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[Abstract]

In this paper, we propose a new deep learning model for tongue segmentation with improved accuracy
compared to the existing model by diversifying the receptive field in the U-net. Methods such as parallel
convolution, dilated convolution, and constant channel increase were used to diversify the receptive field.
For the proposed deep learning model, a tongue region segmentation experiment was performed on two test
datasets. The training image and the test image are similar in TestSetl and they are not in TestSet2.
Experimental results show that segmentation performance improved as the receptive field was diversified.
The mloU value of the proposed method was 98.14% for TestSetl and 91.90% for TestSet2 which was
higher than the result of existing models such as U-net, DeepTongue, and TongueNet.
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2.2 Encoder-decoder architecture
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2.3 Global context based architecture
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Fig. 4. ENet Bottlenect Module[14]
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3.2 Receptive field diversification in modified U-net
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Table 2. Experimental Results for TestSet1

Model Precision | DICE ME mloU
Modified U-net 97.59 97.53 1.1 96.89
Ub_ces_ P3x3.r2) 98.55 98.14 | 0.83 | 97.64
UD_CéA_P(3x3,r2,r3) 98.59 98.24 0.78 97.77
Up_cas P3x3.r2) 98.00 97.90 | 094 | 97.35
Ub_c48_P(3x3,r2,r3) 98.89 98.36 | 0.73 | 97.92
Up_c32_p3x3.r2) 98.74 98.29 | 0.76 | 97.83
Ub_c32_P(3x3,r2,r3) 98.70 98.37 | 0.73 | 97.93
Ub_c32_P(3x3,r2,r3:r4) 98.68 98.42 | 0.70 | 98.00
Ub_c16_p(3x3.,r2) 97.74 97.84 | 0.97 | 97.27
Ub_c16_p(3x3,r2,r3) 98.38 98.22 | 0.79 | 97.75
Ub_c16_P(3x3,r2,r3,r4) 98.77 98.52 | 0.66 | 98.12
Ub_c16_P(3x3,r2,r3,r4,r5) 98.91 98.54 | 0.65 | 98.14

Table 30fl= TestSet20] st A& At L
O}, TestSetzol st @Al Cl g70ly alsw
ol 75%7F =E|0] QlojA stg At HIAE JAt
22 oA THE01%l TestSetlo] H|sto] Ad5 A&
o] l{lso] L}o}x 7—1E SN on:,} HH}H oz /\é% R H®
o] wobAl stAlE W AgA0] Fletel 4
35l Gl o AR Ul T e

Table 3. Experimental Results for TestSet2

Model Precision | DICE ME mloU
Modified U-net 89.46 71.95 7.55 | 7404
Ub_ces_p(3x3,r2) 92.77 79.77 5.69 | 80.10
Ub_ces_p(3x3,2.03) 93.25 84.00 4.64 | 8374
Ub_c48_p(3x3,2) 90.13 78.32 6.21 78.85
Ub_cas P(3x3,2,3) 94.49 8460 | 445 | 84.36
Up_c32 P3x3.r2) 92.77 80.37 5.54 | 80.65
Ub_c32_P3x3.r2,3) 91.80 86.30 419 85.65
Ub c32_ P3x3.r2,r304) 94.54 89.65 3.14 | 88.95
Ub_c16_p(3x3,2) 93.19 82.83 490 | 8281
Ub_c16_p(3x3,r2,r3) 90.84 87.00 408 | 86.23
Ub_c16_P(3x3,r2,r3,r4) 95.45 89.60 3.08 | 89.04
Ub_c16_P(3x3,r2,r3,r4,r5) 95.98 92.62 227 | 91.90
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Table 4. Comparison with the Existing Model for
TestSet1

Model Precision | DICE | ME | mloU
FCN 97.50 97.21 | 1.24 | 96.50
DilatedNet 98.41 97.74 | 1.00 | 97.16
LinkNet 97.39 97.91 | 0.95| 97.37
PSPNet 98.21 97.96 | 0.91 | 97.43
ENet 98.63 98.51 | 0.67 | 98.10
Deeptongue 92.78 95.22 | 1.69 | 94.17
Tonguenet 98.63 97.96 | 0.85 | 97.74
Ub_c16_P(3x3,dr2,dr3,dr4,dr5) 98.91 98.54 | 0.65 | 98.14

Table 5. Comparison with the Existing Model for
TestSet2

Model Precision | DICE | ME | mloU
FCN 89.81 82.96 | 5.08 | 82.71
DilatedNet 89.42 79.04 | 6.01 | 79.54
LinkNet 89.19 90.52 | 3.11 | 89.75
PSPNet 81.72 79.98 | 6.41 | 79.93
ENet 90.35 91.67 | 2.78 | 90.75
Ub_c16_P(3x3,dr2,dr3,dr4,dr5) 95.98 92.62 | 2.27 | 91.90

V. Conclusions
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