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Table 2 Performance comparison of different methods on the CTobaccoDataset-v1 dataset
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PSPNet 59.1 74.5 76. 1 58.1 73.4 78.0 86. 8 46. 8
DeeplabV3+( MobileNetV2) 59.6 74.9 78.7 71.5 69. 1 73.2 81.9 5.8
DeeplabV3+( Xception) 62.3 76. 6 80.6 72.9 72.4 74.1 83.0 56.2
U-Net 64.5 77.0 69.9 80. 1 78.5 75.7 81.0 44.0
HRNet 67.4 81.4 81.3 81.3 78.7 81.7 84.0 29.8
SegFormer 70.4 83.9 83.3 82.6 79.2 84.2 80.2 27.4
SETR 72.8 85. 1 84.4 86. 8 81.2 82.9 90.2 92.6
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Fig. 6  Visualization results of tobacco shred segmentation by different models
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Table 3 Comparative ablation study results of MFPF, PAC and PDS modules
e mloU/% mPA/% PA/%  PA,/%  PAy/% PAJ/%  PAS/%  ZH0t/M
SegFormer( ViT-B2) 70. 4 81.9 83.3 82.6 79.2 84.2 80. 2 27.4
DC, =2:1:1 73.8 86.3 86.8 84.3 82.6 86. 1 91.7 36.2
DC, =1:2:1 73.8 86.3 86.6 84.2 82.7 86.3 91.8 36.2
SegFormer+MFPF
DC, =1:1:2 73,7 86.3 86.8 84.2 82.6 86.3 91.6 36.2
DC, =1:1:1 738 86. 4 86.8 84.3 82.6 86.3 91.8 36.2
SegFormer+PAC 71.8 85.1 85.9 84.6 82.1 86.3 86.5 28.3
SegFormer+MFPF+PAC 75.0 87.3 86.9 85.7 84.7 87.4 91.8 37.1
SegFormer+MFPF+PAC+PDS
76.1 87.6 87.9 84.8 83.9 88.0 93.5 37.1

( CTSegFormer-Base )
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Fig. 7 Performance comparison of three convolutions

used individually and in combination
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Table 5  Ablation study results on loss functions
LAY mloU mPA  PA,  PA, PA, PA,  PA,
CTSegFormer-Base ( Focal ) 75.6 87.0 87.6 83.9 835 86.8 93.0
CTSegFormer-Base(GHM ) FiF o, 7£ 1~2 i H & % > 75.8 87.4 875 83.2 82.2 862 93.1
CTSegFormer-Base(GHM )w, =2,0w,=1,0,=1,0,=1 75.7 87.5 87.1 84.5 83.3 85.8 92.7
CTSegFormer-Base(GHM )w, =1,0,=2,w,=1,0,=1 75.3 87.1 87.3 84.2 83.5 86.4 92.4
CTSegFormer-Base(GHM )w,=1,w,=1,0w;=2,0,=1 75.8 87.0 87.6 84.0 83.2 86.3 92.1
CTSegFormer-Base(GHM) @, = 1,0,=1,0,=1,0,=2 76.1 87.6 87.9 84.8 83.9 880 93.5
% 6 A ¥ Transformer F 22 K /D eg 5 kL Ih 4 R
Table 6 Ablation study results on Transformer backbone sizes
s mloU/%  mPA/%  PA,/% PA,/ % PA,/ % PA,/ % PA/ % SHE/M
SegFormer( Vit-B0) 62.4 76. 4 79.8 76.2 72.2 75.9 77.9 3.7
SegFormer( Vit-B1) 68.5 81. 1 82.9 81.9 77.9 83.9 79.2 13.7
SegFormer( Vit-B2) 70. 4 83.9 83.3 82.6 79.2 84.2 80.2 27.4
CTSegFormer-Tiny 66.2 80.0 81.7 81.4 81.2 76.0 79.7 6.2
CTSegFormer-Small 72.6 84.9 85. 1 83.4 83. 1 85.9 87.0 23.4
CTSegFormer-Base 76.1 87.6 87.9 84.8 83.9 88.0 93.5 37.1
% 7  CTSegFormer %t A5 YA 22 #f b 69 20 4 & YL & 45 R
Table 7 Results of component proportion analysis in real tobacco samples by CTSegFormer
e Hi L R4y T TR/ % AR %
B Fie/g it/ % it/ % (IREVE 1,1%%TH 2) (IREVE 1,157 2)
0.70 1.63
22 0.30 42.86 42.16 (0.21,0.49) (0.49,1. 14)
, 0.16 1.12
9 Ji i 2 0.10 14.29 14. 45 (0.09.0.07) (0.63.0.49)
Fean 1l 0.51 1.79
W2 0.20 28.57 29. 09 (0.13.0.38) (0.46.1.33)
0.02 0. 14
2 0.10 14.29 14.31 (0.008,0.012) (0.06,0.08)
0.17 0.42
w2z 0.40 40. 00 40. 17 (0.04.0. 13) (0.10.0.32)
, 1.19 5.96
9 ik 22 0.20 20. 00 21.19 (0.73.0.46) (3.65.2.31)
Kl 2 i 0.12 0. 60
22 0.20 20.00 19.88 (0.05,0.07) 0.265.0. 335)
1. 14 5.70
2 0.20 20.00 18. 86 (0.55,0.59) (2.75,2.95)
0.81 1.42
2% 0.40 57.14 56.33 (0.44,0.37) (0.77.0.65)
, 0.07 0. 49
9 Ji i 24 0.1 14.29 14.21 (0.03.0.04) (0.23.0.26)
a3 0.74 5.18
W2 0.1 14.29 15.03 (0.22.0.52) (1.54.3.64)
0. 46 3.22
2 0.1 14.29 13.82 (0.31,0.15) (2.17.1.05)
0.34 0.77
22 0.4 44.44 44.78 (0.11.0.23) (0.25.0.52)
, 0.48 4.32
9 f Mk 22 0.1 11.11 11.59 (0.26.0.22) (2.34,1.98)
Feand 0.45 2.03
22 0.2 22.22 21.77 (0.009,0. 441) (0.04,1.98)
0.36 1.62
2 0.2 22.22 21.86 (0.17.0.19) (0.77,0. 86)
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Fig. 9 Original images and semantic segmentation results of the same cut tobacco sample photographed
by five mainstream-brand mobile phones
% 8 CTSegFormer %} 7 ) F AUAG 4R F] — 4L 4R 22 HF o 09 205 & b 52 2
Table 8 CTSegFormer’s measurement results of component proportions for the same set
of tobacco shred samples captured by different mobile phones
‘ s iPhone vivo 7Nk 1E5 OPPO

Fhih e B MY BRI AIXE WU Y B X FOW
=1 = i ke RE i kb = 1 W Ak RE

2z 31. 84 32.64 2.51 32.54 2.20 33.49 5.18 34.10 7.10 33.98 6.72
Nk 22 8.32 8.41 1.08 8.49 2.04 8.19 1.26 8. 12 2.40 8.59 3.25
W22 22. 64 22.71 0.31 22.81 0.75 22.43 0.93 22.34 1.33 22.26 1.68
gy 37.20 36.24 2.58 36. 16 2.80 35.89 3.52 35. 44 4.73 35.17 5.46
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Abstract ; [ Objective] To improve the efficiency and accuracy of component proportion measurement for tobacco
shreds. [ Methods ] A semantic segmentation model named CTSegFormer is proposed. Taking SegFormer as the
backbone, the model designs parallel fusion of multiple types of convolutions, an enhanced efficient additive
attention mechanism, and a progressive deep supervision module. It achieves effective recognition and segmentation
of four categories of tobacco shreds including lamina shreds, reconstituted tobacco shreds, stem shreds, expanded
shreds, as well as stem sticks. On this basis, accurate measurement of tobacco shred component proportions is
realized, and a tobacco shred component measurement dataset is constructed for testing and validation. [ Results ]
Compared with existing semantic segmentation models, CTSegFormer achieves the highest mloU in tobacco shred
segmentation and recognition. Meanwhile, the relative error of proportion prediction is no more than six percent
when testing multiple samples with different component ratios. [ Conclusion ] The proposed CTSegFormer model can
be well applied to the task of tobacco shred component proportion measurement, and it is of great significance for
monitoring the quality of finished cigarettes.

Key words :tobacco shred ;component proportion ;semantic segmentation ; SegFormer
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