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Abstract

Aiming at the complex environment of highway tunnels with intricate illumination, dense vehicles
and frequent occlusion, this paper studies a tunnel vehicle detection algorithm based on video cloud
networking technology. To improve the detection accuracy in complex scenarios, the DBB module
is embedded into the backbone network of YOLOvV5, which enhances the model’s capability of multi-
scale vehicle feature extraction and fusion. Secondly, a tunnel vehicle video cloud networking da-
taset is established, covering vehicle samples collected from different time periods and various tun-
nel scenarios. Experimental results show that the detection precision is increased by 0.5 percentage
points, reaching 96.5%, and the mAP@0.5:0.95 index is improved to 80.0%. Meanwhile, the GPU
memory consumption of the model is reduced by 36.1%, decreasing from 7.56G to 4.83G. This study
provides a feasible technical solution for the efficient deployment of intelligent tunnel vehicle mon-
itoring systems. The engineering practicability of the proposed method in the video cloud network-
ing scenario is further validated.
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Figure 1. Video cloud platform
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Figure 2. Architecture of the video cloud networking platform
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Figure 3. Vehicle detection pipeline
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Figure 4. Architecture of YOLOvV5
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Figure 6. Architecture of YOLOvS5-DBB
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Figure 7. Vehicle dataset visualization
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Table 4. Comparative experimental results

4. WL

i) FE 1 (Precision)/% 74 [A1# (Recall)/% mAP@0.5:0.95/% IIZiBr Bt GPU &A% 5 H]
YOLOV5 96.0 94.2 79.9 7.56G
YOLOVS5 + RCSOSA 94.8 91.3 74.2 2.01G
YOLOVS5 + RepNCSPELAN4 952 91.5 74.5 5.35G
KT 96.5 94.2 80.0 4.83G

Table 5. Evaluation results on test subsets

=5 FRIFEER

i {EHE R mAP/% 986 mAP/% ERS mAP/Y%
YOLOV5 80.5 77.2 78.6
ARILTTIE 81.0 77.6 79.2

Xt Hb 3 ZR AR (YOLOVS) 5 B At EL AR B (YOLOVS + RCSOSA. YOLOVS + RepNCSPELAN4), it
71 X RCSOSA B RepNCSPELAN4 #i3t 5, HHY B AF 5 H BEA A RIFEEE TR % 2.01G. 5.35G. fH
FEFETRbr kG0 . A%, mAP@O0.5:0.95 B & T . Horh RCSOSA RS FEHi e fe v Wl 3%
2 WYX g b S A K DA R R RS 2 S e A TR K, A7 AE W] B RE AR

AL J7i(YOLOVS + DBB), A B SEI AT $2 T . KEHFE A 96.0%F2 T+ % 96.5%, mAP@0.5:0.95
M 79.9%5E T+ 2 80.0%, A1 LRFR S FELAMA — ) 94.2%, RHIUKX HArHE R/, FR, GPU &
17 i IR ZR ) 7.56G B2 4.83G, AHELFEAFEAR 36.1%, SEIL 1 RS REAR TS B B A O U R

PS5 GERTERBIG IR 50T, BSOS AR AR MR IR T 26 4E YOLOVS B, 7ERIRE S 2 40
Pispserh, B mAP 2 HI5ETE T 0.5%F1 0.6%, Ui BA BT H AL T VELESS e X HAR B0 F A
IFRIRHERIBRE ). FEHRANNSOG R T, BT AEE R B ER, BRI, (H SO R,
BT 0.4%MTt . LA KRG, ANSCHIETERRIE T AR5 h R L H 58 47 1A e M 5 B ik
5.4. ATHLALA ISR

N T BRI B e S SO A Y (Y SRR IR I, AR AR R EL T BRI S R R, IR 8
tenth 7 54 YOLOVS I RTAAERT LU 2 SR . T DO SR B, A SC ek R 78 224 FHE AU & 7 T I AR
TGRS HE BE % 58 A0S & 2R 40 SO S ARER, A 0 e 1 AL o LA RS . A KBS
AR, H AT A R B BT

g 607 ¥ iy R K214455
EEFELHE A AMLEEEe: “
¥

2025-04-22 10:0% 2025-04-22

Figure 8. Comparison of detection bounding boxes
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