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Abstract: Human pose estimation is one of the core research directions in the field of computer vision
and has received extensive attention from both academia and industry in recent years. The High-
Resolution Network (HRNet) can retain and fuse high-resolution features throughout the process by
virtue of its parallel multi-resolution branch design, achieving high-precision human keypoint
localization. However, the dense convolution stacking and complex feature interaction result in a large
parameter scale and high computational cost, making it difficult to be deployed in real-time in resource-
constrained scenarios such as embedded devices and mobile terminals. To address this issue, a
lightweight and efficient model, LE-HRNet, is proposed. it adopts partial channel convolution and
pointwise convolution to construct a lightweight residual module (Leanblock), optimizing and replacing
the original 3x3 convolution module of HRNet to reduce parameters; it integrates a lightweight
convolution block attention module (EMA) to build the LeE-MA-Fusionblock module to compensate for
the feature loss caused by lightweight design. Experiments on the COCO 2017 and MPII datasets show
that LE-HRNet has only 4.2M parameters and 1.5GFlops of computational cost, achieving an AP of 74.0%
on the COCO validation set and a PCKh@0.5mean of 90.2% on the MPII validation set, achieving a
good balance between model complexity and pose estimation accuracy.
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1. Introduction

Human Pose Estimation (HPE) aims to localize key joint positions of the human body from images
or videos, demonstrating broad application value in motion analysis, medical assistance, video
surveillance, human-computer interaction, and other domains!'-¥l, Traditional methods rely on graph-
structured models*®! with hand-crafted features, suffering from insufficient robustness and limited
adaptability to complex pose variations. The introduction of deep learning has overcome these
bottlenecks. DeepPosel®! pioneered the transformation of pose estimation into a keypoint regression
problem, significantly improving accuracy. Subsequently, CPNUI, MSPNI®], RSN™!, and others alleviated
occlusion issues through multi-scale fusion and iterative refinement strategies, while Kan et
al.l'%provided novel insights for occluded scenarios via structured keypoint grouping.

Despite substantial accuracy improvements, the field still faces two core challenges: First, the
contradiction between model complexity and practical applicability. High-precision models such as
HRNet'!l, HigherHRNet!!?!, TransPose!'*], and ViTPose!'*! exhibit explosive growth in parameter scale
and computational cost, hindering deployment on mobile terminals and real-time surveillance
scenarios. Second, the difficulty in balancing high-resolution feature preservation with model
lightweighting. High-resolution features are crucial for precise localization, yet lightweight techniques
tend to cause accuracy degradation. How to achieve efficient model compression while retaining feature
representation capability has become a critical bottleneck constraining practical deployment.

Various lightweight improvement schemes for HRNet have emerged: Bi-HRNet!'*! enhances feature
reuse through bidirectional information flow but suffers from limited memory access efficiency; X-
HRNet!'®! introduces cross-connections to strengthen cross-scale fusion but increases inference latency
due to topological complexity; Dite-HRNet!!”! employs dynamic convolution for parameter compression
but still demands considerable hardware resources; Lite-HRNet!'¥ reduces complexity through an
extremely simplified hourglass structure but experiences noticeable accuracy loss in complex scenarios
due to over-simplification. Although these methods significantly reduce overhead, they commonly face
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a critical contradiction: after weakening network expressiveness, cross-scale feature fusion and fine-
grained keypoint representation are prone to information loss and feature dilution, particularly in
scenarios with occlusion, cluttered backgrounds, and large-scale variations, where models become
susceptible to interference and localization accuracy deteriorates.

To address these issues, this paper proposes a synergistic optimization scheme combining the
Leanblock module and EMA attention mechanism. Leanblock adopts partial channel convolution
coupled with pointwise convolution, performing convolution computation on only a subset of channels
while preserving the original information flow in remaining channels. This design reduces both
parameter count and computational cost while maintaining feature diversity through channel
concatenation, thereby mitigating information loss inherent in conventional lightweight methods. The
integrated Efficient Multi-scale Attention (EMA) module adaptively enhances responses in critical
regions and suppresses background noise through grouped feature processing and dual-path spatial
aggregation, improving model adaptability to complex scenarios with negligible computational overhead.
Consequently, the proposed method effectively maintains cross-scale feature fusion quality and fine-
grained keypoint localization stability while achieving lightweighting, providing a viable pathway for
high-precision lightweight human pose estimation.

2. Research Methodology
2.1. HRNet Model

HRNet is a heatmap-based human pose estimation method that takes WxHx3-channel RGB images
as input and outputs keypoint heatmaps, where pixel values represent keypoint confidence. Keypoint
locations are predicted by identifying the coordinates of maximum response values in each heatmap,
which are then mapped back to the original image scale.The framework of HRNet is shown in Figure 1:
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Figure 1: HRNet framework

HRNet consists of multi-scale parallel subnetworks that achieve feature fusion through repeated
information exchange between subnetworks. The network comprises four feature extraction stages: the
first stage consists of four Bottleneck modules (with 64 channels) that extract low-level features through
a sequence of 1x1 convolution (dimensionality reduction), 3%3 convolution (feature extraction), and 1x1
convolution (dimensionality expansion); the subsequent stages contain 1, 4, and 3 information exchange
modules respectively, with each module incorporating four Basicblock units that perform feature learning
through two 3x3 convolutions. Transition modules between adjacent stages convert feature map
resolutions through upsampling/downsampling operations.

Input images undergo preliminary feature extraction and downsampling through two cascaded 3x3
convolutional layers, reducing the resolution to 1/4 of the original size. The subsequent parallel
subnetworks process feature maps at 1/8, 1/16, and 1/32 of the original resolution respectively. Through
transition modules, cross-resolution information exchange and fusion are achieved, enabling the network
to capture and integrate multi-scale human keypoint information, thereby improving estimation accuracy.

This study adopts Mean Squared Error (MSE) as the loss function, which operates on the pixel-wise
comparison between the network output predicted heatmaps and the ground truth heatmaps. It calculates
the squared differences of predicted values for each pixel, then averages across all keypoint heatmaps
and all spatial locations. The mathematical definition is as follows:

Poyw v Th(y) — RG]
MSE = 2i=1 j=1 Zk_;,[w(_h)/) ( }’)] o
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Where w and h are the height and width of the predicted heatmap, and p is the number of keypoints.
Where h;(x,y)and h;(x,y)denote the coordinates of keypoints in the ground-truth heatmap and the
predicted heatmap, respectively.

2.2. HRNet Model with Lightweight Residual Modules

2.2.1. Construction of Lightweight Residual Modules

To address the issues of high parameter count and computational complexity in HRNet, this study
innovatively reconstructs its Basicblock module and proposes a lightweight residual module called
Leanblock. This module replaces the original conventional 3%3 convolutional layers with a collaborative
architecture of partial convolution and pointwise convolution (LConv), achieving lightweight design
while maintaining performance. In terms of module design, Leanblock adopts a unique partial channel
convolution (Partial conv3) strategy: the input feature map channels are evenly divided into 4 groups,
with 3x3 convolution performed on only 1/4 of the channels, while the remaining 3/4 channels preserve
the original information flow. This reduces computational cost by 75% while retaining multi-channel
feature diversity. In the feature fusion stage, channel concatenation operations integrate the processed
features with the original features. Through splitting, processing, and recombination, this effectively
avoids the channel isolation problem common in conventional group convolution. Lightweight feature
projection employs 1x1 pointwise convolution (PointwiseConv2d) to achieve cross-channel information
interaction and feature reorganization at extremely low computational cost. In terms of computational
flow, Leanblock retains residual connections and sequentially performs channel-partitioned convolution,
feature projection, batch normalization, and other operations, ultimately outputting activated features. Its
structural flow is shown in Figure 2:
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Figure 2: Flowchart of basicblock and leanblock
2.2.2. Comparative Analysis of Parameters and Computational Complexity

To verify the optimization effect of the lightweight residual module Leanblock, this paper conducts a
theoretical analysis of parameters and computational cost for the original Basicblock and the improved
Leanblock. The input feature map size is set as W;,xH;,XCj,, the output feature map size is set as
WoutXH 1 XCoy, With the constraint that W,,,;=H,,,=C.

1) The original Basicblock consists of two standard 3x3 convolutional layers:

(Dparameters: Paramsg=2x 3 x 3 x C x C=18C?

@computational cost: FLOPsp=2x3x3xCxCx W,y x Hyy=18C*W,y Hype

2) Parameters and Computational Complexity of the Improved LeanBlock

(DPartial convolution: The input channels are divided into 4 groups (C/4 channels per group), with
3x3 convolution performed on only 1/4 of the channels. Parameter count: 3 x 3 x(C/4) x (C/4):% c?,
computational cost: % C*W,ytH oyt

(@Pointwise convolution: 1x1 convolution is performed on all channels. Parameter count: 1 x 1 x C
x C=C?2, computational cost: C?Wp,;Hyys.

(®Total parameters for a single combined group: 1—96(] 2+ c? :i—z C?, total computational cost:

9 25 . . .
—C WoweHour + C*WioyeHoue =2C 2WoueHout - Since Leanblock contains two such combined

structures, its total parameter count and computational cost are expressed as follows:
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@ Total parameters for two combined groups: Params;,=2 x j—z c? =28—5 C?~3.125C?, total

computational cost: FLOPS,=2 X 2= C2Woye Hour==: C? Wiyt Hou ~3.125C? Wiy Hous.

The comparison demonstrates that Leanblock reduces the parameter count from 18C?2 to 3.125C?
and the computational cost from 18C*WH to 3.125C*WH, achieving a reduction of 82.64% in both
metrics. Although Leanblock substantially decreases the parameter count and computational complexity
relative to the original Basicblock, the lightweight design inevitably introduces partial feature
information loss, which in turn leads to degraded pose estimation performance.

2.3. Construction of the LE-HRNet Model Incorporating the EMA Attention Mechanism

To compensate for the feature information loss introduced by the lightweight design of Leanblock,
we incorporate a low-overhead Efficient Multi-scale Attention (EMA) module into its architecture,
forming the LeEMA-Fusionblock module illustrated in Figure 3.
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Figure 3: Flowchart of LeEMA-Fusionblock

This module extracts features from the input feature maps through two LConv units with 3x3
convolutional structures. The resulting output feature maps are subsequently processed by the EMA
module, which focuses on multi-scale feature interaction and adaptive weight allocation, substantially
enhancing the network's capacity to perceive human body keypoints and capture richer feature
representations. This design improves pose estimation performance while maintaining a controlled model
parameter scale and computational overhead.

2.3.1. EMA Attention Mechanism

EMA is a lightweight attention mechanism whose architecture is illustrated in Figure 4. It strengthens
key feature representations through multi-scale feature fusion and cross-channel interaction.
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Figure 4: EMA flowchart

Its core architecture comprises four major components: grouped feature processing divides the input
feature maps into 32 groups along the channel dimension, with each group operating independently to
reduce computational complexity; spatial information aggregation employs a dual-path pooling strategy,
capturing vertical spatial dependencies through height-wise pooling (AdaptiveAvgPool2d(None, 1)) and
horizontal spatial dependencies through width-wise pooling (AdaptiveAvgPool2d(1, None)); feature
interaction and enhancement concatenates the dual-path pooling results along the channel dimension,
followed by 1x1 convolution, group normalization (GN), and 3%3 convolution to accomplish multi-
dimensional information fusion; cross-branch attention fusion generates dynamic attention weights
through matrix multiplication, which are then activated by Sigmoid and applied to the original grouped
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features to achieve adaptive fusion.

In the LeEMA-Fusionblock module, EMA is integrated after the lightweight convolution.
Experimental results demonstrate that this module significantly improves keypoint detection accuracy in
occlusion scenarios with only a marginal increase in parameters, achieving a balance between model
complexity and accuracy.

2.3.2. LE-HRNet Model Integrating EMA Attention Mechanism

Following the lightweight redesign of the Basicblock in the original HRNet and the incorporation of
the EMA attention mechanism, the model is capable of effectively extracting and reinforcing human body
keypoint information, thereby producing high-quality keypoint heatmaps. The overall framework of the
LE-HRNet model with the LeEMA-Fusionblock residual module is illustrated in Figure 5.

Let the input feature tensor of Leanblock be denoted as X € RWin*Hin*Cinand the output feature tensor

as Y € RWout*HoutXCout  The forward computation of the proposed Leanblock module can be formally
expressed as follows:

Yl = BN <fLConv3x3 (RGLU (BN(fLConv3x3 (X))))> (2)

Y = ReLU(Y, @ X) 3)
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Figure 5: Framework diagram of the improved LE-HRNet model

Where Y, denotes the intermediate feature map, BN denotes the Batch Normalization operation,
ReLU denotes the Rectified Linear Unit activation function, ficony3.3denotes the operation of the
LConv3x3convolutional structure, and @ denotes the residual connection.

Upon incorporating the EMA attention mechanism, the computational formulation of the LeEMA-
Fusionblock can be expressed as:

Y = ReLU(EMA(Y;,) @ X) 4)

Here, EMA(-) denotes the Efficient Multi-scale Attention operation. Through grouped feature
processing, dual-path spatial information aggregation, and cross-branch attention fusion, this mechanism
adaptively reinforces feature responses in critical regions, thereby significantly enhancing the model's
capacity to perceive and localize human body keypoints while maintaining a lightweight architecture.

Ultimately, by embedding the LeEMA-Fusionblock module into the multi-resolution parallel
branches of HRNet, a lightweight and efficient LE-HRNet model is constructed. This design preserves
high-resolution feature representations while achieving a substantial reduction in parameter count and a
significant improvement in computational efficiency, offering a viable solution for real-time human pose
estimation on resource-constrained devices.

3. Experiments and Discussion

This study selects the COCO2017 and MPII datasets for training, validation, and testing of the LE-
HRNet human pose estimation model. The estimation results of LE-HRNet on the COCO2017 dataset
are shown in Figure 6. The model accurately localizes human skeletal keypoints in both single-person
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and multi-person scenarios; it maintains reliable keypoint detection for subjects captured from side and
rear viewpoints; and it demonstrates particularly strong recognition performance under complex
backgrounds and occlusion conditions. These results confirm that LE-HRNet is capable of accurately
recognizing human poses across a wide range of scenarios.

To comprehensively evaluate the overall performance of LE-HRNet, the experiments include
systematic comparisons against a diverse set of representative lightweight pose estimation methods. The
comparison covers classical lightweight models such as Simple Baseline and the Lite-HRNet series,
recent optimization approaches including Dite-HRNet and X-HRNet, as well as the latest research
contributions such as TokenPose-s and RTMPose. The traditional high-accuracy baseline model
Hourglass is also included for reference. All methods are evaluated using the same input resolution to
ensure a fair comparison.

= .
]
= 1
| (THNNY.
L4

Figure 6. Graph of validation results on the COCO dataset

3.1. Datasets and Evaluation Metrics

COCO02017 contains 200,000 images with 250,000 human keypoint annotations, where each person
instance is labeled with 17 joints. Model training is conducted on train2017, and evaluation is performed
on val2017 and test-dev2017. Model performance is characterized by the Average Precision (AP) and
Average Recall (AR) based on Object Keypoint Similarity (OKS), with the following primary metrics:
AP, AP5°, AP75,APM,AP" and AR. Experiments are also conducted on the MPII dataset, which
contains 250,000 images and 40,000 person instances, with model accuracy evaluated using the head-
normalized Percentage of Correct Keypoints (PCKh) score.

3.2. Experimental Setup and Dataset Results

This section systematically presents the experimental setup and corresponding results based on the
COCO02017 and MPII datasets, and thoroughly validates the effectiveness of the proposed LE-HRNet
model through performance comparisons against other network models.

The training configuration on the COCO2017 dataset is as follows: person bounding boxes are first
extended to a 4:3 aspect ratio, then the corresponding regions are cropped and resized to 256x192. Data
augmentation includes random rotation (angle range [-45°, 45°]), random scale transformation (scale
factor range [0.65, 1.35]), and horizontal flipping. Training is performed on an NVIDIA RTX 4090 (24G)
GPU, with the following hyperparameters: batch size of 16, Adam optimizer, initial learning rate of 0.001
with 10x decay applied at epochs 120, 170, 200, and 260, and a total of 300 training epochs.

The training configuration on the MPII dataset is as follows: input images are cropped to 256x256 to
ensure comparability with other methods. Training hyperparameters are set as follows: batch size of 8,
210 total training epochs, initial learning rate of 0.001 with 10x decay applied at epochs 170 and 200.
During testing, the ground-truth bounding boxes provided by the dataset are used rather than model-
predicted detections.

3.2.1. Validation and Test Results on the COC02017 Dataset

On the COCO 2017 validation set with 256x192 resolution, as shown in Table 1, LE-HRNet achieves
an AP of 74.0% and AR of 77.1%, with AP values of 70.6% and 77.4% for medium and large-scale
targets, respectively. Compared with mainstream lightweight models, its AP surpasses classical models
such as ViPNAS and Lite-HRNet-30, only slightly lower than models with larger parameter counts such
as TokenPose-s.
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Compared with ScaleNAS (35.6M parameters and 8.0G FLOPs), LE-HRNet-W32 achieves
comparable AP performance with only 1/8 of the parameters and 1/5 of the computational cost, fully
validating the effectiveness of synergistic optimization between high precision and lightweight design,
and providing an efficient solution for resource-constrained scenarios.

On the COCO 2017 test set with 256x192 resolution, as shown in Table 2, LE-HRNet improves all
accuracy metrics by 4.2%-6.6% compared to Lite-HRNet-30. Compared with the Hand-Crafted model
(34.0M parameters), LE-HRNet achieves a 3.2% AP improvement with only 1/8 of the parameters.
Compared to EdgePose-b and TransPose-s, it maintains comparable or superior accuracy while
demonstrating advantages in both parameter count and computational cost.

Table 1: Comparison of LE-HRNet with other lightweight human pose estimation models on the

COCO2017 validation set

Method Backbone InputSize Params Flops AP AP:50 AP:75 AP:M AP:L AR
SimpleBaseline[19] MobilenetV2 256 x 192 9.6M 1.59G 64.6 87.4 72.3 61.1 71.2 70.7
SimpleBaseline[19] MobilenetV3 256 x 192 8.7M 1.47G 65.9 87.8 74.1 62.6 722 72.1
SimpleBaseline[19] ShuffleNetV2 256 x 192 7.6 M 1.37G 59.9 854 66.3 56.5 66.2 66.4

Lightweight[20] MobilenetV3 256 x 192 3.1M 0.58G 65.8 87.7 74.1 62.6 72.4 72.1
ViPNAS|21] MobilenetV3 256 x 192 2.8M 0.69G 67.8 87.2 76.0 64.7 74.0 75.2
SmallHRNet[18] HRNet-W16 256 x 192 13M 0.54G 55.2 83.7 62.4 52.3 61.0 62.1
Lite-HRNet[18] Lite-HRNet-30 256 x 192 1.8M 031G 67.2 88.0 75.0 64.3 73.1 733
Lite-HRNet[18] Lite-HRNet-18 256 x 192 L.IM 0.2G 64.8 86.7 73.0 62.1 70.5 71.2
ScaleNAS[22] ScaleNet-P2 256 x 192 356 M 8.0G 75.2 90.4 82.4 71.6 81.9 80.4
EfficientPose[23] EfficientPose-B 256 x 192 33M 1.1G 71.1 - - - - -
EfficientPose[23] EfficientPose-C 256 x 192 5.0M 1.6G 71.3 - - - - -
Dite-HRNet[17] Dite-HRNet-18 256 x 192 1.1IM 0.2G 65.9 87.3 74.0 63.2 71.6 72.1
Dite-HRNet[17] Dite-HRNet-30 256 x 192 1.8M 0.3G 68.3 88.2 76.2 65.5 74.1 74.2
X-HRNET[16] X-HRNET18 256 x 192 1.3M 0.2G 65.1 86.7 72.7 62.3 70.9 -
X-HRNET[16] X-HRNET30 256 x 192 2.1M 0.3G 67.4 87.5 75.4 64.5 733 -
TransPose[34] TransPose-R-A4 256 x 192 6.0M 8.9G 72.6 - - - - 78.0
TransPose[34] TransPose-R-A3 256 x 192 52M 8.0G 71.7 - - - - 77.1
YOLOPose[36] Darknet 256 x 192 151 M 22.8G 63.8 87.6 69.6 - 73.1 70.4
RTMPose[35] CSPNeXt 256 x 192 - 4.16 74.2 - - - - -
SimBa-R50[37] SimCC 256 x 192 257M 3.8G 70.8 - - - - 76.8
TokenPose-s[24] TokenPose 256 x 192 13.5M 5.7G 74.6 89.7 81.1 71.0 81.6 79.8
PPT-B[25] Transformer 256 x 192 13.5M 5.0G 74.4 89.6 80.9 70.8 81.4 79.6
KAPAO-S[26] CSPNet 256 x 192 12.6M - 63.8 88.4 70.4 58.6 71.7 71.2
RTMO-S[27] CSPDarknet 256 x 192 9.9M - 66.9 88.8 73.6 61.1 75.7 70.9
CSPNeXt-tiny[28] CSPNeXt 256 x 192 6.1M 1.4M 66.7 89.4 74.9 64.2 70.5 -
LMFormer[29] LMFormer-L 256 x 192 4.1M 1.4G 68.9 883 76.4- - - -
SD-HRNet[30] SD-HRNet18 256 x 192 0.9M 0.2G 66.6 89.5 74.0 64.8 69.8 -
SD-HRNet[30] SD-HRNet30 256 x 192 1.4M 0.3G 69.8 91.5 71.3 67.9 73.0 -
Ours LE-HRNet-W32 256 x 192 42M 1.5G 74.0 91.9 80.5 70.6 77.4 77.1

Table 2: Comparison of LE-HRNet with other lightweight human pose estimation models on the

COCO2017 test set

Method Backbone InputSize Params Flops AP AP:50 AP:75 AP:M AP:L AR
SimpleBaseline[19] MobilenetV2 256 x 192 9.6M 1.59G 64.1 89.4 71.8 60.8 69.8 70.1
SimpleBaseline[19] ShuffleNetV2 256 x 192 7.6 M 1.37G 59.9 87.4 66.0 56.6 64.7 66.0
Lightweight[20] MobilenetV3 256 x 192 3.1M 0.58G 65.3 89.7 73.4 62.6 70.4 713
Hand-Crafted[19] SBL-50 256 x 192 34M 8.9G 70.0 90.9 71.9 66.8 75.8 75.6
Lite-HRNet[18] Lite-HRNet-30 256 x 192 1.8M 031G 66.7 88.9 74.9 63.9 719 72.7
Lite-HRNet[18] Lite-HRNet-18 256 x 192 1L.1M 0.2G 63.7 88.6 71.1 61.1 68.6 69.7

TransPose[34] TransPose-s 256 x 192 8.0M 10.2G 73.4 91.6 81.1 70.1 79.3 -
YOLOPose[36] Darknet 256 x 192 151 M 22.8G 62.9 87.7 69.4 - 71.8 69.8

EdgePose[31] EdgeNet-s 256 x 192 4.6M 0.59G 67.8 88.9 74.5 - - -

EdgePose[31] EdgeNet-b 256 x 192 12.1IM 1.86G 71.7 89.1 78.3 - - -
TokenPose-s[24] tokenPose 256 x 192 13.5M 5.7G 74.1 91.8 81.7 70.8 80.0 79.4
Ours LE-HRNet-W32 256 x 192 42M 1.5G 73.2 93.1 81.4 70.1 78.5 78.2

3.2.2. Validation Results on the MPII Dataset

As shown in Table 3, LE-HRNet achieves an average PCKh@0.5 of 90.2% on the MPII dataset,
representing a 3.2 percentage point improvement over Lite-HRNet-30's 87.0%. Compared with the
classical Stacked Hourglass model, LE-HRNet improves average accuracy by 2.7% while reducing
parameters and computational cost to 16.7% and 8.4% of the baseline, respectively.
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From the perspective of balancing lightweight design and performance, LE-HRNet achieves leading
accuracy with controllable parameter count, primarily attributed to the synergistic enhancement of
HRNet's high-resolution feature preservation mechanism and the LeEMA-Fusionblock module.
Experiments on both COCO2017 and MPII datasets demonstrate that LE-HRNet possesses both
robustness and efficiency, providing a reliable solution for high-precision pose estimation in resource-
constrained scenarios.

Table 3: Comparison of LE-HRNet with other lightweight human pose estimation models on the MPII
validation set

Method Backbone Params Flops Head Shoulder Elbow Weist Hip Knee Ankle Mean
SimpleBaseline[19] MobilenetV2 9.6M 2.12G 95.3 93.5 85.8 78.5 85.9 793 74.4 85.4
SimpleBaseline[19] ShuffleNetV2 7.6 M 1.83G 94.6 924 83.0 75.6 82.8 75.9 69.2 82.8

Lightweight[20] MobilenetV3 3.1M 0.77G 95.6 93.9 85.1 79.5 86.3 80.4 75.5 85.9
Lite-HRNet[18] Lite-HRNet18 1.1M 0.27G 96.1 93.7 85.5 79.2 87.0 80.0 75.1 85.9
Lite-HRNet[18] Lite-HRNet30 1.8 M 0.42G 96.3 94.7 87.0 80.6 87.1 82.0 77.0 87.0
Dite-HRNet[17] Dite-HRNet18 1.IM 0.2G - - - - - - - 86.3
Dite-HRNet[17] Dite-HRNet30 1.8M 0.4G - - - - - - - 87.2
Hourglass[32] Stacked Hourglass 25.1IM 19.1G 96.5 95.3 88.4 82.5 87.1 83.5 783 87.5
Hourglass + Hourglass + 260M | 33.5G 98.6 97.0 93.0 89.2 917 88.9 86.0 92.4
U-Net[33] U-Net

TokenPose[24] TokenPose-S 7.7M 2.5G 96.0 94.5 86.5 79.7 86.7 80.1 75.2 86.2

SDHRNet[30] SDHRNet 16.8M 6.0G 97.0 96.0 90.3 85.7 89.1 85.9 81.9
PPT-B[25] Transformer 13.5M 5.0G 97.0 95.7 90.1 85.7 89.4 85.8 81.2 89.8
RTMPose[35] RTMPose-m - 2.57G - - - - - - 88.9
EdgePose[31] EdgeNet-t 29M 0.45G - - - - - - - 835
EdgePose[31] EdgeNet-b 122M 2.47G - - - - - - 87.4
TokenPose-s[24] TokenPose 23.6M 12.5G 97.2 95.9 90.7 85.8 89.5 86.7 82.5 90.2
LMFormer[29] LMFormer-L 4.1M 1.9G - - - - - - - 87.6
Ours LE-HRNet-W32 42M 1.6G 97.2 95.6 89.8 85.1 88.4 86.2 82.3 90.2

3.3. Ablation Experiment

To validate the effectiveness of each improved module, ablation experiments were conducted on the
COCO02017 and MPII datasets. Using the original HRNet-W32 as the baseline, Leanblock and LeEMA-
Fusionblock modules were introduced progressively.

As shown in Table 4, with only Leanblock introduced, model parameters decrease from 28.5M to
4.1M, computational cost on the COCO dataset reduces from 7.1G to 1.3G, and computational cost on
the MPII dataset decreases from 9.5G to 1.4G. However, AP on the COCO validation set drops from
74.4% t0 69.9%, and PCKh on the MPII validation set decreases from 92.3% to 86.2%.

With the further introduction of LeEMA-Fusionblock, parameters increase marginally to 4.2M,
computational cost on COCO rises slightly to 1.5G, and computational cost on MPII increases to 1.6G,
while accuracy recovers significantly: AP on the COCO validation set rebounds to 74.0%, and PCKh on
the MPII validation set improves to 90.2%. The results demonstrate that the EMA attention mechanism
effectively mitigates information loss during the lightweight process, substantially improving model
representation capability with negligible additional computational burden. The synergistic effect of
Leanblock and LeEMA-Fusionblock enables LE-HRNet to achieve a superior balance between accuracy
and computational cost.

Table 4: Ablation experiment

Method COC02017 MPII
Params Flops AP Flops PCKh
HRNet-W32 28.5M 7.1G 74.4 9.5G 923
+Leanblock 4.1IM 1.3G 69.9 1.4G 86.2
+LeEMA-fusionblock 4.2M 1.5G 74.0 1.6G 90.2

4. Conclusions

This paper proposes a lightweight human pose estimation method. Building upon the HRNet network,
a lightweight and efficient human pose estimation model called LE-HRNet is presented. First, partial
convolution with a 3x3 kernel is applied to a subset of channels in the input feature map while keeping
other channels unchanged, thereby reducing computational redundancy and memory access.
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Subsequently, pointwise convolution is appended to the partial convolution to further exploit information
from all channels fully and effectively, resulting in the lightweight module Leanblock. The EMA
attention mechanism with low overhead is incorporated into Leanblock to enhance the modeling
capability for both spatial and channel information. Finally, the LeEMA-Fusionblock module is
constructed. The proposed LE-HRNet model reduces the parameter complexity of the Basicblock module
while maintaining the original network's capability for inter-channel information interaction. Meanwhile,
it employs a computationally efficient attention mechanism to ensure pose estimation accuracy, making
it a lightweight and efficient human pose estimation model. Although the proposed model achieves a
balance between complexity and accuracy in human pose estimation, there remains considerable room
for improvement in the model's accuracy metrics. Given the demand for human pose estimation networks
on mobile terminals, deploying pose estimation on mobile devices requires careful consideration of
algorithm parameters and computational cost, necessitating a lightweight yet accurate model. Therefore,
future work will further investigate the deployment of pose estimation models on mobile terminals and
explore methods to further enhance the prediction accuracy and real-time detection performance of the
network model.
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