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[ Abstract] Traffic object detection is a crucial component of intelligent transportation systems. However, existing
traffic object detection algorithms can only détect predéfined objects and are incapable of handling open-set object
scenarios. To address this, a novel open<set traffic’ object detection algorithm based on a Visual-Language Pre-
trained (VLP) model is proposed. First, by leveraging Faster R-CNN as a foundation, the prediction network is
modified to adapt to the localization challenges of open-set objects. The loss function is refined to the Intersection
over Union (IoU) loss, effectively ‘enhancing the localization accuracy. Second, a new VLP-based Label Matching
Network (VLP-LMN) is constructed to perform label matching on the predicted bounding boxes. The VL.P model
serves as a potent knowledge repository that effectively matches regional images with labelled text.
Simultaneously, prompf éngineering and fine-tuning of network modules facilitate better exploration of the VLP
model's performance, significantly improving the accuracy of label matching. The algorithm achieves an average
detection accuracy of 60. 3% for new classes on the PASCAL VOC07+12 dataset, demonstrating its commendable
performance in open-set object detection. Additionally, the average detection accuracy for new classes on a traffic
dataset reaches 58. 9%, with only a 14. 5% decrease compared with the base classes in zero-shot detection. This
underscores the strong generalization capabilities of the algorithm in traffic object detection.

[Key words) Visual-Language Pre-trained (VLP) model; Faster R-CNN; open-set object detection; traffic object

detection
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Fig.1 Framework of open set traffic object detection algorithm based on VLP model
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Table 4 Localization performance of OFR-CNN on VOC dataset
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Table 5 Performance of OFR-CNN and VLP-LMN on VOC dataset %
VLP-LMN mAP@0. 5

%4 N

. PE RTM R Gi/ES SYEN
FEABUNT 100 BEASECK T 100 JSYLN
Faster R-CNN — — 29.9 46.5 42.5 — —

X X 30. 8 42. 3 3808 52.1 45.5
OFR-CNN--VLPLMN X 13. 3 42.1 42.1 50.0 16. 2
X N 39.9 59..0 53.3 60. 5 56.9
N Ni 53.1 62.1 59.4 60. 3 59.8
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Table 6 Comparison of results with other mainstream open set detection algorithms
mAP@O0. 5/ %

ik oAtk VLP il 7 2K/ 10° FPS
HRE-LE YOLOv2 — 50. 54 29.6 19.5 92. 3
HRE-CC YOLOv2 — 50. 54 58.7 24.5 93.2
HRE-H YOLOv2 — 50. 54 57.8 25.5 93.5
SSD CLIP(ViT-B) 26. 29 55. 2 44,5 84.2
YOLOv4-tiny CLIP(ViT-B) 6. 06 56.3 45. 2 211. 8
ViLD YOLOv3 CLIP(ViT-B) 61. 95 55.8 46. 3 100. 3
YOLOvV5s CLIP(ViT-B) 47.08 57.4 49. 6 110.9
YOLOvS8s CLIP(ViT-B) 11.18 59.2 50.4 150. 5
Faster R-CNN CLIP(ViT-B) 137.10 58. 3 54.2 43. 6
AR OVR-CNN VLP-LMN 126. 30 59. 4 60.3 48.2

2.4.4 ZALMERESL L

T HAE OFR-CNN 1932 AL RE 7 . 4 R 55 X
Y W 2 B e £E R AT H b 67 52 5, S5 SR
TR AEMRS XA b RV R TR
1125, OFR-CNN KSR v LAFE BT 28 1 /R ) R 4T
ENLRETT

fifi H VLP-LMN & ORRCNN 7= 4 () H i3 HE
DX 3 P15 DG TE A 4% » 881 e 24 19 H A A T 45 2R 4
= 8 FE 8 i sweni] BAE £, OFR-CNN F1 VLP-
LMN 41 & i E bREal e HA RAFrZ fLRE T .
%8 OFR-CNN 1 VLP-LMN 7£ 35 i #1185 kBT BE
Table8 Performance of OFR-CNN and VLP-LMN

%7 OFR-CNN ZEZBEHIEE TR on traffic dataset 1%
Table 7 Localization performance of OFR-CNN FBAP@O. 5 FrE AP@O0. 5 mAP@O0. 5
on traffic dataset % car truck van bus %?@ %ﬁ % é%ﬁ
% AP@0. 5 AP@0.5:  AR@O0.5: AR@Q.5: 67.8 81.1 59.3 58.4 73.4 58.9 66. 6
= .0
0. 95 0.95@10 0. 95@100
OFR-CNN 81.6 44. 3 37.5 52. 8

T WML IF VLP-LMN S8R 72 1L he
77 S0 E A 1) FLSCAHE BB AT 2R VT C » feJe 1
FIFIRVE R E 7 Frs . FRLE # VLP-LMN
X L S HE (1) B 28 DG JC ledif AR = BRIV A 2
bus [ APHGIRCRFE 22 ME WA R 1 92. 3%, SRR
HERRIKE] T 99.8%.
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Predict Result
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Fig.7 Confusion matrix of VLP-LMN on

the truth box of validation set

B8 FEXEHFRENEERR
Fig.8 Effect of open set traffic object detection algorithm
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LMN P340 18 » OFR-CNN 1] D figp JF4E B AR 1
SELIR) R, I B ik TR A Faster R-CNN A 2% 6
B AP@O. 5 #2855 T 2. 1 4> 45, VLP-LMN
JEF BLIP, ] DASE BT AR OPRZE VT HL . SEIR A5 R R
W, BT B SR AN SO TR A kil e 77 I 5 R =3
LA L B A A B . SRR
T A b, HAEH 28 L mAP@O. 5 8 T
34.8% ;5 VILD Mt HAE ¥ 28 i mAP@O. 5
WIEE T 6.1 Form. BRILZA, 2B R AR
Uiz ARe T e A B AR A A R B R4 iy IF
LR PR, HAEM K LW mAP@O. 5 iK% T
58.9% . Liksrga LUl xRk A FEE
PR A8 T8 3 5, o S A2 A DN R R S A5l
Yseh A EBE KRR NG J1. B2, i T Faster R-
CNN H B BR & iZ Bk F/ANRE S Hix
AR I P B — P, 51 TR A RE R T X S R R
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