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High-density Apple Counting Method Based on Lightweight Improved YOLO v8
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Abstract: In the scenario of large-scale automatic apple warehousing, the counting model based on
computer vision must balance lightweight design with detection accuracy. Traditional models involve large
parameters and high computational costs, making real-time operation challenging; moreover, in complex
environments characterized by dense apples and severe occlusion, issues such as boundary blurriness and
high false detection rates arise. To address these challenges, an improved CGW — YOLO v8 model was
proposed. Firstly, by replacing the C2f module in the backbone network with the lightweight GhostNet
module and incorporating a feature channel reweighting mechanism, the model’s parameter count was
significantly reduced. Secondly, the CSPHet module was employed, which utilized heterogeneous multi-
branch convolution and a dual-path feature fusion strategy to enhance the boundary distinguishing
capability of densely packed apples while decreasing the number of parameters. Lastly, a loss function
based on Wasserstein distance loss was adopted to replace the traditional loU metric, effectively reducing
the false detection rate in densely stacked scenarios. Experimental results indicated that the model’s mean
average precision (mAP@ 0.5) was improved to 95. 8% , representing a 1 percentage points increase
compared with that of the original model, with precision and recall increased by 1.1 percentage points
and 1. 3 percentage points, respectively, compared with that of the original model. Both parameter count
and computational volume were decreased by 24. 4% and 23.2% relative to that of the baseline model.
To meet the dual requirements of real-time counting and accuracy in the inventory production process, the
DeepSORT tracking algorithm was integrated to achieve continuous tracking and accurate counting of
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apples across video frames. A counting strategy based on trajectory management was designed, which

counted only when the target first crossed a virtual counting line, effectively avoiding issues of duplicate

statistics and missed counts. Experimental results demonstrated that the proposed improved method exhibited

strong robustness and high counting accuracy, particularly in complex backgrounds, such as densely arranged

apples and partially obscured scenes.
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Fig. 1  Lightweight object detection and tracking methods
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W7 Z2 008 b 0 BB P RE HEAT VAN, (245 2 H ARl
EEUERH E ( Multiple object tracking accuracy , MOTA) |
Z H b5 B R RS B ( Multiple object tracking precision ,
MOTP) . 155 2% H #5 K I K5 & ( Higher order tracking
accuracy, HOTA ). & 1 #E # % ( Localization
accuracy , LocA) LA WK ( Frames per second, FPS) .
Hor  MOTA £35S e 1 Ao 1A 5 B 003 PR Ap 1)
PRKIL, MOTP Al LocA F T i H 452 18] 2 o7 A A
JEE  HOTA WU FE A 5 DGR = 1] & (it 5 - 465 174 3
filic T FPS Sz 1 R8RSt 4b BRRE T7, 3 2 A0l
A sk 5ot BARGE RS Y7 oK .
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3.1 =B X

R T B AR SO B ko A S A A K
P, 5 HAh 3 A R AT X, A YOLO vsn,
YOLO v6n ,YOLO v7 .YOLO v7 —tiny ,YOLO v8n, Y|
Yrad e, B SR AR R A9 SE B0 16 4 BE B A
SHOARE AR INE 1 R,

F1 FERMEE R
Tab.1 Comparison of different detection models
i W%/ %  BEE/% mAPQO.5/% 4R WHESHR/MB  BAEEE R
YOLO v5n 93.8 91.3 94. 4 2.5 x10° 5.0 7.2 x10°
YOLO v6n 95.5 93.3 96.0 4.2 x10° 8.3 1.19 x10'°
YOLO v7 94.5 93.9 93.2 3.71 x 107 71.3 1.051 x 10"
YOLO v7 — tiny 94.2 93.8 93.7 6.0 x10° 46.3 1.32 x10'°
YOLO v8n 94.8 93.5 94.8 3.0 x10° 5.9 8.2 x10°
CGW — YOLO v8 — DeepSORT ( 7 SCAR A ) 95.9 94.8 95.8 2.2 x10° 4.6 6.3 x10°

1 AT, M T AL YOLO v8n, AN AR
RUFEARFF AR S HOR 2.2 x 10° R/ MERI N AE 5
4.6 MB L IN7F ni iz 5k 6.3 x 10° AU AT 42
T, SEBL T ASIRE E Y 2 2 AR T RS 6 R 1 95. 9%

B FE T E 94.8% , mAP@ 0.5 ik F) 95.8%,
YOLO v6n ) mAP@O. 5 135 96. 0% , H3F S 8z 5
HH 119 x 10", JEABA Y 1.89 £F, KB 8= d
FUABE ARG 2 % 10° Ml LA A2 i1 2k o S Bk o
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DAL AR i 45 R DA S B TR 5 R
(mh ST, D9 BT 2 FRY 5T 19 kS A AR
ARBE T Al %

S PR AR B — BUW RIS, A R 4R R
7T —FRVHB L, BE RS HT GhostNet
CSPHet }2 NWD 451 25 pR BO0 15 14 B i A AR A2

3.2 HEESRIE HARNE, 4R 2 Fis,
ARBFFERI YOLO v8 BRIy SERIAE 42, a4 Sl 508 75 9 K A 5 P mAP@ 0.5
x2 HEXEHER
Tab.2 Dissolution experiment results
GhostNet ~ CSPHet NWD  H#R/%  AFE/%  mAPQO.5/% S AT 5 i/ MB TR BB

x x x 94. 8 93.5 94.8 3.0x10° 5.9 8.2 x10°
Vv x X 94.4 92.9 94.3 2.5 x10° 5.1 7.0 x10°

x v x 94. 6 92.9 94. 8 2.7 x10° 5.4 7.6 x10°

x x vV 94. 4 93.6 94. 4 3.0 x10° 5.9 8.2 x10°
2 v x 94.7 93.0 95.4 2.2 x10° 4.6 6.3 x10°
2 x 2 95.9 94.2 96. 1 2.5 x10° 5.1 7.0 x10°

x Vv Vv 9.5 93.8 94.9 2.7 x10° 5.4 7.6 x10°
vV vV vV 95.9 94.8 95.8 2.2 x10° 4.6 6.3 x10°

VIR M IZEE, x FoR AR %A,

94. 8% ,{H 3.0 x 10° (S5 5 5. 9 MB BLH Py 17
di L, BE] A GhostNet BB 5 | 3 1ot 45 11F £ 4%
FAY MO SRR AR 16. 7% 77 S8 uaH TR
14.6% , B 8 N A7 o5 & 1 B 13.5%, 5 3L
mAP@O. 5 FF§0.5 N 7 i, (B HA i 2 i1k
REOE R I S B U I 00 Ak 29 e JE iy 24k 57 R
CSPHet £ e i, 15 By Bt 55 1iF R 46 AL i 75 07 FF
mAP@ 0. 53 E{H (1) [7] B S 50808 0 10% |, 77 555K
BRI 4.8% BRIV NAE 5 i T F% 8.4% , 5
UE T H S SRR E Bl A BE 71, GhostNet 5 CSPHet Bk
A H A mAP@O. 5 $2 T+ % 95. 4% , S8t —4
JEAR T 26. 6% AR PNAF 7 FH o L s B0 S 4y
T FE 229% F1 23. 2% , iF B R AL RRAE AR S
W B4 B EAME . T NWD B 5 1Al 7 ]
BERTE 1.8 AN A SRR 1.2 N E S
FHHHEEL T 19— 1k Wasserstein FH 25 A% DCFE 5K g A
SR T AL BRI KL &, GhostNet 5 NWD

HA BRI mAP@O. 5 Y5290 T Fefd a8 ik
fiE, F BV RRERR T BB A DT RC R B e, — A
AR U B A B B AR I RS 78 S8 B R 1
BT, mAP@O. 5 XF L FEMERI AL T 1. 0 4~ E 43 4
iRF 95.8% ; KW R T 1.1 > H 4r A, 15 F
95.9% ; 3 M RIETF 1.3 NH 430, 55 94.8%
RS R, GhostNet [ TUAYF#1IE I B . CSPHet 119
B BURRAE Rl & B NWD #9434 % 55 L E i =
AL EE AR, SR 4E ShA RL AR RS R 5 P
J& , A BARAINAT 55 B2 4L T R 5 AR T R
FEIFEMM TR,
3.3 ESKENEE

MK R [A] YOLO #5678 78 K [ 32 S 45 i
(203.,230.,260) T BRI BE, FEAT T 5 A A I X
HACEs . IR RAERIMAE R ek 5 1R A% O B
ARG MR SE K P A X R DU B2 s, ELAAR%K
PN 3 iR,

K3 BESKRUIERER

Tab.3 Static detection experiment results

_— SERBE 203 AR 230 R 260 Y BT

Krde WK DR KgAK DR KRBk ARSI xhiR2E R

YOLO v5n 213 20 30 227 16 13 251 26 17 20.33  21.17
YOLO v6n 180 23 24 223 13 10 247 28 15 18.83  19.93
YOLO v7 210 16 23 234 18 22 249 23 12 19.00 19.43
YOLO v7 - tiny 209 21 27 231 25 26 244 30 14 23.83  24.38
YOLO v8n 208 20 25 230 16 16 252 25 17 19.83  20.21
YOLO v8n + GhostNet 233 48 36 231 17 18 239 30 9 26.33  29.43
YOLO v8n + CSPHet 220 23 40 243 20 33 255 26 21 27.17  28.09
YOLO v8n + NWD 210 23 30 233 14 17 251 25 16 20.83  21.58
YOLO v8n + GhostNet + CSPHet 223 41 21 241 15 26 252 27 19 24.83  26.18
YOLO v8n + GhostNet + NWD 204 22 23 227 11 8 245 25 10 16.50  17.90
YOLO v8n + CSPHet + NWD 216 20 33 238 22 30 258 29 27 26.83  27.21
YOLO v8n + GhostNet + CSPHet + NWD 208 19 24 231 9 10 243 23 6 15.17  16.75
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SIS RS B, 51 GhostNet ,CSPHet 5 NWD
SHEAA G B G R RE T O T A
R AN A X DR 2 FES Jr ARR 25 B R AR, AR
RIFESE A 260 B 1) T 4G 455 DR A 8 4 31 o 23
6, 3590 BT A BT SR AR, MBI R A A 3 R X 4y
AEJ) SRS N PE . HOP X TR A R
R YOLO v8n J3 5 A 23. 5% 5 17. 1% ,3603E T
Ho i A R A SR A R . X EE At
YRR A B 1 BB 38 A7 A )R BR L 49 i, YOLO
v5n,YOLO v6n,7E 3 DN ASER B 14 T A A2
K Y m et AL, YOLO vin BSR4 AR
FEAEAR S AR AR E AR T ehoth 5 p A7y, 1y
i GhostNet fJ YOLO v8n + GhostNet 7E 3 54§
R 203 B K B0 38 48 S, 1T YOLO v8n +
CSPHet 7535 F 40y 230 RHREK A 33 4, %W
WL o R A B R HER T M 2T,
—HE A A 8 iF GhostNet Y TU A F5 1F 78 Bx .
CSPHet {15 B B il & Je NWD A9 43 A5 %5 55 AL
BEMS TERGETHIRESRE, HEZ
T BRI YOLO v7 — tiny 78 39 52505 59
PR e 3 R R, L ERE AR YOLO v8n B AG I HY
(1R S SRR 2 SR A v, (H RS B S T A B )
F=EEA A, — 4 E W 2B bl R 15 X
T4 BRI R e PR 0 B2, 28 1, YOLO
v8n + GhostNet + CSPHet + NWD i o 45 #9145
BB M | 7E ORAF 5 e A D 245 5 Ay [ B, S T
T Kz 5 R A 1) B A A, Ay R R B A A T AT
SRt T BRI MR T R

R LR 7R B S R R I 40 UE T 4y R A
RV, P BUZS B 48 i A T ) 3 b A [ B0 il 3 AR
B, A TR S AR I O . o e FR

R TEAR Y H b, 21 CHE I R ks s A ) FL AT
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Fig. 10  Comparison charts of some test results
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Tab.4 Comparative experiments of evaluation metrics for multi-target tracking

e HOTA/% LocA/ % MOTA/ % MOTP/ % Wi/ (f-s")
YOLO v5n — DeepSORT 92.7 79.7 89.2 80. 1 10
YOLO v6n — DeepSORT 93.0 78.8 89.6 79.3 7
YOLO v8n — DeepSORT 91.9 79.7 88.2 79.9 9
CGW — YOLO v8 — DeepSORT 91.9 79.1 88.3 79.6 13

MKG BE 48 bR 43 A AT UL AR SO A HOTA Fi
MOTA 5 YOLO v8n #5173 3 45 %, 43 5l ik %
91. 9% F1 88. 3% , FWAHLAER I 5 H A5 CHK T B
#F RAFIRREE S B E, R, MOTP 404 YOLO
von WA $E T, 1d B AR T A 23 1] 2 i bG B 7 1 LA
—EM#, R4 YOLO v5n 5 YOLO v6n Y HOTA
FMOTA B A 5%, (HABIA A LocA LT YOLO
von, WL B R 1 H bR 7 — B

TESCR PR J7 1, P 4 tH BE AL AE Intel Core i7 —
12700H 4b 3 (CPU PhEE) T HEFLEEE Jy 13 £/5, 12
ZHET YOLO v6n (7 £/5) il YOLO v5n (10 {/s) , %
PR B A ERRICR AN F AT AT, A A A A
SCHETSAE AR F Bl A S5 iz B 8 R -5 Ak PR SE sk
PR st rh B AR B 1, B 11 JBR T
BEARILE AR 2 B S5 T AT SR AT SE PR Ak
o M 11 FATLUE Y Y8845 S 3R AR el il 25
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