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Abstract

As the mileage of highways expands rapidly, the automated detection of highway poles has become
a crucial task for the safety inspection and maintenance of intelligent transportation infrastructure.
However, complex highway environments characterized by strong background interference and
significant target scale variations severely limit the accuracy of conventional detection algorithms.
To address these critical engineering challenges, this paper proposes an improved target detection
algorithm based on YOLOVS5, which is of great significance for achieving reliable and real-time high-
way infrastructure monitoring. First, the RepVGG block is integrated into the model architecture
to enhance the extraction of edge and texture features without compromising inference speed
through structural re-parameterization. Subsequently, the Contextual Transformer (CoTAttention)
mechanism is embedded to suppress background noise, and a Bidirectional Feature Pyramid Net-
work (BiFPN) is employed to reconstruct the network’s neck, thereby strengthening multi-scale
feature fusion for distant small-scale targets. Extensive experiments conducted on a self-con-
structed highway pole dataset demonstrate the superiority of the proposed method. Compared
with the original YOLOv5 model, the improved algorithm achieves a 4.7% increase in mean aver-
age precision (mAP@0.5), with precision and recall metrics reaching 88.4% and 85.1%, respec-
tively. Consequently, this research successfully balances high detection accuracy with real-time
efficiency, providing robust technical support and practical engineering value for intelligent in-
spection and safety early warning systems in highway infrastructure.
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2.1. 5|\ RepVGG &k

TE R A H A B, E RT3 T 40 T T K R R
SR P 9 T e — A R, AC7E YOLOVS 31N T RepVGG Hibk,
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PEN G552 HFE SR A B I R, RepVGG T 45 H T S HLIL 1, 6 52 48 o i 7 2
SR BRI MBI U . 7E G R, 5V ORI — L(BN)RIY 3 % 3 BRUZ . #41E BN 2
1 x 1 BBUZLLRALR BN 3, Wesh BISIEEA B 3 x 3 BBUR. B, X HRE R ER
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Figure 1. Structure diagram of RepVGG block
B 1. RepVGG 1RIREEHTE

2.2. CoTAttention ¥

TES R B R A B IR IR T, A H AR BT AR 8 S A A EL BRI B 2 . IbAh, KBS RERRES
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Figure 2. Structural diagram of the CoTAttention module
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Figure 3. Architectural configurations of various prevailing FPN structure
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T N RJEE UE B AR LR E R R R IXCRAE R, 1M BA R AR T AR RERHAE (B b Tz
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Figure 4. Structure of the RCB-YOLOVSs algorithm
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3.2. SLHHRE

Figure 5. Representative images of highway poles under diverse weather and illumination conditions
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3.4. jHE4SELE

NI SO BRI PE RS, KT RepVGG Block #55t. CoTAttention VER: /7ML A1 BiFPN 5k
Xf YOLOvVS Sk g0R, &t 8 HiHmAsEI 7R, IR o PRI EME o A4
B[] ¢ VE VP 8 LRSI 7 SR IMFE bR, THRSLI0 T R X AR WAL 1 AR,

Table 1. Ablation experimental configurations and corresponding outcomes

1. HRLSERECE KA LS

FERE R YOLOV5 RepVGG CoTAttention  BiFPN "% Emar/% #/ms
1 \/ x x x 80.8 83.7 6.8
2 Y Y x x 83.1 87.5 6.2
3 V X V x 82.8 85.3 8.1
4 V x x \ 83.5 85.0 8.4
5 S S Y x 82.2 87.7 7.4
6 \ \ x x/ 81.9 86.5 8.7
7 \ x \/ 82.0 87.2 8.6
8 \ \ \/ 85.1 88.4 7.1

N7 BREEFIEBH 7 FRRE SR

MW 1 HTLAEH, 7F YOLOvS Sk 85| A CoTAttention HlEL BiFPN 4544, MRt T 4 [H%
(R) A1 257 %5 2 ¥ (8 (mAP); SR, 31X L1k RE 48 25t A BE 5 7 IR0 I 28 3R (38 . e ok, [R) IR 48
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CoTAttention ML FI BiFPN &5ty it — D& TACIRGFE, (B RIS (o] it — P e . AHELZ R,
¥ RepVGG BLHLE| N YOLOVS HESE, AU REE S T A BIRAREE, & 8E KT PR LER .

BARME, SHEIEBA 1 (YOLOVS HiR)MEL, S YOLOVS kA RIRSEE T 4.3%, “FYIEE
BIHEmAPYRR T 4.7%, T-FHANGER{UIEIN T 0.3 2. EEERKE, A BERAKEE RT3
JH3hF CoTAttention HLHIAT BIFPN 45 MK, 1 RepVGG HEH NI 2B MR 1 385 HhE = S ML ARs
1IE & 3 W25 5] R IR REIR 39

R, 0 R A B PRSI AEAG AT 55, B YOLOVS SV A IERG RS B L SEEl 1 8 & 48 7t .
3.5. BEERGH S

PR B2 1) SF XK B 3 (E(mAP@O.5)%F L LI 6 Firo o PRFRARVE ) mAP fI 2R 7EIE 4K 200 Y5 5138 T
ék. RCB-YOLOVSs SHi% M mAP@O0.5 i£5] 1 88.4%, MHLT YOLOvSs FELM AL T 83.7%, T+
T 47%. X—RIHERY], ZRERHMERG 5380 SRS, 815 SOk HE Re NS 18 5 AR KT8 B8 2% 1F Al
ANFEFIRES, 0 A 3R S A

100

Emap /%

—— YOLOVSs (mean: 83.7%)
—— RCB-YOLOV5s (mean: 88.4%)

0 50 100 150 200 250 300
Iteration

Figure 6. Comparison of mean Average Precision (mAP@0.5) between the baseline YOLOvVSs and the proposed RCB-
YOLOVS5s

[& 6. YOLOv5s 5 Ef#2 RCB-YOLOv5s B 3%5 B (B (mAP@0.5)%tEL

BIEIR XS WL 7 Brs . Wi FTR, RCB-YOLOVSs 53k i [l A 2Ryl G b7, IR DLl 1
YOLOV5s 5%, FEAE 200 YIERJFZHTIS. RCB-YOLOVSs BiERI A [FIRILF] T 85.1%, HiHLLpiy
1) 80.8% 2Tt | 4.3%. IXEH], k)5 I VL AR SEA SO BRI HARRHE, FUR 1A ARIERS AR T A
LT, MR PR T S BE B/ R ST IR A R

BRSPS A A IR 0 Lt R o R TSI T A MBS 80 RCB-YOLOVSs 55 [ [ 265 28 45 fifr
Hhn, AHHSFRRINE IR 6.8 ms BRI ANZE 7.1 ms ((FEK T 0.3 ms), X FEEIHIHT RepVGG Frith
MM ESEARE ). Bk, ARSCHHREETE BB PRI B A A B R R, AR TR KR T AR 4t
PRPE, SEAH IR RN AR AR ST ) SRR PR

TEPERG I 485 Sk b LI 8 AT 9 FoR .t ATz, RCB-YOLOVSs SRk AEis EAN [F (B B s 1T . 24
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Figure 7. Comparison of recall curves between the baseline YOLOvVSs and the proposed RCB-YOLOVSs
7. YOLOv5s 5 RCB-YOLOvSs BB Bl F gk Xttt
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Figure 8. Qualitative detection results of the baseline YOLOVS5s algorithm
8. YOLOv5s BAMMLER

pillar 0.97

Figure 9. Qualitative detection results of the proposed RCB-YOLOvS5s algorithm
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3.6. NEIBEXIELST 4R

Table 2. Comparative detection results of different algorithms

2. FRIEEMSTELIGMEER

AR "% Emar/% t/ms
ssd 77.5 71.2 33.5
YOLOV3 78.4 77.4 25.8
YOLOv4 78.6 77.1 17.6
YOLOV5 80.8 83.7 6.8
RCB-YOLOVS5s 85.1 88.4 7.1

N T IR O Y YOLOVS BELE i A B RS SEAT A AT 25 G A, AW FEAEAH 5] ) 5
30V & AR T T T X SE . 2 510 AV A S0f ) YOLOVS $i%. SSD. YOLOv3. YOLOv4
DL FEZE YOLOVS . i bl & S L3 2.

MFE 2 AT DLEH, SR YOLOVS kR A BIR(R) 437 L SSD. YOLOV3. YOLOv4 Ff1%:4E YOLOVS
i 7.6%- 6.7%- 6.5%H1 4.3%. AHNHY, P38 BESE (Emar) 73 A2 TH T 17.2%- 11.0%- 11.3%H1 4.7%.
FEHEFR R T7 10, BGdEf) YOLOVS BE R340k I RE R AHLL T SSD. YOLOv3 #1 YOLOv4 435l 17
26.4ms. 18.7 ms A1 10.5 ms; A1, XS T4 YOLOVS, {UIEK [ 0.3 ms.

B ) YOLOVS SHUETE YOLOVS #24k ) 2at 5] AT CoTAttention ML F1 BiFPN &5, X &t
B T B RIS IS 2 REERRG B T, T RIR SR T T e A B LA AR BE o R, AT T Rt
I TR R R T, SRR K. R, [FIRER RepVGG BEHAG R 3T T M 44 1)
HEBLRR, KW 7 A IR TR o X e ek () 2 G A A AT ASF SR U RE SR AH LG J5 4 YOLOVS BB
0.3 ms MM, Rk, 25625 58 Ml A BRI AT 55 () Se it MR, DAACH I3 Rk
MIHEFH EIR 5458, SOHA YOLOVS Hik B T B EMN SN H.

4. &g

BEXT i A PR R B LR AR S, T AARIE RS . SRR B R P AN IR R B LA H
FRETIRE AR GZEE 25/ H AR S IR R S MER, A3CHE YOLOVSs HEZEH1 5] N T RepVGG H SRR
CoTAttention HLiil| 1 BiFPN FfE 4 754544, HILHIE T RCB-YOLOvSs 8. oot fa AL R 2 1 0m
TREIYE S S 5T RHIESR IS 2 RES ARSI e A 6e /1, AT 2 T B sl 7E AR g5 b i i)
SN SR HERT BT OR, AR BRI E S TR T TR AR S B . TSR A S
ST, AR RUR EELER

1) JHRhELE S R, RCB-YOLOvSs B9 fl \f¥] CoTAttention ML 5 BiFPN #iHe, 53385 T
W28 1) 42 R bR SO S5 85 7 2 RBERHIERL-G 68 7, ITRIESE T 1 4 [31 207 3545 FE 5B (Emap) - [F1H
BN ESHA AR, RepVGG BEHMGI NS &1 T A ZAFERE U A, A JHRIH T M4 4514
TR - ARG 3R 72 A R A R 52 ]

2) ZHEFEXT LIS R LY, EEANEEART R T, RCB-YOLOvSs Hik/E A%, Tk
B (Emap) RS DU T FE 25255 PPAN 4R BR b, ¥ B30T Faster R-CNN. SSD LA YOLOv3. YOLOv4 %%
F U H ARSI S, R I TR R PR P S S R

3) LA WS S SEIR I 4E R, SR YOLOvSs FELBAIA L, RCB-YOLOVSs Sk 74 =]
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BT T 4.3% (HH 80.8% 2T+ 2 85.1%), “FIKEFEIIME(Emar) P& T+ T 4.7% (HH 83.7%F2 T+ & 88.4%). {HTS
W, HAphEF R RS T 0.3 ms. (K, 4545 R R A B R ARG AT 25 5 K B
ST R R SR, BB A SR ) RCB-YOLOVSs BTG R B 5 SRUE AL, FES2hr TN
B B

SE K

(1]
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