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Abstract
To address the problem of action classification confusion that occurs after map-
ping the four-dimensional information of human action depth videos to two-
dimensional space, a deep learning-based human action recognition method is
proposed. First, spatial structure dynamic depth maps are constructed to map
the four-dimensional information of depth videos to two-dimensional space for
information dimensionality reduction; then, a deep convolutional neural net-
work based on a joint cost function is proposed, which combines cross-entropy
loss function and center loss function as the joint cost function to guide the con-
volutional layers to learn more discriminative deep features for more accurate
classification. Experimental results on the MSRDailyActivity3D and SYSU 3D
HOI datasets demonstrate that, compared with existing methods, the recogni-
tion rate of the proposed method is significantly improved, validating its effec-
tiveness and robustness. The proposed method effectively solves the problem of
action classification confusion.
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Abstract: To address the problem of action classification confusion that occurs
when mapping four-dimensional depth video information to two-dimensional
space, this paper proposes a human action recognition method based on deep
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learning. First, we construct spatially structured dynamic depth images to map
the four-dimensional information of depth videos into two-dimensional space
for dimensionality reduction. Then, we propose a deep convolutional neural
network based on a joint cost function that combines cross-entropy loss with cen-
ter loss to guide the convolutional layers in learning more discriminative depth
features for more accurate classification. Experimental results on the MSRDaily-
Activity3D and SYSU 3D HOI datasets demonstrate that the proposed method
achieves significantly improved recognition rates compared to existing methods,
validating its effectiveness and robustness. The method effectively resolves the
problem of action classification confusion.

Keywords: depth information; human action recognition; deep learning; spa-
tially structured dynamic depth images; deep convolutional neural network

0 Introduction
Human action recognition has extensive applications in intelligent surveillance,
human-computer interaction, video retrieval, virtual reality, and other domains,
making it an active research area in computer vision. Previous studies have
predominantly focused on traditional RGB videos [1-4]. However, RGB video
data presents numerous challenges: lack of viewpoint invariance, sensitivity to
illumination and background changes, and vulnerability to noise. Although
researchers have made significant progress in recent years, human action recog-
nition remains highly challenging.

The release of Microsoft Kinect has created new opportunities for this field.
Kinect devices can capture depth maps in real-time. Compared to traditional
color images, depth maps offer several advantages: depth video sequences es-
sentially represent four-dimensional space that can contain richer motion in-
formation, they are insensitive to illumination changes, and they enable more
reliable estimation of human silhouettes and skeletons [5]. References [6-11]
leveraged these characteristics of depth maps to design specialized feature de-
scriptors, which have profoundly influenced the action recognition field to some
extent. Liu et al. [12] proposed an enhanced skeleton visualization method
that utilizes spatiotemporal sequences of skeleton points for viewpoint-invariant
human action recognition, demonstrating broader practicality but remaining
limited by the use of skeleton data to construct specific features. Consequently,
these methods rely on hand-crafted features that provide shallow descriptions of
local or global spatiotemporal information and cannot simultaneously capture
important spatiotemporal and structural information in actions.

In recent years, following the tremendous success of deep convolutional neural
networks (DCNN) in the ImageNet image classification competition [13], many
researchers have applied models trained on ImageNet to tasks such as attribute
classification [14], image representation [15], and semantic segmentation [16],
achieving excellent results. However, these studies focus on image understanding
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tasks for color images. Human action recognition differs from general image
understanding tasks, particularly for depth information-based human action
recognition, which is represented in the form of four-dimensional depth video
space, making it impossible to directly apply DCNNs for recognition as in the
aforementioned tasks.

Wang et al. [17] attempted to design weighted depth motion maps as input
to DCNNs, converting the human action recognition problem into an image
classification problem and pioneering the use of DCNNs for depth map-based
human action recognition. However, experimental results indicated that this
method lacked robustness. Inspired by the significant success of rank pooling
(RP) proposed by Fernando et al. [18-20] in human action recognition based
on color images, Wang et al. [21] built upon RP to propose spatially structured
dynamic depth images (SSDDI), which overcome the limitation of RP operations
suppressing fine-grained spatial motion information in depth maps and achieved
higher recognition rates.

The above analysis reveals that current research efforts concentrate on designing
effective feature representations that can characterize important action features
in two-dimensional space after mapping four-dimensional information, thereby
improving action recognition accuracy. However, our research has discovered
that after mapping depth information of actions to two-dimensional represen-
tations, action classification easily becomes confused, thus limiting the upper
bound of recognition rates for such methods.

To address the limitations of existing methods, through research and practice
based on reference [22] and inspired by Wen et al.’s approach to solving similar
problems in face recognition, we consider the problem from the perspective of
feature extraction and classification mechanisms in neural networks. Combining
the characteristics of depth map-based human action recognition, we propose
a joint cost function-based deep convolutional neural network (JCF-DCNN)
for human action recognition to improve classification accuracy and robustness.
This method adds a constraint on the distance between training sample feature
spaces and class centers during network training to simultaneously consider
intra-class compactness and inter-class separability, guiding the DCNN to learn
highly discriminative features for more accurate subsequent classification. Fig-
ure 1 [Figure 1: see original paper] illustrates the overall flow of the proposed
method. Experimental results on the MSRDailyActivity3D and SYSU 3D HOI
datasets demonstrate that our method significantly improves the accuracy and
robustness of human action recognition.

1 Methodology
1.1 Principles of RP and BRP

An image sequence of 𝑇 frames can be represented as 𝑋 = ⟨𝑥1, 𝑥2, ..., 𝑥𝑡, ..., 𝑥𝑇 ⟩,
where 𝑥𝑡 ∈ ℝ𝑑 denotes the feature vector mapped from each frame 𝑡. The
average of the first 𝑡 frames is represented by 𝑉𝑡 = 1

𝑡 ∑𝑡
𝜏=1 𝜑(𝑥𝜏). For any
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temporal order 𝑟𝑖𝑗, we assign a score, where generally, the later the temporal
order, the larger the corresponding score. Therefore, the scoring function 𝑟𝑖𝑗
satisfies the constraint: 𝑟𝑖𝑗 > 𝑟𝑗𝑖 ⟺ 𝑖 > 𝑗.
The purpose of the rank pooling process is to find 𝑤∗ that satisfies the objective
function in Equation (1):

𝑤∗ = argmin
𝑤

𝜆
2 ‖𝑤‖2 + ∑

𝑖>𝑗
𝜉𝑖𝑗

subject to:
𝑤𝑇 𝑉𝑖 − 𝑤𝑇 𝑉𝑗 ≥ 1 − 𝜉𝑖𝑗, 𝜉𝑖𝑗 ≥ 0

where 𝜉𝑖𝑗 is a small non-negative value, and parameter 𝑤∗ can characterize the
information corresponding to the image sequence at the beginning when the
action has not yet started. This serves as a feature descriptor for the image
sequence.

From the above analysis, RP is an unsupervised learning process that can de-
scribe an image sequence as a new feature in a two-dimensional space equal in
scale to the input image. Since it contains information about spatiotemporal
changes throughout the entire action process, it is called a dynamic image (DI).
A dynamic image based on depth information is called a dynamic depth image
(DDI).

Since the average feature 𝑉𝑡 up to time 𝑡 is used to classify frame 𝑥𝑡 during
RP, the pooled features are biased toward the starting frames of the image
sequence, causing the starting frames to have greater influence on 𝑤∗. However,
this is clearly unreasonable for action recognition, as there is no prior knowledge
indicating which frame is more important for the task.

Bidirectional rank pooling (BRP) can significantly reduce this bias. If the pro-
cess described above is called forward DDI (DDIF) generation, then reversing
the image sequence order before performing RP is the backward DDI (DDIB)
generation process. The method that simultaneously generates both DDIF and
DDIB is BRP. Thus, each action’s depth image sequence ultimately produces
a pair of images (DDIF and DDIB) after BRP processing.

1.2 SSDDI

Research in references [18,21] demonstrates that BRP is limited not only by
long-term action dynamics but also by the spatial domain. Due to its unsu-
pervised learning nature, BRP primarily encodes prominent global features in
the temporal domain without simultaneously discovering discriminative motion
patterns in the spatiotemporal domain. Therefore, directly applying BRP to
actions causes fine-grained motion information with high discriminative value
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to be suppressed by coarse-grained motion information, particularly for fine-
grained actions where local spatiotemporal subspace motion information is more
important than global motion information throughout the entire action process.

SSDDI addresses this problem by decomposing depth image sequences in the
spatial domain into multiple parts at different granularities, performing BRP
operations on each part separately, and then combining them as a new represen-
tation. Specifically, after extracting the foreground from depth action sequences
and using skeleton data as guidance, the spatial domain is decomposed into three
hierarchical levels: whole body region (body), partial region (part), and joint
region (joint). The body level treats the entire human body containing 20 skele-
ton points as a single component, so its DDI after BRP becomes SSDDI. The
component composition of the part level is shown in Table 1 , where each com-
ponent region is determined by the maximum distance among three skeleton
points, dividing the body into 9 parts as 9 components covering the entire body.
Each component undergoes BRP separately to generate corresponding DDIs,
which are constructed into SSDDI as shown in the left side of Figure 2 [Figure
2: see original paper]. At the joint level, each component contains 1 skeleton
point. As shown in Table 2 , this level has 16 components in total, with each
component region formed by expanding a certain distance from the skeleton
point location. The skeleton points used for components are 16 low-noise points
selected from all 20 skeleton points, with component distribution shown in the
right side of Figure 2 [Figure 2: see original paper].

Figure 1 [Figure 1: see original paper] displays SSDDI at three hierarchical levels
for the same action. Compared to body-level SSDDI, part-level and joint-level
SSDDI are more discriminative for fine-grained action representations and can
more effectively characterize actions from global to local motion and structural
information. Training JCF-DCNN separately on these three levels of SSDDI and
performing decision-level fusion is beneficial for improving action recognition
accuracy.

2 JCF-DCNN
2.1 Network Architecture and Hyperparameter Settings

The significance of JCF-DCNN lies in its strong feature learning and classifi-
cation capabilities, which can improve classification accuracy for image sam-
ples such as SSDDI. In other words, JCF-DCNN can distinguish between two
samples with high similarity but belonging to different categories for correct
classification, thereby reducing action classification confusion.

As shown in Figure 3 [Figure 3: see original paper], the proposed network has
12 layers, primarily consisting of 5 convolutional layers, 3 fully connected layers,
and a classification layer at the backend. The joint cost function of this network’s
classification layer comprises cross-entropy loss and center loss functions. Table
3 records the relevant hyperparameter settings for the convolutional layers and
the first two fully connected layers of this network architecture. The number
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of neurons in the third fully connected layer is consistent with the number of
sample categories in the corresponding database.

Since existing depth map-based action recognition datasets are generally small in
scale, training a deep convolutional neural network with millions of parameters
from scratch would result in overfitting. Therefore, this paper employs transfer
learning, using parameters pretrained on the large-scale ImageNet dataset to
initialize all convolutional layers and the first two fully connected layers of our
network. During training, the corresponding network layers are initialized as
described above, but the last fully connected layer is randomly initialized using
a Gaussian distribution with mean 0 and standard deviation 0.01.

After extensive experimental analysis and comparison, the learning rate is
set to 0.001 for the first 3k iterations and 0.0001 for the subsequent 3k
iterations, achieving good performance after 6,000 total training iterations.
Momentum and weight decay factors use empirical values of 0.9 and 0.0005,
respectively. To further avoid overfitting, image samples are scaled to
256$×256𝑏𝑒𝑓𝑜𝑟𝑒𝑒𝑛𝑡𝑒𝑟𝑖𝑛𝑔𝑡ℎ𝑒𝐷𝐶𝑁𝑁.𝑇 ℎ𝑒𝑛, 224×$224 regions are cropped from
the center and four corners as coordinate origins, followed by mirror operations,
increasing the actual training samples to 10 times the input sample size.
During testing, only the central region of test image samples is cropped without
mirror operations. Since only forward propagation is performed during the test
phase and center loss is not involved, only the output of the cross-entropy loss
function is averaged for fusion.

2.2 Cross-Entropy Loss Function

The cost function in deep networks serves as the“conductor”for the entire model,
guiding network parameter learning and representation learning through back-
propagation of errors between sample predictions and ground-truth labels. The
cross-entropy loss function is currently the most commonly used classification
loss function in deep convolutional neural networks, with the form:

𝐿𝑆 = − 1
𝑚

𝑚
∑
𝑖=1

log 𝑒𝑊𝑦𝑖
𝑇 𝑥𝑖+𝑏𝑦𝑖

∑𝑛
𝑗=1 𝑒𝑊 𝑇

𝑗 𝑥𝑖+𝑏𝑗

where 𝑥𝑖 ∈ ℝ𝑑 represents the 𝑖-th depth feature belonging to class 𝑦𝑖, 𝑊𝑗 is the
𝑗-th column of the weight matrix 𝑊 ∈ ℝ𝑑×𝑛 of the last fully connected layer, and
𝑏 ∈ ℝ𝑛 is the bias term. Here, 𝑚 and 𝑛 represent the number of training samples
per batch and the corresponding number of categories, respectively. Since the
bias term has minimal impact on performance, it is often ignored for simplified
analysis.

As shown in Equation (2), the cross-entropy loss function offers the advantages
of simple structure and low computational cost, leading to its widespread ap-
plication. However, from a practical perspective, this loss function only focuses
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on which class the image to be recognized should belong to—that is, the inter-
class separation problem—without considering another equally important issue:
whether the space within the classifier’s decision region should uniformly be-
long to that class. In reality, the distance between two image samples of the
same category may be larger than that between samples of different categories.
Using cross-entropy loss as the neural network’s cost function in such cases can
easily lead to misclassification of highly similar image samples. Notably, the
cross-entropy loss function no longer performs gradient computation or back-
propagation during the test phase, serving only as a function to calculate the
corresponding category probability values.

2.3 Center Loss Function and Joint Cost Function

To address the limitations of cross-entropy loss, the center loss function defines
a center point for each class, similar to cluster centers, with the goal of making
features computed from the same class data close to their own class center—
aggregating intra-class features. The farther the feature is from the center, the
greater the penalty. Equation (3) formally characterizes the center loss function:

𝐿𝐶 = 1
2𝑚

𝑚
∑
𝑖=1

‖𝑥𝑖 − 𝑐𝑦𝑖
‖2

2

where 𝑐𝑦𝑖
∈ ℝ𝑑 represents the class center of the 𝑦𝑖-th class depth feature. The

gradient of 𝐿𝐶 with respect to 𝑥𝑖 can be calculated as 𝜕𝐿𝐶
𝜕𝑥𝑖

= 𝑥𝑖 − 𝑐𝑦𝑖
. The

class center 𝑐𝑦𝑖
is updated as the depth features change and can be calculated

by Equations (4) and (5):

𝑐𝑦𝑖
= 1

𝑚𝑦𝑖

𝑚
∑
𝑗=1

𝛿(𝑦𝑗 = 𝑦𝑖) ⋅ 𝑥𝑗

where 𝛿(⋅) is the indicator function. Parameter 𝛼 is a scaling factor in the range
[0, 1] that can further optimize the neural network, making it a hyperparameter.
Variables 𝑚 and 𝑥𝑖 have the same meanings as introduced in the cross-entropy
loss function.

To integrate the advantages of both cross-entropy and center loss functions
while simultaneously achieving intra-class compactness and inter-class separa-
bility of deep features, the proposed JCF-DCNN adopts the joint cross-entropy
and center loss as the cost function for the network’s classification layer:

𝐿 = 𝐿𝑆 + 𝜆𝐿𝐶

where 𝜆 is a hyperparameter introduced to control the ratio between the two loss
functions. When 𝜆 = 0, the joint cost function degenerates into cross-entropy
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loss. The dashed line portion in Figure 3 [Figure 3: see original paper] indicates
the specific position of the joint cost function in JCF-DCNN.

3 Experiments and Results Analysis
3.1 Experimental Environment and Methods

The experimental environment uses an NVIDIA Quadro P2000 GPU with
Ubuntu 14.04 operating system, configured and compiled with caffe-HAR
(https://github.com/liyupeng-ing/caffe-HAR). The caffe-HAR repository,
uploaded to facilitate reproduction and verification of our proposed method,
contains network model files for JCF-DCNN as described in Section 2.2 and
related applications, extending the Caffe deep learning framework [27] with a
classification layer module featuring the joint cost function. Hyperparameters
for the joint cost function are set based on empirical values, with 𝜆 set to 0.5
and 𝛼 set to 0.003.

The MSRDailyActivity3D and SYSU 3D HOI datasets are used, most of whose
actions involve human-object interaction processes and pose significant chal-
lenges. Both datasets contain color videos, depth videos, and corresponding
skeleton data, but this paper only uses depth images and skeleton data without
utilizing color images from the datasets.

The experimental process consists of training and testing phases. During train-
ing, three network models are trained separately using body, part, and joint
level SSDDI from training samples. During testing, SSDDI from test samples
at the three levels are input into the corresponding network models, and the
output results from each model’s classification layer are fused. The label cor-
responding to the maximum fused score is taken as the recognition result. The
fusion method used in experiments is average fusion. During the test phase,
only cross-entropy loss operates in the classification layer, while center loss is
not involved, meaning 𝜆 is automatically set to zero, degenerating the joint cost
function to cross-entropy loss.

Note that each SSDDI corresponds to a pair of images (DDIF and DDIB). There-
fore, fusion must first be performed within each level, followed by fusion across
levels. Specifically, DDIF and DDIB corresponding to body-level SSDDI are
input into the network model and produce two corresponding results, which are
averaged as the output for that level. The same applies to part and joint levels.
Finally, the outputs from the three levels are averaged again as the final result.

3.2 Recognition Results and Analysis

The MSRDailyActivity3D dataset, collected by Kinect depth cameras, contains
16 action types performed by 10 subjects, with each subject performing each ac-
tion twice (once standing, once sitting), totaling 320 files. For fair comparison,
training and test sample selection follows reference [7], using actions from per-
formers 2, 4, 6, 8, and 10 for training, and performers 1, 3, 5, 7, and 9 for testing.
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Table 4 compares various methods, showing that the human action recognition
method based on JCF-DCNN achieves 99.38% accuracy—an improvement of
1.88% over SSDDI.

To demonstrate the role of the joint cost function in JCF-DCNN, we conducted
experiments with JCF-DCNN* (center loss removed). As shown in Table 5 ,
except for lower fusion results at the part level, all other levels and the final
result of JCF-DCNN outperform JCF-DCNN. The lower performance at the
part level may be due to lower inter-sample similarity at this level, which does
not align with JCF-DCNN’s intra-class aggregation characteristics. Notably,
the overall recognition rate of JCF-DCNN shows a substantial improvement of
2.8% over JCF-DCNN, demonstrating that the joint cost function significantly
enhances network performance.

The SYSU 3D HOI dataset contains 480 action files collected by depth cameras
from 40 subjects performing 12 actions each. On this dataset, training and test
sample selection follows reference [23]. As shown in Table 6 , our proposed
method achieves 97.08% recognition rate—1.66% higher than SSDDI.

Our proposed method outperforms existing methods on both datasets, validat-
ing its effectiveness and robustness. This is primarily due to the method’s
stronger feature learning and discriminative capabilities, which improve classi-
fication accuracy for image samples generated by SSDDI that have small inter-
class differences but large intra-class differences. This also demonstrates that
combining deep convolutional neural networks with traditional action recogni-
tion methods offers complementary advantages and holds positive significance
for solving human action recognition problems.

4 Conclusion
This paper discusses existing problems in human action recognition. To ad-
dress the limitations of SSDDI, we propose a human action recognition method
based on JCF-DCNN. The main characteristic of this method is the use of
a joint cost function combining cross-entropy loss and center loss, which pro-
vides strong feature learning and classification capabilities. It simultaneously
considers intra-class compactness and inter-class separability of deep features,
effectively reducing action classification confusion. Experimental results show
that compared to existing methods, the proposed method significantly improves
the accuracy and robustness of human action recognition.

In future work, we will conduct research on larger-scale datasets containing
more action categories while attempting to design other deep learning models
to further improve the accuracy and robustness of human action recognition.
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