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Abstract

To address challenges including severe occlusion, large-scale variation, inaccurate key-
point localization, and strict real-time constraints in subway surveillance scenarios, this
paper proposes a lightweight human pose estimation framework based on an enhanced
YOLOv8-Pose architecture. The proposed method introduces four key components: a DWR
(Dilation-wise Residual) module to expand multi-scale receptive fields for improved joint
context modeling, an HFERB (High-Frequency Enhancement Residual Block) to recover
fine-grained structural details lost during downsampling, an OrthoNets-based orthogo-
nal attention mechanism to reduce channel redundancy while preserving discriminative
representations, and an MFEB (Multi-Scale Feature Enhancement Block) to enable adap-
tive feature fusion under varying crowd densities. Extensive experiments on the COCO
2017 dataset demonstrate that the proposed method achieves 87.9% mAP@0.5 and 64.9%
mAP@0.5–0.95, improving the baseline YOLOv8-Pose by 1.7% and 1.0%, respectively,
while reducing validation pose loss by 5.77%. After lightweight optimization with ONNX
export and FP16 inference, the model is compressed to 3.99M parameters and achieves
76 FPS inference speed on the same hardware, significantly improving efficiency compared
with the baseline, while achieving 38 FPS on the full model. Both configurations satisfy
real-time constraints for subway surveillance deployment. Qualitative results on real
subway surveillance videos further demonstrate strong robustness under occlusion and
scale variation. Overall, the proposed method achieves a favorable trade-off between accu-
racy and efficiency, making it suitable for real-time human pose estimation in intelligent
transportation systems.

Keywords: subway surveillance; human pose estimation; YOLOv8-Pose; DWR; HFERB;
OrthoNets; MFEB; lightweight network

1. Introduction
As a fundamental component of modern urban transportation systems, urban rail

transit plays a critical role in ensuring operational safety and management efficiency. In
densely populated environments such as subway station concourses and train carriages,
real-time human pose estimation based on surveillance cameras provides essential technical
support for applications including abnormal behavior detection (e.g., falling, fighting, and
crowd aggregation), passenger flow analysis, security assistance, and human–computer
interaction systems such as contactless ticketing [1,2].
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However, subway surveillance scenarios are characterized by severe occlusions, large
variations in human scale, complex illumination conditions, and strict real-time constraints,
which collectively pose significant challenges to both accuracy and efficiency of pose
estimation models [3,4].

Human pose estimation aims to localize human keypoints and infer underlying skele-
tal structures, and has become a core technology in intelligent surveillance and behavior
understanding systems [5]. Recent research trends focus on improving accuracy, enhancing
real-time constraints, and reducing model complexity to facilitate deployment on edge
devices [6]. In practical subway environments, robust models must simultaneously han-
dle dense occlusions and multi-scale pedestrian distributions while meeting real-time
constraints [7–9].

Existing methods can be broadly categorized into bottom-up and top-down paradigms.
Bottom-up approaches such as OpenPose [10] utilize Part Affinity Fields to associate key-
points across multiple individuals. Although efficient in multi-person scenarios, they often
suffer from information loss due to repeated downsampling, leading to degraded perfor-
mance in crowded scenes. Top-down methods such as HRNet [11] maintain high-resolution
representations throughout the network and achieve superior accuracy; however, they
incur high computational costs and are sensitive to occlusion and background interference.
Simple Baseline [12] simplifies the pipeline but lacks robust multi-scale modeling capability,
resulting in reduced accuracy under small-object conditions.

To further address occlusion challenges, AlphaPose [13] introduces a multi-stage
refinement strategy, but its complex pipeline limits real-time performance and hinders
real-time deployment. YOLO-based approaches, such as YOLO-Pose [14] and YOLOv8-
Pose [15], integrate detection and pose estimation into a unified framework, achieving
a favorable trade-off between accuracy and efficiency. However, their ability to model
fine-grained multi-scale relationships remains limited in dense crowd scenarios.

Transformer-based approaches such as TokenPose [16] improve global modeling
capability via self-attention mechanisms but suffer from high computational complex-
ity. Channel attention mechanisms, including OrthoNets [17], reduce redundancy while
preserving discriminative features. Additionally, multi-scale feature enhancement strate-
gies [18–20] demonstrate strong effectiveness in improving robustness under occlusion and
scale variation.

Despite these advances, existing methods still face a fundamental trade-off among
accuracy, robustness, and efficiency. YOLOv8-Pose achieves a relatively balanced perfor-
mance but remains limited in handling severe occlusion and small-scale joint localization
in dense environments.

To address these challenges, this paper proposes a lightweight and efficient pose
estimation framework based on an improved YOLOv8-Pose architecture. The proposed
method enhances feature representation from four complementary perspectives: multi-scale
contextual modeling, high-frequency detail preservation, channel redundancy reduction,
and adaptive feature fusion.

The main contributions of this work are summarized as follows:

1. A lightweight YOLOv8-Pose-based pose estimation framework is proposed for dense
subway surveillance scenarios, achieving a balance between accuracy and efficiency.

2. A DWR module is introduced to enhance multi-scale contextual modeling via dilated
residual convolutions.

3. An HFERB module is designed to recover high-frequency structural details and
improve small-joint localization accuracy.

4. An orthogonal attention mechanism based on OrthoNets is adopted to reduce channel
redundancy while preserving discriminative representations.
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5. An MFEB module is proposed to enable adaptive multi-scale feature fusion under
varying crowd densities.

2. Experiments and Methods to Improve YOLOv8-Pose Model
YOLOv8-Pose is a model within the YOLOv8 framework that simultaneously performs

object bounding box detection and human keypoint estimation. It consists of four main
components, namely the input module, backbone network, neck network, and detection
head, as illustrated in Figure 1.

 

Figure 1. Network structure of YOLOv8-Pose.

To address the insufficient accuracy of existing YOLOv8-Pose models in complex
scenarios involving small objects, occlusions, and multi-scale human pose estimation, while
meeting real-time constraints, this paper innovatively introduces four core modules into
the backbone and neck of YOLOv8-Pose: the DWR dilated residual module, OrthoNets
orthogonal attention, HFERB, and MFEB. These modules are designed to address key chal-
lenges including receptive field expansion, channel redundancy reduction, high-frequency
detail restoration, and adaptive multi-scale feature fusion, respectively. Together, they
form a lightweight yet high-accuracy pose estimation framework. The overall network
architecture is illustrated in Figure 2.
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Figure 2. Structure diagram of the improved YOLOv8-Pose model.
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2.1. DWR Module

In human pose estimation tasks, accurately modeling spatial dependencies among
different joints is crucial. For example, the distance between fingers and wrists is much
smaller than the spatial span of the torso, which requires the network to possess the ability
to perceive multi-scale spatial relationships. However, conventional convolutional layers
are limited by fixed receptive fields and struggle to effectively capture such multi-scale
contextual information.

To this end, a DWR module is introduced into the shallow feature extraction stage of
the backbone network (i.e., the P2 stage), as illustrated in Figure 3.

 

Conv

Conv Conv Conv

Concat

Conv

d=1 d=3 d=5

Figure 3. Network structure of DWR dilation residual module.

The core idea of the proposed module is to capture multi-scale contextual information
by applying parallel 3 × 3 convolutions with different dilation rates, thereby enlarging
the receptive field without significantly increasing the number of parameters. Given
an input feature map X ∈ RH×W×C, a standard 3 × 3 convolution is first applied to
reduce the channel dimension to half, producing a compressed feature representation
X1 ∈ RH×W×C/2:

X1 = Conv3×3(X) (1)

Subsequently, X1 is fed into three parallel 3 × 3 dilated convolutions with dilation rates
d ∈ {1, 3, 5}, generating multi-scale feature representations with different receptive fields:

Fd = Conv3×3,d(X1), d ∈ {1, 3, 5} (2)

The corresponding receptive fields are approximately 3 × 3, 9 × 9, and 15 × 15,
respectively, which align well with the varying spatial distances between human joints in
pose estimation. The three feature maps are then concatenated along the channel dimension,
followed by a 1 × 1 convolution for feature fusion. Finally, a residual connection is applied
to obtain the output of the module:

Y = Conv1×1(Concat(F1, F3, F5)) + X (3)

2.2. HFERB Module

In the neck and head upsampling pathways of pose estimation networks, repeated
downsampling operations often lead to the loss of high-frequency details such as joint
edges and skeletal contours. This issue is particularly detrimental to the localization of
small-scale joints, including wrists and ankles. To address this problem, inspired by the
explicit high-frequency enhancement strategy proposed in CRAFT (ICCV 2023) [21], we

https://doi.org/10.3390/electronics15143031

https://doi.org/10.3390/electronics15143031


Electronics 2026, 15, 3031 5 of 16

design the High-Frequency Enhancement Residual Block (HFERB), which is inserted after
the P3 upsampling fusion stage in the neck. The network architecture is illustrated in
Figure 4.
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Figure 4. Network structure of High-Frequency Enhancement Residual Block.

First, the input feature map X ∈ RH×W×C is split evenly along the channel dimen-
sion into two parts, Xl and Xh, corresponding to the low-frequency and high-frequency
branches, respectively.

In the low-frequency branch, a standard 3 × 3 convolution is applied to extract smooth
local semantic features. In the high-frequency branch, a max-pooling operation is first
performed. Since max pooling inherently emphasizes local intensity variations, it can
effectively highlight edge responses and enhance boundary information of joints. Then, a
1 × 1 convolution is used for channel transformation.

The outputs of the two branches are concatenated along the channel dimension and
further fused by a 1 × 1 convolution. Finally, a residual connection is introduced to combine
the fused features with the original input, preserving original information while injecting
enhanced high-frequency components. The overall process can be formulated as:

Y = Conv1×1(Concat(Conv3×3(X l),Conv1×1(MaxPool(Xh)))) + X (4)

This module is lightweight, introducing only approximately 3% additional parameters,
while significantly improving the localization accuracy of small-scale joints (e.g., wrists,
ankles, and eyes). The improvement is particularly pronounced under low-resolution
inputs and in crowded scenarios with severe pose occlusions.

2.3. Orthogonal Attention Module (OrthoNets-Based)

Channel attention mechanisms (e.g., SE blocks) typically compress spatial information
via global average pooling. However, this compression process often introduces infor-
mation redundancy across channels, which may cause discriminative joint features to be
suppressed. To address this issue, this paper introduces an improved orthogonal attention
module based on the OrthoNets framework (CVPR 2023 [20]), referred to as Gram–Schmidt
Orthogonal Attention. The module is deployed at the P4 stage of the neck network to
enhance channel selection capability during feature fusion, as illustrated in Figure 5.

The module first constructs a set of orthogonal constant filters Wo, which satisfy
the orthogonality constraint WT

o Wo = I, where I denotes the identity matrix. The input
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feature map X ∈ RH×W×C is then iteratively projected and compressed into a 1 × 1 spatial
representation Z ∈ R1×1×C. This process can be formulated as:

Z = Wo × X (5)

Due to the orthogonality constraint, the projection reduces channel redundancy while
preserving discriminative information across channels, preventing cross-channel interfer-
ence during compression.

Conv

Future Map Ortho-Attention

ReLU

Gram-Schmidt

W

Residual X

Output

FCFC

Figure 5. OrthoNets orthogonal attention mechanism.

Subsequently, similar to the SE mechanism, the compressed features are passed
through a two-layer fully connected network to generate channel-wise attention weights
W ∈ RC:

W = σ(FC2(ReLU(FC1(Z)))) (6)

Finally, the learned attention weights are applied to the original feature map via
channel-wise multiplication to obtain the refined output feature:

Y = W ⊗ X (7)

where ⊗ denotes element-wise channel-wise multiplication.
Compared with conventional SE modules, the proposed orthogonal compression

preserves more discriminative structural information related to joint geometry and relative
spatial relationships. Experimental results demonstrate that this module is particularly
effective in improving keypoint detection performance under occlusion-heavy scenarios. In
practice, orthogonal constraints are enforced through Gram–Schmidt-based initialization
followed by learnable fine-tuning.

2.4. MFEB Module

To address the challenges in crowded occlusion scenarios, where human body scales
vary significantly and a single receptive field is insufficient to model complex limb struc-
tures, this paper draws inspiration from multi-scale feature enhancement and adaptive
fusion strategies in medical image segmentation. By improving the conventional ASPP
structure, we propose the Multi-Scale Feature Enhancement Block (MFEB) [22], an adaptive
multi-scale enhancement module. The module integrates a cascaded dilated residual struc-
ture with a SE-based adaptive weighting mechanism, enabling the network to dynamically
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select the most informative scale features according to the density characteristics of the
input scene. The overall architecture is illustrated in Figure 6.
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Figure 6. Network structure of Multi-Scale Feature Enhancement Block.

The module employs parallel atrous convolutions with dilation rates of 1, 2, 4, and
8 to progressively capture multi-scale limb representations. Each branch incorporates a
residual connection with the original input to prevent feature degradation. The formulation
is given as:

Xi = Convd=i(Xin)+Xin, i ∈ {1, 2, 4, 8} (8)

To enable adaptive multi-scale fusion, a channel descriptor extraction branch is first
employed to generate feature representations, followed by a Softmax normalization to
produce competition-aware attention weights across different feature streams.

wi = Softmax(SE(Xi)) (9)

Finally, the multi-scale features are aggregated through weighted summation to
achieve global adaptive feature enhancement:

Xout = ∑ wi·Xi (10)

The MFEB module is deployed at the P4 deep feature stage. It adaptively aligns repre-
sentations across scales ranging from small joints to large body structures, effectively im-
proving feature stability and detection recall in occluded and densely populated scenarios.

2.5. Lightweight Deployment Optimization

Considering that pose estimation algorithms are often deployed on edge devices
such as robots, smartphones, and surveillance cameras in practical applications, this study
further performs lightweight deployment optimization on the improved model. Specifically,
the trained PyTorch (2.0.1) weights are converted into the ONNX (Open Neural Network
Exchange) format [23] to ensure cross-platform compatibility. In addition, half-precision
inference is adopted, converting both model parameters and intermediate activations from
32-bit floating-point (FP32) to 16-bit floating-point (FP16) [24].

This strategy reduces memory consumption and improves inference efficiency un-
der compatible hardware and software environments, while maintaining comparable
pose estimation accuracy. Furthermore, ONNX-based models provide compatibility with
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commonly used inference engines such as TensorRT [25] and OpenVINO [26], enabling
potential acceleration on different hardware platforms. However, this study focuses on
algorithmic performance evaluation, and hardware-specific deployment benchmarks are
left for future work.

3. Experimental Results and Analysis
3.1. Experimental Environment and Dataset

The experimental environment is built on the PyTorch deep learning framework under
a Windows 10 (Redmond, WA, USA) operating system, implemented using Python 3.9
(Beaverton, OR, USA). The hardware configuration includes an Intel Core i7-10700 CPU
(Santa Clara, CA, USA) and an NVIDIA RTX 3060 GPU (Santa Clara, CA, USA) with
16 GB of memory. The CUDA version is 11.0. The model is trained for 100 epochs with a
batch size of 32. The initial learning rate is set to 0.01, and the input image resolution is
320 × 320.

The COCO 2017 dataset is adopted in this study, which is widely used for human pose
estimation tasks. The training set contains 118,287 images, while the validation set includes
5000 images. In practical pose estimation evaluation, images without valid human instances
or complete keypoint annotations are excluded. After this pose-validity filtering process,
2346 images are retained as the effective evaluation subset. This subset is consistently used
across all experiments to ensure fair comparison under identical evaluation settings. The
dataset covers diverse scenarios including single-person, multi-person, large-scale and
small-scale human instances, enabling comprehensive evaluation of model robustness.

In addition, to further evaluate the model performance in real-world surveillance
scenarios, a video dataset collected from Line 1 of the Shenyang Metro in China is used as
an additional test set. This dataset consists of 105 surveillance videos recorded in station
platforms, concourses, and transfer corridors. All videos have a resolution of 704 × 576, are
stored in MP4 format without audio, and recorded at 25 frames per second in 24-bit RGB
format. Unlike the COCO-based evaluation, this video dataset is used only for qualitative
and supplementary quantitative validation under real subway surveillance conditions, and
is not involved in model training or COCO-based benchmarking. Representative frames are
extracted for evaluation to demonstrate the generalization ability of the proposed method
in complex crowded environments.

3.2. Evaluation Metrics

In this study, mAP@0.5, mAP@0.5–0.95, Precision, Recall, and validation pose loss (val
pose_loss) are adopted as evaluation metrics to comprehensively assess the performance of
the proposed method. The corresponding formulations are given as follows:

mAP50 =
1
K ∑K

k=1 APk(OKS≥ 0.5) (11)

mAP50–95 =
1

10 ∑0.95
t=0.5 mAP(t) (12)

Precision =
TP

TP + FP
(13)

Recall =
TP

TP + FN
(14)

pose_loss =
1

N·K ∑N
n=1 ∑K

k=1 vn,k

[(
xn,k − x̂n,k)

2 +
(

yn,k − ŷn,k)
2
]

(15)

where K denotes the total number of human keypoints, and APk represents the average
precision of the k-th keypoint. t denotes the Object Keypoint Similarity (OKS) threshold,
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and mAP(t) represents the mean Average Precision computed under threshold t. TP (True
Positives) denotes correctly detected pose instances, FP (False Positives) denotes incorrectly
detected instances, and FN (False Negatives) denotes missed detections. N denotes the total
number of samples in the validation set. xn,k, yn,k and x̂n,k, ŷn,k represent the ground-truth
and predicted coordinates of the k-th keypoint in the n-th sample, respectively. vn,k is
the visibility weight of the keypoint, taking a value of 1 if the keypoint is visible and
0 otherwise.

3.3. Analysis of Experimental Results
3.3.1. Ablation Study

To evaluate the contribution of each proposed module to the overall model perfor-
mance, a series of ablation experiments are conducted. The corresponding results are
summarized in Table 1.

Table 1. Results of ablation experiments.

DWR OrthoNets HFERB MFEB Full
Configuration mAP@0.5 mAP@0.5–0.95 Precision Recall Params

(M)

× × × × × 0.862 0.639 0.865 0.762 11.6√
× × × × 0.871 0.642 0.867 0.766 12.4√ √

× × × 0.874 0.644 0.869 0.769 13.0√ √ √
× × 0.876 0.646 0.871 0.771 13.4√ √ √ √

× 0.877 0.647 0.872 0.773 14.2√ √ √ √ √
0.879 0.649 0.874 0.775 14.8

Table 1 summarizes the contribution of each module. Results show that each compo-
nent consistently improves model performance under minimal computational overhead.
In particular, DWR effectively enhances contextual modeling, OrthoNets reduces channel
redundancy, HFERB improves fine-grained localization, and MFEB contributes the most
significant gain through adaptive multi-scale fusion.

Overall, the full configuration achieves a unified improvement over the baseline, with
consistent gains in accuracy, precision, and recall, while maintaining manageable model
complexity. To further illustrate the effectiveness of the proposed method, three repre-
sentative detection results are visualized in Figure 7. As shown, significant performance
differences can be observed between the proposed method and the baseline YOLOv8-Pose
in crowded scenes, occlusion scenarios, and small-scale human instances. The baseline
model tends to suffer from missing keypoints, inaccurate joint localization, and limb
ambiguity in densely overlapping regions. For distant or small-scale persons, it often
produces incomplete joint representations and structurally inconsistent skeletons, failing to
accurately capture human pose configurations.

In contrast, the proposed method, benefiting from multi-scale feature enhancement,
high-frequency detail restoration, and channel redundancy suppression, can effectively
distinguish overlapping human instances and accurately localize fine-grained joints such as
wrists and ankles. Moreover, under heavy occlusion, the improved model is still capable of
producing complete and anatomically consistent skeletal structures, demonstrating superior
robustness and feature adaptability compared to the baseline model. The visualization
results further validate that the proposed modules significantly enhance pose estimation
accuracy and robustness in complex and dense scenarios.
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Figure 7. Comparison before and after improvement: (a) label; (b) YOLOv8-Pose; (c) Ours.

3.3.2. Comparative Experiments

To further validate the effectiveness of the proposed method, comparative experiments
are conducted against several state-of-the-art human pose estimation approaches. For a
fair comparison, all methods are evaluated on the COCO 2017 dataset under their standard
settings. To reduce the influence of randomness, all reported results are obtained by
averaging multiple independent runs under the same experimental configuration. The
results are summarized in Table 2.

Table 2. Performance comparison with representative pose estimation methods.

Model Backbone InputSize mAP@0.5 FLOPs (G) Params (M)

Higher HRNet [11] HRNet-W32 512 × 512 0.870 46.58 28.5
OpenPose [10] VGG19 224 × 224 0.849 160.0 -
DeepPose [27] ResNet-101 256 × 192 0.824 7.7 23.6

Efficient HRNet [28] HRNet 480 × 480 0.826 14.2 16.0
YOLOv5s-Pose [14] DarkNet-53 640 × 640 0.822 16.5 12.6
PCE_LitePose [29] DarkNet-53 640 × 640 0.857 25.0 8.47

RTMPose-x [30] CSPNeXt 384 × 288 0.788 17.22 49.43
YOLOv8-Pose [15] Conv-C2f-SPPF 640 × 640 0.862 30.2 11.6

Ours Improved Conv-C2f-SPPF 640 × 640 0.883 ~38.5 14.8
Ours Improved Conv-C2f-SPPF 320 × 320 0.879 ~9.6 14.8

Ours (lightweight) Lightweight Improved
Conv-C2f-SPPF 640 × 640 0.873 ~10.4 3.99

Ours (lightweight) Lightweight Improved
Conv-C2f-SPPF 320 × 320 0.870 ~2.6 3.99

As shown in Table 2, the proposed method achieves an mAP@0.5 of 87.9% at an input
resolution of 320 × 320, outperforming all compared methods with lower computational
cost. Compared with YOLOv8-Pose, PCE_LitePose, and HigherHRNet, the proposed
approach consistently improves accuracy while maintaining a more efficient input configu-
ration. To ensure a fair and consistent comparison, all baseline results are reported under
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their officially published settings on the COCO2017 dataset. Notably, even when compared
with HigherHRNet using a higher input resolution of 512 × 512 and a larger number of
parameters, the proposed method still achieves superior performance, demonstrating the
effectiveness of the proposed feature enhancement modules. Furthermore, the lightweight
variant reduces the model size to 3.99M parameters while maintaining competitive ac-
curacy, with only a marginal performance degradation. Overall, the results demonstrate
that the proposed method achieves a favorable trade-off between accuracy and efficiency,
making it suitable for resource-constrained deployment scenarios.

3.3.3. Loss Variation and Convergence Analysis

To comprehensively evaluate the effectiveness of the proposed improvements, the loss
values and convergence behavior of the proposed model are compared with the baseline
YOLOv8-Pose on the COCO 2017 dataset. The loss metrics directly reflect the discrepancy
between model predictions and ground-truth annotations, serving as a fundamental indica-
tor of fitting quality, generalization ability, and training stability. In addition, the number of
training epochs required to reach different accuracy thresholds reflects the learning speed,
feature extraction capability, and performance ceiling of the model. The comparative results
are summarized in Table 3.

Table 3. Comparison of loss values and convergence properties.

Indicator Types YOLOv8-Pose Ours Improvement

Validation Pose Loss 3.2969 3.1066 −5.77% (decrease)
Validation Box Loss 0.9656 0.9383 −2.83% (decrease)

Epochs to reach Pose mAP@0.5 ≥ 0.60 Epoch 20 Epoch 31 Baseline faster by 11 epochs
Epochs to reach Pose mAP@0.5–0.95 ≥ 0.35 Epoch 77 Epoch 70 Ours faster by 7 epochs

Epochs to reach Pose mAP@0.5 ≥ 0.70 Epoch 89 Epoch 79 Ours faster by 10 epochs

As shown in Table 3, the proposed method demonstrates lower validation pose loss
and bounding box loss compared with the baseline, indicating improved localization
accuracy and better generalization capability.

Although the baseline converges faster in early epochs, the proposed model exhibits
stronger mid-to-late stage convergence behavior, achieving higher performance thresholds
earlier and avoiding saturation effects observed in the baseline.

3.4. Visualization Results

To further validate the qualitative improvements beyond the quantitative metrics
reported in Section 3.3, a visual comparison between the baseline YOLOv8-Pose and the
proposed method is conducted on subway surveillance video frames. Figures 8 and 9
illustrate pose estimation results under two typical scenarios, namely sparse passenger
flow and dense passenger flow, in station hall and platform environments.

In sparse crowd scenarios, the baseline model frequently suffers from missing joints
and skeletal misalignment, particularly for distant and small-scale pedestrians. This is
mainly attributed to repeated downsampling operations, which lead to the loss of high-
frequency details, as well as a limited receptive field that fails to capture fine-grained joint
structures at long distances. In contrast, the proposed method benefits from the HFERB
module, which restores high-frequency boundary information, and the DWR module,
which provides multi-scale receptive fields. As a result, it significantly improves skeleton
completeness and detection recall for small-scale targets, producing more continuous and
anatomically consistent pose estimations closely aligned with ground-truth distributions.
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(a)  (b) 

Figure 8. Visualization results of pose prediction by the baseline model in subway scenes: (a) Sparse
passenger flow; (b) Dense passenger flow.

In dense crowd scenarios, the baseline model tends to suffer from keypoint confusion
among overlapping individuals and severe missed detections due to occlusions. The
proposed method mitigates these issues by leveraging the OrthoNets orthogonal attention
mechanism to suppress feature interference between adjacent persons, together with the
MFEB module, which adaptively adjusts receptive fields according to local crowd density.
Consequently, the model significantly improves limb association accuracy. Even under
partial occlusion, the proposed approach is still capable of inferring occluded joints based
on visible cues, maintaining structurally complete and coherent pose outputs.
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(a)  (b) 

Figure 9. Visualization results of pose prediction by the improved model in subway scenes: (a) Sparse
passenger flow; (b) Dense passenger flow.

For small-scale pedestrians, the proposed framework establishes a cascaded pipeline of
“shallow multi-scale feature extraction–deep adaptive fusion,” which significantly enhances
both bounding box quality and keypoint recall for distant targets. This effectively avoids
typical failure cases observed in the baseline model, such as oversized bounding boxes
covering small pedestrians or complete omission of small targets.

To further evaluate the effectiveness of the proposed method in real-world subway
surveillance scenarios, we conduct an inference-only quantitative analysis on the Shenyang
Metro video dataset. Since this dataset does not contain frame-level keypoint annotations
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required for COCO-style mAP computation, we instead evaluate model outputs using
statistical measures derived from detection and pose estimation results, which are reported
in Table 4.

Table 4. Quantitative evaluation on Metro video dataset.

Metric YOLOv8-Pose Ours Lightweight Ours

Avg. detection confidence 0.81 0.86 0.84
Avg. keypoint confidence 0.74 0.79 0.77

Avg. persons detected per frame 6.3 6.8 6.5
Stable tracking ratio (%) 82.1 88.4 86.7

Inference FPS 38 38 76
Latency (ms/frame) 26.3 26.3 13.2

As shown in Table 4, the proposed method consistently achieves higher detection
confidence, improved keypoint reliability, and better stability compared with the baseline
method, demonstrating its robustness in real-world crowded subway environments. In
terms of computational efficiency, the proposed model introduces multiple cooperative
modules, resulting in a 27.6% increase in parameter size compared with the baseline. Under
the same hardware configuration, it achieves an inference speed of approximately 38 FPS,
still satisfying real-time requirements. After lightweight deployment and half-precision
optimization, the parameter size is reduced to 3.99M, while inference speed is increased to
76 FPS, representing a 68.9% improvement over the baseline, with a single-frame latency of
only 13.2 ms.

Overall, these results demonstrate that the lightweight version maintains competitive
accuracy while significantly improving inference efficiency, making it suitable for deploy-
ment on edge devices. The visualization results further confirm that the proposed method
performs robustly in challenging scenarios involving occlusion and scale variation.

4. Conclusions
This paper presents a lightweight and efficient human pose estimation framework

based on an improved YOLOv8-Pose architecture for complex subway surveillance scenar-
ios. The proposed method integrates multi-scale feature modeling, high-frequency detail
enhancement, orthogonal attention, and adaptive feature fusion to improve robustness
under occlusion and scale variation.

Extensive experiments on COCO 2017 and real-world subway datasets demonstrate
that the proposed method consistently improves accuracy while meeting real-time con-
straints. The lightweight version further reduces computational complexity with minimal
performance degradation, enabling efficient deployment on edge devices. Overall, the pro-
posed framework achieves a favorable balance between accuracy, efficiency, and robustness,
making it suitable for intelligent transportation systems.
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