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FEH — M Faster R-CN 1 FH ()55 IUH- 350975 S5 A I B9,
g LB, R I 50 P 3k BE AR N 78.5%,
&I I 18] 0.322 50 [ T iz 24140 fif Y 24t Y Faster R-
CNN H5 HI R AR T 2E, IR 4s REW, &7k Tk
DIKE BEAE A 98.1%, RFIEE M 10.3 Mi/s. a8 K &)
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BRI A 2 A58 N A 10 H AR I 5%, P35
RN 91.4%, RHIHE AN 23.01 Wi/s. FA AT IR
T T d YOLOVA #0188 2 vp - Hop Hegar il
T, R FH @ BT R S E G A R AT BT A ab 3, LAY
TERE25 AN 20.75 MB, Kl K 78.49 ni/s. fii 0
& — ol bR THORS #E TR0 B P B Y 202 YOLOV4-Tiny
B, f#H GhostNetV1 fEAET ML, FH&HIER ML
Hl, SRTHRBNBERrvERE, HAEAE /NN 4.68 MB,
SERGIREE 4 92.62%. WANG &7 2 —FiET YOLO
MEZE B R B AN AR I HE 22, REG 45 R,
KRAGIAGFE R 89.11%, HLFIALE K /NN 7.6 MB. ZENG
2L 08) R s — P T E YOLO B % 5 78 76 5l Sz Ak 6 o5
%, ISR, PRIy 26.5 Wi/s, K IAE
FEILF] 93%.

IR DA — B BRI B AR YOLO H b il A
R, RIS A DR B B T R, R
L AE 28 4 4P 199 4% 235 ) S RE PR AR B RL EE K/, I
HWEAEARMBHEE . T, AUFRE YOLOV4
MFEmt b, SR — R TR EA GRS N %1 D% E
Fofr 2 25 BRAGL WU ASE AR, 1% E b R U ASE TR B e 4Ot R 1
CSPDarkNet-53 3T}y GhostNetV2 8K M 2%, KiEE
TR R HL VR A SO P A v S AR NV B T
BER, S-SRI EE, FNFEE HRREE R
LTS B AR AR AR I B8 775 I S 5 i A [R] VA 45 2R
BRECA SToU [HI S35 R Kk, $TF 28 BRAS A AR iy i S50
FERBARAG I PERE, B RS RN B Rk 2 IR
PURAE S5 SR A A o

1 RS

1.1 BIERE

AUcAie B R ET Bk G, F B &Rk
=R YA E R 7R3 o B 7 v e 3 B i 3 W P
FE (IS AT AS F - TOUE AT B 5 Sk LA S o W ik
. W 1 . Herp A LA A A T AT
FEHE, IO AR AR R AR Sk 32 A FTURAR S E AR R
THLF8 e JO s a3 WY sy 2 A R A AR AR Sk R

R R A 2R IR B AL SR BIE N — AN TR

B

L W EZ Sk 2. D 3. B WA 4. JREIRAG L 5. R ILA 6. T
HEG 7. R EE

1. Top camera 2. Potatoes 3. Transparent conveyor 4. Bottom camera 5. Portable
laptops 6. Top image 7. Bottom image

H1 #EREXRS
Fig.1 Data acquisition test bench

ARG & PR AE LA 58 WH-L2140.K214L, 4

HEER 1920x1 080 53, HEA 60 Wi/s. 7EHIRNIE%K
PEFHRSRE . RN, RGN T B AR Sk [F]
B TR, 7 [ — i 23R B 84 2 e A T 0 2R AR A 2
HEL 200 NMEE FEIRM DA E, WRATE 25 AT
FnA R A DR E, BEA DR BRI E.
BIE. MR B BT RIS & AT S R A,
WK 2 s . ek R EE 800 ¥k, Y HE 1 600 7K M 0 #F
AR IR M SR EEE.

(f#%\(f kx
4 j/\“—f/ W

a. BEIE b. ”?*ﬂ: c. Bix d. B
a. Horizontal b. Vertical and  c. Horizontal d. Vertical
and positive positive and inverse and inversee

B2 LAEIZRNF
Fig.2 The order of the potatoes

1.2 BURAIE

K R AEEI 1600 5K J5U4G B Labellmg T
HHATRRE, ARENE N DR ERZERB NI, H
LA E N potato,  HFER1EE N bud. H TR PA ST
X [E 8, AN T B A A ) R A TR R (132 Ak R
FH K DA bRV I 1) B 5K B R A8 python JEIASFE 7 %) &
G AT T8 ) BRI SR AL B, L HE 2 IRBEALERFS . 2 Ik
BENLIER:, FLA R 6 400 5K 5 A RS i B EFp 2 EIHE .
B e BE 1 5 5 O PG %8 81101 F LBl BE ML 2 Al 25
£ (5120 8D IGIFESE (640 1E) LUAINREE (640 18D,
T 2 Ja ARSI 2 AR AT 55
1.3 ZFER#ME L
1.3.1 7% YOLOv4 £F W%

YOLOv4™ = - 4% = 5 2 % CSPNet!™ 45451,
A1 YOLOV3 H1ff) DarkNet!'! (g4, FRFIAERN] CSPD-
arkNet-53 £ THRHEIRHUN 4%, b 53 REAH 53 Khrifk
BAEAE. AT AR YOLO £2£2%), YOLOV4 T
W 2 5 M BE T, TR T, B TEN, AR RN
H bR AT 55 $2 (A 7T 2. YOLOvV6. YOLOv7 -+
W& FT AR, 82, TEEK, AEERTUE
W A% ST A I 75 SR ANAE A7 3K . GhostNet 172 L 5 46
SN T S 5 R ) — Rl A TR B el 8 o 20,
HAz 0 BAE A Ghost A HAR B A v 6 BUE B PR A
AHEENEK, BAETELIREDE 3 fis.

B, XHRINFREX, 3R X WRdES R A iD= )
ENR I

Y =XOF (1)

K ORREREEE; X e REVCEIRNRFHE, H. W, C

SRR ER K SEREIE S Fr e ROKKC, Hop

K-KRRWWUESFZA RN, XERKE 1, v eRVC
TRk D BEARMERE, € <C.

Hk, HHEHGE GREBBD X ARMEREREAT

FROE(E B PRI ZE R s > Ghost FFIEY”:
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Y'=YoF, 2 A8 FH b A 25 AR 8 10 H50AE R R REAE B Y
N FORRE BRI Fj eRPPORRZEMESB, Y = Concat([Y", Y1) (3)
D=3; y” e RIWCGE-DE IR Ghost FHiF . Ky e RIVCF R HFFIEE] (—> Ghost BEHEE(E)

BJa, BAIERFIES Ghost RRfESfHE, E—15  C=5C,

TR X158 K168 1xK, A

Down-sample 1x1 Conv K,x1 Conv 1xK,, Conv

@ = % e

" " Multiply
KRR B R LA
Decoupled fully connected (DFC) module
___________________________________ .
MR i /
s linear Conv 1
N

Input feature @ @ @

:

A E R

Enhanced feature

AAERFAIE s GhostfF1iE — A Ghost##1F
Intrinsic feature s Ghost feature A Ghost operation |
___________________________________ 4
Ghostf R

K Ghost module /

B 3 Ghost 25 An K2 & A ALH| ALK
Fig.3 Ghost module and decoupled fully connected module

53t LI 3 A5 IR, Ghost BEHef B S bR % - . -
B2 A
K-K-H-W-C+C'(S-1)-H-W-D-D 1 S-1 1

2/\

C-H-W-SC'-D-D st s =<§) (Ghost| | DFC |  Ghost | [DFC]%
4
HI 45 R AT, Ghost A58k 1V mi Bt 5B R 202 45 ul
Y&%*RE/‘J 1/s, K,x1 Conv

7E GhostNetv2 o 1 3 5t — K 25 25 9% 7% A1 L3
(DFC) HHePY, I — Bl 3k 2 s s B, ol
[ AR AN 3 . B SR AE 1 x R v 5 B R

B Al SUE S o AHEEEIEE R IR R A4 O (P W?), \ lm) L S )

LK, HE 2 HERIRAN K, x 1, R x Kwi SR 1R

%) E%E%O(KhHW*‘KwHW) , o Ghost fE7AY k= Bg=
PE RTS8 F DFC KUIZE JR AT 35 78 B M1 45 5] Stride=1 e "
B SCHE AN B AR, LS SO T A [ GbneckfiB D DRCHER

S =)
o GEOSﬂiji i thft.t?Ott}‘?ne‘CkxﬁEf GhOSE . Gost /L2481 Ghost BEHUHE (7B FIHERE, DFC %75 K BTy
BLERAN DFC SR IC IR R — M2 M, W0 g, Mul 3o e 2hi: DWCony 200 I 415 BB
4 ffiz. B 4a 24 Stride=1 Ff GhostNetV2bottleneck (G2- Hi; Add FoRHHEERIE; Down-sample %7 FRAERIE; Conv Friaiids

bneck) Z5 K. %451 5618 Fl— > Ghost £ 5 Al DEC BURAE: Sigmoid Fon 4 — R 1E: Bl b T RARRMA T IREHHM

s A N v . Ix1 B
*‘5’: ﬁ% XUL ?FH’J ]\fl% ﬁE Li_l: 17 q% ﬁE ?7% EX ’ 3‘JF TF 3:5 tﬁ ﬁE {E E‘ ’ Qj‘i E Note: Ghost represents forward reasoning using a Ghost module; DFC represents

HHZICEMERNTRFESTIEEL, BEEBRHMENT a lf'ei'ouf'kd Df\l;}g connectedt mgdutls; - Mul rel::)[iresents | ?ement—(\irvilse
YN AL v = oA % multiplication; onv represents a depthwise separable convolution module;
I Ghost 1:% ﬁ%lﬁ 17 Bl It éﬁ ’ Ei)ﬁ ’I% JE ﬁ‘j iﬁ” )\bh‘ ik 5 Add represents concatenation operations; Down-sample represents down-

EYERFIE AT HERE, 5B — G2-bneck #:1E . sampling op?'atitqn; Con\;' me:}ILs ;tzﬁl(zarld ct).nvgutionb operatior}[;thSigmoi(i‘
W s N fere . means normalization operation; The dotted lines in Figure b represent the use o
é‘ Stride=2 W ’ %E @E%’%*H %ﬂ] A — > Ghost *%ﬁ% a deep convolution kernel 1x1 convolution.
v AR N 74 ANIERY b e e
/Z_ 7] jﬁ)\% ] /ﬂ(})ﬁ %i’ji Be (DW), X AL % 'ﬁ“_' B 4 GhostNetV2bottleneck ( G2-bneck ) 43 #= decoupled
ITIE4E, TERCN RFFERAE, RN EA 7 S — MR fully connected ( DFC) A%k
B —A <1 Mbr AR, #0832 T 20 SCAEAR [ REE Fig.4 GhostNetV2bottleneck(G2-bneck) module and decoupled

TP fully connected(DFC) module
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Zi R & P, FEREAS AE U B, B
F DFC HEHUH S BAME I R AR, BRIkl RAE,
BBV NEEE, FHT — RYVE H B RERE, &EE
F Sigmoid B&ECK I B B R HITEO, DI, SZHLN
HAEEE, WK 4c Fos.
1.3.2 FBFEET 9 B AR

YOLOv4 )3 # /1 2% (PANet) i Fl b5 v 5 81 07 R
IREE A IRFEE B SRR S gt — 2B it 5k
A, Hk, AHFFE1H B MobileNetV 1P b fr 7 B AT 43 55
BRI (il 5 Fros) ARE IR S B AR S BUA 2980
B AR d2 B R AN — D5 TN B AR A DU B8 8 H .
A4y BB RN

e HEBH N\
Depth convolution
N 3x3 Conv
1 1 A
ib 1x1 HH
/ L | L \ Point convolution
N353 convT) 1x1 Cony
21| [ 12| T 2| =i {2|1] T [l {21
— —
BAE | ./ A
Input feature N 3x3 Convg Output feature
LY
_ L L] J

BS RETHBERITHELE
Fig.5 Depthwise separable convolution calculation procedure
Dy -Dy-M-Dg-Dx+Dy-Dy-M-N _ l_‘_i
Dy-Dy-M-N-Dg-Dg N D:
KDy Dy NFHEEK SRS, My NIFHUONFHIE K
A s ER, DeABPUZ RN, R 3. ]
R, IREER 0 S R TE RS LU R S A D> 8~9 f5.
1.3.3 s 5 IR mAE A
DS P 20 RS U ASE Y 3 2 pH 73 GhostNetV2 i 45 45
FFNIRFE R o3 B B AR A B Wnl&l 6 Fios, A R
JE 2 A ME R AR AN 32 X 28 9B Dehr . AR T e 41 B
i, B RST N 416 x 416 x 3 [EHR/EBIE SR BT
Pk, A G 16 4 G2-bneck EEL (W 1 Fin) it
ATRRAESR I, FLURERE T G2-bneck B 4. 10,
15 ERHEE B S YOLOvV4 RIS 25 AHIE,  Zead il TR
JER 53 B BB R R AR G I S5 1 (BRI 2%)
HE— PR YOLOvA W28 [RRFIESR ELRE 7, Hagib
TR, BJENBE 3 MRHER, M 3 FANE R
JEE AN >k 7€ B H AR Aer AT 55 o
1.3. 4 ZFAEE I K FEL
120 A [ VA 457 2% BRSO H b e 00 45 2K bR 0 B A
BAR Ty, BT A SE SCRE Y H AR AR 1y oK 525 iR T
YOLOv4 H #r for S 44 5L A - CloU 11 Jy 1] U4 45 2% B #
(Lerw), Horg L

(5

(x— xgt)2 +(y- ygt)2
+av

(6)
W; + H;

Lev =Ly +

'LloUZI_IoU:I_—. . 7

Backbone

10

Concat

15

SPP

vE: CBR i Convolution il BatchNorm Jill ReLU =AM dk 4t [F 4 il ;. G2-
bneck %7 GhostnetV2bottleneck #itk; CDLx3 F/R5E#E 17—k CBL #:1F,
FEREAT — IR CDW #-4F, feja FRsEAT —X CBL ##fF, Jid CDW %Rty
— IR FE ] 3 8 4 B 1€, v CBL H Convolution /il BatchNorm /il
ReLU6 =AMEEILRIZA A SPP #on 23 A & 7w # b AL#EAE; UPsample 2R
LRFERAE: Concat R PHBERAE; CDLxS R % #E 47—k CBL #:1E,
TEHEAT — Ik CDW $84F, #5317 IR CBL ##1F, )5/ —X CDW ##(F,
B JG T —IX CBL #1F: head-D /R Je#E4T — 1k CDW #:4E, FiET—
X CBL #1E.

Note: CBR consists of three modules together, Convolution plus BatchNorm
plus ReLU; G2-bneck indicates GhostnetV2bottleneck module; CDLX3 indicates
a CBL operation, then a CDW operation, and finally a CBL operation, where
CDW indicates a depthwise separable convolution operation, where CBL
consists of three modules together, Convolution plus BatchNorm plus ReLU6;
SPP indicates a spatial pyramid pooling operation, UPsample indicates an
upsampling operation; Concat indicates a concatenation operation; CDLX5
indicates a CBL operation, followed by a CDW operation, followed by a CBL
operation, followed by another CDW operation, and finally a CBL operation;
head-D indicates a CDW operation followed by a CBL operation.

B 6 Bit/s 3 Rad AR
Fig.6 Improved bud eye detection model

® 1 BHEFIRAMREA T ML

Table 1 The backbone network of the improved bud eye detection
model
LD NG AR VR K 2 wEN O Bk
Input size Operator Expand layer Output layer Attention Stride
416°x3  Conv2D 3x3 - 16 - 2
2082 % 3 G2-bneck 16 16 - 1
208*x3  G2-bneck 48 24 - 2
1043 G2-bneck 72 24 - 1
1043 G2-bneck 7 40 1 2
52°x3 G2-bneck 120 40 1 1
522 %3 G2-bneck 240 80 - 2
26 x 3 G2-bneck 200 80 - 1
26 x3 G2-bneck 184 80 - 1
26 x 3 G2-bneck 184 80 - 1
26 x3 G2-bneck 480 112 1 1
26> % 3 G2-bneck 672 112 1 1
26 x 3 G2-bneck 672 160 1 2
132 x3 G2-bneck 960 160 - 1
13*x3 G2-bneck 960 160 1 1
132 x3 G2-bneck 960 160 - 1
132 %3 G2-bneck 960 160 1 1

W =7 RN AFTNGS B R A MBS NS | R ARl A %
SR B SR

Note: “~” indicates that the current network layer does not use this structure or
strategy; 1 indicates that the current network layer uses this structure or strategy.
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= v (8) _ 1 w0 (13)
LI@U"'V 2= EZt:W,h(l_e ) 13
Ao w o w) DD U IO Lt I
v= E(tan 1Z—tan lh_gt) D) Xho=4; w,= max(wwy) T max(n by
_ wfE, SRAEMEMRN. BN RN, & X
XS HEWE 7 Frs. o N
AT SR T P VR B
A+Q
[9) : Ve 7 x Lsov = Liov + -; (14)

w
v .

e (Xor, Vor), Wer, hgt A ELSHERY OO AL B RITE ms (x, y), w, R TRINAE )
LA B E: Wi HOVZCERHR (MR HA R ;. Wy - Hy iR /Nd
FUETRL SCHERBIAER RS, = wh+ werhg: — WiH;

Note: (Xgr, Ygr), Wer» hgrare the center position, width and height of the ground
truth box; (x, y), w, hare the center position, width and height of the prediction
box; W; - Hjis the intersect area(grid fill area); W, - H,is the area of the smallest
enclosing box; S, = wh+wghg, — W;Hjis the union area.

/7 ASAERTES XA R
Fig.7 The intersection and concatenation areas of ground truth
box and prediction box

Bk CloU i1 FHAE M I B4 R BB oh, I — RAIET
I, GloURY, DIoUPY. EloUPY, #kid
LA Ry

Li=Ly+R (10)
XA RN I

DA | [ U453 2k bR B ERAR 5 T 30 TR [l R AR T SR A
QO FIAE AN SRR B . A XA . T
HETE I 253k 7 v A G A7 78 7 1R A B e C Dbz )
P, SEURSCE S AR T . I — %
FET AR FER. TEARMEIEH KK EL (SCYLLA-IoU,
SIoUPD) ##e CloU i 2k B %,  $2 FH B AL (i Yie SIGEE % A0
BRI

b, AR AR SEL CnE 7 FTR)
5 xy Bz MRS/ N, 8 TR

. m1n(|x xg,|,|y ygt|) J an

(x_ xgt)2 + (y _ygt)z t+e€

Ml SRR S x FE y B SRR, A=0;
RIEZRE x BN 45°0F, A=1.

Horp, FEBSARAN A SRS 2 R R, HARN
SMAEIEMK, 2R

A =sin|2sin”

1
_ P
A== §th(1 e (12
2 2
X=X Y~ Ve
Kfy=2-A; p, = 21, p = 1.
I E‘F')’ 5 Px ( W )a p} ( H )

Foof, TARFCI Q HEBATHEZ EANER, 2 3h

1.3.5 RKE-F & Zar 447

AT FUAE FH B ) B | R R R A IR A
2% %5 4% (AutoDL) . AbFEZY (CPU) %45 K AMD
EPYC 7 642 48-Core Processor, iz1T W& &N 80 GB,
[EAAEAL (SDD) &~ 50 GB, WHZMECN 24 4, BF
(GPU) #1454 Nvidia GeForce RTX 3 090, 47K 24 GB,
RSG5 Ubuntu 20.04, 54 Python3.8 [NZmFEIE M
Pytorch1.10.0 FIR & %% 2 HESE 2 CUDA1L.3 () FF47 1T 5
HEZE

BRSO E: BHLRR, I VOC07+12 %L
TAEATNGEARE . AR R 416 x 416, R
KHER 16, ZHMEHFEA S, HAH N Adam (adapt-
ive moment estimation) , YIZ % Cepoch) 4 200 %,
2 )RR [R5 E FH 2 5% 3B K cos (cosine annealing) ,
Rk LG W EACE N 0, WA %% 2T %N 0.001,
B B R O 0.000 5, B &N 0937, A
Mosaic. Mixup #1587 .

T HERRVEAN BB PR RE, A AR A LT $E AR ik
ITHEREVEAY: PrA 2R B P #ERZ (mean average pre-
cision, mAP), “FIJHEE (average precision, AP), A
# (precision, P), A (recall,R), F, 1545, BE KM,
R e kS48, B, F RBoRlEfE (P RH [
R (R MIAMPE, mRERN 1, &AMENO, B9
MK, PRI RERT . S HE DB KN S
FROE RE Z IR e s ite,  AEE K/ A Loss B /)y
BORFEI S, A ) A 45 B i A i CPU E 1)
AT [ AR R R], Ui Y S O AR R R Y7000P, CPU
7454 12th Gen Intel (R) Core (TM) i5-12500H, GPU
#1454 NVIDIA GeForce RTX 3 050 Ti Laptop.

2 HBRESH

2.1 BUHEEENRAIGEER
2.1.1 AR ETFWLIKILER

AAREE LG YOLOv4 H b AT Sy By, BE 4t
AFEHETFMZ, 1 MobileNetV1. MobileNetV2. Mobi-
leNetV3. GhostNetV1. 7EA KSR 3= F LLANSE1H 5L
T, W EAR AL 15 200 S HOEAT 5 LU,
I uF oot H AR B By mr AT M. Bk 2w g, A
GhostNetV2 # BI{E Y YOLOvV4 () = TR AL H2 B 2% i
HZHERN 12.04 M, IFEE (mAP) 4 89.13%, &
T BRI B (IR 0.148 s, HEHRFI S Z ) F, 1559
54 0.80+ 0.99. AH Lk ik §i 4# H CSPDarkNet-53 1) 3=
T, DO IG TN SHE LR R 1/3, kil
FERRTF 1.85 NEA AL A EED> 0.279 s, ZEIRTSZMIK
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TR . A4S HAh R & A 3 T 4% Mobile-
NetV1. MobileNetV2. MobileNetV3. GhostNetV1 4L,
GhostNetV2 & il %5 £ 73 3 #& 7+ 0.75. 2.67. 4.17. 1.89
MNET R, FIRP FAES AT 0.064 0.07. 012 0.08.

7 2 K & A HE MobileNetV1 J& /b 1.65 M, #H kb Mobi-
leNetV2. MobileNetV3. GhostNetV1 AIEELH, HH
Redil B AL B T ok . I 18] 5 e R B A T M 4%
FEAR—FL

®2 TRIEFMLERILL

Table 2 Comparison of different backbone networks

EFML% . ZH fisf ] ZEHR Bud 4% Potato
Backbone network ~ MAP% paameM Time(s W) T APR% % % I AP/% PI% % I
CSPDarkNet-53 8728 36.10 0427 7425 8377 6452 073 9989 99.03 9935 0.9
MobileNetV1 88.38 13.69 0.136 7678 7890 6935  0.74 9998 9967  99.69  1.00
MobileNetV?2 86.46 10.81 0.143 7293 7870 6855 073 9999 9935 9967  1.00
MobileNetV3 84.42 11.72 0.134 6887  77.16 6129  0.68 9998  99.03 9935  0.99
GhostNetV1 87.24 11.42 0.125 7485 7895 6653  0.72 99.64 9967 9870  0.99
GhostNetV2 89.13 12.04 0.148 7903 8557 7511  0.80 9924 1000 9811  0.99

iE: mAP FORF IR SR B TP EMER SR, AP R PRI, POV, RNERER, FONEMFEE; THE.

Note: mAP indicates the average accuracy of bud eye and potato; AP indicates the average precision; P is the accuracy; R is the recall; F| is the harmonic mean; the same

below.

AR S, LA GhostNetV2 FIZ&1EN YOLOvV4 4
FESREU S, HBRITEAS I (8] BIAYS 40 Bl
TR YOLOVE =T M 2%, fERsillfg g b gem T3
A2 BT F T 4% . #G%E ] GhostNetV2 MZENTT, 12
e o WA FEE P[] T2, 3 6 A I o G ) AR AR 28 58 T K
2.1.2 AREEEMEBHRELER

HUAERT YOLOvV4 H brar Ml 2448 B CloU 1R il 7
HE [ 9 453 2% bR 2, AR it 72 PR i e I A RE D
ELLE I 23 2 v 7 AT 38 G b A7 AE TR AE J [ Y2237 AN 5 FA)
B, FEURSICR NS, B AR AR PERE . Bk
ARG AE M G YOLOv4 H ARk i A R Sttt |, %
Pl FERE R34 B 4L, A mAP. AP. P. R. F,134)
PIFIEE, AT EERA [R) 453 2% bR 250K B TR R A4 P BB P 52 T
H2E 3 T, SloU [B1 V=451 2% bR A0 R RS RS B 4 L 3% A 8
FAJ7 1 AR B [l 9457 25 ek i, RSl 23 R N A B v P o
MR, ARPERIESE AT %0, SToU AR IS FEAH E GIoU.
CloU. DIoU. EloU 4 #l#&Ft 2.97. 4.33. 2.38. 3.18 i
B4 A BT SloU HE T MAER) 7 1M, 7RISR
HR DL S HERS 21 B AR T ik b, 98N K )
HEE, RIS RAERE. K 8 BR T AN E [ 47
& R BN GRS e ks L, AL GloU. CloU. DIoU.
EloU, SloU [ml JA451 2% pR HO S50 BE BB, 2R ,
A AR

®3 NEHREKERHIIEL
Table 3 Comparison of different loss functions
PR

Loss function mAP/% APy /% Fiou AP, pulak)/ % Fipotato
GloU 86.34 72.72 0.68 99.97 0.99
CloU 84.80 70.81 0.71 98.85 0.98
DIoU 86.75 73.52 0.71 99.97 0.99
EloU 85.95 71.92 0.69 99.99 1.00
SloU 89.13 79.03 0.80 99.24 0.99

T APy R T M VIIHEE:  Flow TR TR FH: AP R HHRETF
BIRGEE s Flpowo 28 SREM F H.

Note: APy, means the average accuracy of bud eyes; F),,4 means the Fvalue of bud
eyes; AP, means the average precision of potatoes; F',., means the F,value of
potatoes.

2.1.3 YOLOv4 2t sl BRI £
MO AT YOLOvV4 £ FHFEFR BN 25 ] CSPDarkNet-
53, G p IS A R AR UE R AR, 1] V45 2k ok B

CloU. it )5 YOLOv4 & Ffd H GhostNetV2, T &k
MRS, AR BB R, WK 2 s
S 4 o B 5 R R B b 1 AR e R B T
B SRR S, R DL EGIE UE R,
FIFHEEUN B FRME S BRI R EE A SloU, #TH5
YRR I 4 B AL PRI SR B . B 9 R T Bt R AN
B G YOLOv4 ZEIR A5 5, MR AT LUK B, 7RG
/N BARZEIRE, SoRT YOLOV4 IR Z IR E oL, 1M
U JE YOLOV4 RESEAT I R 7> 2R IR AL B . A4 4
R LUK, GG YOLOV4A S50 202 Sudkri it 1/5,
o 0 2 AR S ()RS B AR B G AT 4 A 1 0.56 N E AL, 1
ZEC A LI PR R e HE B R R AR SR I 0.474 s FRAK
%0148 s, DT 0326

0.12
GloU
CloU
0.10 - DIloU
EloU
SloU

0.08 -

{iiLoss value
(=}
(=1
(=)}

1

0 25 50 75 100 125 150 175 200
LR terations
B8 REHRA & RS I

Fig.8 Different loss function convergence

g BT, Sk E ) E B AR AR B AR A 2 HR N H
PR I A 5 v R RS 52, [ B A R 2
e, NRRERE SR SR
2.2 HRLRIE

ERR AW g EEfh, Bk 2 IR gs BT blk
B, f# H GhostNetV2 M 45 45 #4 1 4 2tk J§ YOLOV4 1]
FFRFAEFR N 25 A5 B IR M RE . A RIS TEA AR
GhostNetV2 =& T [ 4% 4 35 45 #4 1) JE Atk 1, be e e adk iy
YOLOV4 3533 [0 28 25 §6) FIT 503t Jim 2903508 ) 24 A1 FH PR B ] 53
HHRBRZ B . NESHERTTUES, #H
RN/ BEREE, BN SHERERIK, 28
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2023 4F

SRS 14 £, SN T R 8 % %% B 1 4 R
EWMMZEr, BE3IMREERTUEY, YEHAS
FHFEARA 1 SToU 1E R [R1 V=453 2Kk RR BT, LA ARG I 14
IR B, RN U SIGE BE B AR 88 GIoU. CloU. DIoU.
EloU e ARURIGZE G FTHAESRHUNZE (GhostNetV2) .

YOLOv4

Y OLOv4
Improved
YOLOv4

T2 AR THE 4R

Top bud eye 1
e THERRTINNE, SkFon FIRRR A E. FHE.

Top bud eye 2

PR VR FE W] 4y B G AL E (DW) DL [\ A 45 % 2R 5

(SIoU) WIMAEAY LA P 250K A LA R ARG st 1]
MFE S FRTLE H, 44 SloU [aAH ks, HP
PSR W KG B2 AT B R AR S, ARER TE A CloU [Hl A4 2% R
B, _ET 433 NED A

TER 2R3
Top bud eye 3

Bottom bud eye

Note: The box represents the prediction frame, and the arrow represents the location of the missed detection of the bud eye. The same below

B9 BT EAEA ML R

Fig.9 Model detection results before and after improvement

T4 MHAREREAEER

Table 4 Test results of the model before and after improvement

3 >3 e
I\Tiﬁzl Parajl’g/M Tkaiﬂz/ s mAP/%  APug/% AP/ %
YOLOv4 64.36 0.474 89.21 78.47 99.96
ik YOLOv4
Improved 12.04 0.148 89.13 79.03 99.24
YOLOv4

A, ARG E M S YOLOv4 FFEal b, dBxt 3=
THFAEFEE R 2% GhostNetV2 F T 3 J R 20 A 155 1 i3k
177K, a0k 5 FoR. Soss e AMERER ML (AD
i, 2SS YOLOVA P IIAEFEME R A 85.96%; 4564
fERER NS (A2) B, JOPRR IR T2 86.87%,
[ IS} R TR PRI AL K/ BT 10.23 MBs 43R40 FHYE 2% )
WL (A3, HAoAMmERMR 1w B, HPER
5 89.13%, AHECAME FHVERE ML, AR BE$E T 4.83

MNEF e

&5 DEBATUNERETFERDIELERIRIE
Table 5 Neck and prediction layer and backbone attention
mechanism ablation test

J71% Methods ALE Weights MBI/ [A] Time/s mAP/%
GhostNetV2+NODW+CIoU+A3 148.00 0.184 89.11
GhostNetV2+DW+CIoU+A3 46.40 0.148 84.80
GhostNetV2+DW+SIoU+A3 46.40 0.148 89.13
GhostNetV2+DW+SIoU+A1 40.07 0.149 85.96
GhostNetV2+DW+SIoU+A2 50.30 0.153 86.87

¥: GhostNetV2 A ETHHEFRINN LS : NODW Fonffi bt B AU DW
R IRE R B ETEYG AL RIR GhostNetV2 H1 32 FRAE SRR 25 4
A R S A2 IR GhostNetV2 Hi 3 TFA4FAEH& B 45 4= i i F i
B IHUH]; A3 7R GhostNetV2 H 3 T RFAE 52 B 45 36 43 A I 33 & S Ll
AR 1 iR,

Note: GhostNetV2 is the backbone feature extraction network; NODW indicates
that the standard convolutional model is used; DW indicates that the depth separable
convolutional module is used; A1l indicates that the backbone feature extraction
network in GhostNetV2 does not use the attention mechanism at all; A2 indicates
that the backbone feature extraction network in GhostNetV2 uses the attention
mechanism at all; A3 indicates that the backbone feature extraction network in
GhostNetV2 partially uses the attention mechanism, and the distribution is shown in
Table 1.

ZE FANR, A ETRHERIUNZE (GhostNetV2) il
VR BRI (DW) I EEEE kR (SToU)
N EA7E GhostNetV2 Hh s 433 FH R 2 27 AL 2 A 1) 2 R
AR, AR RRIA RN, HAPIR MG AR 89.13%,
RS 18] 9 0.148 s, HEAYALE K/INA 46.40 MB.

2.3 A EBEFREMNE LRI

ARIGAE B HAL & Gl 1 R iE 50 5k
BE R E G NI NS H. IS EEEM
B 1 00 T, ks I 4 204 £ B SSD. Faster-RCNN.
EifficientDet. CenterNet < YOLOv7 . YOLOv4 f & i3
J& YOLOvV4 H brAS AR 047 /i ) #HERE . USR5 A il
WA 250 (F#E U i AR L CPU A WA ] 2F
R F S0 MBRE F 155 L mAP fH. B3 6 AT 41,
AW YOLOVA B Frta M AL P 358 BEE (mAP)
N 89.13%, 5SSD. Faster-RCNN. EifficientDet. CenterNet.
YOLOvV7 Ml tt, 43 42T+ 23.26. 27.45. 10.51. 18.09.
2A3ANE S, S ET YOLOVA AHEL, ik L A
—8; EEMSHE B, SOk ERBLAAE B 6
R H bR AR, AT B AR, N 12.04 M; fEE
W [A] bpi, ool SR AL AR B i AR FR i CPU A i B gk
BUE R 1B A 0.148 s, FHELHT 6 Rk MR RS, 43 1) sk 2>
0.007. 6.754. 1.891. 1.745. 0.422. 0.326s.

AN, RTINS R A AR, A AN ik
6 Fl B ARl Sk, B AL S sk TS5 2R . Wil 10
Fiz~, f# SSD. YOLOv4. YOLOv7. CenterNet. Eiffi-
cientDet LG M ZEAR A, FAEJRAE AL, B 7k
Fr o B 7573 25 02 CenterNet AN RETH Al Ty %4 %, i
Faster-RCNN & 4t YOLOv4 H FrAa il &y, o] BLiR
T H K ER > 2R, {H Faster-RCNN 18 F 48 ic A< Hi.fisi CPU
o ) B P PR BT R AS B 2 SERTAS I R oK . 28 BRTIA,
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Table 6 Comparison of bud eye recognition results of different target detection algorithms

By TFM% ZH U fe) F F sYuS S ONGETIES

Model Backbone network Params/M Detection time/s fbud Ipotato Mean average precision/%
SSD VGG-16 26.280 0.155 0.12 0.99 65.87
Faster-RCNN VGG-16 137.090 6.902 0.32 0.95 61.68
EifficientDet-d3 EfficientNet 12.018 2.039 0.55 0.97 78.62
CenterNet ResNet50 32.665 1.893 0.36 0.01 71.04
YOLOvV7 MulticoncatNet 37.620 0.570 0.69 0.99 87.00
YOLOv4 CSPDarkNet-53 64.360 0.474 0.77 0.99 89.21
Imi%:)&ve‘g?(%?:gv 4 GhostNetv2 12.040 0.148 0.80 0.99 89.13

Ji
Original
image

SSD

Faster-
RCNN

Eifficient-
Det-d3

CenterNet

YOLOV7

YOLOv4

itk
Improved
YOLOv4
TEp IR TR ZFAR2 TR ZF IR 3 JEEREF IR JRERZFIR2
Top bud eye 1 Top bud eye 2 Top bud eye 3 Bottom bud eye 1 Bottom bud eye 2

T TTHEFORTIUAE, # k3R IR B D8 F IR A &

Note: The box represents the prediction frame, and the arrow represents the location of missed bud eye or potato missed detection.

B 10 FF B AR F kiR A B 4h 3 Ao 3 IR 69 4%
Fig.10 The results of different object detection algorithms to 1dent1fy potato and eye

FEERWT:
1) i F 42 8 R 3 T /4% GhostNetV2 X # YOLOv4
NT AR G B R 5 % 2 IR IR BT 55 [ E T 4% CSPDarkNet-53, BB SHE, 4N
AR — P TR B R G 2 (1 2F IR I SR, SadbRn ) 1/3, A ay@2> 0.279 s, AL CSPDarkNet-



180

Flk T2 (http://www.tcsae.org)

2023 4F

53.MobileNetV1.MobileNetV2.MobileNetV3.GhostNetV1
FEF W%, Ik RS B4 il v i 1.854 0.75. 2.67.
4.17. 1.89 NAEM M

2) A SloU Bl 445 2k i AR E CloU [u] )4 451 2K bR
B, RS EAAAIERE, ML GloU. CloU. DIoU.
EloU [B] V5453 2% bR %, A O KS B2 43 00 /& 2,97 4.33.
2.38. 38N EHAT A

3) AHritREER B AARNEE, W PUA RO 2
A DR ZERAE, PRI 89.13%, Al i (4]
5 0.148s, FHELSSD. Faster-RCNN. EifficientDet. Center-
Net . YOLOv7 Hprfailiissy, ~FIkEEEAE - mlsH 23.26.
27.45. 10.51. 18.09. 2.13 A~ 40 &, A WA 18] 43 1) 9k
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Detecting potato seed bud eye using lightweight convolutional neural
network (CNN)

HUANG Jie, WANG Xiangyou™, WU Haitao, LIU Shuwei, YANG Xiaonan, LIU Weilong
( School of Agricultural Engineering and Food Science, Shandong University of Technology, Zibo 255000, China)

Abstract: Manually pre-sowing of seed pieces cannot fully meet the large-scale potato production in China in recent years,
due to the low-level mechanization, high labor costs, and intensity. Automated equipment can be expected to realize potato
seed cutting. However, the potato seed eyes cannot be accurately positioned during processing using mechanized equipment,
resulting in serious waste. Particularly, accurate and rapid target detection is highly required to identify the potato seed eyes,
due to the small target objects. It is also necessary for the high recognition of small targets with fewer forward inference
parameters. In this study, a target detection model was proposed to rapidly, accurately, and real-time recognize the potato seed
eyes in the block-cutting equipment using a lightweight convolutional neural network (CNN). Firstly, a lightweight feature
extraction network (GhostNetV2) was selected to replace the CSPDarkNet-53 in the backbone network of YOLOV4, in order to
reduce the forward inference parameters of the model for the more focus on small target objects. Secondly, the depthwise
separable convolution (DW) modules were used to further reduce the computational complexity in the neck network of
YOLOV4. Finally, the bounding box loss function was changed to the SCYLLA-IoU (SIoU) loss function with the angle cost.
The impact of the uncertain position was avoided in the prediction box on the convergence speed and the overall detection
performance of the model. The experimental results indicated that the parameter size was 12.04 M, when the GhostNetV2
model was utilized as the backbone feature extraction network for the YOLOv4. The test dataset was also collected from the
experimental platform. A better performance was achieved in the average precision of 89.13%, where the time required to
detect a single image using a CPU on a laptop was 0.148 s. The F1 scores were 0.80 and 0.99 for the buds and potatoes,
respectively. The improved backbone network presented approximately one-third of the original parameter size, with an
increase in the detection accuracy of 1.85 percentage points, and a decrease in the detection time of 0.279 s, compared with the
CSPDarkNet-53 backbone network before improvement. Furthermore, the GhostNetV2 backbone network improved the
detection accuracy by 0.75, 2.67, 4.17, and 1.89 percentage points, compared with the lightweight backbone networks,
including MobileNetV1, MobileNetV2, MobileNetV3, and GhostNetV1. The F1 values were also improved by 0.06, 0.07, 0.12,
and 0.08 for the buds, respectively. The SIoU bounding box loss function showed detection accuracy improvements of 2.97,
4.33, 2.38, and 3.18 percentage points, compared with the GloU, CloU, DIoU, and EloU ones, respectively. Moreover, the
improved YOLOV4 object detection model shared the higher recognition accuracy, with increases of 23.26, 27.45, 10.51, 18.09,
and 2.13 percentage points, respectively, compared with similar object detection models, such as SSD, Faster-RCNN,
EfficientDet, CenterNet, and YOLOvV7. In terms of the detection time, the improved YOLOv4 object detection model reduced
the detection times by 0.007, 6.754, 1.891, 1.745, 0.422, and 0.326 s, compared with the SSD, Faster-RCNN, EfficientDet,
CenterNet, YOLOv7, and YOLOvV4, respectively. In model parameter size, the improved detection model was only 12.04M
parameters. Overall, the finding can also provide new technical support for the recognition and model deployment of small
target objects, such as the potato buds.

Keywords: image identification; convolutional neural network; potato bud eye detection; small target; YOLOv4; GhostNetV2
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