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Road Damage Detection with Improved YOLOvVS

WANG Han-Yi, LI Chun-Biao, SONG Heng
(School of Artificial Intelligence, Nanjing University of Information Science & Technology, Nanjing 210044, Chiné)

Abstract: This study proposes an algorithm for road damage detection based on an improved YOLOV8 to address
challenges in road damage detection, including multi-scale targets, complex targét structures, uneven sample distribution,
and the impact of hard and easy samples on bounding box regf‘qssion. The algorithm introduces dynamic snake
convolution (DSConv) to replace some of the Conv modules in the original faster implementation of CSP bottleneck with
2 convolutions (C2f) module, aiming to adaptively focus on small and intricate local features, thereby enhancing the
perception of geometric structures. By incorporating an efficient multi-scale attention (EMA) module before each
detection head, the algorithm achieves cross-dimensional interaction and captures pixel-level relationships, improving its
generalization capability for complex global features. Additionally, an extra small object detection layer is added to
enhance the precision of small object detection. Finally, a strategy termed Flex-PloUv?2 is proposed, which alleviates
sample distribution imbalance and anchor box inflation through linear interval mapping and size-adaptive penalty factors.
Experimental results demonstrate that the improved model increases the F1 score, mAP50, and mAP50-95 on the
RDD2022 dataset by 1.5%, 2.1%, and 1.2%, respectively. Additionally, results on the GRDDC2020 and China road
damage datasets validate the strong generalization of the proposed algorithm.

Key words: object detection; YOLOVS; road damage detection; improved loss function; bounding box regression
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ERESESNE/ T

g=¢"?,4q€(0,1] (11)
m(x) =3x-e* (12)
Leovvz =3-m(1q) 'LPA!el}’él-IoU (13)

Horh, g T A RE A T i, Mg = 11, p =0, Tkl
HER B ARME 200 56 A0 5. B3 p B8, @@ Wik,
oG T R REIG. LR 35 2 B0 B Tt
H, m(Ag) i T PloU A T &5 i 2 4 HEY g
PloUv2 745N A HE [ 5] V13 A v, 500 96 3 o 25 R B
(I4HHE.

454 Flex-IoU 1 PIoUv2 i 2k B %, AHIF 7042 HY
7 Flex-PloUv2, HAfi 22 X F:

)
LEiex-Plouv2 = 3-m(4q) - (Lmuﬂex +1-e? ) (14)

A AT ) Flex-PloUv2 5 & 3 i 2k P X a] ik
7715, TEANIRI ToU i BBl A JEAT R 8, AT 38 506 A
) Joi B A AE [ X 43 B /7. 5 PloUv2 L, Flex-PloUv2
TE A FEARR 5 2 40 A B B0 B A 1) O 7 . 3 o 1
FESHE, R PR BRE S T3 TR Y0 B I RE AR, A
T B4 b A B AR AN I8 1 1)@ G AF, Flex-PloUv2 4
A AR L iR B, A K bR B AR A R B P
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AR AR 1, 38 G T BT AN SR SR MR AR 5 i)
A, AT B R Sk X e g (815 Flex-PloUv2
TE Ab B S Fof J5R B )l HE o 2R 0 O S 1 P B, AR R
T PloUv2 BA BB HI 5.

3 SEEegh
3.1 HiiRE

S0 K SR % F A R B R 5 50 42 RDD2022%,
ZHEIEEC S KA 6 NMERK, MK T A ML, BN
ag, WS RS 4 MRB R E BB, BT H
A B RA A BRI bR, BT DLEAT T B
TEIE. REABIEEILIE 7:3 LLBIBERLR ). S 23767
FHEF, Hoh, Y1254 16634 5K EME, IRIESE 7133 5KIE
1%. YA ZE4% (D00) 13 548 N, iR 2444 (D10) 7709 1,
5 1 244% (D20) 8412 AN, YL (D40) 3674 >

GRDDC2020“ ¥ 0 IERIE . EI AR St
R R VAL ) T it PR China road damage HHRAE AL F
PSR IRE R G, N SN BIRERR S — 5, A
SCHEAT T BHEE E, IR 703 LRBIBE LRI 4. B,
GRDDC2020 %3iF#4E 2381 7K, China road damage 5 iiF
£ 1984 k. IXUHHRAE L B AL S K2 AT Studio T 6.
3.2 KIS AMTNIEFR

ARSI SR FH I RE AR RTX AS000 (24 GB) K
PEREE: CUDA 11.1, IRFE%: >JHESE N PyTorch 1.9.0.
R 258 B (epoch) 24 300, it & K/ (batchsize) A
32, ffb 2% (optimizer) HBIIEFRE, WIUH %21 %9 0.01.
7t Flex-PloUv2 S Hu =095, 1=15. R %

RLPPA S8 45 R, A SCIEEL T~ $IHE FEBIE (mAP) Al |

F1 oy BORMS B SUERA I LBk Al T A A= (16)-

TP

Precision= — L 1
recision TPTFP (15)
TP

Recall = (16)
TP+ FN
TPxXFP

Fl=2x =20 (17)
TP+ FP

IR
mAP = — Z f Precision(Recall)d (Recall) (18)
¢ i=1 0

Forh, TP ot 4 R R 1 B AR N, FP Rty
04 S A /5, FIV SRR bR R Bk H
FRIOAEL -
3.3 DSConv fH&5E

RS HR I T bottleneck 4B b AR [F 52 B
3518 Conv # 4 y DSConv, LA # neck ZH T A
[F/E FH ) C2f BB 4y C2fDS S A5 A 14 B8 1) 52 1)

SEEE LW (R 1), 24 C2fDS BB #e A 115
SUAE B C2f Bk (YOLOv8n+C2fDS) i, B
Ae . E T, EE KN DSConv REA At e 4n /s H.
L5 H () R SRR AL, 2R 1T, HF bottleneck AR ERHHIZE 2
Conv % # >y DSConv, 2 HT A bottleneck £, I FiX
Y6 pottleneck B 4t C2f H ¥ BT A bottleneck B, K
HTH C2f BEHLH T4 U5 A% 1% (YOLOv8n+C2{DS2),
BRIATE, XRFAE 2 NMEREEE BFE KR
RS2 Y, B R AL EE R H A 1 )?EI‘J‘%%%%MEE SUFIE.
DSConv fE/NEZE R (5 1 BB BAH K, mMaER
KIBEZE T (88 t*2 EHR) SRR ZE, R T A
R BLAh A C2DS B i T B 4% AL BB 1 C2f
He(YOLOVSn+C2{DS (loca)) B4 BEHLAS FIAH HUR, 3
EFR & DSConv [FIEAZ BF WM A IE A 88 E R IALE

X (19) Fios: g ERSKESTEN
. Z 1 DSConv #8525 (%)
" mAP50 mAP50-95
Model F1

D00 D10 D20 D40 All D00 D10 D20 D40 All
YOLOv8n 56.8 57.9 54.9 66.6 453 56.2 31.9 27.7 35.2 19.7 28.6
YOLOv8n+C2{DS 57.2 57.9 56.0 66.7 46.0 56.6 322 28.0 353 20.1 28.9
YOLOv8n+C2fDS2 56.5 57.6 54.5 66.6 45.1 56.0 31.7 27.4 35.2 19.5 28.4
YOLOvV8n+C2{DS (loca) 56.6 57.1 55.0 66.7 45.1 56.0 314 27.7 35.5 19.6 28.5

3.4 Flex-PloUv2 FH3<5288

FEARW T, 18 2R G 7 i I 255 B e pr B i i
FHERNAII . mAPS0 LIk mAP50-95 &4 br 187
Ak, BRFC T Flex-PloUv2 i 2% BRETE H brA MIAE 55
IPERESZ A . B AR R ME YOLOvV8n, 454 C2fDS.

P2 Fl EMA R[] Improved #5784 i — AL K PloUv2
HJ Improved #7, PLK fill N\ Flex-PIoUv2 52k BRI
I AAEAL

SOG4 LR, K Flex-PloUv2 $i 2k bR 3 (1B 77
FEIL FHHE 1T 451 25 EAHLEE T CloU #1 PloUv2 4 2K iR
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BRI 225 D, B s A1 6 BT, Flex- 25 LT, J@id 51N Flex-PloUv2 412k B %L, 7 A
PloUv2 fELAL B [l 3 R vh BoA 8 25 L 3, rE B ERTT F AR A R F) HE AR R, )2 AR 1L SR
A RO D FINAE 5 S 2 (8] F) f 22, B 7 ANIEL 8 [ AR ToU BB ARG B2 77 T 2 S L £

Fi7n ) mAPS0 Rl mAP50-95 48R &, idt— D 5 0.58 |-
T Flex-PloUv2 45 5% PR HULE B2 e B A I RS 2 T 14 057 |
AR, JCHRAER R IoU BUARI %14 T, Flex-PloUv2
L ] . . L 0.56 |-
I 4EH A6 B A DN L BE, 3068 T 06 58 A K B2 225K e 2
s . T 055
(1) B ARAS AT 55 1 g B 2L 5 I
25 0.54 YOLOv8n
YOLOv8n F Improved
Improved 0.53 Improved+PIoUv2
Improved+PloUv2 r Our
204 Our 052 b—>p L L ! L
) % 00 200 300
X \ Epoch
2154 v
3 . K7 mAP50 {4
0.30
1.0 -
0.29 |-
0.5 1 1
0 . b o100 200 9028 |
Epoch 2
- S
5 YIZREEL FHER R 2027
L YOLOv8n
2.5 026 Improved
YOLOv8n T Improved+PloUv2
Improved L Our
Improved+PIloUv2 025 ) | X I X
20 Our o 100 200 300
Epoch
z B8 mAP50-95 f |
1.5 F _ ‘ =
3.5 HRLSCIS -
AT g BB AR I, BT T SO
1o C2fDS. P2, EMA Bl Flex-PloUv2 #ii %k i £ £
ik _ YOLOV8n B Mk, SCUas RN 2 TR, 5
Epoch I FH IR AR E Y e ASE HRY A L B S B B AR A
6 ELET SRS - At ERITAR, JLHARALE mAPS0 FIl mAP50-95 4&#r L.
. #£2 WA (%)
3
; . mAP50 mAP50-95
Model * F1
: D00 D10 D20 D40 All D00 DIO D20 D40 All
YOLOv8n 56.8 57.9 54.9 66.6 453 56.2 31.9 27.7 35.2 19.7 28.6
YOLOv8n+C2fDS 57.2 57.9 56.0 66.7 46.0 56.6 322 28.0 35.3 20.1 28.9
YOLOv8n+P2 57.1 57.9 55.9 67.2 45.8 56.7 322 28.0 354 20.3 29.0
YOLOv8n+EMA 57.1 57.5 56.3 66.7 46.2 56.7 31.8 28.2 35.6 20.2 28.9
YOLOv8n+C2{DS+P2 57.1 58.4 55.1 66.5 459 56.4 32.6 27.4 35.6 20.1 28.9
YOLOv8n+C2fDS+EMA 57.0 57.6 55.6 66.6 463 56.5 32.1 27.6 35.6 20.3 28.9
YOLOv8n+P2+EMA 56.8 58.1 56.1 67.0 45.6 56.7 325 283 35.7 20.2 29.2
YOLOv8n+C2fDS+P2+EMA
57.2 59.0 55.8 66.9 46.4 57.0 32.7 28.0 35.2 20.7 29.2
(Improved)
Improved+PIoUv2 58.1 59.3 56.1 67.5 492 58.0 32.8 28.3 354 21.6 29.5

58.3 59.8 56.2 67.8 49.2 58.3 33.1 28.0 36.2 21.8 29.8

Improved+Flex-PloUv2 (Ours)
(+1.5) (+1.9) (+1.3) (+1.1) (#3.9) (+2.1) (+1.2) (+0.3) (+1.0) (+2.1) (+1.2)
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i H AR SN A

AR s, BN Flex-PloUv2 #1 5 K1) Im-
proved fAUAH L YOLOvV8n. Improved LA Improved+
PloUv2 JE It 53 2 2 32 7. #5002, Flex-PloUv2 4%
RERHON T HERE A DOO (A 1] 224%) A& /b A
A D40 (Fri) MRl B 2 3 T, AR T i A Y
YOLOv8n, mAPS50 43 A4 F 17 1.9 #1 3.9 H 75 5%,
mAP50-95 7 HIEETE T 1.2 F1 2.1 H 4 . PR R T
[, [A {8 A Improved %Y, Flex-PloUv2 AT
CloU. PloUv2, mAP50 43 Jjl i 1.3 F1 0.3 H 7 &4,

PloUv2 4 2 bR H57E 1487 1 A 43 A A2 TH IR HE R A
DR Rfh 252 7 T ) RO

zi B ATIA, B3t 51 N Flex-PloUv2 461 2% bR $ A
C2fDS. P2. EMA /51 YOLOv8n HEAY7E Sl for
AL 55 b 2 R e 580 110 P i, R i (A B TR S A
ARAD BEFEARRT, i%fﬁ&jtiy‘th’é. '
3.6 5EREEZENZE

T B PEAk AT T RT3 H IR T % 403475 A I A 2
TERE, KM T 2 YEREITALHRR, IR 5 00 iR
(1) B As il Bk AT T L. g e ae a5 R (W3R 3)
5 YOLOv8n ML, YOLOVSs {1358 AT &4 5
BT 270% (3.0x10°-11.1x10°%) F1 242% (8.3 GFLOPs
—28.4 GFLOPs), {H F1 73 HUNEF T 3.0% (56.8%-58.5%),
mAP50 327+ 7 4.8% (56.2%-58.9%), mAP50-95 & F+
T 5.6% (28.6%-30.2%). M A HAITE S B & R FFA
A EEAUEINT 54.2% (8.3 GFLOPs—12.8 GFLOPs)
IR, F1 283 T 2.6% (56.8%-58.3%),

mAPS50 32T+ T 3.7% (56.2%—58.3%), mAP50-95 &t |

T 4.2% (28.6%—29.8%). IX —&E R M, A SCARALE (R
FESHEATHEIT, uiﬁxﬁiﬁf/{\ﬁﬁi+ﬁ%iﬂu, ik
F| 7 H2iE YOLOyS8s FIVERESR T, MM 48 IE T A ST A5 A
TERCRARS B R TE, 3k B T R~

# 3 HERBRXTT

VLR LA 3 8 e, AR SOBERSAE (R FFBUR TS B U5
WK RTHE R, SCEL T BE0E YOLOvSs HITERESR T, J&
N T IR AN L, & A T R R A R
(RIS F 55, LR, AR BRI T — AR A 1 i 4 5
TURE A 57 5 (1 FLAAR NS BUR T2 1 Flex-PloUv2 B3, Ay
A VA Z RO T SR, B, AR T
SHASE Y AT J M 5 P B TR AU PR 4%, Xk S B
BHEKEE
3.7 BAMREESE L\

9T I A S H AR 5K B 32 A R
FURS B, {£/ 7 GRDDC2020 $‘D China road damage 7
SR TR0 H S 45 BN 4 FIZE S BT,

%4 GRDDC2020 ¥ EXTH (%)

Model Fl1 mAP50 mAP50-95
YOLOV8n (CloU) 65.0 68.7 36.6
Improved (CloU) 66.9 71.1 37.9
Improved+PloUv2 67.1 71.3 38.7

Improved+Flex-PloUv2 69.6 73.6 39.6

%% 5 China road damage Z{#EHEXT LL (%)

Model Fl1 mAP50 mAP50-95
YOLOVS8n (CloU) 86.4 91.4 61.4
Improved (CIoU) 86.9 91.6 62.6
Improved+PloUv2 87.0 92.2 61.5
Improved+Flex-PloUv2 88.2 92.7 62.5

Fl1 mAP50  mAP50-95  Params

Model o GFLOPs
o) (%) (%) (109

YOLOv5s 569  56.4 28.8 7.1 16.3
YOLOv5Sm 583 58.5 30.1 21.1 50.6
YOLOv7tiny 557 553 25.6 6.0 13.5
YOLOv8n  56.8 56.2 28.6 3.0 8.3
YOLOvV8s 585 58.9 30.2 11.1 28.4
Ours 58.3 58.3 29.8 3.0 12.8

JUEARAAEEBE_ER B R e HE ) YOLOVSs,
(EHAT) BAT W ) o SOMV L 4. AT &5, AR R

£ GRDDC2020 #iifi 4 b, AFR AT YOLO-
v8n BIRIE F1 433 B4R TE 1 4.6 F4Y 21, mAPSO 142
T T 4.9 BARG AL mAPS0-95 L3EF T 3 B 53 kL. it
K BABCT 1L, (RIS Tmproved #7, Flex-PloUv2
EFT 533 EHE T CloU Ml PIoUvV2 43l i H 2.7
2.5 Hr i, mAPS0 L 2.50 2.3 40 4, mAP50-95

1E China road damage F#i 42 I, A SRR T F 45
KR EA R IV . 00E T AT ReFIZ AL RE 7).
3.8 AIMLEER A

TE SR B Hh, T8 A 1 A I A B 5 L A5 7R
RS G AERE R THEEE AT
SO UPA BT IX B 2 R PR RE, AT XS L4087 YOLO-
v8n IR FIA SO BUTE S e R 2 Hbw . /N E AR &
M B RS LR ISR TR S SR ] 9 TR,
9(a) A YOLOv8n A i far I 45 R, K] 9(b) AL
Y F SN &5

ERDEIRZ HER 24 R, YOLOVSn 574 2> H Bl
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Rl &, 72/ H AR5 R, YOLOvVSn BEAS 236 A

BN B bR, TASCEE B G REHR0). TE S, IR %S
WK ZAF T, YOLOvSn ARSI A B H bk, BIRA
SCRRE AL I B A AN T, (EL A I bR, X R
TEE A 5 PG N k. IR R =44, &

(a) YOLOVS8n M

(b) ASCHER B

|:I1«lﬁ %@é

AHFFEIR T — Rt YOLOVS 38 B 451 5 Al
5. DSConv 5% R #5 /AT AL 2% 2], EMA B
VU 38 5 4 JRYRFAIE () 0. 2 00 R LA, BERE AR HE 4075,
RGP AR RO L. BRI BRI, 2
H AR IIRS FE . 2, ASCHE Y Flex-PloUv2 A Rl
VR AR 43 A AN Y5 R0 A 5 A AR 25 )

ER AR AR SCRRE A A AG RS FE A B RSB T 30K
PETt, AEAE 2B B IR AT 474 D Th AT A7 0 o5 2 1) oK
K B ek U 1Al L EE AR TE S A A E‘J‘T%VET@‘M{
neck E45#, LA SR &8 AL B 5B 55 ﬁﬁ*}'@
LIRSS W N ﬁﬁﬂ“ﬁﬁﬂﬁj@uﬁﬁ
teve ﬁxﬁwrﬁq:wmm e
1k Flex-PloUv2 f‘ﬁﬁimﬁfmw R AR v e
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