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Abstract

In the context of robot-assisted elderly showering, the presence of water mist can obscure the
view of critical body points, posing a challenge for accurate human keypoint detection. This study
proposes an end-to-end model that integrates human critical point detection with dehazing tech-
niques. The model aims to monitor critical points in elderly individuals during the showering pro-
cess, thereby preventing accidents. To assess the effectiveness of our approach, we curated a simu-
lated dataset with featuring fine water mist and compared various models. Experimental results
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demonstrate that our proposed model achieves a significantly improved mean Average Precision
(mAP) of 82.63% compared to other models on our curated dataset, marking increased by 23%.
Additionally, it effectively monitors the showering process of the elderly. This research holds prac-
tical implications and has the potential to enhance the quality of life for older adults.
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Figure 1. The intelligent omni-directional showering cabin
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Figure 2. Example of human keypoint detection
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Figure 3. The structure of DHNet
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Figure 4. The structure of AOD-Net
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Figure 5. The structure of HRNet
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Figure 6. The overall architecture of the proposed method
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Figure 7. Heatmap example for each keypoint
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Figure 8. Examples from dataset for pretrain
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FESE AR B, FRATVE & BTV 5 NAK 55 R I s i e . |2k, RAME COCO #¥isE[22]
(Common Objects in Context) % HF 3930 5k255°N “person” HICHE SEE N 17 FIEGIE NIIZGE, 172
TKREMEAE NIRIESE, SR a0 B EAT R AL B, BIA R KK S, DL & REdE S HMF 2 R
ML, NG, SEGEATHEGE, BUAREENKS, FE8EENZHEEMISE, §F3146
RS HMF, YIRS UE S 06 248 A AR R 7K 5 B9 BeoR, DARIEVPAN 25 A B — Btk % 1 B T
COCO a5 1 7 51| 5 A i 2 8] BRI G 2R

Table 1. Serial Number—Key Point Correspondence

#z 1. FH5 - PSR

s KER s KER s KER
1 nose 7 r-shoulder 13 r-hip
2 l-eye 8 l-elbow 14 I-knee
3 r-eye 9 r-elbow 15 r-knee
4 l-ear 10 l-wrist 16 l-ankle
5 r-ear 11 r-wrist 17 r-ankle
6 I-shoulder 12 l-hip

[, AT 343 AOD-Net FUTRIIZALE, M NYU2 BdifE21 )ikt 1 1449 sk =%, kst
27,256 5K 2k GBI %, JF H IS AOD-NET BEMHE AT > — (5 8, & T A HIM COCO
B kB B E T K BRI, R&E5] 35,460 7K EIEAE N AOD-Net ITRIIZEHE. K8 BoR T
L — LB GORG], BIFRAITRE COCO HHES WA EHIEIE, EMiTkA NYU2 HIE1E.

K2, COCO HHREER&FA] DHNet YIIghH AR SCHE s B 25 A, fEREEG SIS E . fadif
N SR bRIC . R X — B e PR I B R S 3 st kAT 3850, PR DHNet #7445 3145 2L
W25, BESEAE R 1M 2 RS R R AR AR 3 N SR S2 303, [RIA CR R0t 55 A3 P AN LA PR 58 R 3R Ak i A g
4.2. TN IERF

PRl R R FE T H by 2B 2 A ALLEE (Object Keypoint Similarity, OKS)# 22, HERiEX =) fr
Ne ATAERH AP YIS (AP) S B FIZRARWE AL TEAR, BAARGHE: AP50 (OKS HIE N 0.50 K}
ff] AP {f). AP75. AP (HX OKS HETE 0.50 & 0.95 X[A N LL 0.05 AB KM 10 M E L AP EFIFARF
V) HERE PR APM. KRJEZHFRT APL, DL AR (HU OKS BI{ATE 0.50 £ 0.95 [X[A] 4 LL 0.05
R K10 M B A AR [ERIEAR 5. B4h, mAP RIESZE AP fRbr L& IME.
Ziexp(—a’f/2s2k,.2 )5(vi > 0)

Zié'(vi > 0)
D H, d BRI S HE 5 5 L ShRE AT RR BGRB8 v A SR BE U ml AR IR s s om B AR
REESH kN SR U R 2, T IR AR ACL R oR P e ol e % o
4.3. LIRS HT

NEAGIH AR RE, AW FCIR I Z BRI HMF SdEE DIF R, seio st R a4
YOLOVS8-pose AR, HRNet FEAERA 2 ARSI 2 H ) DHNet #2284, HAKTF, YOLOvS-pose 15

TR n (BEH). m (PR, x FRE)=/NMTIA K, HRNet #71% ] HRNet-w32 28/, K2 JBR T
BRI [ A S 45 R .

OKS = 4
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Table 2. Comparisons among models on HMF dataset

%% 2. HMF #iR5E HiRE 2 B AL &R

8] AP AP 50 AP 75 APm APl AR AR50 AR 75 AR m AR-l Params
YOLOv8n-pose 57.3 844  63.1 444 728 624 866  67.1 48 792 32M
YOLOv8m-pose  69.9 89 78 593 831 745 911 813 926 88  259M

YOLOv8x-pose 76.2 91.2 83.1 65.9 88.9 79.7 92.8 85.9 69.4 923 68.2M
HRNet_w32 71.7 96.5 87.2 69.7 87.3 79.9 96.4 88 71.9 89.7  28.6M
DHNet 82.63 96.85 91.66 76.62  90.25 84.6 97.36 92,57 7857 9222 32.8M

S AE SRR B, DHNet BALZERR AR-1AMAUFTA TAR EIYBUS Bt tERe, I B M a . £
F IR N AR SR SRR S5, DHNet LL 82.6 AP AL 3 BLE M LAY, B 1 HIREEE N
P EASVERMIZ, YOLOvSx-pose B ZH &l HRNet-w32 B 4%, 1HH: AP 1H(76.2)151%{% T HRNet-
w32 (77.7). #M#2F, DHNet {17 YOLOvS8x-pose 48%H)Z ¥ & 152 82.63AP, # HRNet-w32 27}
4.93 4> AP HhL, S RIIL T AAE Y LR S kR S R FEE T THI (DU R A

4.4. JHRASEIGRS

RN T DHNet ARG G R0, AWFFHAET HMF BT R R kR sk, ik 3 pros, 5l
ANFETRAHUS B % 5 7775(AOD)JA, DHNet 1] AP (HEMFHE(E 67.14 B2E4RTHE 82.63, XTI
23%, HARVHHEIRR 2O, ZE R 7 5% F PO AT NS RS 55 1 2 24k

Table 3. Ablation study of DHNet’s components on HMF dataset
7 3. DHNet 4R 476 HMF #3885 _EROHBRRRZR

BR RFEBH AP AP 50 AP 75 AP.m AP AR AR50 AR 75 AR m AR-
HRNet - 67.14  91.65 7692 5977 7672 7005 9281 7866  61.93 79.9
DHNet AOD 8263 9685 91.66 7662 9025 846 9736 9257 7857  92.22

A DR TT TN SRS X R L BE RO R B o SRR ET: PR H] AOD T ZRALE I, AR
AP EAUGY 3.37; 1 AR HRNet Tl 280 al il AP H 65.62 BRTF 2 78.53, ZEXfH2THA 12.91.
1A SO T 2R SN I, DHN et 1 AP {ELIA $] 82.63, BTN ZRFEHESR T 17.01 (FHXF G 1E 25.9%) -
ZE R HTEAR: (1) HRNet Il ZRA i i 22 5147 R0 o 1A AURHIESRIEE 77 (2) AOD-Net %55
RPN 22 BB A TR S5 4037 5% T RSB m PRS2, (R I T AR 35 T B8 A Rk
Table 4. Effect of pre-training on the model
= 4. FNGXHRELE R0
Lt Tsbe AP AP 50 AP 7S AP.m APl AR AR S0 AR 75 AR_m AR-
- 65.62  90.83 73.23 60.11 7284 6832 9137 753 62.51 75.67
AOD 68.99  92.87 77.97 62.62 76.89 7146  93.76 79.14 6493  79.59
HR 78.53 94.8 88.45 72.13  86.61 8034 9544 89.21 73.9 88.56
AOD,HR 82.63 96.85 91.66 76.62 9025 84.6 97.36 92.57 7857  92.22

DHNet
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Figure 9. Effect of dehazing module
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Figure 10. Heatmap of each keypoint
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Figure 11. Human Keypoints detection in foggy environments
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TR 5 SRR R A S TR 1, LASEILIA L T B () S B

KB AR A, TR R A2 06 r R Pl B A . St SR, B 1 2
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R A5 FE RIS A 1T 5 FE B RERERIOR T, S EEETRELN S AT ER, S80I
FEREMRAR . 75 B — 25 (O TU SRR G 2 5 SV /E SR AR e F 18 e

A BRI TAER I E A BLE A7 Ho—, 3T DHNet 0% AE ARG TSI E A N IRIRA4
I K M T SRS FE 3.2 mm), 33 205 A A SR B A AR R 2 I 15 T B (F 1-score 0.93); 3,
RIE TV I3 ST R SE e e M, FUAE AR B/ PR R 1 D5 R mAP {4 78 4% Rafee vk Bt
=, BT S BB B 4 TR 1 0 R B B A MR B0, 5 A LS 42 1) S TN P A7 3 TR 5
L FF I R IRAIE T A% 7 V75 52 W T AL ER 5 A 3 M 35

AT T 5205 2 SR FL I . B2 4 DHNet B ) 55 Bk 5 47 7T s 525 42 0 248 A 7E H bk
) 2 A PRI o VR I R SRS S, %R ST LU (1 BB s M S, s
SRR B . XRES T A NIRRT T N RIS ST (e R A0 T . ARk
TP 6 A 5 L 5 A TR AR 1, DATF R Sh 4 50 B 110 1 3 S B MR, AT 18 9 e
FH P A . MR 0 1R IR P ROEAT, S P T B L B SO 49 TR
PO . XS N TS DR L B, B TR . bR (e
TP S (O3 R R G T B AR 4

6. R4

AW FCQIB AR 13T AOD-Net 15 70 25 9 268 il ) 25 AU A 558 A AR S8 s A UUAE ¢ DH NGt
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