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EfficientNet edible fungus image recognition

based on improved weight decay
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Abstract: Objective: In order to solve the problem of edible
fungus species identification, an EfficientNet edible fungus image
classification model based on convolution neural network is pro-
posed. Methods: Firstly, the edible fungus images were collected
and the datasets were made according to different equipment and
shooting environment, and then the model performance was im-
proved through model training skills and network skills. A
YWeight weight attenuation method was proposed to control the
effective learning rate, and the generalization performance of the

model was affected by controlling the cross-boundary. Results:

This method makes EfficientNet-B0 obtain 79.82% (4 0.85%)
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top-1 accuracy on the self built dataset YMushroom, and only
78.97% in the default training process. On the public dataset fun-
gus, the accuracy of EfficientNet-B0 was 87.62% (+40.78%) and
the original training accuracy was 86.84%. Conclusion: Experi-
ments show that by adjusting the super parameters, the model
finds a near optimal solution, and improves the performance of
the edible fungus image classification model through weight at-
tenuation, which provides a basis for the automatic management
of edible fungus planting base in the future.
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decay after grid search
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Figure 4 Offset of training and testing in feature space
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1/32, 3 & & H 4 H 1/27. MobileNetV2 5| A T
Bottleneck £5 44, #4 H % i1 5 25 48 5, 55 i K B R ok 1Y
6 1%, i o B 4 /0 OB 8 5k 22 813 (Inverted Residual
Block), P4 FREMNZE 1 Fixw,

1.3.2  EfficientNet-BO  EfficientNet"" ™1 3= - [ £ 4iE
Zeffi 11 T MobileNetV2 [ £ 1 () MBConv £ 2k, fif 1]
SENet H ) JE 45 B il A B (squeeze and excitation) 1t 4 ™
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Table 1 Main structure of MobileNet

Type/Stride Filter Shape Input Size
Conv/s2 3X3XK3X32 224X224X3
Conv dw/sl 3X3X32 dw 112X 112X 32
Conv/sl 1X1X1X64 112X112X32
Conv dw/s2 3X3X64 dw 112X 112X 64
Conv/sl 1X1X164X128 56 X56 X 64
Conv dw/sl 3X3X128 dw 56 X56X128
Conv/sl 1X1X128X128 56X56X128
Conv dw/s2 3X3X128 dw 56X56X128
Conv/sl 1X1X128X256 56X56X128
Conv dw/sl 3X3X256 dw 28X 28X 256
Conv/sl 1X1X256 X512 28X 28X256
Conv dw/s2 3X3X256 dw 28X 28X 256
Conv/sl 1X1X256 X512 14X 14 X256
5X Conv dw/sl 3X3X512 dw 14X 14 X512
5X Conv/sl 1 X1X512X512 14X 14 X512
Conv dw/s2 3X3X512 dw 14X 14 X512
Conv/sl 1X1X512X1 024 TXT7TX512
Conv dw/s2 3X3X1 024 dw 7TXT7X1 024
Conv/sl 1X1X1024X1 024 TXT7X1 024
Avg Pool/sl Pool 7X7 TXT7X1024
FC/s1 1 024X1 000 1X1X1 024
Softmax/sl Classifier 1X1X1 000
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%7€ CIFAR-10 %45 £ I ffi FH ResNet50™) ] 45 il Mo-
bileNetV2 [ 2 #E 47 %F ik 5, 45 R WL3& 2. K ResNet50
Y%k 120 %, MobileNet Yl 4 150 5, J5 1 #5581l 2 i
top-1 K5 E R 92.3 % 1 91.41 %, fi I DL - 34y £ 4k 15 47 9 2
JE VI top-1 K5 BE R 92.37% H1 91.53% , {fi F YWeight
FEINGR)E ) top-1 K5 JE Ry 92.41% F1 91.58 %,
2.5 HB\ERBERSW
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BEAT X LG5, 43 0 7 2 L B HiE 4 Fungus A1 A @ B il 4
YMushroom b #EAT Il 5, 3 B 15 i I 4% 25 1 3 £
9%, /& B K 7F ImageNet I+, MobileNet 7F & % & 2
VGG16 B 1/32. 1 /& VGG16 9 1/27 (R T . 5
VGG16 JLT A3 T AH A (94 B . T £ B EfficientNet &
2% BN HAESE T MobileNetV2 i) MBConv £ /E K
AR ) 3+ W25, [A] B 3£ H SENet H1 Y squeeze and ex-
citation J7 V& X} W 28 45 4 AT T Ak 72 8 A2 Y
R h ARk Bl L B e K B

Wk 7F Fungus 04 £ F X ik 56, & 3%
MobileNet 55 EfficientNet [ F [ £ 25 14 38 i Y Weight J5
PR 2 2 R ARCE YU, X R — o R T
fifi | YWeight 75 %76 MobileNetV2 % [- 17 Il 25 i ks

P = %EP i (8 w4 % YWeight-MobV2, 78 EfficientNet-Bo [ % I
B 1< TTINZRI BB A 24 o Y Weight-EffBO,
R= 2R, (19 T E 3 R, M0, W 0.2,0 W 4.0E— 005 B,
5 2PR 20y MobileNet V2 [ fER %N 82.71% . % F {H R 81.47% ;Y4
P +R il Y Weight 7 i 45 4l £, N 0.4, a 8. 00 , YWeight-
R2 YWeight 5§ BOKEER
Table 2 YWeight and BO experimental results
Rt KA BO Y Weight
P 245 48 70
L, A top-1/% L A top-1/% l, A top-1/%
ResNet50 0.4 1E—004 92.30 0.54 8.5E—005 92.37 1.5 0.6 92.41
MobileNetV2 0.2 4E—005 91.41 0.67 2.4E—005 91.53 0.4 8.0 91.58
% 3 Fungus $iiE&E FIRFIER
Table 3 Identification results on Fungus dataset
FEAY g1 S8 T l, a W/ % K F /%
MobileNetV2 150 3.5M 300M 0.20 4.0E—005 82.71 81.47
YWeight-MobV2 150 3.5M 300M 0.40 8.0 83.59 82.34
EfficientNet-B0 150 5.3M 384M 0.35 4.0 86.84 85.61
Y Weight-EffB0 150 5.3M 384M 0.50 8.0 87.62 86.29
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Figure 6 Variation curve of loss function of each model

on Fungus verification set
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W R FE A48 T+ -5 Bk P, MobileNetV2 1)
FEEALIE T T0.37 % , 1 EfficientNet-B0 i % F {f #2

£ 4 YMushroom ##E& FIRF| & R

Table 4 Identification results on YMushroom dataset

e L1055 ZH W5 L a WA/ R FfE/%
MobileNet V2 250 3.5M 300M 0.3 4.0 75.48 74.24
YWeight-MobV2 250 3.5M 300M 0.4 8.0 76.35 74.61
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Figure 7 Variation curve of loss function of each model

on YMushroom verification set
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