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Citrus yield estimation based on multi-object tracking in video streams

using an improved YOLOv8n model

SI Naijin"?, CAI Jianrong", WANG Chen', ZHU Wenhui', PAN Bingke', SHI Zhiguo'

('School of Food and Biological Engineering, Jiangsu University, Zhenjiang 212000, Jiangsu, China; *School of Agricultural Equipment
Engineering, Jiangsu University, Zhenjiang 212000, Jiangsu, China)

Abstract: [Objective] Accurate citrus yield estimation is a critical component of precision agricultural
management, essential for optimizing production and ensuring economic benefits for growers. Tradition-
al manual sampling methods are labor-intensive, time-consuming, and prone to subjective errors, failing
to meet the demands of modern horticulture. While deep learning-based object detection has shown
promise in fruit recognition from static images, its application in real-world orchard environments is
hindered by challenges such as fruit occlusion, varying illumination, and perspective limitations, which
lead to counting inaccuracies. Most existing video-based methods rely on linear, inter-row scanning, a
technique suitable for trellis-trained orchards but ineffective for citrus trees, which typically grow in a
standalone, three-dimensional crown shape. To address these limitations, this study aimed to develop
and validate a robust and automated yield estimation system for individual citrus trees during the fruit
expansion period. The primary objective was to establish an end-to-end pipeline that combines a novel
data acquisition strategy—360° rotational video capture—with an improved object detection model
(YOLOV8n-SC) and a multi-object tracking algorithm (DeepSORT). The research scope included a sys-
tematic investigation into the influence of different environmental factors, specifically lighting condi-

tions (sunny, overcast, and artificial light) and camera perspectives (high-angle, straight-angle, and low-
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angle), on the overall accuracy and stability of the yield estimation system. [Methods] The methodolo-
gy encompassed data acquisition, model development, and a multi-stage experimental evaluation. For
data acquisition, a handheld imaging system was used to capture 360° rotational video streams around
20 individual citrus trees in a high-density orchard under three distinct lighting conditions and three dif-
ferent vertical camera angles, resulting in 180 video clips. A comprehensive dataset of 9000 images was
created by extracting frames, which were then meticulously annotated and partitioned into training
(80%) and testing (20%) sets. For model development, the baseline YOLOv8n was enhanced to create
the YOLOvV8n-SC model by implementing three key improvements: integrating a fourth, high-resolu-
tion (160 % 160) detection head to improve sensitivity to small targets; embedding the Convolutional
Block Attention Module (CBAM) within the backbone network to enhance feature distinction between
fruits and leaves; and replacing the original CloU loss function with the Wise-loU (WIoU) v3 loss func-
tion to accelerate convergence and improve bounding box precision. For tracking and counting, the Dee-
pSORT algorithm was employed to process detection outputs from the video stream. Its workflow in-
volves a Kalman filter for motion prediction, a cascaded matching strategy combining motion and ap-
pearance features for reliable identity association, and a track management system to assign unique IDs.
The final fruit count was determined by the maximum unique ID assigned during the video sequence.
[Results] The proposed YOLOv8n-SC model significantly outperformed other contemporary models.
On the comprehensive dataset, it achieved a recall of 97.6% and a mean Average Precision at an loU
threshold of 0.5 (mAPs) of 93.7%, marking improvements of 2.0 and 3.5 percentage points over the
baseline YOLOvVS8n, respectively. It also showed clear advantages over Faster R-CNN and the light-
weight YOLOv10n. A detailed ablation study confirmed that each of the three modifications—the addi-
tional detection head, the CBAM module, and the WIoU loss function—contributed positively to the
model's overall performance. Lighting proved to be a critical factor, as the artificial light source yielded
the best detection results with an mAPs, of 98.2%, markedly superior to overcast (96.1%) and sunny
(83.5%) conditions. The camera angle also had a significant impact, with the straight-angle perspective
providing the most balanced and comprehensive view, achieving the highest Multi-Object Tracking Ac-
curacy (MOTA) of 90.8% and a high Multi-Object Tracking Precision (MOTP) of 94.0%. When com-
paring tracking algorithms, the combination of YOLOv8n-SC with DeepSORT provided the most accu-
rate counts. For the optimal configuration (straight- angle video under artificial light), the system
achieved an Average Counting Precision (ACP) of 89.46%, with a Root Mean Square Error (RMSE) of
10.83 and a Mean Absolute Error (MAE) of 9.98. This level of accuracy was superior to that achieved
when pairing YOLOv8n-SC with either the SORT algorithm (ACP of 84.81%) or the Tracktor algo-
rithm (ACP of 86.37%). [Conclusion] This study successfully demonstrates the viability of an automat-
ed citrus yield estimation system based on rotational video streams and deep learning. The specifically
developed YOLOv8n-SC object detector proves highly effective for identifying green citrus fruits in
complex orchard environments. The complete pipeline, integrating this detector with the DeepSORT
tracking algorithm, provides reliable fruit counts for individual trees. Key findings indicate that data ac-
quisition conditions are paramount; a stable, artificial light source is optimal for detection, and a
straight-angle camera trajectory is superior for comprehensive tracking. The optimized system achieved
a final counting accuracy of 89.46%, providing a strong technical foundation and a practical reference
for the implementation of precision yield forecasting in modern citrus cultivation. This research makes
two primary contributions to the field. First, it introduces a novel data acquisition paradigm—360° rota-

tional video capture—tailored specifically for fruit trees with complex 3D crown structures, offering a
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more comprehensive alternative to conventional linear scanning methods. Second, it presents a purpose-

built detector, YOLOv8n-SC, whose targeted enhancements are systematically validated to address the

specific challenges of detecting small, low-contrast fruits in visually cluttered agricultural settings.

Key words: Citrus; Fruits expanding- period; Rotational imaging; Fruit yield estimation; YOLOv8n-

SC; DeepSORT
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precision) - 11 5 & 7% B FLOPs (floating point opera-
tions) A FR bR XTI SR A BEAT PEREVEAY . Hor,
mAP & — MEEE VPN TR bR, 7] DA BB AR 1y Ao i
73, 1E ToU 848 43 5 4 0.5 F10.5~0.95 i, F 5 5 J5
RN mAP AT mAPs.o50

1.62 REHIF KRB M2 H br iR ek L
MOTA (multiple object tracking accuracy) 3 7~ 5 7%
FEORFFERER I 1 B8 : 2 H AR ERERAS 2 MOTP (mul-
tiple object tracking precision) PEAL KL H Fr 5 H 52
H 5 2 18] (1) VT e fG B2 25 BR % 1k FE FPS (frame per
second) V4 B 325 1) S N 4 5 SR 52 1D ) 4t % IDSR
(ID switch rate) F8 WA 1D Az A2 AR He i) SR S 5
THEUR LR L E™ .

1.63 R K &K% I RR Z RMSE
(root mean square error) fil V- ¥ 44 %} i% 2 MAE
(mean absolute error) i & FUIIME 5 52 bR W 42 4H 2 [H]
1] % 55 >R H ACP (average counting precision) {E
VRIS S B R FE H R b
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2 AR50

2.1 REEGENEER
2.1.1  BARGMAEA A N TGRSO S A
AR, K YOLOV8n-SC 5 YOLOvSn %} L, []
384 0 FH %) Faster RCNN A5 784 DL KB HE H (1052 =
PR YOLOVIOn. F{ L 48 S kAT I ZR AN
AR MK .

i1 1 7] %0, YOLOv8n-SC 5 YOLOv8n # Lt ,

TE T K5 FEHR AR mAPsoos FIRE T 1.5%. B T4
St BT 7RI Sk, YOLOvV8n-SC A K /NG /N i
m, BRI DB S E B EEHRE T
B, 3X e B SO AL . S54RSS B
A Faster R-CNN #H Et , YOLOv8n-SC 7E mAPso.os T b
IR T 41%, B R E. 5 YOLOvIOn AL, &
IR RN 5ia HIREAFAE S 1H mAPses 5 H 5]
Z I YOLOVIOn #2151 0.7% , % B YOLOvV8n-SC
FER N KA G 7 TR BRI 585 T

R 1 TREIRBAHER S BRI REELER
Table 1 Comparison of citrus object detection performance among different models
SRS S 1A S LA K S 1 SR FEisES
- —_— AEw  THHIEE TRIH R nE RAERM
Model Precision (P)% Recall (R)/% Mean average Mean average Parameters/ Float operation per
precision (mAPs)/%  precision (mAPs5)/% M second (FLOPs)/G
YOLOVS [l R4 A 93.7 95.6 90.2 59.1 14.5 8.1
YOLOv8n
2 MR XU B H AR DAY 88.1 79.3 84.7 56.5 100.3 65.2
Faster RCNN
B0 YOLOv8n FAY 97.2 97.6 93.7 60.6 14.8 7.9
YOLOv8n-SC
YOLOVI10 32 s R A 94.5 96.9 90.8 59.9 8.7 6.8
YOLOv10n
212 BAREMARA G HARXE N TRIEYO-  SCUB41TMERERLE.

LOv8n A5 78 Su it J5 4 1 68, 6 25 A sgadh (1) A 28 A Ji
PRAR L S B B A () — R PR T R 3R AT 9 i 56
WFR 2 FiR.

H1 2 2 T 1, 72 YOLOvS8n B 7 18 i — AN 35 (146
WSk S5 5 M 552 1 R mAPsoos 70 IR 5 T 0.6% A1
1.1% , U0 BB RS WU Sk mT DASR: Bt /SR ARG L b 1R 1
A% C2f CBAM B4t C2f R f5 , mI$E FHE T AG:
W BE R mAPso.0s 73 A 52 15 1 0.9% 41 0.7% , HH T
CBAM J& — M 5 20 138 AR e, S 1 5 2 5o i e
N o B DU K bR B WIoU , A6 78 1 R A /)N I

213 FRABEMHLZRSH EAFDCRGEE
5 AHAE S B RN SO 2 S AOR A4S RS
FRVE T A CARAN o A 36 TIE I R 2% A X R A E Ao il
HERA 5200, B YOLOvV8n-SC AL 43 B 78 i K
FOR N TR UE RS AT A B T b AT I ZRAn ik,
R NER 3 Pron.

s R A% A2 5 T A TR AR N R P G BRR ER 2R .
3R, N TG TT Bl 14 58 % £, H mAPs 1A
F98.2% , i F L T B K (96.1%) A1 K (83.5%) »
X EE R B YA TORIEERAE 7A€ S B IR

Tt AR AN BN Pfahs, YOLOV8n- B8, A2 i 1 AHAG AL 95 5 85 S ons B RE , ()i i B
F2 HAIAGER
Table 2 Results of ablation experiment
5 - 141K R ) - S50 ) FEIEE
- - A% TR LRI USRI
Model Detect CBAM WioU Recall (R)/% Mean average Mean average Float operation per
? precision (mAPs)/%  precision (mAPs.s)/% second (FLOPs)/G
YOLOv8n f7Y 95.6 90.2 59.1 8.1
YOLOvV8n model
YOLOv8n # 7Y Vv 96.2 92.6 60.2 8.4
YOLOvV8n model
YOLOvSn # 7 vV vV 96.5 93.3 59.8 8.4
YOLOvV8n model
YOLOvSn # 7 vV vV vV 97.6 93.7 60.6 7.9

YOLOv8n model
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Table 3 Comparison of citrus detection results under different light conditions

EVE/IE S it ES EEI SERIRE EEIE SRR EE A

Dataset Precision (P)/% Recall (R)/% Mean average precision (mAPs)/%  Mean average precision (mAPso.os)/%
5K Sunny 86.1 81.3 83.5 45.1

PR Overcast 93.5 93.4 96.1 61.4

AN THtJ5 Artificial light 97.2 96.5 98.2 66.9

T HARE T R RS AR AR A BT 51N ) A5 g
A NIRRT 1B R v 2
2.2 SRR IR L R
221 RBEAARIRIRIZLE R oM N
AR AR A 15 3 R SR S T 0 5 A 5 L 5 R [ A 77 R
7 RUGEUCR FHAE N TICUR AR T 20 RS IR
PR = H M. BT YOLOvV8n-SCHE 45 &
DeepSORT PR R A 34T R EE 5 vHE0 25, BAG 2
WHEN0.T. HREFLRINE AR,

H 4 0] 51, BT PRI TR X, 3 7

RF T AR AV A 2 ) SR 52, DR G BRBER RSCR B 4, MOTA TA
% 90.8% , MOTP ik 94.0% » 15 25 1 2 % s A 1] fig
e A H RS T BUD AR R E G, N 11.8%. ik
R R IR 2, 22 H AR R EEAS FE &, 1D A8 #2324
SE o A FEEAIC TP 45 ) J5 B8] AT e SRR 0 SR sl
B4 P F T S O o AR U ROR BRI, BRLR
SRR R 23 3 AE A ek J5 DX 3, AP B 00 I £ 3 42
(S el Bz

8 NEF IR, & 8-a MM H 16,1730
5 RS, TE 34 MU Ab T S ERER RS B AE 197 i

R4 TEAHBRERIRERILR

Table 4 Comparison of citrus tracking results from different shooting angles

- % F b BB FE % H R BB B Y ID B

THE AL . . . . . . ) .

Camera angle Multiple object tracking Multiple object tracking Tracking speed ID switch rate
£ accuracy (MOTA)/% precision (MOTP)/% (FPS)/s (IDSR)/%

% High-angle shot 84.9 95.7 21.74 5.6

V% Straight angle shot 90.8 94.0 21.74 11.8

i1 Low-angle shot 85.8 87.9 21.74 27.4

Frame: 197/685

ID: 69
¥

ID: 86 pi2
158945, 1076S i5gl,
® il

pmea =
iD: 77 5 ==

F36miEE 197 R 528815
Frame 36 Frame 197 Frame 288

a AR A AUID A Bl 7~ 1

a. Example of ID variation from a low-angle perspective

SEIS3MIENG  H225miEMg  EE243MiIER  AE270mUEMER  AEAmIER HISMIEG  HsAmiER 12 UEIE
Frame 183 Frame 225 Frame 243 Frame 270 Frame 4 Frame 35 Frame 84 Frame 121

b A I 25 2% i LT UL AC 1 L s 1

b. Example of re-matching after detection loss

c. kMR 9o SRS BRI L 2 81

c. Example of fruit tracking verification with frame skipping

8 AEMER THIZERRA

Fig. 8 Examples of fruit tracking results under different detection conditions
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Wy o, A% BT T4 A K YOLOvSn (9 H b PREF MG T B0 7 7 V0T 5 1293

B 25 2%, T 25 1 H A5 R 7E 90 il (max_age) P4 5 47 /L
Bict , DR AE 55 288 W1 b 55387 H B A, 3t 2 1 1 o
BLHT I ID:92.93.94. Wik 8-b 7w, 47 5 K51tz
Bk FE B TR, BAEEASE/NT 0.7 R AT UL
Fic, (HE T 87 Wil H AR % K5, V3ULHEE T JR 1D,
U 8-c Fiom, TE LA M Ik R v, BLAR 4.6, 115
TSI (A XA B R AR AR A, SRS AR T T P o o
P 2248, 1X 3 W3 AT Sk LA T I BR R RE T
222 5 RABAIRITHRE RS RIEREU R
Prel 1 SEEAF AR A 3 SE AR SV TN , 753 2T H Ok
R, RS HR.

AN S HCHE AT T, BRI RO A A SR S
RS R IRARAS , IR, B 5 5 SO L 5

1B 55 5 el 1 S 22 B 3k K, M A A = e = e
7 #% i, RMSE 5 MAE 18 L A7 48 43 7 K 11.33 i
10.03, ACP {8 LL A 5% 5 8.43%, i FHAE N TORIE T,
EU TR 2 (U s S 73 s e VT SRR M s
223 sIFH A& Nt PRI RVEN A R
P, K H YOLOv8n-SC # 8 , 43 Jj 45 5 DeepSORT
SORT . Tracktor LR ER S , 24t 2 MG v 30
% R R K 6.

% 6 7] A1, DeepSORT FR ¢ 59% B A % =i Y
ACP UK FE , 43 71 Eb SORT Al Tracktor IR ¢ 48  1
4.65% F1 3.09% , RMSE Al MAE 43 7] 4 10.83 1
9.98. fHHH T 7% $2& BN v B A — it (1) AR LARRAIE , =
Bt E 2 R, FPS S K.

x5 TEMANMHBRIOHBELR

Table 5 Comparison of citrus counting accuracy from different shooting angles

S RPEFRSAE  WEESE FABINE Br iRz PR PRI EOR

Camerajn le Orchard Video ground  Algorithm Root mean square Mean absolute Average counting
& ground truth truth prediction value  error (RMSE) error (MAE) precision (ACP)/%

{4t High-angle shot 2195 697 539 10.35 8.97 89.87

“F-4it Straight angle shot 2103 2298 10.83 9.98 89.46

{4 Low-angle shot 2091 2484 22.16 20.01 81.03

T TR T S B A T U R S, R L SHE AU S %

Note: All data required for calculation are based on the ground-truth values from the video, while the orchard ground-truth values are for reference

only.
#z 6 ARREFEZANHEBRITITHEELLR
Table 6 Comparison of citrus counting accuracy of different tracking algorithms

e i}‘ = 7 >é SR . ”i}\ ok R
g SRRE ORREARE g, PRI
Model 0ot mean square ean absolute FPS/S Ver.age countmg

error/RMSE error/MAE precision ACP/%
YOLOv8n-SC &% SORT #REFH 1% YOLOvV8n-SC+SORT 17.50 16.33 31.84 84.81
YOLOV8n-SC 4 & Tracktor fREE 5772 YOLOv8n-SC+Tracktor 11.21 10.67 25.25 86.37
YOLOV8n-SC 454 DeepSORT FREF 1% YOLOV8n-SC+DeepSORT 10.83 9.98 21.74 89.46

3o i

AW FHGAE T % T 360° e i A0 AR « 2otk i
YOLOv8n-SC #i 7 } DeepSORT L 7E SR A AT 45
FARS AT S A 8. W RRW
TELERE 8 21 N Be il SE LI i T HBORE B o SR
A FC RT3 ) 5 iR AR R B N R A A R R, A
T A HTE AR RAELE B RIBR %, 1% 2 )5 B0 7
RS Ph AR B T 77 ]

3.1 BEEERAREEHEZHFTHRRMES

UGS R TR, BRI B 6 P58 0 FE 25 A v
OB, I R 45T N mAPs [% 52 83.5%, X ™ 2 T 24 i

BOEE A SEH PSSR E N AR . REANT
TR AT ARG I R B, B3 Ty 3 ) AR R B 45 11
PR BR 1) 1 A S BR A 72 R 58 AR )T R .
Uk, $ETH R A 2 e IR S A T (0 P B N S5
SRR E . TEEREEIA T, SEALA R ID )
e K 11.8% , iX % W DeepSORT 4 4= 78 1 X} i 41
FEAR 5] S B AR RSO B PO AR, £7 75 IS
PIVEAJE o 29— A F 52 H 4 7 25 i max_age
BB J5 1 BT U, VR AL b SR S B H
FR7 I BT D, FECE R M. e i Eae ik
BELCAT A BE SE B A (R S R E |
SR MANAZTEZE R AT AR =4 2
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LB B A RBPI, ToVE A AR R
A2 )R 2 PN R S, IR AR A T ARSI R
B M T e O H PR g L BR ™. B vk A [A)3E
PR T R A0 SR I R REASFE TR0 B ER
SR AL T 51N BE 08 BILAR 7 17] 5% 5% 1 B8 o 45 2 A

Bl

32 ZHESZHNRH RIS

AT UL 1) AL T SRAE 2 A Y
BT =4I R I BB RS . FEHARY &
PEJT T ZHEZE AT PO e 2230 R AL AE B H U
RS T AR R, T8I I 4 5] > B
T AP A] 58 BROE G , T = 4 7 VE I8 T B AR
Mz B HE AN R E e AR AR AT T, AR5 56
75 0 J s S AR LA R L SR8 o, JL AR Iz
RTWOLTHIE RS, Hd & 72 /N URER [ v s B
MBI . EACECR T, e AL i B 4
W0 24 T A2 30 5 Ve # _b ST SN AR B, BRSO
SERE T MR AE R B N S8 18 T 2 T R S AR ER 1 =
YETT I BN AR R B S IR

=YL RE T VRAE MR A ) E LR P =4
Tt B AR . I HOEE I SRR Tk
A LSE T R e SR A5 H IR R = AR U
Bb s BT mi oy B = RGN AN T R A 5 Y RE S
TRALRE E & AR S0 s A B T 23
A AE AR M 72 6 T e B 1) B R B, DR, 7R R
R B (A 2 B 755 vh = D5 R AN AT
BRI
3.3 AHRHERME

ASHIE FUAE B P R 1 R AP A2 T/
BRI HOAR R PR , 32X 2 5y PR 25 2R T Hodle R AR
5 2 BRI B RGN JEE =N J2 T o RS B
FFRH T e Bk

B BE R AR AR A I P 805 3R]
REAEAEIB B A RRE M, 3 BURMR Y I RIS SR
Siia e vEAS L o IXA AR T S bt B 4R P
B, IR T 2 H bR ERER S 3 T A0 HE B 1
BN TR BN R SRR ZE I ORI . HIK R
AL REZ 1T, DeepSORT ik i i &2 7% f) UL i HE Mg
YRR B IR B RS L, (ELRH R T SRR, 3
B4k B T R DL AL SR R B 1N 55
B Ji » RS HNE 2 T, B T e I HE S A
J5t b TCE A AT = 4 A 8] P R AR S S LA S %

LR 2 R ik RS2 (8 B S5 B
SIS ZITEAAE A R ETE X
3.4 REKHFARTSE

BT AW FUAFAE B R BRAE AR AT 785 180 [
FEMEAYEZ ETT o A R b AL R T, BF
PLER ARG E R AR AR 4t , Al I8 I TR b AL 12 Bl
SRESH, @R E N 2 A BRI AR S8, MR
A B R TR AT SR 2 S5 WA AR € 7]
Al AESVEIR T, R AR A B M 2% 280, 45
GBI RS FIRZR TR , SEEURS 5 2R 1
. RIS, 2 R F T 0 T B M A IR A
S ST LT AR SR ORI 25 R A IE ML fE 2 4
JECRIT T PR 2K AT L B 28 5 e B — 4
JTEEE 5 AT REVE 18 CRFFIRARAS L I R AT
FOBEA L, 3o 2 [ A 4 SR 3 TS 4 A A K

SI1BE 17 , J5 2 T i T 4 I 1) A 355 £) 22 4 e
| N
4 4w

AR5 YOLOvV8N-SC #7145 £ DeepSORT
SRLVE S RS K AR ARG 3R AT Rr ) B v, R R T AN A
FRZEAE AN [EIA A A = B AE R 1 AR S B e
T

1) 2 B3k i YOLOv8n-SC A6 78 2 25 K I 1k g
.+ YOLOv8n.Faster RCNN A1 YOLOv10n #2%Y , %
B 7 AR 43 E 1) A 2050 RSt i R YA AR SR Sz 7 1)
CEVAR

DA RGBS MG AL P2 A R . I
KI5 BRI S 5 ABA R 5 BRAR T A DU (R HE AR R
BRI R 35 50, % TR DI bR 32 BH W38 7
NTIGURFAER , BT H B S BRI e T4, Al
PERE R , mAPs A 5 98.2%.

3D AR IR AT $6% A P T ARATG ik 7= A P AT i 3
SO o PSR ) R R 1 e f B, FE MOTA A ]
90.8% » MOTP =1k 94.0% ; I 45 48 45 it PR AR A 2 Bl
T B SRR RS AT L H A 2D, 5 ma Al )
TS 5 AR AT T L7 () 1D 1) 48t i 80 AN A A1
(A7 77 e JI AN IE B A A o

4)%F LA A R Sk 2 B bR EREE 5%, YOLOv8n-
SC+DeepSORT [HIHE R 2H 4 IR 41t 7= A JiE e v » THESOKRS
JF N 89.46% , %t YOLOv8n-SC #4 # SORT 5§, Track-
tor 43 A $2 155 4.65%F1 3.09%
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