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Comparative Study of DBN and CNN for Pulmonary Nodule Image Recognition
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Abstract Aiming at the classification and recognition accuracy and efficiency of pulmonary nodule images, CNN model and DBN
model were used to classify pulmonary nodules.and the performance of different deep learning models in pulmonary nodule image
classification was evaluated. Firstly, the experiment input the pre-processed training set and label into the CNN model and the
DBN model respectively to achieve the purpose of training the models. Secondly. the test set was input into the parameter-opti-
mized model,and the accuracy,sensitivity and specificity of the classification of the two models were compared. What’s more, the
classification and recognition performance of the two models was analyzed. Finally. the two models were analyzed and compared
based on the three indicators: classification accuracy, sensitivity and specificity,as well as time complexity. It is found that the
CNN model is more advantageous in the classification and recognition of pulmonary nodules.
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Fig. 1 Examples of CT images of lung nodules
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Table 1  Number of nodular/non-nodular samples used for training

and testing in the experiment
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Table 2 General structure of deep belief network
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Fig. 2 Structure pattern of deep beliel network
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Table 3 General structure of the convolutional neural network
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Fig. 3 Structure pattern of convolutional neural network

~

VI

Softmax

SABILE  skkE

3.3 EMIERR

BEX 243 S IR A BOHE A AR 43 R IE 28 (Positive) Al 1 28
ESEBRr2er, 2 M 4 s L.
(1D HIEZ (True Positive, TP) . #4555 71l > 1F 2 %) 1E

(Negative) ,

FEA

()R 1F 25 (False Positive, FP) ; # K & 35000 2 1F 25 19 2
FEAR

(3) H A1 25 (True Negative, TN . 5 28 i 0 > 67 2 14 B2
BEAR

(DB 1128 (False Negative, FN) : 8 A5 B T30 K 71 25 049 1F
FEA

HERH 3 (Accuracy) 1F 2 73 ZE 1k BE 19 9F #4545 . R B0
FILBEAL GRS R AR . T R AT

N TP+ TN
CUraCy = rp L EP+TN+FN

R (Sensitivity) » PR E B % (TPR) 8 & 91 %, |
SR B0 o P B A 9 B8R BR B, 57 R 0 23 5%

X 100% (8)

mr .
__T71r 0
TPR—TP+FNXIOOA 9
0990
0980
0970
0960
& 090
5 os0
3 0930
= 0920
0910
0900
0.890

0 1000k 2000k 3000k 4.000k 5.000k

Ca) CNIN 78 o iy 23 A5 Ak il 2%

0.350
0300
0250
0200
0150
0100
0.050

Loss

0 1000k 2000k 3000k 4.000k 5000k

(c) CNN #ERI Loss ¥ 28 1k it 28

¢ 5 (Specificity) » XK A B B R (TNR) S &,

kBRI AR R AT
__IN 0
4 EXHREHSER

ARSCSL I RS R Windows10 64 fi 8 4F & 45, kb PR 2%
Intel(R) Xeon(R), £ 2. 9GHz, WHE N 16 G ML F &
F i Python 3. 6 [ A I 45 8 TensorFlow ¥R, 525 %4 &
A LUNAT6 %4 4 A i P B T v O B2 52 1) RV B0
4.1 SKEHER

9% WL P A DBN A58 A CNN LB X fili 2% 55 52 1% &
G4 S B P B8 L AR SCMA 43 25 U o A R | Loss {H A I 5
A ) 4545 7 T HEAT HO 4R . ZE AR B2 86 b, 1 5 W AR ) epoch &
B, S A [F]ASE TR (1 43 28 P B0 B %6 L Loss (HAEfLta %5, n
& 4 s B 4 Ca) FEL 4(b) 43 5] 2 DBN AU H CNN 8 1
I 2 0 B 5 0 3 A v A 23R 110 06 2R TR TR v R A B R TR 28 1
RO A A 22 T 48 R 4 IR B 9 v R . AT
AE ] LUE S BE A I 2R R B 34, CNIN R 80 5 ] 3 4R
A3 AU A T A 23 ol 2 SR R TR, TR A ) B B R I K
BB R T 4 & 4(b) A epoch 2y 62 Z5 47 I, il £k & A
A I G2 IR A MEA R B RE BE T . B ter
CNN #2703 25 15U ok i 22 = T DBN B8, & 4 (o) FIE] 4
()43 51 CNN B AT DBN A5 1 Y1 25k B0 Loss {H 14 5¢
F A T R A bR 2 7R S 0 I R R B A AR R OR Loss .
A B AT LU H . B 5 I 25 OB 38 N, Loss B A W7 B
I . CNIN A8 T 6] 00 3 4 43 28 IR 3 19 Loss MRl $ig 514, A
[ 4(c) By Loss f/MA M BARF K 4(dD,

090
089 1 "M“‘, u/"."%v/ v,‘w\'«‘\
088 y |
S |
8
§ o087
X !
3 086
<< |
085 | |
o84 |/
os3 |
0 20 40 60 80 100
Epochs
(b) DBN A% 4 i g 5 7% Ak ity £k
055
— 7
050 | .
045 ||
o 040 ||
S o035\
030
025
020 W\M\”\'fmww A
WA
015
0 20 40 60 80 100

Epochs
() DBN K Loss #8728 1k i £k

Bl 4 CNN BEAURT DBN A5 A8 (19 Y1l 55 A2
Fig.4 Training process of CNN model and DBN model

R4 HiBE (Confusion Matrixxxﬁ:%ﬁ%ﬁ%ﬁﬁﬁéﬁ%mﬂé
AT AR AL PP A AN R Sk i 4 2 R fE . B 5 44 T CNN A4
1 DBN 45 74 1) I8 A 6 1 J?XTr“E’J{Eé J v % BAH 43
AR — K (10), AFIH 5 CNN #2758 43 25 31 51 o 7 %

TR R S A A B 51 S 98,4600, 77. 66 00 Fll 96. 9404 5
DBN A5 2 fE By A< | 80P AR 3 M 1 {E 23 00 R 89. 3900,
58.45% A1 95.62% . FHULTT WL, CNN £ # 1 43 28 U0 o oy
AR5 PR T A AN $5 AR 35 48 T DBN BERL,



258

Computer Science iTHENE#  Vol. 47,No. 6A, June 2020

Confusion matrix Confusion matrix

no-nodule 4 no-nodule 5
g 3
2 E-1
= =
© )
] El
= =
= =
nodule 63 219 nodule 13 159
no-nodule nodule no-nodule nodule

Predicted label Predicted label

(a) CNN A58 7 14 YR 45 0 B (b)DBN #4184 4 [

[ 5  CNN %A DBN A5 5 5 1R 45 46 1
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