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[Abstract] Instance segmentation algorithms based on deep learning are capable of helping intelligent vehi-
cles to obtain accurate perception information. However, due to the limitation of manufacturing cost, the computing
resources on intelligent vehicles are usually limited. In order to obtain high-precision recognition and segmentation
under limited computing resources, the algorithm itself is required to make full use of the extracted features. Mean-
while, although the one-stage instance segmentation algorithm has a relative fast inference speed, it has poor perfor-
mance in accuracy. To this end, structural improvement based on the one-stage instance segmentation algorithm
Sparselnst is conducted to enhance the model s utilization of effective features. Specifically, firstly, residual con-
nection is added inside the basic building block of the backbone. Secondly, a three-scale feature fusion module is
designed to overcome the problem of indirect interaction of cross-scale features in the encoder. A decoupled instance
activation module is designed to enhance the model’s ability to learn instance features. In addition, the improved al-
gorithm makes full use of detail features to refine the mask features to improve the quality of the generated masks. Fi-
nally, the kernel is used to initialize the score of the target object, which improves the utilization rate of the extract-
ed features. The improved algorithm surpasses similar algorithms in mask accuracy on multiple datasets and has

strong real-time performance. To further verify the effectiveness of the improved algorithm, experiments using data

# [ 7 [ IRRR 34 (52225212, U20A20333, U20A20331, 52072160) % 1),
SRR B #2024 4207 H 14 B &MRRICE] H 14 2024 4510 H 06 H .
WAEMEE £, 204% , 91, Email : wanghail019@163. com,



2025(Vol.47) No.4

ZJidin, A TSGR Y A S 2 BRI S o Rk - 615 -

collected from a real vehicle platform are conducted. When the input image resolution is 640%480, the model infer-

ence speed reaches 54 FPS, and the instance mask is segmented accurately.

Keywords: autonomous driving; deep learning; real-time instance segmentation; feature utilization

A =

TR sl st T PRI R g8 vl LU Bh 2
(AR TN I RS RS N (=) SO K S F SR N ]
T4 2 CH . PUSEARMLAY BRI T A8
20 G, ELAE AL S RS RAG, F)T
TER BRI BRI S o ARk, R 2T Y Rk
JR AR Al BT B SRR A O TSR AN . TR
Ui AR R ARE 3k v, S48 3 3 B35 BEAE DX 9 A ] S 497)
PR ) S Ay L A5 ZOKS i TO00 L XoF 1 4 AR ) R
A A R R R E A T 5 20, TR BEVR A SR A B
YR

F U A TR B 2% 2T 1 S A 3 BRI AT LA AT
B BB S TR 3 A s, Hop, =
Wi B BR ok 3 h J E E e I B A il s T —
0 X . Mask R-CNNU B BAR Fe by —
B S 4L RefineMask™ 5 PatchDCT “#F#0 )1 T
PETHEMS A . I B AR B AR R AR R Ak
R E (RTINS E S RS R 7Y Al K= RPN RS = € LIUN
ST RIS . it R 2R ot T
B R AR — B B AT 2R E H R R O 1
s A IS e M (IR 7L 2 NI E TIPS IE R 7 Rl KE 7S BRI
i W SOLO™* ] A iy v oCo Ao B K X S A 7
FELLANX 3o CondInst™ WA FH 2 A4 R IX 43 512
B EH bR, EAR— B BER L BB EGS  (HR A
RS BT AN I i B A . BRI AN ST A
i) A B3 41 Mask2Former' ™' 1 OneFormer ™ B 5 T
L SRR e SN xRy N ey L G = WAk
57 SRS v < = Sy N ot 45 M B = N

BT BB S 5 T AR p A LA R [ 30
G BESR A SE R, AR SCREE— B B Sk i AT AR
117 H AR 28— B Bk i T AR oA R
RFIRHAEN L], HFR B R INLAE
B 2 S E AR OB T ELAR ], A L
Z T, Sparselnst ™ | 5% FH 5 5 52 91 356 105 11 A 6 s 52
i, % FoiRRR Se i SR, B 1(b)
SRy S A T T B AT A e s Z AR R AL
SEIMARTLEAE . H Sparselnst JC A5 A KA 410 il 45
VB EREH R A . [, AR SCHE#F Sparselnst /E 4

WX 4

(b) LI

1 SIS AT A

Sparselnst H 28 A P A HE B H R (R B ADKS B
ATFRTE . e A R T Sl e o o3 1, 73
TFE I N 58 235 EAR THRRIE A F I bk 0 2
P& IR A PR AR AT 21 55 73 1) T 368 1l 58 5% R
o BRULZAE, TR O AR KRB S
ARAA ST T B Y AR IEA 125 ) 1l o
TR o 73 S 8 TS 4 R AE A P 38T LA
TR IR N BN BB REAIE, O 0 I — 2D PRI, i A
BUTEIE FE 3 50 T BAT SR A B e

5 AR SO R 5 R 2% oK RE X At A B
N B R AE HEA T A ROR B 3X — )R, e Bl A 2 e
TGN T Ak 2E . K, O (R BE A A 2] AN
(7] R 388 P AR A RFAE L B3t T = RUBERFAE il A5 5
B, I DL o 1 g i A v RORE AR AN BE
T EHEAZH R T8 7 5 b 9L B A
2 AR SO SR LD IEAT 1 A , 1 5 S0 AR
) RE T B[Rl A A B R . BRILZ
G, D B S AR SCR AR R XS RS T
KifE o e, B IR A5 A b B HOHL 2 T H AR 1A
P03 SRS S I HH B 58 SURH R X — TR), AR 3C
MWLM B YRG5, 523 T B4l 2k
e NI ST D REYEoE 2he 46/ S ne i 2 Bl A
PRFTI B UL BT SCHE R o B9 AT RCRE , IF R 52 Al 4R
R L SH B 7 R BE AT TS

1 SEm Sk

1.1 HEZEHESE

MR RS BTG RS
fpt s o HOAR IR ANE 2 iR o R A AR
RSEMH < W, H S WAoo E R 558, 40l &
T R25 I 50 AR B T AR F o F o F g A F s



. 616 - woOE T8 20254 (55 47 &) 5 4 ]
s o 2 W LW Wy g SR JOR AT T = RERSIER A BUL,

é%&gw@a%@%%ﬁzﬁﬁﬁﬁﬁﬁ@%,
I ph AR A A RS I 15 52 GRS L HE RS A5 (E 5
S R 5 T A 1 1 S BT . LIRS
10 3 F 4 04, A% SO LRI i M Py R T

Wk T 2 ROERHMERI LG o 0Bt T ARG SE
TR DL SR A TR X ML (LSS R RE ST o e
R Y S, BT T A1 AR AR A TE 23 SR AR 2
TRME B IER R . ), A SOH NI 4L H R
A1 48T TUIGRACR .

l Backbone | [ Encoder | r Decoder |
: ey HCFENT}— (G :: Con) _ Class :
nstance Decouple
| Fine ' 1aM RE0IG I
| Iy Linear |
FI/S I
| Kernel ||
I T f Mask l
| Fue , D '
| — Mask Detail 7 l I
Feature Refine |- ( | I
Module
ConvReLU Blocks (©) Concat 1 o sy AP d
y
€D Element-wise addition () Multiplication /
2 BREBRAREE KA

1.2 FFME

VE MBI v S 80 K, BT % R4
W L4 52 ) 5 2 U R 2 5 0 R 25 X5 R AR 9 R FH %
B O T B SRR SR U A R AR, AR SC AR
Sparselnst 5 % iy 2k %) 320 09 T W %% fe
BDD100K"* [ #F 47 T i % 5 5 , 4145 ResNet50"" |
CSPDarknet53"" ) J2 PVTv2-B1", SZBG45 A4 1
JIi7Rs , BAR PVTV2-B1 SE B T d5 5 ARG B2, (EL 4 B
T 8 . CSPDarknet53 5 ResNet50 #H [t B 42 7
T 0.2 mAP FRE B, FI R T 2. 1 FPS A, AR S
P SR B B 34 . L, AR SCIE B ResNet50 1F
R ET ML,

£R1 AREFETFMETE Sparselnst Hix FRISLIGEER

Backbone mAP(Mask) FPS
ResNet50 19.3 34.6
CSPDarknet53 19.5 32.5
PVTv2-B1 20. 8 20. 1

1 ResNet50 At , Befifi #) it He 22 8] fy 5% 2 45 14y ok
AT, LLRE G4 SE A A e e v A A 280 i PR S
RZBOS TN E K o AHIR 522 % 4 FAFAE T R 4
fil ) T e 22 [1) WA > Sl AL e Pl A 3 A4
FRUZ a5 HAT Bl T [R] S A g A e 22 ) B 45 A
TR, 20 TN ERRIE O PR B o PRI, R 1 B A
A RURFIE R 25 A SCTE SRRl AL e e iy P R B4 m 1

FRIEVEE DR A5 R 5] 3 BT
]

1x1 Conv
& BN ReLLU
v
3x3 Conv
& BN ReLU

D

l ReLU I

1x1 Conv
& BN

o

l ReLU l

B3 o ) Rl F e B

1.3 #4538

Gt e %t 32 0 28t ) [) RS R AIE T
Frahf el 2 ROERE R 2 B, o e Y R =
5 5 B S HAGSK I B RN W AR LB A 50 R L 7y
() 22 ROBE R AE il A Pl ARG 32 1 2 ROBE o8 AR
8o B 4Ca) F B it 25 1 AR S5 48, 2% 25 40 1 iy BE
flA A o R v Z0m T i RURE RRAE B 22 ) R BB R
B AN A AR AR RUEE RRAIE (] 22 R A 32 L, s R
JE (AR A8 B R T IR B PR G b . 323
Gold-YOLO ™ rf i RO AR fil & 7 X Ja &, Bk



2025(Vol.47) No.4

ZJidin, A TSGR Y A S 2 BRI S o Rk

FE A T PSSR I 19 22 RUBERAAE | AR SOX 44
WA AT 1 etk . kS B AR S A B ] 4 (b) fie
N, G EA) R BR TR F sy F e LLRCF A R i
ANZ O g5 ¥ 80 F o A A o 5 AL ARAE
FIAHLE , F A BRI e A5 B E s A (5
Bo HONTERTBL Rl G  F v SE 3 3 AR [R] RUEE RRAE
PR Rl G, A SO 1T 1 = RO R AE b & Bk
(three—scale feature fusion module, TFFM) , fifi 525 R
JE AR 18 Z ) RE HEA T 4% 58 1, Aty i 5
IR o TR AGZREH 3 FhAS[R] ROF BRI
AN YRR A e R i A2 B, O AR 1
STEIAEURE, DR MR A g Al A TR A L B 5
Rk AL, SRy it — 20 e % f /N RO Rk A 7
f& Bol /B0 A SCHE A 8 & HL R
(coordinate attention, CA) &AMl 1T T4 K&
FELHE 98 0 67 B 1 & 1 P (large kernel convolution
enhanced coordinate attention, LKCA) , HeZ5 ¥ an & 5
JIi7R o RAZABARES T /IMZ A TUR 3R 1R sZ B
T 5 R 1) SRSz B D T DA 4 B 22 19 4 Ry R AIE , )T
KoL EAS BRI, B R B BRI FER K,
A SR T 5 A B T EE T 43 85 45 A (depth—
wise separable convolutions) 2514 & K% & . 7F
LKCABEHerh iy ARRAE 225 5%5 f TR B AT 73 2 45 71
Fl ReLU Ji5 14 2] 7 A BRI B B ARAE , OF 70 3l 28
it K7 18] #9723 46 (X AvgPooling) 5 5 1 J7 [1]
1) F- 273t Ak (Y AvgPooling) 4K U T 13 & 4 i F#11E .
[ ZE AT A 53 AhMI 25 70 3 B B AR IE BB eid
JKP N BT 0] P YAk 5 5 2 RO A B G i
RAEZE TR AR, LAHOAR IO 5 Y 5 5 2 S AP
1.4 fREEER

S A5 0T 2 B g o ) AR IE AT A A LS B B

y
D

3
'1X1Conv|

\ | BatchNorm & Non-linear
\| (TxIC Ix1C
\, & Sigmoig Weights & Sigmoid) |

- 617 -
Fl/}Z I
Fine Fusion C
Fl/4

() I AR I R AR S5

(b) BACHE G s 5 0 AR E5 4
B4 gihtas KRS F T L

LTI . BARR UL, T2 A i A 5% S ] 3 2
S 53 3, Horb 5290 43 SO LUK S ) AR k47
BEFNGRZE TS 73 SO DA 27 S R AP AR, 52461 53 52
EHER 53 SCARAE AR B de 24 (10 S 5 HE A

e J5 52 A5 43 3, S 45 TR AR Bk (instance
activation module, IAM ) FH LA A= B SE Bl AFAE o 1 52 451]
RS2 S0 P45 A A S0 20 SR R AR
FeAF 2N . Horp, SRS EIA B o RCE K 2
e NS0 53 S A4 HE 285 Sigmoid J5 15 219, BT 4L
AR Ry O~ 1 Z [ YRR AR . 7EAT 3 S 4P AE
J5 530 H 3 AN 2 i s S AR R L B AR
RS Ir AR N o N AZ S A5 R TiE 28 T I R o 2
BB 24 () SR o TR 6 () iz Jirt S 481 3 T A
e I —A> 3x3 1 4 Bk 4 B A 52 4910 AT 1)
fiE AR TR 1 52@ 7 5 T, SR £ AL
AU — DB EARBUIA B SEBRIERCR R A N
WG, A SCHRE T AR Y S RO A R, s A AN BT 6
(D) FIt7N o IZBERIEIN T — 5P AT Y0 23 3Ok %
> SEAG R L AR, LA (o T 4 B REAE A B
R B % SCR T 535 B RAZ B, A
53 SRR [R1Z TC Z AR e A B i 2 AL R (8] . TR S
8 S O A e (BB ACRRIE S X, i Y
FCEE 0, = A AU B it 7k

X AvgPooling (Y AvgPooling)
L (5%5 DepthwiseConv

A fa
} & ReLU ¢

>

SN

(X Angooling) (Y Angooling)

Concat & 1x1 Conv

K5 = REEFHERLS B A5 K



- 618 - PE O N -

Lo

(o) JESE RIG AR

2025 4F (55 47 &) 4
||I
°

(b) B SL AR

K6 SE LR A X L A

0, = Sigmoid(Conv,,,(X,))O
Sigmoid(Convs, 5(X,)) (1)
0, T ENICE0,e(0,1). H THHHBIIE
FUEE L2 FR PN JC R B R 0~ 1 2Z 8] 14 46 B 14 T R AH
Fe AT B AY , M5 0~1 2Z [] Y 9 A BC(E AR e 2315 A T
JEBAE T /N BB, PRI O A A L SRR RN
A HORG AR R AR 2 RE ) IR T R R
YR, RV 5325 5 o B 55 S0 A3 S s i B
PRI IARAS o3 5 A AR 1 22 0T LU T T3 A SURR
I, TS DU 2 3 ek P A S R R A2 AR Y L (H
HARYRAS 73 5 I AZ 23 ) b A S [) 1) e v )2
T EAZAR R 07 BRI, AN TR R AR
B2 o I AR SOR S A 2 I N 5 B AR 14
FHOrZETCR AN, LA A 1 B AR5 S0
)RR AE Y N TEIDR 2R |, i i RSB R AR AIE A8 1) FH R
3 S ARETE SRt s h 280t T Z2IF
KFERN ERAE , BRI FEA ) T2 ) 22 RUEHFEFI
SERIBAZ BT H e R 2020 1 5 R B2k ASH
RPN AN S 2 = 1 I ol R e |
Refinemask > H1 i S0 SR W6 FE 5 2E 4744 1E 19
Ja &, R T FE R 3T I ZE SR O R AE , AR SORE
F 1 P2 Y F AR S AR O3 S AR R AR AR 5T
O35, RIS SR BERT AN HE RS ARAE . 5 F
Foo FUF, G AHEE, F A3 T RHY 20 B85, AT B
BT RIE o (ER  BEOR &8 G i BY RRAE 5 T A
AR AR RLE , T RE 23 R XA S5 19 ) R, AT
SEEE TR, M, ASCEIT T AT R R
1E A5 Bt (mask detail feature refine module, MDRM) ,
F 43 I 35 0 28 2 IS %) 48 755 R 1Y [N, 20
S TS IR R AR 5 R AR AU RS S
PP 7 i 7R o RS HRAT B AR 43 3, b Al
fiFE 3455 73 57 (detail feature enhancement branch ) F >k
P I v 2R B B AH T RRAE ST e 25 40 A AR
(central difference convolution, CDConv) HE % i 17 2%
B R EE FIRR AR R A A8 TR J2 R I A5 4R AE L 1% 0

S L2200 B TR L BRI SR B EE 401y
FRIELLHATASE o (H 0 2250 B AR T 20 19 R
FEBUR, HAm A FER & gt de b3, BB AR AR
b RN S B AR R B 2 . S —
Z M & 51 543 37 (location—guided branch) H T #& Ht
PRI SN R AE FVAL ERAAE , T LSRN RS 24015 45
AEAE T B Bt 42 R 45 B i B 2k o ) AR P A B
(deformable convolutional , DConv) 1] f= A & HUAU R,
RE T A 2 AR TR 5 060 B 19 284k, H i 43 3]
SRR U R AE 255 1 S 40T RIS 588 O S 4
SBURS 5 07 B 0% 4059 R AT , 1 5 200 Y AR AR 1 5 SR
4 Jr IR o 7 520 SO AT R 1 i
I3 3By i BT R ARSI, HoE
BrBef B IE e

Coarse Mask
1x1 Conv
Detail Feature T Location-guided
Enhancement Branch ¥ 1 Branch

3x3 CDConv 3x3 DConv
& BN ReLU & BN ReLU

MCOHV

& BN ReLU

3x3 CDConv i
& BN ReLU
Refined Mask

7 RS RIS IE R ES G K

1.5 HRESEEKBEMKERE

H T AR R R S /N T 2 SR i A
A, B TE 43 i B bR 2 B SR B T B PC E Y
EE

YRR AL 3 2k L, RS R L, DA
K B IIRAG 381K Lo Lo R T focal loss™
KXF A FR AT 5028, L0 LA 52 BURS B A9 HE A1 5 AE



2025(Vol.47) No.4

ZEJe Fin , 55 < BE TSI P 37 RS S 0 B R - 619 -

22 2), Hoh dice loss™ 5 38 XU 61 28 1) A 2 it
L, 2GRN

L. =8,L,. +6L,. (2)
K 6,58, 435N Ly 5 L. IR S L., K
FH T 38 SURSHR SR G2 i o3 25 S HERS LA 55 22 1] (1)
AP A

B IR LN Ly Lo 3 L =& FIALZ
L, AR

L=A Ly * Ly ¥ AL, (3)
PG L, 5 L, TR R

2 SEERYIE

2.1 HEENR

BDD100K " a4 % 100k 5K 70 HEF Ay 1280%
720 B IE EE S o B SRR 10k 5K B R
TS EUTE S5 o it — 25 M A ) e | AR
SCHT S AR B 7 TPSeNCE ™ %} BDD100K H (14 [#]
QAT ALEE 3 3 A AR T K DL B AR 3 ok 2
TS0 B 00 0 M R B A % B 4R i 44 R R-
BDD (robust BDD) , HAEAMWIE 8 it/ o BRUL AR,
nulmages J& nuScenes ™™ ¥ 3 £4& TH F T 2D 52 491 43 %1
PR AR , AL 5 93k 5K 43 1R 1600x900 1 & o
Waymo ™ #8441 150 AR )38 35, oAl &
FPEER R 1920%1280 F1 1920x886 1 81 i & K114
2.2 EHELETS

1SR 2 SN B 53 A 8 S 76 P 7K NVIDIA RTX

3090 A5 1 SE Y , T ASE Y i P ) R A —
BR B . RGN, FH AdamW 4 R 8 Ak
i WA Y o7 ) AR 5x107, KU T I AR B0
BN 0. 05, YL ) batch size 3 'H A 2. A ARHCH
e B RURS B2, SR T B N i I 2505 =X, RIKE 7
COCO""HHi 4 LI 2R if 1Y Sparselnst AR Ry 11|
A AR, 7R (2) TR ALE R A5, 5 8, AR I E A
2,1 (3) PACE R EA, SA 0 E N2 51,
2.3 ZIWHER

A Ad FH mAP (mean average precision)’f/}?ﬂ?%
TG B B P 48 B , IF 1% £F FPS (frames per second )
Vi R R i B (TN HE R

B OSE . A B Yolact® | Centermask'™ |
CondInst"® | SOLOv2'™ | FastInst™ | RTMDet—Ins"* |
Boxsnake ™ | Box2mask™ | YOLOv8-seg”
YOLOv11-seg™ DL J 3 £k Sparselnst " (baseline) 5
ok 5k UE AT % B, 43 9 £F BDD10OK . R-BDD
nulmages 5 Waymo F#E4T T 505 . fH T Waymo fift
Z Sy F RIRSS B ST U2 S i gL, PR
A SCHIFE BDD100K - Y1125 T 45 (A U FE Waymo
PEAT T AT AL S R LG . SEERAE R AN 2 PR .
FRHE S IR 25 341, 76 BDD 100K .R-BDD 5 nulmages
b GRS AR T e IR ALK . A SRR
oA B 1 5 R K BDD10OK 5 R-BDD I (1 512
B 45 R AT LLBL L B T R-BDD A% T BDD10OK
(0 P8 BE 2 i W P T, B BURS EAR  —
2 2 AR AIG , O RDRS BE AR T 2. 9 mAP, AR AY

(a) &

(b) A= K&

&8 R-BDD [& K kL4



- 620 - PE O N -

2025 4F (45 47 £) 5 4

®2 BHEESEMIGISBEELBERT

BDD100K R-BDD nulmages | Waymo
RV mAP mAP mAP
FPS FPS FPS | FPS
(Mask) (Mask) (Mask)
Yolact 19.5 [26.0| 14.1 |26.0| 34.7 |23.7| 19.2

Centermask 19.4 |23.9| 13.8 |23.9| 34.9 |21.7| 16.6

CondlInst 19.9 |22.1| 14.8 |22.1| 34.4 |18.8| 14.1

SOLOv2 20.3 |23.8| 16.4 |23.8| 35.2 |21.2| 15.9

RTMDet-Ins | 21.7 |24.2| 18.0 |24.2| 35.6 [22.3] 17.3

Boxsnake 18.3 |14.1| 13.9 |14.1| 32.1 |11.9| 6.1

YOLOv8-seg | 17.7 [30.0| 14.5 |30.1| 35.3 |28.0| 22.1

FastInst 21.6 |25.7| 18.6 |25.5| 36.7 |23.2| 19.0

Box2mask 20.2 |16.6| 14.2 |16.6| 34.8 |13.1| 7.2

YOLOvl1-
19.8 |33.0| 15.8 |33.0| 35.7 |29.6| 23.7

seg

Baseline 19.3 |34.6| 16.0 |34.5| 35.1 |31.6| 25.4

Ours 22.4 |31.0( 19.5 [31.0| 37.7 |[28.8| 22.5

KB fe /b AR B R PE . T FastInst R B FRAK T
3 mAP, 2Bt ELAT B0 A e (H R TR A
PRORS B 5 M B O S G RRR AR A3 By
1280x720 I , A A RS (1 HESLER 2 IR 3] 1 31. 0 FPS,
LB 7 H5e K50 BE R 1920%1280 i Waymo |-, 12
fig ik 5 22. 5 FPS, 43 #0m 1Y SC B o ek AR R A
BDD100K . R-BDD . nulmages 5 Waymo - () 7] #{ 1k
SR NN E O~E 12 iR . fEZFgRc T, Sl
TR B 1y 1 K AN (] 7 S A % G2 7 5 9 IX 43t ok, FLA
SRR B b T T A S A A R

FEWR, AR SO il i el e v ik 22 34 e 07 1 0T A
RUPERE Y2 HEAT T AR9E . QI 13 7R, Case I H

o E 3 IR BORY % 22 % H2 7 3, Case 11 5 Case |
P T AR R ZE AL E , ] Case T NJEALG— 245
PO TR 2 4 . SLIRES R NEK 3 IR, I5— )25
FUHAT IR 25 E R AUR B TRG B, 10 25 4 BUKS
FIREA , HLA% 2535 H2 00 B A #F B G F 2, 7E L mib A
FEH IR 1A BB RIS 24 B RS TR N gk 22 14 4
AR BT RO

ARSCGAERIE T R S AR0E R v ki o) <2
(RS DL R S 43 S A B B R/ IN X S TR 2 1)
RO, SEESEE RN 4 PR, 5 R A A R R RR Y
J7 M L, A i R T T REEORS B L (H 3 AR
TR S A B2 A SR T AN B 2 25 AR A3 S, HLAE 2 4%
FRAY S ORI 43 32 40 3R A 3x3 1 45 B 5%5
(R RAZ A B2t o T Wl 35 RS FE AR T . R TS
[F & B/ B TR HF T 2 ROBERHE 32, B
KGR — R LY 78 TR, JUH X 526
WU 58 277 A i 2 R T
2.4 HRRSCIE

Shy 56 UE 45 WU 43 (4 AT 0 L A SO Rtk R
HEAT T USRS 50 . SC a5 R a3k 5 Wion , stk i) 32
T AE A BN ESEZSHNE LT, iR
FAE BEHETE T 0.3 mAP. 1M TFFM | fiff 4 19 52 51 3%
T AL 5 HE A5 41 1 R ARG TE S H 4y ) fift A5 RS i
27+ 7 0.4 mAP. 1.0 mAP 5 0.6 mAP. N ¥
G Ak B AR YRS o SRS FE R TH T 0. 8 mAP, 1fif
AL T 0.3 FPS, iz el ik X R AiF 178 %0R)
BRI

9 HCHEEEAE BDD 100K L1 ] ik 45 S



ot

2025(Vol.47) No.4 Z2 et Bty , 5 TS0 B G F 302 B S s S 5] ) A - 621 -

K11 stEyaes nulmages R AT AR A R

K12 MGHSAETE Waymo b AT HRALZY,



622 - PE O N -

2025 4F (45 47 £) 5 4

' 1x1 Conv
A

Case [ [ Case III
3x3 Conv

Case Il y

A
' 1x1 Conv
A

€

4

13 Al H e AR ] i 5% 2% 3 42 75X

®3  ERAER AR E B E E 7T 3

RS E RS20
BT mAP(Mask)
Baseline 19.3
Case 1 19.6
Case Il 18.7
Case [l 18.5

®4 FERFERTT X EEREE R

Branch 1 Branch 1T Branch III mAP(Mask)
3x3 Conv 19.3
3x3 Conv 3x3 Cony 19.9
3x3 Conv 5x5 Cony 20.3
1x1 Conv 3x3 Conv 5x5 Conv 19.9

%5 HHEREEBDDI00KINIEE FHERISIISER

Improved — Decouple VIDRM Initializing score | mAP Ps
ResNet50 TAM with kernel | (Mask)

19.3 [34.6

N 19.6 |34.5

N v 20.0 |33.2

N N N 21.0 |32.7

N N N v 21.6 |31.3

N N N N N 22.4 [31.0

2.5 KERA=LWER

Shy ik — 2 56 UF S SR 1 AR AR SO e 5
YEFE BDD100K _E )1 25 iy 75 4 A5 70 X6 B 512 3 [ 37 ¢
PEAT T 0, 14 P s ) 35 EE SE B RETR A4S R
BT 7 328 5K 50 HER Ny 640x480 1 & H, AL 5 T
o i SR 3 RO [A] A M  mT R ARl SR an A 15
T 7R, RO TR ) A g i YU M A — A S H B
L RE R Ay 1 Hb 43 ) 1 AL 0 s ) A Y T
54 FPS,

14 3FiF SE LT 4

W

4hie

ASCAE Sparselnst FEAl F AT T okeitt . H G, N
AR RO TR BUWARE 225, 78 321 R 2% 5k
i e P g 7 AR 2R i . HOR R T = RUE
FRIEREG R H iR 1 e RO RIE AN BEEA T L4
ZEE IR, SRy BESRASERL X SRR (1 2% 2] g ) O
PRGSOt T AR Y ST R . BR Ut
Z A FE53 A T 0 2% B 1) AR R AR X A
FHIESEAT 8 1F DA i A U RS i B 6 . i, TN
BRI IR AL B AR RIS 53, [ R RE S 3R 4 1Y)
YIGRRICR A TR AR

TEZ A BEAE b SRR R B 1B TR
by S5 F B TR B B p SE P . 7R A
FEHEAY S AT B WA BSOS A 43
ROR . AHJE , T BZ WSS K RS X St il 45
RABVEIRE SO X S 5 1 BIRCR e A
FRIAIE , 5 223 1 F Je ik iy RS AR CEOAR A= 1A G
e 3 8 25 R AU B 4R L IEAT E— 2P Y S IR 4 T
CERFR OS2 N R 8

&% 0k

(1] g, 289, 4500, 55 T IHOETH RN 3D S8t A4 iR
(IR TR, 2021, 43(7): 1013-1021.
WANG Hai, LI Yang, CAI Yingfeng, et al. 3D real-time vehicle
tracking based on lidar [J]. Automotive Engineering, 2021, 43
(7): 1013-1021.

[2] UK, B, ST S0 BIR F s (1] W%
T2, 2023, 45(2): 263-272.
WU Zhifei, LI Shoubiao. Lane detection algorithm based on in-
stance segmentation [J]. Automotive Engineering, 2023, 45(2):
263-272.



2025(Vol.47) No.4

ZJidin, A TSGR Y A S 2 BRI S o Rk

- 623 .

[6]

K15 B o HGE A S AL 4S

PRUFDE, e, SE0R, 55 LTI 0 s 4 11 s s il oy
TR [T) TR, 2023, 45(4) : 541-550

CHEN Yanyan, WANG Hai, CAI Yingfeng, et al. Efficient auto-
matic driving instance segmentation method based on detection
[J]. Automotive Engineering, 2023, 45(4): 541-550.

HE K, GKIOXARI G, DOLLGR P, et al. Mask R-CNN|[C]. Pro-
ceedings of the Proceedings of the IEEE International Conference
on Computer Vision, I, 2017.

ZHANG G, LU X, TAN J, et al. RefineMask: towards high—
quality instance segmentation with fine—grained features [ C ]. Pro-
ceedings of the Proceedings of the IEEE/CVF Conference on Com-
puter Vision and Pattern Recognition, F, 2021.

WEN Q, YANG J, YANG X, et al. PatchDCT: patch refinement
for high quality instance segmentation[ C ]. Proceedings of the The
Eleventh International Conference on Learning Representations,
F, 2022.

WANG X, KONG T, SHEN C, et al. SOLO: segmenting objects
by locations [C]. Proceedings of the Computer Vision—-ECCV
2020: 16th European Conference, Glasgow, UK, August 23—
28, 2020, Proceedings, Part XVIII 16, F, 2020. Springer.

[8]

[11]

WANG X, ZHANG R, KONG T, et al. SOLOv2: dynamic and
fast instance segmentation [J]. Advances in Neural Information
Processing Systems, 2020, 33: 17721-17732.

BOLYA D, ZHOU C, XIAO F, et al. Yolact: real-time instance
segmentation [ C]. Proceedings of the Proceedings of the IEEE/
CVF International Conference on Computer Vision, F, 2019.
TIAN Z, SHEN C, CHEN H. Conditional convolutions for in-
stance segmentation| C ]. Proceedings of the Computer Vision—EC-
CV 2020: 16th European Conference, Glasgow, UK, August 23—
28, 2020, Proceedings, Part 1 16, F, 2020. Springer.

CHEN Y, DAI X, LIU M, et al. Dynamic convolution: attention
over convolution kernels [C]. Proceedings of the Proceedings of
the IEEE/CVF Conference on Computer Vision and Pattern Rec-
ognition, F, 2020.

CHENG B, MISRA I, SCHWING A G, et al. Masked-attention
mask transformer for universal image segmentation [ C]. Proceed-
ings of the Proceedings of the IEEE/CVF Conference on Computer
Vision and Pattern Recognition, F, 2022.

JAIN J, LI J, CHIU M T, et al. OneFormer: one transformer to

rule universal image segmentation [ C]. Proceedings of the Pro-



624 -

oA TR

2025 4F (45 47 £) 5 4

[14]

[15]

[16]

[17]

[18]

[19]

[20]

[21]

[22]

[23]

[24]

[25]

ceedings of the IEEE/CVF Conference on Computer Vision and
Pattern Recognition, F, 2023.

VASWANI A, SHAZEER N, PARMAR N, et al. Attention is all
you need [J]. Advances in Neural Information Processing Sys-
tems, 2017, 30.

CHENG T, WANG X, CHEN S, et al. Sparse instance activation
for real—time instance segmentation [ C]. Proceedings of the Pro-
ceedings of the IEEE/CVF Conference on Computer Vision and
Pattern Recognition, F, 2022.

YU F, CHEN H, WANG X, et al. BDD100K: a diverse driving
dataset for heterogeneous multitask learning [C]. Proceedings of
the Proceedings of the IEEE/CVF Conference on Computer Vision
and Pattern Recognition, F, 2020.

HE K, ZHANG X, REN S, et al. Deep residual learning for im-
age recognition [ C . Proceedings of the Proceedings of the IEEE
Conference on Computer Vision and Pattern Recognition, F,
2016.

BOCHKOVSKIY A, WANG C Y, LIAO HY M. YOLOv4: opti-
mal speed and accuracy of object detection [J]. arXiv preprint
arXiv:200410934, 2020.

WANG W, XIE E, LI X, etal. PVT v2: improved baselines with
pyramid vision transformer [J]. Computational Visual Media,
2022, 8(3): 415-424.

WANG C, HE W, NIE Y, et al. Gold=YOLO: efficient object
detector via gather—and—distribute mechanism [J]. Advances in
Neural Information Processing Systems, 2024, 36.

HOU Q, ZHOU D, FENG J. Coordinate attention for efficient mo-
bile network design [C]. Proceedings of the Proceedings of the
IEEE/CVF Conference on Computer Vision and Pattern Recogni-
tion, F, 2021.

YU Z, ZHAO C, WANG Z, et al. Searching central difference
convolutional networks for face anti-spoofing [ C]. Proceedings of
the Proceedings of the IEEE/CVF Conference on Computer Vision
and Pattern Recognition, F, 2020.

ZHU X, HU H, LIN S, et al. Deformable convnets v2: more de-
formable, better results [C]. Proceedings of the Proceedings of
the IEEE/CVF Conference on Computer Vision and Pattern Rec-
ognition, F, 2019.

CARION N, MASSA F, SYNNAEVE G, et al. End-to—end ob-
ject detection with transformers [ C ]. Proceedings of the European
Conference on Computer Vision, F, 2020. Springer.

LINTY, GOYAL P, GIRSHICK R, et al. Focal loss for dense
object detection[ C . Proceedings of the Proceedings of the IEEE

International Conference on Computer Vision, F, 2017.

[26]

[29]

[33]

MILLETARI F, NAVAB N, AHMADI S A. V-Net: fully convo-
lutional neural networks for volumetric medical image segmenta-
tion[ CJ. Proceedings of the 2016 Fourth International Conference
on 3D Vision (3DV), F, 2016. IEEE.

ZHENG S, LU C, NARASIMHAN S G. TPSeNCE: towards arti-
fact—free realistic rain generation for deraining and object detec-
tion in rain[ C . Proceedings of the Proceedings of the IEEE/CVF
Winter Conference on Applications of Computer Vision, F, 2024.
CAESAR H, BANKITI V, LANG A H, et al. nuScenes: a multi-
modal dataset for autonomous driving[ CJ. Proceedings of the Pro-
ceedings of the IEEE/CVF Conference on Computer Vision and
Pattern Recognition, F, 2020.

SUN P, KRETZSCHMAR H, DOTIWALLA X, et al. Scalability
in perception for autonomous driving: Waymo open dataset [ C ].
Proceedings of the Proceedings of the IEEE/CVFEF Conference on
Computer Vision and Pattern Recognition, F, 2020.

KINGMA D P, BA J. Adam: a method for stochastic optimization
[J]. arXiv preprint arXiv: 14126980, 2014.

LIN T Y, MAIRE M, BELONGIE S, et al. Microsoft COCO:
common objects in context[ C]. Proceedings of the Computer Vi-
sion—ECCV 2014: 13th European Conference, Zurich, Switzer-
land, September 6-12, 2014, Proceedings, Part V 13, F, 2014.
Springer.

LEE Y, PARK J. CenterMask: real-time anchor—free instance
segmentation [ C]. Proceedings of the Proceedings of the IEEE/
CVF Conference on Computer Vision and Pattern Recognition,
F, 2020.

HE J, LI P, GENG Y, et al. Fastinst: a simple query—based
model for real-time instance segmentation[ C . Proceedings of the
Proceedings of the IEEE/CVF Conference on Computer Vision
and Pattern Recognition, F, 2023.

LYU C, ZHANG W, HUANG H, et al. RTMDet: an empirical
study of designing real-time object detectors [J]. arXiv preprint
arXiv:221207784, 2022.

YANG R, SONG L, GE Y, et al. BoxSnake: polygonal instance
segmentation with box supervision [ C]. Proceedings of the Pro-
ceedings of the IEEE/CVF International Conference on Computer
Vision, F, 2023.

LI W, LIU W, ZHU J, et al. Box2Mask: box—supervised in-
stance segmentation via level-set evolution [J]. IEEE Transac-
tions on Pattern Analysis and Machine Intelligence, 2024.
JOCHER G, CHAURASIA A, QIU J. Ultralytics YOLOv8 [Z].
2023.

JOCHER G, QIU J. Ultralytics YOLO11 [Z]. 2024.





