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Abstract ; Cardiopulmonary resuscitation (CPR) is critical for improving the survival rate of patients with cardiac arrest. Traditional CPR
training and assessment mainly rely on manual observation, which suffers from strong subjectivity and a lack of quantitative metrics.
Moreover, existing methods show insufficient accuracy in handling the severe limb occlusions and fine-grained motion capture that are
characteristic of CPR. To address these challenges, this paper proposes a CPR pose estimation algorithm based on an improved
YOLOv13n-Pose model. The proposed method is validated on a self-constructed CPR pose estimation dataset covering multiple subjects
and scenarios. First, to tackle the severe self-occlusion formed by the rescuer’ s arms and torso, a Bi-Level routing attention ( BRA)
mechanism is introduced, which enhances the network’ s global feature extraction capability in complex scenes through dynamic sparse
perception. Second, a hybrid enhanced upsample ( HEUpsample) module is designed to replace the neck upsampling structure. By
incorporating spatial offset and channel shuffle strategies, the module reduces detail loss during feature map upsampling and improves
keypoint localization accuracy. Experimental results demonstrate that the improved model achieves mAP scores of 95. 8% and 88. 5% for
CPR action recognition and pose estimation on the CPR dataset, representing improvements of 2. 3% and 3. 6% over the baseline model ,
respectively. Compared with mainstream methods, the proposed approach maintains a high inference speed while reducing computational
cost, and it also demonstrates strong generalization ability on the public OCHuman dataset.
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Fig.4 Sample data of CPR pose estimation dataset
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Fig.5 Visualization comparison of CPR pose estimation

4.3 OCHuman SEIRZE R

ARICAEATFEAESE OCHuman ™ | 5 AL A
EEATXT HSEES . OCHuman BUEE LTI NE G ET
IR LA THE 55 B bR TR B 48, S 5 081 5K 1A
B ARSCFREE 8« 2 9 He IR HLRI 23 Bl 4. | 524645 51
N 3 iR, SR KRR HIA SCHR H 933478 OCHuman
BRI ZRL T HARS N BB riz AR D) .

% 3 OCHuman HIEEXTLL LR
Table 3 Comparative experimental results

on OCHuman dataset

it/

Al Recall/% mAP(P)/% Params/(x10°) GFLOPs fos
AL 61.4 56. 4 2.5 7.3 180.1
YOLOvI3n  59.8 55.0 2.7 7.3 177.0
YOLOvI2n  61.4 55.9 2.8 6.9 169.4
YOLOvlin  60.4 56.0 2.9 7.4 187.6
YOLOvIOn — 62.2 55.7 2.9 8.9 193.4
HighterHRNet ~ 30. 7 54.1 28.6 74.8  58.2
DEKR 62.9 38.4 29. 6 45.4  40.4
RTMPose  64.0 53.6 3.3 0.4 130.0

R S SR ] PG A 6 B B A e B 7 A 7
R, 25 R an &l 6 s, 1l LA JE LR YOLOvI3n AH:AD
SRR RS D0 T A AR S S A T AR SCHE 1
B R AE B RSN B KRS BEA = B E B, 7T LR A
SCHE I O AR R EAT B A i T
4.4 HBhICIE

SR EA SCIE T RUZ i B B ML (BRA) 5

4158 F R FERLE (HEUpsample ) % 80 v P BE 14 32 T
AR e PSR PR SR B, AR [ B R (R A BT R 64T T
AT RS, A5 R W R 4 roR, HE, LK AT
YOLOv13n JEAERSRIAGILAE 5] A BRA AL 31 ¥
KURIZ) A2C2f 454y, LIRS R ik A 83
BB ER 2 mAP (P) M 84. 9% 32T+ & 87.2% , 7]
BT A BUNMER R A T, (BRI EENE, BET
BRA #Li ) 2y 25 5 i % P 5K W%, I 2% e % [ 3 N i U
CPR ¥ A TUATES S ARRAE X AR RIS B0 N 2. 7
10° FEAIK = 2.4 x 10°, 71 5 & M 7.3 GFLOPs & &
6.6 GFLOPs, #fE Bl 3 FF B & M\ 177.0 fps W E R T+ 2



-8 - LSRR R e o

540 %

K6 OCHuman RJfRALXT F

Fig. 6 Visualization comparison of OCHuman
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LA PERE, AT MRS mAP (B) 353 95. 8% , Al
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Table 4 Results of ablation test
BRA HEUpsample  Recall(B)/% mAP(B)/% Recall(P)/% mAP(P)/% Params/ ( x10°) GFLOPs 3%/ fps

Baseline 87.9 93.5 81.5 84.9 2.7 7.3 177.0
A vV 93.0 95.0 86. 4 87.2 2.4 6.6 190. 2

B vV 89.2 95.2 82.5 87.8 2.8 8.0 164.6
3L vV vV 90.5 95.8 84.8 88.5 2.5 7.3 180. 1

RT L WUEASCE R BRI SEEREIR R 5 PR,

il (BRA) SR A 1458 R AR H ( HEUpsample ) 780 i
SRR E 5 T B RO A S8 1 R ) X L S
TEDRRE YOLOv13n FEAili 44H0 R A2 B FT 42 T, 4308 A 3¢
& Y AR 5 Y T U Y () R O B T AT R X
BRGS0 A e

TEE R IAILE Ty T BEXT 3 T 2% A RRAE S UL AL
SCE K BRA #EER 5 3 B9 CBAM ( convolutional block
attention module ) PUHEAT T X M, SE I B s £ W ,
YOLOv13n 5| A CBAM J7 , B SRMUREETF 2= 1971 fps, H
LM mAP (P) i % 85. 2% (BB H0R AT s,
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XL T ASCHE B9 HEUpsample 5% H A9 CARAFE ( content-

aware ReAssembly of FEatures) B0 CARAFE B 1
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R o i 4 T 2 () i A% SR, 7E S 80 X
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Table 5 Comparative evaluation of different modules

A mAP(B)/% mAP(P)/% Params/ ( x10°) GFLOPs Wi/ fps
Baseline YOLOvI3n 93.5 84.9 2.7 7.3 177.0
- YOLOv13n + CBAM 94.8 85.2 2.8 7.3 197. 1
RS N
YOLOv13n + BRA 95.0 87.2 2.4 6.6 190. 2
™ YOLOvI3n + CARAFE 95. 1 86.9 2.9 7.5 166. 8
* YOLOv13n + HEUpsample 95.2 87.8 2.8 8.0 164. 6
4.5 IiREEBEFITHES R Lk sh VAL
TR SCE A 2.5 x 10° 1B AL S Kok BEXH

7.3 GFLOPs Wit it iz Bk st 2 R fEm AN & 1
B SZIHBATESR . 7ESZBR CPR %437 5t T LB %R
RIFRE TR shim App k75 b W s, BL A R SR 20 H
ARk R AT SE IR A O . R GRS B ) g
SUARARTF R S T A A, — B TN B AR B /N T 90°
SRS H, RIAT 8 A 1 SEI 2 0 DT DA AR AR
B 5 AR SRR BN R4S

5 % it

BEXTC i A 9575 R o B VR S ks B 5 I I
FIRRCEE BR AR, A SCHE T —FP gL T ek iF YOLOvVI3n-
Pose [ 25 A0 11503k, i 4 W02 % i i & AL
il (BRA) BRI R v IR T CPR #4451 % H B Y B 1A
HEPIERL; LA TR G 3 9 R FEAH (HEUpsample ) |
UG T O SN GRE MR E T, SRR,
PR H ## CPR $dE4E B OCHuman $¥54E ¥ HUS
THEF YOLOv13n, HigherHRNet % 3= Vi A5 AU (1) 25 45 1k
fi, AN 88. 5% LMK FE W Rl 43 i F 2. 5% 10°
SRy IR B GA 180. 1 fps, ABFFEALIIE T 54
AR RN T AR RS B L Sl St iR R A
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