (memory states), hidden states,
and outputs. For fused features th , we input them into a standard LSTM,
implemented as follows:

il =o(WIx{+wlnl +v])
= oWl x{ +winl +b])
of = (W{(,Xf Wi hl ., +0))
g = tanh(W,X{ + W hl_ +b])

Ct *ft Qct 1+Zt @gt
hi = of © tanh(c))

where o(-) and tanh(-) denote the sigmoid and hyperbolic tangent activation
functions, respectively, and © represents the Hadamard product (element-wise
multiplication).

2.5 Spatiotemporal Attention Mechanism of LSTM

The spatiotemporal attention mechanism model for LSTM is shown in Figure 3
[Figure 3: see original paper]. The attention mechanism operates simultaneously
on both spatial and temporal domains. Spatial domain input is X, while
temporal domain input is h} ;. To avoid repetitive description, we uniformly
represent the module’ s input as X, where * represents either a or m. To
identify feature vectors with important descriptive significance in the ¢-th video
segment, we first perform spatial attention computation for each stream. The
computational process is as follows.

Taking the previous hidden state h;_; of an LSTM unit as an example, we first
calculate the spatial attention probability oy . of the k-th feature vector on the
n-th feature vector in the t-th video segment using equations (7) and (8):

*

exp(wg, tanh(Wi hi g + Wi X5, +03))
« nk —
P exp(wl tanh (Wi by 4+ Wia X7, + ba))

where Wy, W%, w,, and b}, are weight matrices and bias vectors of the spatial
attention mechanism, L is the number of frames in the ¢-th video segment,
and «f ,,, represents unnormalized attention probabilities. We then obtain the
spatial feature vector L; ,, for the n-th feature vector using equation (9):

L
_ *
L n § :at,nkXt nk
k=1
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After obtaining the spatially-weighted feature vector Lj ,,, we compute temporal
attention. Similar to spatial attention calculation, we first compute temporal
attention probabilities f;,, as follows:

exp(wg tanh(Wyshi_y + Wi gLt ,, + %))

ﬂ;n i
ZFI exp(wg tanh(Wj shy  + WigLy o + b))

where Wy g, Wy 5, wg, and bg are weight matrices and bias vectors of the tempo-
ral attention mechanism, and T is the total number of feature vectors in the ¢-th
video segment. f3; ,, reflects the temporal importance of the n-th feature vector
for the t-th video segment. The final important spatiotemporal context feature
@} captured by spatiotemporal attention is calculated according to equation
(12):

T
* * *
(Dt - E Bt,nLt,n
n=1

Since the context feature @} is closely related to current step predictions, we use
it as additional input to the LSTM model alongside the original feature vector
X} . The specific calculation formulas are as follows:

*

i = o (W5 X7 + Wg, @ + Wiihi_y +b7)

fi = o(W2, X7+ W @ + Wi hi_y +b7)

0f = 0(Wi,X{ + Wi, @f + Wi hi y +b3)

gi = tanh(W;, X; + W5, ®; + Wy hi_y +b%)

G =[O +i;0g
hi = of © tanh(c})

3 Experiments
3.1 Dataset and Evaluation Metrics

We conduct experiments on two publicly available video action recognition
datasets: UCF101 and HMDB51. UCF101 contains 13,320 video clips across
101 action categories, covering a wide range of human actions such as applying
makeup, typing, blowing hair, horse riding, and high jumping. Most videos in
this dataset are captured in unconstrained real-world environments, resulting in
low resolution and environmental factors such as illumination variations and oc-
clusions. HMDB51 contains 6,766 video clips across 51 action categories, mostly
derived from movie clips with relatively low resolution. Major action categories
include kissing, hugging, horse riding, and shooting.
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In our experiments, we split both datasets into three partitions for training
and testing. Each partition of UCF101 contains 9,500 video sequences, while
HMDB51 contains 3,700 video clips. Since our network model comprises three
streams (temporal, spatial, and fusion), for each dataset partition we linearly
weight the results from these three base classifiers to obtain the final action
recognition accuracy for that partition. The linear weighting uses adaptive
dynamic weights calculated from the base classifiers’ performance on the test set.
After obtaining the final recognition accuracy for each of the three partitions, we
compute their linear weighted average to obtain the dataset’s overall recognition
accuracy, which serves as our evaluation metric.

Decision fusion combines results from multiple base classifiers according to spe-
cific rules to produce a global result, eliminating information deficiencies in
individual decisions or between decisions, thereby improving the reliability and
stability of the final result [25]. Our network structure contains three parts: a
fusion stream after feature fusion at the CNN’ s STPP layer, and two branches
that retain temporal and spatial streams after feature fusion with added atten-
tion mechanisms to capture complex spatiotemporal cues for refining the fusion
stream’ s recognition results. Therefore, for each dataset partition, the network
produces three base classifier results, which are combined through decision fu-
sion to obtain the final classification output.

Let C; represent the final fused classification result, with the fusion rule formu-
lated as:

3
C;= argm?xgwi pi(Xle)
=

where X, is the source feature of the j-th base classifier, p;(X;|c) is the
confidence produced by the classifier when -classifying each category c
(c=1,2,...,N), and w; represents the fusion weight, which is the classification
accuracy of each base classifier (i.e., individual classification accuracy). Thus,
we obtain source classification results from temporal, spatial, and fusion domain
base classifiers, then fuse them using equation (19) to obtain the recognition
result for each dataset partition.

3.2 Pre-training

Compared to image datasets, human action recognition datasets are relatively
small, making deep neural networks prone to overfitting. Therefore, we pre-train
our model. For the spatial domain network with RGB image inputs, we directly
use the ImageNet dataset [26] for pre-training. Training images are from an
augmented training set with random position cropping, resized to 224 x 224.
For the temporal stream network with optical flow inputs, we use action video
optical flow data extracted from TV-L1 [27]. To ensure the same range as RGB
data, we linearly transform the optical flow data to the [0, 255] interval. We then
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average the filters of the first layer from the pre-trained spatial stream network
across channels and replicate the averaged data 20 times as initialization values
for the temporal network.

3.3 Experimental Results and Analysis

Experiments are conducted on a TensorFlow platform built on a Linux system.
Deep neural networks are prone to overfitting, so we set dropout rates to 0.7
and 0.8 for spatial and temporal streams, respectively. The initial learning rate
for the spatial domain is 1073, reduced to 10™* after 15,000 iterations, with
training stopping after 30,000 iterations. The temporal domain initial learning
rate is 1073, reduced to one-tenth every 20,000 iterations after the first 20,000
iterations, with a maximum of 80,000 iterations.

Motion and appearance features of video sequences are extracted through our
model’s first module. Considering that different pooling levels in the STPP layer
affect action recognition differently, we design comparative experiments with
various pooling levels. These experiments evaluate action recognition accuracy
using only the two-stream 3D convolutional neural network of the first module.
We consider two STPP pooling levels: {4,4,1}x{4,4,1}x{1,1,1} and {4,2,1}x
{4,2,1} x {1,1,1}, denoted as STPP-1 and STPP-2, respectively. Experiments
are conducted on the first split of UCF101. As shown in Table 1 , when the
STPP pooling level is {4,2,1} x {4,2,1} x {1,1, 1}, action recognition accuracy
surpasses both STPP-1 and standard max pooling. Therefore, in subsequent
experiments, STPP pooling levels are set to this configuration. Table 1 also
shows that temporal domain recognition rates are higher than spatial domain
rates under the same network structure, indicating that motion information
better represents human action information than appearance information.

Table 1: Comparison of Action Recognition Accuracy Under Different
STPP Pooling Levels

Method Spatial Domain Temporal Domain
Max pooling  82.76% 85.74%
STPP-1 82.18% 85.78%
STPP-2 87.26% 89.91%

Table 2 presents action recognition accuracy results with and without the spa-
tiotemporal attention mechanism in the LSTM model of our third module.
These results are obtained by weighted averaging across three splits of both
datasets. Table 2 shows that using the attention-enhanced LSTM model in
both temporal and spatial domains yields higher accuracy than without atten-
tion, proving that the spatiotemporal attention mechanism is more effective for
human action recognition.
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Table 2: Action Recognition Accuracy Comparison of LSTM Model
With and Without Attention Mechanism

Attention Mechanism UCF101 (%) HMDB51 (%)
Without attention 89.73% 67.95%
With attention 91.02% 68.13%
Without attention (fusion) 92.52% 68.16%
With attention (fusion) 93.57% 70.52%

Table 3 shows the action recognition accuracy of our deep neural network model
combining spatiotemporal pyramid and attention mechanism. For each dataset
split, recognition accuracy is obtained through decision-level fusion that linearly
weights base classifier results from temporal, spatial, and fusion domains. The
final accuracy for each dataset is then computed by linearly averaging results
from three splits.

Table 3: Human Action Recognition Accuracy of Our Model

Dataset Split UCF101 (%) HMDB51 (%)

Splitl 93.95% 69.16%
Split2 94.67% 71.08%
Split3 94.13% 70.86%
Average 94.21% 70.50%

We compare our method with several typical deep learning methods and net-
work models in recent action recognition research on UCF101 and HMDB51
datasets. These methods include the two-stream convolutional network [6], the
C3D network [20] that trains deeper CNNs, the spatiotemporal fusion network
[24] based on two-stream VGG, and the multi-level pyramid fusion model [28]
built upon [24]. As shown in Table 4 | our proposed method achieves more
accurate recognition of human actions in video sequences compared to recent
classical algorithms.

Table 4: Action Recognition Accuracy of Different Methods on
UCF101 and HMDB51 Datasets

Method UCF101 (%) HMDB51 (%)
Two-stream [6] 88.00% 59.40%
C3D [20] 85.80% 54.90%
Two-stream VGG [24]  92.70% 65.10%
SPN-VGG-16 [28] 93.40% 68.90%
Our method 94.21% 70.50%
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4 Conclusion

Deep learning methods have been widely applied to various pattern recogni-
tion tasks. For human action recognition, this paper proposes an improved
deep neural network model combining spatiotemporal pyramid pooling and at-
tention mechanism, constructing a spatiotemporal two-stream deep neural net-
work architecture. After pre-training and fine-tuning on ImageNet, we apply
our model to UCF101 and HMDB51 datasets, achieving final recognition ac-
curacies of 94.2% and 70.5% through fusing spatiotemporal and fusion streams.
Experiments demonstrate that our improved deep learning model can effectively
recognize human actions in these datasets. However, applying it to real-world
commercial applications remains challenging. Future work will focus on develop-
ing robust algorithms for videos with significant environmental factors or noise.
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