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Recognition of oral mucosal diseases based on multi-level feature
fusion
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Abstract; The recognition of oral mucosal diseases mainly depends on doctors’ visual observation and
subjective judgment. This method leads to low accuracy of disease recognition and heavy workload of
doctors. To solve the above problems,an oral mucosal disease recognition method based on multi-level
feature fusion is proposed. There are two kinds of deep-level features and shallow features extracted
from oral disease images. The efficientNet model is used to extract the deep features. HSV, histogram of
oriented gradiant (HOG) and gray level co-occurrence matrix (GLLCM) are used to extract the shallow
features of color,shape and texture of oral diseases respectively. After feature fusion,the random forest
(RF) algorithm is used to select the features with greater feature importance, reducing the dimension of
the feature. Finally,a variety of machine learning classifiers are combined for classification and recogni-
tion. The datasets of oral mucoal diseases collected are used for experiment verification. The experimental
results show that the method can achieve the accuracy (Acc) of 92. 89 % ,sensitivity (Sen) of 89.91%,
specificity (Spe) of 96.06% and area under the curve (AUC) of 98.09%. It effectively solves the prob-

lems of many misjudgments and low accuracy in recognition.
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Tab.1 Number of pictures of four oral diseases

Disease type Number of pictures/piece

ROU 212
oC 255
OLK 271
OLP 387

(a) Camera front (b) Camera back

(i) Location of OLK  (j) Location of OLP

(k) Location of OC

(1) Location of ROU
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Fig.1 Collected images of oral mucosal diseases
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Fig. 2 Overall structure diagram of model

3.1 GLCM QUIBSFIE

GLCM J2 5 F (1 S0 BRRFAE $ 0 vk 5l 2o
R RE G AS B e S A L SR S TSR AR A
A5 IR R 114 350 0 AR A K o o A 3R IR 1) it e 2
PRAFAE . B8 47 1l 2 e PRSI B 5 F 7 ) L AH 46 1]
B ARk IR B 4E 25 A 5 B . MAHMOUD 200 i
R BE G K 53 R 4 A X, T 8 X8 4 B & i R A
T, KRG, 38 GLCM 7E (0°,45°,90°,135°) 4
ASJ7 1] AN FRAE ] 5 A8 RS 5 1) B R GLCM
B 22 ANFRAE I . AT 4 A B4 STy )
XA RS X 22 AR AE ) & SR 48 B 1 A 4E 2
352 M) i . AR SO XS 280 AL B ROT B[R A
SR GLCM #£(0°,45°,90°,135°)4 /4~ J5 1) I $2 5L I

A4 A FRAE 5 S0 AR O LGB L S0 B RN A oG
PE BRI 2 A0 8 PR BUAL G 25 S M L R JT0E  B O 25 4L
P IS (E RN 30 22 43 2L 40 HEFFAE .
3.2 HOG IR KHIE

AR HOG Sk Ak 4 B 11 i ER 0 TE HR F
fE S HOG 2 BURY 321 S R B 5 4F BE 1R 47 b
PO J T T8 R A R o T) R BB 2 o 85 78 X O BRI R
B B 1 G TR ER R HOG k& m Bk i
KRR RAFAE . HOG $5AEFE OC B3R 5 b 4 1 -+
A3V 4 PRAGNA S50 5 3145 1 11 1 AR F 47
38 A7 HH P O A B, DA A B R 4R B HOG
FEAE /N 256 X 256 Fil GLCM R1E /N 13X 23 %5 4%
fiE o 38 1k REAE E BE 2 PR U AR FRAE S ] SVM 4328



+ 972 -

B OC HEAT KBV 32K, e J7 Ace T L3k 3]
XA A ocR] 43 R 1 A4 J7 ] HJ7 Bl block, 2 K
BB 1L RS Oy ) - 2 %0 3 67 9 A X)L SR JH
B 1) 75 AOR 1 7 1) BO5 AR AE . HOG Rk 55
E2vy S

G.(x,y) = Hx+1,y) —H(x—1,y), (1)

G,(x,y) = H(x,y+1) —H(x,y— 1, (2)
LG, (e DR BB AR R ORI BB G,
(e, RREBGPBRERSFEE T MEE, H(x, y) 0
REMGBEM . 1B R A (s y) b 06 B IR AE A
JET7 13 3 5 2 (3) (4) s

G.(x,y) = VG (x, )" +G,(x,y)", (3)
alx,y) = arctan<gy§§’§§)o €]

R HOG FRAE AU 8K . DE %Y 7058 o

Original HOG features

32>3%3

Ye BB X - B Y 2022% 33%

97% o ASCHEEE 8 X8 MG RN 43 1 Al Ml H T, 4
& th HOG FRAE Xt K 00 5 48 47 A 0 DA B 0 93 25
ARG R AR E — B i SO L 7 2R AR R R R AE
i) S, 23 1 JASE A b BRI [R) . Oh T e o 1) B At A7)
£ HOG FRAF 0 FEmh b i A 28 9 45 DL ifE— 25 2 L,
ERLN] L X BENS 4 B HOG R E 5 B 59 W g,
PAEHGE AT, PR AR SO A5 211 HOG FR1E 1%
BETE 2 B BUZR 2 b AL R DL R 1 A B 4 RRAE
) 4= 32 )2 (fully-connected layer, FC) |, #H
FANGF B 32X 3 X 3,64 X 3X 3, k2 K /N4 B
h 32X 2X2,64X2X2, #EfF HOG F¢AE [ 2 1Y $2
B, N 25k I 1B 3 BT 7 006 J2 BT R L Relu,
AL JZ & H] MaxPooling, FC (% # 28 50 >4 128
Ao B ZGE T2 S0 A5 B 128 4t ) AR O B
% HOG -,

128 vectors

3 REHOG $EM B & E

Fig. 3 Model structure diagram for extracting HOG features
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Tab.2 Network structure of EfficientNetB0

Stage Structure Resolution Channels Layers
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8 MBConv6,k3 X 3 7X7 320 1
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Fig. 4 Overall structure diagram of efficientNet network
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Tab.3 Feature recognition results of traditional manual design

Feature Ace/ %
Model
GLCM  HOG Color KNN SVM RF GBDT Xgboost
1 N — 81.57 79. 64 82.52 78. 34 80.42
2 — N — 66. 89 68.12 69. 38 67.46 69. 89
3 — — N 75.77 78.92 79.04 74. 36 77.86
4 N N — 83. 14 82.78 82.93 79.79 81.63
5 N — N 85.96 83.91 86. 45 82. 47 87.03
6 — < N 74.16 76. 87 80. 45 78. 25 80.93
7 N N < 87.48 88. 65 89.53 87.58 89.72
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Tab.4 Comparison of oral recognition between traditional features and deep learning features

Method Acc/ % Sen/ % Spe/ % AUC/ %
Traditional features+ GBDT 87.58 84. 25 89. 24 93.23
Traditional features+RF 89.53 87.42 91.16 94. 89
Traditional features+KNN 87.48 88.76 92.03 95. 04
Traditional features—+ Xgboost 89.72 86.22 92.18 95. 25
Traditional features+SVM 88. 65 86.67 92.40 96.02
EfficientNet 89. 35 87. 48 89.79 96.79
Fusion features+GBDT 90. 35 87.89 92. 20 94. 66
Fusion features+RF 91.68 90. 12 91.35 96. 78
Fusion features-+KNN 89. 81 91.87 92.58 95. 54
Fusion features+ Xgboost 90. 88 87.58 89. 47 95. 39

Fusion features+SVM 92.89 89.91 96. 06 98. 09
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Tab.5 Oral recognition of different

convolutional neural networks

Method Ace/%  Sen/% Spe/% AUC/%
DenseNet 85.49  87.45 91.98  95.43

DenseNet+features 89.02 88.59 92.76 96. 21

ResNet 87.82 85. 89 92.89 96. 06
ResNet+features 90.42 88. 27 90. 25 96.93
EfficientNet 89. 35 87.48 89.79 96. 79

EfficientNet+features  92.89  89.91 96.06  98.09
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Fig.5 Classification accuracy and Loss of

different neural networks
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