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The national fitness platform is moving toward an intelligent coaching stage. Action recognition therefore 
needs to remain stable and reliable for users of different ages, physical abilities, and exercise types. Existing 
action recognition methods in fitness scenarios tend to be affected by local occlusion, lighting changes, and 
complex backgrounds. In addition, methods relying only on a single video modality encounter difficulties in 
balancing high accuracy with real-time inference efficiency in platform applications. To address these prob-
lems, this study proposes a Dual-Temporal RGB-Skeleton Fusion Network (DTRSF-Net) for fitness action 
recognition, which combines a video dual temporal sampling branch with a skeleton branch. The front end 
first slices the video and forms a sparse sampling sequence and a dense sampling sequence. It also performs 
keypoint estimation to obtain a normalized skeleton sequence. The back end uses dual branch three-dimen-
sional convolution encoding to extract spatiotemporal features. It also introduces a skeleton action encoding 
network to obtain posture structure information. A fusion head then produces multimodal decision outputs. 
Experimental results show that after 200 training epochs, the Top-1 accuracy of DTRSF-Net reaches 98.04%. 
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The comparison and baseline models achieved 94.29% and 90.82%, respectively. The Top-5 accuracy reach-
es 99.70%. The comparison model and the baseline model achieve 98.40% and 96.79%. The results indicate 
that multimodal collaborative spatiotemporal feature learning achieves higher recognition accuracy in fit-
ness action recognition tasks. The method provides intelligent action recognition capability for the national 
fitness platform across multiple scenarios. It also offers stable data support for functions such as online cor-
rection, action counting, and training records.
KEYWORDS: National fitness platform, Action recognition, SlowFast, Skeleton-based Learning, Multimod-
al fusion

1. Overview
National fitness has evolved from policy-promoted 
offline gym training to digital service models that 
focus on mobile Internet platforms. These models 
reduce the threshold for fitness training through 
course distribution, training planning, and interac-
tive guidance. The concept of "anytime, anywhere 
training" has become a new norm [4]. With the pop-
ularity of home fitness training, lightweight equip-
ment training, and artificial intelligence coaching, 
action recognition has become a new trend for mo-
bile internet platforms. The results of action rec-
ognition are not only used for training records and 
action counting but also for important functional 
operations like real-time error correction, train-
ing rhythm control, and user safety reminders [10]. 
Current action recognition research is progress-
ing beyond the limitations of single-stream feature 
modeling. It pays more attention to the joint use of 
appearance information and structural information, 
the effective modeling of key time segments, and the 
feasibility of deployment in complex application 
scenes. For example, a dual-branch Skeleton-RGB 
fusion framework incorporating a spatiotemporal 
attention mechanism was proposed by Lan et al. [8]. 
This shows that the explicit cooperation of appear-
ance information and human structural informa-
tion can improve action discrimination in complex 
scenes [8]. Wu et al. [18] further proposed a graph 
convolutional network with local and global self-at-
tention and dynamic frame weighting. This indi-
cates that representative frames and key motion seg-
ments ought to be emphasized in action recognition, 
rather than the uniform aggregation of the entire 
sequence [18]. Le et al. [9] combined a Long Short-
Term Memory network with a depthwise separable 
convolutional neural network for skeleton-based 

action recognition. This shows that efficient con-
volution structures still have important value when 
recognition performance, computational cost, and 
deployment efficiency need to be balanced [9]. These 
studies show that recent action recognition methods 
pay more attention to structured fusion, discrimi-
native temporal weighting, and lightweight model 
design. However, for national fitness platforms, the 
real challenge is not only to improve offline recogni-
tion accuracy, but also to keep recognition stable and 
efficient under repetitive fitness actions, viewpoint 
changes, partial occlusion, and heterogeneous ter-
minal devices. Although existing studies have made 
some progress, there is still a clear gap in the prac-
tical application of national fitness platforms. When 
occlusion, illumination change, cluttered back-
ground, device heterogeneity, and repetitive action 
cycles appear at the same time, existing methods 
still tend to face problems such as insufficient fea-
ture alignment, unstable temporal decisions, or high 
deployment cost. Therefore, an action recognition 
framework for national fitness platforms needs not 
only joint modeling of appearance information and 
human structural information, but also consider-
ation of temporal completeness, modality reliability, 
and inference efficiency in a unified architecture.
Nevertheless, there remains a critical deficiency 
in practical applications related to national fitness 
platforms: when "occlusion, lighting variations, 
complex backgrounds, device differences, and ven-
ue differences" exist together, there is a tendency 
towards insufficient feature alignment and unstable 
decision-making in single-modality or loosely cou-
pled recognition systems, thereby reducing robust-
ness in online real-time recognition. To address this 
deficiency, Three-Dimensional Convolutional Neu-
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ral Network (3D CNN) modeling excels at capturing 
human appearance and local motion details, making 
it suitable for expressing fine-grained action differ-
ences in equipment training [11]. The dual temporal 
scale dual branch structure has a low computational 
cost while it can handle long-term and short-term 
dynamic information at the same time. Therefore, 
it is suitable for improving real-time inference effi-
ciency in platform-oriented recognition scenarios 
[20]. The spatiotemporal graph modeling based on 
human skeletons can utilize the topology of joints 
to obtain structural patterns of action while sup-
pressing background interference [17]. Therefore, 
this study proposes a Dual-Temporal RGB-Skeleton 
Fusion Network (DTRSF-Net) for fitness action rec-
ognition on national fitness platforms. The frontend 
of DTRSF-Net builds multi-temporal video inputs 
through video slicing and two-path sampling, and 
obtains normalized skeleton sequences through pose 
estimation. The backend extracts video spatiotem-
poral features through the dual-temporal 3D ResNet 
video encoder and obtains pose structural features 
through the ST-GCN-based skeleton action encod-
er. Multimodal feature alignment and fusion deci-
sion-making are achieved through a unified training 
framework. The contribution of DTRSF-Net is not 
the isolated use of SlowFast, 3D ResNet, ST-GCN, 
FPN, depthwise separable convolution, confidence 
weighting, or EMA, but their task-oriented coupling 
for platform fitness videos. Dual-temporal RGB clips 
and normalized skeleton sequences are generated 
from the same sliding window, aligned in a shared 
decision space, weighted according to modality re-
liability, and temporally stabilized for continuous 
recognition and action counting under occlusion, 
viewpoint changes, and cluttered backgrounds. To 
solve the low recognition accuracy of single-modal-
ity models in complex home environments, and to 
meet the deployment needs of national fitness plat-
forms, this study chose SlowFast as the video encod-
er. In real platform applications, uploaded videos 
originate from mobile phones, tablets, and low-cost 
cameras. Therefore, DTRSF-Net is designed to re-
duce unnecessary computation while maintaining 
temporal modeling ability. Since the experiments 
were conducted on an RTX 4090 platform, the re-
ported efficiency results are interpreted as compu-
tational-efficiency evidence rather than direct proof 
of edge-device deployment.

2. Methodology
2.1. SlowFast Sampling and Normalized 
Skeleton Sequence for Action Recognition
RGB video clips and normalized skeleton sequenc-
es from the same sliding window are utilized as in-
puts. The video branch incorporates slow and fast 
3D CNN pathways to encode long-term and short-
term motion patterns, and the skeleton branch uses 
Spatio-Temporal Graph Convolutional Network 
(ST-GCN) to model joint topology and temporal co-
ordination. The three feature streams are fused by 
confidence-guided weighting, and an exponential 
moving average is applied to stabilize online predic-
tions. Because user videos come from heterogeneous 
devices with different frame rates and resolutions, a 
unified slice generation mechanism is adopted, as 
shown in Equation (1).

 
. (1)

In Equation (1), It represents the t-th original frame 
decoded from the user side, and X (k) represents the  
k-th standard video segment, namely the clip. Tclip 
denotes the clip frame le ngth, and swin denotes the 
sliding window stride used for continuous recog-
nition window movement. After obtaining the ba-
sic video segments, geometric and pixel level nor-
malization is required to eliminate the influence 
caused by differences in shooting distance and 
devices among users. The normalization process is 
shown in Figure 1.
After spatial normalization, the image data require 
further normalization to accelerate network con-
vergence. The unified scaling and normalization are 
shown in Equation (2).
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In Equation (2), Tprep represents the preprocessed 
image after short side scaling or center cropping.   Hin 
and Win represent the network input size. μrgb and σrgb   
are RGB normalization parameters used to reduce 
the influence of environmental lighting changes on 
feature extraction. To capture both fast motion de-
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tails and slow posture changes in fi tness actions, this 
study adopts the SlowFast dual pathway sampling 
strategy. The normalized clip is further partitioned 
into two streams. The diversion formula is shown in 
Equation (3).

 

After spatial normalization, the image data 
require further normalization to accelerate 
network convergence. The unified scaling and 
normalization are shown in Equation (2). 
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In Equation (2), prep  represents the 
preprocessed image after short side scaling or 
center cropping. inH  and inW  represent the 
network input size. rgb  and rgb  are RGB 
normalization parameters used to reduce the 
influence of environmental lighting changes on 
feature extraction. To capture both fast motion 
details and slow posture changes in fitness 
actions, this study adopts the SlowFast dual 
pathway sampling strategy. The normalized 
clip is further partitioned into two streams. The 
diversion formula is shown in Equation (3). 
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In Equation (3), 0 wint ks  represents the 
starting frame of the clip. slow  and fast  
represent the sampling intervals of the two 
pathways.  represents the temporal rate of 
SlowFast. slowT  and fastT  represent the number 
of frames selected in the two pathways. The 
RGB branch inputs are slowX  and fastX . The 
slow pathway uses sparse sampling to preserve 
long-range posture continuity, whereas the fast 
pathway uses dense sampling to retain 
short-term motion changes that are important 
for distinguishing actions with similar overall 
poses but different rhythms. In parallel, a 
keypoint detection branch converts human 
joints into heatmaps for skeleton extraction, as 
shown in Figure 2. 

 
Figure 2 

Pose estimation front end and skeleton preprocessing. 
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As shown in Figure 2, heatmap regression was 
employed to locate human keypoints. The 
skeleton sequence was extracted by a top-down 
pose estimator based on the HRNet-W32 
backbone, and the pre-trained weights were 
loaded from the COCO keypoint dataset [16]. 
The detector outputs 17 human joints per frame, 
and only the person with the highest confidence 
in the foreground fitness area was kept for later 
action modeling. Missing joints were estimated 
via temporal interpolation. Low-confidence 
joints were refined using a confidence-aware 
filtering strategy prior to coordinate 
normalization. Based on Gaussian heatmap 
encoding, the model learns the spatial 
distribution probability of human joints more 
accurately. The spatial distribution probability 
is shown in Equation (4). 
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In Equation (4), , ,( , )j t j tu v  is the pixel 
coordinate of the j -th keypoint in the t -th 
frame, such as the left knee or right shoulder. 

, ( , )j tH x y  represents the response of the 
corresponding heatmap at ( , )x y , and hm  
controls the diffusion range of the heatmap. 
This type of Gaussian encoding explains the 
supervision or decoding process from human 
regions to keypoints in the construction of 
skeleton branch input. After obtaining the 
heatmap response, this study locates the 
response peak and uses the least squares 
method for coordinate decoding to obtain 
accurate joint positions [19]. The least squares 
decoding from heatmap to coordinates is shown 
in Equation (5). 

. (3)

In Equation (3), t0 = kswin represents the starting 
frame of the clip. τslow and τfast represent the sampling 
intervals of the two pathways. α represents the tem-
poral rate of SlowFast. Tslow and Tfast represent the 
number of frames selected in the two pathways. The 
RGB branch inputs are Xslow and Xfast. The slow path-
way uses sparse sampling to preserve long-range 
posture continuity, whereas the fast pathway uses 
dense sampling to retain short-term motion chang-
es that are important for distinguishing actions 

with similar overall poses but diff erent rhythms. In 
parallel, a keypoint detection branch converts hu-
man joints into heatmaps for skeleton extraction, as 
shown in Figure 2.
As shown in Figure 2, heatmap regression was em-
ployed to locate human keypoints. The skeleton se-
quence was extracted by a top-down pose estimator 
based on the HRNet-W32 backbone, and the pre-
trained weights were loaded from the COCO key-
point dataset [16]. The detector outputs 17 human 
joints per frame, and only the person with the high-
est confi dence in the foreground fi tness area was 
kept for later action modeling. Missing joints were 
estimated via temporal interpolation. Low-confi -
dence joints were refi ned using a confi dence-aware 
fi ltering strategy prior to coordinate normalization. 
Based on Gaussian heatmap encoding, the model 
learns the spatial distribution probability of hu-
man joints more accurately. The spatial distribution 
probability is shown in Equation (4).

human skeletons can utilize the topology of 
joints to obtain structural patterns of action 
while suppressing background interference [17]. 
Therefore, this study proposes a Dual-Temporal 
RGB-Skeleton Fusion Network (DTRSF-Net) for 
fitness action recognition on national fitness 
platforms. The frontend of DTRSF-Net builds 
multi-temporal video inputs through video 
slicing and two-path sampling, and obtains 
normalized skeleton sequences through pose 
estimation. The backend extracts video 
spatiotemporal features through the 
dual-temporal 3D ResNet video encoder and 
obtains pose structural features through the 
ST-GCN-based skeleton action encoder. 
Multimodal feature alignment and fusion 
decision-making are achieved through a unified 
training framework. The contribution of 
DTRSF-Net is not the isolated use of SlowFast, 
3D ResNet, ST-GCN, FPN, depthwise separable 
convolution, confidence weighting, or EMA, but 
their task-oriented coupling for platform fitness 
videos. Dual-temporal RGB clips and 
normalized skeleton sequences are generated 
from the same sliding window, aligned in a 
shared decision space, weighted according to 
modality reliability, and temporally stabilized 
for continuous recognition and action counting 
under occlusion, viewpoint changes, and 
cluttered backgrounds. To solve the low 
recognition accuracy of single-modality models 
in complex home environments, and to meet the 
deployment needs of national fitness platforms, 
this study chose SlowFast as the video encoder. 
In real platform applications, uploaded videos 
originate from mobile phones, tablets, and 
low-cost cameras. Therefore, DTRSF-Net is 
designed to reduce unnecessary computation 
while maintaining temporal modeling ability. 
Since the experiments were conducted on an 
RTX 4090 platform, the reported efficiency 

results are interpreted as 
computational-efficiency evidence rather than 
direct proof of edge-device deployment.

2. Methodology

2.1 SlowFast Sampling and Normalized 
Skeleton Sequence for Action 
Recognition
RGB video clips and normalized skeleton 
sequences from the same sliding window are 
utilized as inputs. The video branch 
incorporates slow and fast 3D CNN pathways 
to encode long-term and short-term motion 
patterns, and the skeleton branch uses 
Spatio-Temporal Graph Convolutional Network 
(ST-GCN) to model joint topology and temporal 
coordination. The three feature streams are 
fused by confidence-guided weighting, and an 
exponential moving average is applied to 
stabilize online predictions. Because user videos 
come from heterogeneous devices with different 
frame rates and resolutions, a unified slice 
generation mechanism is adopted, as shown in 
Equation (1).

( )
win win win clip{ | , 1,..., 1}k

tX I t ks ks ks T . (1)

In Equation (1), tI represents the t -th original 
frame decoded from the user side, and ( )kX
represents the k -th standard video segment, 
namely the clip. clipT denotes the clip frame 
length, and wins denotes the sliding window 
stride used for continuous recognition window 
movement. After obtaining the basic video 
segments, geometric and pixel level 
normalization is required to eliminate the 
influence caused by differences in shooting 
distance and devices among users. The 
normalization process is shown in Figure 1.
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Preprocessing flow of dual-path sampling splitting.
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Figure 1
Preprocessing flow of dual-path sampling splitting.

After spatial normalization, the image data 
require further normalization to accelerate 
network convergence. The unified scaling and 
normalization are shown in Equation (2).
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In Equation (2), prep represents the 
preprocessed image after short side scaling or 
center cropping. inH and inW represent the 
network input size. rgb and rgb are RGB 
normalization parameters used to reduce the 
influence of environmental lighting changes on 
feature extraction. To capture both fast motion 
details and slow posture changes in fitness 
actions, this study adopts the SlowFast dual 
pathway sampling strategy. The normalized 
clip is further partitioned into two streams. The 
diversion formula is shown in Equation (3).
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In Equation (3), 0 wint ks represents the 
starting frame of the clip. slow and fast

represent the sampling intervals of the two 
pathways. represents the temporal rate of 
SlowFast. slowT and fastT represent the number 
of frames selected in the two pathways. The 
RGB branch inputs are slowX and fastX . The 
slow pathway uses sparse sampling to preserve 
long-range posture continuity, whereas the fast 
pathway uses dense sampling to retain 
short-term motion changes that are important 
for distinguishing actions with similar overall 
poses but different rhythms. In parallel, a 
keypoint detection branch converts human 
joints into heatmaps for skeleton extraction, as 
shown in Figure 2.
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Pose estimation front end and skeleton preprocessing.
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As shown in Figure 2, heatmap regression was 
employed to locate human keypoints. The 
skeleton sequence was extracted by a top-down 
pose estimator based on the HRNet-W32 
backbone, and the pre-trained weights were 
loaded from the COCO keypoint dataset [16]. 
The detector outputs 17 human joints per frame, 
and only the person with the highest confidence 
in the foreground fitness area was kept for later 
action modeling. Missing joints were estimated 
via temporal interpolation. Low-confidence 
joints were refined using a confidence-aware 
filtering strategy prior to coordinate 
normalization. Based on Gaussian heatmap 
encoding, the model learns the spatial 
distribution probability of human joints more 
accurately. The spatial distribution probability 
is shown in Equation (4).
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In Equation (4), , ,( , )j t j tu v is the pixel 
coordinate of the j -th keypoint in the t -th 
frame, such as the left knee or right shoulder. 

, ( , )j tH x y represents the response of the 
corresponding heatmap at ( , )x y , and hm

controls the diffusion range of the heatmap. 
This type of Gaussian encoding explains the 
supervision or decoding process from human 
regions to keypoints in the construction of 
skeleton branch input. After obtaining the 
heatmap response, this study locates the 
response peak and uses the least squares 
method for coordinate decoding to obtain 
accurate joint positions [19]. The least squares 
decoding from heatmap to coordinates is shown 
in Equation (5).

Figure 2
Pose estimation front end and skeleton preprocessing.
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After spatial normalization, the image data 
require further normalization to accelerate 
network convergence. The unified scaling and 
normalization are shown in Equation (2). 
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In Equation (2), prep  represents the 
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center cropping. inH  and inW  represent the 
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normalization parameters used to reduce the 
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In Equation (3), 0 wint ks  represents the 
starting frame of the clip. slow  and fast  
represent the sampling intervals of the two 
pathways.  represents the temporal rate of 
SlowFast. slowT  and fastT  represent the number 
of frames selected in the two pathways. The 
RGB branch inputs are slowX  and fastX . The 
slow pathway uses sparse sampling to preserve 
long-range posture continuity, whereas the fast 
pathway uses dense sampling to retain 
short-term motion changes that are important 
for distinguishing actions with similar overall 
poses but different rhythms. In parallel, a 
keypoint detection branch converts human 
joints into heatmaps for skeleton extraction, as 
shown in Figure 2. 
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As shown in Figure 2, heatmap regression was 
employed to locate human keypoints. The 
skeleton sequence was extracted by a top-down 
pose estimator based on the HRNet-W32 
backbone, and the pre-trained weights were 
loaded from the COCO keypoint dataset [16]. 
The detector outputs 17 human joints per frame, 
and only the person with the highest confidence 
in the foreground fitness area was kept for later 
action modeling. Missing joints were estimated 
via temporal interpolation. Low-confidence 
joints were refined using a confidence-aware 
filtering strategy prior to coordinate 
normalization. Based on Gaussian heatmap 
encoding, the model learns the spatial 
distribution probability of human joints more 
accurately. The spatial distribution probability 
is shown in Equation (4). 
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In Equation (4), , ,( , )j t j tu v  is the pixel 
coordinate of the j -th keypoint in the t -th 
frame, such as the left knee or right shoulder. 

, ( , )j tH x y  represents the response of the 
corresponding heatmap at ( , )x y , and hm  
controls the diffusion range of the heatmap. 
This type of Gaussian encoding explains the 
supervision or decoding process from human 
regions to keypoints in the construction of 
skeleton branch input. After obtaining the 
heatmap response, this study locates the 
response peak and uses the least squares 
method for coordinate decoding to obtain 
accurate joint positions [19]. The least squares 
decoding from heatmap to coordinates is shown 
in Equation (5). 

 
. (4)

In Equation (4), (uj,t,vj,t) is the pixel coordinate of the  
j-th keypoint in the t-th frame, such as the left knee 
or right shoulder. Hj,t(x,y) represents the response 
of the corresponding heatmap at (x,y), and σhm con-
trols the diffusion range of the heatmap. This type of 
Gaussian encoding explains the supervision or de-
coding process from human regions to keypoints in 
the construction of skeleton branch input. After ob-
taining the heatmap response, this study locates the 
response peak and uses the least squares method for 
coordinate decoding to obtain accurate joint posi-
tions [19]. The least squares decoding from heatmap 
to coordinates is shown in Equation (5).
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In Equation (5), ,j tY  represents the keypoint 
coordinate to be solved. A  and B  represent 
the linear equation system constructed by 
( , , )x y H  beams sampled within the 
neighborhood of the heatmap peak. 
Considering that users of National Fitness vary 
from children to adults to elderly people, their 
heights and shapes are greatly different. Using 
original coordinates for action recognition 
results in poor generalization. In this regard, a 
lightweight preprocessing approach is proposed 
for the skeleton sequence in spatiotemporal 
dimensions. The skeleton lightweight 
preprocessing is shown in Equation (6). 
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In Equation (6), ,j tp  represents the original 
keypoint coordinate. root,tp  represents the 
reference joint, such as the pelvis or torso 
center, for translation alignment. scale,td  
represents the scale factor, such as shoulder 
width or torso length, for scale normalization. 

sm
,j tp  represents the temporally smoothed result, 

and  represents the smoothing coefficient. 
Figure 3 then illustrates the 3D ResNet-based 
spatiotemporal encoding process used to 
capture both spatial texture and temporal 
evolution of fitness actions. 

 

Figure 3 

3D ResNet spatiotemporal encoding block. 
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In Figure 3, the module of 3D ResNet adds a 
temporal dimension and extends the traditional 
2D spatial convolution operation into a 3D 
spatiotemporal convolution operation. The 
input features are passed through a BN layer, a 
ReLU activation function, and a 3D CNN layer. 
Residual connections are employed to mitigate 
the gradient vanishing problem in deep 
networks. The action features are extracted 
while keeping the original spatiotemporal 
information flow. Based on this architecture, the 
3D CNN operation encodes both spatial texture 
and temporal evolution of fitness actions 
simultaneously, as shown in Equation (7). 
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In Equation (7), , ,i j kx  represents the sampling 
position of input features in temporal and 

spatial dimensions. , , ,p q r lw  represents the 
parameters of the convolution kernel. ( , , )P Q R  
represents the kernel size in three dimensions. 

, , ,i j k ly  represents the response of the l -th 
output channel at ( , , )i j k . This response 
directly reflects the activation level of a specific 
motion pattern, such as arm raising or 
squatting. 

2.2 DTRSF-Net Architecture and 
Multimodal Collaborative Action 
Recognition Model 
However, the original 3D ResNet still has 
limited efficiency and insufficient sensitivity to 
subtle actions under occlusion and complex 
home backgrounds. Therefore, this study 
introduces lightweight spatiotemporal 

 . (5)

In Equation (5), Yj,t represents the keypoint coor-
dinate to be solved. A and B represent the linear 
equation system constructed by (x,y,H) beams 
sampled within the neighborhood of the heatmap 
peak. Considering that users of National Fitness 
vary from children to adults to elderly people, their 
heights and shapes are greatly different. Using 
original coordinates for action recognition results 
in poor generalization. In this regard, a lightweight 
preprocessing approach is proposed for the skele-
ton sequence in spatiotemporal dimensions. The 
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Equation (6).
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In Equation (6), ,j tp  represents the original 
keypoint coordinate. root,tp  represents the 
reference joint, such as the pelvis or torso 
center, for translation alignment. scale,td  
represents the scale factor, such as shoulder 
width or torso length, for scale normalization. 
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,j tp  represents the temporally smoothed result, 

and  represents the smoothing coefficient. 
Figure 3 then illustrates the 3D ResNet-based 
spatiotemporal encoding process used to 
capture both spatial texture and temporal 
evolution of fitness actions. 
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In Figure 3, the module of 3D ResNet adds a 
temporal dimension and extends the traditional 
2D spatial convolution operation into a 3D 
spatiotemporal convolution operation. The 
input features are passed through a BN layer, a 
ReLU activation function, and a 3D CNN layer. 
Residual connections are employed to mitigate 
the gradient vanishing problem in deep 
networks. The action features are extracted 
while keeping the original spatiotemporal 
information flow. Based on this architecture, the 
3D CNN operation encodes both spatial texture 
and temporal evolution of fitness actions 
simultaneously, as shown in Equation (7). 
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represents the kernel size in three dimensions. 

, , ,i j k ly  represents the response of the l -th 
output channel at ( , , )i j k . This response 
directly reflects the activation level of a specific 
motion pattern, such as arm raising or 
squatting. 

2.2 DTRSF-Net Architecture and 
Multimodal Collaborative Action 
Recognition Model 
However, the original 3D ResNet still has 
limited efficiency and insufficient sensitivity to 
subtle actions under occlusion and complex 
home backgrounds. Therefore, this study 
introduces lightweight spatiotemporal 
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In Figure 3, the module of 3D ResNet adds a 
temporal dimension and extends the traditional 
2D spatial convolution operation into a 3D 
spatiotemporal convolution operation. The 
input features are passed through a BN layer, a 
ReLU activation function, and a 3D CNN layer. 
Residual connections are employed to mitigate 
the gradient vanishing problem in deep 
networks. The action features are extracted 
while keeping the original spatiotemporal 
information flow. Based on this architecture, the 
3D CNN operation encodes both spatial texture 
and temporal evolution of fitness actions 
simultaneously, as shown in Equation (7). 
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center, for translation alignment. scale,td  
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width or torso length, for scale normalization. 
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spatiotemporal encoding process used to 
capture both spatial texture and temporal 
evolution of fitness actions. 
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In Figure 3, the module of 3D ResNet adds a 
temporal dimension and extends the traditional 
2D spatial convolution operation into a 3D 
spatiotemporal convolution operation. The 
input features are passed through a BN layer, a 
ReLU activation function, and a 3D CNN layer. 
Residual connections are employed to mitigate 
the gradient vanishing problem in deep 
networks. The action features are extracted 
while keeping the original spatiotemporal 
information flow. Based on this architecture, the 
3D CNN operation encodes both spatial texture 
and temporal evolution of fitness actions 
simultaneously, as shown in Equation (7). 
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spatial dimensions. , , ,p q r lw  represents the 
parameters of the convolution kernel. ( , , )P Q R  
represents the kernel size in three dimensions. 

, , ,i j k ly  represents the response of the l -th 
output channel at ( , , )i j k . This response 
directly reflects the activation level of a specific 
motion pattern, such as arm raising or 
squatting. 

2.2 DTRSF-Net Architecture and 
Multimodal Collaborative Action 
Recognition Model 
However, the original 3D ResNet still has 
limited efficiency and insufficient sensitivity to 
subtle actions under occlusion and complex 
home backgrounds. Therefore, this study 
introduces lightweight spatiotemporal 

Figure 3
3D ResNet spatiotemporal encoding block.
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under occlusion and complex home backgrounds. 
Therefore, this study introduces lightweight spatio-
temporal factorization, depthwise separable convo-
lution, and multi-scale feature enhancement to con-
struct the dual-temporal 3D ResNet video encoder 
in DTRSF-Net, as shown in Figure 4. 
In Figure 4, the slow pathway emphasizes spatial 
semantics, and the fast pathway emphasizes motion 
information. The video encoder in DTRSF-Net is 
improved by adding depthwise separable convolu-
tion to reduce computational cost and by integrating 
a feature pyramid network module into the lateral 
connections to improve feature fusion. The decom-
position of 3D CNN is shown in Equation (8).

factorization, depthwise separable convolution, 
and multi-scale feature enhancement to 

construct the dual-temporal 3D ResNet video 
encoder in DTRSF-Net, as shown in Figure 4.
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In Figure 4, the slow pathway emphasizes 
spatial semantics, and the fast pathway 
emphasizes motion information. The video 
encoder in DTRSF-Net is improved by adding 
depthwise separable convolution to reduce 
computational cost and by integrating a feature 
pyramid network module into the lateral 
connections to improve feature fusion. The 
decomposition of 3D CNN is shown in Equation 
(8). 
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In Equation (8),  represents serial execution. 
Furthermore, to achieve a more lightweight 
design, this study adopts the depthwise 
separable 3D CNN strategy. This method 
decouples channel correlations from spatial 
correlations. The depthwise separable 3D CNN 
is shown in Equation (9). 
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In Equation (9), DW  represents channel wise 
3D CNN that extracts independent 
spatiotemporal features for each channel. PW  
represents the 1×1×1 pointwise convolution 
used for channel mixing. dwW  and pwW  are 
the parameters of the two parts. Fitness actions 
show large motion amplitude variation, such as 
marching in place and burpees. Conventional 
convolution cannot balance receptive fields at 
different scales [21]. This study introduces 
dilated 3D CNN to expand the effective 
receptive field and capture larger range limb 
coordination information. The effective 

receptive field is shown in Equation (10). 
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In Equation (10), k  represents the original 
convolution kernel size. a  represents the 
dilation rate. effK  represents the effective 
convolution kernel size. During dual pathway 
feature extraction, the fast pathway and the 
slow pathway need effective interaction to 
compensate for the limited temporal resolution 
of the slow pathway [22]. This study performs 
spatiotemporal feature alignment and fusion 
through lateral connections. The expression is 
shown in Equation (11). 
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In Equation (11), slowF  and fastF  represent the 
feature tensors of the fast pathway and the slow 
pathway. ( )

5 1 1Conv  represents a convolution 
with kernel size 5×1×1 and temporal stride . 
This operation downsamples the fast pathway 
along the temporal dimension to align it with 
the slow pathway. ( )  uses a 1×1×1 
convolution to achieve channel fusion. To 
enhance the adaptability of the model to 
different shooting distances, this study 
integrates FPN into the backbone network to 
achieve multi-level feature aggregation. The 
recursive formulation is shown in Equation (12) 
[15]. 
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In Figure 4, the slow pathway emphasizes 
spatial semantics, and the fast pathway 
emphasizes motion information. The video 
encoder in DTRSF-Net is improved by adding 
depthwise separable convolution to reduce 
computational cost and by integrating a feature 
pyramid network module into the lateral 
connections to improve feature fusion. The 
decomposition of 3D CNN is shown in Equation 
(8). 
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In Figure 4, the slow pathway emphasizes 
spatial semantics, and the fast pathway 
emphasizes motion information. The video 
encoder in DTRSF-Net is improved by adding 
depthwise separable convolution to reduce 
computational cost and by integrating a feature 
pyramid network module into the lateral 
connections to improve feature fusion. The 
decomposition of 3D CNN is shown in Equation 
(8). 
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In Figure 4, the slow pathway emphasizes 
spatial semantics, and the fast pathway 
emphasizes motion information. The video 
encoder in DTRSF-Net is improved by adding 
depthwise separable convolution to reduce 
computational cost and by integrating a feature 
pyramid network module into the lateral 
connections to improve feature fusion. The 
decomposition of 3D CNN is shown in Equation 
(8). 
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In Equation (9), DW represents channel wise 3D 
CNN that extracts independent spatiotemporal 
features for each channel. PW represents the 1×1×1 
pointwise convolution used for channel mixing. Wdw 
and Wpw are the parameters of the two parts. Fitness 
actions show large motion amplitude variation, such 
as marching in place and burpees. Conventional con-
volution cannot balance receptive fields at different 
scales [21]. This study introduces dilated 3D CNN to 
expand the effective receptive field and capture larg-
er range limb coordination information. The effec-
tive receptive field is shown in Equation (10).
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construct the dual-temporal 3D ResNet video 
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In Figure 4, the slow pathway emphasizes 
spatial semantics, and the fast pathway 
emphasizes motion information. The video 
encoder in DTRSF-Net is improved by adding 
depthwise separable convolution to reduce 
computational cost and by integrating a feature 
pyramid network module into the lateral 
connections to improve feature fusion. The 
decomposition of 3D CNN is shown in Equation 
(8). 
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through lateral connections. The expression is 
shown in Equation (11). 
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enhance the adaptability of the model to 
different shooting distances, this study 
integrates FPN into the backbone network to 
achieve multi-level feature aggregation. The 
recursive formulation is shown in Equation (12) 
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and multi-scale feature enhancement to 

construct the dual-temporal 3D ResNet video 
encoder in DTRSF-Net, as shown in Figure 4.
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In Figure 4, the slow pathway emphasizes 
spatial semantics, and the fast pathway 
emphasizes motion information. The video 
encoder in DTRSF-Net is improved by adding 
depthwise separable convolution to reduce 
computational cost and by integrating a feature 
pyramid network module into the lateral 
connections to improve feature fusion. The 
decomposition of 3D CNN is shown in Equation 
(8). 
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In Equation (8),  represents serial execution. 
Furthermore, to achieve a more lightweight 
design, this study adopts the depthwise 
separable 3D CNN strategy. This method 
decouples channel correlations from spatial 
correlations. The depthwise separable 3D CNN 
is shown in Equation (9). 
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marching in place and burpees. Conventional 
convolution cannot balance receptive fields at 
different scales [21]. This study introduces 
dilated 3D CNN to expand the effective 
receptive field and capture larger range limb 
coordination information. The effective 

receptive field is shown in Equation (10). 

eff ( 1)( 1)K k k a .    (10) 

In Equation (10), k  represents the original 
convolution kernel size. a  represents the 
dilation rate. effK  represents the effective 
convolution kernel size. During dual pathway 
feature extraction, the fast pathway and the 
slow pathway need effective interaction to 
compensate for the limited temporal resolution 
of the slow pathway [22]. This study performs 
spatiotemporal feature alignment and fusion 
through lateral connections. The expression is 
shown in Equation (11). 

( )
fast slow 5 1 1 fast rgb slow fast slowConv ( ), ([ , ])F F f F F  (11) 

In Equation (11), slowF  and fastF  represent the 
feature tensors of the fast pathway and the slow 
pathway. ( )

5 1 1Conv  represents a convolution 
with kernel size 5×1×1 and temporal stride . 
This operation downsamples the fast pathway 
along the temporal dimension to align it with 
the slow pathway. ( )  uses a 1×1×1 
convolution to achieve channel fusion. To 
enhance the adaptability of the model to 
different shooting distances, this study 
integrates FPN into the backbone network to 
achieve multi-level feature aggregation. The 
recursive formulation is shown in Equation (12) 
[15]. 

1( ) ( )l l lP C P .    (12) 

In Equation (12), lC  represents the output 
feature of the backbone at the l -th stage. ( )  

factorization, depthwise separable convolution, 
and multi-scale feature enhancement to 

construct the dual-temporal 3D ResNet video 
encoder in DTRSF-Net, as shown in Figure 4.

 
Figure 4 

Dual-temporal 3D ResNet video encoder in DTRSF-Net. 

Slow path Fast path

Stage S1 S2 S3 S4 F1 F2 F3 F4

Depthwise 
srparable 3D
Detailed 3D

Temporal align + fuse

FPN pyramid
Input layer

Input layer

Result Result

 

 

In Figure 4, the slow pathway emphasizes 
spatial semantics, and the fast pathway 
emphasizes motion information. The video 
encoder in DTRSF-Net is improved by adding 
depthwise separable convolution to reduce 
computational cost and by integrating a feature 
pyramid network module into the lateral 
connections to improve feature fusion. The 
decomposition of 3D CNN is shown in Equation 
(8). 

7 7 7 7 1 1 1 7 7 3 3 3 3 1 1 1 3 3Conv Conv Conv , Conv Conv Conv . (8) 

In Equation (8),  represents serial execution. 
Furthermore, to achieve a more lightweight 
design, this study adopts the depthwise 
separable 3D CNN strategy. This method 
decouples channel correlations from spatial 
correlations. The depthwise separable 3D CNN 
is shown in Equation (9). 

dw pwPW(DW( ; ); )F X W W .    (9) 

In Equation (9), DW  represents channel wise 
3D CNN that extracts independent 
spatiotemporal features for each channel. PW  
represents the 1×1×1 pointwise convolution 
used for channel mixing. dwW  and pwW  are 
the parameters of the two parts. Fitness actions 
show large motion amplitude variation, such as 
marching in place and burpees. Conventional 
convolution cannot balance receptive fields at 
different scales [21]. This study introduces 
dilated 3D CNN to expand the effective 
receptive field and capture larger range limb 
coordination information. The effective 

receptive field is shown in Equation (10). 

eff ( 1)( 1)K k k a .    (10) 

In Equation (10), k  represents the original 
convolution kernel size. a  represents the 
dilation rate. effK  represents the effective 
convolution kernel size. During dual pathway 
feature extraction, the fast pathway and the 
slow pathway need effective interaction to 
compensate for the limited temporal resolution 
of the slow pathway [22]. This study performs 
spatiotemporal feature alignment and fusion 
through lateral connections. The expression is 
shown in Equation (11). 

( )
fast slow 5 1 1 fast rgb slow fast slowConv ( ), ([ , ])F F f F F  (11) 

In Equation (11), slowF  and fastF  represent the 
feature tensors of the fast pathway and the slow 
pathway. ( )

5 1 1Conv  represents a convolution 
with kernel size 5×1×1 and temporal stride . 
This operation downsamples the fast pathway 
along the temporal dimension to align it with 
the slow pathway. ( )  uses a 1×1×1 
convolution to achieve channel fusion. To 
enhance the adaptability of the model to 
different shooting distances, this study 
integrates FPN into the backbone network to 
achieve multi-level feature aggregation. The 
recursive formulation is shown in Equation (12) 
[15]. 

1( ) ( )l l lP C P .    (12) 

In Equation (12), lC  represents the output 
feature of the backbone at the l -th stage. ( )  

 .
(11)



1495Information Technology and Control 2026/3/55

In Equation (11), Fslow and Ffast represent the feature 
tensors of the fast pathway and the slow pathway.   
Conv(α)

5×1×1 represents a convolution with kernel size 
5×1×1 and temporal stride α. This operation downs-
amples the fast pathway along the temporal dimen-
sion to align it with the slow pathway. ϕ(·) uses a 
1×1×1 convolution to achieve channel fusion. To 
enhance the adaptability of the model to diff erent 
shooting distances, this study integrates FPN into 
the backbone network to achieve multi-level feature 
aggregation. The recursive formulation is shown in 
Equation (12) [15].

P C P 1( ) ( )l l lψ += +U . (12)

In Equation (12), Cl represents the output feature of the 
backbone at the l-th stage. ψ(·) uses a 1×1×1 convolution 
for channel alignment. U(·) represents the feature after 
upsampling to the same scale as Cl. The addition pro-
duces the pyramid feature Pl. Beyond visual features, 
the skeleton branch processes human topology infor-
mation through ST-GCN, as shown in Figure 5.
In Figure 5, the skeleton action encoder represents 
human joints as nodes in the graph, and connections 
between limbs and trajectories over time are repre-
sented as edges. Graph convolution operations are 
applied to extract coordinated motion features be-
tween human joints while preserving the topology of 
the human skeleton. This is due to the nature of the 
human skeleton, which is a natural graph. This en-
ables GCN to effi  ciently extract coordinated motion 
relationships between human joints. The skeleton 
graph convolution is shown in Equation (13).

uses a 1×1×1 convolution for channel alignment. 
( )  represents the feature after upsampling to 

the same scale as lC . The addition produces 
the pyramid feature lP . Beyond visual features, 

the skeleton branch processes human topology 
information through ST-GCN, as shown in 
Figure 5. 
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In Figure 5, the skeleton action encoder 
represents human joints as nodes in the graph, 
and connections between limbs and trajectories 
over time are represented as edges. Graph 
convolution operations are applied to extract 
coordinated motion features between human 
joints while preserving the topology of the 
human skeleton. This is due to the nature of the 
human skeleton, which is a natural graph. This 
enables GCN to efficiently extract coordinated 
motion relationships between human joints. The 
skeleton graph convolution is shown in 
Equation (13). 
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In Equation (13), Ŝ  represents the normalized 
skeleton sequence, which stacks J  keypoint 
coordinates along the temporal dimension. kA  
represents the adjacency matrix of the k -th 
subgraph. k  represents the corresponding 
degree matrix used for normalization. kW  
represents learnable weights. skef  represents 
the input normalized skeleton sequence. To 
address the failure of a single modality in 
specific scenarios, this study designs a modality 
fusion and training strategy during the training 
stage. The training framework is shown in 
Figure 6.
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As shown in Figure 6, in the inference stage, a 
late fusion strategy is employed by the 
proposed study. The features are dynamically 
weighted according to the confidence of each 
modality to produce a decision result. When 

observation quality changes quickly, adaptive 
weighting is needed to maintain decision 
stability across adjacent clips. Specifically, the 
features of each modality are first projected into 
a shared embedding space. Then they are 
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ture. A higher alignment score means that the cur-
rent modality is more consistent with its historical 
discriminative pattern. Thus, it is more suitable as 
a decision basis in the current scene. This design is 
based on the fact that modality quality in fi tness vid-
eos strongly depends on the scene. RGB features can 
degrade under occlusion or cluttered backgrounds, 
while skeleton features may become unstable due 
to missing keypoints or motion blur. Therefore, dy-
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In Figure 5, the skeleton action encoder 
represents human joints as nodes in the graph, 
and connections between limbs and trajectories 
over time are represented as edges. Graph 
convolution operations are applied to extract 
coordinated motion features between human 
joints while preserving the topology of the 
human skeleton. This is due to the nature of the 
human skeleton, which is a natural graph. This 
enables GCN to efficiently extract coordinated 
motion relationships between human joints. The 
skeleton graph convolution is shown in 
Equation (13).
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proposed study. The features are dynamically 
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namic weighting can actively reduce the infl uence 
of unreliable modalities and keep stable modalities. 
Hence, it is more suitable for online fi tness action 
recognition than fi xed fusion coeffi  cients. The weight 
calculation of late fusion is shown in Equation (14).

compared with the running class prototype or 
reference feature. A higher alignment score 
means that the current modality is more 
consistent with its historical discriminative 
pattern. Thus, it is more suitable as a decision 
basis in the current scene. This design is based 
on the fact that modality quality in fitness 
videos strongly depends on the scene. RGB 
features can degrade under occlusion or 
cluttered backgrounds, while skeleton features 
may become unstable due to missing keypoints 
or motion blur. Therefore, dynamic weighting 
can actively reduce the influence of unreliable 
modalities and keep stable modalities. Hence, it 
is more suitable for online fitness action 
recognition than fixed fusion coefficients. The 
weight calculation of late fusion is shown in 
Equation (14). 

ref
final 1

ref1

exp(sim( , )) ,
exp(sim( , ))

Nm
m m mN m

jj

F F z F
F F . (14) 

In Equation (14), mF  represents the m -th 
feature vector. This study sets 1 rgbF z  and 

2 skeF z . refF  represents the reference feature. 
m  represents the late fusion weight. This 

study used the inner product as a compact 
confidence proxy because it can reflect both 
feature magnitude consistency and alignment 
with the class reference direction. After score 
normalization, the obtained weight represents 
the relative reliability of the i -th modality in 
the current clip, rather than an absolute 
probability. This form was used because it adds 
almost no extra computational cost, and it is 
also suitable for real-time multimodal fusion on 
national fitness platforms with limited 
computing resources. And the fused outputs are 
further stabilized by an exponential moving 
average in the final prediction stage, as shown 
in Figure 7. 

 
Figure 7 

DTRSF-Net model architecture. 

 

C
on

tin
uo

us
 v

id
eo

 st
re

am

C
lip

R
G

B
Sk

el
et

on
St

an
da

rd
iz

e
D

ua
l-p

at
h 

sa
m

pi
ng

Sl
ow

Fa
st-

3D
 R

es
N

et

V
id

eo
 fe

at
ur

e

Po
se

 +
 p

ro
ce

ss

ST
-G

CN

Sk
el

et
on

 fe
at

ur
e

Fu
se

d 
lo

gi
ts

O
nl

in
e 

sta
bi

liz
at

io
n

A
ct

io
n 

la
be

l
C

on
fid

en
ce

C
ou

nt

 

 

As illustrated in Figure 7, DTRSF-Net includes 
dual-pathway video sampling, skeleton 
extraction, dual-stream feature encoding, and 
late fusion. It is noteworthy that the proposed 
architecture emphasizes the online stabilization 
module in the last stage. The online stabilization 
module refines the output of the continuous 
time window and provides the action category, 
confidence, and the timestamp for the count. 
With the Exponential Moving Average (EMA) 
algorithm, the model outputs smooth and stable 
prediction results and satisfies the accuracy 
requirement of platform counting. The EMA 
stabilization for continuous recognition and the 

joint training objective are shown in Equation 
(15). 

ema ema
ema 1 final,

( ) ( ) ( ) ( )
mix mix

2

ce final rgb ske 2

(1 )

( , ) (1 )

( , )

t t t

a b a b
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S P S S S S

z y z z
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In Equation (15), final,tz  represents the fused 
logits or embeddings of the t -th sliding 
window. ema

tz  represents the stabilized output 
after EMA. ema  controls the strength of 
fluctuation suppression. During training, 
skeleton mixed augmentation is represented by 

. (14)

In Equation (14), Fm represents the m-th feature vec-
tor. This study sets F1= zrgb and F2= zske. Fref represents 
the reference feature. αm represents the late fusion 
weight. This study used the inner product as a com-
pact confi dence proxy because it can refl ect both fea-
ture magnitude consistency and alignment with the 
class reference direction. After score normalization, 
the obtained weight represents the relative reliabili-
ty of the i-th modality in the current clip, rather than 
an absolute probability. This form was used because 
it adds almost no extra computational cost, and it is 
also suitable for real-time multimodal fusion on na-
tional fi tness platforms with limited computing re-
sources. And the fused outputs are further stabilized 
by an exponential moving average in the fi nal predic-
tion stage, as shown in Figure 7.
As illustrated in Figure 7, DTRSF-Net includes du-
al-pathway video sampling, skeleton extraction, 
dual-stream feature encoding, and late fusion. It 
is noteworthy that the proposed architecture em-
phasizes the online stabilization module in the last 
stage. The online stabilization module refi nes the 

output of the continuous time window and provides 
the action category, confi dence, and the timestamp 
for the count. With the Exponential Moving Average 
(EMA) algorithm, the model outputs smooth and 
stable prediction results and satisfi es the accuracy 
requirement of platform counting. The EMA sta-
bilization for continuous recognition and the joint 
training objective are shown in Equation (15).
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Figure 6
Skeleton mixed augmentation and joint training framework.
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In Equation (15), zfinal,t represents the fused logits or 
embeddings of the t-th sliding window. zt

ema represents 
the stabilized output after EMA. λema controls the 
strength of fluctuation suppression. During training, 
skeleton mixed augmentation is represented by P(·). 
Two sample skeletons S(a) and S(b) are linearly mixed 
with weight αmix to obtain S̃. The classification cross 
entropy Lce provides the main supervision. ǁzrgb – zskeǁ2

2 
provides modality alignment regularization.

3. Results and Analysis
3.1. Experimental Environment Setup
DTRSF-Net was evaluated using Kinetics-400, Fit-
ness-101, and M3GYM with different experimental 
roles rather than through a single merged split. Ki-
netics-400 was used to initialize the RGB video en-
coder by generic action pre-training. Fitness-101 was 
used for task-specific training, validation, and test-
ing, and its videos were divided at the video level into 
training, validation, and test subsets at a ratio of 7:1:2. 
M3GYM was reserved for external fitness-scene 
evaluation of online inference, environmental inter-

ference, and venue transfer, and it was not used for 
model selection. Sparse and dense sampling were 
used for the slow and fast pathways, respectively, and 
normalized keypoint sequences were used as inputs 
to the skeleton branch. The model was implement-
ed in Python 3.10 with PyTorch 2.1 and CUDA 12.1 
on an NVIDIA RTX 4090 GPU and an Intel Core i9 
platform with 64 GB RAM. AdamW was used with an 
initial learning rate of 1×10-4, cosine annealing with 
5-epoch warm-up, weight decay of 1×10-4, batch size 
16, and 200 epochs. The comparison models were 3D 
ResNet-50 and SlowFast-YOLOv8. Ablation exper-
iments were conducted on single-branch settings, 
equal-weight fusion, alignment removal, and key 
lightweight modules under the same data split, input 
resolution, and training budget.

3.2. Recognition Performance Analysis
To compare the convergence speed and final perfor-
mance differences of each model during training, 
this study validated the changes in Top-1 accuracy 
and Top-5 accuracy of each model during 200 train-
ing epochs, as shown in Figure 8.
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99.70% at the 200th epoch. The advantage of 
DTRSF-Net lay in the fact that multimodal 
spatiotemporal feature alignment and fusion 
enhanced inter-class separability and 
fine-grained differentiation of similar actions, 
allowing Top-5 to reach a high level earlier and 
maintain the lead. Subsequently, this study 
examined the discriminative boundaries and 
confusion situations of the model on specific 
action categories. With 500 groups of each of 8 
action types, the recognition performance of 
DTRSF-Net and comparison models on 
different fitness action recognition tasks is 
shown in Figure 9.
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reach a high level earlier and maintain the lead. Sub-
sequently, this study examined the discriminative 
boundaries and confusion situations of the mod-
el on specifi c action categories. With 500 groups of 
each of 8 action types, the recognition performance 
of DTRSF-Net and comparison models on diff erent 
fi tness action recognition tasks is shown in Figure 9. 
In Figure 9(a), the correct recognition numbers for the 
8 action classes of DTRSF-Net were essentially be-
tween 486 and 494 (Sit-up at 494, Burpee at 486, High 
knees at 489), with the most errors appearing in "High 
knees → Jumping jack" at 8 cases. The results indicat-
ed that DTRSF-Net had the clearest discriminative 
boundaries for various action types and maintained 
low misclassifi cation even between similar actions. 
These results indicate that 3D spatiotemporal model-
ing, integrated with temporal motion cues and skele-
ton structural cues, enables the model to capture both 
action rhythm and key pose structure simultaneous-
ly. In Figure 9(b), the actual recognition of the High 
knees action of the SlowFast-YOLOv8 was 469, while 
the number of incorrect recognitions of the action 
as Jumping jack was 23. The SlowFast-YOLOv8 was 
more likely to be confused between the pair of actions 
based on their rhythms and the upper limb support 
actions. The separability of the actions was less com-
pared to the DTRSF-Net. As per Figure 9(c), the 3D 
ResNet-50 had the most incorrect recognitions. Out of 
the total of 449 correct recognitions of the High knees 
action of the 3D ResNet-50, as many as 36 were incor-
rectly recognized as Jumping jack action. The above 
results indicated that the baseline model had insuf-
fi cient capability to characterize fi ne-grained action 
diff erences, with the lowest inter-class separation. 
This was likely because single 3D convolutional fea-
tures under complex backgrounds and similar rhythm 
conditions more easily expanded intra-class variance 
and compressed inter-class intervals, and the discrim-
inative boundaries for similar actions were more un-
stable without complementary constraints.

3.3. Online Inference and Computational 
Effi  ciency Evaluation
Subsequently, regarding the stability issue of action 
recognition in video streams, Figure 10 compared 
the recognition accuracy fl uctuations of the three 
models when processing consecutive frames of dif-
ferent action videos to evaluate their online infer-
ence capability. 
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Figure 9
Classification confusion matrices for different fitness actions.

skeleton branches. This reduced the noise of the fea-
tures caused by occlusion, illumination changes, and 
background clutter. In Figure 8(b), the Top-5 accura-
cy of DTRSF-Net reached 99.70% at the 200th epoch. 
The advantage of DTRSF-Net lay in the fact that mul-
timodal spatiotemporal feature alignment and fusion 
enhanced inter-class separability and fi ne-grained 
diff erentiation of similar actions, allowing Top-5 to 
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Figure 10
Comparison of recognition accuracy for different actions.

Note: Source from M3GYM. Faces have been masked, meeting ethical standards.

In Figure 10(a), the most stable and highest recog-
nition accuracy of DTRSF-Net in consecutive frame 
conditions with diff erent actions and diff erent inter-
ference backgrounds was retained. At the same time, 
the recognition accuracy of the four action frames 
reached 94.12%, 96.89%, 95.98%, and 95.56%, re-
spectively. Among them, the lowest single frame rec-
ognition accuracy remained above 94%, refl ecting 
the more comprehensive aggregation of spatiotem-
poral dynamics and key pose cues of DTRSF-Net and 
the ability of the network to extract relatively robust 
discriminative features under occlusion, viewpoint 
diff erences, and multi-person backgrounds. In Fig-
ure 10(b), the recognition accuracies for the four 
action frames of SlowFast-YOLOv8 were 86.84%, 
91.56%, 90.70%, and 89.42%, overall showing fl uctu-
ations where accuracy was higher for more typical 
actions and lower with more complex occlusion and 
backgrounds. This indicated that SlowFast-YOLOv8 
had certain consecutive frame recognition capabili-

ty, but its stability and upper limit accuracy were sig-
nifi cantly weaker than DTRSF-Net under complex 
scenarios. In Figure 10(c), the recognition accura-
cies for the four action frames of 3D ResNet-50 were 
all below 87%, consistent with the confusion matrix 
examination results, with the highest misclassifi -
cation risk. This meant that the 3D ResNet-50 had 
poor coverage of the discriminative features and 
was more dependent on the coarse features of the 
appearance. This was due to the multi-person mo-
tion interference, incomplete pose detection, and 
transition frames. This caused the performance of 
the network to deteriorate. To evaluate the compu-
tational effi  ciency and online counting stability of 
DTRSF-Net in platform-oriented applications, this 
study recorded the counting error (Mean Absolute 
Error, MAE) and operational effi  ciency (Frames Per 
Second, FPS) performance of diff erent model vari-
ants under diff erent time window settings. The spe-
cifi c results are shown in Figure 11. 
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Model MAE (ms/clip) RMSE (ms/clip) MAPE (%) Max error (ms/clip) Std of error

HCTT 0.61 0.84 3.27 2.56 0.59

DBSA 0.57 0.80 3.05 2.43 0.55

S (slow only) 0.92 1.24 4.96 3.70 0.87

F (fast only) 0.88 1.19 4.71 3.58 0.83

K (skeleton only) 0.81 1.10 4.25 3.31 0.78

SF (slow+fast only) 0.69 0.95 3.63 2.94 0.66

SF+K (equal fusion) 0.63 0.87 3.31 2.71 0.61

w/o alignment 0.59 0.82 3.14 2.58 0.57

w/o EMA 0.58 0.86 3.11 3.02 0.64

DTRSF-Net 0.50 0.73 2.68 2.21 0.49

Note: S, F, and K denote the slow RGB pathway, fast RGB pathway, and skeleton branch in DTRSF-Net, respectively; SF and SF+K denote their 
ablated combinations.

Table 1   
Ablation and comparison results of counting error metrics for different models.

Model Params (M) FLOPs (G) Inference latency (ms/clip) FPS GPU memory (GB)

HCTT 58.7 88.5 28.7 34.8 7.9

DBSA 50.9 79.4 24.9 40.2 7.1

S (slow only) 24.6 36.2 14.8 67.6 3.9

F (fast only) 26.1 39.8 15.6 64.1 4.1

K (skeleton only) 8.7 7.9 9.7 103.1 2.2

SF (slow+fast only) 34.8 53.7 18.9 52.9 5.1

SF+K (equal fusion) 41.2 62.1 20.8 48.1 5.9

w/o alignment 42.6 66.5 20.4 49.0 6.0

w/o EMA 43.2 68.7 20.2 49.4 6.1

DTRSF-Net 43.5 69.2 20.6 48.5 6.2

Table 2   
Ablation and comparison results of computational efficiency metrics for different models.

As shown in Table 1, DTRSF-Net achieved the low-
est MAE, RMSE, MAPE, and maximum error among 
all compared models. This indicates that it had the 
best counting stability. Although HCTT and DBSA 
also showed competitive performance, their count-
ing errors were still slightly higher than those of 
the proposed method. The ablation results further 
show that removing branch complementarity, align-
ment learning, or EMA stabilization leads to a clear 

drop in performance. This is especially reflected in 
the maximum error and error variance. This means 
that online counting benefits not only from stronger 
recognition accuracy, but also from stable outputs 
across adjacent clips. Then, this study further eval-
uated the parameter size, Floating Point Operations 
(FLOPs), inference latency, Frames Per Second 
(FPS), and GPU memory consumption of each mod-
el. The efficiency comparison is shown in Table 2.
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In Table 2, DTRSF-Net did not achieve the absolute 
lowest computational cost, as the comprehensive 
multimodal design inevitably introduces addition-
al parameters and memory consumption. However, 
DTRSF-Net kept a good balance between efficiency 
and accuracy. Its performance was better than that 
of the heavier baseline models, and it was also more 
practical than Transformer-based competing mod-
els in latency and FPS. Although the single-branch 
variants were faster, their counting errors related 
to accuracy were clearly worse. This confirms that 
DTRSF-Net provides a more suitable trade-off for 
real national fitness platform applications.

3.4. Environmental Interference Resistance 
and Generalization Performance Evaluation
To verify the model's anti-interference capability 
under complex environments, this study set up three 
different interference conditions: partial occlusion, 
lighting fluctuations, and cluttered backgrounds. 
The trend of Top-1 accuracy changes for each model 
under these conditions is shown in Figure 11.
In Figure 11(a), at 10 min, the Top-1 accuracies 
of DTRSF-Net were 95.04% (partial occlusion), 
96.15% (lighting changes), and 95.49% (cluttered 
background), with the lighting change condition 

consistently the highest and partial occlusion 
the lowest. This demonstrates that DTRSF-Net 
achieves a more comprehensive aggregation of tem-
poral context and key discriminative cues, enabling 
it to use longer time windows to smooth instanta-
neous feature shifts caused by local occlusion or 
background noise. As shown in Figure 11(b), at 10 
min, the Top-1 accuracies of 3DResNet-50 under 
partial occlusion, lighting changes, and cluttered 
background were 89.16%, 90.72%, and 89.57%, re-
spectively. It is observed that the SlowFast-YOLOv8 
model exhibits a certain degree of interference re-
sistance. However, the upper bound of the accuracy 
of the model under strong interference was greatly 
limited. As shown in Figure 11(c), under the three 
conditions of partial occlusion, lighting changes, 
and cluttered background, the Top-1 accuracy of 3D 
ResNet-50 starts at the lowest level across all three 
conditions and improves at a slower rate, reaching 
84.39% (partial occlusion), 85.81% (illumination 
variation), and 84.85% (cluttered background) by 
10 minutes. Considering the impact of diverse user 
filming habits on recognition accuracy, this study 
further validated the recognition accuracy of each 
model from different camera angles and shooting 
distances, with results shown in Figure 12. 
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Figure 11
Comparison of Top-1 accuracy under occlusion and background interference.
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In Figure 12(a), DTRSF-Net achieved Top-1 
accuracies of 97.79% and 96.13% for frontal and 
side views, respectively. In comparison, 
SlowFast-YOLOv8 decreased from 93.96% to 
91.40%, and 3D ResNet-50 decreased from 
90.45% to 87.47%. DTRSF-Net led 
SlowFast-YOLOv8 and 3D ResNet-50 in both 
angles because its action discrimination relied 
more on relatively stable cues such as 
spatiotemporal dynamics and pose structure 
rather than strongly depending on appearance 
texture under specific viewpoints, resulting in 
smaller performance degradation under joint 
occlusion and morphological projection changes 
caused by side views. In Figure 12(b), the trends 
of the three models were consistent, with Top-1 
accuracy higher for full-body than half-body 

shots. DTRSF-Net had achieved 97.99% and 
96.33% Top-1 accuracy on full-body shots and 
half-body shots, respectively. For 
SlowFast-YOLOv8, these were 94.16% and 
91.65%, while for 3D ResNet-50, these were 
90.65% and 87.72%. This indicated that 
DTRSF-Net could more effectively aggregate 
key action segments and relative motion 
information of key joints within the locally 
visible region without relying on full body 
context or remote information from the limbs. 
To verify the generalization performance of the 
model under various application conditions, 
Table 3 lists the change in Top-1 accuracy for 
each model under two different venues: gym 
and home.

Table 3

Comparison of Top-1 accuracy in different venues (%).
Venue Time (min) DTRSF-Net SlowFast-YOLOv8 3D ResNet-50

Gym

1 96.02 91.45 87.34
2 96.53 92.12 88.15
3 96.88 92.61 88.75
4 97.12 92.97 89.19
5 97.30 93.23 89.53
6 97.42 93.43 89.77
7 97.50 93.57 89.96
8 97.56 93.67 90.10
9 97.60 93.74 90.20
10 97.63 93.80 90.28

Home

1 93.87 87.90 82.99
2 94.48 88.68 83.91
3 94.91 89.25 84.60
4 95.21 89.66 85.11
5 95.41 89.97 85.49
6 95.56 90.19 85.77
7 95.66 90.35 85.98
8 95.73 90.47 86.14
9 95.78 90.56 86.26
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In Figure 12(a), DTRSF-Net achieved Top-1 
accuracies of 97.79% and 96.13% for frontal and 
side views, respectively. In comparison, 
SlowFast-YOLOv8 decreased from 93.96% to 
91.40%, and 3D ResNet-50 decreased from 
90.45% to 87.47%. DTRSF-Net led 
SlowFast-YOLOv8 and 3D ResNet-50 in both 
angles because its action discrimination relied 
more on relatively stable cues such as 
spatiotemporal dynamics and pose structure 
rather than strongly depending on appearance 
texture under specific viewpoints, resulting in 
smaller performance degradation under joint 
occlusion and morphological projection changes 
caused by side views. In Figure 12(b), the trends 
of the three models were consistent, with Top-1 
accuracy higher for full-body than half-body 

shots. DTRSF-Net had achieved 97.99% and 
96.33% Top-1 accuracy on full-body shots and 
half-body shots, respectively. For 
SlowFast-YOLOv8, these were 94.16% and 
91.65%, while for 3D ResNet-50, these were 
90.65% and 87.72%. This indicated that 
DTRSF-Net could more effectively aggregate 
key action segments and relative motion 
information of key joints within the locally 
visible region without relying on full body 
context or remote information from the limbs. 
To verify the generalization performance of the 
model under various application conditions, 
Table 3 lists the change in Top-1 accuracy for 
each model under two different venues: gym 
and home.

Table 3

Comparison of Top-1 accuracy in different venues (%).
Venue Time (min) DTRSF-Net SlowFast-YOLOv8 3D ResNet-50

Gym

1 96.02 91.45 87.34
2 96.53 92.12 88.15
3 96.88 92.61 88.75
4 97.12 92.97 89.19
5 97.30 93.23 89.53
6 97.42 93.43 89.77
7 97.50 93.57 89.96
8 97.56 93.67 90.10
9 97.60 93.74 90.20
10 97.63 93.80 90.28

Home

1 93.87 87.90 82.99
2 94.48 88.68 83.91
3 94.91 89.25 84.60
4 95.21 89.66 85.11
5 95.41 89.97 85.49
6 95.56 90.19 85.77
7 95.66 90.35 85.98
8 95.73 90.47 86.14
9 95.78 90.56 86.26
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Figure 12
Comparison of Top-1 accuracy under different camera angles and distances.

Venue Time (min) DTRSF-Net SlowFast-YOLOv8 3D ResNet-50

Gym

1 96.02 91.45 87.34

2 96.53 92.12 88.15

3 96.88 92.61 88.75

4 97.12 92.97 89.19

5 97.30 93.23 89.53

6 97.42 93.43 89.77

7 97.50 93.57 89.96

8 97.56 93.67 90.10

9 97.60 93.74 90.20

10 97.63 93.80 90.28

Home

1 93.87 87.90 82.99

2 94.48 88.68 83.91

3 94.91 89.25 84.60

4 95.21 89.66 85.11

5 95.41 89.97 85.49

6 95.56 90.19 85.77

7 95.66 90.35 85.98

8 95.73 90.47 86.14

9 95.78 90.56 86.26

10 95.82 90.63 86.34

Table 3   
Comparison of Top-1 accuracy in different venues (%).
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In Figure 12(a), DTRSF-Net achieved Top-1 accura-
cies of 97.79% and 96.13% for frontal and side views, 
respectively. In comparison, SlowFast-YOLOv8 de-
creased from 93.96% to 91.40%, and 3D ResNet-50 
decreased from 90.45% to 87.47%. DTRSF-Net led 
SlowFast-YOLOv8 and 3D ResNet-50 in both angles 
because its action discrimination relied more on rel-
atively stable cues such as spatiotemporal dynamics 
and pose structure rather than strongly depending 
on appearance texture under specific viewpoints, 
resulting in smaller performance degradation under 
joint occlusion and morphological projection chang-
es caused by side views. In Figure 12(b), the trends of 
the three models were consistent, with Top-1 accura-
cy higher for full-body than half-body shots. DTRSF-
Net had achieved 97.99% and 96.33% Top-1 accuracy 
on full-body shots and half-body shots, respective-
ly. For SlowFast-YOLOv8, these were 94.16% and 
91.65%, while for 3D ResNet-50, these were 90.65% 
and 87.72%. This indicated that DTRSF-Net could 
more effectively aggregate key action segments and 
relative motion information of key joints within the 
locally visible region without relying on full body 
context or remote information from the limbs. To 
verify the generalization performance of the model 
under various application conditions, Table 3 lists 
the change in Top-1 accuracy for each model under 
two different venues: gym and home. 

In Table 3, the Top-1 accuracy of the three models 
increases steadily and stabilizes with the extension 
of the observation duration from 1 min to 10 min. 
DTRSF-Net increased from 96.02% to 97.63% in 
the gym and from 93.87% to 95.82% at home. The 
comparative model SlowFast-YOLOv8 increased 
from 91.45% to 93.80% in the gym and from 87.90% 
to 90.63% at home. 3D ResNet-50 increased from 
87.34% to 90.28% in the gym and from 82.99% to 
86.34% at home. DTRSF-Net suppressed interfer-
ence caused by lighting, background, and viewpoint 
differences through more comprehensive spatio-
temporal feature modeling, skeleton structural in-
formation, and reliability-guided fusion. Therefore, 
under both venue types and all settings, DTRSF-Net 
maintained the highest accuracy, demonstrating 
more stable cross-scenario recognition capability.

3.5. Feature Space Separability Analysis
Finally, to verify the enhancement effect of the joint 
training strategy on feature space separability, this 
study visualized and compared the feature distribu-
tion and clustering effect of DTRSF-Net before and 
after incorporating the joint training framework using 
t-SNE technology. The results are shown in Figure 13.
As can be seen in Figure 13(a), there were obvious ad-
jacency and overlapping phenomena among multiple 
class samples, and the intra-class distributions were 

(a) t-SNE visualization  
(final model)

(b) t-SNE visualization  
(final model+joint training)

10 95.82 90.63 86.34 

 

In Table 3, the Top-1 accuracy of the three 
models increases steadily and stabilizes with 
the extension of the observation duration from 1 
min to 10 min. DTRSF-Net increased from 
96.02% to 97.63% in the gym and from 93.87% to 
95.82% at home. The comparative model 
SlowFast-YOLOv8 increased from 91.45% to 
93.80% in the gym and from 87.90% to 90.63% at 
home. 3D ResNet-50 increased from 87.34% to 
90.28% in the gym and from 82.99% to 86.34% at 
home. DTRSF-Net suppressed interference 
caused by lighting, background, and viewpoint 
differences through more comprehensive 
spatiotemporal feature modeling, skeleton 
structural information, and reliability-guided 
fusion. Therefore, under both venue types and 
all settings, DTRSF-Net maintained the highest 
accuracy, demonstrating more stable 
cross-scenario recognition capability. 

3.5 Feature Space Separability Analysis 
Finally, to verify the enhancement effect of the 
joint training strategy on feature space 
separability, this study visualized and 
compared the feature distribution and 
clustering effect of DTRSF-Net before and after 
incorporating the joint training framework 
using t-SNE technology. The results are shown 
in Figure 13. 

As can be seen in Figure 13(a), there were 
obvious adjacency and overlapping phenomena 
among multiple class samples, and the 

intra-class distributions were relatively loose, 
especially with blurred boundaries among 
similar action categories. It indicated that the 
model of DTRSF-Net had learned some class 
structures, yet the discriminative intervals in the 
embedding space were still not sufficient and 
might cause confusion among similar actions. 
This was because feature learning was more 
likely to be dominated by appearance texture 
and local rhythm under a single training 
paradigm, resulting in larger intra-class 
variance and smaller inter-class intervals, hence 
resulting in clusters of point clouds that were 
not compact enough and were mutually 
invasive. In Figure 13(b), there were more 
compact intra-class clusters and clearer 
inter-class intervals, with fewer outliers and 
better inter-cluster separation, and similar 
categories of actions were easier to be separated. 
This showed that joint training played a 
regularization and structuring role in 
representation learning by introducing 
additional constraint signals, improving the 
separability and robustness of the embedding 
space, enabling DTRSF-Net to form a more 
stable discriminative structure at the feature 
level. To more clearly show the attention 
regions and decision basis of the proposed 
model in fitness action recognition, this study 
further generated gradient-based activation 
heatmaps for the slow pathway, the fast 
pathway, and the fused output, as shown in 
Figure 14.
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Figure 13
t-SNE visualization comparison of DTRSF-Net.
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relatively loose, especially with blurred boundaries 
among similar action categories. It indicated that the 
model of DTRSF-Net had learned some class struc-
tures, yet the discriminative intervals in the embed-
ding space were still not suffi  cient and might cause 
confusion among similar actions. This was because 
feature learning was more likely to be dominated by 
appearance texture and local rhythm under a sin-
gle training paradigm, resulting in larger intra-class 
variance and smaller inter-class intervals, hence re-
sulting in clusters of point clouds that were not com-
pact enough and were mutually invasive. In Figure 
13(b), there were more compact intra-class clusters 
and clearer inter-class intervals, with fewer outliers 
and better inter-cluster separation, and similar cat-
egories of actions were easier to be separated. This 
showed that joint training played a regularization 
and structuring role in representation learning by 
introducing additional constraint signals, improv-
ing the separability and robustness of the embedding 
space, enabling DTRSF-Net to form a more stable 
discriminative structure at the feature level. To more 
clearly show the attention regions and decision basis 
of the proposed model in fi tness action recognition, 
this study further generated gradient-based activa-
tion heatmaps for the slow pathway, the fast pathway, 
and the fused output, as shown in Figure 14. 

As shown in Figure 14, the slow pathway mainly focus-
es on the trunk, hips, and the overall posture contour. 
This demonstrates its eff ectiveness in maintaining 
coarse posture continuity across adjacent frames. In 
contrast, the fast pathway produces stronger activa-
tions in rapidly changing limb regions, including the 
wrists, elbows, knees, and lower legs. This shows that 
it is more sensitive to short-term motion bursts and 
phase reversals in repetitive fi tness actions. After the 
skeleton branch is added, the model attention becomes 
more concentrated on functionally relevant joints, and 
the infl uence of background objects is reduced. The 
fused response map further confi rms that the pro-
posed framework benefi ts from complementary tem-
poral-scale cues and cross-modal structural guidance. 
This explains its stronger robustness under occlusion, 
viewpoint changes, and cluttered home scenes. 

4. Discussion
4.1. Analysis of Recognition Accuracy and 
Multimodal Collaboration Advantages
From the experimental results, the Top-1 accuracy of 
the proposed DTRSF-Net was 98.04%, and the Top-
5 accuracy was 99.70%, which was higher than that 
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As shown in Figure 14, the slow pathway 
mainly focuses on the trunk, hips, and the 
overall posture contour. This demonstrates its 
effectiveness in maintaining coarse posture 
continuity across adjacent frames. In contrast, 
the fast pathway produces stronger activations 
in rapidly changing limb regions, including the 
wrists, elbows, knees, and lower legs. This 
shows that it is more sensitive to short-term 
motion bursts and phase reversals in repetitive 

fitness actions. After the skeleton branch is 
added, the model attention becomes more 
concentrated on functionally relevant joints, and 
the influence of background objects is reduced. 
The fused response map further confirms that 
the proposed framework benefits from 
complementary temporal-scale cues and 
cross-modal structural guidance. This explains 
its stronger robustness under occlusion, 
viewpoint changes, and cluttered home scenes.

4. Discussion
4.1 Analysis of Recognition Accuracy 
and Multimodal Collaboration 
Advantages
From the experimental results, the Top-1 
accuracy of the proposed DTRSF-Net was 
98.04%, and the Top-5 accuracy was 99.70%, 
which was higher than that of 
SlowFast-YOLOv8 (Top-1 accuracy of 94.29%, 
Top-5 accuracy of 98.40%) and that of the 3D 
ResNet-50 (Top-1 accuracy of 90.82%, Top-5 
accuracy of 96.79%). This showed that the 
proposed method was more comprehensive in 
the spatiotemporal representation and 
discriminative boundary learning. Compared to 
the method proposed by Lan et al. that 
employed the Skeleton-RGB dual-branch 
structure and strengthened the modal coupling 
effect through the spatiotemporal attention 
mechanism, the method proposed in this study 
emphasized the attention-driven cross-modal 
interaction more, while the accuracy was 

improved more directly using the light-weight 
fusion and training strategy [8]. Under different 
viewpoints and framing ranges, DTRSF-Net
achieved Top-1 accuracies of 97.79% and 96.13% 
for frontal and side shots, respectively, and 
97.99% and 96.33% for full-body and half-body 
shots, respectively. The accuracy degradation 
amplitude under viewpoint or cropping 
changes was smaller than comparison models, 
indicating better adaptability to missing visible 
joints and projection changes. The method 
proposed by Gunasekara et al. [5] considered 
"selectivity of temporal aggregation" as the 
central point of gain, which was different from 
the complementary constraints of dual temporal 
scale video and skeleton structural information. 
However, from the point of view of temporal 
modeling, the method of "organizing 
multi-scale spatiotemporal information at action 
granularity" in the proposed model was 
consistent with the research of Chen et al. [2].

4.2 Discussion on Fine-Grained Action 
Discrimination and Skeleton Graph 
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Figure 14
Interpretability heatmaps.
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of SlowFast-YOLOv8 (Top-1 accuracy of 94.29%, 
Top-5 accuracy of 98.40%) and that of the 3D Res-
Net-50 (Top-1 accuracy of 90.82%, Top-5 accuracy 
of 96.79%). This showed that the proposed method 
was more comprehensive in the spatiotemporal rep-
resentation and discriminative boundary learning. 
Compared to the method proposed by Lan et al. that 
employed the Skeleton-RGB dual-branch structure 
and strengthened the modal coupling effect through 
the spatiotemporal attention mechanism, the meth-
od proposed in this study emphasized the atten-
tion-driven cross-modal interaction more, while the 
accuracy was improved more directly using the light-
weight fusion and training strategy [8]. Under dif-
ferent viewpoints and framing ranges, DTRSF-Net 
achieved Top-1 accuracies of 97.79% and 96.13% for 
frontal and side shots, respectively, and 97.99% and 
96.33% for full-body and half-body shots, respective-
ly. The accuracy degradation amplitude under view-
point or cropping changes was smaller than compar-
ison models, indicating better adaptability to missing 
visible joints and projection changes. The method 
proposed by Gunasekara et al. [5] considered "selec-
tivity of temporal aggregation" as the central point of 
gain, which was different from the complementary 
constraints of dual temporal scale video and skeleton 
structural information. However, from the point of 
view of temporal modeling, the method of "organiz-
ing multi-scale spatiotemporal information at action 
granularity" in the proposed model was consistent 
with the research of Chen et al. [2].

4.2. Discussion on Fine-Grained Action 
Discrimination and Skeleton Graph Modeling
The confusion matrix results showed that DTRSF-
Net had the highest action recognition accuracy, 
with relatively high misrecognition only manifest-
ed as High knees → Jumping jack (8 cases), while 
SlowFast-YOLOv8 had 23 cases for High knees → 
Jumping jack and 22 cases for Jumping jack → High 
knees. 3D ResNet-50 reached 36 cases for the same 
pair and had more action recognition errors such as 
Push-up → Plank with 32 cases, indicating that the 
proposed model had more stable differentiation for 
similar rhythms and similar support postures. Com-
pared with the STANet approach of Li et al. [12], 
which explicitly characterized motion trends using 
bidirectional temporal differences to balance static 
semantics and dynamic changes, their method treat-

ed "difference-driven key motion extraction" as the 
core, while this study indirectly achieved emphasis 
on key dynamics through multi-temporal-scale vid-
eo branches and skeleton structural priors. From the 
perspective of the skeleton graph model, the current 
branch of the skeleton graph may have the ability to 
further reduce the confusion of similar action pairs. 
Compared with the DeGCN proposed by Myung et 
al., the method proposed by the authors of the pres-
ent study adopted a more fixed skeleton topology and 
cross-modal fusion to enhance separability, whereas 
the DeGCN proposed by Myung et al. [14] adopted a 
more flexible skeleton structure and spatiotemporal 
sampling positions through deformable graph con-
volution. On the other hand, if the skeleton branch 
is improved using a more powerful structural GCN 
to fully exploit the high-dimensional structural in-
formation and alleviate the over-smoothing prob-
lem caused by the aggregation of multiple scales, the 
MSS-GCN and graph weight annealing proposed by 
Jang et al. provided a pathway of "structural correla-
tion + graph scheduling," whereas the main contribu-
tion of the present study came from the cross-modal 
complementarity [7].

4.3. Analysis of complex environment 
robustness and generalization performance
Under the interference of occlusion, lighting, and 
cluttered background, the Top-1 accuracy of DTRSF-
Net and other comparison models showed a trend 
of increase with time and a certain degree of satura-
tion. However, the curve of DTRSF-Net remained the 
highest among all, at 95%-96%, and was higher than 
those of other models, namely, 89%-91% for Slow-
Fast-YOLOv8 and 84%-86% for 3D ResNet-50 at 10 
min. This further showed that the discriminative fea-
tures of DTRSF-Net were more stable under complex 
background interference and occlusion. Compared 
with the SDP model presented by Dai et al. [3], where 
background interference was suppressed by "diversi-
ty prototype learning" for first-person view scenarios 
and adaptively handled for different action durations, 
the model in this study improved its anti-interfer-
ence capability by the complementary relationship 
between skeleton structural cues and video spatio-
temporal cues. Cross-venue results further reflected 
generalization differences. In two scenarios, gym and 
home, DTRSF-Net improved from 96.02% to 97.63% 
and from 93.87% to 95.82%, respectively, from 1 min 
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to 10 min, and consistently led SlowFast-YOLOv8 
and 3D ResNet-50 at all durations. Compared with 
Skeleton-CutMix of Liu et al. [13], which performed 
supervised domain adaptation in a "mixed domain" 
through skeleton swapping to reduce domain shift, 
their method treated cross-domain augmentation as 
the core, while this study currently mainly relied on 
implicit robustness brought by conventional train-
ing and fusion. Considering that the domain shift in 
home scenarios was stronger, if generalization capa-
bility at home were to be improved without relying 
on large amounts of annotation, self-supervised hi-
erarchical spatiotemporal mask contrastive learning 
provided a more suitable direction for pre-training 
reinforcement. Compared with Cao et al. [1], who 
learned transferable representations through seman-
tic-guided masks and cross-layer distillation, this 
study still focused mainly on supervised learning and 
could use their paradigm to enhance cross-scenario 
transferability in the future. Meanwhile, as far as the 
problem of difficulty in distinguishing similar actions 
is concerned, the strategy adopted by the micro-ac-
tion recognition field of enhancing category semantic 
separation by joint embedding loss is very inspiring 
for this study. In comparison to Guo et al. [6], who 
adopted a strategy of incorporating a form of seman-
tic matching-style joint embedding loss into MANet 
to enhance the category boundaries between fine-
grained classes, this study mainly relied on a strategy 
involving feature fusion and spatiotemporal model-
ing, which could be enhanced by incorporating cat-
egory semantics in the future to suppress confusion 
between similar classes.

4.4. Limitations and Case Analysis
Although DTRSF-Net performs better than the com-
pared models in overall recognition accuracy, online 
stability, and robustness in complex scenes, the ex-
perimental results reveal that the most prevalent 
limitation of DTRSF-Net is still the residual confu-
sion in transition frames between similar actions. 
This is especially shown in the unstable discrimi-
nation between High knees and Jumping jack at the 
moment of action switching. Compared with com-
plete action phases, these transition frames usually 
keep only part of the intermediate posture features. 
For example, the trunk may still stay upright, the 
lower limbs may already show an upward motion 
trend, but the upper limbs may not have fully opened 

or returned yet. As a result, different actions share 
similar local shapes in a short time. Under these cir-
cumstances, the slow pathway maintains the conti-
nuity of the overall posture contour, yet remains sus-
ceptible to misclassifying these intermediate states 
as similar low-frequency posture patterns. The fast 
pathway is more sensitive to sudden limb motion, 
but when the transition is very short and local blur 
or incomplete framing appears at the same time, the 
key discriminative cues may not be fully encoded in 
time. At the same time, the skeleton branch is also 
easily affected by rapid changes in joint angles and 
fluctuations in keypoint localization in such frames. 
This further compresses the class boundaries in the 
shared embedding space, and finally leads to residu-
al misclassification between similar actions.
The current framework is better at recognizing typi-
cal action patterns in stable phases. But for short in-
termediate states during phase switching, it still lacks 
more fine-grained explicit constraints. From the plat-
form application view, this kind of error may not last 
for a long time, but it can directly affect the boundary 
of action counting and the timing of online correction 
prompts. Thus, it is more important than ordinary 
static misclassification. In future research, auxiliary 
supervision for action phases or explicit modeling of 
transition states could be introduced. This can sepa-
rate complete actions, transition actions, and recov-
ery actions, and then further reduce the discrimina-
tive overlap between actions with similar rhythm.

5. Summary and Outlook
The promotion of online training services on nation-
al fitness platforms has increased the requirements 
for action recognition accuracy. However, under 
real-scenario perturbations, the recognition stabil-
ity and cross-domain usability of single-modality 
video models remain major bottlenecks. Therefore, 
this study constructed the DTRSF-Net, which co-
ordinated RGB dual-temporal-scale branches and 
a skeleton branch. The proposed model performs 
post-fusion decision-making through a fusion head 
and incorporates a joint training strategy to improve 
cross-modal feature alignment, aiming to enhance 
the stable output capability required for online plat-
form applications. The experimental results indicat-
ed that under the interference of complex environ-
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ments such as partial occlusion, changes in lighting, 
and messy backgrounds, the model had a higher 
accuracy in recognizing images. At the same time, 
in the test of variations under diff erent camera an-
gles and shooting distances, the model also present-
ed an extremely high level of system robustness. In 
conclusion, through multi-modal collaboration and 
joint training, the model achieves enhanced robust-
ness when addressing complex environments and 

usability in real-time error correction and counting 
in the platform side.
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