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BAAh 2 W AR A, BB A5l k2t CapsNet #4783, 3] T E-CapsNet M& AR, B ot 5 2 d 64
22 W %85 A AlexNet fo Inception V3 AR 347 2, 23t 50 K epoch ¥ 4, BA I % F R SLF 99.15%,
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TR B AR BB 2 S, A AT L R R AR 45 A4 W 15 8. A I LA R 1 1 % B R 0 34 46 T
FRAE . 5 T XA PS5 F AR XA R AR b 2 i AR AR L B 9 40 285 S BI F IX 40 B A Rl 26 L o g
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SCHRCA-6 T 98 T 25 B 48 ) 245 78 R A 35 b B 0 A Krizhevsky'™ 2012 4E 76 ILSVRC EZ L5 e
Ferp i AlexNet BERIIRAS R A, B RSEIL T 15. 40 % YAE IR, B T IR B 2% o 05 B 28 W) 45 B 5 1
DL R KEVERS K. FE TR ZFnet, VGG, GoogleNet, Resnet 25 I Ji 2 2] [0 45 45 81 b 910 B4R 4 501 (1 4
BERBW R RS 2. 25% . B R BE 2 2 18 FUSR 0 200 B A DR 3. Grinblat 285 F) KR 25 2% A A5 0
YU 7 3 X Ay i AR AT UL REAEMERR IR 3 R SR . 2016 4E . Sladojevic %5 A FH VR JZ i 48 R 4%
WHIT 13 MY B, I HER RN 96.30%. AR, skIDEYRIFT —4 8 EHE M A% % 2 &
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1: procedure FROUTING (u, ;s s 1)

2: for all capsule 7 in layer [ and capsule j in layer({+1): b,;,<0, m,<0, n,<0, a<0.9, §<0.999,
e<10"", t=0, =0.001.

3: for r iterations do

4 ¢;<softmax(b;)
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Name Input shape Output shape
Input (5 AJ2) (None, 147, 147, 1) (None, 147, 147, 1)
Con-1 (None, 147, 147, 1) (None, 71, 71, &)
Con-2 (None, 71, 71, 8) (None, 66, 66, 16)
Maxpool (None, 66, 66, 16) (None, 33, 33, 16)
Con-3 (None, 33, 33, 16) (None, 28, 28, 256)
Pcaps(Con2d) (None, 28, 28, 256) (None, 10, 10, 256)
Pcaps(Reshape) (None, 10, 10, 256) (None, 3200, 8)
Pcaps(Squash) (None, 3200, 8) (None, 3200, 8)
DigitCaps (None, 3200, 8) (None, 10, 16)
OutCaps (None, 10, 16) (None, 10)

2.4 ZRSHIRTE

525G B RS 100, epoch R 50, [A] B FH IR 45 1) CapsNet % 28 Fl1 248 81 5 4% AlexNet DL &
Inception V3 TR B 2% > 5 AU 17 %) L.
2.5 KWIFE

SEH A TS AL AE S 16GB, #53K Inter (R) Core(TM) i7-7700HQ CPU 4b ¥R, ffi F NVIDIA
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Hr TP HIEZR B 45 R N ERM A, TN HAZEm B4R R KW, P oy A b 28 o4~
. N h PR R A A
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i | E-CapsNet W4 I 25 F1 43 2 iE 3048 45 19 15 965 KRS, TRATHR AR MLE R E 3 fin. &t
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[ 5 MBI RIYIZRIE . BRI epoch12 2245 FF 4R M 3w WO B, WSS B2 e, D11 2 o T 35 71 06 1 o ff R il
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A 3CAE AlexNet il Inception V3 #70- {f FFIAH ] 48 11500 S 6 AT I . SR FH 5 050 CapsNet [ BE 1925
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A Neural Network-Based Leaf Image Classification Model

ZHANG Dong-yan, HAN Rui, ZHANG Rui, CAO Jun

College of Mechanical and Electrical Engineering , Northeast Forestry University , Harbin 150040, China

Abstract: The basis of research of trees is to classify them. Combined with the CapsNet neural network
model, 10 kinds of leaf pictures taken in the laboratory are used to establish a leaf classification model so
as to improve the accuracy of leaf classification. Considering the efficiency and image size of the model, an
E-CapsNet network model is obtained by combining the original CapsNet with the traditional convolutional
neural network and optimizing the dynamic routing algorithm to improve the CapsNet. At the same time,
the E-CapsNet network model is compared with the classical neural network model AlexNet and Incep-
tionV3 model. After 50-epoch training, the highest accuracy of model training is 99. 15% , the accuracy of
verification set is 98.51%, and the accuracy of test set is 98.63%. Compared with that of the original
CapsNet network, the accuracy of the test set is improved by 2. 51%. The experimental results show that
the improved E-CapsNet model achieves higher accuracy.
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