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Abstract: Objective Human pose estimation aims to locate skeletal keypoints of individuals in a given image. As a funda-
mental task in computer vision, human pose estimation has wide applications in human activity recognition, person

re-identification, pose tracking, and related fields. Two main approaches for human pose estimation are available: top-
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down and bottom-up. Top-down methods first detect human bodies in the image, crop out each person, and then estimate
the keypoint coordinates. While effective, these methods perform poorly in cases of occlusion, and their computation cost
increases with the number of people in the image. In contrast, bottom-up methods detect all identity-independent keypoints
simultaneously and then group them into individual poses. These methods are typically lightweight and fast but must handle
varying human scales. Bottom-up human pose estimation methods commonly use 2D Gaussian kernels to generate keypoint
heatmaps as regression targets because they provide rich spatial information. However, conventional approaches apply
Gaussian kernels with a fixed variance across all keypoints, resulting in uniform heatmap structures. This uniformity is
problematic given the existing scale variability in bottom-up methods. On the one hand, different keypoints cover different
pixel areas in images, and using large Gaussian kernels may introduce semantic ambiguity, particularly for small joints.
On the other hand, differences in keypoint scale imply different levels of annotation uncertainty, which the heatmap vari-
ance should ideally reflect. The variance of the Gaussian kernel represents uncertainty; thus, it should be proportional to
the scale and ambiguity associated with each keypoint. Aiming to address these issues, an adaptive heatmap generation net-
work (AHGNet) for bottom-up human pose estimation is proposed. AHGNet estimates the appropriate radius of the Gauss-
ian kernel for each keypoint by integrating inherent scale information and geometric relationships. Through formula deriva-
tion, the relationship between the radius and the Gaussian kernel variance is established, enabling the creation of custom-
ized, scale-adaptive ground-truth heatmaps. This approach improves localization accuracy by effectively aligning the heat-
map structure with the spatial characteristics of each keypoint. Method First, an adaptive heatmap generation module is
introduced. This module combines the inherent scale information from image features and the geometric relationship
between adjacent keypoints to constrain the coverage areas of kernels. Keypoint scale is defined by semantic coverage areas
in images. However, in the actual scene, accurately allowing pixel areas to occupy keypoints is almost impossible, and
determining the potential relationship between Gaussian kernels and coverage areas is difficult. Interestingly, the areas
occupied by keypoints are found to be related to geometric distance from adjacent keypoints. Therefore, an adaptive heat-
map generation module is introduced to generate kernel scale maps of keypoints. This module combine the geometric rela-
tionship between adjacent keypoints and inherent scale information from image features. Second, local probabilistic consis-
tency loss is presented to define the distance between the predicted and ground truth heatmaps globally and locally. Most
methods based on heatmap regression use L, loss for supervised learning. However, as the loss function for heatmap regres-
sion, L, loss assumes that each pixel point is independent and overlooks the local structural correlation, making it difficult
to describe the probability distribution of heatmaps. A keypoint heatmap is a probability distribution that describes pixels
belonging to a certain joint. Thus, KL Divergence must be added to describe local probability consistency. Moreover,
samples with large prediction errors are difficult to predict; thus, the weight of difficult samples should be increased. Simi-
larly, the weight of easily detected samples should be reduced. Therefore, the dynamic weight is added to balance the con-
tribution of different samples. Inspired by focal loss, which allows the model to actively focus on hard-to-detect samples,
this paper utilizes dynamic weights to reduce the contribution of easily detected samples while enhancing the contribution of
hard-to-detect samples. Result HrHRNet is used as the baseline to establish AHGNet for bottom-up human pose estima-
tion. The model is tested on two public datasets: MS COCO and CrowdPose. Experimental results reveal that AHGNet sur-
passes HrHRNet in terms of average precision (AP), achieving 72. 1% AP and 74. 1% AP on COCO test-dev and Crowd-
Pose dataset, providing improvements of +1. 6% AP and +6. 5% AP, respectively. In addition, the substantial improve-
ment on the CrowdPose dataset with crowded scenes indicates that AHGNet helps alleviate the problem of human scale
changes in complex crowded scenes. Simultaneously, the ablation experiments verified the effectiveness of the proposed
method. Conclusion AHGNet leverages geometric features between adjacent keypoints and inherent scale information
within the image to generate adaptive heatmaps as groundtruth. This network further employs a local probability consistency
loss function to address the challenges posed by various human scales, effectively improving the accuracy of bottom-up
human pose estimation. AHGNet provides a new paradigm for optimizing supervision signals in bottom-up pose estimation.
By dynamically adjusting the Gaussian kernel scale and enforcing local probability constraints, it effectively reduces multi-
scale ambiguity in complex scenarios.
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1%, N, BFE, RE, IR
HE B T EAEERSEHITBEENEERNEERTTE

NI, A SCHE H P KL B (Kullback-Leibler
divergence ) K i Jmy AR ME R — vk . KL T
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Fig.5 An example of L, loss reduction but center unchanged
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A, BE B A AR 64%.0 3. 2 GHz [ P e Ab 38 (cen-
tral processing unit, CPU) , 32 GB N 17 UL M # Bt
NVIDIA GeForce RTX 2080Ti i1 54638 i FEHLjiE
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AR 7 AE COCO IR AL S2 50 25 S XT e an 5k 1
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Table 1 Comparisons with other methods on COCO test set

/%

i WANE AP APY AP” APY AP

CenterNet-DLA (Zhang %, 2016) 512 57.9 84.7 63.1 525 67.4

CenterNet-HG (Zhang %% ,2016) 512 63.0 86.8 69.6 58.9 70.4

OpenPose(Cao %5 ,2017) 368 61.8 84.9 67.5 57.1 68.2

PersonLab (Papandreou % ,2018) 1401 66.5 88.0 72.6 62.4 723

PifPaf(Kreiss % ,2019) 641 66.7 - - 62.4 72.9

HrHRNet-W32(Cheng %5, 2020) 512 66.4 87.5 72.8 61.2 74.2

2 RUEE S5 AHGNet-W32(A30) 512 68.7 89.2 75.4 63.1 76.5
SWAHR-W32(Luo%¢,2021) 512 67.9 88.9 745 62.4 75.5
SWAHR-W48(Luo%,2021) 640 70.2 89.9 76.9 65.2 77.0

ED-Pose(Yang4§,2023)

- 69.8 90.2 77.2 64.3 77.4

GroupPose( Liu % ,2023) - 70.2 90.5 77.8 64.7 78.0
HrHRNet-W48( Cheng %5, 2020) 640 68.4 88.2 75.1 64.4 74.2
AHGNet-W48(A30) 640 70.9 89.9 77.0 65.9 76.6
PersonLab (Papandreou % ,2018) 1401 68.7 89.0 75.4 64.1 75.5
HrHRNet-W32(Cheng % ,2020) 512 69.0 89.0 75.8 64.4 75.2
CKG(Brass%5,2021) 640 71.1 90.5 77.5 66.9 76.7

PETR (Shi %%,2022)
PoseTrans (Jiang % ,2022b)
KAPAO-M(McNally %,2022)
HrHRNet-W48(Cheng % ,2020)
AHGNet-W48(430)

- 71.2 91.4 77.6 66.9 78.0

512 69.9 89.3 77.0 65.2 76.2
1024 70.3 91.2 77.8 66.3 76.8
640 70.5 89.3 77.2 66.6 75.8
640 72.1 90.6 78.9 68.1 77.3

T L PSR R B R 28, =" s i SOR B R
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HRTE 2 AR & FEPE 200N, I AR
FER K BE J7 . BEAl , AHGNet A9 € B 1 7 R[] )
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Table 2 Comparisons with other methods on CrowdPose test set

HrHRNet A TTik
6  COCO Euflute gl Mkl

Fig. 6 Visualization results on COCO dataset

1%

i AP AP® AP” AP" APY APH
HrHRNet-W48( Cheng % ,2020) 65.9 86.4 706 73.3 66.5 57.9
e RS SWAHR-W48(Luo%%,2021) 71.6 88.5 77.6 78.9 72.4 63.0
AHGNet-W48 (A 3) 72.6 90.6 78.5 79.6 73.3 64.0
HrHRNet-W48(Cheng 45 ,2020) 67.6 87.4 72.6 75.8 68.1 58.9
Z RS SWAHR-W48(Luo %:,2021) 73.8 90.5 79.9 81.2 74.7 64.7
AHGNet-W48(A30) 74.1 91.2 79.8 81.3 74.8 65.3
E IR R R R e L 45 R
5.3 HRESKIG SR ST RN AT A
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KRB FRT . SLIRLTREW, BORH o (3
TR AN, X5 AR SRR BEAAT : RN
AL RSN B A ) S DX R B g R bR T S
s BRI 22 R ) R T AT EL{EAR T [T
o AR R A SORUEE Y ELE AR 1R A R
fifp 1 22 FOE AR N AR R BT SRR ]

®3 BEZIREE o HEREE NI
Table 3 The impact of Gaussian kernel standard
deviation o- on model accuracy
/%

o AP AP" AP
1.0 64.9 61.2 71.0
1.5 65.1 61.2 72.3
2.0 66.6 61.3 75.0
2.5 66.1 60.1 75.2
3.0 65.4 58.3 75.4

5.3.2  AHGM KL #5180 A% 5 % 52 56 45 3 1)
Al

MR 4 PR, AR SO A A Y BRI T AR B
He(AHGM) KL HICE F1 8 SAE AT IS M SL g . nf
DLW, = E BRI TR R, —H5 A
FH, AHGNet [ HERG AL TE T 2. 6%,

1) A 3 6 EAE AT B AR s, R 455 2.3
AT X Ee o] LA 3l AR OB A 3 I B AR
FIE AR AR R 1. 3%, @it R 452 81T4E
FXFH, 45 4 LPCLoss, ME 8 35 F 69. 7%, tH 55 IF
T A Y BT A BT A R

DKLEE ., MNF4H 2 41785 B3 LT LE
L KL e SRR — S e 8 Tt T
T 1. 2% ARG FE L 32 A KL 83088 AT LR R il i A 45
& G5 KLU N 2R H AU L, 52 A7)
SRR AR T 5

3BNEAE . NFAFE 2 SITERXT T UE
L S ABCE AR T T AR 0. 9% Y R 25
JFH N 6 0] LA Y, AHGNet a] LAVEERA AN /)8 KL
S A, 22 IH B ASAUER AT LS ME ) REAR 1 Tk, DA
T2 THE AR A A %
5.3.3  KLACEETFAHER/INIERERT 5250 45 5 1 5% 1)

ARSI T KL AL THRHE R/ X 55 55 235
R . QnER SR, S5 R IR, 9 x 9 T RHE A

R4 TRBREOBHEREER
Table 4 Experimental results on the effectiveness of
different modules
1%

KL 3

AHGM o AP AP APTAPY APt
- - - 671 862 730 615 76.1
N - - 684 764 743 615 717
- N - 683 873 741 620 772

- - Vo680 875 741 623 768

N J - 692 882 746 631 1779
J - V688 877 748 626 717
J J V697 881 750 633 78.6

T IO F AR R A& SR ARG, 3R, VR A B, -7 2%
IRATMA

RIGE AR o X U B A /N 8 KL 0B A HE R 2 LU
A8 TS B, 3o K KL B 4AE 7] e 2345 24
Mg 7, 2 M A 76 O A %
5.3.4  BhAPCETEBOT T 1) 52 00

ARSCHFFE T B AAEIGEOT TR 52, A
SCE = (17) A (18) e Y- R XE A2 & R AR
Wil A, FEAS TTRRER A, 2 W/ REAR BTk
HETT AR ME ) FEAR I . W 6 s B ALAE y =
1B A HERR 2R IR 5] 69. 7%

x5 FAEKLBETHEEXNMIZIELER
Table 5 Experimental results of different KL divergence

calculation box sizes

KL R T HAE )N AP/%
3%x3 68.7
5%x5 69.1
7x7 69.1
9%x9 69.7
11x11 69.2
13x 13 69.1

TE L P RS os fre s

5.3.5  ZNUZI 1Al G RO TR Y 2

AR S A Rl S 9 R R 22 RUBE R BT 114
ARE BR IR TR . 247 R T ARRHIZR
BT PRI Rl B RE R AN SR 3T L T 5IAZ
ROERS KRG Ja R IREs R . SR s e, 2
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1, X2, iR, R, FYH
HE B T EAEERSEHITBEENEERNEERTTE

x6 FRMSWNERBHITBEER
Table 6 Experimental results of different dynamic

weight indices

y AP/%
0.5 68.8
1 69.7
2 65.8
3 58.6

T L SRR el 4

JUBE 7 P il MR RS A 85 21 T PN T FR R
& GLPS7 Fet VAN P i boR . S NN S Wil Ll
1R B BB A HERG R EE T T 0. 4%, B0k T 2 NJE
il SRS A A R

KT ZREBEGEREUMIHRER
Table 7 Experimental results on the effectiveness of the
multi-scale fusion module
/%

ZNEMEE AP AP®  APP AP AP"

AR 69.7 881 750  63.3 78.6
KH 701 880 762  66.9 78.7

T IR R R 4 51 B A2

6 # &
ARSCHR i 8] 1T AR A

T I EAR AR T A2 8T %, ZAT 55 S T — Bl
A B A S et 0 ki i sh A A%
INES IS SR RSO Ve 3 (I RS 775 di
(22 RO BRI, A, B B 5 1 3 g TR 3
2R RRSOME LAAS 3G 412 ) B 45 4 B AR O , S B X
SR A i 25 AN BB IR, 2 4 SR AR R — B
PR PR A0 O RSP AR T T 114 S s DX ek 3
SRR , SR THELRLN R AR A5 A4 R A RE ), Jf 1

15 A sh A AU HL ] e - e A ek, i — 21
MR 2F ) Jr 1), e i Hog e . Set gl AR, ir
B H ) AHGNet 38 15 27 21 A= i A 18 W ELE A H

K, IFE5 Rl — BP0 % pR B, AR T TR
SRR
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