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(1. el R T RE, BN 4300705 2. ARSI A T iERolk 2 % 8 fseie s, 1K 4300700

W OE: NI ARSI SR B AR PR S, 1% 7 OB AL B AR SE O T %, B T — Rl 3k T et
YOLOvS 1RSSR /5% YOLOVS-PBi. & 5t, ¥4iBa4EF (partial convolution, PConv) 5| N C2f BEHRH, ZHiH A
UL FE P VR SR S s LR, I NIMBO R RHIE 4 735 M 4% (bidirectional feature pyramid network, BiFPN), 1%
2 RERR ARG M ae, B o, B8 ool SAAE 0 2R oR BN 30 & 3 B ZE £ ML WIoU (wise intersection over union,
WioU), #EBAISOREE, #— PRGN MERE . Wi BR, Mk YOLOVS-PBI BRI ERER . A [ R AP
VIR BE A BN 89.4%. 74.9%. 84.2%; AHELJFE AR 4 YOLOVSs, MBI T /N 46.22%, 1R, 7 RIRMFk
FEERTE 130 150 1.8 ANEJF £l MEHM BN HMANK S L, Z3d TensorRT MG, Ak H] 43 ii/s. %
J5 0] AR SR RE ARSI R 0 TR R S e R B
R BRI, B1RR5]; YOLOVS; RERSE; BN,
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BREEAE Dy v [ b B 1L DML ) = L2 DR AR, i
T APURT 72 B g St 58— 24 i AR TSR AR 5 A7 AE 1
NTHENK. fabatEm. A= 3RS i) @ O 24 oM il
PREEP R BRI RR R, BESRERIKE,
G ANV EAE B BRI, XA TSt 1 7
B P S E RN wal I e €S Rt PV i)
FiRSCREAR BRI o 7 220 H AT b S Al 3 22
LA ARG GRS RESD T BP w4
W 28 T ST AR SR A AL, RN ZR A B 91.67%;  JEAT
S Tl 53 (genetic algorithms, GA) Flfg/N —
e % FF M) 7= Hl (least squares support vector machine,
LSSVMD , S i E 1E 2528 5 AR A0 TR AL B 5 1 AR SR A0 21 4
itk B AT AR e, 7 GA-LSSVM B SR AR,
AT IR B EF2N 97.54%; MOSCETTI 251 61
ZLANETE, B R FVE AT RIEIE R, A BB
S LRMEFIRISHT (linear discriminant analysis, LDA) .
R FIH 4 HT (quadratic discriminant analysis, QDA) &5
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ST, SEPRCGEIRAR ZE 2.38%. TR, HREEH R
o 3 B4 vh AR AR SR R RS IR AT, BRI IN
WEERSH TR . e b2 RE . 5 5 R
WG RS ™ E L, R R

BEEYIECN . KEHE. ATSSERIRIE, JETHLAS M
B AR AR E 2 > 1 AR i B A A A AR R
SRILME T A, F 4 B %0 E T Mask R-CNN R 4% 2
1 ResNeXt NETMLE, 51\ Boundary 352K b H0H) 3 5
REGGMBER, LU, & Mask R-CNN
HBIIRHINE BEIEF] 96.52%;  [E1E %5 2T Faster RCNN
W&, RHAZBMAINSG T8 (alternating optimization)
BB R [X d5th Ak (ROI pooling) U3k Sy 8% R [X 4545
#E (ROI align) , F£i%#E VGG16 W 4% i 7Y 4 78 i) L 1
SER AT, SR, 23k Faster RCNN 338 Hi kS &
992.01%; LE % P T Faster RCNN B A, % H
Inception-ResNet-V2 FEAIE 4 BB B A4 £ 5 4 30 55 T 1 2%
RO, 2RI FREE, ool Faster RCNN 1354
JEik 55.5%; HTET Z&!") JEF Mask RCNN, @i UL
SR SR S, METE AN U A (A R AR AS 0
SR, AR RLE SRR 2R YIRS 80%~95% HIHE
%,

PL_E 5948 B 250 F RCNNMY [ Two-stage 292,
RS R, (H TR AR NN B, SRR
5 4h—FrLk SSDI'. YOLOM ! %5 4y 48 % 14 #) One-stage
W 2%, BT — B BRI R R L RS R R
ARAKAWA 2 J2T YOLOv4 H bR M 2%, &%
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INUCRE R EIGIIG, IIZEAE RP0.98, TR 6.3, *F
EIRKSEE R 84.27%; EAF RS FET YOLOVSs M5,
B () WAk 45 %) (spatial pyramid pooling-fast, SPPF)
=2 45 B 4k 45 ¥4 Catrous spatial pyramid pooling,
ASPP), KX AHFE & 7 EE M 2% (bidirectional feature
BiFPN) , 7 I & AU & ) B Bk

(convolutional block attention module, CBAM) , #J#ZE
Tea-YOLOVSs A MR B 7%, kil R HERG R
ik 85%, HMEHLHE 84 Wi/s; A HT YOLOVA [
4, BIRHESEHUN 4% GhostNetV2, & # KRk f &
25 Th B AR HOR R FE W] 73 B % FH (depthwise separable
convolution, DW), SR HH # JE AN 134 FEHE A 2K o) £

(SCYLLA-IoU, SloU) , &4k B 4% A E 2 IR
WM, 2k, AR T3 R IAR BE S 89.13%, Al it
[y 0.148 s; BAZAME %17 5y 7 R BT iz b+ wii vl e
B, T YOLOV3. YOLOv3-tings YOLOv4. YOLOv4-
tiny =R INABEEY, KUK BE 23000 78% 77%- 81%-
79%.

PA YOLO AR ) H A o 0 A5 2S4S Ik 52 0
ERCREE,  FAE AR AT E s I 1 1 T B2 iR SE
SRS H ARk SR TR, RIS AT RIS e ) 24 2 A gk —
RN S H R, e B AR E, BRI A
PRI 24 b o AR T Bl YOLOVS B4, DAJH
648 & HUE AR ZE AW AN 5, X B AR A T AR
RSL AR R T R R e AR, DASEIl NS 4=,
LIV TEIR, TN UASCR R A AR S B AR K

1 MREE%

1.1 BiR&EENM

R R R EGET 2002098 2HE 8 H
(8:00 % 18:00) FEMIILAEBEE 37 X 3 X 11 2 H B A1 4L
R KT kG . R R L T AR OR AR . 2022 4R
9 H 23 H, NAEHEH AL R AR SRR fel KA T 36 7 44
. KW N Canon 200D Al Fuji X-T20 AHHl. T H
SRIRIETS S5 B 2R ME AR SR IR 52 H FRRFAE 19 AN B 24,
RESFEPESE TARMOCL LM MIEME. faEEE
g, kB B AR EE 2 R I AR Y 2 Ak e
K1 RR T 30 R IR CCE B

K F Make Sense X ARiE HARIAEE N AR ZER 5L H br
B EEEAREE B bRt s ARAR RBRERE TG B . AR B
(1 TXT ARESCAE, R RAEMR TE B AR 46 70 il 4 de
FIGIELE, HHRERI»WnE 1.

YOLOvS #4518 558 5 A 55 5 28 78 (Mosaic)
A T R O B AR . 1 B o B Y B
VYK E br R 4% JRFE AL A A5 AL B P il — 5K BT
B, il 2 fis . X Fh 7 m] DU o i 78 208 4k
PEmM IR, BT Y AE I AE .

pyramid network,

b. i3
b. Close-up

o

N

a. L5
a. Vista

c. BAHIR
c. Single target

d. A
d. Empty sample

B1 REREREBMETH
Fig.1 Chestnut fruit collection image example

®1 BRREEESHR

Table 1 Chestnut dataset distribution table

el SEES g PREHE

Categories Number of images Number of labels
gES
Training 2624 28 089
Lans
Validation 1164 19005

a. Sunny day

B 2 Mosaic 243 BB R
Fig.2 Mosaic data enhancement effect

1.2 WERRLBFRENSE

b. Cloudy day

1.2.1 YOLOv8 AArAp22 W 45457

YOLOVS 72 Ultralytics 2 & FF & J—Fh SOTA (state-
of-the-art) #E%84, T 20234 1 HIER K Ai, k& 7T
YOLO #FIMIAR A, RN T8 st ot . 5 1
—RYOLOv5 #HEL, FHEERNA : 78T k2% Al H]
C2f FEHARE: C3 Ml 2o | RFFIRE T B AR R s
KRR A k458 (DeCouple-Head) , I 43 ZEFNAE AT
oIt PR TR R

YOLOV8 M5 i 3 AN/ 4 % A i (Input)-
FE T M2 (Backbone) FLFIMI %% (Head) o fil A Uit
2233 Mosaic 4 1 o AR SR S BBOE A 4%, -+
W 2% {81 A DarkNet53 25 #4) 5 N 1y b 42 BURFAE, I 158 H
COf iRt B 4 C3 Mt . Cof B4 & n /™ Bottleneck
M3IANBIRE, Bl —A> Split f1 2 NBkJZ#E . SPPF
PEHCIE A R /N it A B 2 R R AE, T2
Ik
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P FETE YOLOVS B2 142 f AR SE B SR s 7 v 211

Sk Y 2% 3 B B8 AR KA M 4% (path aggregation
network, PANet) ATk (Detect) LI SR HI4FIE Rl
A FH KL, PANet B FPN (feature pyramid networks )
1 PAN (bottom-up path aggregation) 2Hj%, FPN H L
TIRIFHEZE S, B EEFHER N ERHER S, 527
W28 50F T AN REE BARIIRE /7. PAN H R 1T _ESE BURFE
JFE R, REALEE R Tk LA 3 AR R SF 143 3

oy R AN H AR AR BRAE B
1.2.2  M&AEA ¢4 st

A3k JE I YOLOVS-PBI £5 Kyt & 3 s, g
5\ PConv F| C2f f5dk, # 4t BiFPN NRHIERRG P 2% [
Bt ek B0y WioU, A RUHEFH BRI e ) FHodk B

Conv Conv Conv2d Bbox. Loss
Conv Conv Conv2d Cls. Loss
CBS Conv Contact |—>| Conv | SPPF
P2
| C2f-PConv CBS o

ET %

S A 2%

TE: CBS NBERBHRMELHFIE R EG SPPF 92 Al G Bl AL, C2f-PConv A 5I NHIZF B BN C2f BibR: Fusion JyHRE T — (L& #H: Upsample
ORFEBLERL; Detect NASIISk; Maxpool2 d i Kithth; Conv N4EH; Contact NRFEZEREAH; Bbox. Loss Fl Cls. Loss 75l 121 FHES 2 F1 43 F5 45 K
Note: CBS is convolution + normalization + activation function; SPPF is the spatial pyramid pooling module; C2f-PConv is the C2f module with partial convolution;
Fusion is the fast normalization fusion module; Upsample is the upsampling module; Detect is the detection head; Maxpool2 d is the maximum pooling; Conv is the
convolution; Contact is the feature connection module; Bbox. Loss and Cls. The Losses are bounding box losses and classification losses, respectively.

B 3 YOLOV8-PBi M %454 A
Fig.3 YOLOvV8-PBI network structure diagram

AL FEENLLT 3 AN T7 A7 ok :

1) C2f-PConv fiik

YOLOVS8 ¥ H 1) C2f B & 5 £ 1) Bottleneck 25
F, FESEEUE Z R E 1 R B 30 7 W[5 S B AR .
BLK Bt MobileNet!"™,  ShuffleNet!"”!. GhostNet?" 2% 3: Jii
Ak W 25 R FH R G AR B G AR B A (AR, 7
/> FLOPs W[RIRS, BN Ui g, wait&E
BFAL N . FasterNet ) PConv F FA4FEE R R TTRE
B, RAEE 7 @iE EHAT NG, A s H Ath s i,
TR AT DL A G R 5 48 T SRR T, b T TR
PWAF VT P, PConv HUF5 ELAE 4 N (R 433818 L AT 6
FREEAE, M FEHCS AR, 1 AR AN EE AR . B
Why wREARHEE KD, o R A\ iE 4,
¢, RS HEHERIBER, K NERRRS, rXnzh
LR, HiHEE Foea ZERWK (D, AEVRE
My tHEA L (3D,

chonvzh‘W'kz'Ci (1)
r=2 2)

c
Myc=h-w-2c,+k*-c,~h-w-2c, (3>

— IR B 5 BRI ) 1/4, PConv ] FLOPs 1N
WIER 116, HTEREREHHNGERD, WA
] B 24 AR 1/4

HT R ¢, BIEZ 5 BRI, X T 58RI
BIEREEIERA AL, FIRAT LR KD o & &N A7
Uy e & .

BRI Bottleneck B HL AT DL S AN [7] )R RFAIE 1) 32
@G, R EE M ERoRaE ), (HlF YOLOvVS
K & Bottleneck 451, K KITHE 4. Bottleneck
ghitunlE 4.

78 3 A# F FasterNet # [ PConv ¥ 11 Faster Block,
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TEFFIERR AL C2f it ik, FHZR4k 7k 1) 7 2K Faster Block
B ¥t Bottleneck 1 = ZLRIBA I 70 30, 4 0 B 7 A
O HE . BT E C2f-PConv 5] A\ PConv, #—5
A el A B AR 19V S BRI SR . C2f-PConv #REHR &5
FuniE 5 fis o

\ 4
Conv 3%3

BN ¢ReLU

Conv 3%3

BN | ReLU

B 4 Bottleneck % #) &
Fig.4 Bottleneck structure diagram

Conv

4 A 4

e’ Split —

Input Output
Identity

BN | ReLU /
/ Contact

Conv 1x1

/ Conv

Faster block / C2f-PConv

e O NMARHERPEELG o, WS E5EREEE: * ABEPURIE: 1.
w 3 RRHAE B R A R Conv A RS PConv 973 A1
Faster Block %A #7- BAAIS5H: Split Jyidi i 43 HIFH.

Note: ¢ is the number of channels in the input feature map; c, is the number of
channels participating in the convolution; * is the convolution operation; /, w are
the height and width dimensions of the feature map; Conv is the general
convolution module; PConv is the partial convolution; Faster Block is the
structure with partial convolution; Split is the channel splitting module.

A5 C2f-PConv H3k 454
Fig.5 C2f-PConv module structure diagram

2) FRERRA M2 BiFPN

Z REFIER A B 75 R & A F 2 3 R 10 R 1E,
PANet 5 H i LA E B R E&EEE, ROURE FPN 3
I, {Hil5H & ¥ K, BiFPN & T PANet, BB E 4
BN, SRR SR TR TR AL A, W RRAE A
A TTRR DN, RN AR S 2 RRE, BANA N
— 5% AR B A I 4 B N T S o T P, TR
BiFPN 45t an & 6a fizn, A BiFPN 458438 in P2
KRGTHFEEE, B nbk SE 5 sz 5t H bR e R A #e 71,
B BiFPN Z5 R4 & 6b i

2024 4E
P3 Pl ?
P4 P2
P5 P3
P6 P4
P7 P5

a. JRIABIFPN&i 14
a. Original BiFPN structure

e PI~P7 AR AN FFAE P o
Note: P1~P7 are the input feature maps of different layers.

B 6 BiFPN 44
Fig.6 BiFPN structure

FHERE G fE T, AR AR R AR, X T
it RFAE A ST AN A, BRI T REEM 2 RS H
PREEZ . BiFPN SR I HRIE I — L il & BT 17 A [F) R AR
B, J230 R BRI Z A5 S, D AR R A
R ARG, oA S a5 R 208

N _ @Y
O_Zh+2ij (4)

AP oo, 9 NREAE 132 SIRCE, 3R 28
ReLU SKHAR o, =0. FMEMi AR, BB YIS
K =0.000 1, VI LBERIELE 0~1 Z [0 T .
DUREAEE P, 91, P, 1 o [RVRRAE PRy AR AE Po
KHlh (5. (6):
w; - P} + w, - Resize(PY)
wtw,+e& )

b. B BIFPN4E 1
b. Improved BiFPN structure

(5

Py = Conv(

W'+ P+ w, - P! + wy - Resize(P§"
PZ“’:ConV(l e (3)) 0

W twy +ws +e€
KA PR § B NFFIE, Resize N_FRFEEL T KL
fEo

[FI o T — i m g, FRE R B B A P R B
A S B, BRE RN E H— MBS ERE. AR
RRAE Al & P 255 B #5 BiFPN,  BEHE A [R) R R AE 43 il
ANFEALE,  FFREAT I R A A ) SRR AR 23 SRR AR
G, E—B e B AR RE .

3) WIoU 1k iR 4t

YOLOV8 [ £ i | 321 AE A4 A5 2 2% Leyoy K I B 52
CloU (complete intersection over union) Loss**, Hit 5
X (7D FR:

()C - -)Cgt)2 + (y _ygt)z)

Loy = Ligy + (W; n Hﬁ) D
y
= (8)
¢ Ly +v
4 2
V= — arctanB - arctan& (9)
P2 h Iy
WH,
Ly = (10)

wh+wgh, — W:H,
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W1 KA

FEFHGE YOLOVS BB e B AU AR SRR SR ) U5 v 213

A Ly RIEWE 7 PR, o ARERE, T VS
B, v oRPMELLEE R WAL A TR Bt CloU
PR ELRIREE T HBHA. TOEE. Rtk H
FETIIAE [B1 VLR rpr, A7 AE TIIHE 55 30 SEHE vy 98 L R 20
PESRARES, CloU RIS URL Ny 0 fsHL, RIS Lk
150 O I R R 2 % [l DA R A T 2,

I We
|

(gt Ver)

(*x,»)

| ' v

W owe by (x ) RRRTAE RIS . RO A O AR AR s wy, g,
(rgo Yo PPONFRRHSERERIFE . RO AL Ab b W, H, 20 R R A0 4R
e BRT: W, H, S BFORRONERES . R
Note: w, h, (x, y) represent the width and height dimensions and center
coordinates of the prediction box, respectively; wy, /1y (X o) represent the width
and height dimensions and center coordinates of the real box, respectively; Wi,
Hi represent the intersection width and height dimensions, respectively; Wg, Hg
represent the minimum border width and height dimensions respectively.

H{7 AEEFRFRMERHFEEHR
Fig.7 The area of intersection and union of the real box and
the prediction box

A PN A AR B SR EENLH] WIoU #5467 451 2% bR
#, HakmBunl (1D Pos:

Loy = rRwiou Loy, Rwiou € [1,€), Liou € [0,1] (11
2P B SR AL Ryou FH T T8OR35 B A HE (4 Loy
A R AE R r T R E BT EAE . Ryiou € X
= (12>, rE XA (13).

X=Xg) + (V= Ver)
Rwiou = eXP(( (;‘32 +(If’12)*yg) )) (12)
g g
_B
r=es 13

ﬁ*%ﬁ%&{%@@ﬁ@ﬁ¢ﬂ$ﬁ%%&ﬁ%¥ﬁ
i, B I, 7 B0/ 45 B A
BRER 2, MAEALAFAERE B, o, 0 2R HL.
P R PG 6 T B RE A B SR B TR SN2 T i A
BARERIRS, 0 VI 2505 SR R S HE = 2 O
RE, BEATUEF R BAE, TERGHN S fr R

WIoU £ T CloU H A LU AR T 100, R ~F- 1l
B RIS R BB X T BT [V RO B, 80 AT 3
fLfE T, SRR AR P . TRk A SOR B WioU &
A RETRL 0 5950 2 6 M L TR 5 B KOS AT AR A«

1.3 NEFESHARNTES

I S5 458 7 & 0 B BN 19 9900K CPU, Nvidia
A4000 GPU, 8GB &, N winl0 R4, 64 fi,
Python 3.9 iR, Pytorch 2.0.0 HEZZ, Cuda 11.7 fRA.
GSHUNEK 2 fiR.

=2 W&ssH

Table 2 Training parameters

NESH g
Training paramers Values
HIUGEE ] 5 0.01
Initial learning rate )
fefe s
Optimizer SGD
o AMefedsa 0.937
ptimizer momentum
PoA A 5 AR EL 0.0005
Optimizer weight decay rate '
I ZRatt R 16
Number of image per batch
ESAVE R UE3 100

Number of epochs

T RY ST % 35 25 1% 45 % i Nvidia Jetson nano, Fit B AN
A57 lU#% ARM CPU, 128 #% {» Maxwell GPU, &1TH
17 4GB, 64 it LPDDR4. {3 8ifi; Ubuntu 18.04 R4,
AT IRIE [ C B AT Jetpack 4.5, Python 3.6, Pytorch 1.8
TensorRT 8.0.1.6.

2GRS0

2.1 HERIRIE

RIS 45 R 3 fron, IRARTA, I E
LR Cof B S, W/ T SEE B RN, fEE
PR IH R, SR BiFPN 5AE f A 90 4% 16 i 26 52 X017
5 RRE A AU (R IE AL A, BN SR
AT RN, B H B2, R A Wiou 151 2% B Hd2
A BB B 3 25 4 FL SR G, IR 2 o) SRS T B U
TR W B £t e, $RTHEBURIIRE BE . A IR, P
FE,

HZ% 340, R 2 4 YOLOvSs ¥ i b #5 J7 ok
C2f B B 4y C2f-PConv J&i, A5 7 4R FR 45 /N g ik 25 W)
YRR 74.67%, R [ RS A BT R I, R
TETAUE # o IWIE BT G RERAE, A 808/ I B AR BRI
THREOITARMIFEIE, X T R I8E 0] 5E & A 1D =1L,
T B TP FERS AT Bk /s S 3 B 4 WoU 1
KREHE, BAKEHR. AR, FEEEHEIERTT,
R WioU nf LUSR M R A FE RS, $2 s B2 R i kS
FEs R 4 B AR AL A %O BiFPN J5, AP R
FEREE 0.2 AN E 4 s, AHRE BUARFRGE /N Sy 5 28 X 25 11
66.7%, B BiFPN Re Rl & B Z0-E, HiE i wy BCE
(R AE R A WL IE R IE 0 B2 T 2B, R 5
F 4 C2f-PConv £l WloU, AHELTi5% 2, A% TifEbr
AT, R 6 56 5 LAt _E 3N BiFPN, A7
HERIETF 0.9 AN E 43 m, [RII AR R R ek /N Sl 2 28 W)
4511 53.78%; RI6 7. 8. 9 TEINIIER 2= > (M 5&EAh |,
AN PConv. WIoU. BiFPN, 3t # [m] % AH 4% T ik
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2024 4

2. 3. 400N 0.6, 1.3, 0.7 NE A, FYREE
S BEIN 0.5. 0.8y 0.2 /NF 48 AL, SA IR 10 BT A1,
RS I E AN SR M R R A b, AR, PR
PESEARAR A ST, RULE R 2 ) AT LU I 2Rk 2 A

AT e RS IR FERNZ AL RE 1. B REER MR AR L,
g ot )E, WARARGE /N NI AR 1) 53.78%, A
FEHRIETH 1.3 A2, ARERET L5 Ao, T
FEESRTE 1.8 H A Ao

=3 HEARIE
Table 3 Ablation test
RIS A 4 ] W omEs  TORIRRBE R s
Test NO.  Base model PConv  WIoU  BiFPN Transfer learning ~ Precision P/%  Recall R/% Mean average precision  Weights  Frames PEL second
mAP/% /MB FPS/(i-s™")

1 YOLOV8s x x x x 88.1 73.4 82.4 225 81.9

2 YOLOv8s \ x x x 88.4 72.4 81.7 16.8 103.5

3 YOLOV8s x \ x x 88.6 74.1 83.0 225 88.5

4 YOLOv8s x x N x 88.3 73.4 82.2 15.0 96.9

5 YOLOV8s \ \ x x 88.6 72.8 82.5 16.8 104.9

6 YOLOVSs N N N x 88.5 73.7 82.6 12.1 105.5

7 YOLOV8s \ x x R 88.8 73.0 82.2 16.8 103.1

8 YOLOVSs x N x v 88.9 75.4 83.8 22.5 88.9

9 YOLOV8s x x \ \ 88.2 74.1 82.4 15.0 97.2

10 YOLOv8s N N \ R 89.4 74.9 84.2 12.1 108.1

VE: N, BRI <, MR-
Note: V, use this algorithm; x, not using this algorithm.
2.2 HffpizEw Mgttt

A DL Bt YOLOVS B b A I W) 4% Sy 225 it 9 245,
B s BRI I E T 4%, 41 MobileNetV3.
MobileNetV2. GhostNet. ShuffleNetV2. 7E{f3#[& & F
W 2 Ah HoAh S 50— B R A B, X LA TR 32 2% 6 T
HAR IR

M 47 &0, f# B C2f-PConv 2 ik 77 ¥ M & T
MobileNetV3. MobileNetV2. GhostNet. ShuffleNetV2,
YIGREHR. AR, PR EHER RN
JE 5t oAt X 2% 2 IR TE 3.50 94 7.5 99 DNE A AL
53 B AR I I 2 AR RN T AR T, (R AL B HURE
TEREIIRZE, ARei B TR,

Fz 4 TRBREENFHERIETREITEL

Table 4 Comparison of different lightweight feature extraction
backbone networks

EFR% P R o o
Backbone network /% % mAP /% Calculation amount ~Weights

/GB /MB

MobileNetV3 84.6 709 78.2 21.3 19.0
MobileNetV2 81.8 64.2 72.7 17.3 13.9
GhostNet 839 655 74.2 16.4 13.0
ShuffleNetV2 81.9 63.5 71.8 16.6 13.1
C2f-PConv 884 724 81.7 21.4 16.8
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Fig.8 Comparison of improved loss function
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Table 5 Comparison of chestnut detection results of different

models

R 0 R mAP -, ;’ _I;ﬁ = ¢ L E Weights
Models P70 oy CHICHITOREmOUD /MB
SSD 87.77 4381 62.87 61.2 90.6
Fast-RCNN 53.06 3737 36.38 139.8 108.0
YOLOvVS5s 84.8 71.6 79.8 16.5 14.4
YOLOvV5S m 87.4 73.7 82.3 49.0 42.2
YOLOv7-tiny 84.0 72.0 78.0 13.2 12.3
YOLOv8s 88.1 73.4 82.4 28.8 22.5
YOLOv8-PBi 89.4 74.9 84.2 20.8 12.1

%% 5 AJ %1, YOLOV8-PBi AR AL R34 /N T Hodth
B, REWRZE . BRE. PRk T Hofd g R, B
oh 7 B85 B2 23 I EE SSD. RCNN. YOLOvS5s. YOLOVS
m. YOLOv7-tiny. YOLOvVSs 73 il & 21.33. 47.82.
44, 1.9, 6.2 1.8 ANNH A, R BT SSD.

RCNN. YOLOv5s. YOLOv5S m. YOLOvV7-tiny.
YOLOvV8s, 4 7l Ji /N T 86.64%. 88.80%. 15.97%.
71.33%. 1.63%. 46.22%. Two-stage X %% 5 7 Fast-

RCNN FIR R 2 B & 5k, HAR IR B 8K . One-
Stage M #i% SSD. YOLOv5s. YOLOvVS m. YOLOv7-
tiny. YOLOvS8s IR T 2% & /N T Fast-RCNN, [F] i}
6 A P B v . 5033 S ) YOLOVS-PBi AH % HoAth 32 v
W2, KT AR SE H bR ORI RCR BB 4T
2.6 BEIREIBE

97 B YOLOVS-PBI 1 R 11 25 ¥ 4 B B 5 L,
IR A T 32 S T A S B, %8 #F TensorRT HERE A 8
ATINi# . TensorRT #& Nvidia A &) & A7 F i P Ge HEFAL AL
MEZE, BEWSLE Nvidia GPU b i 7 $RAHAR 28 3R s 75
(1) HE BN

¥ YOLOVS-PBi #5 B Il Z5 A # S A3 40 R wts H1 ]
A SN Jetson Nano $UAT 9w 11, FFAIALRTING Gk
% engine HEHE G| %, X engine SCAFHAT T AL ERAERTHT
SEHUHERE 5 5 A FR AR . BB R IIE L AN 6 PR

*6 REMERNMZRIIEL

Table 6 Comparison of device deployment detection frame rates
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Detecting chestnuts using improved lightweight YOLOvS8

LI Mao, XIAO Yangyi, ZONG Wangyuan™, SONG Bao

(1. College of technology, Huazhong Agricultural University, Wuhan 430070, China; 2. Key Laboratory of agricultural equipment in the
middle and lower reaches of the Yangtze River, Ministry of agriculture and rural areas, Wuhan 430070, china)

Abstract: Chestnut industry has been confined to low productivity, high labor expenses, and operational hazards. Information
technology can be expected to deal with these obstacles in the chestnut production. Fruit object detection can also offer
essential technical assistance and solutions to the intelligent division of chestnut harvesting. In this study, a chestnut fruit object
detection (YOLOvVS-PBIi) was proposed using the lightweight improved YOLOv8s. The research object was taken in the natural
environment of Hubei Province, China. This approach brought various advancements, where the YOLOv8 was used as the
basis network. Initially, the C2f-PConv module was constructed to minimize the floating-point number and computation
amount using partial convolution (PConv), in order to improve the utilization of computational capacity. A weighted
bidirectional feature pyramid network (BiFPN) was then employed to enhance the cross-scale connections and feature fusion
performance. Thirdly, the convergence speed and detection performance were enhanced to change the bounding box loss
function, in order to employ the dynamic non-monotone focusing technique Wise Intersection over Union (WIoU). Lastly,
transfer learning was used to raise the accuracy and generalizability of the model. The enhanced YOLOvVS-PBi model was
scored by 89.4%, 74.9%, and 84.2% in the accuracy, recall, and average precision, respectively. The model weight was 46.22%
less, compared with the original base network YOLOv8s. The gains were observed in the accuracy, recall, and average
precision of 1.3, 1.5, and 1.8 percentage points, respectively. Additionally, the PC inference speed increased from 81.9 to 108
frames per second. The average detection accuracy increased by 0.8 percentage points after substituting the original bounding
box loss function, CloU, for WIoU. Both the gradient descent and fitting speeds increased significantly. BiFPN was replaced
with the original feature fusion network, in order to increase the model recall rate by 0.9 percentage points. The model was
allowed to concentrate more precisely on the attributes specific to chestnut fruit objects. The enhanced performance was
achieved in the C2f-PConv approach, with an average accuracy of 3.5, 9.0, 7.5, and 9.9 percentage points greater than the
standard lightweight feature extraction networks of MobileNetV3, MobileNetV2, GhostNet, and ShuffleNetV2. The enhanced
WIoU loss function demonstrated that the WloU had the lowest loss value and the fastest iterative convergence speed,
compared with the CloU, EloU, and SloU. The model size was the smallest, compared with the mainstream object
identification models, such as SSD, Fast-RCNN, YOLOvS5s, YOLOv5m, YOLOv7-tiny, and YOLOvS8s. The average accuracy
was found to be 21.33, 47.82, 4.4, 1.9, 6.2, and 1.8 percentage points greater than those of the other models, respectively. The
model was finally deployed on the edge-embedded devices using TensorRT acceleration. The better performance was achieved
in the detection frame rate of 43 frames per second and a detection speed of 23.26 ms, fully meeting the device deployment
requirements. YOLOv8-PBi enhanced the misdetection and missed detection scenarios in the environments of backlight,
overcast, and occlusion, compared with YOLOv8s. This finding can provide a technical foundation to identify the chestnut
fruits in the process of intelligent chestnut harvesting.

Keywords: image processing; image recognition; YOLOVS; chestnut; Object detection; PConv; BiFPN
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