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Abstract

With the continuous development of edge computing technology, traffic sign detection has become
increasingly important in intelligent transportation systems. However, existing methods still face challenges
such as high model complexity, insufficient small object detection performance, and limited inference
efficiency during edge device deployment. To address these challenges, this paper designs and implements a
lightweight traffic sign detection algorithm suitable for the Atlas 2001 DK platform and constructs a complete
detection system.

This study first analyzes the characteristics of the GTSDB and TT100K datasets, and proposes the RSO-
YOLO algorithm by improving the YOLO network structure specifically for small traffic sign detection. In
terms of model architecture, a multi-level feature fusion mechanism with cross-layer connections is
constructed to effectively enhance the utilization of shallow fine-grained information. A deep downsampling
structure is designed to mitigate feature information loss while reducing resolution. By combining re-
parameterization strategies with large kernel convolution structures, the model's expressive capability is
enhanced and inference efficiency is optimized. Additionally, a channel attention mechanism is introduced
in the neck network to strengthen feature representation capabilities. Second, deployment optimization is
performed for the hardware characteristics of the Atlas 2001 DK platform. Computational overhead is reduced
through parameter re-structuring and batch normalization layer fusion. ARQ and HFMG quantization
algorithms are employed for low-bit representation of weights and activations, while balanced data
preprocessing mitigates the impact of outliers on quantization accuracy. Meanwhile, the AIPP module is
introduced to perform hardware-level optimization of the input data preprocessing process, reducing data
transfer and computational latency. For system implementation, host computer software is designed based on
a multi-threading mechanism to realize functions including model management, video stream processing,
and detection result visualization.

Experimental results demonstrate that on the GTSDB dataset, the RSO-YOLO model achieves a 4.8
percentage point improvement in accuracy compared to the baseline model, and a 7.5 percentage point
improvement on the TT100K dataset, while maintaining low inference latency. After quantization, the model
size is reduced by 66.7% with only a 0.3% accuracy drop, and inference latency is reduced to 27ms.
Combined with AIPP optimization, the overall system latency is further reduced by 6.5ms. With 720P video
stream input, the system achieves a detection frame rate of 27.6 FPS, meeting the requirements of non-
intensive traffic sign detection tasks.

In summary, the RSO-YOLO method proposed in this paper significantly improves small object traffic
sign detection performance while ensuring real-time capability, and achieves efficient edge deployment
through model compression and hardware co-optimization. The research findings provide valuable reference

for the design and implementation of edge intelligent vision systems.

Key words: Traffic sign detection; Edge computing; Deep learning; Model quantization; YOLO algorithm
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1.1 fAIREEMNENX

1.1.1 ARE=

UTAER, A ST ACRERE I AR ANHLZh R B, A BRIE PR A E 1) R H 2 S
FR A 5 P AEZH 40 (World Health Organization, WHO) FIEUE, ZH240H 119 I AT
EE @, XK EER TR —. FEEAMA LR R RYEE, H
I JC IR A @ Pk . AR4E B K Seit /s, #2024 4F BRAE, FEL
HELA B O 4.4 12512, 3iTEBRASEE ) E K. 1B S B R A 2023 24
AR R IR, X T A R N AL ME IR T, RS B R IS B A /N IR 2 A 2R T
1277 6Bl ARIIX—Hkik, S EBUGEEERERSER AN KE. B 2011 i,
HERGSE G T — R A B ARG BRI, xR, BTALY
R AN T SREHLAR o () A2 i br A M AR H ARG 2] 7 s K e

YE N EACIE R4t (Intelligent Transportation System, ITS) VI Bl i 7, 22
TE AR AT AN AR AE S el B 2 Ve L 98D 28 38 ST TH R 35 A R B E B R .
AC AR SRR 7] R St et H 20 M\ E - BRSO ok AR % 2R A8l AR S,
20 By E B Bk R AL AR L R BT R OUE EL, AT KR AR ARG A2 38 XU
SR, TR s E RN BRI 2N DL RS R A5, SR ey AR (1 5
T 25 Aan U A7 2R T i 1 22 PR AR

T eAE, BT UREESE ) B ARR AL, JEHSE YOLO (You Only Look Once)
FVEE, FEAS bR SRS R T BRI RE . YOLO By DL iy R0 SR B Bk )
ZERFNSEIT AN PR RE FT, BN T A IEAR BRI FE A (ER IR e 5 R IR R A ) Y
e EIR M N BN GRS SR NP 2T (7 = = e/t N MU G 8 R i e Y L

N TR BRI, ARG N RS bR SRR SR A TR R . &t
RN HR A BRAT 55 T B2 TN 2%, AT 25 Jl D B AE S 3R, 3 /e R G
PR RE, (A G R R A 2 e . FEAC AR EAT ISR, TS E R T &
A HSCILE PR SR AR A SE R IR, O H BN A BN REACHE R G K SR ok
AL S E R
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1.12 fAREX

BTG S ASE bR SR I R Sy it BT B ISR SN A . IX TR 7
A DA B BRATIIT 3 B 2 4 R RE M TE AT . 5, B RENE KOKIR R i 2
i PRI AR S R RSB AR S, ARG AT DL SRR 2 B G R T g DL, LR R
L AEATEERE G, A ROR AR A T SNSRI, X
RGE TS 7RI BRI, N e i iR s Eagdm A . Hax, X
WU FEHERN T S BRI SURII N o« 5SRO, 150150k
Hs A B AR B A STy, XA RE NS B PRI AL S L, JERE TR 2% 17 B
e AN RGIRCR o AEASIE bR AT MIXAE 75 BRI SN (375 rh, IS R IT
VAL ETE

1.2 ERSMAZIIA

AZIE b A I R R REACIE R G H SN S B EOR TP RSB AL B o o TR, BEE A
THEREBOR M PR & e, AZIE bR A I GBS 7 B o AR =T 207 T xt
AR BRI FE R FEDUIRHEAT £738

1.2.1 ETFHEZF IR EBEFRERNEEL

FHARA 7t 32 E A A R F AR G L8 5 21 7 B AT 28 @b SR HLEs 2] 128 I8
o BRI S — MRS G EAT TIAR BE, AW RIsE o s SR SR SR URHIE, & FH R
e RS E R el 22548, w3 FrEAMNL (Support Vector Machine,
SVM). k-1r4R (k-Nearest Neighbor, k-NN) BRI SE, XTHEIAVRHMER#IT 0I5, M
TSR3 AZ 18 A 75 AT MU AR o A8 St LA 25 21 7 VR AE A T AR R A I AT R ) AT AR 4%
HEEEM, FERETETIEA RN T.

Sugiharto 1 Harjoko®™ &t T —Fh%54 HOG (Histogram of Oriented Gradient) F1
PHOG (Pyramid Histogram of Oriented Gradient) FF{ERI 1%, FFELE T SVM Al k-NN
S RESIPERE ABAT AR 5T R B, HOGHSVM & TER IIAERA 3 R DU AE, 155 82.01%,
1] PHOG+k-NN 41L&t B HH AL E I HERBTE(81.19%) . X — ST i7R 1 RFIESR I 125
RAIEFEE LN, NES S T . EM IR A, FEMFERRZER
2% R AL R AN 2 SRR o IR S NPHR Y T — R B AR R X 38 (MSERs A SVM
(RS 3B b BT 7k . 1% 7 1B 4k Gabor JE Y% #3580 (5 B, FIF MSERs 5.y
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PERAERE X I, FR45 G HOG FFIERT SVM 3 2K 84T IR - 1IX P J5 74 4E GTSDB Al CSTD
Bl AT 7 RAFEORIITERE, SR T 2 A EIRRE B0V ). Li S8 AUt — Dt
THHERES OREFE, $RE T — T E DT BN HOG R AERG J7 5. fATels:
HiffF PCA (Principal Component Analysis)Pf4EF AR RS = A FFE &, 9> T it
R IR BEANIN A A o X FhJT2:4E GTSRB 4 5B 1 99.99% HIHEmh %, AR0E EIHR
AL PRI (A Ty 16.91 228D, REIRE T bR B R AERPEA S . Wang!! i)
FREET FHREMMINLE S ) K88 . @IS L SVML MLP (Multilayer Perceptron)fil LR
(Logistic Regression){EAZIHFRE ;I IIPERE, KT SVM 78R A M) 73 2848 3= 0
. AN, BFFTIE R I R R B TAL BERE 2 32 5 = 7 SRR &, XN R SRl Fude it 1
A AE B AR 1 BT AS 8 AR 25 R H 0 ROBE A i A8 4k 7/, Yazdan 1 Varshosaz!'?!
Sett T — M ITE . TR S A RUR R G A Sl AR BRI IESSAL AL, THBRIEL L
R PRI EERE o XA AN TR RS @R SRS EUR, WU REAEAAE R A
Jretee AR 1% LN HEAT HERR U0 R R I HET 3R i 21 93.1%, HARGEITIEARTT T 4.9%.

B IR L5 I BRI R R, W A8 THIR R B AR Gl L% 7 2 TR S IR L 2 S BOR
255 14T Kerim A1 Efel S H 7 —Foli B EOR R AR & N T2 M 25 (ANND B,
A 14 GTSRB ##li £ A1 TSRD &3, H@d Fnl & It MREEATR L, Ald 17—
MR NGB E . AT R RS ANN BRLEE T 9 FORRIM T, 2530
2 T8 . HOG M1 LBP (Local Binary Pattern)f54iF, it 22 $if% S R34 Tl 45
o XFRIELEFTE H PIEARE FIA BT 95%1) top-2 7 KRR, SRR TIRAEE
Sy KU IETT I I ). B AT S HE— 2D AR R T S8 S IR HOARFAAE 2 T 07y SRS .
Khalid 25 AU H 7 — 2 TR S RHMERCE A L @bn SN T, B 7T
FFRTIREL . Zhou F TianUFR T — M T 2445721 (MKL) KIZZEFRE R B T7
1% (MKL-SING) . 1% J7 VAR H ) NN 2Rt 7 ST LA AL &, e T AR 57k
W IR R A L B ZE-E B0 TRARMSESE 2 FiRFiE, MKL-SING J77%
BB T A IEAR AR HER RS % . Chaghazardi 55 AP 58 1% — 43y
KT HTHIAA, BRI T2 AR HE R 5 B e AN R R T T

BT HLES 7 2T I A8 8 bm A I SRR A 7 2 I tH AN B — AR R A 23 2848 1m) 22 R AR R 5
TR AR DA R 5 B IR 5 SRR o W R A TN R 2R AR RS2 U7V 70283
I RIS TR it 52 AR, DS SIE R 22 38 37 55 v B 5 Ak, o R AR A RUBE A i 38 4k
P RS A ) R . B LA S ST W T VAL A AR S A AR T 55 TR AR TR R,
{BIX L7y T T A WTHRE, XA GIE R IR E 2 st KT A A A5 B
110 HAE AL B R RS HE AN B kI e n] BE 2 B BIVE AT . IX 2L PRI 0T 7N D e
1) B i KRR B 2 1 5%, A3 KB i AR B AN BE A 72 AL
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1.2.2 EFREZ IR BIRERNE L

FHEC TAE SN 2 2 71, B TR B 5 ) WA il b Skl BE 2 E 3025 TR AR
BT, AT LLEE S AG G 2 v 2 2] B NS i R FHER 78« X RITVEAE
FRHZ M 4% (Convolutional Neural Networks, CNN) 2575 & 27 SR R/ N T L H 2% 5
T I 3 R AR 18 ) DX 24 G A 3R AT 23 SR Bl B, DT SEIAZ A7 25 A4S DU AT R ) o
BEE VR 2 ST AR PG R R, RFl 2 CNN ZETHENL AT 5 R RTINS FIR
J5£ 2 ) () AL 3 b b Aar ) 503 o S R T W) H T 9 32 B R A N 2 5 A AR
v FERINUEINH . A EARKI . SRIAEGERN . K77 ] AR RS T T

TEM 28 AR TT T, YOLO F 41 503k R H: iy R S i 14 R O 7 74 i s Sun 55
ANWHEH LLTH-YOLOVS Hi%, SxHiotig st s 70k, it 51 N2 R ARG 58
%% . BIFPN AT Transformer MUk, g m TAOEHEE N R NITER 2 . Zhou
g NUSIEEF YOLOVS 2 H! MixChannel YOLO #.3%, 5| AJR &l iE = AHLHIFI Slim-
Neck 45t), #&m 7 EAR AR I AT AL . Zhao 55 APHE H YOLO-FLC &Hi%, 18
it FasterNet Block. RepConv 454 F1 EMA VER JJHLH LI 7 BRI, mRIEEA
ROIE YOLOvV8n F:4ili 3 Faster-YOLOVS, KH] C2f-Faster HitR{LIL & 454y, 2%
> T ZEEAEI RN

B YOLO b, BFSEEIEIRER T HABMEE L5 . Chen S5 NPUHR Y T 454 CNN fllZ
JREE Transformer 2 B 22 S HESE . Wang 45 NP2 DK-Former #:7, 25545510
BLE B HRFAEF] Transformer LAY, [RIN 3R R A 4 RRFE . Mingwin 8 NPHEZR T
¥4 Vision Transformers (ViT) N A T3Z R ERAHE 77, #&H T 8 EATFormer 42
¥o Padhy S5 NPUERH T3 T 00dE LeNet-5 B AR 25 11 B ) A2 18 AR &R ) 5 70 5
A, G BRI RRAESE ORI EOE R SEEOR, 7E GTSRB ##E 4 ik H] 1 99.84%
[P 2

R INUHIFE SR S AR SR IIE R T T R ¥ 7 HEAEH . An S APHRE 7T
IR B AU ) AT AR AR AL, Bt 1 P S R RS s AN B R D
R, S AR JIPO7E YOLOVS 24l = 5] A\ Bi-level Routing Attention (BRA) JE& JJ#l
i), BGER L0/ HFR R ERE /7. Shi 8 ANRPTIE AAMNet 2238 bR 25 S5 73 1 00 4 ik
1t 7 Adaptive Focus Localizer Head, 071838 ¥ & /1. Ding®8 &t 7 et 1) YOLO-
PAN 5%, 51\ LSKA JH & Jibll.

/N E ARSI — B A I bR A A K HME S . Tian 55 A& HH OFFR-YOLO #54Y,
51\ SOloU 1k ik ¥ 1 SOPANet #5425 & W45, 42w/ HAskar B . Mahaur 55 AP0
et IS-YOLOvS #Y, L 2HIR W] 70 B G NI R 0 3REh 250 CSP B, B3R
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T/ BARRIRT IR FE A RS . 3 A8 NPUSGEE YOLOVS Bk, i i 3G 8T s 2 1t
ARG NAT 22 S 1) EE MAE, 320 1 /N H PRS2 B4 DURS B2

BEXTE ISR N A AR EAT I ), SR EEE S AN B2HEH CF-YOLO Rz, %
TH T T I g SR g0 ) B & R A R T B, Fe i T 55 5 PR b A an i
F1o TS NP Retinex-Gamma-Mask R-CNN 57k, £85I R HL 5 Mask
R-CNN, AT 7 B AR T A 585 1 RE .

T KRS, Gao 5 ANPWREH T T B JIRE M5 Z 4 softmax (ASEFR
BRI Guo 55 NP HHBR FE B~ A7 38l AR £ iR (GRTR) 773, SIARREE P
LA A B IR, G R R T A1 0] R

NPE ANz AR T, W FEE R T 2 R R A R R R . 2R R AN S A\ 6
PRI T ONFEAR IENIfL Faster R-CNN 505, Gl A2 Bof A i B9 D AR 0 Sk 1 5 )|
SRS . Lim S APHEH 745G Ml B B AR B2 ST i, @i 2 B SRR R
fe IR R I A B P . Kumaravel 55 NPSSGHE TR IR B2 2% ) BOEE B3 B B4R
AC AR BB R S8, A Pelican Optimization Algorithm  (POA) FI Cuckoo
Search Algorithm (CSA) X} YOLOv5 Al Faster R-CNN &5 R AT A0 4K

LA, B3R E B K B3 R A EAR &, WA N . Waziry 5 ANBPFHIER
07V, RN SR ALE B T - H AR @ AR B 2R S . Manocha 55 A MOV 586 [E <2 18
PRETF R 7B TR FE 2 S A IS A, 78 55 % 22 7% (1) % A 458 v SR 30 L 20 v DS W A
AN

SO HET IR LS 2] ) AS bR SR RIS T B gk, (BTG THE 2 28 FE
TE BB 2 PR B0 2 % |30 R e kR o« AR 98 A BUOR R AT E 14 25 1 3R 135
RO B B AT AT B bR BRI L, U Padaria 25 N FUEE H 38 - 40 1 27 3] R 2
YR AEIbRE S KITIE, T B 305 B DR A A8 3 AR 5 TR0 T T B AR A AL
[ SR AL 13 ) SR

VR 2 SRS 1@ bR BRI VLA 7T BRI 2 et R et s, TE3E mka IS 5 AN
FEM RN, WS IoCERE RN R B BRI SEbR R R RE . KRR TT M AT e 2= 5
I0yF B SVEAE 4 SiPrig s G Ve . SIS M IS G, DL A R g
LIRS IR ERER . IR, REZ B AT S RS, RIS R i 21k
2 b AT R TRT I AR X 25 1) o T ek SR A AT 0 N SRR R AR AE D G i SR A B = Rk
i F 2 RS AT A AR A I B

1.2.3 1St BB AR SN 8 R A BR

G FAR N — PR T FAE S 2 m e 7 B AT G RIHOR, i oRR B 5 S A Y
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TE VIR A2 BRIAEE T A0 25 1) AL T A0 B % . FEASIE AR BRI AT, 1S5 B
FEW AR R 45 A I R AR, DUE CRUEAT IS FE R [F]I, BRATH S
FEFIHEFE -

Fang 25 NP2 T #2820 4% MicronNet-BF F T 32 br &0 2. Z M5 imd fh &
IR 53 BS B ARSI , A 2R AR T B8 55 2% B2, 7F GTSRB 4 Fik 3] 7 99.38%
HIHERAAR, ACBREF RO 1.41 B0 X —8F 0N 5 SEAEL W& B30 m RS il bR A
R BEE | 2Rl . Wang 558 NITFR T RN A @b & B R % (VATSD) . 18
I A AE S U R AN 5] N BG4, W5 1 /NS AR & A I s 14 - 1%
RGLAE Jetson Xavier NX V& FSEHLT 21.6 FPS [SE AR, R 71O AL
PR R g 5k B AR NBIRIR A5 45 NP1 500%F YOLOvSs B EAT T etk 5k B5%
NGINTHEZEIIHLE] (CBAM Al CA ffi&) 1 FPGM BURCEOAR, KRR K/ 46 2
0.54MB, 1t Jetson Nano Fik#| 21 M/t il s iz . kA58 NNIfk& T Transformer Al
o) PANet, 1 Jetson AGX Xavier V-5 ESZHL T 76FPS (IR MRS o 1X P TiUAF 75 #1
FELRFFERSE MRS P2 () RN, B35 PRAC TR AR BE, Nih Gk ss B SEi i bR &
REERAL T RIATRR R T % UGS NFOSE T X0dE CenterNet fAS i@ A kil % . 18
151N ResNeSt50 1Ry EF M2, Beit 2 RS RS2 BP BT HRANRRAE 1S s B, I ek i 2k
PR, AL CRUEA IS FE (Y [RIR, SEI 780 91.09 Mty Sk, A H 3h 2 gk
sy 2 bR E R AER M T SO BRI SR AL T FCOS Bkde 1 Btk i 28 i@ b
BRI W5 NER I CBAM. Swish 0% BREUR 52 B 2% 2 R ERHER A,
£ TT100K $#E4E 50l T 83.2%01) Fl-measure A1 24.39FPS (WSS, L0IF T 5H9%
RN G A LA AT, Jayasinghe 55 NSRS T 7E i A 20 R G H 5230 SE A2 i@ A% & A1
AT R R 77V o AATTER T — b TR P 5 >0 1) o 1 i A U AE SR, i1 TensorRT 418
e, 35 Robot Operating System (ROS) £E1%,, #Z&1E Nvidia Jetson AGX Xavier
KA B ZRGELI T 63 MITEAP IR AL,  FFREEE N AS [ R UG IE 2%
TEHIERAR, BoR TG BAER RIER S Sh N HTE JT .

G FAESCIEAR SR o (8L 32 R AR TR Bl L BT s A R Gt 4 i S
J7THl o IXEETH 5T N AE TR A2 BRI S e 46 SR s Semy i AS Il AR SR S it 1 2
SCRF, HEF) TR RS IE RGN H B BRI R . SR, WA e — D R m R R R
) [E IS R RFAE A 1R A2 B A RN SIZIN 8, AT AR SR 9 7 R B2 T E B 7 )

1.3 @RS MR AR R E =

AZIEAR SR AR W BT T 25 22 75 1] AR AR ., X s AN S R 2= T
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AL A S B L P 2 R R L

SORMABET IR R Wl 1-1 foR, SCEbR SR TR 2R T, X
R RGUHR T ERBRR. H eI, AR A, RAEMET, frdnlhe
IO . RO EE RS DL, P BRI HERA I o FL UG A 1),
PRSI REB A, SR B A A2 3030 70 B8 A4S, 90 TR . S AR
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