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Pressure ulcer grade recognition based on bilinear attention pyramid network
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[ Abstract] In actual clinical application scenarios, there are many grades of pressure ulcer wounds and the gap between images is
small. Aiming at the difficulty of using image recognition technology to classify pressure ulcer images, a pressure ulcer grade
recognition network BAP - CNN based on bilinear attention pyramid is proposed. The network is based on the fine — grained
classification network APCNN. The fine-grained means that the small gap between classes meets the requirements of pressure ulcer
grade classification. The bottleneck spatial attention module is introduced, and the bilinear attention pooling method is used to
improve the model. Therefore, overall performance and recognition accuracy of the model is improved. The experimental results
show that on the fine—grained visual classification dataset and the self—built pressure ulcer wound image SCU-PU dataset, compared
with the basic network APCNN and the classic fine—grained networks NTS and WSDAN, the recognition of the improved network
BAP-CNN is better. The rate of improvement has been improved, which proves the effectiveness of the improved method and the
good generalization ability under different datasets.
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Tab. 2 Comparison of different models on the FGVC dataset
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Tab. 3 Results of ablation experiments on the FGVC dataset

Accuracy/ %

Models
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Tab. 4 Comparison of different models on the SCU-PU dataset

Models Baseline Accuracy/ %
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Tab. 5 Comparison of the recognition rates of pressure ulcers at

different levels on the SCU-PU dataset
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AR5 A R AT EE SR B 25 R W] LA R X T
AR EEI R G AR A TR B TR R [A] . A
1 I3 IV I I S5 RS U HERR SR AR IR BRAIR
Horp, TS5 3 T 0 FR 9 S5 2000 23 22 S A G
BT IS IV Fots SR 9RO A 22 30K K
2T 35%k A,

FEHE 53 S MR A5 Jey 0 A U YR ) 7 T R B 04 7
R4 0030, bR S BN 4 BT DA, S [ AR B A S
BRLH B IR 2 X e 7= A AN [ RS2, 34, 5 S B
()G R L8 285 SR ARG I 8 e AR ) e £ 1 L)
TR LH U IR A R B 7 T 1] A SRR 9 R AR 25 5
PR/, BT LT3 T R A 1 [l

4 ZERIE

R T B UM R A 90 R s R, A 3
T BT R M R R ) A IR A I o SR
P, 58, ARG R & I M4 A
BURFIE VR 2 00 815 4R e, AR 0 2 TR A i
Rol 515 X 4 3 I 2 ReAE dEAT 404k B )5, 5T A
XUV 7 7 M A WA R 7 ) PR A R
BAG RN XER A ) h  A ZeME 282 A5 2 4
B B R 2% BAP-CNN 75 4IDk7 55 005 23 28 8
JEEE CUB-200-2001 F1 FGVC - Aircraft |- M B
-, M LA 90 2 R 22 L 41D JBE 23 2K B T = Y
WERG R IGTE T W4 et i &k, JF B A &




EERNE |

WRELFE | 2. ST XM R 5 B8 I 245 B s A ) 203

3 GBI AE SCU-PU AR 3] T 71.1% 115 5
HEWR , R W] BAP-CNN 7615 54T 55 L HA K
Iz ARETT .

(R AE ey BB 46 LA A A, SR
PN [ S 2 1) s RS e A7 A 25 57, 500 AR A 2
TEANKEA RAFEEY W, B TFBIEEAE
AN XS FE s S G 2 — s S, it LAAR SC
W2 FE N TR A B R I, (H R 7 O 4
H R R Bt R A ARG, o G ] 2 TS ) 45 4 0 s
JERIRBIR  FE R —4 TAER T IR SRR

Sk

[1] ZUO Xiaolin, MENG Fanjie. A care bundle for pressure ulcer
treatment in intensive care units [ J ]. International Journal of
Nursing Sciences, 2015, 2(4) . 340-347.

(2] #8075, At 36 [ [ R g % 1122 B2 2016 4F g A s
BE AR (1] PSS B ERE (B TM),
2018, 13(01) ; 64-68.

[3] KOTTNER J, CUDDIGAN J, CARVILLE K, et al. Prevention
and treatment of pressure ulcers/injuries; The protocol for the
second update of the international Clinical Practice Guideline 2019
[J]. Journal of Tissue Viability, 2019, 28(2) : 51-58.

[4] JIANG M, MA Y, GUO S, et al. Using machine learning
technologies in pressure injury management: systematic review
[J]. IMIR medical informatics, 2021, 9(3) . e25704.

[5] DUAN Y, EDWARDS J S, DWIVEDI Y K. Artificial intelligence
for decision making in the era of Big Data - evolution, challenges
and research agenda [ J]. International Journal of Information
Management, 2019, 48. 63-71.

[6] YUK H, BEAM A L, KOHANE I S. Artificial intelligence in
healthcare[ J]. Nature Biomedical Engineering, 2018, 2 (10):
719-731.

(7] M, BRI, B, 46, TR 4R BE MG R BB 5T 25 A
(7] MaUE B TR ( A ARRAR) , 2019, 11(06) :
625-637.

[8] YANG Ze, LUO Tiange, WANG Dong, et al. Learning to
navigate for fine —grained classification [ C ]//Proceedings of the
European Conference on Computer Vision ( ECCV ). Munich,
Germany ;: Amazon, 2018 420-435. (12)

[9] FU lJianlong, ZHENG Heliang, MEI Tao. Look closer to see
better; Recurrent attention convolutional neural network for fine—
grained image recognition [ C ]//Proceedings of the IEEE
Conference on Computer Vision and Pattern Recognition.
Honolulu, Hawaii;IEEE,2017; 4438-4446.

[10]JLIN TY, ROYCHOWDHURY A, MAJI S. Bilinear CNN models
for fine—grained visual recognition[ C]//Proceedings of the IEEE
International Conference on Computer Vision. Santiago : IEEE,
2015 1449-1457.

[11] YU Chaojian, ZHAO Xinyi, ZHENG Qi, et al. Hierarchical
bilinear pooling for fine — grained visual recognition [ C ]//

Proceedings of the European Conference on Computer Vision

(ECCV). Munich, Germany : Amazon,2018; 574-589.

[12]LIN T Y, DOLLAR P, GIRSHICK R, et al. Feature pyramid
networks for object detection [ C ]//Proceedings of the IEEE
Conference on Computer Vision and Pattern Recognition.
Honolulu, Hawaii;IEEE, 2017, 2117-2125.

[13]DING Yifeng, MA Zhangyu, WEN Shaoguo, et al. AP-CNN;
Weakly supervised attention pyramid convolutional neural network
for fine — grained visual classification[ J]. IEEE Transactions on
Image Processing, 2021, 30; 2826-2836.

[14]REN Shaoqing, HE Kaiming, GIRSHICK R, et al. Faster R-
CNN: Towards real —time object detection with region proposal
networks[ J]. IEEE Transactions on Pattern Analysis and Machine
Intelligence , 2017,39(6) ;1137-1149.

[15]ZHAO Qijie, SHENG Tao, WANG Yongtao, et al. M2det; A
single—shot object detector based on multi-level feature pyramid
network[ C]//Proceedings of the AAAI Conference on Artificial
Intelligence. Honolulu, Hawaii, USA. AAAI, 2019, 33 (01):
9259-9266.

[16]ZHOU B, KHOSLA A, LAPEDRIZA A, et al. Learning deep
features for discriminative localization [ C ]//Proceedings of the
IEEE conference on Computer Vision and Pattern Recognition. Las
Vegas, Nevada:IEEE, 2016: 2921-2929.

[17]HU Jie, SHEN Li, SUN Gang. Squeeze—and—excitation networks
[ C]//Proceedings of the IEEE Conference on Computer Vision
and Pattern Recognition. Salt Lake City :IEEE,2018; 7132-7141.

[ 18 ]JJIANG Borui, LUO Ruixuan, MAO Jiayuan, et al. Acquisition of
localization confidence for accurate object detection [ C |//
Proceedings of the European Conference on Computer Vision
(ECCV). Munich, Germany ; dblp,2018; 784-799.

[19] GHIASI G, LIN T Y, LE Q V. Dropblock: A regularization
method for convolutional networks [ J]. arXiv preprint arXiv:
1810.12890,2018.

[20] SUGAWARA Y, SHIOTA S, KIYA H. Checkerboard artifacts
free convolutional neural networks[ J]. APSIPA Transactions on
Signal and Information Processing, 2019, 8.

[21] HE Kaiming, ZHANG Xiangyu, REN Shaoqing, et al. Deep
residual learning for image recognition [ C |//Proceedings of the
IEEE conference on Computer Vision and Pattern Recognition. Las
Vegas, NV, USA.IEEE, 2016; 770-778.

[22]YU F, KOLTUN V. Multi—scale context aggregation by dilated
convolutions[ J . arXiv preprint arXiv;1511.07122, 2015.

[23]WAH C, BRANSON S, WELINDER P, et al. The caltech—ucsd
birds — 200 — 2011 dataset [ R ]. USA. California Institute of
Technology ,2011.

[24]MAJI S, RAHTU E, KANNALA J, et al. Fine-grained visual
classification of aircraft [ J ]. arXiv preprint arXiv: 1306. 5151,
2013.

[25] TOURVRON H, CORD M, DOUZE M, et al. Training data—
efficient image transformers & distillation through attention[ C]//
International Conference on Machine Learning. PMLR, 2021.
10347-10357.

[26]HU T, QI H, HUANG Q, et al. See better before looking closer:
Weakly supervised data augmentation network for fine — grained
visual classification[ J]. arXiv preprint arXiv:1901.09891, 2019.



