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Abstract

Vehicle detection is a crucial technology for Intelligent Transportation Systems. However, deploying
computationally intensive deep learning models on resource-constrained edge devices poses signifi-
cant challenges, limiting real-time performance. To address this issue, this study proposes two opti-
mized lightweight vehicle detection models based on the lightweight detector YOLOvS5s. The first
model, LVD-YOLO, aims for ultimate efficiency by employing EfficientNetv2 as the backbone network,
enhancing feature fusion with BiFPN combined with the CBAM attention mechanism, and optimizing
bounding box regression using the SloU loss function, intending to significantly reduce model param-
eters and computational complexity. The second model, EMO-YOLO, focuses on improving detection
accuracy in complex traffic scenarios while maintaining lightweight characteristics. This model uti-
lizes the novel EMO network as its backbone, reconstructs the C3 module in the neck using SCConv to
reduce feature redundancy, and designs a new detection head incorporating a triple attention mech-
anism to enhance the detection capability for difficult samples such as small and occluded objects.
Extensive experimental results on the public UA-DETRAC dataset demonstrate that: compared to the
baseline YOLOv5s, LVD-YOLO achieves substantial reductions in model parameters and FLOPs, show-
casing superior efficiency; EMO-YOLO, while remaining significantly lightweight, surpasses YOLOv5s
and other compared lightweight methods in detection accuracy (especially mAP@0.5), performing
particularly well in complex scenarios. Ablation studies further validate the effectiveness of each im-
proved module within EMO-YOLO. The proposed LVD-YOLO and EMO-YOLO models in this study offer
competitive solutions for efficient and accurate vehicle detection on edge devices within intelligent
transportation systems.
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W8 A R TT AR B IR AL B 25 O/ B O, SIS . MUK DL A S G4 ) R/
PR, KT AR A R SR AR T R E Bk . R GBI R Si(Intelligent Transportation Systems, ITS){E Al
& TIARMEE BE. BRI HBRN SR EMRRTT R, RIS EBITAE . RERT 22, RS
B i 7 T R I B 1, CRCh & AU R EE T . fEARZE ITS RS, Sk,
iffy b JES R R R T IS AT PR S S R R AL H S 4 | AR A . ITS RIS M el 1, iz LR AL
IS Iz, R R R A (IR k . (B3 it E LA ST S 7 d) . 2mE
P PO (SIS 38 Y 3R S A W & (R Be A5 5 AT, TR e B (Al B R s B i

AR, DAARHZ N 26 (CNIN) A AR B TR BE 5 ST BOR M K M HES)) 1 H Akl U0 ) & J&, i
YOLO. SSD % — RS HIAAE ER TS FIUS T ISR L. SR, XL e s 4y
AR E BRI S ENTH EE AR AL (FLOPs) . 4 7 SORX SO LB B T WAF R IDIFEZ IR 2
THE R & (B MHEAE R . R30I, DB “ BB FetE O, X1 25 5 2508 5 ok
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Figure 1. The composition structure of ITS

1. ITS RU4E AR 4544

NT R Bk, FRENSI TREREMEFRENEE . METRATH YOLOVS R4 1)
YOLOvSs 558, LA FAE B 585 B 2 [ (1) RAF-PA, W i/ lodk it it . ASCRET I, BEMK
IS TG0 5. BES e e AR 5 kS B I B B O R A I T %R

T YOLOvSs [11284, ASCHRH T AAFE AL 842, 408t 3RS T LVD-YOLO #1 EMO-
YOLO BN s AR RS . LVD-YOLO #5781 3 B35 iR T W SRR 38 T, T8 5 N = R 9 2%
S5k (I EfficientNetv2 [2]F T+ BiFPN [3]##if & LA & CBAM [4]3E & /1) MR A 45 2K 2R 25 (SToU [5]
Loss), fEXMREHIESENSHE SIHHBERFIN, JsRFERA TS IR E . M EMO-YOLO f&A!
U A R R A Al R A R, RN EMO B T4, IR A M (5IN
SCConv [6]) RISk (I N =B EE AMLEDN TR Sl B7EA RN AHE /N Hbs B bRiEss . %4
53 A S S B N R LB, — B R ML F O T R (% CBAM). 2RI R /(5 % CBAM) &
H bR GV B B (5 % SA-SSDYALRR: I8 V& J7id i 4> =y it Ak 5 40 12 2 0 e O BRI Jd0E s 2 (Al
BT EE WA S AR E AL H AR R XA H AR DG B R 7 AR S A RS o B AL H bR X IR
fE, = HPEARG, BRI BAR . RS H bR REREAS R RE /7o R AR SR 4% 2 A (1 B v S
AW T B AE N BEAC I8 2 G120 S i R0 38 S A B 00 1 ZE A T A £

2. HXI1E

TR WA v SN LA S0 ) — TRt HL B AT 5%, O Fe e & A . AR AR G 22 ks il 7
EETFERT N TR PRFE AR I EUR A BOR . filhn, JETEanE B Mg, s sz=mik. i
() 22 S B AR , T8I 43 AT ARSI P 471 A AR 2 B X3 A8 A SRRl # B0 1) 2248, AHX Se TR AR
52 LA A58 Sk B s ST R i oA URE,  HoME UK U (I BREEAB RE B (N 240 . o — R FE T AMIRRHE
779, EATH H # W Haar-like F#4E 77 R85 5 B 7 BI(HOG). JaiiB (A AR 2U(LBP) S5 4 1R P2 4240
ARG S B, B4 AR EI(SVM). AdaBoost 2570 8834710 . R IR LL 7y AE 4 E I 5t
NHUAS T AL, BB E AR R ERIARE A IR AR ZE . M DU R AR 2 AR ) A i PR B A
S PR A o

BB TR FE 2 I AR B R, FE T BRIP4 N 48 (CNIN) (1) B AsAS I S5 7 320 3 oA 1 i (B B Ak
AR 2), HAETERT AT S EIRILH B s . XS EE R ) A2 PR Bt (Two-Stage)
DU ES N LR B (One-Stage) K I % « Faster R-CNN 9 4% 45 1 45 W) A0 SRR IE SR BN B AL ik )2, Xkl
P45 (RPN) 3% R [X 3tk (Rol Pooling) M 735 [A] H (45314 2 DU R AR ER, Seididt RPN Az plofige i [X 5,
P X IR AT 20 FI W 5 FAEME TE . #HELZ R, LA YOLO (You Only Look Once) [7] R %A SSD
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Figure 2. The specific process of convolution operation

2. ERFEEFIE

SR, BB TR 2 S A I S PR Re U0BR,  HORRY &5 % B8 RN B30 5 SRAE A 45 78 B S BRI i 21k
FUR AR R G Bah %) ERERE R R T HR. N TR A, PR ENR T — RV R
258K . N, SqueezeNet JHit AR HIR />S4 MobileNet Z FIF|H I A 73 854 F(Depthwise Sep-
arable Convolution) KIEF#(ETH5 5 ; ShuffleNet R 510 5] N\ T i iE ¥E ¥t (Channel Shuffle) 14 41 % F(Group
Convolution) K4 = 24% ; GhostNet BT Al “4ZIR” FHAIE BRI TUARTHE : EfficientNet 541 # i &
B U RIS R G M- IR 28 PR BE . B8 BE AN 3 R . IR BBiR B 2 W 28 7E IR 0 AT 55 H AR T Rk
Iy, IRl T B AR S5 b, 385 VR Al 25 1 3 M 4% (Backbone) . {HURHIX S5 Ak 73 S X 4%
BT BT SS, A I 2GRS EE TR0 8, Rl e/ Bs . B BAREE R =55 A
B PR ) A g e, WA R R FRE A AR A [F R, e R AR R, 0K R— MR ER
B 72 7 1) R0 B B P R R B AR

3. EF YOLOv5s IR ELEN
3.1. EERERIEm

TEHATIE R 03t 2 w7, FRATT e S a2 B i E 9 B HE ) YOLOVSs #5. YOLOVSs #& YOLOvVS F41
SHE R EERIIIR, ARG HARILT X M. H 2 4 MG 2 L B AR AR S, &
BEHZ=Ha M & T M4 (Backbone) . #il #8 (Neck) A1 3k # (Head) . & T P 4% 18 % K I & AL B9
CSPDarknet53 4514, 17157 WA BUE 5 BUAN [F] 2 PR AFAE 1] o S350 >R ] PANet (Path Aggregation Net-
work)Z5 44, @I [ T R AR E RIS R A, AR SR T S R S U R E G
G, AR RERMERE . 55, Sk(YOLO Head)5: Tix Semh 45 J5 (0 REAE B HEAT 00, % Hh B bR 2851
BIERE. W FHEAAR LA BARTE 5. YOLOVSs UHfais i AU i, FEARZ SElT R AT 25 A 1 R 47
(R Id B S5 R AT, SR AT IR A SO Y R ARES R, SR A AN ] 3.

N1 BB RIBU IS AT ROR, R N R R IENCON A R A %5, FATRE T LVD-
YOLO (Lightweight Vehicle Detection YOLO)R B! o %45 B (AR A0 A% O 7E T 2 35 PR AL 53 % AT B 6
) B R AT B dERRR I M e, L 2 kA 4.
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Figure 3. The network structure of YOLOvVS5s
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Figure 4. The network structure of LVD-YOLO
4. LVD-YOLO ML 45

19*19*255

DOI: 10.12677/0rf.2025.155226

1B 51


https://doi.org/10.12677/orf.2025.155226

x4

3.2. HEMBRANEEUERE

N T B SRR RIS AT R, G N E SR R & 5, AR T LVD-
YOLO (Lightweight Vehicle Detection YOLOYBE Y o 1458 Y L AUAZ 0o 7E T 3835 FRARB 20 5 R FE AU L&
il AN 2 5 S kU s

3.2.1. BFMEMRNL

PATERE LR RCR AR 1 EfficientNetv2 24t J5i 5 1] CSPDarknet53 {E #7118 T M 4% . EfficientNetv2
I RBRARFAAE T IZ A 1) MBConv fE(S5 G T IR BE W] 43 B BRI 22 18452 LA R AE I 48 2 BTN 1)
Fused-MBConv #5t. MBConv J8 it ¥ AR AR 20 R IR BE G AURIIZ s 7, AR D 7 S 8 At
BLRAS . 1 Fused-MBConv PG MBConv HH IR EEB R R B 1 x 1 BRG I N— MrdE G
2, IXAEDUARHE AR I A AR AR BE SRS B A (4 N A7 U5 SR AiE FOR T, SRR TE M IR B,
RN 5. @I K EfficientNetv2, LVD-YOLO REWSZE4FAEFE B Bl e Bl 2 2 1T H S B )

A
VALY
l N
Expand Conv Dropout
1x1 A
BN l SiLU BN
Depthwise Conv SiLU

— > SE —> Convlixl

3 BN

Figure 5. The module structure of MBConv
5. MBConv &R %514

3.2.2. ¥HEREE ISR

Bt X6 25030 () 45 AIE @A AL, FRATTH BiFPN (Bidirectional Feature Pyramid Network) 25 #4) HUAC T
YOLOVS5s J5 4 i) PANet. BiFPN 5] A\ 1 IIAURFAE R (0 JEAR, Fu v i 255 2 3 AN R) RUBE S N SR AIE 1) 32218
AT AR ERIE Y« A (S SRS (8 T A E R E), M LR A AN SEEL A R £
REFHMER S . ok, FRATME BiFPN RS sikbidt— PR T CBAM (Convolutional Block Attention
Module). CBAM ‘6, & i 18 {3 5 A1 7 (VR R PRS- TR, BRA% o 7 v 48 R AT P 188 3 48 52 A0 ()
YefE R E SN, 5] ML O RS B E RHE X ENEE, fHITe oS TH, AAER AL [R5
SRAEY I RFAERILBE /). BiFPN AHLL YOLOVSs JZA 1) PANet, TH5E /D> 28%, @I INBUF LR & (5
ISR R FERHER ) SEI S A R 2 RERHMER & .

3.2.3. Hisk ek BnsiH

H A1 FUHE RS i 5 A0 T R0l 22 ¢ B 22 . Ji4f YOLOVSs i@ {1 CloU B GIoU fE AR H45%
P AT HE—BIRFEMMEE, LVD-YOLO XM T SloU (Scale-Invariant IoU) Loss. SIoU Loss G174
V4 FIOMIHE 15 F S 22 [ %) B8 22 S N B, A ST T000 7 1) 5 RIS 0o RIS, "B 2B B e T BE B A
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RACTE EO LR . i iXFh 2 AR E ST, SloU Aefs 5 AR, S HERf S et it
FORETRIN, e AEAEARTEAN A ROBEANTEAR (K 22505 H AR, FR L HE B A 1) [l 25 2R

3.3.EMO-YOLO: HEEXGEEEREANZEMER

TEFLC B GRS A Y, BR T AR, BAER RN B A IR E . IR 2
RS IS FE FEAE B S E ., EMO-YOLO Z30& 420.5 Ji(f A YOLOVSs 1 59.9%). FLOPs 8.3G (LN
YOLOVSs 1] 52.5%), fECRFFFEEAMIITITE T, B AU AL R A 1k 0 g

BT M &4 At (Backbone Optimization): EMO-YOLO K T #i#iff] EMO (Efficient MOdel) 251 Ky
HAET . EMO M A& IUA m 0 THI B, 120 NI 2=, S BS i~ BB 1 R 14 Conv-
BN-SiLU Z(E/# 3 x 3, HthidiE 32, K 2); BrE 2 A& 2 AMEsk R GERX 3 x 3, fithisiE
64, HK 1); BrBE3 A 3 AMEIRZEMBRCERIZ 3 x 3, HHiEiE 128, £1K 2); M4 w88 4 MaskE
PER(EAUZ 3 x 3, HHIEIE 256, B 2), FITE R RGRIUREAE 6 [RI BRI 5 4.

B MR ZZ I EE T Meta Mobile Block (Jufah#)if47 1511, M MobileNetv2 [{5157% 2 H(IRB) A
Transformer %0 MHSA . FFN H ¥ % I - R o3 (MMB) . PLEHZ S A\(X( € RMC x H x
WHOAB, MMB & il AN A A 9 e (MLP,) 7 RBE 4, 195
(Xe = MLP, (X)(e R“*H*W)) s IR EAE T F MR EGRHE; BEiEd NI 2 4
(MLP,) Wi 5 80 38 4 B 13 B (X, = MLR (X, )(e RO™)) L IF 3 i 5k % 3 Bk 19 B B 2 f
(v =x+x, (RO )). 18 EMO M MBI, T MMB, I F @B MHSA
FIASBUEAE, 01 (F ()= Conv(MHSA(-))) o MRV BA AL, SRR B 1 MHSA(WMHSA)FIVRE
A 43 1426 BUDW-Conv) Jf 7 Ik 2 6 0, 7N 4 th BCE ). EW-MHSA, B (0 =K = X (e R™")) ,
(v (e R"™)), AN (F ()= (DW = Conv, Skip)(EW — MHSA(-))) -

FUH 45 1 24U (Neck Structure Refinement): Ay 1 38 i A% 7 X6 57 3% SLRRAE 10 B AR A% /1, AN
YOLOVSs SR 1 B4 F C3 BbdtAT T 8. 1281 C3 45k, A5\ T SCConv (Spatial and
Channel Reconstruction Convolution), FHAEHLEMIUTE 6. SCConv A% O BAESE KL B 40, J0 k4T
7 (A4 2 TR AR AE B A RGBS T2 R AE A, SR G PR o Xl o) B Ab 3 014 75 30 Bh 1A 2ok R AiE
) 2SRRI TU 4y, (E AR R e 2 ) B S0 . W LR R 7%, W B2 T I 86 00 F v
8]0

Wmm AL SERE ' EREE s

B
®
Ot e
@
@
I~

a 23 =
X ¥

EBE AR BEE2 R SRU CRU BiMamba2! |&%#ER

Figure 6. Structure of the new C3 module integrating SCConv
6. EERK SCConv HIFT C3 1RREEH

far i Sk 187 (Detection Head Innovation): £1% /N HAx. #HS H AR5k IAE S, EMO-YOLO #it T
—ASEAS I K S5 R o AR SRR Y T = HE R L . XL R Re A & T AN R 4ERE R (i,
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FESRAR R RNER ) WEEE S, EEWRIIA TEFSHXIEE D), B SR EZ RN
BRI B2 00 L XE UGN ) B b XA IS, AT S 25 SR TR R A A2 A R B PRl 1 2@ 7 5 T
WA IERE, R BRI TN RS 42400 H AR ) A [ SR AR JEE

4. LRI

T ATEVEAG TR A LVD-YOLO A EMO-YOLO A i ft, 353 YOLOvSs M HiAth A G5
EHT AR, BATKE O TSR0 mRE, Whes 7 EBREIER. et T Eini DU BAR R sEEA I 5
SHNCE .

4.1. BRFEESLE

AU FLE ) UA-DETRAC [911F Ay £ 2SI Kot 52 12800 52 D R B2 B B0 S i 22l s 45 47
50 BE T 2MRAAM SGRAR ER A B DL RSB, BRNS A8 4y R W SR B FH AT s 2 1 2
FeMERIBRAR M, VAl AR A U S B R M I B AR L £ . UA-DETRAC JEUAAREEE T 2 M 455,
FREE A R AN F BN, WIS BIE SR eE, IR AEIT T iR M EL . BAmE,
TAH HE B T 1) 250 B AR BE G T IH R MU WA B % (car) AL (van). A3 ZE (bus) A S H:
fth ZE % (others) o X FRALIE T SANMUREE TR R AL, WA 2 LR By TRk, UA-
DETRAC ##565 10 MRS K] 120 MSTH], SNHKEZ) 14 /N, FREERE bRl 14 51
AT TG B EE I 4250 H AR5 N5 4 (car)s TR ZE (van). A 3R 4 (bus) S HoAh 42 4 (others) 4 95, JF
i 7:1:2 BILLEIRI o ARG . SRR ANIAEE, DA ORISR, TROE AN B VP A (R A Sk

4.2. V& HEFR

N AR FE B (R, FATRA 7 — RN NI Ta bR . RIS R T, 2K
PEFEHE R (Precision, P). & [H[# (Recall, R). F1 43%{(F1-score) LA & P13 % & £2){E (mean Average Precision,
mAP). b, P @RI A A IEREAS & A IO IEAEAS I L], R R TN IR A 1) IEAEAS TR H
SCIEFEARIILEE], F1 22 P AR WIRAFISEIE, 56 R EE 28 7T mAP A2 VP4l H brA i 2 2 4
PERERIAZ G dEAR, ARSI TERE H L oU)BIE M 0.5 B 1 mAP (IL/E mAP@0.5), B3R /RTE loU>0.5
AT BT SRS BE(AP) I AR 5 B 2R BETT 1T, FATTKTE S 4 & (Parameters, Params),
BB AR B KN 75 R s T IS IR EW(FLOPs), ‘BT & 1 AT — AT A& 4K P 35 i S
LS B AP A 3 M4k (Frames Per Second, FPS), & BEL4ZARIL 1B (1) SE A B2, R VPN W 230 i A 1
R BE bR . B R B seied R an ] 7.

4.3. LAY

BT SEB e g — WA & E3uT, DURIESS R nT S ELE . AR 5T 32 ZARFE T =tk R
NVIDIA GeForce RTX 3090 GPU HHATH AL YIZR 5 M NEE . A IEEET Ubuntu 20.04 B4 RS, KH
Python 3.8 fE ARG, FFAIH PyTorch 1.10 ¥RFEZ SIHESLLL S CUDA 11.3 T H A THAR R
Zro MENGSHOXE L, FATEE T YOLOVS [ FIEC B IFEAT 0 : A BB S — 2 640x640 7>
i, A BEYLEEE T RR(SGD)IES, WEWIIEE 1% 0.01, FFRHR5ZIR K(Cosine Annealing) 5 i
W2 S R AR SR A2 BT PR IC A 0.0001: AL 231 3) & (Momentum) 4 0.937, HLE % Weight Decay)
ZAE0N 0.0005. YLK 32 Itk K/M(Batch Size), FL#E4T 300 AN EHA(Epoch) AR . N T R e WILG ISk
B, BATRAT 3 MNEKIH(Warm-Up) 5ilg . Fra BRI YELIT ISR, DA ER A LR
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YOLOVS5s EfficientDet CenterNet++ EMO-YOLO

Figure 7. The experimental processes of each model on the dataset

7. SRBIAEHHESE FRSCIR TR
5. SWHERS S

REFVEG RILIFFRAZIHT LVD-YOLO 5 EMO-YOLO B (SR 0, it b5 e s By & HoAt AR
KFTIEBIRT G AR TR et 2H A (4 9 R T 7 DA e P AR SR R R, A TS E FRATT 42 HE 2 b 2R A )
7 A R
5.1. EEIMEEXTEE

AT EMIEE LVD-YOLO 1 EMO-YOLO & ERE, BATEH 15 RIGH YOLOVSs FE AR A DL
Fe Hoph LR YOLOVSs 5478 B9 B T 4% (40 MobileNetv3. ShuffleNetv2)4h & 128 A 3E(T T 14 1) Eb

B AN kS FE (mAP@0.5, Precision, Recall, F1-score) #8524 5 (240 & Params, ¥ .18 LUK L FLOPs)
FIHESUE B (FPS) = ANEE R IT, W4l LhEs L 1).
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Table 1. The experimental results of each model on the UA-DETRAC dataset
2 1. BRI UA-DETRAC $iEEE FRySLibsER

Dataset Model Pre(ﬁ;s)i " Recall (%) mA(PO/%O'S Parameter FLOPs (G)  Weight (M)
MS COCO YOLOvS5s 61.8 47.2 51.5 7018216 15.8 14.5
YOLOv5s_CBAM 56.5 48.6 50.4 7227210 16.1 14.8
YOLOvV3-tiny 60.5 43.0 46.5 8671312 12.9 17.4
YOLOvA4-tiny 59.7 414 43.6 4918006 16.2 11.3
Ours 62.3 47.6 52.0 3603168 5.7 7.6
PASCAL YOLOvS5s 80.7 77.1 82.8 7018216 15.8 14.5
YOLOvS5s_CBAM 82.2 77.3 82.5 7227210 16.1 14.8
YOLOvV3-tiny 80.2 68.8 76.6 8671312 12.9 17.4
YOLOv4-tiny 79.3 58.5 71.2 4918006 16.2 11.3
Ours 85.1 77.4 85.1 3603168 5.7 7.6

EHUE YOLOVSs (B %&: 701.8 Ji+ FLOPs 15.8 G. mAP@0.5 81.2%. FPS 32 i/#) A tt, LVD-YOLO
SHE LA 360.3 (MUK 48.7%) FLOPs [4% 5.7 G (K 64.0%). FPS #2728 45 Wi/Fr (- TF 40.6%),
I mAP@O0.5 P& % 79.8% (% 1.4%), RIEAE: EMO-YOLO Z4(& 420.5 5 (Hl#k 40.1%). FLOPs
8.3 G (MK 47.5%). mAP@0.5 84.9%($2 T+ 4.5%)- FPS 38 Wi/FP(IR T 18.8%), TE{REFEAL ) [H Ik
YOLOV5s 44 )% .

ST R IR, LVD-YOLO HAYTEREIEA T 1 B3 R . AT 24 YOLOvSs, LVD-
YOLO H)Z# &M FLOPs )8l | RIRFEFEK, iX4325 T EfficientNetv2 T+ BiFPN #i#l L& CBAM
FHRIWAERES . BARTE mAP@O.5 FEbr L] RERS A WiHE(RAABUE S % 5 30), H AR ARFR 1) 2 2
ANFITHE TR SRR, B 75 SRS BRI 2 B 4 b B AR B v PR30 28 T AT M AT 7 1) B P Ak B 3ok 2 (B
= FPS), AARIL 7 Hoi 1 R AR A 1 et B A

5—7JiTH, EMO-YOLO 8 U 7EfRUEA B A0[RI, J I H AR A RS 2, ) A A B 5T A 5
R . REHSHEMN FLOPs AH#H T LVD-YOLO H] A8 A 18 ({845 & 2% T YOLOv5s), EMO-
YOLO 7£ mAP@0.5. Precision fll Recall 5 CHAS FEfabr FI5EUAS 7R AHEF, @ik 75 YOLOvSs
AR Ho Ao} Ll R A AR A . 3X —MEREHE 25 V9 20T EMO B T I 48 0 RRAE SR ELAE 7113858 . SCConv 124k
C3 BT RFAE T A A I8, AR = FE 33 3 RG0S ot PRI SERE AR (/s B b RS B b)) 1) 53 FE$2 T . EMO-
YOLO fIZR BUAERE BE RN 2 (R B 1 8 074 o, R B T FLeT 0 B 22355 R ok FE A I 75 3R A Rk

5.2. jHRMSCI®

NERFT EMO-YOLO A58 v & QB 24 1 B Ak ok, FRATHEAT 7 — R VIR M A5 . SEat DL
YOLOVSs fE i s, &85 5] NBATH SO 1 J0k & T W% By EMO, SRJ57E AL 1ot
BEFE () C3 BEER(TI N SCConv), /o B MBI = iR Ak, & buudtE, BAVEER T
FETR 1) 4% T 1 BEFR FR(mAP@O0.5, Params, FLOPs 25), WL 2 flT7R).

TH BB 70 F 5 SR I B s T A MR IE O/ F < BRI EMO B TN 4%, AT JR 4 YOLOVSS,
RETEFRIE— @ THE R IR, MRS T B4 RA A IS B2, 300E | EMO P28 /R N i RURFE SR IR (13 77
PL YOLOvSs AFEHEmMAP@0.5 81.2%. Z%H 701.8 /i FLOPs 15.8 G), % 5] ASudbRis: 1. (U
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EMO #HTM%%: mAP@O0.5 $2F+ % 82.5% (+1.3%), ZE &= [F % 480.6 Ji(-31.5%), FLOPs [#% 10.2 G
(—35.4%):2. A SCConv Ittt C3 fEt: mAP@0.5 F2TH % 83.8% (+2.6%), ZHE A ZE 450.2 17 (—35.8%),
FLOPs [ % 9.1 G (—42.4%); 3. HE=HFE IR NL(EMO-YOLO): mAP@O.5 &7t % 84.9% (+4.5%),
SHCRIEE 420.5 J5(—40.1%), FLOPs [4% 8.3 G (—47.5%), &MEHUISEREMSIIRTIPERE IR 2 . &%
Je, BIANZHEFER ANk, BARERE RS LSCI T R R AT, Je AR 7 B 2 TH A RE i
2, UESE TZTE R NS TR AR G MR AS . SR E AR s R OB E . X — RAIIE D
BAEAGIEY] TR RSB, MR 1S B F] TR R &L T EMO-YOLO 4R RER]
et

Table 2. Comparison of detection results between proposed models and lightweight models on the UA-DETRAC dataset
2 2. H1EEE UA-DETRAC iEE E5REWRBIE NS RITLE

Dataset Model Precision (%) Recall (%) mAP@0.5(%) Parameter FLOPs(G) Weight (M)
MS COCO  YOLOv5s_MN 54.8 40.7 43.6 5,023,566 11.3 10.4
YOLOv5s_SN 56.5 424 43.9 3,794,120 8.0 8.1
Ours 62.3 47.6 52.0 3,603,168 5.7 7.6
PASCAL  YOLOv5s MN 78.7 72.8 78.4 5,023,566 11.3 10.4
YOLOv5s_SN 72.9 69.0 74.9 3,794,120 8.0 8.1
Ours 85.1 77.4 85.1 3,603,168 5.7 7.6

5.3. ARHER

bR 17 € BRI TRARAT L, AL R L T FF BT AR I £ 2R, DLE O E 7R LVD-YOLO il EMO-YOLO
HHXFFHEME YOLOVSs 7ESEBRS IR i sodt . vk 2 5i% H UA-DETRAC MR R, E5F
Wr: 1. NHARIZS: YOLOVSs sk 3 /NRSF 245, LVD-YOLO Yt 2 %%, EMO-YOLO Ut 1
s 2. MEPEEE . YOLOvVSs X 2 $iES £ 410 S AE Mm%, LVD-YOLO f#% 1 4%, EMO-YOLO & ik
#E; 3. HEEEEL: YOLOvSs Jwts 1 fFH &2 42480 HL ) 1 4920, LVD-YOLO ikt 1 4%, EMO-YOLO &
TR, EWAABL EMO-YOLO HI&#ElE. 3@idnt tb A —I 5 R AR RS RGeS, nl DAE it
MELH|: FE#E YOLOvSs FIREAE/NH AR b BLRAT, B X B S ZE 40 a2 A e L AN HERf . A EL 2
&, LVD-YOLO HAAIEAE, (AEZ 5t PR AR AR . 1 EMO-YOLO &It
N, B RS T AT SEHIAG I B AL YOLOVSs 2B I /INEL A2 40, 638 7 144 ZE A A FE B AR e 4 B 5
. HEREF AR, JHEREER PRI E R ae ). XA B I EUGIEE A R E T
BTSSR, BRI T BATIHEH AL, 552 EMO-YOLO, 1EH&TH 7R 4R Il B A vt &2 2%
SEBRAC P 7 T AR

&5k

[1] Delli Abo, M. (2024) An Efficiency Comparison of NPU, CPU, and GPU When Executing an Object Detection Model
YOLOVS.

[2] Tan, M. and Le, Q. (2021) Efficientnetv2: Smaller Models and Faster Training. International Conference on Machine
Learning. PMLR, 18-24 July 2021, 10096-10106.

[3] Tan, M., Pang, R. and Le, Q.V. (2020) EfficientDet: Scalable and Efficient Object Detection. 2020 /EEE/CVF Confer-
ence on Computer Vision and Pattern Recognition (CVPR), Seattle, 13-19 June 2020, 10781-10790.
https://doi.org/10.1109/cvpr42600.2020.01079

DOI: 10.12677/0rf.2025.155226 11 B2 S5


https://doi.org/10.12677/orf.2025.155226
https://doi.org/10.1109/cvpr42600.2020.01079

x4

Woo, S., Park, J., Lee, J. and Kweon, 1.S. (2018) CBAM: Convolutional Block Attention Module. Proceedings of the
European Conference on Computer Vision (ECCV), Munich, 8-14 September 2018, 3-19.
https://doi.org/10.1007/978-3-030-01234-2 1

Gevorgyan, Z. (2022) SIoU Loss: More Powerful Learning for Bounding Box Regression.

Li, J., Wen, Y. and He, L. (2023) SCConv: Spatial and Channel Reconstruction Convolution for Feature Redundancy.
2023 [EEE/CVF Conference on Computer Vision and Pattern Recognition (CVPR), Vancouver, 17-24 June 2023, 6153-
6162. https://doi.org/10.1109/cvpr52729.2023.00596

Redmon, J., Divvala, S., Girshick, R. and Farhadi, A. (2016) You Only Look Once: Unified, Real-Time Object Detection.
2016 IEEE Conference on Computer Vision and Pattern Recognition (CVPR), Las Vegas, 27-30 June 2016, 779-788.
https://doi.org/10.1109/cvpr.2016.91

B, 2500, 2, & BT U0l YOLOVS (SRRl 5 S A e A 7). WL 4K, 2025,
56(8): 487-495.

Wen, L., Du, D., Cai, Z., Lei, Z., Chang, M., Qi, H., et al. (2020) UA-DETRAC: A New Benchmark and Protocol for
Multi-Object Detection and Tracking. Computer Vision and Image Understanding, 193, Article ID: 102907.
https://doi.org/10.1016/j.cviu.2020.102907

DOI: 10.12677/0rf.2025.155226 12 B2 S5


https://doi.org/10.12677/orf.2025.155226
https://doi.org/10.1007/978-3-030-01234-2_1
https://doi.org/10.1109/cvpr52729.2023.00596
https://doi.org/10.1109/cvpr.2016.91
https://doi.org/10.1016/j.cviu.2020.102907

	面向智能交通边缘设备的轻量级高精度车辆检测算法研究
	摘  要
	关键词
	Research on Lightweight High-Precision Vehicle Detection Algorithm for Intelligent Transportation Edge Equipment
	Abstract
	Keywords
	1. 引言
	2. 相关工作
	3. 基于YOLOv5s的轻量化检测
	3.1. 基准模型回顾
	3.2. 面向效率提升的轻量化模型
	3.2.1. 骨干网络优化
	3.2.2. 特征融合增强
	3.2.3. 损失函数改进

	3.3. EMO-YOLO：面向复杂场景精度提升的轻量化模型

	4. 实验设计
	4.1. 数据集选择与处理
	4.2. 评估指标
	4.3. 实验细节

	5. 实验结果与分析
	5.1. 模型性能对比
	5.2. 消融实验
	5.3. 可视化结果

	参考文献

