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Fig.3 Improved CBAM attention mechanism module
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Table 1 The performance comparison before and after the improvement of the CBAM module

o5 g6
I\Zfd%ls mAP/ % RMSE-S  RMSE-A/pm?> RMSE-D/pm  Diff-S/4~ Diff-A/pm? Diff-D/pm
MS R-CNN 88.20 2.08 212.21 2.87 10/0 466.8237/5.523 8 4.538 1/0.006 8
MS R-CNN-+CBAM 88.40 1.65 188.14 1.71 9/0 607.229 6/1.2280  5.974 3/0.004 4
MS R-CNN-+Improved CBAM 88.70 1.26 181.36 1.47 3/0 593.5733/1.003 2  4.447 8/0.016 7

T - “RMSE-S” /% B K A LA 4k S B 3 AR AR 2%, “RMSE-A" /R T AU i i 25, “RMSE-D” /% - 4 FL AR 1 34 )5 i 22
“Diff-S” R WUET it BB R e/ NEAL, “DUT-A” TR A e K /NS, “DI-D 7 A 3 AR IR /N2 E L, “MS R-CNN” & Mask-
Scoring R-CNN i 4 5 , “MS R-CNN-+CBAM” 4 7£ Mask-Scoring R-CNN #:  JE fift - Jin A CBAM £ Bt |, “MS R-CNN-Improved
CBAM" AW 55 Mtk J5 5 # , F [ . Note: In the table, “RMSE-S” represents the root mean square error of the total number of muscle fibers
in each image, “RMSE-A" represents the root mean square error of the area,and “RMSE-D” represents the root mean square error of the aver-
age diameter. “Diff-S” indicates the maximum and minimum values of the total number of muscle fibers, “Diff-A” indicates the maximum and
minimum values of the area, and “Diff-D” indicates the maximum and minimum values of the average diameter. “Mask-Scoring R-CNN” is ab-
breviated as MS R-CNN, “MS R-CNN-+CBAM” refers to the MS R-CNN model with the CBAM module added, and “MS R-CNN-+1Im-

proved CBAM” refers to the model improved in this study. The table below is the same as here.
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A U, Point Rend 443 550 A M1 X
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HEARBA M, XA, E 8 /R T AR AT IE &
IR E R /N SR TP ny 1 5 #8 K i kG
TR 7 #1750 FIR AT AL 45 2R 1 T s WLET
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B SRR KR 4 Re A e B 41, SO-
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RUNLEF 4k 3447 18t , SOLOvV2 it i 2, ¥4 L
DX 38 3 A LEF e H R 43 i — 2 , Mask-Scoring R-
CNN A 5 Point Rend #5884 077 £E it i , I H4 A7

A: Point Rend;B: SOLOv2;C: MS R-CNN; D: MS R-CNN+CBAM;E: MS R-CNN-+Improved CBAM.
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Fig.7 The segmentation results of different segmentation models on the image of muscle fiber cells
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The blue-labeled portion in the tags represents the combined annotation of type | and type [l muscle fibers, which are treated as one class of

input during model training. The areas highlighted in red are muscle fiber cells that have been misdetected or missed.
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Fig.8 Segmentation results of muscle fiber cell images using different segmentation models
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Table 2 The performance comparison of different segmentation models

RMSE-A/ RMSE-D/ Diff-S/

mAP/ % RMSE-S Diff-A/pm? Diff-D/pm
Models pm pm A
SOLOv2 85.30 2.45 189.71 3.11 6/0 647.821 0/2.046 5 7.708 3/0.021 6
Point Rend 87.60 2.07 217.84 2.99 8/0 588.9725/3.951 6 8.8917/0.082 6
MS R-CNN-+Improved CBAM 88.70 1.26 181.36 1.47 3/0 593.573 3/1.003 2 4.447°8/0.016 7

SR 2K WIRER AT LA T ECE I
MS R-CNN-+Improved CBAM #& 1 f5 K 1% 22 4 F
HAbB A AR R fEm T8, MS R-
CNN-+Improved CBAM #% 5 4R | R 25 {8 & T
Point Rend BAH ELA /N1 R B2, LB A TR
WETE A B S AEH . fEP I EAR E L MS R-
CNN-+Improved CBAM B Y40 A fie /MY R ZE 1A,
S5 G R BERL 255 B iR 220K & ol IS s
RURE RV 4R 25 70 T A SR (R 3A
3 i

AW XA G N T T3 52 A 33 LT 4
FAVRRE J7 I RERT 2% 07, H45 5 1 91 32 W5 22 Fil i
2% 5 JIUET 2 3 R VT Ak R A A e 0 ) A, 2
J F Mask-Scoring R-CNN 5L 4] 43 ] 5 5 . 5] A
CBAM 22 S AL, 5T % UEF 4 B8l 46 47 1E X e
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He & e or . I g R R Mt e B R )
FNRCR T O AT L S 5 58 T X JILEF 4 4
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B, DT B T 20 0 AR oRS B 5 e R, H o RIRCR L T
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FEA# AT 00 SR AL, S B8O 23 LT 24 4 A7 72 UK A 5
SRR T, T T AR T EEA K 8 25 3 bR 2
BE A G iR 22, R I Gk BB R R L )R SR R BT
G5, 5 SR AE AR ST 0 L mE L 32 4 ATtk —
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Abstract

posed and the efficient segmentation of myofibroblast cells was realized to solve the problems of manual and

A model for instance segmentation based on improved Mask-Scoring R-CNN was pro-

semi-automatic segmentation with accuracy and efficiency and the inadequate performance of general mod-
els for segmentation in encountering various interferences of noisy images. The Convolutional Block Atten-
tion Module (CBAM) attention mechanism was introduced into the Mask-Scoring R-CNN model to im-
prove the model. The extraction and expression of feature information by the improved model was enhanced
to improve the performance of segmentation and the generalization capability of the model in tasks of seg-
mentation. The results of testing the improved Mask-Scoring R-CNN model on a dataset of 103 test images
showed that the root mean square error (RMSE) of phenotype measurement value was smaller than that of
the original model, with the RMSE of the total number of myofibers decreased from 2.08 to 1.26, the
RMSE of area reduced from 212.21 pm? to 181.36 pm?, and the RMSE of average diameter decreased from
2.87 pm to 1.47 pm.It 1s indicated that the improved model can effectively deal with noisy images of myofi-
ber and accurately segment each myofiber even in common noisy environments.

Keywords instance segmentation; Mask-Scoring R-CNN; phenotype of pork muscle fiber; cell seg-

mentation ; attention mechanism
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