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Classification of Endoscope Image using Deep Learning and Shape
Recovery of Polyp Based on Blood Vessel

Yuji Iwahori, Hiroyasu Usami, Satoshi Inoue”, Masahide Ebi*, Naotaka Ogasawara® and Kunio Kasugai*

By realizing the 3D-shape recovery of the image inside of the human body taken by the
endoscope, the quantitative evaluation of polyps becomes possible. Polyp detection,
classification, and shape recovery methodologies are required based on endoscope images
taken by "general" endoscope images. Against "general" endoscope images, this research
proposes an efficient polyp classification method using a convolutional neural network
trained in advance for other tasks as a feature extractor and construct multiple SVM
(Support Vector Machine) as a classifier. Furthermore, for polyps which are difficult to
classify benign or malignant, a robust polyp shape recovery method is proposed based on
blood vessel information.
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Figure 1. Concept of The Proposed Method
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Figure 2. Observation System of Two Light Sources Endoscope
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Figure 5. Horizontal Plane of Columnar against lends
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Figure 10. Example of Estimation of Horizontal Plane
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Figure 11. Observation System of Horizontal Plane
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Tablel Train Image Table2 Test Image

Malignant Benign Malignant Benign

White Light 188 380 White Light 180 180
Dye 112 408 Dye 180 180
NBI 32 140 NBI 180 180

Sy FERE E OFFAf &L CHR] A L7=, Sensitivity, Specificity, Accuracy, PPV, NPV & H K iz 21297
BB TEBITHD,

TP
Sensitivity = m (29)



BRI, TUERARRE, B, WIS, ANEIR R, A H IR

Specificity = % (30)
Accuracy =754 7T"1[\)/ : ?: +FN @D
PPV = % (32)

NPV = % (33)
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CNN & SVM W — RV DA HE O OF NI, & N E G O/ A& DB SN2 A AT LTT
9, Bilt 6 DDA, AlexNet LR — F /L, AlexNet & RBF 71— /L, AlexNet & EHA I — /L, VGG16
LBRIG A — 3V VGGL6 & RBF 1 —2 /b, VGG16 LL THA N — R /It L TR EBR ATV kb RV CNN &
SVM I — VO AT EH W TR ELIEZE T 5, FRERER I NPOLE 8ITRT, 22T, C% SVM O=Xh
IRGA—=H—_ 0% SVM DI —FRNARFA—=F—L LT,

Table3. Result of AlexNet with Linear Kernel

C Sensitivity ~ Specificity = Accuracy PPV NPV
White Light 51 74.4 75.5 75.0 75.2 74.7
Dye 48 80.5 77.5 79.1 78.3 80.0
NBI 100 91.1 88.8 90.0 89.1 90.9
White Light + Dye 78 83.3 75.0 79.1 76.9 81.8
White Light + NBI 51 87.7 85.5 86.6 85.8 87.5
Dye + NBI 8 89.4 83.8 86.6 84.7 88.8
White Light + Dye + NBI 90 87.7 83.3 85.5 84.0 87.2

Table4. Result of AlexNet with RBF Kernel

C o Sensitivity  Specificity = Accuracy PPV NPV
White Light 37 145 78.3 76.6 77.5 77.5 77.0
Dye 8 | 170 83.3 83.3 83.3 83.3 83.3
NBI 63 | 149 90.0 90.5 90.5 90.2 90.5
White Light + Dye 26 | 236 83.3 78.8 78.8 81.1 79.7
White Light + NBI 9 | 223 85.0 85.5 85.5 85.2 85.4
Dye + NBI 12 || 238 88.8 87.7 87.7 88.3 87.9
White Light + Dye + NBI 35 | 292 87.7 85.0 85.0 86.3 85.4
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Table5. Result of AlexNet with Polynomial Kernel

C o Sensitivity  Specificity = Accuracy PPV NPV
White Light 9 | 142 73.3 76.6 75.0 77.8 74.1
Dye 9 | 162 78.3 80.0 79.1 79.6 79.1
NBI 40 148 92.7 89.4 91.1 89.7 92.5
White Light + Dye 42 | 237 80.0 79.4 79.7 79.5 79.8
White Light + NBI 2 | 224 87.2 85.0 86.1 85.3 86.9
Dye + NBI 78 | 238 89.4 85.5 87.5 86.0 89.0
White Light + Dye + NBI 30 292 89.4 85.5 87.5 86.0 89.0
Table6. Result of VGG16 with Linear Kernel
C Sensitivity ~ Specificity = Accuracy PPV NPV
White Light 7 74.4 73.3 73.8 73.6 74.1
Dye 40 78.3 82.2 80.2 81.5 79.1
NBI 10 87.7 90.0 88.8 89.7 88.0
White Light + Dye 95 84.4 77.2 80.8 78.7 83.2
White Light + NBI 35 87.2 88.8 88.0 88.7 87.4
Dye + NBI 42 88.3 90.0 89.1 89.8 88.5
White Light + Dye + NBI 82 89.4 90.5 90.0 90.4 89.5
Table7. Result of VGG16 with RBF Kernel
C o Sensitivity ~ Specificity ~ Accuracy PPV NPV
White Light 50 112 82.2 76.6 79.4 77.8 81.1
Dye 5| 135 79.4 81.6 80.5 81.2 79.8
NBI 19 | 127 88.3 94.4 91.3 94.0 89.0
White Light + Dye 15 | 192 81.6 77.7 79.7 78.6 80.9
White Light + NBI 4 185 88.8 91.1 90.0 90.9 89.1
Dye + NBI 11 | 198 88.8 90.0 89.4 89.8 89.0
White Light + Dye + NBI 4 | 245 87.2 88.3 87.7 88.2 87.3
Table8. Result of VGG16 with Polynomial Kernel
C o Sensitivity ~ Specificity Accuracy PPV NPV
White Light 9 115 80.0 78.3 79.1 78.6 79.6
Dye 9 | 136 78.3 86.1 82.2 84.9 79.8
NBI 40 | 129 89.4 91.6 90.5 91.4 89.6
White Light + Dye 42 189 81.1 82.1 81.9 82.4 81.4
White Light + NBI 2 | 187 86.6 89.4 88.0 89.1 87.0
Dye + NBI 78 | 200 87.7 88.8 88.3 88.7 87.9
White Light + Dye + NBI 3 | 246 87.2 88.8 88.0 88.7 87.4
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Table9. Result of AlexNet + VGG16 with Linear Kernel

C Sensitivity ~ Specificity = Accuracy PPV NPV
White Light 75 74.4 73.3 73.8 73.6 74.1
Dye 12 80.5 77.7 79.1 78.3 80.0
NBI 59 91.1 88.8 90.0 89.1 90.9
White Light + Dye 23 83.8 80.0 81.9 80.7 83.2
White Light + NBI 40 88.8 86.1 87.5 86.4 88.5
Dye + NBI 60 89.4 83.8 86.6 84.7 88.8
White Light + Dye + NBI 51 90.5 82.7 86.6 84.0 89.7

Table10. Result of AlexNet + VGG16 with RBF Kernel

C o Sensitivity  Specificity = Accuracy PPV NPV
White Light 5| 112 82.2 76.6 79.4 77.8 81.1
Dye 25 173 83.3 83.3 83.3 83.3 83.3
NBI 11 | 147 90.0 90.5 90.2 90.5 90.0
White Light + Dye 6 | 214 86.1 81.6 83.8 82.4 85.4
White Light + NBI 21 | 200 87.2 88.3 87.7 88.2 87.3
Dye + NBI 9 | 239 88.8 87.7 88.3 87.9 88.7
White Light + Dye + NBI 5| 273 89.4 86.1 87.7 86.5 89.0

Tablel1. Result of AlexNet + VGG16 with Polynomial Kernel
C o Sensitivity ~ Specificity  Accuracy PPV NPV

White Light 30 | 110 80.0 78.3 79.1 78.6 79.6
Dye 39 | 168 78.8 80.0 79.4 79.7 79.1
NBI 67 | 146 92.7 90.0 91.3 90.2 92.5
White Light + Dye 11 | 214 83.8 81.1 82.5 81.6 83.4
White Light + NBI 18 | 204 87.2 87.2 87.2 87.2 87.2
Dye + NBI 3| 238 89.4 85.5 87.5 86.0 89.0
White Light + Dye + NBI 18 | 278 89.4 84.4 86.9 85.1 88.8

FOFERBRTHRONIMEEZHWR) =T ORI -EMEOS R K2R 12 17T, BRERID, KEH
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Tablel12. Result of AlexNet + VGG16 with Linear Kernel

Sensitivity ~ Specificity Accuracy PPV NPV
White Light 82.2 76.6 79.4 77.8 81.1
Dye 83.3 83.3 83.3 83.3 83.3
NBI 92.7 90.0 90.2 90.2 92.5
White Light + Dye 86.1 81.6 83.8 82.4 85.4
White Light + NBI 88.8 86.1 87.5 86.4 88.5
Dye + NBI 89.4 85.5 87.5 86.4 89.0
White Light + Dye + NBI 90.5 82.7 86.6 84.0 89.7
Voting Result 94.4 91.6 933 84.0 94.8
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3.2 MEZEMALLR)—THKER
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Tablel3. Result of Estimation

Parameter Result of Calibration

Focal length (pixels) [718.7447 + 0.8387, 718.3827 + 0.8654]
Principal point (pixels)  [879.0439 + 0.4669, 533.5813 + 0.4240]
Radial distortion [ -0.3913 + 0.0010, -0.1178 + 0.0008]

Fz, BRI B 268 L CHEE L72 N RLEBE O SRR AT B 132 S, = (a: —5.001, b: 1.996,0). S, =
(¢:5.001,d:1.996,0) L7277,

3.2.2. mEMREEHY
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Figure 13. A Part of Prediction Results
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14 1Z (Receiver Operating Characteristic) ROC #h# % 7~ 9", FEBR #5 5 0 (Area Under the Curve) AUC X
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Figure 14. AUC ROC
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Figure 15. Original Image 1

‘ Figure 18. Size Measurement Result

Figure 17. Recovered Shape for Image 1 in Image 1 after Extraction
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Figure 19. Original Image 2 . . )
Figure 20. Selected horizontal region for Image 2

Figure 22. Size Measurement Result

Figure 21. Recovered Shape for Image 2 in Image 2 after Extraction

Figure 23. Original Image 3 i . .
Figure 24. Selected horizontal region for Image 3

A

Figure 25. Recovered Shape for Image 3 in Image 3 after Extraction

Figure 26. Size Measurement Result
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