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Design of digital twin smart car system based on improved
YOLOv11_OBB-SVDD
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(Engineering Training Center, Taiyuan Institute of Technology, Taiyuan 030008, China)

Abstract: With the rapid development of intelligent driving and digital twin technology, the efficient and
real-time vehicle-road cooperative system has become a research focus. A digital twin smart car system
based on improved YOLOv11_OBB-SVDD is designed in this paper. The system consists of five parts:
physical smart car, virtual smart car, intelligent visualization service, twin data and dynamic real-time
connection. Firstly, a physical smart car that can capture track images in real time through vision sensors

to realize autonomous path recognition is constructed, and an industrial camera is deployed above the track
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to perceive the images of the smart car in the track. Then, a virtual model consistent with the physical
smart car is established to enable bidirectional synchronization between the digital and physical domains.
YOLOv11_OBB is used to detect the position of the physical smart car and the deflection angle of the body
to realize the virtual-real mapping. To enhance the detection performance of small-sized smart cars in
images, a frequency-aware feature fusion (FreqFusion) method is proposed to improve the model and
enable accurate virtual-to-real mapping. Finally, the virtual smart car determines whether there is a risk of
deviation from the track through the position of the digital twin by Support Vector Data Description
(SVDD), and sends control signals to the physical smart car using dynamic real-time connection. At the
same time, the intelligent visualization service provides the visual dynamic monitoring of the smart car,
and the multi-dimensional and multi-scale data of the digital twin smart car system are aggregated by twin
data. Experimental results indicate that the proposed improvement of YOLOv11_OBB has achieved an
average accuracy of 94. 4% ,93.0%, and 92.2% respectively for the detection accuracy, recall rate, and
mean average precision when the IOU threshold is 0.5 for the physical smart car. The SVDD-based
anomaly detection system achieves an accuracy of 94. 5%, a precision of 95. 4%, and a recall of 93. 5% in
identifying both normal driving behavior and track deviation risks in smart car. The entire system operates
smoothly and can accurately implement the functions of smart car autonomous tracking and digital twin
modules. .
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Fig.1 Structure diagram of digital twin smart car system
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Fig. 2 Physical structure layout diagram of smart car
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Fig.3 Schematic diagram of virtual smart car
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Fig.4 Intelligent visualization service interface
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Fig. 10 Curve diagram of the loss function
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Tab.1 The detection results of different models for phys-

ical smart car

Y P/%  R/% mAP, /%
RetinaNet_OBB 87.8  82.8 89.7
YOLOv8_OBB 90.6  88.4 87.4
YOLOv1l_OBB 90.9  89.4 88.1

Y YOLOvVII_OBB  94.4  93.0 92.2

g 050}

(a) RetinaNet-OBB%] B8 7= 16 ) 2%

(a) smart car detection result of RetinaNet-OBB

(b) YOLOvVS_OBB % fig 4= K il 2%
(b) smart car detection result of YOLOv8 OBB

(¢) YOLOv11_OBB % it 4 k6 I 2% 3t
(c) smart car detection result of YOLOv11_OBB

(d) Btilk YOLOvVI1_OBB % fif %246 45
(d) smart car detection result of improved YO-
LOv11_OBB
BTy U RE 4 Y AT R A ) 45
Fig. 11  The visual detection results of the physical smart

car
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SHE/INIE B A E A EL A R IDRS B  (HAE
FERE DRI OO, R i R 5 8 Il SR AL, ini L
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P O R A O
4.2 BHERBEERN

R HE R R A IE B AEFEE AT 3 0 FUZ, R L
#EYOLOv11_OBB £l B4 b i) 385 g 26 oo A
b 5500 7 £ BEAE R UINRREAR . fh TR i T B, A
SCE AR 20 R I B A R RE 4 IR fE SR AT
IR, g 2 iR .
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Tab.2 Detection data of the smart car normally on the

track
Fe o RO s br & B R

1 (871, 1339) 1°
2 (945, 1 341) 3°
3 (1073, 1344) 358"
4 (1259, 1350) 0°
5 (1489, 1355) 1°
6 (1755, 1366) 350°
7 (1914, 1325) 338"
8 (2137, 1114) 292°
9 (2196, 802) 258°
10 (2107, 612) 224°
11 (1900, 480) 195°
12 (1695, 468) 181°
13 (1571, 466) 178°
14 (1304, 455) 179°
15 (989, 453) 181°
16 (802, 459) 169°
17 (671, 509) 146°
18 (482, 700) 113°
19 (416, 961) 73°
20 (561, 1212) 44°

AT HE I SVDD X 8 4 i 25 38 I KL
R B A0 1 B R FH HEBA 2R (Accuracy, A) (£ ifE
# (Precision, P) 4 4% (Recall, R)E R ¥ Hr
s, AR AR .
Agvpp =

True positive + True negative

X 100% ,(11
Positive + Negative %, (D
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Psypp =

True positive

X 100% ,(12)
True positive + False positive '

Rsvon =

True positive

X 100% ,(13)

True positive + False negative
For s Agynn 0 B8 B8 4 O 125 38 T8 KU I 4G 00 9P 19 2
Povon 05 BE 4 I 25 8 38 KBS K I 25 7 25 Revon
R B RE A S AR A XURSE R I A 42 K True posi-
tive S B RE ZE 1E F AT B gk 1 B RS I 1 5 A 1 5
True negative %% R 4 I 125 5% 18 1% 15 0 #6000 71 5%
A8 ; False positive 7 % e 4 25 € 18 B 5 iR
Ao DU A 1F H AT B 1 B A 8K False negative
B 25 1 5 A7 B gk B R TR O D 5 0 A Y s A
s Positive 8 B8 75 1IE & 17 B BCE A- %55 Nega-
tive 8 BE 77 15 A€ 1H A48 A4

N T a3 A SVDD X R BE 4 i 12 B GE XU 4G
W45 5, % 5 000 20 2 BB 4= 1F 7 76 38 1B 17 Bl 4k
PRI GRFEAS , 53 S 3E$F 200 20 1 7 17 3 B 98
1200 2 fi 125 B 18 B4 A5 9 L AE A, SVDD I
Grad R AR C R PR S B o X A5 (1)
oz e S & O, g ik, AR e €=0. 45,
o=1, Rl g5 Ran3k 3R

R3 FHERBEENRKNER
Tab.3 Detection results of the smart car’s risk of deviat-
ing from the track
1171{?*5*/]? Asvm)/% Psvm)/% RSVI)I)/%
SRR 94.5 95.4 93.5

22 30T 41, B H SVDD K I fig 4 1F % 17
i 55 g 5 B8 T R O MERR R R 94. 5%, B ERH
95.4% , 25 4K N 93. 5%, il AR F T4 fiE 4 1
R AU A
4.3 VEERESENSREESEA

FEA) B B8 4 5 M U0 B 47 i SR e, 45
A ity 308 1o 5 R AT AL Ak A 45 AL T A A AT i R
RAGEERTERE. HFFLEEREREY
FEMAE ZigBee LM A5 B AR 5 W B g %2 o7
XL J) 38 5 B B, 8 NGB 1R T 5 R RS, 11
YRR BE AR T & AT B 48 A W L R 4
B WOt M 48 A J5 1 FETE T AT A B AT 3 B
1B o TR, R G0 1 DAK W4 %5 50 8 T 3818

1=
B
1]

7 1 Tl AR AL PG OR B T 1238 15 PR T R
F TCP/TP £ i 45 i B i 52 B0l S Bt &2 B, &
G ) ¥4 78 38 A IR 55 2%, i B 1 5 AR 55 4% 1P M ik
192. 168. 1. 103 5 i {5 ui; 15 8080, -l AH HL %ty
Fic O % F S A5 5 9 5 BT 10 I 46 2 B L e, 3
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—xanmm —% TR
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Fig. 12 Visual detection interface of the physical smart

car
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Fig. 13 Digital twin intelligent smart car system
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