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Abstract—To address the significant computational burden of
current human pose estimation models striving for superior de-
tection performance, this paper proposes the Stacked Attention
Feature Fusion Network (SAFFNet) based on a high-resolution
network. First, by removing the Transition3 and Stage4 stages
from the high-resolution network, the model’s complexity is
significantly reduced while maintaining detection accuracy.
Second, a separation and re-splicing module is introduced,
which substantially decreases the computational cost of floating-
point operations while achieving the efficiency of standard
convolution. This module is applied to the bottleneck layer,
resulting in the SCBottle layer. Third, a stacked attention weight
fusion module is developed to enable robust feature integration,
leading to the SAFuseBlock, which enhances the model’s ability
to fuse multi-resolution features while ensuring a lightweight
architecture. Finally, a Stacked Coordination Attention Fusion
Module is designed, with the SATransitionBlock and SAStem
layers constructed to effectively balance spatial and channel
feature information. Experimental results on the COCO dataset
demonstrate that, under the same resolution and environmental
configuration, SAFFNet reduces the number of parameters and
floating-point computations by 72% and 41%, respectively,
compared to the HRNet, while improving accuracy by 0.6%.
SAFFNet not only achieves state-of-the-art accuracy among
lightweight models but also delivers performance comparable
to or surpassing that of large models.

Index Terms—human pose estimation, lightweight network,
attention mechanism, feature fusion.

I. INTRODUCTION

UMAN Pose Estimation (HPE) is a pivotal task in

computer vision, aiming to accurately identify and
localize various human body parts (eg. joints and limbs) in
images or videos. This process enables the analysis of hu-
man posture, motion, and behavior, facilitating applications
in human-computer interaction, video surveillance, motion
analysis, motion capture, and beyond[1]. Current research
trends in HPE primarily focus on enhancing the depth and
breadth of networks to extract richer feature representations
or increasing input image scales and resolutions to boost
model accuracy. However, while these approaches improve
detection performance, they also significantly increase model
complexity, rendering training and optimization more chal-
lenging. Thus, striking a balance between improving ac-
curacy and minimizing computational overhead remains a
pressing challenge.
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Recently, there has been a paradigm shift towards
lightweight HPE models, with several efficient networks
proposed for real-world applications. For instance, the
lightweight TransPose model[2] analyzes athletes’ postures
to provide real-time feedback for performance enhance-
ment and assists patients in posture correction and re-
habilitation. Dite-HRNet[3] has found applications in vir-
tual reality and security surveillance. SmallHRNet[4] re-
duces the parameter count and computational complexity of
HRNet[5], albeit at the cost of considerable accuracy degra-
dation. EfficientHRNet[6], which integrates the strengths of
EfficientNet[7] and HRNet, achieves real-time lightweight
detection while preserving HRNet’s performance. Lite-
HRNet[8], inspired by the shuffle module in ShuffleNet[9],
introduces a lightweight conditional channel-weighting mod-
ule to replace pointwise convolutions, achieving superior
efficiency. Lite-Pose[10] simplifies HRNet’s multi-resolution
branching to a single-branch structure, employing large
convolutional kernels and a fusion deconvolution head to
bolster detection performance. Despite these advancements
in lightweight model design, achieving a further balance
between computational efficiency and detection performance
remains an important research question.

To address these challenges, this paper introduces a Staked
Attention Feature Fusion Network (SAFFNet) as an im-
provement over HRNet. First, by removing the Transition3
and Stage4 components of HRNet, a streamlined HRNet-
DF network is constructed to achieve a balance between
reduced complexity and robust detection performance. Sec-
ond, a separation and re-splicing module is proposed, which
divides feature channels into groups and applies convolution
operations within each group before reassembling them.
This approach significantly lowers computational costs while
preserving the performance of standard convolution, and the
module is integrated into the bottleneck layers. Addition-
ally, a stacked attention weight fusion module is designed
to enhance the integration of global and local features,
forming the SAFuseBlock. Finally, a stacked coordination
attention fusion module is developed, incorporating SATran-
sitionBlock and SAStem layers to better capture spatial and
channel-specific feature information. Experimental results
demonstrate that the proposed SAFFNet achieves a 72%
reduction in Parameters and a 41% decrease in GFLOPs,
while improving the AP metric by 0.6 percentage points,
validating its effectiveness.

II. RELATED WORK

The High-Resolution Network (HRNet) is adopted as the
benchmark network in this study, as illustrated in Figure
1, derived from the network structure diagram presented in
the original HRNet paper. The overall network architecture
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enhances pose estimation accuracy by maintaining high reso-
lution and preserving detailed information in high-resolution
feature maps through multi-scale feature parallelism and fre-
quent information exchange. HigherHRNet[11], introduced
at CVPR 2020, extends HRNet into a bottom-up framework,
detecting key points across the entire image. In this method,
the deep feature information obtained by the HRNet back-
bone network is deconvoluted to improve the resolution, and
the high-resolution heatmap is output through four basic
residual blocks and a convolution operation, and finally
the high-resolution heatmap is stitched with the backbone
network heatmap to obtain the final heatmap result.

HRNet itself operates as a top-down network model,
employing a 256x192 input size to first detect individual
persons and then estimate their poses. The architecture
features high-resolution branches, multi-resolution parallel
branches, and information exchange modules, enabling ef-
ficient capture of feature information across scales. A transi-
tion layer method is employed to generate new branches,
where the stem output is processed through two parallel
33 convolutional layers, resulting in branches downsampled
by factors of 4 and 8. The information exchange module
fuses features from different resolutions via cross-branch
connections, utilizing a fuse layer for information integration.

Each HRNet stage comprises a series of residual con-
volutional units, primarily of two types: Bottleneck and
Basicblock modules. The Bottleneck module consists of two
1x1 convolutions and a 3x3 convolution, designed to extract
shallow feature information by adjusting the number of
feature channels. In contrast, the Basicblock module consists
of two 3x3 convolutions and serves as the primary feature
extraction and fusion unit, focusing on deep feature repre-
sentation. This modular design ensures a balance between
efficient multi-scale feature learning and high-resolution fea-
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Fig. 1: Model of HRNet

III. METHODS
A. Model of SAFFNet

Figure 2 illustrates the architecture of the proposed
SAFFNet network. As a multi-branch parallel network
model, HRNet introduces a new scale branch at each transi-
tion, doubling the channel count and halving the resolution
for the new branch while increasing the number of parallel
branches by one at each stage. This approach leads to a
linear growth in the parameters and computational cost of
each stage as new branches are added. To address this,
the last Transition+Stage module (Transition3+Stage4) of

the original HRNet is removed, significantly reducing the
model’s computational complexity and parameter count.

To maintain accuracy, several structural improvements
are introduced: SCBottle replaces the BottleBlock residual
block in HRNet, SAFuseBlock substitutes the feature fusion
module in each branch, SATransitionBlock replaces the Tran-
sition module used to generate new branches, and SAStem
substitutes the Stem module in the first stage.

The backbone network of SAFFNet consists of three
stages and two transition modules. Stagel includes SAStem
and SCBottle modules. SAStem reduces the input feature
resolution to 1/4, while SCBottle extracts shallow features.
Stage2 and Stage3 have two and three branches of varying
resolutions, respectively. Each branch uses HRNet’s Ba-
sicBlock module for feature extraction, preserving input-
output dimensional consistency. After feature extraction, the
proposed SAFuseBlock enables multi-scale feature interac-
tion among branches, blending features of varying reso-
lutions through upsampling or downsampling to a unified
resolution.

The SATransitionBlock is employed for transition mod-
ules, performing attention-based downsampling to generate
features for the next branch. Transitionl comprises two
SATransitionBlock modules to create input features for the
two branches in Stage2, while Transition2 includes three
modules to produce input features for the three branches in
Stage3. The feature map of the highest-resolution branch in
Stage3 serves as the final output feature. Using this feature
map, the backbone network generates the heatmap for pose
estimation.

B. Separation and re-splicing module

In the traditional bottleneck layer model, the stacking of
3x3 and 1x1 convolutions is commonly used for feature
extraction. While effective, this structure involves a signif-
icant number of parameters and computational demands,
posing challenges for lightweight networks and resulting in
excessive consumption of computational resources. To ad-
dress this, HS-ResNet[12] introduces a multi-layer separation
module, which reduces the number of channels during the
convolution process by separating them before applying con-
volution operations, thereby lowering both parameter count
and computational load. However, HS-ResNet’s reliance on
single-layer convolution for feature extraction in its multi-
layer separation module risks information loss, potentially
compromising model accuracy and increasing susceptibility
to overfitting during training. To overcome these limitations,
this paper proposes an separation and re-splicing module,
incorporating a novel Function module to enhance feature
extraction. The underlying mathematical formulation is pro-
vided as follows:

Siie(1..8) = SL(input) (D

SCy = FC(S) 2)

SF,, SFCy = SL(SC) 3)

S5Cj je@.1) = FC(Con(Siic@..8), SFCiic(i.6))) 4
SE;, SFC; = SL(SC; je(2..6)) 5)

output = Con(S1, SFy, pe1...6), SC7) (6)

Volume 52, Issue 7, July 2025, Pages 2323-2332



TAENG International Journal of Computer Science

Transition 1

i S ATransitionBlock
i SAFuseBlock

- BasicBlock

Stage 2

Fig. 2: Model of SAFFNet

SL indicates the operation of dividing the number of
input feature channels equally, F'C' represents the operation
of extracting features after grouping, and Con represents
the operation of splicing and fusion. S; ;e(1...5) means that
the feature information of group i is obtained by grouping
sequentially, SC; means the value obtained by feature ex-
traction of group i-1, and SF; ,SFCj represent the feature
information obtained after separation operation of SC); after
extraction.

In this article, the input feature channels are divided into
groups to streamline feature extraction and fusion. Initially,
a specific function is applied to the second set of features,
separating them into two distinct groups. The first group
is then fused with the first set of features obtained from
the initial separation, while the second group is fused with
the third group of features from the same separation. This
iterative process continues, with subsequent isolated feature
groups being fused and extracted similarly. Throughout this
procedure, features not involved in intermediate fusion after
separation, as well as those from the final separation step,
are aggregated and fused to generate the final output feature
information. This approach effectively reduces the feature
dimensions while ensuring comprehensive interaction among
diverse feature groups, significantly enhancing feature ex-
pression capabilities. The process is illustrated in Figure 3.

Concat

<—> concat
— function

Fig. 3: Separation and re-splicing module

The function module is designed to extract grouped feature
information effectively. It integrates standard convolution
with LeakyReLU and Dropout[13], ensuring minimal feature
information loss while enhancing model accuracy and sta-
bility. Importantly, this design avoids adding computational
overhead, maintaining the efficiency of the overall architec-
ture. The structure is illustrated in Figure 4.

X

l

Conv2d 3x3

:

BathMorm

LeakyRelU

A

DropOut(0.5)

\J
Fig. 4: Function module

1) SCBottle: The separation and re-splicing module is
applied to the bottleneck layer, forming a separation and
re-splicing bottleneck layer to balance model accuracy with
reduced parameters and computational complexity. In the
model, the bottleneck layer consists of four layers: the first
layer employs the original bottleneck structure, while the last
three layers utilize the SCBottle module introduced in this
paper. This configuration is depicted in Figure 5.

The SCBottle module increases the receptive field of
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Fig. 5: Bottleneck(left), SCBottle(right)

the model with a relatively small number of parameters
to improve the detection efficiency of the model. Through
the separation and re-splicing module, different features are
fused and the information interaction of different groups
is enhanced, so that the model can learn stronger feature
expressions, improve accuracy and maintain a fast inference
speed.

C. Stacked Attention Weight Fusion

The traditional partial attention mechanism weights the
Value values using coefficients derived from the attention
calculation, normalizing the result to a range between 0 and
1. However, this approach often fails to fully capture the
complexity and global context of features. To address this
limitation, this paper proposes a Stacked Attention Weight
Fusion (SAWF) module. By performing secondary attention
processing on the primary attention weights and fusing them
with the Value values, the SAWF module achieves more
precise attention values.

The SAWF module comprises two key components: the
Novel Squeeze-and-Excitation Attention module and the
Attention Feature Fusion (AFF) module[14]. While the tra-
ditional SE attention module[15] focuses exclusively on
channel-level information, it encounters performance bottle-
necks due to insufficient global channel feature extraction. To
overcome this, an improved SE attention module is proposed,
incorporating an additional AvgPooling branch to enhance
global feature extraction, improve multi-scale channel infor-
mation learning, and bolster feature representation robust-
ness. As depicted in Figure 6, this enhancement delivers more
accurate attention feature fusion and significantly improves
model performance in complex tasks.

1) Stacked Attention Fusion Block: In multi-branch net-
works, feature fusion across different resolutions is com-
monly employed to compensate for the lack of deep informa-
tion in high-resolution features. However, this approach can
inadvertently cause feature learning and fusion to proceed in

Relu [ Sigmod

AFF

AvgPooling [~
N

AvgPooling Relu [ Sigmod

Fig. 6: SAWF module

the opposite direction, while simultaneously increasing com-
putational complexity, thereby preventing the model from
acquiring the desired feature representations. To address this
issue, this paper introduces the Stacked Attention Fusion
Block (SAFuseBlock). Optimized based on the benchmark
model’s feature fusion method, the SAFuseBlock continues
to fuse feature information across different layers but lever-
ages a stacked attention mechanism to ensure proper learning
and fusion direction. This optimization enhances the fusion
effect, as illustrated in Figure 7.

Resolution Unified Layer Feature Fusion Layer

Fig. 7: Stacked Attention Fusion Block

The stacked attention feature fusion layer is composed
of two key components: a resolution unified layer and a
feature fusion layer. The resolution unified layer aligns the
three branch features with different resolutions to a uniform
resolution, enabling seamless integration in the subsequent
feature fusion layer. In the scale unification process, the
proposed stacked attention feature fusion module is utilized
to further refine and filter the feature information of each
branch. By selectively focusing on the most critical infor-
mation, the model is guided to concentrate on learning from
key regions, thereby enhancing the effectiveness of feature
fusion. SADownSample and SAUpSample correspond to
downsampling and upsampling operations, respectively, both
leveraging the stacked attention feature fusion module. This
process is depicted in Figure 8.

D. Stacked Coordination Attention Feature Fusion

Simple linear combinations are commonly used for feature
fusion but may introduce information bias between joint
points in tasks requiring high sensitivity, such as pose esti-
mation, thereby compromising feature quality and detection
accuracy. To address this issue, this paper introduces a
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Fig. 8: SAUpSample(left), SADownSample(right)

Stacked Coordination Attention Feature Fusion (SCAFF)
module, which integrates the Coordination Attention (CA)
module[16] with the Attention Feature Fusion (AFF) module.
This approach enables SCAFF to achieve more precise fea-
ture fusion, enhancing the quality of feature integration and
improving detection accuracy. The structure and functionality
of SCAFF are illustrated in Figure 9.

XAvgPool

input

YAvgPool

Fig. 9: Stacked Coordination Attention Feature Fusion

The SCAFF module first computes the weight coefficients
using the Coordination Attention (CA) mechanism and mul-
tiplies them with the input values to derive a preliminary
attention value, denoted as A. The value A is then processed
separately alongside the original input and passed into the
Attention Feature Fusion (AFF) module. AFF fuses these
two values through weighting, effectively recovering details
that might be lost during the information extraction process
in CA. This combination not only enhances the model’s
ability to learn multi-scale and channel-level information but
also improves the robustness of feature representation. The
announcement is as follows:

Sa = CA(Value) (7
output = AFF(Sy4, Value) (3)
S, is the attention value obtained by C'A , and Value is

the input value. C'A is the coordinate attention module, and
AF'F is the attention feature fusion module.

1) Stacked Coordination Attention Transition Layer: This
paper proposes the application of SCAFF to construct a
novel Transition layer, designed to refine the filtering of
branch information. By incorporating the stacked coordinate
attention module, SCAFF effectively emphasizes and extracts
critical information during feature processing while assigning
lower weights to redundant information. This ensures that the
new branch retains and transmits only the most vital feature
information, thereby enhancing the model’s feature extrac-
tion capability and improving overall detection accuracy. The
structure is illustrated in Figure 10.
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Fig. 10: Stacked Coordination Attention Transition Layer

2) Stacked Coordination Attention Stem Layer: Most of
the information in an image consists of redundant noise, with
only a small fraction being useful. Extracting preliminary
features solely through convolution may lead to the loss of
valuable information. To address this issue, the traditional
Stem layer is enhanced in this study, resulting in the de-
velopment of the Stacked Coordinate Attention Stem Layer.
SAStem incorporates the SCAFF module while preserving
the original convolutional kernel size and channel count. By
integrating the stacked coordinate attention mechanism, the
module assigns higher weights and focus to useful image
information while reducing the impact of redundant noise.
This approach enhances the model’s accuracy without signif-
icantly increasing its complexity, enabling efficient extraction
of meaningful information. The optimized SAStem layer is
illustrated in Figure 11.

IV. EXPERIMENTS AND ANALYSIS

A. Dataset and evaluation indicators

The MS COCOQ[17] dataset contains 200,000 sample im-
ages, and its evaluation metric is Object Keypoint Similar-
ity(OKS).

2
>, exp (72;—]&) 5(v; > 0)
Zi ) (Ui > 0)
where d; represents the Euclidean distance between the
key point to be detected and the label value of the target
key point, and s represents the area occupied by the human

body in the image; k; represents the normalization factor,
and §(v; > 0) indicates that the visibility of key points is

OKS = €))
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greater than 0; The result data obtained from the traisning
are reflected in the tandard mean precision and recall score.

The MPII dataset[18] contains about 25,000 images of
the human body from around the world, each of which
is labeled with 16 key points of the human body, and its
evaluation index is the Percentage of Correct Keypoints with
head normalized (PCKh) score, which is the head normalized
probability of the correct key point.

N
1
PCKh=—Y I(d; < a- 1
C N?:l (di <o h) (10)

where PC K h mean is the final prediction result. The total
number of samples tested is IV; h is used as a normalization
factor, « is a threshold scale factor (e.g. 0.5) that defines the
range of correct predictions.Experiments on the MPII dataset
were tested with PCKh@0.5 as the evaluation criterion. I
Indicates the function, which is 1 when the predicted distance
is less than or equal to the threshold, and O if it is otherwise

1, ifd;<a-h
0, otherwise

H(diga-h){ an

B. Experimental environment and settings

The network model is optimized using the Adam opti-
mizer, with an initial learning rate set to 1 x 1073, The
training process lasts for 210 epochs and is conducted on
a single NVIDIA GeForce RTX 3090 GPU. The batch size
of the input images is set to 32. The aspect ratio of the human
bounding box is adjusted to 4:3 to ensure consistency in fea-
ture extraction. Comprehensive data augmentation techniques
are applied to enhance the robustness of the model, including
random rotation (range [—45°,45°]), random scaling (scale
range [0.65,1.35]), random horizontal flipping, and target
cropping with a certain probability.

Conv2d 3x3

Conv2d 3x3

Fig. 11: Stacked Coordination Attention Stem Layer

C. Experimental verification and analysis

1) COCO Validation Set: To validate the superiority of the
proposed algorithm, the SAFFNet model was compared with
current state-of-the-art human pose estimation models. The
experimental results, summarized in Table 1, demonstrate
the effectiveness of SAFFNet. At an input resolution of
256x 192, SAFFNet achieves an AP score of 74%. Compared
to the baseline HRNet-W32 model, SAFFNet reduces the
number of Parameters and GFLOPs by 72% and 41%,
respectively, while improving the AP score by 0.6%, as
illustrated in Figure 12(a).

When compared to the SimpleBaseline[19], SAFFNet
reduces Parameters and GFLOPs by 77% and 53%, re-
spectively, while achieving increases of 3.6% and 0.7%
in AP and AR scores. Against the VitPose-B model[20],
SAFFNet decreases the number of Parameters and GFLOPs
by 92% and 83%, respectively, with AP and AR scores
improving by 0.8% and 0.5%. Similarly, compared to Pixel-
Coordinate[21], SAFFNet reduces Parameters and GFLOPs
by 86% and 68%.

For models with higher computational complexity,
such as HRFormer[22], UDP-Pose-PSA[23], TokenPose-
L/D6[24]and A-HRNet[25], SAFFNet demonstrates a sub-
stantial reduction in model size and computation, decreasing
Parameters by 62% ~ 89% and GFLOPs by 54% ~ 74%,
while maintaining competitive accuracy despite a slight re-
duction.

Compared with the lightweight models Small-HRNet,
Lite-HRNet-30 and Dite-HRNet-30, SAFFNet improves AP
and AR by 5.7% ~ 18.8% and 2.8% ~ 14.9%, respec-
tively, with the addition of certain Parameters and GFLOPs.
Compared with the HF-HRNet-30[26] and LDHNet[27],
SAFFNet has increased the number of Parameters and
GFLOPs, and the AP and AR have increased by 3.2% ~
3.4% and 0.5% ~ 3.3%, respectively.

2) COCO Test Set: In this paper, SAFFNet is tested on the
COCO test-dev dataset, and the input size is 384 x 288, and
the GFLOPs increases to 9.4G, but the AP value increases
to 75.7%. The comparison results are shown in Table 2. Ac-
cording to the comparison results, compared with the current
popular lightweight pose estimation models Lite-HRNET
and Dite-HRNet, the AP value of SAFFNet has increased
by 5.1 to 6 percentage points, although the Parameter value
and GFLOPs have increased slightly. The AP value also
increased by 5.2 percentage points compared to the newly
proposed LDHNet. This shows that SAFFNet can still show
stable model performance in the face of unfamiliar scenes.

3) MPII Validation Set: In order to verify the robustness
of the proposed model, comparative experiments are carried
out on the MPII validation set, and the results are shown
in Table 3. In the case of input size of 256 X256, the
SAFFNet model not only achieves the PCKh value of 89.9,
but also reduces the number of Parameters and GFLOPs
of the model by 77% and 41%, and better achieves the
balance between the accuracy of the model, the number of
Parameters, and the GFLOPs, as shown in Fig. 12(b). In
this paper, the same training strategy is used as that of the
COCO validation set. Compared with the lightweight human
pose estimation network, although the model complexity is
higher, SAFFNet has achieved higher detection accuracy for
different keypoints. Compared with some large networks, the
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TABLE I: Comparison of different algorithms in the COCO validation set

Method Input size Param/M GFLOPs AP/%  AP50/% AP75/% APM/% APL/% AR/%
MobileNetV2 256192 9.6 15 64.6 87.4 72.3 61.1 71.2 70.7
ShuffleNetVv?2 256%192 7.6 13 59.9 85.4 66.3 56.6 66.2 66.4
Small-HRNet 256x192 13 0.5 55.2 83.7 62.4 52.3 61 62.1
Lite-HRNet-30 256192 1.8 0.3 67.2 88 75 64.3 75.1 73.3
Dite-HRNet-30 256%192 1.8 0.3 68.3 88.2 76.2 65.5 74.1 742
Lightweight Network  DY-ReLU 256x192 9 1 68.1 88.5 76.2 64.8 74.3 -
MoblieNetV2 256x192 16.1 1 68.2 88.4 76 65 74.7 74.2
MetaFormer 256%192 26 1.1 65.6 86.8 73.1 62.2 72.1 715
HF-HRNet-30 256x192 7.4 1.1 70.8 88.9 78 67.6 71.3 76.5
LDHNet 256x192 22 1.4 70.6 90.5 78.2 67.8 74.8 73.7
Simple Baseline ~ 256x192 34 8.9 70.4 88.6 783 67.1 77.2 76.3
HRNet-W32 256x192 28.5 7.1 73.4 89.5 80.7 70.2 80.1 78.8
DARK 128x96 63.6 3.6 71.9 89.1 80.7 70.2 80.1 78.9
Pixel-Coordinate 256 192 56.7 12.8 742 925 82.6 71.4 783 77.1
A-HRNet 256x192 - - 74.9 90.4 82.3 71.4 81.8 80.3
Adversarial 256192 - - 74.8 92.5 81.6 72 79.3 77.6
Hightweight Network  DSPose-L 256192 13.5 16.8 75.1 89.8 82 71.5 82 80.2
Transpose-H-A6 256X 192 17.5 21.8 75 9.2 82.3 71.3 81.1 -
TokenPose-L/D6 256 192 20.8 9.1 75.4 90 81.8 71.8 82.4 80.4
HRFormer 256%192 50.3 13.7 75.6 90.3 82.2 71.6 82.5 80.7
UDP-Pose-PSA  256x192 70.1 15.7 78.9 93.6 85.8 76.1 83.6 81.4
ViTPose-B 256%192 90 23.8 73.2 925 81.5 71.2 76.6 76.5
SAFFNet(Ours)  256x192 8 4.2 74 92.5 81.4 71.4 78.3 77
TABLE II: Comparison of different algorithms in the COCO test set
Method Input size Param/M GFLOPs  AP/% AP50/%  AP75/%  APM/%  APL/% AR/%
MobileNetV2 384%288 96 33 66.8 90 74 62.6 73.3 75.6
ShuffleNetV?2 384288 7.6 2.8 62.9 88.5 69.4 58.9 69.3 68.9
Small-HRNet 384%288 13 12 55.2 85.8 61.4 51.7 61.2 61.5
Lite-HRNet-30 384%288 1.8 0.7 69.7 90.7 71.5 66.9 75 75.4
Dite-HRNet-30 384288 1.8 0.7 70.6 90.8 78.2 67.4 76.1 76.4
HRNET-W32 384%288 28.5 16 74.9 925 82.8 713 80.9 80.1
LDHNet 384288 22 33 70.5 90.6 77.6 68.9 75.8 76.6
SAFFNet(Ours) 384288 8 9.4 75.7 92.6 82.6 73 80.1 78.5

complexity of the model is greatly reduced, and the detection
accuracy of the competition is obtained, and the performance
level is similar to that of the model with smaller complexity.

D. Ablation experiments

Ablation experiments were conducted on the COCO val-
idation set to evaluate the effectiveness of the proposed
method. The network structure of the benchmark model HR-
Net was modified, and two primary variations were analyzed:
(1) removing the Transition3+Stage4 components, referred
to as HRNet-DF, and (2) retaining only one HR module per
branch in Stage4 of the original model, while removing one
HR module from Stage3. Each HR module consists of four
BasicBlocks, and this variant is named HRNet-SF. These two
approaches were compared to assess their impact on model
Parameters, GFLOPs, and accuracy. The results, as shown in
Table 4, indicate that while the AP and AR values of HRNet-
SF and HRNet-DF are similar or nearly identical, HRNet-
DF demonstrates a significant reduction in the number of
Parameters and GFLOPs compared to HRNet-SF, achieving
reductions of 42% and 25%, respectively.

Obviously, HRNet-DF can better balance the lightweight
structure and maintain accuracy, so this paper is based on
HRNet-DF to improve the follow-up innovative modules.
In order to demonstrate the contribution of the innovative
module to the overall network, an ablation experiment was

carried out on the basis of HRNet-DF, and the results are
shown in Table 5.

When only the SCBottle module is used to replace the
bottleneck of the original model, although the AP value and
AR value are not improved, the number of Parameters and the
GFLOPs are significantly reduced. When only SATransition-
Block or SAStem is used to replace the Transition and Stem
modules of the original model, the number of Parameters and
GFLOPs is increased, but the AP and AR are also slightly
improved. When SAFuseBlock is added alone, although
the number of Parameters and GFLOPs increases, the AP
and AR increases by 1.4% and 0.7%, respectively. Finally,
SCBottle, SATransitionBlock, SAStem and SAFuseBlock are
added to form the model SAFFNet proposed in this paper,
and the AP value is increased by 2.2 percentage points when
the number of Parameters increases slightly and the amount
of GFLOPs decreases.

1) Heatmap analysis: The first row of Figure 13 repre-
sents the heatmap results of the model HRNet-DF, and it can
be seen that when only Transition3+Stage4 is excluded, there
are incomplete detection of the joint points in the target and
the deviation of the position of the joint points, as shown
in the first row of the heatmap results, which shows that
the right eye and right ear of the target person are not
detected. The second row represents the heat map results
when replacing SAFuseBlock on the basis of the model
HRNet-DF, and there is still an incomplete prediction of
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TABLE III: Comparison of different algorithms in the MPII validation set

Method Input size  Param/M GFLOPs Hea/% Sho/% Elb/% Wri/% Hip/% Kne/% Ank/% Mean/%
MobileNetV2 256x256 9.6 2.1 95.6 93.8 84.8 77.8 85.7 79.4 73 85
ShuffleNetV2 256 X256 7.6 1.8 94.2 92.3 81.9 74.1 84 85.2 68.8 82.4
Small-HRNet 256256 1.3 0.7 - - - - - - - 80.2
Lightweight ~ Dite-HRNet-30  256x256 1.8 0.4 - . - - . - - 87.6
Lite-HRNet-30 256256 1.8 0.6 95.2 93.5 84.7 78.1 86.2 78.9 73.9 85.1
HF-HRNet-30 256256 7.4 1.5 - - - - - - - 88.5
LDHNet 256x256 2.5 1.8 96.8 95.3 88.8 83.4 88.3 83.7 79.5 88.5
Simple Baseline = 256x256 27 12 96.4 95.3 89 83.2 88.4 84 79.6 88.5
HRNet-W32 256256 34 9.5 97.1 95.9 90.3 86.4 89.1 87.1 83.3 90.3
Pixel-Coordinate 256 x256 56.7 16.5 96.9 95.9 90 84.5 89 86.2 81.8 89.7
Hichtweicht A-HRNet 256 X256 - - 97.1 96.1 90.8 86.2 89.8 86.3 83.7 90.4
g g DSPose-L 256256 13.5 20.1 97.3 96 90.9 85.9 89.5 86.3 82.6 90.3
Transpose-H-A6 256256 17.5 24.1 - - - - - - - 92.3
UDP-Pose-PSA 256256 70.1 19.2 97.3 96.2 91.1 86.5 89.8 87.3 83.1 90.6
ViTPose-B 256x256 90 25.5 97.5 97.4 93.7 90.5 92.3 91.5 88.1 93.3
SAFFNet(Ours) 256 x256 8 5.6 97.3 96.2 90.1 86 88.4 87.1 82.1 89.9
Model MAP vs Param on COCO Model Accuracy vs Param on MPii
91
” % ® HRNet-W32
74 SAFFNet HRNet-W32 SAFFNet
71 LDHNet 89 : _
X 68 ®DY-RelLU SAFFNet S o6 HF-HRNet-30 ® SimpleBaseline
A~ 65 ® MobileNetv2 HRNet-W32 E @ Dite-HRNet-30 —@- Lite-HRNet-30
é 62 -@- MobileNetv2 § 87 —@- Dite-HRNet-30
59 ® ShuffleNetV2 —@- ShuffleNetv2 86 ~@- HRNet-W32
56 . —@- SimpleBaseline
- -8 DY-RelU g5 | @ Lite-HRNet-30 LEHRNeL30
o LDHNet 84 SAFFNet
0 5 10 15 20 25 30 0 10 15
Param/M GFLOPS

Fig. 12: (a)COCO-Valid Comparison of lightweight models (b)MPII-Valid Comparison of lightweight models

TABLE IV: Results of HRNet structural alteration ablation

experiment
Method Param/M GFLOPs AP% AR%
HRNet 28.5 7.10 73.4 78.8
HRNet-DF 7.8 4.41 71.8 75.6
HRNet-SF 13.3 5.8 72.0 75.8

the joint point, but it is improved compared with the first
row of results, and only the left ear is not predicted. The
third row represents the model SAFFNet heatmap results.
Compared with the results of the previous two rows, there
is a significant improvement, not only all the joint points
are predicted, but the position of the joint points is also not
deviated.

It shows that the innovative module proposed in this paper
can not only reduce the number of model Parameters and
GFLOPs, but also effectively make up for the model perfor-
mance loss caused by the model’s pursuit of lightweight, and
better balance the model accuracy and model complexity.

E. Visualizations results

The prediction results of the COCO dataset were visual-
ized by SAFFNet. It can be seen that in complex situations
such as low light, cropping rotation, blur, and partial occlu-
sion, the model can still maintain good performance, and
achieve more accurate prediction of 17 joint points of the

human body. It can be seen from the comprehensive perfor-
mance that SAFFNet can stably show human characteristics
in any scene, and has good stability. Figure 14 shows the
visualization results of some samples.

V. CONCLUSION

This paper introduces a novel lightweight human pose
estimation network model named SAFFNet, designed to
achieve efficient performance by reducing model complexity
and enhancing accuracy. To this end, the classical HRNet
model was modified by removing Transition3 and Stage4,
resulting in HRNet-DF, which significantly reduces model
complexity. Experimental results demonstrate that SAFFNet
achieves substantial improvements over the benchmark HR-
Net model on the COCO and MPII datasets, surpassing other
state-of-the-art algorithms in accuracy and robustness while
maintaining low model complexity. Although the proposed
model markedly reduces the number of parameters and com-
putational cost, there remains potential for further parameter
optimization. Future research will focus on reducing the pa-
rameter count while maintaining performance. Furthermore,
the separation and re-splicing module, stacked attention
weight fusion module and stacked coordinate attention fusion
module introduced in this paper offer innovative insights for
lightweight model development. The modifications made to
the HRNet structure provide a valuable reference for future
lightweight research, with future efforts aimed at achieving
an optimal balance between model complexity and accuracy.
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TABLE V: Innovation modules ablation experiments

Model
Method #Param/M  GFLOPs AP/% AR/%
SCBottle SAFuseBlock SATransitionBlock SAStem
7.8 441 71.8 75.6
v 7.75 4.18 71.9 75.8
v 8.07 4.4 732 76.3
SAFFNet v 7.86 441 724 76
v/ 7.83 4.41 72.3 76
Vv v 8 4.19 73.6 76.8
Vv Vv v 8.02 4.19 73.8 77
Vv v Vv Vv 8.03 42 74 77
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Fig. 14: Visualizations Results
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