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Abstract: To solve the practical problems in vehicle type classification on toll roads, a deep learning network
based on dual-view feature fusion, named ETCLNet, was proposed in this paper. A dual-branch architecture
was adopted by the network to extract the features of vehicle head and side body images, respectively, and
combined with an innovatively designed multi-scale feature extraction module, namely IPFE and an adaptive
weighting-based bilinear feature fusion (AWBF) mechanism, efficient and fine-grained vehicle feature
representation was achieved. Through the design of parallel multi-scale convolutions and residual connections,
the problem of gradient vanishing was effectively alleviated, and the adaptability to complex scenarios was
enhanced by the IPFE module. The high-order interaction of features between angles was further optimized by
the AWBF mechanism, and efficient fusion of multi-angle features was achieved, and classification
performance was significantly improved through adaptive weighting and element-wise multiplication.
Experimental results indicate that ETCLNet outperforms existing mainstream models in multiple evaluation
metrics (e.g., accuracy, precision, recall, F, value, and S,yc), which solves the problem of the low vehicle type
recognition rate of cameras in existing toll road audit systems. In addition, existing hardware devices are fully

utilized by this design, which reduces deployment costs. A scientific and efficient solution for multi-view
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vehicle recognition and smart transportation is provided by this paper, and new ideas for deep learning network

design are offered.

Keywords: smart transportation; fusion; computer vision; dual-view; vehicle type recognition; ETCLNet;

vehicle toll
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Table 5 Experimental results of S, of ETCLNet and other network models

Iy ik Save
VREE 2RER SKEE AREE UERE 2KWE SKEE AKRE SKEE KK
AttentionNet 0.95 0.94 0.93 0.92 0.82 0.80 0.51 0.64 0.83 0.83
GoogleNet 0.97 0.83 0.92 0.86 0.99 0.96 0.88 0.97 0.95 0.97
MobileNet v3 0.76 0.79 0.96 0.96 1.00 0.99 0.99 1.00 0.99 0.92
Mvit 1.00 1.00 1.00 1.00 0.99 0.97 0.87 0.91 0.98 0.97
Inception v3 0.99 0.99 0.95 0.98 0.99 0.99 0.98 0.83 0.95 0.95
MobileNet v2 0.97 0.94 0.93 0.92 0.99 0.94 0.73 0.87 0.94 0.86
SqueezeNet 0.86 0.50 0.50 0.93 0.98 0.90 0.73 0.85 0.79 0.85
YOLO v9 0.98 0.90 0.90 0.96 0.96 0.95 0.82 0.91 0.91 0.94
ETCLNet 1.00 1.00 0.99 1.00 1.00 1.00 1.00 1.00 1.00 1.00
MR ST M FE L MR B 2 S R kb X T IO TR AR A5 AT A o A5 G SRR AR T 7 ) B 4L A

AN T) 28 90 19 42 30 43 2 Pk R A7 6 R 25 % | Inception
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HhXE 2 8 I R IX 4 g TSR . SqueezeNet Y 43
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B¥09 0.50) BB 5328 B E ) MR AN 95

R 3C I 9 ETCLNet X T 4% 28 1 1 43 2 vk
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Bk e AR R B R e, 3 s R R R
3 A O T B ey 5 T B IR B, 3 OC T
%o A e 9 2% 1) 1 ) B T L 5 R o

H 15 AT A SCRT 2 A9 ETCLNet 783 & )
o3 A bR T B AE A S A RE S AE Sk B AL AR T (]

TR S AT WM AR E XS, kit 2
JZ R & 3 (FPN) 5 A 3 B i AL ] (Adaptive
Weighting) 7 8082 F+ 14 Jay S8R 8 77, A 45 90 4% g 6%
PR 2 RE (2 X 4 R RRAE

1Z W 4% 6 TR RO AR T B DR R AR e HL v ALY R AE
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i 70 [ ) 4% 5 AL B RS (4 SqueezeNet, MobileNet v2
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4.4 HEIRLE
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PO 25 2R R W B e e T 1 BRLPE 5 0 B, O
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Figure 5 Attention heatmap results of experimental networks used in this paper
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Table 6 Ablation test results of different feature
fusion methods

T5 ik Ru/ % R/ % F\/%
Add 93.56 94.31 91.54
Concat 89.12 87.56 85.62
Max 90.56 89.46 89.23
Multiply 91.32 89.45 88.41
AWBF 98.08 97.84 96.29

A 3k AN TR] 455 A il 5 A B 4 X LU T 19 4 At 45
PR R B 1 BT, AR SO 42 Hh 9 BREF SR AE fill 45 58 Bk
AE % 5 w55 4 7 0 55 (IR 2k R0 15 A 2R &, O IE 8 0 26
RO T HER A R E

T B UE T 4R 9 IPFE 45 AF 42 BURSE e /e 42

SR AE RO AR SO R TR . T —
2 3 F AWBF fill & 118 il GoogleNet [ Inception
TIE 4 BB B 1) WL 43 S RS A SR LR 3 Y A 4R
(Baseline) 71 , HII0 45 R 3E WL 7,
K7 ARBFERRAXHEMRELER
Table 7 Ablation test results of different feature
extraction methods

Jrk R/ % Rp/ %% Fy/%
Baseline 93.73 92.21 89.72
IPFE 98.08 97.84 96.29

223 B0 IE B |, JE 28 7 % (Baseline ) 76 4= 3 4» 28T
55 AR T 93.73% M 43 2 UE R, R i R Gk F
92.21% ,F 08k 89.72% o X —Z5 R Sk ik
REMEAE — B R FE T o8 MUZE 3 0 2 AT 55, U W] LR Ak 42
HUHLH A — 5 RUCR . SR, FEAS 80 % F Loy B0
7 S BA XA 2, e HJE OB T 90 %6, % 6 B 3t
2R 7 1% AE Ak BRSO 2 ) AN S i 8RR AR 2 AR N L
AEAE— R MR 43 AR X DA 4 T J 3R 410K B R AE -
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