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Abstract : In order to realize the fast and accurate appearance quality classification of picked fruits,and co-
operate with the sorting production line to complete the large-scale centralized sorting of fruits,a fruit
classification method based on improved ResNet is proposed in this study. Firstly, the residual module in
ResNet network is combined with the dual channel squeeze-and-excitation block (DC-SE Block) to en-
hance the effective channel features,suppress the inefficient or invalid channel features,and improve the
expression ability of the feature map,so as to improve the recognition accuracy. Secondly, the Inception
module is added to the original ResNet model to fuse the characteristics of different scales of fruit,so as
to enhance the recognition ability of small defects. Finally,four kinds of fruit images with different ap-
pearance quality are enhanced,and the model is initialized by transfer learning method. Taking apple as
an example,the experimental results show that the accuracy of the improved model trained by the data

set is 99. 7% ,which is higher than 98.5% of the original model; The precision rate is 99. 7% , which is
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higher than 98. 3% of the original model; The recall rate reaches 99. 7% , which is higher than 98. 7% of

the original model; The average detection speed under graphic processing unit (GPU) is 32. 3 frame/s,

which is slightly lower than 35. 7 frame/s of the original model. Compared with several advanced classi-

fication methods such as GoogleNet and MobileNet, and compared with different improved models, the

results show that the proposed method has good classification performance,and has important reference

value for solving the problem of accurate classification of fruit appearance quality.

Key words:image enhancement; appearance quality classification; deep residual neural network (Res-

Net) ; dual channel squeeze-and-excitation block (DC-SE Block) ; Inception module; transfer learning
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Fig.2 Apple images with different appearances: (a) Qualified apple; (b) Poor coloring apple;

(¢) Diseased apple; (d) Scar apple; (e) Dried apple;

(f) Rotten apple; (g) Apple with ring rot; (h) Anthracnose apple
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Tab.1 Number of apple data sets after data enhancement

Data set Train set  Validation set  Test set Total
Qualified 3867 670 660 5197
Color defect 3728 632 649 5009
Surface defect 3672 676 640 4988
Unqualified 3712 640 672 5024
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Fig.7 Inception module
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Fig. 10 The accuracy curve of validation set
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Tab.2 Each performance index of the

paper algorithmon test set

Classification P/% R/% S/% Re;([)rg;é;i%o.nsipleed
Qualified_apple 99.4 99.8 99.8 33.7
Color_defect_apple  99.8 99.7 99.9 32.5
Surface_defect_apple 99.8 99.5 99.9 31.4
Unqualified_apple 99.7 99.7 99.9 31.7
Average 99.7 99.7 99.9 32.3
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Tab.3 Each performance index of six algorithms on test set

R 53 500 0 A 3 O AL R A A A K R 6
PR TR0 AE DU AR b A7 DU, 45 20 4% T M e 48 b, 4
F AR, 5 ResNet50 # b, 7E U A Incep-
tion BLHR A IEBL T s Ace $8FF T 0.2 A~ H 43 4 4550
PERE $8 5 45 THEC /N 5 P A AU AR T 0 B % A5 A
HOIAT T BEUF 1 50 2 45 AL, 4 T0UPE e 48 Ar 42 T B 5
Hrpr,DC-SE BlockAce #7771 0.9 4~H 43 s, SE %
B Acc 38T 7 0.5 AN E 73 sl Bk 17 7EAL AR oA
T JIHLE A R U B T A SCEE 1) DC-SE
Block AJ DL I b SE A& B 2 B2 55 = & 09 FR1E
AT S B0 5 4 1 43 28 A8 5 s T A 4 & BRI Ace 43
BIBRTE T 1.2 A E 43 A 0.7 AN E 43 Hoh Incep-
tion fE k5 DC-SE Block 4 41 A A5 5 2 7R 5 4 1)
Gy VERE AR BT T AL e i 28 G L B i A L
PR AT AT — R B 1) S8R R A5 e Ah L 6 RS 1Y S
FH I IO R K 2200, 0 2 S iR oK, R 4
SR L5 O B R AR RE Y T AR Bk 1) Res-
Net50, H A 34 iy ook A 8 BA o A 0y 4 28 0
fE . B0 UE T T H Hh G O e A Rt

x4 ARBUHEBAENRNE PR TUEREER
Tab.4 Each performance index of different

improved models on test set

Algorithm P/% R/Y% S/% Acc/ % Recognition spleed

/frame ¢ s
ResNet50 98.3 98.7 99.5 98.5 35.7
Inception 98.5 98.8 99.6 98.7 35.5
DC-SE 99.3 99.4 99.7 99.4 32.6
SE 98.9 98.9 99.7 99.0 32.7
Inception+DC-SE 99.7 99.7 99.9 99.7 32.3
Inception+SE  99.1 99.2 99.8 99.2 32.5

Algorithm P/% R/% S/% Acc/% Recognition S,pCCd

/frame » s7!
AlexNet 96.1 95.9 98.7 96.2 58.8
VGG16 96.9 97.0 98.9 97.0 45.5
GoogleNet 97.1 97.1 99.1 97.4 33.3
MobileNetV3  97.6 97.2 99.2 97.6 35.8
ResNet50 98.3 98.7 99.5 98.5 35.7
Proposed algorithm99.7 99.7 99.9 99.7 32.3
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AT HE ST TS [R) g A X b R, 4 2
¥ ASTR] 4y Ry 54 ResNet50, M A Inception LB |
Hm A DC-SE Block, H it A SE #i3e L & Inception
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B 12 FEEHMWEHHFFER: (a) RERER; (b) Inception M HIFIEE; () F 2 NMERERWHRFER;
(d) ESANRERBEFMER; (e) B I0ANKRERMBEFMER; (f) £ 2N KRERBHBFEE
Fig. 12 Output feature map of different layer structures: (a) Unqualified apple; (b) Output feature map of Inception module;

(¢) Output feature map of the second residual block; (d) Output feature map of the fifth residual block ;

(e) Output feature map of the tenth residual block; (f) Output feature map of the twelfth residual block
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