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Lightweight infant pose estimation in home scenarios

WAN Jinliang', XIONG Qiliang', LIU Yuan®, MO Jieyi', CHEN Ying'
1. School of Instrument Science and Optoelectronic Engineering, Nanchang Hangkong University, Nanchang 330063, China; 2. Department
of Rehabilitation, Children's Hospital of Chongqing Medical University, Chongqing 400044, China

Abstract: How to effectively reduce the size of infant pose estimation network models is a key issue restricting the "home-
use" of infant pose estimation technology. Therefore, a lightweight method for infant pose estimation in home scenarios is
proposed. The method takes the lightweight network MobileNetV3 as the encoding backbone and utilizesa PixelShuffle up-
sampling module in the decoder for reducing the quantity of model parameters. Meanwhile, coordinate attention mechanism
is used to better capture location information and channel feature information, highlighting the feature information of small
targets and occluded human keypoints. Besides, the parallel cross-correlation convolution is further modified to enhance the
capability of feature information extraction. The method's performance is verified on the general pose estimation dataset
(COCO) and the dedicated infant pose estimation dataset (SyRIP). The results show that, with a calculation volume
(GFLOPs) of only 0.96, the method achieves average accuracies of 73.5% and 91.0% on COCO and SyRIP datasets,
respectively, proving that it can significantly reduce the quantity of model parameters and calculation volume without
sacrificing pose estimation accuracy. The proposed lightweight estimation model is expected to be deployed on home
appliances such as smart terminals, thereby realizing intelligent estimation of abnormal infant poses in home scenarios.
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Figure 1 Overall structure of MobileNetV3 network

2.1 EREEELR

R T BEARASE TR A S BOR B AR SO TR
Ao B AR R EHE D, B — A A R FRIR
Al 4y B % B (DS-PixelShuffle, DSP) DL % ##
MobileNetV3 T M2 1y g E5M . B AL
FUZ 20 MobileNetV 3 i £ B A4 TR B 1T 43 55 454 .
Bt 5 , >R H PixelShuffle £ A Sk B4 A& FLUZ A9 18
TEH, A B 3G IR AE B B KN 5GBSR (E 2a)
FIVR B ] 43 B B B R ( R 2b) M EL L 25 46 R BEIR

JEE AT 43 85 45 B 2d) BB 2 A 7 HHin A 9]
G DT T B B B 5 LA B KR S ORI
TR, 5% E RS (E 20 M, E U2
B UR B 0T 43 B A AR IO, E — 20 el 2 3 B B R Y
FIH .
22 FENER

FETH ML GE BB 1 7 R e R
X IR T 2 R A 2 1 7 AL . MobileNetV3
B P 3 A T AL G A S v A5 AL
T ZAAE 2 (R AR AE A BOC &R BT E



- 75 -

Input p Input p Input p Input p
CWH CWH CWH CWH
1x1-Conv&Bn 1x1-Conv&Bn
| Depth TransConv&Bn Y Depth Conv&Bn
| 1x1-Conv&Bn Convé&Bn 1%1-Conv&Bn
TransConv&Bn | PixelShufl
| ixelShuffle ;
Attention F | AtientionF_|
Element-add
Element-add PixelShuffle
A, A
Output Q Output Q Output Q Output Q
CW*H* CW*H* 12CW*H* 1/2CW*H*
a:FHEER b RERADBEHEER cEEEREET GBEERERETIBER

2 AR ERHERE N REE

Figure 2 Structures of different up—sampling models
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Figure 4 Infant pose estimation network based on MobileNetV3 and parallel multi—scale feature fusion module
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Table 1 Comparative results on COCO validation set

WikeS Params/M  GFLOPs  AP/% AP5/%  AP75/%  AR/%  ARS5/%  AR.75/%
Simple Baseline!*! 32.42 20.23 75.0 90.8 82.1 80.0 94.2 86.5
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Table 2 Comparative results on SyRIP validation set

J7: Params/M  GFLOPs  AP/% AP5/%  AP75/%  AR/%  ARS5/%  AR.75/%
Simple Baseline'$! 32.42 20.23 90.1 98.5 98.5 91.6 99.0 98.0
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Shuffv2[27] 7.55 3.08 84.2 100.0 923 88.8 100.0 94.0
mobileNetV2'35) 9.57 3.57 86.8 100.0 95.7 88.5 100.0 96.0
Lite-HRNet18!!¢) 1.13 0.60 88.1 100.0 96.6 89.3 100.0 97.0
Lite-HRNet3016’ 1.76 0.95 89.5 100.0 97.3 91.2 100.0 98.0
ARIT 2.57 0.96 91.0 98.3 98.3 92.9 99.0 99.0
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Table 3 Performance comparison among different up—sampling modules on COCO and SyRIP datasets

EYEITES Ik Params/M  GFLOPs  AP/%  AP5/% AP75/%  AR/%  AR.5/%  AR.75/%
AT 3.74 3.90 67.2 89.4 73.9 70.5 90.3 76.4
TRIE T 53 s i B AR 1 2.88 1.03 68.6 90.4 76.0 71.8 91.3 78.3
coco B LR 3.11 0.57 68.6 90.4 75.3 71.8 91.2 78.0
DSP 3.04 0.52 68.6 90.4 76.1 71.8 91.4 78.3
e A 3.74 3.90 85.7 92.6 92.5 88.0 99.0 95.0
RN 53 B3 B A 2.88 1.03 86.5 97.3 92.2 89.0 98.0 95.0
SR A LREEGTR 3.11 0.57 88.5 98.8 95.5 89.9 99.0 96.0
DSP 3.04 0.52 88.5 98.5 95.9 90.6 99.0 97.0
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Table 4 Comparative experiments of attention modules
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Table 5 Comparative experiments of parallel network structures with different branches on COCO dataset

ANIF) 5332 Params/M GFLOPs AP/% AP5/%  AP75/%  AR/%  AR.S5/%  AR.75/%
1.2.3 1.83 0.71 69.5 90.5 76.4 72.4 91.3 78.6
4.5.6 1.86 0.71 69.7 90.5 76.3 72.7 91.5 78.6
7.8.9 2.14 0.77 70.0 90.5 77.2 72.8 91.4 79.1
1~9 221 0.95 70.4 90.5 77.2 72.1 91.5 79.3
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Figure 5 Diagram of ablation study
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Table 6 Results of ablation study on COCO database
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G oy S 2k

x x 3.04 0.52 68.6 90.4 76.1 71.8 91.4 78.3

\ x 3.92 0.95 71.7 90.6 78.5 74.5 91.8 80.7

N 2.57 0.96 73.5 91.6 80.4 76.3 93.0 82.1
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Figure 6 Bone key points detected by the proposed method on SyRIP dataset
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