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Abstract: During the instance segmentation for contour convergence, it is a general problem that target occlusion
increases the time for contour processing and reduces the accuracy of the detection box. This paper proposes an
algorithm for real-time instance segmentation, adding fragment matching, target aggregation loss function and
boundary coefficient modules to the processing contour. Firstly, fragment matching is performed on the initial contour
formed by evenly spaced points, and local ground truth points are allocated in each fragment to achieve a more
natural, faster, and smoother deformation path. Secondly, the target aggregation loss function and the boundary
coefficient modules are used to predict the objects in the presence of object occlusion and give an accurate
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detection box. Finally, circular convolution and Snake model are used to converge the matched contours, and then

the vertices are iteratively calculated to obtain segmentation results. The proposed method is evaluated on multiple

data sets such as Cityscapes, Kins, COCO, et al, among which 30.7 mAP and 33.1 f/s results are obtained on the

COCO dataset, achieving a compromise between accuracy and speed.

Keywords: instance segmentation; object detection; snake model; object occlusion; initial contour
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Fig. 3 Advantages of fragment matching

210245-4



JtE THE, 2021, 48(11): 210245

https://doi.org/10.12086/0ee.2021.210245

_ Ygep, Smooth,, (IoG(D",G.))

LExGT - |B | (4)
+
GL =aIgmax oo IoU(G,B) , (5)
—In(1-x) x<¢
Smooth, = (6)

2% n(-x) x>¢
1-¢

K. Smooth,, REL, AMHATTE(0, 1) BlIELLHIT,
EFTEO, DTS o BIME, 24 ¢ II{EEUN,
7R S8 (L A A SR B
Ly o FIVE PR 2 H AR SIOAE 5 HoAth B AR AN 7]
TOMAE SR F, XIS IR B HEE NMS AR .
AR SCHE TN AE (1 58 & B, L4 B AR YA 7] 43 LA AR
LW T4 B, =B,NB,N..nB, , SR\ P+
ERAE TR , 35K P4 1 B B B VAT B 2K
Ly s, = 2 Smooth,_(IoU(D”, D)) ,  (7)

K Ly, p IRGFHOARDREEPS R, B AR % AR 5
T, WA LA = A AORE B2 , 25 W0 RBHERf B AS I ATE

H bR R AR BRECHR o i A A HER P, (7500
ERINEY/LUNTNG 01 Bk - R UL NN =S Q1D oy | 5 el et
Bl g5 a vy B brka HERR A0 5, (BAE FUE
WEEZERNEL, FEPR R T A ik
Z00 PR UAAS SGE R 9 1Y A R B B T 20
FHER, RSB BIRG EE
2.4 BRERYIRR

For I X AR 25 S MRS ) A, R — I AE
A EPIRRHEGE R, SRR OO, AR
HIFR ARG BB B EX— A FE, P T
WS, FTRESS I AR IARE B AR, 1 R
LBV SIS AN HER . A SCER L —Fh AT AP ER

Backbone block

-}
-
[0}
o
c
Q@
>
c
Q
Q
5

CirConv-Bn-RelLU

QV-Bn-ReLU

1x1 conv =1024

P Add

X Concat

Fusion block

1 FRE Y i1 RS B AR B30 B &R 8 (boundary
coefficient), % J7 7% 1] LAAR B [ — AN FHE R 214
ENSEU R VSO U B EFSROR 7/ L NRE SR R YR IR )
G, T AF AR AR SR A A, S RE AT DX Y
PR EA TS HER 2B 535, 23] Yolact " HYIR &, N
TR R RE, AR L RN —AN ) S—4 R
Itk (global average pooling, GAP)Z, HEMIIA AR
BRI 2.5 T E 4,

5 FBCRATIHER 532 e x ke 1Y X, 25 i3]
FEEEMBR LT, k=2 BERFEASUNESR, —If
PSR (ZE Bff . 2T A EfARMG TR B—
A DR TS — L R A T R B, X SE R LA
PHRIESS B OR B FAE b UL B 8, IR &R
B U RAE S B RZ R RFE S TXS 55, $ sy
FIRASEE

mlje RWXH><3 , (8)
s i RS | P IX, A SCREAGIIAE 43 5 d
T IR jAKE, fEASCERIG Y, —3f
d AREIHE, W jA%E 1,2, ., d A T my J&— oxn
HEPF, o RonBIEEL, n WIFIR TONAE R

TERC RSB TE , 25 5 B AR B U R AE
SRR HRIRBREA—2, ASCRRHEXS 5548
FROEA TG

F(S,) =Y 0| E, (S, +AS,)xm, ic L4} , (9)

e F(S,) J2AE S, AP HE IR FPAFAE,  F, o A%F
fiE, S, SR —HEREAL, AS, 2 S, Il A (A (F Tk
ANFFIEXT SRR A 2E), o o sigmoid pREL, FFiI 5t &
WS E TS, BRI RBE AR . AR
B BRI AL S A SR, dd SRS B RRAE
XF5F, RGP, T SRR Y

Prediction block

8| e

o
2 Y N > 1]
= L dL c o
S g & Bounda
o] > > o © \aary
o & & - o coefficient
x o o X <
g — — AN [0)

X X

XA a

Offset

B4 sERHitA

Fig. 4 Iterative deformation process
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Table 1 Comparison results of the validation set and test set with state-of-the-art in Cityscapes

Method Speed/(f/s) APyal%  AP/%  APso/% Person Car Rider Truck Bicycle
Mask RCNN'®! 2.2 315 26.2 49.9 30.5 469 237 228 16.0
SECB!"! 11.0 27.6 50.9 34.5 524  26.1 21.7 18.9
PANet'? <1.0 36.5 31.8 57.1 36.8 548 304 27.0 20.8
Deep Snake™ 4.6 37.4 31.7 58.4 37.2 56.0  27.0 29.5 16.4
Ours 5.9 39.1 33.8 60.6 38.5 56.8  27.7 30.7 17.3

Cityscapes Cityscapes

Kins

K 6 Cityscapes 5 Kins #9% R K
Fig. 6 The renderings of Cityscapes and Kins
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Table 2 Comparison of the AP of other instance segmentation methods in Kins

Method Detection Amodal seg Inmodal seg
ORCNN!™ 30.9 29.0 26.4
Mask RCNN® 31.3 29.3 26.6
PANet!'? 323 304 276
Deep Snake'”! 32.8 31.3
Ours 345 33.6 29.7
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figo
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TEAE SR RS B LR E TAEHKF . B/ 7R
At SRR TR L, AR SCR R AR T R T
77 b HEAE SR AU 36.3 f/s Fl 32.6% mAP [1)l45%,
F R FoREUS 38.4 f/s F1 28.3% mAP FUTEMEEER,
N T AR S R U AR A, AU R COCO
PR FRAESSTN 36.3 f/s 1 32.6% mAP; &l 7(b)
JEoR 5HAMA LR PR fhZkxt L, 754 [ nE] 0.5
BESEET, HABE PG MR, A SRS TR
P 2%, FEAREE 0.7~0.8 BUAERE, 7kEE 54 R I
S fe P

A3 HAAwey ket ik COCO Lagak 2 ad & 2t b

Table 3 Comparison of processing time on COCO with other real-time methods

Method Yolact!"! ESE!"™ Deep Snake™® Ours
Val(seg AP/%) 29.9 216 305 318
Test-dev(seg AP/%) 29.8 30.3 31.5
Time/ms 34.2 26.0 36.8 34.5
@ & PANGt ®)
50 - @ Yolact
40 <+ Deep Snakg
*x 4 Ours c
< 30 o +% 2
_ . 2
8 20 o
=
10
Real-time
0 T T T 0 - - ' '
0 10 20 30 40 0 02 04 06 08 10
Speed/(f/s) Recall

B7 (a) %47k COCO #hik/E A5k M it

(b) PR wh &5t 1k

Fig. 7 (a) The speed and real-time performance of each state-of-the-art in COCO; (b) PR curve comparison
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Table 4 Real-time comparison of instance segmentation with state-of-the-art on SBD

Method AP\oil% APso/% AP70/% Speedi(fls)
STS!e 29.0 30.0 6.5 37.0
ESE-50"""! 32.6 39.1 10.5
ESE-20"% 35.3 40.7 12.1 385
Deep Snake® 54.4 62.1 48.3 32.3
Ours 55.8 63.5 50.7 35.7

coco SBD

COCo

B 8 SBD 45 COCO #9zk
Fig. 8 The segmentation effect of SBD and COCO
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B9 MEAEFaELGFIERE
Fig. 9 Common scene splitting effect in real life

A5 HMERAE SBD 4R

Table 5 Evaluation results of ablation experiments in SBD

Models APyl % APs0/% AP70/%
Baseline 53.9 61.5 481
+Initial contour 55.8 62.4 49.0
+Boundary coefficient 56.5 63.4 50.3

%6 f£ COCO #t#% % b #4T K k2
Table 6 Ablation experiments performed in the COCO

Initial contour Matching Loss AP/% APs50/% AP75/% APs/% AP % AP/%
BBox Fragment Smoothy 4 30.3 50.5 32.4 16.4 34.0 46.2
BBox Uniformity Target-Agg 30.7 50.8 32.0 16.9 34.5 46.3
BBox Fragment Target-Agg 32.6 53.5 34.7 18.9 36.1 48.7

75 ; T . : :
— Baseline
— Target-Agg

Number of missed detections

50 ‘ : : :
04 05 06 07 08 09 10

Detection score

B 10 RARAREEY Y AR

Fig. 10 Ablation experiment of the number of missed detections
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Overview: With the help of instance segmentation, the scene information can be better understood, and the perception
system of autonomous driving can be effectively improved. However, due to the problems such as object occlusion and
object blur during detection, the accuracy of instance segmentation is greatly reduced. Deep neural network is a com-
mon method to solve object occlusion and blur. Based on computing resources and real-time considerations, con-
tour-based algorithms are other solutions. Active Contour Model (ACM) is a classic contour algorithm, which is called
Snake model. Its parameters are less than those based on dense pixels, which speeds up the segmentation. A novel seg-
mentation algorithm based on ACM combined with cyclic convolution is proposed. The algorithm uses center net as the
target detector to update the vertices using the iterative calculation of cyclic convolution and vertex offset calculation,
and finally fits the real shape of the body. The algorithm has three main contributions. Firstly, for object occlusion and
blurring, a loss function (target aggregation loss) is introduced, which increases the positioning accuracy of the detec-
tion box by pulling and repelling surrounding objects to the target. Secondly, the initial contour processing is an impor-
tant step based on the contour algorithm, which affects the accuracy and speed of subsequent instance segmentation.
This paper proposes a method of processing the initial contour, which is fragment matching. The initial contour to be
processed is caused by evenly spaced points. The detection box is adaptively divided into multiple segments. The seg-
ments correspond to the initial contour. Each segment is matched point by point and assigned vertices. These vertices
are the key to subsequent deformation. Finally, in dense scenes, it is easy to lose the information of adjacent objects in
the same detection box. This paper proposes a boundary coefficient module to correct the misjudged boundary infor-
mation by dividing the area and aligning the features to ensure the accuracy of boundary segmentation. The algorithm
in this paper is compared with multiple advanced algorithms in multiple data sets. In the Cityscapes dataset, an APy, of
37.7% and an AP result of 31.8% are obtained, which is an improvement of 1.2% APvol compared to PANet. In SBD
dataset, the results of 62.1% AP50 and 48.5% AP70 were obtained, indicating that even if the IoU threshold changes, the
AP does not change much, which proves its stability. Compared with other real-time algorithms in the COCO dataset, a
trade-off between accuracy and speed was achieved, reaching 33.1 f/s, while the COCO test-dev has 30.7% mAP. After
the above data analysis, it is proved that the algorithm in this paper has reached a good level in accuracy and speed.

Cao CL,Tao CB, LiHY, et al. Deep contour fragment matching algorithm for real-time instance segmentation[J].
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