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Research on apple epidermal damage grading based on lightweight con-

volutional neural network

FU Xiahui, WANG Juxia’, CUI Qingliang, ZHANG Yanqing, WANG Yifan, YIN Yan
(College of Agricultural Engineering, Shanxi Agricultural University, Taigu 030801, Shanxi, China)

Abstract: [Objective] In the process of apple selling, the damage of its epidermis will directly affect
the economic value of the fruit. The presence and severity of apple surface damage directly affect the
sales link, and customers often care about the epidermis damage when choosing apples. At present,
most studies focus on apple size, color and appearance classification, and the use of high-end instru-
ments to detect the damage inside the apple, while the study on the direct classification of surface dam-
age is rare. The camera was used to collect apple epidermis damage images, classify and preprocess the
acquired images, and conduct a direct classification on apple epidermis damage based on transfer learn-
ing method, which can provide a theoretical basis for improving the classification efficiency of apple
epidermis damage and guiding the classification and apple sale after harvesting. [Methods] Firstly, the
camera was used to collect the top, side and bottom images of Fuji and Danxia apples to form the first-
stage data set. Then, 11 batch of operations, such as contrast adjustment, rotation, flip and noise addi-

tion, were carried out to expand the data set to 9360 pieces to form the second-stage data set. At the

Uks HEA:2023-05-24 EZ HEA:2023-07-26

EEWB : HEARAREEETH (11802167) ; 1LV H i & THRIIH (202102020101012) 5 117544 8 EEARIF 525 H (201901D211364)

TEZBN AT EE, B L E T AR, 2B HLES 252 2] R TR I T R RE 48T 9T, Tel: 13294552666, E-mail : 13294552666@163.
com

*J@{Z{E# Author for correspondence. Tel: 18634418916, E-mail : wangjuxia79@163.com



2264 3 ) 2 e 403

same time, the expanded sample set was uniformly adjusted to 224 X224 pixels to form the final data
set. According to the ratio of 7:3:3, the preprocessed data set was divided into training set, verification
set and test set. Five lightweight convolutional neural networks less than 20 MB, MobileNet- v2,
SqueezeNet, ShuffleNet, NASNet-Mobile and EfficientNet-b0, were selected for initial training, intro-
duction of migration learning training and migration learning under the same super-parameter Settings
On a Bottleneck basis, and three methods were added for detailed freezing network layer weights (the
MobileNet-v2 network structure is specifically divided into 21 modules for freezing training, which con-
tain 3 convolutional modules, 1 average pooling module, and 17 Bottleneck modules). [Results] The
test accuracy of the five kinds of networks after initial training was only 56.32%-71.98%. The final
training accuracy of MobileNet-v2 model based on transfer learning was 99.04%, 18.79% higher than
that of the worst EfficientNet-b0 model among lightweight convolutional neural networks. After freez-
ing different module parameters on the basis of the MobileNet-v2 model were based on transfer learn-
ing, it was concluded that models Bottleneck 3-1, when they select to freeze to the first convolutional
module, can shorten model training time and improve model validation accuracy. When Bottleneck 3-1
module was frozen, the training time for Bottleneck 3-1 was shortened by 29.32% compared to Mo-
bileNet-v2 model based on transfer learning, the verification accuracy increased by 0.93%, and the test
accuracy increased by 1.12 percentage points to 91.58%. The average time for detecting a single image
was 0.14 s. The network size was 8.15 MB, which can meet the requirements of fast identification. The
final training loss value of the MobileNet-v2 model based on transfer learning was less than 0.04, which
was 0.5 lower than that of the worst performing EfficientNet-b0 model in lightweight convolutional neu-
ral networks. The test results showed the recall rate and precision rate of MobileNet-v2 confusion ma-
trix diagram based on transfer learning and five kinds of lightweight convolutional neural networks
were based on transfer learning in the test set. Among them, the MobileNet-v2 model based on transfer
learning had the best performance, and the recall rate of 6 types of data in the test set ranged from
89.40% to 100%. The precision ranged from 53.52% to 99.78%. The Grad-CAM visualization compari-
son of the trained network showed that the SqueezeNet model based on transfer learning had the worst
visualization effect and the lowest recognition accuracy. The visualization effect of NASNet- Mobile
model based on transfer learning was poor. It can only display a large range of concern areas, and the
recognition degree of some pictures was not high. The visualization effect of the MobileNet-v2 model
based on transfer learning was obviously better than the previous two models, but the key areas identi-
fied by the model were different from the reality. A MobileNet-v2 model based on transfer learning
tended to have the best visualization effect on a network that was Bottleneck 3-1 when it was frozen to
a Bottleneck 3-1 module, and the key areas identified by the model had the highest compatibility with
the actual situation. [Conclusion] In this study, five kinds of lightweight models with Bottleneck 3-1
were selected for initialization training and transfer learning training, and it was concluded that Mo-
bileNet-v2 model with transfer learning had the best effect. Then, the freezing strategy was used for hi-
erarchical training. The verification accuracy reached 92.23% when Bottleneck 3-1 was frozen. The test
accuracy was 91.58%, the average recognition time was 0.14 s, and the network size was 8.15 MB,
which can provide technical reference for mobile terminals and embedded devices in the direct classifi-
cation of apple fruit damage.

Key words: Apple epidermis; Damage classification; Lightweight; Transfer learning; Freezing training
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Fig. 3 Enhance the contrast, reduce the contrast, add salt and pepper noise, and add Gaussian noise for Fig. 1-d

#F 1 MobileNet-v2 EE{RRILRLEH
Table 1 MobileNet-v2 overall network structure
el fIA ik 55 i A JEEE AL AR K
Operator Input Expansion multiple Number of output channels Number of iterations Stride
Conv 1 224x224x3 - 32 1 2
Bottleneck 112x112x32 1 16 1 1
Bottleneck 112x112x16 6 24 2 2
Bottleneck 56x56%24 6 32 3 2
Bottleneck 28x28%32 6 64 4 2
Bottleneck 14x14x64 6 96 3 1
Bottleneck 14x14%96 6 160 3 2
Bottleneck 7x7x160 6 320 1 1
Conv 2 7x7%320 - 1280 1 1
Avg pool 7x7x1280 - - 1 -
Conv 3 1x1x1280 - q - 1
T FROR G EAE T . N
Note: “=” represents the operation has no such data. The same below.
. Ci, 3x3 6xCiy 1x1 6xCi
MobileNet-v1 ow PW —_
. L Ixl 6xC, 3x3 6xCi 1x1  Cu(=Cy)
MobileNet-v2 ¢ PW ow PW _
ResNet G [1;\*/ - Sta3nxd3ard N Il;\</1/ N
Conv
[# 4 MobileNet-vl, MobileNet-v2, ResNet =FH/4EHI1% &R BAE

Fig. 4 The core module ideas of MobileNet-vl, MobileNet-v2 and ResNet
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Fig. 8 Confusion matrix based on transfer learning MobileNet-v2 model using test set
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Table 2 Comparison of recall rates of different types of models based on transfer learning %
FEF IR _ - - -
AL FEES FERG FIE RS R RY CE B E
IZRI R . . . :
. No damage Slight damage Serious damage No damage of Slight damage Serious damage

Transfer learning . . . .. .. ..

.. of Danxia of Danxia of Danxia Fuji of Fuji of Fuji
training model
MobileNet-v2 90.22 89.53 91.92 89.40 90.67 100.00
NASNet-Mobile 85.33 83.68 87.12 83.62 85.41 96.33
ShuffleNet 84.18 84.26 84.93 83.90 84.27 92.00
SqueezeNet 76.25 76.11 77.43 76.07 78.20 87.25
EfficientNet-b0 75.60 74.59 76.45 75.12 78.19 86.73

®3 ETiIEBFEINERE S AAEHELL

Table 3 Comparison of precision rates of different types of models based on transfer learning %
FEF i _ - . -
BB i FIEHN FHE R FHEE SR e RN
IZRALRY . . . ;
. No damage Slight damage Serious damage No damage Slight damage Serious damage

Transfer learning . . . .. .. .

.. of Danxia of Danxia of Danxia of Fuji of Fuji of Fuji
training model
MobileNet-v2 99.78 88.08 95.34 95.74 80.69 53.52
NASNet-Mobile 94.38 82.32 90.37 89.55 76.01 51.56
ShuffleNet 93.11 82.89 88.10 89.85 75.00 49.24
SqueezeNet 84.34 74.87 80.32 81.47 69.59 46.70
EfficientNet-b0 83.62 73.38 79.30 80.45 69.60 46.42

JEE AT 43 2K [B] 26 B g 19 2R T 3T B 4 2 16 Mo-

bileNet-v2 18 4k AT VR 45 VI GRAE 55, i — 2D HR 5%

FE 15 AT DIIBRR 28 1 2R 18] DL R 2 TR

2.2 EHTFiT# 5 S MobileNet-v2 B R 45114
F 4 NFET T2 ] () MobileNet-v2 A5 7 14 45

. FAKEIF MobileNet-v2 M 2% 45 #) 1 ) Bottle-

neck B, 71 2 T 1L % 31 1) MobileNet-v2 155 71 5
fih EVREEAN AR 24

ANUR G5 AT AT 2 BB R S0 UE A B 91.30%, 1]
RIS R 7816 so MNFR 4 Hh ] DL A R 2 2
IRIZUREEIT , YI SRS TE) RIS 1) 56 uE K B AR 2 F
[ A, 1R 45 22 Bottleneck 7 B A5 1Y 56 41F K FE L4 IG
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=4 ETiTBEF SR MobileNet-v2 EBLKRLE 2

Table 4 MobileNet-v2 model freeze training based on transfer learning

o e A kA H

UREE R ZIAE R I ZRI R VRSS2 238 A E J5 I U6 UERS 2

i%;;'zrator ffp);t Number of output Expa.nsion S/;fze Freeze to the tr'flining time Freezing the Veriﬁcation.
channels multiple after the operation/s accuracy after the operation/%
Conv 1 224x224x3 32 - 2 7627 92.78
Bottleneck 1 112x112x32 16 1 1 7799 91.81
Bottleneck 2-1 112x112x16 16 6 2 7685 91.53
Bottleneck 2-2 56x56x16 24 6 1 6695 91.44
Bottleneck 3-1 56x56x24 24 6 2 5524 92.23
Bottleneck 3-2 28x28x24 24 6 1 4951 89.63
Bottleneck 3-3 28x28%24 32 6 1 4988 89.50
Bottleneck 4-1 28%28x%32 32 6 2 5203 88.71
Bottleneck 4-2 14x14x32 32 6 1 4481 89.59
Bottleneck 4-3 14x14x32 32 6 1 5292 87.51
Bottleneck 4-4 14x14x32 64 6 1 3952 89.08
Bottleneck 5-1 14x14%64 64 6 1 4079 87.23
Bottleneck 5-2 14x14x64 64 6 1 3702 87.51
Bottleneck 5-3 14x14x64 96 6 1 4005 87.27
Bottleneck 6-1 14x14x96 96 6 2 3712 83.06
Bottleneck 6-2 7x7%96 96 6 1 3715 80.93
Bottleneck 6-3 7xTx96 160 6 1 3173 73.48
Bottleneck 7 7x7x160 320 6 1 3056 69.18
Conv 2 7x7%320 1280 - 1 - -
Avg pool 7x7x1280 - - - - -
Conv 3 1x1x1280 1000 - 1 - -
T 70% I DA P 4k 55340 45 0 24 RO R 32 R 5 AEMRRIPHHERL
M4BT H R BAF 4 25 1 N2 Bottle- Table 5 Comparison of evaluation indexes
neck 3-1 LIRS ¥ A 46451 B I 2500 6] 0250 1 of different models
BB BRI . R LB B e Kwar
NG AT S A BRI UFRE S = T 1.48%, based model accuracy/%  time/s size/MB
YIRS ] 45 %6 7 189 s. 7E 1745 2| Bottleneck 3-1 15 MobileNet-v2* 91.58 0.14 815
Yelbf LA S AT AT SR B IR LA T a0 o
NASNet-Mobile 85.13 0.39 15.50
29.32%, Y EHERA AR = T 0.93% ShuffleNet 03,62 o2 27
WRS xR, R TTREIMES S SqueezeNet 75.96 0.04 2.63
Bottleneck 3-1 i 3 5 Il 25 1Y) MobileNet- v2 F5i 7 EfficientNet-b0 73.97 0.16 14.60

(MobileNet-v2*) , £ T3 #% % >J ) MobileNet-v2 £
B BT #5254 > [F) NASNet-Mobile B! 3 i #%
2 2] 1) ShuffleNet #5284 | 3 T 1T # %% 2] [ SqueezeNet
TR RN HL T 3T 7% 2% 2] 1) EfficientNet-b0 5 71 3L -3l
PR TE MRS 2 VR 31 e [ 19X 28 K /I = 7 T (1) %
Eb , 3 F 3F #% 2 2] () MobileNet-v2 #& %1 75 1% 45 5]
Bottleneck 3-1 F4t J5 I 2k AT 15 WX 254 X85 7 A =
1£91.58%, R A 1] 0.14 s, B 2% K/ 8.15 MB, fig
FELRUE B e R RS BE B RT3 T B IS i TR 30 2%
i AR N T A o

2.3 Grad-CAM A4k

Grad-CAM #H B 8 BE I AL SR B0 B it (gradi-
ent-weighted class activation map) , F =% #1 25 X %
(R4 HBEA T ATAIAL , AT BN 7 R A AR e I 255 4l
H 3 R SR () B LI Y e B o EE A S S
Pl TS e A 7 ) A 000 e 39 R et L Y
5 B A TOUE ] S AN IR Nt 7 ) P B I A7 8 P DA
SRS % e 4% 30° B P 72 42 40 0056 1, 4 FH Grad-
CAM ARG H BT I aT A 7R, an B 9 Pl A
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MobileNet-v2*

FET TR oI
MobileNet-v2
MobileNet-v2 based on
transfer learning

FE TR I
NASNet-Mobile
NASNet-Mobile based on
transfer learning

BT IER I
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SqueezeNet based on
transfer learning

9 Grad-CAM ATt
Fig. 9 Grad-CAM visualization

8 B 21 20 [ IR AR R AR R T P X 3o i
FIEEh0n. ME9FTLIE H, B T A2 %% 2] 1) SqueezeNet
TR BT AL R SR B 22 5 IR AR E 1 25 2 f iR 1)
i BE R A s 55 T 1L # % 21 1) NASNet-Mobile 5 84 1]
AR B , R g s RVG L Qv X 45, 370
JrAR M FEAS iy s 2 T 1L #% %7 21 ) MobileNet-v2 A5 84
AT AL SR B AR T A PR AR AR, (AR AR 1) )
RIS SR A BT 2 2 T3 # %% > B Mo-
bileNet-v2 15 8 71 % 45 31| Bottleneck 3-1 #H J5 Il 25
JIr 159X 285 1R ] A4 280 SR B A AR AR ol P’ R () B A
X 355 5 S BRI A BE f e > 7] DU 2 7R H AR A
TE S SR 2 iz UG B 1 s e 1 5 R A

3o i

ANFIPE PSR o SR Ui S R M DN
N R FE R BB SRR AN AR [F] S 1K B R

o 3 SRR B AT TR (B 2 5 [l IR AR 4 5 1
b 25 R e R ) e R K X S SRR B AR AT T T
WAINESE P e A E KR 3 L IR PN L P E N A
FA AR AN v i B2 o S SR A O AT R I A 3 2
JRAS AR 58 e L ANIE & K AR 9 5 Y 5 1o Ao P
TEARHLR SR 3 SRR B (B 0 BB AT 70 IR FU 8K
A, B ARHLR AR BB AR BE 1 e A 1 5k L 3R
P Py >R AR R Ismail SR T 5 A Fp L
550 7K 3R B BREAT IR 0 M7, AR SRR 2 A L (B
PR B RIS, A5 H Az 4L
REZTERSS . SEHAEAHE T I I P X BAT AR
PER R AT 2 A3 R A A, R4 780 5K KR
IR AR R Y T 9360 7K : TiE T H M E M
2RI TE A P D b R s ) B AR AR
RS, R 3T 7 R AR UE SR A L], ik
45 LS NG T SEBR ; AE IO 2%, $hik 54~ 20 MB LA
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TR ERERME MR, HE A
505 8% Bl AR N 35 2% 1 A E SR R 255,
NI HEE S S K ) 40 S S s AR A B 5 I, e
FHIE A% 5 I BRI [R5 38 0 2% 25 I 25 SR 0, TE 4 4
155 A I 25 6 A) f S Al B R B R R FE SR B T
92.78%. H.H, 7E 445 F| Bottleneck 3-1 B i} bt I
T 1L 2% > 1Y) MobileNet-v2 #5584 Il Zx i 7] 48 565 1
29.32% , [ I 36 AIE S FE 32 5 17 0.93% , Ml KG 2
91.58% , e W il /& e A1) 73 G 75 5K, oA B 72
ke

FEE— BRI, AT NS R AR, R
AL R AR EIR &, R T R E G E M 21
P BT IR B 5 AR 48 X 25 TR AT IR 4, £ R iRl 1)
TR S5 R i 406 X 8 DD s BRZR B e 4k , ot b ARAL
H AT 47 1Y Yolo 5572 F1 Faster R-CNN .74, $2 51 58
BrFNG> ZRR

4 Z&

SEHTEARW T LR 5120 MB BL R R E L
R AT VAN SR 5 1T 5= ST GRRt b, A3 &
I3 #% 2 = ) MobileNet-v2 #7255 AL , B J 1
FH ¥ 45 S g 347 43 2 I 4k, He P 78 1R 45 31 Bottle-
neck 3- 1 5 P 56 0 45 T3k 92.23% , Mk B2 A
91.58% , “F- 35 R 5} [8] 29 0.14 s, (Y 2% K /N4y 8.15
MB, N 3l £ uify Al N\ 3% 4% 75 358 P45 B
RO AR S
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