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Review on Deep Learning Technology for Fruit Target Recognition

SONG Huaibo'? SHANG Yuying'? HE Dongjian'"’
(1. College of Mechanical and Electronic Engineering, Northwest A&F University, Yangling, Shaanxi 712100, China
2. Key Laboratory of Agricultural Internet of Things, Ministry of Agriculture and Rural Affairs, Yangling, Shaanxi 712100, China)

Abstract; Machine vision technology is the key of fruit target recognition and positioning. Traditional
target recognition algorithm has low accuracy and slow detection speed, which is difficult to meet the
needs of actual production. In recent years, deep learning methods have shown excellent performance in
fruit target recognition and localization tasks. The fruit target recognition algorithm based on deep learning
has the advantages of high detection progress and fast detection speed, so it is widely used in the fruit
target recognition task under different scenes and has achieved many good achievements. The data set
preparation and fruit target recognition models were reviewed. Firstly, the characteristics of supervised,
semi-supervised and unsupervised methods related to dataset preparation were summarized. Secondly,
according to the development process of deep learning algorithm, the common methods and practical
applications of deep learning-based fruit target detection and segmentation technology were summarized,
the previous research on the detection and segmentation of fruit objects such as apple, citrus and tomato
under different natural scenes was summarized, and the research progress and application of lightweight
model were summarized. Thirdly, the problems and challenges of deep learning-based fruit target
recognition technology were summarized. In the end, the future development trend of deep learning-based
fruit target recognition methods was pointed out, that was, weakly supervised learning would be used to
reduce the dependence of models on data labels, and the detection speed of lightweight models would be
improved to achieve real-time and accurate detection of fruit targets.
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Fig. 1 Species and quantity of fruit involved in citation
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Fig.2 Comparison of different recognition tasks
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Fig.3 Basic steps of fruit target recognition
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Fig.4 Development of object detection algorithm based on deep learning

2.2.1 PR BOR S H ARSI 5

PR I B I 7 12 SRR Sy i e 1 DX sl %) 4G 0 5
2o WG HLER Tk S CNN AHEE G e i —
F T R — CNN [ RG DU AE 22 36 oo i £ vk 48 R 3R 15
JS AT RE 22 B4 8 XA, 1 T NN AR AT 42 DX 3
URFAEIE A SVM #4753 28 . SPPNet 5] A H i i
KB AL, HAZ 17 B [ R — CNN B, Fast R -
CNN FI] A 2% # b 4k X 4, ( Region of interest Pooling,
Rol Pooling) JZ {4 25 1] 4 7 15 b fk ( Spatial pyramid
pooling, SPP) JZ Al T #E B g B . th T° SPPNet
Al Fast R — CNN Az il i i 6 X 8 i g 2, 380 T
R iSRS, I W T 37 52 8 1 IR, —
A X 3 A= B Y 2% ( Region proposal network, RPN) 7
2 A e o X, G A Ry T T % YRR
AR i 1 R — AR A e 6 DX I, HLBEAS XS4 Ay
A HE

Faster R — CNN #& %I F§ RPN H(f{ Fast R — CNN
P SRR A AR L A ) 2% 52 1 Oy 3 A A i
DX, F) ) Softmax 7326 &% 58 MO 25 A1 27 ) 3 A2, K
Ko PEREAT 1R 32 &, 8 1z 8L T H A A
145 . Faster R — CNN 553k B 4# 1iF 42 B % . RPN Al
Fast R — CNN BEHRA I, 15 50 X0 i A 199 45 o (1 [ 45
HEATRRAE S I, PR 2 ORI (9 7 AR % A RPN T Fast
R— CNN, A4 plg sl WO IEAE . an SCmk [ 7,33 ], 1 H
Faster R — CNN BRIl S B A 9837 56 F 09 M A 2R 52
A SR AR A G I, SR mAP B AR X B, A
RORAHAE

FI TR 24 > BRI Faster R — CNN BRI 45
FAHEATRCE , AT L 4 ey 55 18 1 22 Al P R R ARG T A
SR (34 ], A I 2 S I 25 5k T Faster R — CNN
(AR AR RS RIS RS, ] A 280 e AR DI A8 7 ) o7 24451
o, ELBORSP- i R s o SCAR 35 ] A I R 2 )
T8 AlexNet X 4% 4 Faster R — CNN J5 15 M 4R E
FEWUZ , n] figp ok T B A PR TP AR A B DR A A
B0 R S o e P T S B U RS BB 1)L

T e R I MR R AR bR B AR TR B
P BERUTE H bR A7 72 IR | H AR 28 RN TE 22
ARG T B, — 2L X Faster R —
CNN Bk EAT T okt o 2% T B oF i 2E 47 B s 7
BT Faster R — CNN A5 AU AG I AN [] B 224 2 46
AL FE AR R 22 BRSSO TR I R B Y )
T R VGG16 W 45 B Faster R —
CNN JfU i B FRAE 32 UZ , OF 20t RPN B9 254, w] 4%
e RO A AR T R A% Ak R R R S A 0K R 1%
B M R X R M S A Faster R — CNN
HEZL, A2 % Faster R — CNN KR X A [A] 2 285 0] B
RS DORS BE 0 Rl RGB G R BE S ., 9wl
A4 R R RS B, AT 2 5 Faster R — CNN X/ H
SR IGR RIS

JAE I R = T AR 1119 1B S Rl A 3 e o AR L
( Region-based fully convolutional networks, R —
FCN) , L2 10 4 5 R 28 40 i, mT 52 B A &
R IEE A RO T SHOTA IS B
BB e 7 BB R R F R AR S B bR



%13

RP 25 RS A PRIRE

2 o PRI B W5 3t 5

T v £ ST T A i) A P G 4R AR LA A e I
SRR I Y . I ResNet — 44 4 R — FCN
(14 BB e O 2 BB I 4%, T A IR S T S R B Y

B K 3% A B S I R R H b, OF 7 AR R 4% 5
Hg T W B S A ) B O 1 R O R S R
1w,

=1

ETANREFNRESBHFRIANFARTAR

Tab.1 Research on fruit target recognition based on two-stage algorithm
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Tab.2 Research on fruit target recognition based on one-stage algorithm
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Tab.4 Research on fruit target recognition based on deep learning instance segmentation algorithm
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Fig.6 Common method of network lightweight
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Tab.5 Research on fruit target recognition based on lightweight model
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