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Abstract: With the incidence of breast cancer continually rising, the accuracy of early tumor screening remains a critical issue in clinical di-

agnosis. To resolve the trade—off between detection accuracy and computational efficiency in existing methods, this paper proposes a light-

weight detection algorithm based on an improved YOLOv10, named ZLP-YOLO. In this approach, we replace the conventional convolutional

modules with SPDConv to significantly reduce computational complexity, introduce the DySample upsampling strategy to further enhance fea-

ture representation, and finally employ the CoordAtt attention mechanism to achieve efficient information fusion while capturing key features.

Experimental results demonstrate that the proposed algorithm reduces the total model parameters from 2.7 million to 2.5 million and slashes the

computational cost from 8.4 GFLOPs to 0.9 GFLOPs, while improving detection accuracy on the public BUSI and BUS-=UCLM breast ultra-
sound tumor datasets by 6.1% and 6.7% in mAP@.50, and by 1.8% and 1.4% in mAP@.50-95, respectively.
Key Words: breast tumor; deep learning; object detection; lightweight algorithm; YOLOv10
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Fig.1 Overall network structure of LTP-YOLO algorithm
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Fig. 2 Illustration of SPDConv when scale = 2
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Fig. 4 Sampling point generator in DySample
El 4 Dysample F7 BSR4 s A X 25

DA AR A [R] I 14 58 R AR AR BE ) o
2.3 CoorAttiEE NHLH

CoorAtt (CoordAttention ) {2 — Fh 7E 1 5 AL AW i 4 I
32T R RO TE R AL, BA AR A o 4 18] 5 R Y Ak
J1, HEEA A 5 Fros o SRS R E PRI AR LE , Coor-
dAttention 7 5543 B2 A UR A % 185 A I RHIESS B
I SRR G SR A 0L A5 S, DA BN v Ml A P2 s ]
MRS AR C AR

CoordAttention ¥ i i ¥ 2 7143 A “X Avg Pool” 1Y
Avg Pool” , 13 RIVKERFAIE € % 45 Ay 7 K ~F- D 1) A1 17 1] 2

TP B £ J7 T4 5B 2 5 B R T T A
RN IR AR R T 5 A T R
BEEIE. BREREOS T A T BT RO IR A8

SR
B CHL DAL W) R B -5 5 7 %
AR AT . 7577 B el KTy o 5
P 0 B ¢ AL 11 2 (h) AT J0 (2) B
i) =5, Gow) (2)

[Fi] B, 6 2 L7 1] 085 52k b W) 5 o 3 AL 1) B o PT 2
A3 PR



5% 7 W SRACEE A IR UG« T RGN ftp e ek AL e A 0 5 3 <173 -

Residual ndaldly
- A

CxHx1 | X Avg Pool ’ | Y Avg Pool ‘ Cx1xW
| Concat + Conv2d ‘ Clrx 1 x (W+H)
| BatchNorm + Non-linear | Clrx 1 x (W+H)

l spilt l
CxHx1 Convad } | Convad ‘ Cx1xW
CxHx1 | Sigmoid ‘ | Sigmoid ‘ Cx1xW
Re-weight l< ‘
CxHxW
Output
v

Fig.5 CoordAttention architecture
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Table 1 Comparative study of different convolutional models (based

on the BUSI dataset)
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1% [.5:95] /%
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Table 2 Comparative experiments of attention mechanisms (based on
the BUSI dataset)
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EMA 72.0 46.1 2.70 8.4 285
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Table 3 Comparative experiments(based on the BUSI dataset)
®3 MHEERE (ETBUSIHIES)

mAP@.5 mAP@

Parameter

ik GFLOPs FPS

1% [.5:95]/%  (10%)
YOLOv8n"?" 77.9 48.3 3.01 82 212
YOLOv10"®! 72.4 45.9 2.70 84 333
Faster—RCNN 79.9 455 41.75 175 43
RetinaNet *’ 85.5 47.9 56.96 259 5.7
YOLOvSs+BiFPN+CBAM  76.9 46.9 7.4 16.6 238
YOLOvSs+ASFF+CBAM  76.6 485 1271 2449 245
YOLOv10n it 78.5 47.8 254 09 357
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Table 4 Module ablation experiment (based on the BUSI dataset)
F4 EHREBNI (BT BUSIEIESE)

mAP

mAP@.5 Parameter
SPDConv DySample CoordAtt [.5:.95] GFLOPs FPS
1% (10%)
1%
— — — 724 459 2.70 8.4 333
v - - 76.8  44.1 2.77 1.0 416
— N — 702 462 2.70 8.2 357
- - J 733 484 2.45 8.0 303
N - J 754 457 2.53 09 400
- N J 723 476 2.46 8.0 294
J N J 785 478 2.54 0.9 357
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Fig.7 Heatmaps of different attention mechanisms (based on the BUSI dataset)
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