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High-resolution human pose estimation network based on
feature enhancement

Xie Weijia  Yi Jianbing Cao Feng Li Jun

(School of Information Engineering, Jiangxi University of Science and Technology,Ganzhou 341000, China)

Abstract: In order to solve the problem of insufficient extracted features in high-resolution human pose estimation using
lightweight convolutional neural network, a high-resolution human pose estimation network based on feature
enhancement is proposed in this paper. Firstly, the dilated convolution completion operation was used to extract image
features to avoid the loss of feature information and basically keep the model parameters unchanged. Then, the pooling
enhancement module was used to select the features of convolution extraction, which retained important features and
reduced the damage caused by traditional pooling module on extracted features. Finally, the depthwise separable
convolution module that strengthens the channel information interaction was used for feature extraction, so as to keep
the number of parameters of the module small and improve its feature extraction ability. The performance of the
proposed algorithm and DiteHRNet-30 algorithm were tested on the COCO2017 dataset. The AR values of the
proposed algorithm and DiteHRNet-30 algorithm are 77.9% and 77.2%, respectively. The performance of the
proposed algorithm and DiteHRNet-30 algorithm are tested on the MPII dataset. The PCKh values of the proposed
algorithm and DiteHRNet-30 algorithm are 32.6% and 31.7%, respectively. Experimental results show that the
proposed algorithm can achieve a good balance between the accuracy of human pose estimation and the complexity of
the algorithm.
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A ¥ LH-HRNet-18 #1 LH-HRNet-30 7E COCO2017
ISEAE b SC e 25 R 5 T R B SRR T R,
AR HEEH MK LM BN MGE LW, kK 2 iR, &K
SCAT SR AR F R 256 X 192 N1 384 X 288 X BB 4T
W, R R - A SRR b L B B vk ARG 8 RN AR R A 4
JEZ MBS T A T, 5 A e N 4% 45 A
o, A SCHR 9 LH-HRNet-30 2 725 A B H K/ K
384X288 W AP fHix i, B35 T 72.8% WK & . LH-
HRNet-18 7EHi A B K F /R 256 X192 B 355 T 8 By Br
1 Hourglass ' 5 &8 9¢ M 4% 45 H S 808 f1 GFLOPs /b
T—ABE R, R TER A E R K/ANA 256 X192 B, 4R
SCHREH 9 LH-HRNet-18 5F % H Small HRNet™ #2425 ¥
YAE AP $5%5 B 11%, H GFLOPs 1%} Small HRNet
) 60% ; Z 4 A B B K/ R 384 X 288 B, AR U ik LH-
HRNet-18 H Small HRNet™ (] AP & 15% ,GFLOPs
{24 Small HRNet 1 58% ., #zZ,5E /% M4 UDP™Y,
Hourglass™ , HRNet"""”, CPN"", SimpleBaseline™" #H I,
ASCHE Y LH-HRNet [’ 45 DL /) g 485 580 R F 0 384G 19
T 4 B2 ST A 24 28 O R 0 A DG B RS DK
5% B 9% M 4% ShuffleNetV2™"7, Small HRNet™’, Lite-
HRNet™", Ditee HRNet *!, MobileNetV2"" #f [, , 4% 3¢ #2
Y LH-HRNet M2 DU /N T8 5 % B 1 4 75 1) A 14
A RIS S AR AR T .

2)7E MPII B0iE4E i 45 5 bt

A 3C¥ LH-HRNet-18 1 LH-HRNet-30 7 MPII %
WEEUE A B i 25 R 5w AR RSB k4
PEAT LB AN 3 TR (3R 3 IS R R T AR A X
/NH 256 X 256), LH-HRNet-30 #2715 Dite-HRNet-30
BERIM L, % PCKh@O. 1 SEM BRI E T 0.9%, £
PCKh WEWM 8 4RIEE T 0.5%. LH-HRNet-18 8 &
Dite-HRNet-18 BEUAH [L , £ PCKh @O0. 1 ¥EM 553w T
0.8% ,7E PCKh PN 8453 T 0.4% . LH-HRNet-18
TSR MR ZeE, PCKh f1 PCKh@0. 1 25V 898 b5
F#EADET ShuffleNetV2™ , MobileNet V2™, Z<3C %) LH-
HRNet-18 % 5 Dite- HRNet-30 £ % [ iz 88 & 7 B KA
AR (HARSCAY B S 5 /0 H L PCKR@0. 1 {H I Dite-
HRNet-30 BT T 0. 2%, SR EH ML ShuffleNetV2'™ ,
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W47 % v F oM F @ R
£2 FAEEEE COCO val2017 HIEE FHER
i Willg WAKN  BE/M GFLOPs AP AP* AP  APY AP AR
o g 2
UDP™ Y 256 X192 28.7 7.1 75.2 92. 4 82.9 72.0 80.8  80.4
Hourglass™” N 256192 25.1 14.3 66.9 — — — — —
HRNet"" N 256X 192 28.5 7.1 73.4 89.5 80. 7 70. 2 80. 1 78.9
CPNM Y 256192 27.0 6.2 68. 6 — — — — —
SimpleBaseline ™" Y 256 X 192 34.0 8.9 70. 4 88. 6 78.3 67. 1 77.2  76.3
B G0 ) 2%
ShuffleNet V2~ N 256 X192 7.6 1.2 59. 9 85. 4 66. 3 56. 6 66.2  66.4
Small HRNet"™” N 256192 1.3 0.5 55.2 83.7 62.4 52.3 61.0 62. 1
MobileNetV2™" N 256192 9.6 1.4 64. 6 87.4 72.3 61.1 71.2 70.7
Lite- HRNet-18™" N 256 X 192 1.1 0.2 64. 8 86.7 73.0 62. 1 70.5  71.2
Lite- HRNet-30™" N 256 X192 1.8 0.3 67.2 88.0 75. 0 64.3 73.1 73.3
Dite-HRNet-18" N 256 X192 1.1 0.2 65. 9 87.3 74. 0 63.2 7.6 72.1
Dite-HRNet-30" N 256 X192 1.8 0.3 68. 3 88. 2 76. 2 65. 5 74.1 74.2
LH-HRNet-18(ours) N 256192 1.6 0.3 66.9 87.5 74.9 64.3 72.5  73.0
LH-HRNet-30(ours) N 256192 2.6 0.4 69. 2 88. 6 77.2 66.5 75.1 75. 2
ShuffleNet V2 N 384X 288 7.6 2.8 63.6 86.5 70. 5 59.5 70.7  69.7
Small HRNet™” N 384X 288 1.3 1.2 56. 0 83.8 63.0 52.4 62.6  62.6
MobileNet V2" N 384 X288 9.6 3.3 67.3 87.9 74.3 62. 8 74.7 72,9
Lite-HRNet-18"" N 384X 288 1.1 0.4 67. 6 87.8 75. 0 64. 5 73.7  73.7
Lite- HRNet-30™" N 384288 1.8 0.7 70. 4 88.7 77.7 67.5 76.3 76.2
Dite-HRNet-18" N 384288 1.1 0.4 69.0 88.0 76.0 65.5 75.5 75.0
Dite-HRNet-30 N 384X 288 1.8 0.7 71.5 88.9 78.2 68. 2 7.7 77.2
LH-HRNet-18(ours) N 384X 288 1.6 0.7 70. 3 88. 4 77.5 66. 8 76.8  75.8
LH-HRNet-30Cours) N 384X 288 2.6 1 72.8 89.3 79.5 69. 5 78.9  77.9
BN ZR=7F ImageNet 53 J4E 55 F I Zhd T M4 4540, 8 8UE b H 7 L.
*®3 AEAEZXEMPUHBELHER
H ZH/M GFLOPs PCKh/% PCKh@0.1/%
ShuffleNet V2™ 7.6 1.7 82.8 20. 5
Small HRNet"*" 1.3 0.7 80. 2 —
MobileNet V2" 9.6 1.9 85.4 23.5
EfficientPosel ™" 0.7 1.7 85.2 26.5
Lite- HRNet-18™" 1.1 0.2 86.1 29.5
Lite- HRNet-30™" 1.8 0.4 87.0 31.3
Dite- HRNet-18* 1.1 0.2 87.0 31.1
Dite- HRNet-30™* 1.8 0.4 87.6 31.7
LH-HRNet-18 (ours) 1.6 0.4 87. 4 31.9
LH-HRNet-30 (ours) 2.6 0.6 88. 1 32.6

Small

HRNet"",
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Lite- HRNet™?",

Dite-HRNet"",
MobileNet V2™, EfficientPosel™ #f H. , A~ SC 42 H Ay LH-
HRNet-30 P45 1) PCKh 1 PCKh @0. 1 {E43 5 7 88. 1%
1 32. 6% 23 3 I PERERRAF BOF 1

3) 7 il 5 3

KT — 2 5 UE A SCHR DR M AR A SOy B
COCO val2017 F1 MPII £#li 4 #E 17 IH Al 5255 . H A Proposed
(AR Dite- HRNet-18 V£ A3 T [ 2% , 5K A Jin o 38 36 15 5 38
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TR EE W] 43 B 5 BB H R A7 R AIE 3 B 3803 s Proposed (B) 2k R R DCC #4E . PEM FHL AN IDSC #EHe /e A R I
FIRAE Proposed (A)JER_F 5% 23 Tl 45 BV 4 B UEA T4 A1 PR TR rERE , ELIRI A = 3 o P B S 4, 1 IH A etk
PEH; Proposed(C) FE R A ST I AU MR 454, 2 4 5 5 958 BBk thRe# A — & iR T).

R4 EEAE COCO val017 HiEE FHK LS 16

g ZH/MB  GFLOPs  AP/% AP*/%  AP"/%  AP™/%  AP“/%  AR/%
Dite-HRNet-18 1.1 0.4 69.0 88.0 76.0 65.5 75.5 75.0
Proposed(A) 1.6 0.6 69.5 88. 6 76. 8 66. 0 76. 0 75.9
Proposed(B) 1.6 0.6 70. 5 88.7 76.7 66. 3 76. 8 76. 1
Proposed(C) 1.6 0.7 70. 3 88. 4 77.5 66. 8 76. 8 75.8
k5 HEiEEMPIHIES LA ERTR %
il Head Shoulder Elbow Wrist Hip Knee Ankle PCKh PCKh@0. 1
Dite-HRNet-18* 96. 2 94. 3 87.0 80. 7 87. 4 81.9 77.7 87.0 31. 1
Proposed(A) 96. 3 94. 8 87.1 80. 9 87.2 82.5 77.5 87.2 31.8
Proposed(B) 96. 2 94. 7 87.3 80. 9 87.7 82.1 78.1 87.3 31.8
Proposed(C) 96. 5 94. 7 87.2 81.3 87.3 82.5 78.0 87. 4 31.9
) TS BT ) B [0 6 B R A T — 0 (L2 T 8 B 1k v 9 45 A it
R TIE A 1 HE B AR K A S B 5 Dite- HRNet- R XoF 48 v A U0 K B TR A AR VR
18 SRk 4 B AR AT X H e M. B AR b f AR/ 5) Yl rad 72 5 v AL 43 By
FPS 5ok MPILEcHE 48 B Fr , 283 A5 B 0 5 7 A G (5] 9 R B Y e (R I 2 ok AR vh B 2 T I R A R R

RS N B D, CHCRE R PR AR W E 6 T, HoHp FHE, MR B e % B A R BART DL ke AR A A i 8
Proposed(A) ,Proposed(B) ., Proposed (C) F13 4 FJ& LAH &M B, 7 Warm-up Il 25 58 W& 8 3% 24 5 K, 45 8005 84
[f . MAZ 6 AT LI o A SCr 48 09 B30 vk X B 5 5] 7 A i WIS 4T

K6 REITEMEILER

il Pk P R A I B R]/ ms FPS GFLOPs ¥ /MB  PCKh/% PCKh@0.1/%
Dite-HRNet-18"" 7.5 133 0.2 1.1 87.0 31.1
Proposed(A) 8.0 124 0.3 1.6 87.2 31.8
Proposed(B) 8.0 124 0.4 1.6 87.3 31.8
Proposed(C) 8.1 122 0.4 1.6 87. 4 31.9
092
1.2x10° |
1.1x103 + 0.88 +
@ 1.0x10° | Fi i
= 0.84
9x10* +
0.80 |
8x10* +
7x10* F 0.76
1 1 1 1 1 1 1 1 1 1 1
0 40k 80k 120k 160k 0 40k 80k 120k 160k
(a) MR (b) A=

B9 A ALY i Sl SR

RS I 0 MR O B T BT B B DR AR A SRR TR Y ZE 2 ¥ 2> R LH-HRNet £ B AG I OR8]
FOBTRE R AE LG PR b R AR R N MR A5 R BE AT OC B 2 1] H A7 i85 2R Dite- HRNet A5 8RS I 5 5%, vl DL &
O 4 SRS R AT A . il 10O M) Firo . & B SO LH-HRNet A0 21 ) 55 5007 B8 7 5 6 .
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(a) HEATEE
B 10 ARS8 3 LH-HRNet F1 Dite- HRNet 1] #1425

TR pR B R A B 22 4 T A AR AE S B
AN T8 43 ) 1) R0 A SCHR T — il 38 RR AIF 1 58 1) 15 43 B
BN AG T W % R BURRIE AR B . H Tt k1 5 R R
TH {5 12 B SR AR B (1) 7 2801 D s T B R b 4 15 1 B BE A
P23 7 45 FR I B BB 3G 0 FR R A 0 B2 BT, TR AR S dR
H R 47 COCO2017 Fl MPIT AR L2 Al $ e 48 F %1
BUAR B A s T 252K, A5 SC 4R ) LH-HRNet-30 M 4% 11
Dite-HRNet-30 PIZ5F Eb 5 1 3 0 Pk RE 48 T FR 901 2 3 A
& /N 384X 288 [ 256 X 192 WK 4R = A W |,
Db 45 S 3 W AR SO AR B K B ) R BBURRAIE g O T 5
RIS g o0 R B R (9 B BCRE 7 BB iR, A, AR SR
LH-HRNet-18 sZ Bl T 4 i T Dite-HRNet-30 & % Y 1
A, H 2 S 805 Ik /T Dite- HRNet-30 Bk, KR TAE
AT R R I R P — 2D R B e Y = A B
P& 2 v, DT A 4850 0 B BB 2 R ATE
5% Lk
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