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Abstract: Objective Human pose estimation is a technology that can be widely used in life. In recent years, many excel-
lent high-precision methods have been proposed, but they are often accompanied by a very large model scale, which will
encounter the problem of computing power bottleneck in application. Whether for model training or deployment, large mod-
els require considerable computing power as the basis. Most of them have low computing power. Similarly, for the scenes
in daily life, the equipment needs further applicability and detection speed of the model, which is difficult to achieve by
large models. Given such requirements, lightweight human pose estimation has become a hot research field. The main
problem is how to achieve high detection accuracy and fast detection speed under the extremely limited number of

resources. Lightweight models will inevitably fall into a disadvantage in detection accuracy compared with large models.

W #s B #1:2023-05-31; &[] B #:2023-07-31; FEN 2 B #§:2023-08-07
« BIEIEE ZEIEMR 1346858911@qq.com

E€WHE : HEKARREIESTH (61976006)

Supported by : National Natural Science Foundation of China(61976006)



1409
=i, ZFER, R, BXE, TR
£29% /S5 581 /2024 £5 A HATERERNBRERAS S BENGESHIT

However, fortunately, from many studies in recent years, the lightweight model can also achieve higher detection accuracy
than large ones. A good balance can be reached between them. Method Based on a high-resolution network (HRNet) , a
lightweight high-resolution human pose estimation network combined with a dense connection network (LDHNet) was pro-
posed. First, dense connection and multi-scale were integrated to construct a lightweight and efficient feature extraction
unit by redesigning the stage branch structure in HRNet and proposing a new lightweight feature extraction module. Then,
the feature extraction module is composed of modules similar to the pyramid structure, and the dilated convolution of three
scales is used to obtain a wide range of feature information in the feature map by stacking the multi-layer feature extraction
modules and fusing the output of each layer. The concatenation of the output feature map of the feature extraction module is
to reuse the feature map and fully extract the information contained in the feature map. These two points can make up for
the problem of insufficient utilization of feature information that may exist in the lightweight model and use limited resources
to achieve high feature extraction performance. Second, a wide range of cross-branch feature information interactions exists
in the original HRNet structure, including feature fusion and the generation of new branches in each stage. LDHNet
replaces the convolution in this process with the depthwise separable convolution by changing the size of the feature map
through convolution downsampling or upsampling to add with other branch feature maps for feature fusion. This case further
reduces the number of parameters of the model based on almost no loss of detection performance. In addition, LDHNet
improves the original data preprocessing module and uses the double-branch form to fully extract the information from the
original image. Experiments show that considerable information from the original image is of great help to improve the detec-
tion performance of the model. LDHNet also uses coordinate attention to reinforce spatial location information. Result After
the above improvements, the size of the model has been greatly reduced to less than one-tenth of the original HRNet.
Although some gap still exists between the model size and the current smallest lightweight model LiteHRNet, the design of
the lightweight model is not only concerned with the size of the model. This study mainly compares LDHNet with main-
stream lightweight models. Through experimental verification on two mainstream datasets of human pose estimation MPII
and common objects in context(COCO) dataset and comparison with the current mainstream methods , the following conclu-
sions can be obtained. Compared with the top-down lightweight human pose estimation LiteHRNet on the MPII test set, the
average prediction accuracy of LDHNet is improved by 1. 5% by only adding a small number of parameters and calcula-
tions. The results on the COCO validation set show that compared with LiteHRNet, the average detection accuracy of LDH-
Net is improved by 3.4%. Compared with the improved DiteHRNet of LitetHRNet, the detection accuracy of LDHNet is
improved by 2. 3%. Compared with the HRFormer fused with Transformer, the detection accuracy of LDHNet is the same
when the scale is smaller. The experimental results on public datasets show that LDHNet achieves excellent results in
model lightweight. LDHNet achieves a very good balance between lightweight and model detection performance. For light-
weight human pose estimation, the performance of LDHNet is similar to that of Transformer. In addition to experimental
verification in the public data set, this study also tests the inference speed and detection accuracy of the model in the actual
scene. Compared with the original HRNet, LDHNet has a significant improvement in the detection speed under GPU accel-
eration. Compared with other lightweight methods, such as LiteHRNet, LDHNet can make full use of hardware resources.
The results of the actual test show that LDHNet has a stable performance in the face of the actual scene. The above experi-
mental results show that LDHNet has achieved the design expectations. Moreover, using extremely limited resources, com-
pared with other lightweight human pose estimation models, LDHNet can make full use of all the computing power regard-
less of the level of hardware computing power. The detection accuracy is greatly improved, and the inference speed of the
model is also significantly improved. Conclusion For LDHNet, some problems also need to be solved, mainly in that the
reasoning speed of the model has not reached the level matching the improvement of the model in terms of lightweight.
Follow-up works can focus on how to improve the reasoning speed of the model, make the training and reasoning of the
model glass, and use the method of emphasizing parameters for reference to further improve the model. Thus, LDHNet can
be further competent for the needs of actual production and life.

Key words: human pose estimation; lightweight network; densely connected network; high resolution network; multi-

branch structure
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Fig. 1 Overall structure diagram of LDHNet
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X AR BAG AT 55 098 5 5 i 2k 40 K AR
HARA 2 25 KigEUE , F Hax e AR HAR ¥ priE T
16 N AR A 5, 8 1 32 PR A5 95 B8 2 PCKh (per-
centage of correct keypoints ) , 5 T 1 ff 9 OCEH A5 )
Fb 5], 445 0000 5 28] 7y O Bt o555 B T G Bt s 22 BT 1 0
—AUIE BT Ok AN TR E o TUTA Sy T
IR, AR SCE B PEAh bR vE A PCKh@O. 5, BV SE Y
BIE « = 0. 5, FEVPAl R B v il ] 24 D s 2R A 70T
Al PEART 08 SC B 253 501 24 Sk (head) | JA JB% (shoul-
der) . F- i Celbow) | i 3 Cwrist) . # 35 (hip) & 55
(knee) DL M HER (ankle) o
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2.2 LWIMEIEE

AR SCAd Y 525 45 4 Ubuntu 20. 04 LTS, CPU
4 i5-10400F , GPU 24 RTX 3060, 77 K/N A 12 GB,
W “7 > BE 8O Pytorchl. 10. 1, ¥4 °F & 4
Python3. 9, VI 25 F} Adam £ 4k 25 VE A4 70 19 14k
o BE IR 805 HRNet JELR M) , ol 21048,
WIR2A 2R UL E R 0. 001, - HAES 170 5 F15E 200 72
B2 20 355 4 9 10 4% -

H 55 30 B0 4 h AR AR B RS I AN G —
e B AR AT A B AT 45 0 S R
T E AR AE A oo, xRS R T BT ER , COCO i
B0 BB H 256 x 19215 K 1384 x 28818 K (1 &l
5, MPILEHE SE BT Ol 256 x 256 (R R W EI& T
5 AT L BEA TR LY, SR T L S, B e e 15
b B J7 1 >R 5 HRNet A [8] (4 5 w6, B 55 3% 40
LiteHRNet , DiteHRNet % J& - HRNet H{ i 1 #5274 —
3, FE+45° U B N HEATIE e DA B AR £35% Y [l N iE 17
£ 1)@

2.3 SKIRISIE

ARSCHE JEAE COCO2017 B e E kAT 1T a2 I o6
E B LDHNet 55 HoAh 25 i 32 35 5 vk DA e BB % i
PRI T SRR T DA A R BB AE 5 T 1Y)
XFHE, 76 COCO Bib4E 25 e ingk 2 s, HHp PT
FEPRAC R AR RS VAT B 2o XTI AR ST N

256 x 1922 Z I, LDHNet [ - 2746 10 v 1 125 35 5]
T 70. 6%, 755 [FIAEAF Sy 4% s A S AU 1Y) LPN (9% L1
W, TR SR PR R R R A [) B A 78 A ) o A
T T 0. 2%, [AI B AE 5 5 i LAk 1T U7 15 LiteH-
RNet X Eb i, AR S 80 R i A i v, (1
SR A5 TR 0 S X5 G T A SRR T T 3. 5%, SR
HRNet #F 17 f8] 547 i 4% 5 16 7Y Small HRNet (Wang
85,2021 HEATXT L AR T T — SRR RS , 76 4G
K BT T ARAS T B KL T , 765 LiteHRNet 92K
HERY DiteHRNet (Li %5 ,2022) (5t b, BRRS ftSF- 2546
DA BE R REA 25 2. 4% B4R Tt 0T eS8 0R AT
o AL — S T 5 A Transformer [
HRFormer A LA BE AT , 76 AP AP R AR A K
P 3 AME 5 R W 45 1% 4n SHN . CPN . SBL-50 LA
J HigherHRNet(Cheng %5 ,2020) Z£ %} e, S50
A5 R AR KA, 78 5 HE 28 HRNet 19 X LE
r R SR T X5 D A B B A BT T L (B AP AH LE
HRNet A T2 7}, 73 S5 25 F B2 b i 2540, 7EXF
R AT SR IR B LDHNet A H HRNet A #5k
(i

AR ICIEAE COCO test-dev g £E [ % LDHNet
77, 25 R 36 3 s, A b Fip mgUg k1T
77 ¥ LiteHRNet, 78 - Y4 46 10 ¥ 6 B 7 1 5 LiteH-
RNet #H E 7T #2 55 0. 8%, COCO test-dev A% M 32 38 B

*R2 COCOIGIEELIGERITLE

Table 2 Comparison of experimental results of COCO val set

Jrik iﬁ%’;ﬁﬂ‘/ PT Backbone B GFlops AP/% AP*/% AP™/% AP“/% APY%  AR/%
SHN 256 X 256 N SHN 25.1 14.3 66.9 - - - - -
CPN 256 x 192 Y ResNet-50 27.0 6.2 68.6 - - - - -
SBL-50 256 x 192 Y ResNet-50 34.0 8.9 70.4 88.6 78.3 67.1 71.2 76.3
HigherHRNet 256 % 192 Y HRNet-W32 28.6 47.9 69.9 87.1 76.0 65.3 77.0 -
HRNet 256 X 192 N HRNet-W32 28.5 7.1 73.4 89.5 80.7 70.2 80.1 78.9
LPN-101 256 X 192 N ResNet-101 53 1.4 70.4 88.6 78.1 67.2 71.2 76.2
MobileNetV2 256 x 192 N MobileNetV2 9.6 1.4 64.6 87.4 72.3 61.1 71.2 70.7
ShuffleNetV2 256 X 192 N ShuffleNetV2 7.6 1.2 59.9 85.4 66.3 56.6 66.2 66.4
Small HRNet 256 X 192 N HRNet-W18 1.3 0.5 55.2 83.7 62.4 523 61.0 62.1
LiteHRNet 256 x 192 N LiteHRNet-18 1.8 0.3 67.2 88.0 75.0 64.3 73.1 73.3
DiteHRNet 256 X 192 N  DiteHRNet-18 1.8 0.3 68.3 88.2 76.2 65.5 74.1 74.2
HRFormer-T 256 x 192 N HRFormer-T 2.5 1.5 70.9 89.0 78.4 67.2 77.8 76.6
LDHNet 256 x 192 N LDHNet 22 1.4 70.6 90.5 78.2 67.8 74.8 73.7

T =" FOR B IO, Y RN R 2 A 012
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Wi LDHNet 75 1 % B A= 37 5 B 475 56 2 80 1 R 11
PP BE
7 MPILEHE 4 1 XA SO ik 64T T 30 0IF , 45

W4 PR, £ T MPILEUE £ b 1 7 4 A4k
KT 45 DL BRI AE R B, 5 LiteHRNet A L , A%
SCHT I 0 AR I A B 42 T T 1. 5%, 765 DiteH-
RNet (19X F o7 2066 00 e 1 A 3 0. 9% Y 42
T+, 5 LPN-50 AH Et , A= ST 125 14 SF- 2546 00 o o 2 42
T+ T 2. 5%, fF 5 — o R 24 1 4 SHN  SBL-50 (%)
X LDHNet AMYAE S A5 AT iR

B, I ELF- 2446 W0 o 1 2 A i 71, 55 HRNet A
o AVHAS R 110 S 805 15 19T sl 52 9t
TR KV A B

ZEA VL FISRIRAS R A SC LDHN et R i A
fT BRI ERE R, I AR S8 At
S R S A AL TR A KR AL, 7E
EJRI L5 (0% Lo v, AEAS R a4k TR HAT AR A
IR, 28 BT AR T A PR RE K, R g
58] LUIAE Y LDHNet A 800 8 TRl 2 R i H
s, RS SRR RE 2 [A] 10 56 2R 3 T

#£3 COCOMINELILERITLE

Table 3 Comparison of experimental results of COCO test-dev set

Jrid WMARSHIEZE  Z808/M GFlops AP/%  APY/%  APT/%  APY%  APY% AR/%
CPN 384 x 288 - - 72.1 91.4 80.0 68.7 77.2 78.5
SBL-152 384 x 288 68.6 35.6 73.0 91.7 80.9 69.5 78.1 79.0
HRNet 384 x 288 28.5 16.0 74.9 925 82.8 713 80.9 80.1
LiteHRNet 384 x 288 1.8 0.7 69.7 90.7 775 66.9 75.0 75.4
HRFormer-S 384 x 288 7.8 6.2 74.5 923 82.1 70.7 80.6 79.8
LDHNet 384 x 288 22 3.3 70.5 90.6 77.6 68.9 75.8 76.6
=" FOR Y AR -

F4 MPHIIEERILERITLEL (PCKh@O. 5)
Table 4 Comparison of experimental results of MPII val set (PCKh@0. 5)

Tk EARSHEE BEE/M GFlops Mean/% kili% JEIE%  FI% Wik B Bis/v%e  HER/%
SHN 256 X 256 25.1 19.1 87.5 96.5 95.3 88.4 83.5 87.1 83.5 78.3
SBL-50 256 X 256 34.0 12.0 88.5 96.4 95.3 89.0 83.2 88.4 84.0 79.6
HRNet 256 X 256 28.5 9.5 90.3 97.1 95.9 90.3 86.4 89.1 87.1 83.3
LPN-50 256 X 256 2.9 1.5 86.6 96.0 94.4 86.4 80.0 87.3 81.4 76.3
LitetHRNet 256 X 256 1.8 0.4 87.0 - - - - - - -
DiteHRNet 256 X 256 1.8 0.4 87.6 - - - - - - -
LDHNet 256 X 256 2.5 1.8 88.5 96.8 95.3 88.8 83.4 88.3 83.7 79.5
T =" FoR B TR .

2.4 HELEIE BRI P8 B AR L N

FE MPHEGEAE [ HEF7 I Rl 5256, X Stem BB
AT T I RS LSS UE AR {8 HR Net S 540 ik
PRI ZH 3 x 3 BRI Stem BEHIEAT X 1
(O REHRHEA TR A B AR TR G5 R 3R 5 R .

MR S Z5 AT LUE Y 7EMH ] Stem LU | X482
R S 80 M A A 7= A s R R
RV AR T TR B MEBE L 15 25 T Stem AL XS 37
(LG, A e R AR P O B8 R AR TR TR B X7

FE I, &1 X BT 2 H A9 GMNeck . GWConv 5 JiL
HRNet H 5% 2 (0 20 A A 7T il S 4, 245 SR 1k 6
iz o Horp % GMCneck F1 GW Conv 43 5l #E47 T H.

x5 StemEHHFEK

Table 5 Stem module ablation experiment

i SHEIM Stem GFlops Mean/%
LDHNet 25 x 1.8 87.7
LDHNet 25 N 1.8 88.5
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AR R B BT RS2 . AT LR, GMCneck 5248
TERETY 4 e A T T S KA DA ELR X A A T Y
T BN EZAER, T GW Conv I X 41 (1
A AP A B R A S RO AR T
— MBS, 52 BR T GO A FR G DA DK
JE 32 3 T — 5 R, AR A4 AR i A A D AR SCHY I3
TH AR, ZEAE BRI % 4 DA LE T 6 I RS 2 46 2k AN
REITEOLT , A B s B T A Y i
bR, A BTRIPEREIA B 18 -1
R6 TERBUHRMIE

Table 6 Mainly module ablation experiment

ik BHEE/M GMCneck GWConv GFlops Mean/%

LDHNet 25 N N 1.8 885
LDHNet 2.5 x N 1.8 88.1
LDHNet 147 N x 55 89.6
LDHNet  14.7 x x 55 891

AR, 7E GW Conv HY , AL T — N HNZ
JOBEFRFAE S B 43, % 1 340 43 AR St B b Al T 9
S, 5 N A R R AT 3 x 3 1Bl I A A
ZERUINERTHR

X% B AT T8 A B HRCE R R A
A5 B, RBUS A AL TR AR B, B 2 A ROBE R
MEAR B E RS 2 — DR AR TBe .

IR AR L Y 5 AR JE B R o AT T I RS

x7 ZREHMIRE

Table 7 Multi-scale ablation experiment

Tk SRR ZREFFIFHEL  GFlops  Mean/%
LDHNet 25 N 1.8 88.5
LDHNet 25 x 1.8 87.7

RS FRE I ERATE AT B, SR AN 8 TR
o 3 8 T A PO 0 A Rl AR R 194 S 3% JEE K i
JER L BT SRR RTER A . S IEREI,
Xt F ]2 AR LR T 7870 09 52 o A AR
REAT 2 7R MR B4R TF , UEW] T 2 AR i RE A A5 A A
AR SRR ) FERIHE R R 4 T 2 SCE M A

RS EHHREELNIHRMIE

Table 8 Dense connected structure ablation experiment

Dike ZEEIM GWhlock GFlops Mean/%
LDHNet 25 N 1.8 88.5
LDHNet 1.2 X 1.7 82.9

2.5 HIEEE

AR S B 435 1255 LDHNet $EAT T i 38k i
4 X 3, X 2 e A TR g 0 3B A 7 9 U
A BR A4S LR BEAT , I RAAS 3C A 0 38 BA 55 A fif
CPU #E47, 15 9 15-10400F , 75 — £ By 5236 5 14 F
EATINA, I AE — B[] Py BT (8 3 B A S 45
S e R E 7 prw B EDE R /MR R 1 2

A
80 -
HRNet W32/256x192
2.3+0.4
. »r SBL-50/256x192 LDHNet/256x192
= e 5.140.6
% HRForme-Small/256x192r
= 2oL 1.8402
& LiteHRNet/256x192
-?\’ Stack Hourglass{256%256 4.2£0.3
e 1.6+0[2
65 [
MobileNetV2/256x192
6.0+0.7
60 ShuffleNetV2/256x192
11.5£0.6
1 1 1 ] 1 1 }
0 2 4 6 8 10 12
TR EE/ (W)

7 e
Fig. 7 Inference speed
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AU LiteHRNet £/ Lt , 3 B J7 W45 A 4 38 RO
FiAN R TR R AR R REIS A S TE Tl
JEE [ B 2 SHe i 00 P 3 5 A TS A 2 &
XK HHE A FEBR , A E T MobileNetV2 Fl ShuffleNetV2
F4) 25 o {2 AFOKS BB , LDHNet 5501 F 657 , b4 240 5ok 3
(RS FEIE B T LDHNet B0 14 7] S5 .

2.6 WL

55, K LDHNet X COCO2017 4 5 i i 0 2%
L SUERIE RGNS RO = NS RN
T T ARG R RO S 7 4 1) S 2= i Bl I, 5 Y
REAS DR AF R A B MERE R I, A 2 N A4 37 5
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Fig. 8 Visualization of human pose estimation
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