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Abstract: [Objective IChina is a global leader in fruit production, and fruit picking mainly relies on manual labor,
which helps to select fruits according to fruit size and quality to reduce loss in this way, different techniques and
tools can be adopted according to the characteristics and picking needs of each fruit tree . However,the present
picking field is faced with the problem of decreasing human resources and aging problem.Meanwhile, the
traditional manual picking method has become unable to meet the demand for fast and efficient picking. To solve
the problem of labor shortage,the research and development of automated fruit picking equipment with integrated
computer vision has become the key to solve the problem of labor shortage. It can effectively improve the
efficiency and quality of fruit picking. [ Methods ] Automatic picking equipment combined with computer vision
often uses object detection algorithms to identify objects, and object detection algorithms can be divided into
traditional algorithms and deep learning-based object detection algorithms.Traditional algorithms identify the
position and bounding box of a specific object in an image or video, usually by preprocessing the image (Scaling,
grayscale or normalization), feature extraction (using traditional hand-designed features or automatic learning

based
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on machine learning), classification or regression (confirming object class and location), and non-maximum
suppression to further optimize and filter detected objects. When traditional fruit detection algorithms process
images in complex environments, their limited expression ability and robustness are easily affected by
illumination, occlusion and other factors, resulting in a decline in recognition accuracy. Furthermore, with the
increase of feature complexity and computation amount, the algorithm processing speed will be reduced. When
changing scenes, adding fruit types, and updating features, the feature extractor needs to be redesigned and
adjusted, and in special cases, the entire system needs to be retrained. Compared with traditional fruit detection
algorithms, the fruit detection algorithm based on deep learning can extract and learn rich features from a large
amount of data, and has higher accuracy and robustness when processing noisy data. When changing new
environments and adding new categories, the fruit detection algorithm based on deep learning can improve the
recognition ability and recognition accuracy of the model through transfer learning, data enhancement,
multi-model combination, feature fusion and multi-modal data. [ Result] Fruit detection algorithms based on deep
learning can be divided into two categories: one-stage target detection algorithm and two-stage target detection
algorithm. The one-stage object detection algorithm achieves end-to-end detection by using a single convolutional
neural network to directly predict the target location and category. This method achieves fast detection while
maintaining high accuracy, transforms the problem of target detection into a regression problem, and completes
the location and classification of the target directly. In the training and deployment phase of the algorithm, the
first-stage object detection algorithm uses pruning and quantization techniques to reduce the model size, which is
suitable for running in mobile devices or embedded systems with limited resources. The two-stage target detection
algorithm is called the target detection algorithm based on region of interest or region suggestion, which is usually
divided into two stages: 1) generate a large number of candidate regions by selective search, regional suggestion
network (RPN) and other methods; 2) through the network processing including classifiers and boundary box
regressors, the candidate region is identified and accurately located. Traditional algorithms are effective in simple
scenarios, but are often limited by design features in complex environments. Algorithms based on deep learning
are more suitable for automated fruit picking due to their high efficiency and accuracy. This paper summarizes the
improvement and application of traditional Object detection algorithm and deep learning-based Object detection
algorithm.And,This paper summarizes the improvements and applications of traditional spherical fruit detection
algorithms and deep learning-based spherical fruit detection algorithms, and analyzes the advantages and
disadvantages of these algorithms in different use scenarios. [ Conclusion ] This paper summarizes the fruit picking
recognition algorithm and puts forward the future development trend of the algorithm.With model optimization
and lightweight as the starting point, efficient network architecture or model compression technology is adopted to
reduce computational complexity and model size, improve model processing speed and adapt to mobile automatic
picking equipment. Enhance data processing, improve model generalization by preprocessing and synthesizing
data, and optimize model adaptability in changing environments. The accuracy and robustness of model
recognition are improved by combining spectral, infrared, laser and other sensor data. The model adaptive
adjustment algorithm was developed to adjust strategies and parameters according to real-time feedback and adapt
to different fruit picking operations and different picking environmental conditions. In the fruit picking

recognition algorithm based on deep learning, YOLO can directly predict the boundary box and category



probability of the target in a single forward propagation to achieve near real-time detection, which is very
important for the fruit picking robot in the orchard that needs fast response. The end-to-end design of YOLO
simplifies the training inspection process, reduces complexity, and enables faster deployment in picking robot
systems. In the changeable environment of orchards and groves, YOLO can effectively distinguish between fruit
and background, improving the accuracy of detection. With the continuous research of domestic scholars, YOLO
algorithm is also continuously iteratively optimized, and its detection ability of objects of different sizes and
shapes is significantly improved, which can adapt to the maturity, size and occlusion of fruits, and improve the

detection performance in complex environments.
Keywords: Object detection algorithms; Deep learning; Convolutional neural networks; Computer vision; Fruit
picking
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Table 1 Improvement and objectives of various Yolo algorithms
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Improvement: Treats object detection as a regression problem, using global image
YOLOvV1 GoogLeNet

features to predict bounding boxes.

Objective: Achieves fast detection, suitable for real-time scenarios, but with limited

accuracy.
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Improvement: Introduced batch normalization, multi-scale training, and anchor boxes.

YOLOv2 Darknet-19

Objective: Enhance model accuracy while maintaining a high response speed.
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YOLOV3 Darknet-53 Improvement: Multi-scale detection and feature fusion using FPN.

Objective: Enhance the detection capability for objects of different scales, adapt to

complex backgrounds, while maintaining fast response.
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YOLOv4 CSPDarknet53 Improvement: Introduced CSP structure to reduce computational load, Mish activation

function, and integrated various data augmentation techniques to enhance robustness.

Objective: Maintain real-time performance while improving accuracy, particularly

suitable for applications in complex backgrounds.
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Improvement: Focus structure, adaptive anchor boxes, and image scaling, optimizing
the network architecture for model light weighting.
Objective: Increase model flexibility and efficiency, ensuring accuracy while further
enhancing lightweight design, suitable for deployment on embedded and mobile
devices.
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Improvement: Integrated multi-scale features through PAN topology.

Objective: Optimize for targets of various sizes, but increased complexity.
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YOLOVT E-ELAN Improvement: Introduced new model scaling strategies to ensure effective scaling
across different hardware platforms, and improved feature extraction efficiency and
effectiveness through enhanced layer aggregation methods in the network architecture.
Objective: Enhance model performance on various hardware platforms while
maintaining accuracy.
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YOLOVS CSPDarkNet.S3 Improvement: The backbone network employs the C2F module, decoupled heads
separate classification from localization, eliminating the object branch to enhance
detection speed and accuracy.

Objective: Further improve speed and precision, suitable for various application

scenarios.

SR BRI T, RIS 5 R AR BUEOARIL, (S AR MRS IR R S, Bl st
R SR RS LA R A S DL, iR RS B Rl 2B PR Y D-YOLOV3 5%, RA%
LEEFBFMN LS (Densely Connected Convolutional Networks, DenseNet) B, HHoshRE&#E, SCIURFIER)
SH . EEEIEER, Song S REMNFIRVRGLHIMAEE Fr, X B HEAT m s . o P ab o,
B T BRI 2R, ARG S TR AR ) S E R, SEER R W] D-YOLOV3 X B AR A 52 iR
HREHIAIE 83.01%. F5RSFBIET YOLOvSs fifb el th 1 I A Se Al 595 YOLO-GC. Xt
RS FEAC, BAURI R, Lv 8 T2y 8 20 GhostNet, A2 RER 1ML (Global Attention
Mechanism, GAM) B2ETF0F SRR 5 IRE /1. ABGER T ER . H S8 St A&, YOLO-GC
KH GloU #522k bR B 25 & AE KAE M1 (Soft-Non-Maximum Suppression, Soft-NMS) B3R EA A6 10 FAE[H]
JAFLED, B2 LI R M), YOLO-GC 5 YOLOvSs L, BUE SR/ 6.69 MB, ~TIFEREILE] 1 97.8%,
FETD %2 R F) v APP X S (AT R SR I, SRIGHEFA I 108 mso B ZEAF0AER H — P TR G E R
JIWLHIIE 0 YOLOVS RS (A A% iR 3 771 YOLOVS-SC, Tie 57EH T M4k N SEPSER /1 5 CAPOE



BT, EMEAMBERIR DT AL B S, WRHIEEE R, IR AR, 8 AL ARG R RRE
YOLOV5-SC 5| A Varifocal LossC™/WE 15 < AL, Befs SEIN-F 47 IE UREA I 2k . SRER L], YOLOVS-SC
SPEPREIEIR R T 95.09%, B TSR SRR Rk R B S R

HARIEE N, SRBRORK RAEAE DU F RS 0 A A R b, ok SR el 1X St B 59 KA K 7 SR,
IR L SRS H AR N IR S AR 0 A A5 R 3R 2 T B AR I SR AE SR R ) IR A R A 1R IO
N T RIS, T SR H BE T YOLOv4 tuidk B SR SR U 5002, H SPP AL i 1) d K it A 725 4
N EIARE, BE 2 MR EE HARE R, SR T IR AR I 10 /R LR, 1205 SPP RLEHT S AR PANet
IR 43 AR DA R 38 23 B AR B IR T o BB, TERIEE SR AL (MR T TR By
7S TE] o AR5 B B0 YOLOV4 BEAYTB $R U UG AR AR AT MK, e Ja AR LA SR R/
136 MB, P EIE ] 90.18%. XIEEZEBIN YOLOVS #HATEk#E, =1 T —FiE 7R SZiR A 5H9%. Liu
SR T 2% R 4 C3 BEHUE 40 RepVGG MEHRL,  INSRRFAESRELRE 77, H- 2000 00 25 v 1) 5 30 5 3 5 o s S
FARPE G (Ghost Shuffle Convolution, GConv) [0, LRAERE B [FIR FRARA T S 808 . ATt E e H s
SRR, ZEIEAE TN KT T S B IE T & L] (Efficient Channel Attention, ECA) #1, & J5
Gl SR, Sk IS SR AN S RS FE IR B 90.1%, G IR ) 1n) /MY A R vk, AS IS SR An i 1
Pios, SOALETCIER . AU BUER SRR/ Bbr i MR T REFAIIZCR, RUH A&
S B R PR AL RE ST

e ~
TR wHE B
Branch and leaf occlusion Dense small targets

K 1 3EF YOLOvS Buist S vE A I 2 1

Fig 1. Detection effect of improved algorithm based on Yolov5
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Fig. 2 Detection effect of Des-yolov3 algorithm
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SVENG R S R RS RE ). Ot R T IIRE FEIE B 96.3%, AHELT YOLOV3 #2 1 3.8%, i
TR A SR O AR R SE R R . SR, MR R R SRR SRR IEA N, R U
WA RE 2 Z B . Yan 250505 YOLOVSS BIEHET TS0, B mi Bl 203k R ) A0 2 a5 B4 e Atk
HEE S, HEHTEEMEBAMRAR RS Lo Yan FRBALE T M2 1) BottleneckCSP BN 43 32 ¥4
FUZFEBR, 1€ Bottleneck CSP BEH NRFAE MR 5 55 — AN 73 SR % HHARFAE R S BB EAT IR BEIE R, /DA
Berp 280 . LR, K SE TR RN B MG RL b, SIS 3] [ B3R — R 0 R E SRR SR
ARG E TRHRIRIERE ). BUG, KT E A BRI RHESEEUZ far 5 60 T S5 K/ B AR RN 2 2
A RFAE SR U St EAT RS, DASARRD i SRR AE 23 AR R 23 (M5 BBk, AR e 3 . £
LIRS 7T SE PRSI L R IR AR AT 55, A 738 F T R HLEE A A A H AR s A
LT-YOLOV7, PAfiE#f YOLOvVT BERYAEfifi 23 [A) 75 5K . ANIE & 4% 3 240 55 7] . Wang SR RepVGGIUHEHN
HE ML, KRR 2 REERAEES YOLOVT M3 £ HE4T 2 RUZRHEDHZ, LUORBY 4% RARFAE PR
BRSO R SRS I NIRBEVT 2 B8, LIRS 80E . A AR B 2. sk,
5N ECA, MSRRHER S HARMFIGE ST, BRI Fr o BRI Z 0 B AR T4t . P EL,
AR H soft DIoU_NMS SHVE#EAT HARTRIAE 76 i%, PARA X B YARRR RS, RALE 1
LT-YOLOv7 B %} 8 Bl £ A RS2 VR BEIA S T 96.98%, A& 4 FioR, R 7E RSl iR 15 il F
SRR RENS ST R A AT I R



Bx [{ZEN
Sunny Cloudy

Bl 3 BT YOLOVSs cidt Sk it i R AN A JRAG I 25 R
Fig. 3 Detection effect of the improved i

Igo

IR Uy
Sparse fruit Branch and leaf occlusion Unoccluded fiut

Pl 4 LT-YOLOV7 Sl AL 18]
Fig. 4 Detection effect of Lt-yolov7 algorithm

Yang SEOSIEF XS SE R RS m . BHS . WS H RS, $2H T MobileOne-YOLOvV7 & ik,
MobileOne-YOLOV7 K £ RUERHIESR T VL, MERHES TR AR b . 2 RIS mB R 1) &1
P, 384 2 ROERFESR U L 215 . Yang 52455 T M 45 )8 J5 — 4> ELAN B 4 MobileOne 53,
BRI AR M AR IRBE ). AR, Yang 518% SPPCSPC #EHBE 2t )y SPPFCSPC Bk, 5 4T il iE AL
NIATIEIE, FEORUERSZ B AR 5T INPRRAAE R & I8 . BhAh, FESUEE MG I 7 — DTk, e
TXSAN R R B R RS FE o @i 5INPT S HU I 70 3, IIZRI B Iy 5 &, SR fRifbaiiy, 1%
IR AE VT A BUAS . Zhang SEOOHR L FET YOLOVT el % BAGSE R B 50k, 1 200 SOHE B B BLIV AR 23
W IE G ARL PConv, VARRMREAL S8 E AT S . RN, ZEEMA ECA SGE IR B AR R I k0]
B, PRAIE T AR RS B2 P4 o FEAS RN SR R vp, 2V SR T B T RS 48 2R 574 (Sparrow Search Algorithm,
SSA) U0y S ZRARAL RN, 2 VAR AR RS 2, SRIG R BB A RS FEIA B 1 97%, BT H
AR IR T 22.93%. 27.41%, E&HBEERAN B AT .

2.2 AMEERENEE

Girshick SE7H2 H 7 R-CNN 5%, R-CNN I X3 iR 28 52 UK 29 2000 A~ H BRSS9 1
X I g i o I KA CNIN AR IK 2 [X sl 1 [ o K FEARRAIE , A FH 2P SCRF I =L (Support Vector Machines,
SVM) 2R IR BEAFAEHEAT 7328, e AN X S 75 B & e (1 B AR 2R . He S5 3HR ¥ SPP-Net 5Lk
B R-CNN, I REMS AL BAT = LU i MR ol e 354k,  SPP-Net $2IUAS [F] R (UAFAE 545



JS B 5E K BE (% H o 5 R-CNN AHEL, SPP-Net JG 75 Ab B2 AT 60k X 38, R F5 i N B ok UG R T SRA3RRAE 1,
B A AR EURR N R X IR RFAE S kD TUAR TR I EAR I8 © Girshick Z5U747E SPP-Net (#1566l E32H T Fast
R-CNN $i%. Fast R-CNN KB R WS 8K KBIERRIN, 8id 2 /NSRRI E AR BURHIE &
T — IREFEAE MR R T 2 IRER= AR TUAR A . Fast R-CNN F1J FH B3 [X 13, (Region Of Interest, ROI)D
A MAFAE b SRER A 5 K B AR IRl 5, AR5 I8 I A4 R AT AL B, B 2853 D 43 AN R A 1 /i H
=

Ren 2852 i 1) Faster R-CNN S5 Fi A& G e S 4 = 500%, 5N T RPN. RPN @3 & H A4
AN R RO BB, SRR 4 B0 R B0 FLEAT IE SR, i L e dds S AE S Bt o I i X d
i ROTMAGERAE 5, B eb A il e K /NREE I, SR 5 T8 0 A T 02 J2 0 A7 A0 A 288 31 S W AR o 805 1 o £
Dai Z: UM T 5 F X 31 R-FCN 53k, LB M. R-FCN 4 A B U o 5 EE i
t, gatd VAR AL EE R . L ROLIBALE N7 BRI PR IUE B . 55— 71, Cai %774 T Cascade
R-CNN 53, AU M 2R ROL AL T M 4% . Cascade R-CNN F FH 2% 1 FAE [ V0K [51 VAT 55 53 idk »
T DRREALT L TR AR o @ G AR B RN A TRAT A M ¥ A 7™ 2 ) I S5 8 14 ) L
Firf, Faster R-CNN s &8 — A S oy 1) v 1) 25 TR B8 2% T 1 H Al 0%

FEPIIT B B bRt S i e all b, BIF 0285 0 ARG DS A 412 L v 28 1 SRR SR e I 4925 12 H
T EECRAEE 2, RS0 Y S b R AR AR A R s R, i SE g BU B A% Goa W 5350 Faster
R-CNN XA S S 0 R, St A AL Gokar U SRy /E 38 s T AL 2 HL AR SE TGP A I 0 T, 1R A R 22
T Faster R-CNN, {H4 550 & S oliERYs, M Faster R-CNN F A . Wan S5 H 7 —F LT Faster R-CNN
SO ) 2 AR R HESE . B T M 258 VGG-16 1375 13 BZ. 13 4> ReLu ZH1 4 ML )Z . il rt
AU IO T8, PR S % FE RN B, 2 AR IR A S A S RO AT BUE S0, 1
TN A 5% bR BOR A AR Z AL 2 S HOR IR 1048 A B B SRR RE A BIRZE KN LR SHIN & 3
Ferm R RS o Liu ZB042 15T R-FCN et (AR IR 5 A7 509%, B RPN A FCN ZH . RPN HI T4 Rl
1338 X IHE , FON AT R PURHAESR AL, il [ B R T A R 25 5 o 38 2 4 A5 D i e B R i 2
B AT A SR SRS FEARR 11 I R Hh i TR P2 ST I E BTG 1 B 5 TR S EEHE, 51\ Pointend 43 3 Mask
R-CNN SEIUR A R S 34 G AL B S245] 73 B SR G i 4 454 B U-Net /E 9 TAK I 2% 32 TR AL TR
BRL, BT R A T 900 2R R B S I U T AR 2R R B, S LA D7 VR AR AR R R S 5 SRR I ROT, B Jm
FIH 3T PConv (12 A5 K 5 JEASIARY 5 1l R SR 745 B2 A o SR AZ 7 206 R ARG SR SR 50 1) P 350K P TK 93.66%
Iy ERE IR EEIR 96.30% 0 A AR AE 2V 5 Xof 32 AL el R S B TGS £ HH T — Aol T AN ()RR A0E DX 8% 114 3 SRR T
SSAR Ik o W FTN DRI SR AR B S SR IO AR I, AN [R) R AE SR HU S 25 5 Faster R-CNN BAL 25
BIRAR . e, ik H T VGG-16 fil ResNet-50 {FAFFAESREUMZS, %} #1> Faster R-CNN 557
BAT ISR, SRR, BAWEMLEH THERY IS4, VGG-16 1ENHFFIEM 45 1) Faster R-CNN 584 7E %
TifEhs BT ResNet-50, 1RAIKEEIL 91%, S0 MR AR (8]0 1.4 B, BIHE-P 400 AHBLR £
SRINIE AR ZK R 1 RGB 1%, 7E Faster R-CNN ¥ II{BSA e 50F0 1 44, bR B ORAIE 45 FRUZ I KNI AZ S 480
FEAS BRGNP AS [F] R SR HEAT TR, B R0 HERA 228 99.69%, X8 T IR IR %09 77.3%. Lul®!
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I FIREATLR A SR el 9 2 (ot SR S R, R IR R R AR R 5 SRS 19 I Mask R-CNN B+ 45 5 5 [ B
BUREE R, 8 5N T W2 2 8] 4 A R PO D I TE SO R s AR 2, 2ot )5 1) Mask R-CNN
TEVUR % AR R SR T IHE A 95.36%, HCIBEALR = T 1.42%. Min S50 734 CNN AFH R R
EREIFHE, &t 7 2 REFEZEJIMZ (Multi Scale Attention Network, MSANet) . MSANet 5| AV G
AN, et B IE R AR R 2N TR IRIE R G B A MR —RoR, R A RN EINEE.
ENIR

3 RERKREKRERRED

31 BE&

AR 7K FRER Ak sk Hh 2 B S R AGr U SRV AT 1 2k, B RO T AR G H Bkl SRR A TR S
ST HARRIN S o BEXFSEBROIRACR R IE S5 AR 48 B Fmer I SR MO T U AE, a8 B o 0 0 4
I, AR SR A P BRI & R AT REE . AR GO B 7 R b, AR 2D B bR 10 s i RE S IR
RFRAFRAL, HIEHRE MRS NS E, THEE R AN BAR, S E RN R A S . 2R,
TEH ARG, ALK BRI VR B S E S OGO RR SRl 1 55 2 2 I ey, AT AE DAVEAf b
ARG E . EHEHRPIKRFER, TR N THSEL, =z RIFIZIEE

FECZ R, B TR B2 2T H AR B2k FH 22 R R AP & I 2 3240, B 50 N 52 T DLIE I %o X 286 pA A
DL s, WeRRHERIERE ) AR SR R AR T R HE R 55 . VR A2 X 25 BRI AR 3 T
REE I AR 7 ), B F5RBE A BRI 2 2 RIE, FFE I 2 AL 7 2138 D e MR 2
ER TR B R, SR SR DG 52 4% H A5 2 AR PR BT I R TRG B AN & R

FERBRRAK A EAES H, BT il 5] N B RARER UM 48 (40 MobileNet. GhostNet) Fi
ARIE R AP (U SE. CA Il CBAMD |, FEARTHE A FINAE G, 1S S Rk s S 7R A
PRETIRA B A BI8AT . [FIR, X Se oot B 5m 1B AN S RRAE B RBURR I, 5 D0 28 e 0% SRS EHh A 42 31 H
PRXt SRR, M —BRHEE R, WTIR SR, 1RTH SR B A P BRI, ki T
SRR SRR AR A . thAh, BEFEN Sibis H 2 Rl se Bk B (U SToU Alpha-loU 45k
&), PG T IESREARIISEN, BRI S I [l A B
3.2 RRHEH

ARk, B ARSI EEAE R BORACR RS T A 2 N, R A IR s, PP i, KRy
oy PN BRI S AT S5 R AR PERE . (B2, BT REREXMFERZE, WA RREIRAKR
B Aer I SR925R00) BE 0 B PR Fr R i o AR SRBROIRACR H AR R I S0 1) A e 35 0 A, ARSREIT 7
A LA R AE LR JLASJT 1) 2
(1) BRI B TR B2 2T H bR S0 7 AR R S 75 SR sk, w] LB 5I N TR )

BUHIS SRR R SR 288 S o IR 453 2k R SORVI R 68 o) 8% 3o B2 0 P8 5 T 0%, i v SRS E A iR ) ) HE

IR B DL BRI R R A . S AR SISO A, BF e 40 A 2 IR e R AR AR S 75 T DA

Sl R T IRSE HAR IR, P R U AR SRR
(2> HUREMEST . RIEAFRMAES TR, SRS ARKE BOR A EBRCHROKCR B, Hg
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—AMEEAFERA EREM DG, $6) « REESBELE GBS FL NSRS, 4 BIEGEH
JiiE Cln UG e  fR . 3BT 4 s L AR AR AR ) BUAE N BT 4% (Generative Adversarial
Network, GAN) FO1EG il B AR iR BEAT AR 1 . A PRI EER S EEAT ISR, mT DA A Al
iz AL RE ISR
(3)  ZEEEEEGS G N T BRI EEORACR U RS BE 5 & RVE, ARRBT AT LSS & 06 H A

BRIEFNRIU =455 R, H b RBCR LS MALEAR S, Re e R il 7™ Bl 50 fi 56 1
WERITEOLT , ZREEIEA B T sm A i B ek
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