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[Abstract] Objective By introducing an attention enhancement mechanism and improving the post-processing
strategy, the Faster Region-based Convolutional Neural Network (Faster R-CNN) is enhanced. The resulting improved
Faster R-CNN method for wound detection (WD-IFRCNN) increases the accuracy and stability of wound detection.
Methods (D Algorithm construction: The 50-layer residual network (ResNet-50) is used as the backbone. In the fourth
residual stage (convolutional stage 4, Conv4_x) and fifth residual stage (convolutional stage 5, Conv5_x), the fuzzy mask
attention module (FMAM) and convolutional block attention module (CBAM) are embedded together to enhance the
model's ability to represent features in key areas and blurry regions of the wound surface. At the same time, soft non-
maximum suppression (Soft-NMS) replaces the traditional non-maximum suppression strategy to reduce missed
detections in overlapping target scenarios. (2 Algorithm validation: The experimental dataset consists of open-source
wound images and clinically collected images, totaling 740 original images. After data augmentation, the dataset expands
to 5920 images and is evaluated using ten-fold cross-validation. Model performance is assessed through internal
validation, external validation, hyperparameter tuning, and ablation experiments, using metrics such as precision, recall,
average precision, and F1 score. Results (D Internal validation showed that the model performs best when CBAM is
embedded in both the Conv4_x and Conv5_x stages of ResNet-50. When ResNet-50-CBAM is used as the backbone, the
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model's detection performance surpasses that of VGG16 and ResNet-50. (2) External validation showed that WD-

IFRCNN achieves an precision of 92.31%, recall of 93.95%, average precision of 92.33%, and F1 score of 0.93. The average
precision was 3.21%, 2.30%, 1.39%, 0.86%, 0.82%, 0.37%, and 0.63% higher than SSD, YOLOv4, YOLOv5, YOLOVS,
DETR, RT-DETR, and FR-CNN-FPN, respectively. 3 Ablation experiments showed that CBAM, FMAM, and Soft-NMS
each positively impact model performance, with the best results achieved when all are used together. Conclusion = WD-

IFRCNN effectively enhances the model's ability to represent features in key areas and blurry regions of the wound

surface, improves the accuracy and stability of wound detection, and demonstrates good adaptability to complex wound

scenarios. It can provide technical support for clinical wound assessment and auxiliary diagnosis.

[Key words] Wound detection
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Table 1 The impact of different CBAM embedding positions on the
model Faster R-CNN (ResNet-50)

Embedding position P/% R/% Fl-score
None 80.56 87.63 0.83
Conv4_x 84.72 91.35 0.87
Conv5_x 86.21 92.57 0.89
Conv4_x + Conv5_x 87.23 93.34 0.90

P: precision; R: recall. The F1 score is the harmonic mean of precision and

recall.
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*2 =FETFMLITFaster R-CNNAEE 2500

Table2 The impact of three main network structures on the model

Faster R-CNN

Backbone P/% RI% APy,  Detection
time/ms
VGG16 7915 8629 8134 340
ResNet-50 8056 8763 8563 352
ResNet-50-CBAM 8723 9334 9007 358

P: precision; R: recall; AP: average precision.

PEHLGE 115 3 T it — AP .
LEA A TTRAR, AR SR A £EResNet-50-CBAMAE Ny
FTML,
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TEAR R B AL i P 5 |, A SO WD-IFRCNN
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AW E Hn="74, FIEERMEIFR,
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Table 3 Performance comparison of different algorithms

Model P/% R/% AP/% Fl-score D.etection
time/ms
YOLOvV4 (CSPDarkNet53) 91.94 88.75 90.03 0.90 323
SSD (VGG16) 87.67 90.28 89.12 0.88 387
YOLOV5 (CSPDarkNet53) 92.15 89.87 90.94 0.91 287
DETR (ResNet-50) 91.20 93.80 91.51 0.92 495
YOLOvV8 (Modified Backbone) 92.49 91.12 91.47 0.92 293
RT-DETR (ResNet-50) 91.58 93.10 91.96 0.92 418
FR-CNN-FPN (ResNet-50) 91.61 93.13 91.70 0.92 405
WD-IFRCNN 92.31 93.95 92.33 0.93 295

P: precision; R: recall; AP: average precision. The F1 score is the harmonic

mean of precision and recall.
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Fig 1 P-R curves of different algorithms

P-R: precision-recall.
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Fig3 Trends in model performance indicators at different IoU
thresholds

IoU: intersection over union.
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Fig4 Trends in model performance indicators under different
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The F1-score is explained in the footnote to Table 1.
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Table4 Model performance indicators at different channel compression

ratios (r)
r P/% R/% Fl1-score Detection time/ms
8 92.32 92.1 0.92 354
16 92.31 93.95 0.93 295
32 91.27 94.52 0.92 282

P, R, Fl-score: abbreviations are given in the footnote to Table 1.
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Table 5 Model performance indicators for different channel dimension

reduction ratios (ry)

rf P/% R/% Fl-score Detection time/ms
8 92.61 93.52 0.93 363

16 92.31 93.95 0.93 295

32 91.80 93.10 0.92 284

P, R, Fl-score: abbreviations are given in the footnote to Table 1.

TE R LU R 1615, R AG DU B 5 TR 2 A U
TP

LRA A TR bR, A SC I A WUH T8 PR 4E L b 161
FMAMPJBRIN B B
24 HFELCIE

P4l WD-TFRCNN#5 4 U RG] A6 U4 B (1) 52 1],
AL T Z AR SR, 43 % iECBAM . FMAMA
Soft-NMS Ul e 20 A ff FH B 0K, B —Prii AR
HWE Hn="74, SLRAERUNKTR

% 6 WD-IFRCNNZEREAGE B THIIERETRIR

Table6 Performance Indicators of WD-IFRCNN with different

component configurations

No. CBAM FMAM Soft-NMS P/% R/% AP/% Fl-score

1 V X X 87.23 9334 90.07  0.90
2 X X v 8835 90.47 89.12  0.90
3 X v x 90.12 9240 9020  0.91
4 \ x v 90.23  92.34 90.87 0.92
5 3 y x 91.08 93.82 91.75 0.92
6 y R v 9231 9395 92.33 0.93

All abbreviations are given in the footnote to Table 3.
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