Software Engineering and Applications ¥/ T2 5/, 2026, 15(5), 772-786 Hans X
Published Online October 2026 in Hans. https://www.hanspub.org/journal/sea
https://doi.org/10.12677/sea.2026.155072

ET =imthE S Y OLOVIOR) SR 22 i
EHRBAB RIS

KEEL + &2, 4 B

YA R A B ERA R A, AL AR E
2L R A BB IR A R ARE D A 7], b A&
3 RV TV RSAR TR AR, IR B

ks H i 20264F9H15H; FHHM: 20264F10H19H; KA H#: 20264:10)H28H

R

3R AR BERES R P EFHRERH LA AR, ATAHHRRBIE R = HES LB ETBKR
IR, AR T —FET S0 FIEM K EEA B EHRERA RS, HMWE T CBAM-WIoU-
YOLOV10ZEH H il SR AR FIER . RABFEWNAIRE .. WNERHEENZNERBERE ST
AENEL, BEFRNSRELGARESBE T AEMER, Aol EAEFERN. BEEE. Bl
BRI A &R S EEWALIRAE R, WA BT FREFEGERME S LS RNNEFEE . $HXEE
ABBEEEARHEFRRETHHE. BRTRE R IR/ WAUE R, ASCFEYOLOV1OmEE
Tl 5] N CBAME R SapLH], DA SRR R W 2R i S BHE X BB 53 68 77 R SR F WIoUHR 2k IR Bt Ak
WFAER AR, REEFEHRESIEE. LRETASRERERNEIEETRBIESKHIE, FHE
PSSR, PRI, KBEER, PIKE, KBEREMBELE. SREREY, SHEiiEeR
Z 45 B ¥5_E XS 7 2. (Precision) . # [8] % (Recall). mAP@0.5FTmAP@0.5:0.954) 7745 %)93.45% .

89.82%. 96.35%7182.49%, HEHEFAR|78.10/F>(FPS). L RRY, FitBEAERNNEE SHEY
2 EEAT BIT-PE, BB AR EA B ERRER AT E BT I R AR R S B RS .

eI 40!
EHHRELRF], YOLOv10, CBAMER /iplil, WIoUTRARNKE, =wmihE, Hirkm

Design of a Highway Vehicle Type
Recognition System Based on
Cloud-Edge-End Collaboration and
Improved YOLOvV10

IR

NESIH: KEHR, B, IR FET SR S S0k YOLov10 1 mid A B RN RG], BT S
J¥% Fi, 2026, 15(5): 772-786. DOI: 10.12677/sea.2026.155072


https://www.hanspub.org/journal/sea
https://doi.org/10.12677/sea.2026.155072
https://doi.org/10.12677/sea.2026.155072
https://www.hanspub.org/

Hongjun Zhang?, Lei Niu?, Na Yang3?*

'Hebei Expressway Group Co., Ltd., Shijiazhuang Hebei
2Chengde Branch, Hebei Expressway Group Co., Ltd., Chengde Hebei
3School of Automotive Engineering, Harbin Institute of Technology, Weihai Shandong

Received: September 15, 2026; accepted: October 19, 2026; published: October 28, 2026

Abstract

To address the problems of insufficient real-time performance in vehicle type recognition, low effi-
ciency of manual traffic statistics, and high computational pressure caused by centralized cloud pro-
cessing in highway traffic monitoring scenarios, this paper designs a highway vehicle type recogni-
tion system based on a cloud-edge-end collaborative architecture and develops a CBAM-WIoU-
YOLOv10 model for vehicle object detection and type recognition. The system consists of three lay-
ers: video acquisition at the end layer, model inference at the edge layer, and result visualization and
statistical analysis at the cloud layer. Vehicle detection and type recognition tasks are performed at
the edge layer, while only structured recognition results, including vehicle category, confidence score,
detection time, and device ID, are uploaded to the cloud platform, thereby helping to reduce the net-
work bandwidth pressure caused by the centralized transmission of raw video streams. To address
significant vehicle-scale variations, complex background interference, and similar appearances
among certain vehicle categories in highway monitoring images, the CBAM attention mechanism is
introduced into YOLOv10m to enhance the model’s ability to focus on key vehicle feature regions.
Meanwhile, the WIoU loss function is employed to optimize bounding-box regression and improve
vehicle localization accuracy. Experiments are conducted on a dataset containing six vehicle catego-
ries, including small vehicles, medium-sized vehicles, large vehicles, small trucks, large trucks, and
tank trucks. The experimental results show that the improved model achieves a Precision of 93.45%,
a Recall of 89.82%, an mAP@0.5 of 96.35%, and an mAP@0.5:0.95 of 82.49%, while maintaining an
inference speed of 78.1 frames per second (FPS). These results demonstrate that the proposed model
achieves a favorable balance between detection accuracy and inference efficiency, providing effective
model and data support for highway vehicle type recognition and traffic operation analysis.
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Table 1. Analysis of system demand
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Figure 1. Overall architecture of the cloud-edge-end vehicle type recognition system
E 1 = -8 - mERLERRF ARG B RAGE

S ) LT 4 A AR LR AU N, PR T 3 0 47 PR SRR . 3SR
G MR 3 e A R B % . SDOR A N RGO AL R, E SRR
VU, PR UL EE . YOLOVIO HEBL RIS St i e, JUbt, MOl A LB G BB S A
SO RUTEIUBLHOR A AT IR PG T B 52 W AR A U — PR U e e
YOLOVI0 R e 55 i AR I 5 2K TR 51 ¢ 45 SR e etk PRSI 0 LA P TR A 28 400 55

DOI: 10.12677/5€a.2026.155072 775 B TR R


https://doi.org/10.12677/sea.2026.155072

KER

IS, A AR RBIEE R BAT H SR S5 BT A6, 8T 5 SE 8 A M s B .

Z P £ T2 AR TR I b A% B S5 R A W) 45 RNV A IR S B HEAT Bl A7k R A GE T AT
RIS, AT S G RES . 84T 0 EME BE BX R G T RO T B E B, e s kRt giit
ANASHIBAT 73 S A SCHF

5 EEG RGP A I A% 2 i AL B P, A SCR GO AR I 5 28 AR AR 55 B 28 AR I 5E B
BORHR B RAVRESE S LA E RNV 6, BER > MR 77, SR 45 3 i L k. %28
PR IR EE 1L SERf AL BERE 77, MOCRF MR B R, & il A B R AR 5t

2.3 KERARLIR

ez - 10 - v R R b, il DI KRG SLI 20, RSO - ZEfE . 1S ALE
B U 7 i B A B A A = AN 5 TR HEAT RO Wit

(1) 14 - =85 SHIER . LT S BRI 5 SRR 5, AN B b ARE SR UE AT, 1A
BRI 45 R L AR T R IR B i 10 - = Z (AR A MQTT PGk A7 i B AL, I ok AR
IT RN L PO g 4% 5w T G 2 B BEE A . IR 45 5K ISON A% stk T3, B R%
i REOURSIE) . BEUEWIgR S . ESH . BAS ARG IHEALAR SR S 2. ST FigfT HE. R RS
ed, P HTTPHTTPS #2 M4 s bAk o 205 AR S TR 2 R0 45 AL S 75 SR (1 RIS, /b JE s A A0
FREE AL 2R [ I 4 15 8 TR

(2) WLLIE AR E SHEFRAL . ASCHEFHIIEALE PyTorch AESE R 58 ISR, &8 PRI 25675
SRR EE M R ONNX #5, J£% ) NVIDIA TensorRT #4744 544 . TensorRT A il i i1 4 K]
A B SARKE PSS 07 A PR AR B R T8 o ESCRFAH BB ARI 2520, TR A FP16 HERE T
3 FEARFFIE BRI L B (1 [ B 3 — D3 M HEBR 0% . I um il R S8 ORI . R TlAR B, S 2 4
FANR S R, JEE SRR R LA E T 6. BRI, ASCSK A i HEE M G758
T NVIDIA GeForce RTX 3060 GPU #1 PyTorch ¥ 5535453, TensorRT = A s bnids 4k & 2% 1 & I A5
RUEAGTT %8, L BRI RCRAT 75 45 6 LSRR AR AT 3k — B IGAIE

(3) mIBHEALIE 5120 . i P& FEA TG sRAEE R A ElAg . R
Gur] KA FastAPI 5 G v BE M ds, X Hal B0 i 2R 00 45 ST fd A S . S5 A AL R B dE R
1 MySQL ## FE AT R A AR, FERAAEHIN . B AR B8 905 KA SRS &
X T A RS TN A G vk 45 A S vy I 4, IR H Redis EAT224F . 25T HiREdR, =t —4 5%
FRANR R H R . ERE LT, i BRGSO AR IR E B, IR il Rt
2 N TR ST

W FREARE, KRG T “hZmsinl i - g R A - s g S gt a7
MIACERRRE, 2 - 10 - i &2 2 ) B B B 0 B0 A8 TOANE AR SE B 7 e

3. ETF i YOLOVIO B FEHAELARI A %

55 2 TR R AR RGBSR AT T e, B T AR AR L 1 R T AN
S RN IR To TEZRG T, HE T UG MM RN B0 B & ST 4505 B Ar il 5 28 80 A
WA OB . SRy T TR T A B T AR R A S B e R S M PR O B R R, A DA By H
PRI YOLOVIO A3Ed, Ehxd & 4e30i@ a5t T I EHE IS B AR & AL AT 2 Ak ik,
¥ T CBAM-WIoU-YOLOV10 ZEHi28 R RIRIAY . AR 5 F 5 st SR () LR B0 . ZR R i) SR it
B DL TR AR A ) R IR R AT VRN A

DOI: 10.12677/5€a.2026.155072 776 B TR R


https://doi.org/10.12677/sea.2026.155072

KER

3.1. gu# YOLOvV10 #=28 it

Ji4s YOLOVIO 7E H ARGl 55 o B A e MR I RS P A0, ETE il A B B2 B U3
o, ANSMAETE A R B ARAG B L 8 ST s LSS 23 28 A AP AR AE AR AL A5 1] B 0 R AE S R 55
WPEEE R, 010 G SRR 5 52 26 AR RS R 2R 52, 154 L 45 25 5 H B A B
AT

BEXE Bk e @, ASSCAE YOLOVIO0 YRR 424 F b A7 8t Xk isidt, #9% 7 CBAM-WIoU-YOLOV10 4
AR . SO8 EEAAREAN T — R TE A IRZ R RN BE 5N CBAM VR SIbLE, HE58
BEARUO A G B RRAE (Y SR AR AR ) —RAEL FHHE [ I AR bR WioU #5k BB AR A H A sR 3, DA
RAF IG5 NI HIREAREE . SO 5 PR B AR N 2 g R in 4] 2 fits

WEG &% P b YOLOV10 Backbone CBAM?Eﬁﬁm Neck# RUEHRFER & YOLOv10 ERRAPRIER
s, (HEEAD Detection Head
TR A B2 R BT RRAHER T A Backbone A5 ES 1 — — FREA
RSB EIRRE t S
> Channcl Attention __J |
= ; EZT il E=T
— e w | |YV— |=—==
o N
BRI = o AREEH R
PRI AT NEL ST PSR
-ﬁﬁit%@i
g ] R RS pm e
EREME ! klmg;s
Semnmn g yannm—n——r——— bi] =
f ! R
: WloU Loss (&3 2D :
! IR Bt A I 4 5k B i
1
! AR AL i
1 o = H
i RIHER R % 5 5 B SRR e sosssantass
“““““““ R EAREARRA |
PO RREATR |
| wtmams Fehmns |

Figure 2. Network architecture of the improved CBAM-WIoU-YOLOv10 model
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Table 2. Vehicle recognition category settings
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Table 3. Experimental environment and parameter settings
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Table 5. Distribution of vehicle categories in the dataset
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Figure 3. Model training loss and evaluation curves
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4.3. ZEWAENAFIMERE DT

4.3.1. FEIRBVEEFMREXTEL
F 5 4G YOLOVIOm #5755 CBAM-WIoU-YOLOV10 BRI AT % ELIGIE, 455U 6 B,

Table 6. Comparison of vehicle recognition performance of different models

6. TRIEBEEAAIMEEX LR

A Precision/% Recall/% mAP@0.5/% mAP@0.5:0.95/%
YOLOv10m 86.82 83.94 88.21 77.72
CBAM-WIoU-YOLOV10 93.45 89.82 96.35 82.49

172 6 AT %N, 5546 YOLOVIOmM iU EL, CBAM-WIoU-YOLOVI0 #5AE 6 28 4238 R T 5%
FHEAS TS R AR AR T R . o, Precision H 86.82%1: T & 93.45%, Recall #1 83.94%1: 71 & 89.82%),
mAP@0.5 [ 88.21%32 T % 96.35%, mAP@0.5:0.95 [ 77.72%3 % T+ 2 82.49%. Lt 45 £ 5], 5| A CBAM
TEEJIHUEIRT WloU $51K REUS , BRFE 2240 B PRRFAESE I . I or 428 i R FAE 5 A 77 TR 43 31— €
6

ZEA KA, CBAM-WIoU-YOLOVI10 75 PRFEFEHE s MRS BE (1 RIS, BER8 AT 56 BN R0 v 0 2R 4
KA, N KAV A GE R4 6 2R H ARSI SR AT .

4.3.2. jHREASCIMERERTEE

Table 7. Performance comparison of ablation experiments
7. iHRLSCIO M REXTEE R

f A CBAM WIloU Precision/%  Recall/% mAP@0.5/% mAP@0.5:0.95/%
YOLOv10m X X 86.82 83.94 88.21 77.72
YOLOv10m + CBAM N X 87.41 84.75 91.65 78.33
YOLOv10m + WloU X N, 87.28 84.75 93.65 80.61
CBAM-WIoU-YOLOvV10 N N, 93.45 89.82 96.35 82.49

H 7 al%0, #£ YOLOv1Om FEAfi E23 %151 X CBAM VER /IHLEIFT WloU 1525 s # A5 AL I 1k
RES A ANFEIFEREHETE . #phs] N CBAM J&, #7Y Precision 1 86.82%4% T & 87.41%, Recall Hi 83.94%%#
T+2 84.75%, mAP@0.5 H1 88.21%% 7 % 91.65%, mAP@0.5:0.95 1 77.72%32 7+ % 78.33%, i #] CBAM
B R 08 1Y DR AR Y 0 ZE B DG SRR X IR ) T B ), A B TG 28 1 50 R BRI R I 2R

BRG] N WIoU J&, #i7% Precision k% 87.28%, Recall A% 84.75%, mAP@0.5 iA%] 93.65%,
MAP@0.5:0.95 iA #] 80.61%. #HLLALE] N CBAM %, WIoU 7E mAP@0.5 il mAP@0.5:0.95 & #r 42
FHEBAE, UEEH WIoU 451 2K bR E00r 2249 H Frids FHE [ 9 B BT AR A AR

% CBAM 5 WiloU [ 5| N5, BEA &R FRIE S A, Hr Precision 5% 93.45%, Recall i&
1 89.82%, MAP@0.5 iA#!] 96.35%, MAP@0.5:0.95 iAF| 82.49%. iX il CBAM 1 WiloU 7£#7 pi it
B wHAMER: AU EER 5 H bR iE R /e 11, Ja & R ER T FHE AR T, —H AR
1 — DR A R R R O 55 T I 25 G TR e
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4.3.3. HMNERIEERES

T 30 TE AR I I A B M B AR best.pt,  FEASZIINARSE FIEAT HEBEVEAS, #5E8Y Precision ik %
93.45%, FHIIRKIEMARHL; Recall iA%) 89.82%, i WIBLRL AE %R ) H K #8 20 224 H b, {EAEITER
B NREBUER S MA@ RS . £RH loU BT, mAP@O.5 ik%] 96.35%, PTAhriE
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Figure 4. PR curves for vehicle type recognition

& 4. ZF@HIEAIAZ PR BhLkE

R PR th&gtit, &35 AP@O0.5 I RAREIAIE 8 i,

Table 8. Results of AP@0.5 for each vehicle category
F 8. SEWAB AP@OS5 ERE

J a2 wICRIR AP@0.5/%
tiny-car /INB ZE B 96.0
mid-car R ZE A 95.0
big-car K 25 98.4

small-truck N 97.6

big-truck KA 95.2
oil-truck HFEE 95.9

all classes AER 2T 96.3

i 8\l %N, BEAYLE 6 REMH IR EHEEIK AP@0.5 FINEIF, 4 EB255] mAP@O0.5 i3] 96.3%., H
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o KPR R A AP@O.5 AR 1, 43135 B 98.4%71 97.6%: R A KA B 1) AP@O.5
FRFBE AR, LTS REFLE 95% LA 1o BRI, CBAM-WIoU-YOLOVI0 #AE 6 K440 H A b i I = B
BONRRSE, BERET AL ZE 2R R UNME 55 MR A TR

435 BHBEHRESHEBYEI M

HT ARG KM = - 14 - wbh R, 250 B AR -5 2R BN R 55 28 AR M 1 4% 58 A%
DRT S ASE BRANAN 5 B L & W AT DR B2, 3 I B AT A A R0 o O T W Sk S 2R A S ) 0 2 R e
f7E, ACHE YOLOVIOm AT CBAM-WIoU-YOLOVIO0 [Z4E . AR K/ TS S A HER S k4T T %
tb, gEHnE 9 Fis.

Table 9. Comparison of complexity and inference efficiency of different models

F# 9. FRIERERE SHEENRILR

A ZHEM  HETKNMB 5 E/GFLOPs  FAGKHEFLR [A]/ms FPS
YOLOV10m 15.40 31.8 59.1 12.1 82.6
CBAM-WIoU-YOLOV10 15.82 32.6 60.4 12.8 78.1

% 9 ml&l, SR YOLOvIOm BiZUAH L, CBAM-WIoU-YOLOV10 A (2405 1 15.40 M #4 i
% 15.82 M, AR/ 31.8 MB 394 32.6 MB, 1H5 & 1 59.1GFLOPs 14 1% 60.4 GFLOPs. H T 5|
AT CBAM = i, SUHA AL it s ok HERR IS [B] H 12.1 ms 35N % 12.8 ms, FPS H 82.6 [+ % 78.1.
BRI RY TH SR R A G0, (R BRI IR RN, I REORIFR S I HERL IR . 4565 6 FIEE 7 (kS
MPEREZE SR %1, CBAM-WIoU-YOLOV10 7534 fi/b & S H i AR (A 550 T, 3 1 28R ks B A0
T FHEENLRE ST, TERTIRE [ S HERL AR 2 M HUS T BT, Bt — D I R 2 45 308 B0 IE 1 At

T B UL, A S B R R T S 3G PR B HH 9 NVIDIA GeForce RTX 3060 GPU 58 fi. 7ESEFR
WG H A, BREIE B E 2 2 B 5 WU T R . R R B BRI AL S B 2L S R 3R

EA N
4.4. ERIAFGERERGN B 24T

4.4.1. PLEEHIMR
e B UE AR PR HEAT AT AL IR (A 1 5 FTr) o

Figure 5. Visual detection results of multi-target vehicles
on the validation set
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O E. X R IPZAE I A A I A @A 2 H bR A IIAT 25 I RE 71, Re 8 il R S B e b AR 45 Sy ]
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4.4.2. IR BB AR L
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ARG BEE. Abs. Widn 5 KERSEZOEE, ¥HILE 10,

Table 10. Output contents of edge-side vehicle recognition results

= 10. MERAERMEARER
A X AGHE
ERUES TR S b ) 2 A Y AT PRI G Fngs R o
BEEE AR U R (R 5 R H T AR B AR 4
R AE A b 49 HARAE B G AL B T BB AR H AR A7
PG i > ELIRAGIEE SUINARE R TLU FIT G SRAB AL 1 )
BHmT AR RN B % KR FIF o 4 B AR )R
A 1) AR ) 45 R A 1) AT PR G A 23

KA AR ZMICR FHLE] B UG HON R0 AR AR IR AN 4 G
SRS R G B, A BT BRI MUIEE s AR g R W 45 0 ), IR R iR A SR AR
5 N A R A
44.3. TMERRESSETR AT

AN BE— 5 UM A G RAE =T & P RR S R T 20, ASOREE R hReFR R it 1 = filor
BERE BRI REE, WA 6 PR,

ZNEEEERTRATRE

O FNREFERIAZTEE Gt REwE RANZR
SHRIERSS EHRES SEERM IR EERR R FRRES RGETA
on
\ 0,
12568 + 126 =y 8 'y 2 99.2% ]
. 4 B @ Edge-07 LR
SEEEE eeEme - 8®8E 11 8EFA 1T 0.4
1R Edge-07 LSRRI S A6,
i " . R MR,
BEBATRBBME HHRERBEARS BT ST
a5 B0 ®) - aE (8 2%
so0 1600
oo 352 1500
2784 20
200
108 2188 00
0. 1276 0
1000 l 532 45 200 Edge-03 ¥ EERE
" H = o R Edge-03 FRADEERE
AMUER PEEW ADER JDRE ADES BEE HRER 00:00 0200 0400 06:00 0800 10:00 1200 1400 16:00 1800 2000 2200 B2 85%, WREAE.
DRAQER HEIRBYE :
IR EREFIR BERNER © mwnn: mEEF
CEES HECR EARE SERBRE B AR EEN Wi ReAEE OEES BONES AGHEF 2026-05-27 02:00 77
Edge-01 BAKEKI2 . E 1586 2026-05-26 08:15:02 NEEE 096 2026-05-26 08:15:12 Edge-01 F20260526081512-00123 MRAEN, Bt 10 5%,
Edge-02 anmaKs o an 142 2026-05-26 0811508 SEEE oss 0 edge2
Edge-03 B o an vz 2026-05-26 081459 xmms 007 026.0526 081507 Edge-03  F20260526081507-00156 @ Edge-02 HEENR
Edge-04 Bk o un 1058 2026-05-26 08:15:11 smsm on ) I ——
Edge-05. BAREKS! R 1456 2026-05-26 08:15:05 mEE 08 2026-05-26 08:15:03 Edge-04 F20260526081503-00077 HEER,
Edge-06 B o un 1280 2026-05-26 081458 weEs 005 2006.0526 081501 Edge-0S  F20260526081601-00105
Edge-07 srmKie o ws 27 2026-05-26 080847 xmsw 0% Edge-2
Edge-08 RAmEKI%2 o an e 2026-05-26 081503 smsw os 206.0526 081457 Edge-0d  F20260526081457-00133 IO
WBERMEIE: 2026-05-26 08:15:15 BE: UTC+8 MEBRHSBY REVETEHE: 28 X 16/ 42390

Figure 6. Schematic of the comprehensive display interface of the cloud-side platform
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