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Combining multi-scale attention and hybrid pooling for
wrist trauma X-ray image detection

Lin Shujuan' Zhong Ming'en' Tan Jiawei’ Fan Kang® Lin Zhigiang'
(1. School of Mechanical and Automotive Engineering, Xiamen University of Technology, Xiamen 361024 ,China;

2. School of Aerospace Engineering, Xiamen University, Xiamen 361005, China)

Abstract: To address the challenge of assisting in the detection of multiple types of traumas, including fractures, soft
tissue swelling, and bone lesions in X-ray images, a target detection algorithm model based on deep convolutional
neural networks WristXNet is proposed. Firstly, a multi-scale attention feature aggregation module C2{_MSAF was
designed to enhance the model’s ability to understand features of multi-scale targets. Secondly, a hybrid pooling spatial
pyramid module HPSP was constructed to improve the extraction of correlated features among different target
categories. Subsequently, a dynamic upsampling module DySample was introduced to further enhance the capture of
fine-grained features. Finally, a lightweight detection head with a decoupled structure LDDHead was developed to
improve computational efficiency. Experimental results on the publicly available pediatric wrist trauma X-ray dataset
GRAZPEDWRI-DX, demonstrate that the proposed algorithm achieves the highest mean average precision (mAP) of
68.5% across seven common target categories in X-ray images, surpassing the current state-of-the-art algorithm by
1. 6%. Additionally, the model size is only 3. 3 M, and it achieves a processing efficiency of 156. 9 images per second,
demonstrating excellent overall performance.

Keywords: medical image processing; wrist bone X-ray images; multi-scale attention; hybrid pooling;fine-grained features

0 3 AT I PR L, 32 AR RE Ll N B Xt B & AT
B2 5y I 05 22 30 AN J2 DL BB AROK A BRAE R R 3 B
X HEREEFN A PEA T Z  EH A T2 E v 2Mis2, D2 2R b 8 It i W o 0l 4 52 % & ik
978 IS JILAE B2 2 K i RS LR S AR IR, AE 44960 R RS BT S AL AT R B2 W B A — R B

il

W H 99 :2025-01-20
* FEETE AR A RBF 4 (2023]011439) T B ¥ B

+ 180 -



HBIE . RS S REEZEASRAMALGFHAIG X LEEL N

16 1

e ROF R G 4 1 PR I P A 18

VTAESR IR BE 2% S B AR (PR i & i Oy 1% 2 A5 Ab $1L 4R
BET R BRI A T 2N F TR, R
KPP T —Fh a4 B M 2 W 2 (convolutional neural
network, CNN) Fl Transformer tf# 891K & 484, FH F 1
SEAE R A% T SE AR BB Y AD 5 E 12 W5 Shen %57 38 5
2.5 DAYRBM BT CT AR H I E H05 19 & BT Al
RO LiNE ) N 7 N I e 110 N2 I T o = o N v
JE AP S5 [ 80, BFF 9 380 A DR 1 T 0 WL 2R 4 SQ B ARR AT L O 4%
G2 REAT B 42 TH B A St 40 5 1) S | 78 il 4R 45 5 R
(A S AR AR 55 5 7 vh A T R R L 7R B R
Pl B 32 W7 7 1T, Dibo % 45 A& CNN H1 i) YOLOv? 5
Swin Transformer $& i T Deeploc 1& 5 &L, £ 7+ T B %
PHE AL AR SRS B 5 BT 5 IR IB I 26 T ResNet-152
HYIE RS 2 S BEARLTE DG  R X DL BMR iz W S T R
WFRCR s Jabbar 487 ¥ B9 RN-21CNN 16 T i 2448 /3 2% |
ST 97 % W UETR LT Inception V3, Vggl6.,ResNet-
50 Al Vggl9 % UL 13T B % 2 B8 ; Schilcher %" j :F
HiG BB BIE SR E ¥ I EAR R T AR IR B B i
BRG0P 5 Ju 2P SR A YOLOvVS Bk HF & T 4 B2
WP 5 Chien %5 5 o 1 2 AL 6 YOLOV8 #E47 181
BRI T YOLOVS-AM BERY, W 3 52 T4 1 8B 13 14 4 00 A
J¥ s Ahmed 25 3£ F YOLOv10 5% B9 XUBR 25 40 B R 48
T LA e BE R R A AL L R BT B iy A R T R
FUREHERE . SR, BT XOLERME T & 5 B 2 M XA
R, ELF A3 TR 5 TR A 2 L 4 D 8 R AT 32 0 o7 0 2 [
MAETE T (45 B 7k AE X o6 R RR AR 42 B A 21
EAZBNBR ., an T B A AL B AR SR BCRT RS X OEER
A 1) AL 88 7 AE 2 4 T B0 12 T A4 A G B 1) — T R R
Az,

e AR SC UL T M B A% 0B X OO0 BR B 5T
S E G2 ROEFESR B, B AR FRE Ml & S Ak B 5 S Al
P& 3 A T HEAT Ok B — A B N AR S Y 7 2K
BIHBR(5 28 MR G 45 + 57 9+ SCAD 19 @ 3 ke 5 ik
WristXNet,

Horp 78 2 RBEFFESR IO T, B3t T 2 RO & 1 %
TETR A P2 B C2f_MSAF, fifi 15 85 51 BE 0 07 47 119 4 32 AN
(] R R AT 22 [R] B 4 O 3R, 1 i T X 22 RUBE B A 19 7
R J e AN G2 AR 7 48 T B R ks A B bR AR AE BlS T, B
T T IR A b 25 7] 4 - 35 W 26 45 B Chybrid pooling spatial
pyramid. HPSP) . FH A 3 58 450 8365 AN [] 2531 H AR 5 B Ak
A% R R R 5 B 7 5 7 AR B8 AR S A 7 T I A B A SR
iR (dynamic sampling module, DySample) , i i< 4 4H 1
SR AL R TH X 2 R R R AR 0 B AR AERE T . LS
3 T 5% B #EAS I Sk (lightweight decoupled detection
head, LDDHead) 3k f& & #8171 5 0% . I Jm 78 )L T
i X 6 EMR A TFEEE S GRAZPEDWRI-DX |- 5250 50 4iF 1

JIT 4R 55 1 1 RE
1 BiRigit
1.1 BEEHIRT

WristXNet (8 (KL 0 0 & 1 775, by 32 3OS ik 4 AiF
i) Backbone . fil & A [8] RUEEFFAE 19 Neck LA B Ji T 46 i AF:
ZHEH A Head 3 #8304, 1€ Backbone #4351 AT C2f_
MSAF H5 e ok 3 5 AR B X6 22 ROBE 5 E 1Y) 25 ik 710 412 R A
EFXT X G EMR PR R W RS BN T s B R, Bt T
TR At Ak 25 8] 4 F S B e HPSP., & 78 48 TH B B X K /] 288
S B AR CERARE A BE T . g Bk — 2D A0 AL AR AE 4 HR RN AR
HIPERE  7E Neck #8235 A gl LRI DySample, i i
HE 20 VR B SR Ao B RRRAE T 25, 1 58 A5 TR0 KT 240 Ay B2 R AE B9
., BEHET LDDHead kil 3k ok 4 i A8 19 1H 552
R, EM LT, IS © R R X 4% 2 9 G REAE 1) P 42 il
G AR ERLA R CBS DL IE R & B C2f iy i1t Rk
Bk B FSCER(14] LR R
1.2 ZREFENHERGER

ZREEE SRR R A B C2{_MSAF 93531 & i
KT YOLOvS iy Cof #ise, BARZE g 2 fros. 1%
gt C2f BEHLH 5138 1o 1 Al 65 BN S A BRI (813 AT FRAE 7%
e PR AR5 2453 3 AR5 R Bottleneck J2 E— 25
PRBURFIEAR B, 5 T8 A IS 19 FR AE 5 TR 4G fr A 45 4F
AT PREFN R 4, T 52 B85 B B 15 B Al & . T AE C21f_
MSAF #iHe v 6 Bottleneck E R # A £ RIET & Iph&
JZ Bottleneck_MSAF , 3% — B e ZE fii £ B CBS % 42 h T
& 4% (depthwise convolution, DWConv) , DWConv i i
I3 it R AE R D8 D TH I S A R S B L 5 A 2 R
fIF B4 (multi-scale attention fusion, MSAF) A8 5 Sk i o 45
TN 4075 15 8 R0 22 RUBE 7 SCA i 3K A

FARI 7 - MSAF 3 i3 25 (6] 3 18 1 55 1 AL Cspatial-
channel attention, SCA) X §if AREAEFEA1TRlG , {# £5 45 A G
% 38 o b R R I B AL, I T R T HUARAE DA 2 5 A
BRI SR B8 0 A IS B2 . 5 e [R) I 0 — 2B i 22 RO
FEAE HE BUAR B (multi-scale feature extraction, MFE) 3 M
ANTR)ROBE B8 B R AR AE . i il MEE Al SCA. 52 BT
i AR 1 22 NOBE SR RD R B AL

Fou = Fsea + Fupe (D

SCA Iy R RSB BRIF

1SR T FL3E 1 SF- 349 3 4k ( Adaptive AvgPool) 5 15 X 4
ANFHE F € R™ Y A7 b B, S 30 1 B AR 90 JBE 119 40 5
SEh @ € RPN y € RO,

x = AdaptiveAvgPool (F) (2)

v = AdaptiveAvgPool (F) (3)

2) 4 HIX A B R WREE = Ry SEATRRAE AR 52 IR TR
B AR FRAE B RN RPN A A TR R I g
Flk, v U2 XF 5 40 0 A KRR AE B FOBEAT FRAE % 52 15 5

+ 181 »



320><320><64 1 160><160><128

) 20x20x1024

1 80780256 | 40x40x512 [
)

640x640x3
C

5548 % woF oo # H R

| -
: Backbone: $FfEHRE :
I I
[ I
[ I
[ I
[ > > > I
[ I
[ I
[ I
! I
! I
! I
! I
I

l I

BS H CBS ICZf MSAF]—D[ CBS ICZf MSAFH CBS ICZf MSAFH CBS ICZf MSAFI HPSP ]—

Neck:
eck: MRS 80x80x768

40><40><]024

80x80%512 40x40x512 40%40%1536
\J L_I_J

|
|
|
|
|
|
|
: 40x40x768
|

| | Head: 3=
80x80%256

40x40x512 20%20%512 20%20x1536
CBS >A
] B (&)

LDDHead

-
o

|
20%20x1024 |
LDDHead :

Bl 1 WristXNet ¥ {4 %5 14

Fig. 1

The overall structure of the WristXNet
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The structure of the C2f_ MSAF
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Fig. 6 Visual comparison of detection results
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Table 3 Comparison of the performance of different algorithms

. AP/ %
5k oL ps st = B PR . mAP/% GFLOPs N,/M FPS F./%
YOLOv5n 5.2 65.6 33.5 94.1 94.7 64.1 99.1  65.2 7.1 2.5 305.3  61.3
YOLOv8n™" 8.1 68.1 33.2 94.4 94.7 66.6 99.1  65.3 8.1 3.0 303.9  64.8
YOLOv8 SA™ 8.1 69.3 35.8 93.0 94.5 66.2 99.0  66.6 8.1 3.0 270.7  63.4
YOLOv8_ECA™ 9.2 69.1 35.1 94.5 93.8 66.3 99.0  66.7 8.1 3.0 299.2  63.6
YOLOv8_GAM™ 5.3 68.6 35.6 94.7 94.4 66.6 99.1  66.3 9.5 3.7 168.3  62.5
YOLOv8 ResCBAM'™? 9.4 66.3 31.6 94.5 94.3 65.5 99.2  65.8 10. 4 4.2 231.8  63.1
YOLOv8_GC™ 12.2 68.2 33.8 94.6 93.5 66.7 99.0  66.9 8.1 3.0 238.2  64.7
YOLOv10n™" 6.8 61.7 33.0 94.7 92.0 63.0 98.8  64.3 8.2 2.7 215.9  62.9
YOLOv11n™" 1.5 65.8 33.3 94.7 94.7 66.5 99.0  65.1 6.3 2.6 258.3  62.3
DETR™ 9.5 27.4 7.5 82.9 85.6 37.3 90.1  48.6 20. 4 41.5 47.8 57.5
RT-DETR™" 4.9 65.1 19.1 90.7 91.0 60.4 97.4  61.2 14.7 8.1 77.6 64. 2
DAB-DETR™" 0.6 25.1 11.5 86.3 93.3 39.0 83.5 47.0 24.3 43.7 37.7 54. 6
DINO™ 8.1 51.2 20.5 91.4 89.2 64.6 97.8  60.4 67.7 47.7 18. 4 63.4
WristXNet(Ours) 12.9 74.0 37.5 94.4 94.7 66.7 99.1  68.5 8.7 3.3 156.9  67.0
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