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Abstract

Instance segmentation is a crucial component of image segmentation and serves as a significant re-
search area within computer vision. It finds extensive applications in various domains, including
autonomous driving and security surveillance. However, due to the complexity, diversity, and clut-
tered nature of road scenes, handling these scenarios becomes particularly challenging. In response
to the challenges of high complexity, low accuracy, and imprecise positioning in road scene image
instance segmentation, this paper introduces an enhanced YOLOv5-based (You Only Look Once ver-
sion 5) algorithm specifically designed for road scene instance segmentation. Taking YOLOvS5 as the
base model, RFAConv (Receptive-Field Attention Convolution) convolution is used in the Head mod-
ule instead of part of the traditional convolution, which comprehensively solves the parameter shar-
ing problem of convolution kernel, considers the importance of each feature in the receptive do-
main, provides almost negligible computational cost and parameter increment, and is able to better
capture and fuse the image features to improve the segmentation accuracy and robustness. ShapelOU
is used instead of the original loss function CIOU (Complete-IoU) in YOLOvVS5, and the loss is calcu-
lated by focusing on the shape of the frame itself and the scale of the frame itself, which makes the
frame regression more accurate, and it can effectively improve the detection effect and outperform
the existing methods. The experimental results show that compared with the original model, the
segmentation accuracy mAP50 of the improved model reaches 33.8%, and compared with YOLOV5s,
the optimised model improves the segmentation accuracy by 1.2%, which is able to complete the
image segmentation task of the road scene more efficiently.
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P50 T B SG) r BVEE AT AL, 0 T2 0 5 R 28 B P DT e DA R i/ A2 3 e i B A A B R B
SEER R L[4

BUG 5 B F B NAR GUERIR B 2 2 M s . R UG i BIEIE R T BB I K [5]. #
6] 2 [ SLER[71F0 AR [BISEAFAE , B UG R 73 R 2 AL X e, AEIXSe X3, AR 3 A IRRAIE R
PRARARL,  TIAS R X 382 8] PR BRI AE W B 22 57 o RRAE SR I v mT 4y N2 T A . IR XI55y
FNTTE . ARGy BT IEIEE BT BRI RHE, WK BIE, SR IX L 7 VEAE 7 I 25 5 52 3
HRANME P s, ERRY b bR, MELU R PRI EIRE RS, D@ A SR . & R R
Tor AR S 1K) A FEA L LR RE PR T, TR B 5 ) A U 7 V2 M e it e 5 A 1 P e bk o TR B2 2% ST 3K
B S 43 B SR S ) N HEY B (one-stage) 7774 (41 YOLACT [9] (you only look at coefficients). SOLO
[10] (Segmenting Objects by Locations). YOLO [11] & 1) F P Bt (two-stage) 77 2 (41 Mask-RCNN [12] (Re-
gion Convolutional Neural Networks)), iX%& /5 vE7E L) 4> BT h KRB 1, BRI T 0Bk EHxt
R, ARSCHEF YOLOVS W4 AT ek, B I TAEM R :

(1) X H AT A1 AU A R SR A A MR AEE B2 B, AR A KRB S HEE
ZiE g, $EH RFAConv [13)35: R 45 #4 ) #: 4. YOLOVS H FPN [14] (Feature Pyramid Network)f1 PAN [15]
(Path Aggregation Network)FFiEfll &b 1 (135 73 . RFAConv BRI (8 T #5252 3 h BN RFAE 1)
HEME, 1 HARE T LT LR AT E AR S O R, W B AL S A FER [ RN TR
HRERIR G, R FS SR KSRz R

(2) #2H ShapelOU [16]45 2k B HORAALIL FHE R H . ASCAE ] ShapelOU 4 2k bR BUR B AR B
CioU [17/E R FHER R sk ¥, i RAEUHE B SRR E A & REGHESUE, HEILEL A SR IRS
JUE LS A SR MR A HE B A R 2, AT AE [ S SE AR, A AR AR AR

(3) ASLAE Cityscapes B BTG . ViV MU SRI0 RIS UE & MBI A Rk, IF5 Hopth oy F45
RUFEATRELG,  BRAUE 1 A SCHT ek S i) e ik

2. EXIfE
2.1 BT REFINLHBISEIG®

S 53 F 4% B BE SR SR RS 43D PR B e8] 43 BRI R B B 54 7 B BV E [18] o FrTILI S5 Nk
THEEH ) Mask-RCNN [ B B 5 8 A6 Se kil J5 70 #I K B 2, & 26T Faster-RCNIN [19] 53 I T —A4M43
M, Dl B AR RHEERS, B R AT BARII F S, B S R, LRSI AR B i
DUAE,  FERD BE A RL R Hh P H S5 6 G 1) 2% (8145 . [20]

YOLACT & B ANIA B SE ] 73 E0 1 SR B BB A, eofg S48 43 3105210 4 Dy Tl o 28 i R4 I 2 i A
HATH RS, RTF TR R . Ja4: WANG ZE42 i) SOLO f4 Hhtafir B AN % R~ K X 4 39
FIAF S5 . SOLOV2 [21]7E SOLO Fy kAl b 5| NZhASHEMESL AR I, kb Tis 5, o0& ik
— 4% . Poly-YOLO [22]K H R IR AL AR A #7720, 3RAS A2 mask FIFERS S H k#4770 81, A o A
KKBATE, A E P, FiEE., YOLOVS 511 YOLO RAIF LN /78BS E YOLACT, K
H1 YOLOVSs 75 TAE R FH fe) o BA b SE 43 E1 7772 B SR P 5 6 5 K, AEAEAS RIAFAEXT B b5 (1 BURPEAT
EAE, FHUEIN BT A AE R R [23].

2.2. YOLOV5 SEf 4B &%

YOLOVS J& T-BAp X 4%, A UUFELS . YOLOVSs. YOLOVSmM. YOLOVS! F1 YOLOVSx, FEE
TR . 6 fE[24], Hb YOLOVSs f M S Bg /N, Rillid i feble,  mT DA KR FE i il 12 2% b
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NGB E N BE LM, A5 SR R T B . B KN BRGNS B, A SCik % YOLOVSs ] 7.0 fi
A, AR AR NS (Input) . BT/ £% (Backbone) . #7305 /9 £% (Neck) Aty H 3 (Head) PY #4545

YOLOV5s H5 28 [y % N sty 1 iy N\ R B G — 1) 640 * 640 BRI N, 1ENIZRd R+,
YOLOV5s {# /] Mosaic £ 38650 [25]  H 38 M A AE THRUAN B G N B A i e . & T 45 B CBS Bk,
C3 15l SPPF (Spatial Pyramid Pooling Fast)i&4i . HH CBS Bik&s il 1 o, 28 TME%&H
BERIPERCH, 48 X N BRAFAE BT B AR PR AR AT SILU Bo sk B4 C3 Bidah il 2 fs,
H 3 4~ CBS #iAl 1 4~ BottleNeck N ZZHpk, FE2SIFRZERHE, Hrh CBS Bt &%=, Bottle
Neck N JZHF E48 30k ZiMiE % SPPF B/ an 1 3 for, dlid ik /2 m & 2 RIEEHE

- — ( Conv X BN X SiLU )

Figure 1. CBS structure chart
1. CBS &5#E
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Figure 2. C3 structure chart
2. C3 &5
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Figure 3. SPPF structure chart
3. SPPF Z5#4[E]
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] PABIEEALRHE, DISGEE T 2 2 MG REE B R R IE[26]. Ftiima 3 532, M Neck 15
P () 20 * 20, 40 * 40 180 * 80 /)N (RIARFAE & 25 Fol S0 G ) Sk AE . BLAF AT TN HE AL A o
ShapelOU_Loss # FH 112 FAE R4 S o155, [ f F AR ORAE A0 (NMS) R H B A 1 B Frdsr AR, T BT
R FHE

3. it YOLOVS EEIH =Ll EEsy

AFET YOLOVS Bk, SIS EIBAR, i\ RFAConv &AL, G2 EERE ANLH], 2510
VER IHUH] A i 23 TR AL i 78 3 S a2 BT 2 [V RRAIE b, DT A RO At Ak B PR A (1) SR A A A R, 2
R RFAE SR BORD il & RS 1A 14, RE 0% B8 A 50t A B B4 (g 415 R AR i, FE R A AT A7 H b i S8 RS
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3.1. RFAConv
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Figure 4. RFAConv structure chart
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F= Softmax{g“l [ AvgPool (X )]} x ReLu {Norm[gka (X )]} = A, xF, @
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55 2 BT A3 IAVRFAE F AR 2R o
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3.2. ShapelOU

TE H ARSI AN S 2 FIT55 v, 30 FORES K R B0 — P FH SRy S S 28 F0 (1 10 S AE 5 B0 H hRada 5t
HEZ 7] 22 S i Fa b o L EZAE R FE I RAGIE RS, [ Ret e i B AR, JF FL3R & B ASR I #ER
Mo 20 TS K oR B2 AR TROI 00 A A B Sy A 2 (A1 A B A 22, T — N0 . AR VIS5
R, 2 MR SR R R B B 1S, DR TR a2 A B i B S 1 AR 271

7£ YOLOVS JFE A i CloU 1E il S 2k i %, CloU Bk AT

2 b,bgt
CloU = loU —{Lz)+au} @)
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= 3
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B ¥ FIh® 735I30R GT HER TR L, @ A1 h 7 ) 3= B HE A 5 RE A e L o

CIOU k& T INHE 5 S AAREZ M AL B . RAMTARSE R R, AT 3% 2 (A AR ALUEE
M ITIEAIE L FHEAR B 22, IR ELAR A 98 LU o0 iR, AT ST 1 FIUIDRS P AN SO E
SR, CloU 2 1 IAHESL F B RS RUSE S5 [ A7 S PR XTI AME R A A 2R . SR T AN A2, AR
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BRK S )7 )5 B B T A AL R 8, HEUES GT AEMIIIRG %:  distance™™ RoRIIR £ (X, y, ) BEES
P07, QP R TAR AR S, FEXE LR AR [l US43 2 2 F
=1—loU +distance™® + 0.5 # Q" (11)

Lshape— loU

3.3. Bu#ER YOLOVS &Y

YOLOV5 & YOLO RA|M 2% BARE PRI LS, A SCAER YOLOVS 51 A 3 ks FE A B )
YOLOV5s-seg (7.0 fiuA)#EAT 2iidt . 5ok i i % g5 B an 1 7 Bl o
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Figure 7. YOLOV5 network diagram
7. YOLOV5 M45 &
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. 4iiFIE S 08 Python 3.9, YIZREEIXTY 200, INZRALIXK/INA 8, 2231 R¥EN 0.01, FaANE KA

640 * 640 14 % .
4.2. LERBESTEIERF
42.1. BiEs

Cityscapes %4 4 /& i E = S s 7 6 & BB (B B 37 5 N AT B bR BT 55 0 i 42, 125 42 0L
KA UG . R RAARERR S . B R SRy i S8 T 2 N o B 50 ANASRISR T . AN R 1T 11)
20,000 FKAHBE AR B AN 5000 Tk bR 102718 ) 5 R A AR . ARS8 R B B 37 5% T (15249 7y BT 55
BORERIAERE, EHUT 5000 FRAREARSANR) B ARG AT SL0, AR ZREdi 2975 5K, 0UEXdE 500
i, A RFRER 1525 Skl G 28],

4.2.2. VFIERR

ASCIEEL T S5 43 B 7 v AR AL 8 bR —— K5 HE R (Precision, P). A [A# (Recall, R). T4k )
fB(mean Average Precision, mAP) [291 K PPl AL [P fRE . L HPORE i R AR AE BT A SR A A R, iR
S AR AL BT o B LA, PRI T AR R A SR P s A (R R DR A A R )RR A 2 S AR A R B
A AR A, S T AR B ARSI AT o TR R R A A i N R 5 S Bk B AR AL 152 I
Et (Intersection over Union, loU)iHHA3211, EAFER loU BESSEIA R mAP {H, BikitE 5%
WRFR. % loU BIfE51#8 050, 0.75 1 0.50~0.95 i, XFRif) mAP 435~ mAP@0.50.
MAP@0.75 1 mMAP@0.50:0.95. 33 #E mAP@0.50 S S AS 2 it T 2K 31 A7 ¥ 43 BODRG FEE

__ TP (12)
TP+FP
R=— 1" (13)
TP+FN
1
MAP = WZLAPn (14)

e TP RO TIN IE A SEBR A IEFIREAR, FP RN TR IESEbroN S IREA, FN SRR TN 47 S PR 1E
FIREAS, N bR 5HI%E, AP (Average Precision)# 7~ PR HIZE T T AR

4.3. SEWERHR

4.3.1. jHERSCE
N Y SRR Ao A SR X TR AR T KA R, oA A R AR 1k, DL YOLOvSs JyBbHERIRY, R
JEIH R S50 AT AN [ S HESE T P B IR R . G55 R W 1w

Table 1. Ablation results
F 1 HARSCIOEER

itit) P/% R/% mMAP@0.50/%
YOLOV5s 56.20% 30.37% 32.65%
YOLOV5s + RFAConv 56.86% 30.98% 32.78%
YOLOV5s + ShapelOU 60.05% 29.61% 32.76%
YOLOV5s + RFAConv + ShapelOU 56.86% 30.98% 33.82%
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B 1 AT LEH, 2059151 N RFAConv #5:1 . ShapelOU 15 2k & £ 347 X6k 70 &1 2 5 $2 T+ 30 - RFAConv
B FE I SRIERSZ B 1) H & R, A ) 2% e 0% T A RO SRS [R) REE AT AR 1) B ARSFAE . fESRER T, AT
A PR HEE A A RFAConY BB L, RIS RFACony J&, HEAYLE /)N H A I A2 54115 %)
D7 RILE R, mAP@0.50 #7117 0.13%. 1 ShapelOU fE AMGHR loU 5753, 5IN T X /NHFrFIE
Fei SRR, X E AR 10U R ShapelOU 7EAN A H b2 BRI, 7T LLE | mAP@0.50 4%
FEIRTF T 0.11%. MIHEhSRIG S5 kA, RFAConv BT 1R (4R AERIA RE Jy, (45 H bRid 55 i
5T, T ShapelOU MARAL T loU 115, $&m 7 /rElds RGULECE . — #4565, #id7E Cityscapes %1
e FHHTIOUE, AT LAE B R P RTF T 0.66%. A R IETF T 0.61%. mAP@0.50 $#2 T+ T
1.2%, {4350 J5 1) YOLOVS 7E3E B 37 5¢ S 73 AT 55 i BAS 1 SEAR IR RS, R TR & 45 & e s
TE PR 7 55 S oy FME S5 I RUR

4.3.2. FEIEZERTHL R

Nk B IAE A SR IR AR R, Bt LGRS, 5 YOLOVSs 7EAH [ ZE SE RSB0 A58 k47 556
5T, L Mask-RCNN. YOLACT Fl SOLOV2 ixX 3 i WL (1 524 73 FN 2 AE X e ZH, o Hf ours R A
SCHRH AR T YOLOVS (et . Seae 45 A PPN 4R bR LE a2 2 7R . Mask R-CNN 1E 2k T X35,
B E1 598, 785y S B _E RV (map@0.50 = 32.70%), 1H /T H RPN (Region Proposal Network) it
ITIRIEREA &, TR = . YOLACT R —MrB7i:, #EH R, H map@0.50 L 21.54%,
MELE/IN HARIAT 5 AR FF R kG . SOLOV2 1R ASEFAR R MBI, BATEAF K5 EI2UR (map@0.50
=30.60%), {HH R ZETMLEN, Ao YOLOVSs Sy HS T # i map@0.50 5 FE, 7 2 %
PRI, ASCHTHEH P YOLOVSs 5% map@0.50 K FEikE T 33.82%, HET 3 Fhorflsik, KiEEE
P17 56.86%, [AIZIAE] T 30.98%, HFGHHZEMEEMMET Mask R-CNN, HEE BE, @ERAGMHRHBM,
FHEIFH T RFAConv & T B2 3l rp A AMRFAE 1) S 20, A5 I 4% REAT 20t Al 2 ROBEHRFAE, #2711 1oU
LGy EIRE ;. ShapelOU @ i Ak FEAE RN 5, T A LKL BRI B bR A 2 0 41T, LR
IEEDRGIAT N FHATE)A W RS0 @t tiRke, A SCRE BA R 5 B Re .

Table 2. Comparison of experimental results among models in the CityScapes dataset
%= 2. CityScapes #1585 15 8IXTLL SR8 45 R

1EAY P/% R/% MAP@0.50/%
YOLOv5s 56.20% 30.37% 32.65%
Mask R-CNN 59.90% 29.60% 32.70%
YOLACT - - 21.54%
SOLOv2 52.10% 30.30% 30.60%
ours 56.86% 30.98% 33.82%

4.33. ARHLER

B3y 1 S W s sk 5 I SR AE. Cityscapes B8R T I BIRCR, RIUARFRRS, rikdtsy
JE 5 > FIRCR B Ban Al 8 . til&l 8 ATLLAE Y, TSR RARGE . SEUL BRI /N
IR R 2 A, ARSCHCEE A SRR AR IR, 153 7R RS BIRCR, AR T
L RA E R A IR -
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(a) (b)

Figure 8. (a) Original test drawing; (b) segmentation effect drawing
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