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Instance Segmentation with Separable Convolutions and Multi-level Features
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Abstract: Instance segmentation is a challenging task for it requires not only bounding-box of each instance but also precise
segmentation mask of it. Recently proposed fully convolutional instance-aware semantic segmentation (FCIS) has done a good job in
combining detection and segmentation. But FCIS cannot make use of low level features, which is proved useful in both detection and
segmentation. Based on FCIS, a new model is proposed which refines the instance masks with features of all levels. In the proposed
method, large kernel separable convolutions are employed in the detection branch to get more accurate bounding-boxes. Simultaneously, a
segmentation module containing boundary refinement operation is designed to get more precise masks. Moreover, the low level, medium
level, and high level features in Resnet-101 are combined into new features of four different levels, each of which is employed to generate
a mask of an instance. These masks are added and refined to produce the final most accurate one. With the three improvements, the
proposed approach significantly outperforms baseline FCIS as it provides 4.9% increase in mMAPr@0.5 and 5.8% increase in mAPr @0.7
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on PASCAL VOC.
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T3 RMGE AL, T8 7 BIE AR R JE P B AT 73 28 S 73 BN 7R Z AR S R 5

DZESRAE L 2 4 T AT
HE 3 T TG 1 (1) 73 | 57D

S 43 ) AT (1 B 15 9%, 0 Deepmask™®!. Sharpmask™ 1 InstanceFCN? #B 4 f§ 7 Faster R-CNN i 52
I BEAT 43 SR 5 .8 ATTHE D488 [X 45 (region of interest) () JE At b A1 FH 4= 25 FH W 48 A= 1% 20 B HE RS . 25 € — N BB
Jv Bt,Deepmask it P9 S AR L — AN T LA MR R R BB TR — A S AT R EGR A k EUHE A Bl
AT 15 B S B LR R 43 . Deepmask FY 5% B2 [ B 000 45 1) AR S0 9 75 3. Sharpmask 38 i A= il B A AN [
TR 1 R RFAIE 1) 5 1 o3 B AR K 20k Deepmask. 't B 5 M 151 J2 YRR AE 2B J s 91 F) 8 6, 54 FH A1 2 UK 19
i35 hn LA 4 Ak InstanceFCNI U Hy 1 7 B US43 181, LARAIE 23 BT 55 (01 B 7] 48 1 A7 B JUsR R 43 P g
B DAA BRAEAS S 1) 43 BUFERD. 55 — Bl AR S AT 45 W 48 2 I (MNC) I 7 V4 501 %1 43 S 3 B B /AL I &4
FERD A= BRRR S8 43 24 AN M B AT — B BRI 5 SRAE S N A I 485 2 ity 38 i 1.

IR TR — A R B SR S AT A ] A i 24 S, X T B T SO HERA T BN T AR LA i)
RO, — s B A AR R 7 2 FCISISI R 7 ok FCIS 4k 7R A ) 1 57 B BB 40 T 0 7 vk s L0 e 3 3 AMMBr B
BURE o B AR T BN SUE RS — L BN BT AT 55 AN 8 A SO R R TR, DA e AT B
HERf. 3% T FCIS,Biseg™ R 18 S 41 (45 SRAE NS 20 B 63045 5. 22 R RO B JUKPE 2 B 7E Biseg b th
B IE BH 2 A5 RUI B X W 0 1, Biseg Lk FCIS 5 7 &2 4 .

B, AT B LR A Mask R-CNINDSUR — i fif B SR | 3 F (600 5 Sz 73 BIHE L/ % 7F Faster R-CNN
RN T — AN 043 32 A6 K6 I AR [ Bsf 6ok S 41398 4743 #1 . Mask R-CNIN 25032t 17 43 F1 i 358 2 o8 8, vy JR R A 3
T B8 5 softmax () 2 W aUA2 A& N 1 H T B8 K sigmod —AE 22 X5, M8 38 X AE 155 — RIS A AH
BB AT AN 5 A SR D LB ) A — AU T B NN T RolAlign 22,7 I U2 14 46k {1 .45 24 R
[ 35K 1) i A 455 SR B0 30 AR St A T P, M T BRI 1 9% 25 LA 5 M ] B (HLE. PPN — Z2 %01 s FH 4 R 1) 35
B~ ,Mask R-CNN Ef3 7 R4 30 .Mask R-CNN T EFE A /> 8 4~ GPU HISEIRH IR T A BB L H 5103 4
A R I,GPU ) £ 8 2 2 W S 36 v 4t 4 B 10 R TR A Jik B R 65 4 ok AR e 1 ik & 13— fK (batch
normalization) 5 2, M 7 ok 17 (¥ S0 56 28 S 32 PR TS50 R 88, A1) GPU £ H A G2 2 2R, R 1tk 52 B 1)
Mask R-CNN ZUR 5 A8 SCHZER K, K 25 1 B R SCH T XA JE L AT BB 7E Mask R-CNN - _E 4T 5258
HAETE NS M LI W R il — DAL

A SR AR A T A B U BB AR SR T — PR b FCIS BB 4. BERE A AR R ATHI IR T R A
T B AR RS S E i R TR A AR A5 oI ON BE AT AR R A SR T T — N B A A R A
Z PFHIE B 2 0 814y 3285 7E PASCAL VOC #¥E4E EXZ i ik i GedhAT 7 WA FRATE mAP'@0.5 A
MAP'@0.7 14371k 2| 69.1%F1 54.9%, % 2 = T IRATI L 77 FCIS. A EBE TR B 45 F.

(1) FIFHEAT KB BUZ 00 0] 23 B 45 R Sk 7 R0 4 52 49 31 T SRR B I L R

(2) R AT 2 B AR AN S A R AR S0l T o0 100 32, 5 20 T EAS I o E A

(3) ARG S T Resnet-101 (K. H. & 3 MNERIEHIE. 236G 5600F T ab & J5 B E 1A 2k

2 tExIfE

21 &EFALFIRIAMLE(FCIS)

XTI T AE /& LA InstanceFCN S ZEfl ). InstanceFCN B N T 47 B BUKE o B, 76— E 2 LR T TR s
4. InstanceFCN = 2 F] T4 s i (B A7 7E — Se AN &, U AS B8 I W35 S8, 75 28 I 482 190 TR 245 B B ) 31) X ik
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TS A i 2 3 ) 45 4

FETF InstanceFCN, 445 F S {5 J Jn 4 2% (FCIS) 32 T Hi oK, InstanceFCN R A5 BAN X Zfar % A 2R 5115 .,
S B P 2% 58 i S I B FCIS . — AN 455 RIS i ) Sl S A28 500 45 2. FCIS I PIAN T4 25 (B AnAs A
G EN AL B RURHE, i) B3t 247 B ST 4 .
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softmax 4 /E 13 B S5 8RS, 18T B AR H 1K) max #RAER B0 %,
2.2 A5 B4 (seperable convolution)
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BRBCEFISH T y=conv(x k)&, Je o Jir th BB 2 .
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AR ZRE IR T ORI S5 R VI KLxk2 LE k1+k2

k%1 convolution [ 1=k convo lution
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omam 16 AR I RIS S4BT 5, B KR S
BEETREN 5 RS B IE W A0, R K AR R s Sk T KT
Fig.1 Separable convolution 5 2800 R S 100 ek B W A AN B S5, K
SR Rl F R R 39 055 450 K A 1 15 L 52 M A 356 B T R 2

F4 00 % 6 T b 60 B 1) S o SE I AE R A5 0 76 )5 SCHTR I 18 5 v FCIS D dkaar il H SR ) K 4248 4 R i 7
BERT —/NB XA R 2 B AN KT B B R B UL W] 4 B B B R T A, H AR A
B OK IKR 20 BROS F P E R R T IR

IR T RO t BEAT RGP GBI R 1, T KB AR I G R AR 10 R B T 2 B/ R £,
I H TS B URAS BEW AL T 2 B AL R AE T ORI U 2 8, T A R B U K B B R A R 6 W 4T
F 7 B A, W LA D B0 S BRI DR 3 P B AT KRS I BB 5
2.3 Light-Head RCNN

TEFRAT 1075 B BEKG HE 22 (4 Faster R-CNN AT R-FCN) AR, 55 1 25 2 28 il 2 % i (i ade o 5 R 44 55 2
R RGBSk R T 3RAT B ARG B SR R R R R B X R ERENSHEME RN A
TR I A 1) A B A R B A6 R 0 0T 43 8 A Uk AR R — AN B o BB RO B SRR T A B B
&, Light-Head RCNN fifB T Faster R-CNN % R-FCN [ & /5P ¥l Ak )2 AR IX 2 J5 3t 8 A 709k B 15 31 B 2%
B 25 SR AR T8I TR N — A A2 2 W AT LASR AT 40 2K A0 [ )T i e 28 45 SR sz 36 v BRANTA 10 B TR AR5
B, R B A 7 A7 B A0 [ 88 DX et Ak 2 R0 A B2 2 T S A AT T B KB AR R S B AR
B 1xL B k<k BREAGN Ixk F1 k<L 550 Ja 0 BT — AN A 42 25 A a8 1 70 4, B 3R 47 49 RN [l o i s
I8 FRATIE R B, TE T8 8 H0D (R AE B B b R M 0 X3 1)t A, AN S HE 1 6 3 o 3 £ 71T 40 N AF BT B UL
jat 3% Fh 732, Light-Head R-CNN $2 /&5 7 K I 14 58 J5E F0kG B
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2.4 HR Mk (boundary refinement)
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3.1 Resnet-1014HEst&

FRAE ] ResNet-101 M AL Sy 35 B0 32 145 ¥ 2 AT 1 SR . Resnet-101 LAY TT 42 5 AW B BN B
P AR AN R U FEE (R AAE 5 01 7 T v 28 5 3 FCIS S B A2 P, Resnet-101 {155 5 2045 E 555 4 S04 B A 41
[F] BN E IR R R 55 2 2. 55 3 B 4 EREEET 11 MBREIER T RS 55 5 ZEHM
] ) R/ B S Ik SR AE A 46 BT IR 4 B4R AL, BAR 3R VR 75, W56 5 EBIEE 2 2 AR IR JZ 3T X AL
B ERITERME 4 KERER T 4 28 BVRHIE, X L RRE B 36 AR [F) 5 R /N FHER BE AR R R AE il 1045 B i 2D 2]
%2 T AR AE LR AE Dy S 43 17 X 48 N
32 ®WllFox

an ik, K A Light Head R-CNN &5 R 7E N ERATT 7 M 4% 7E Resnet-101 [ convb JZHFAE B k47 KA
B 15y BB AR A5 B E0. A TE W KN BN 15,1% 5 B 4G Light Head R-CNN H 1) K /N AR ] ZE 42 5k
R H T A A % S5 A 3R AT B R I DR X b A X R AN AR R E B SR B SR B g R E T — A2
B AN 4 096 481 W =, 8 it 4 E B E AT 4 R0 FHE RIS
3.3 SELHNBEIFNE

XEFEE 3.1 AR RSB R AE, FRATES AT AH R (1 — R BV AE X S B T LA G — A o BB e 4y
FREH AT W E 4 BRSSO BN L BRA TR IR KBS R 1 AT 4 B 46 BUE SE) 4 Bl R A B4
355 ] 52 S 49 43 1) R AR AN S 7 RS P I TR AS — @ 1R KL IR 5 BIOK 1 I8 2 T W6 R A i 2 A RO 808, T
/IS AR T R 2 R TH AR A FRATT RS2 56 P 3 I 2 IR 1 SE SR BT, I AR B UL K/ E N 3453 T i
IR 5.
34 MKEH

S8 8 FH BRI A5 2% B BCR SE48 o0 BAT 5% v BB I 45 2 BB B

L = Lcls + Ldet + Lmask’

it Lys A B AREE AT 55 o 55 T 4088 X 35, H AR 2 51 000 (1) 38 SO, Laer 2 ARSI A 5 - 24088 X 35 1 67 B A% 1F
3539 PR B, Linask 918 A3 EIAT 55 A 0 (1) FE 0L 5 Sz B #5001 345 38 28 U 2 AL R T 51258 5% FH 140 2 ity 281 s 174 )1
277 30, R X 3 Fhdi 2% bR B[R A5 UF S I (B AR 0 B, 3 P 2 R B B B AR 0, AN R AT AL

2a

4 £ W

FATE VOC 2012 I L4 (5 623 5k & 1) ExF BB AT T I 45, I %5 VOC 2012 BRiF4E #E4T T 3745 (5 732 7k
PR ). FRAV IS P (VT 3 [X 38 (0 P 0 R mAP A8 A 0.5 A1 0.7 (38 I B RME T (1 mAP” 5 b, 76 i
I DX IR B X 3 v F S48 I L

SCIR IR R R A 2xTitan X(Pascal), VIl 2R BT (1% 2] #15 E 05 0.000 5, 3L 111 2k 22 GEAR, I g AL Ab 31 4 &
N LA R B 5 O R B AR ES A R

FCIS* b Bk 28 J72: 56 T FCIS (MR SE B B T S48 A0 F AR RS R 12 2 T~ FCIS R & IR M B U7 ARG A&
MOSEBLAY, RIS AT B O RIS JEARTE A T 4 A GPU 847, T R ATHI SR 5 A 2 A GPU, I SCEN @A F B
SRR T GPU HE X TS24 AR, (6 A B GPU B it i i 2 7 Sk 45 5t 1 AOMS 3R . el T4 T
VOC 2012 ##E 45 K v g /b B ik, BAR LI 45 BRI T8 3045 1 A2 2 IR /N B — 58 B LB L 5 B
b 7E Biseg™ I 1B % 5 LA S0 45 SR AL BRI T8 S0 45 SR IXOF R & B T2 30 7 vA sl S W AT IR
i) 2% BisegM BRATKHIZIT FCIS HILE RARIC A FCIS* XA R R M 5 KIS AT B 7RI F 18 B 4 B
BRI /N AT T AR 3L F k.

BAVR 7 1 SR X IR SEIG 1 FCIS*AH [A], 3144 A 7 ImageNet b 756 Il 25 i) ResNet-101 A2, [&] B 345
FERATIIAE R b 87 78 2R A 7~ 49142 38 (OHEM) A4 45 784 v 1) ROIPooling 17 & & ROIPooling(PSROI Pooling)
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M ROIAlign J7 7%, BUA8 T B IR R, 73 9 64.8% A1 51.1%. 2 Z X FIAFAERE B BRATTIE 2] T 65.9%F1 52.1%
IR K Light Head R-CNN ) 45 14 Btk B FRATI AR B b 2 5, 285 L 43 71N 68.6% 11 53.8%. 55t Ji %t I 4% &5 #4 4
177 AR A B T S RCR, 73 5N 69.1%F0 54.9%. A1 A SCBIAY 5 350 (1) 730 AT T B 45 R BoRTER
1 X AE B T FRATIARE B I M A = R

Bl 5 R T 3RATM — b 25 B s i i S AN A0 AN Bl R AE, FRAT I VAT R AL AR T S R E SR T
SE LT ARSI A, AT 6 6 T — 2 2 R BT AR 2 R 1A

Table 1 Comparison of results on PASCAL VOC2012
1 PASCAL VOC2012 545 43 %1 45 5 Lk 45

Method mAP'@0.5 (%) mAP'@0.7 (%)
SDS™ 49.7 25.3
Hypercolumnl?” 60.0 40.4
FmH 60.7 39.6

MPA?2! 61.8 -

MNC!#! 63.5 415
InstanceFCN!2 61.5 43.0
1st24 63.6 433
CRF®! 62.0 44.8
FCisit 65.7 52.1
Biseg!**! 67.3 54.4
FCIS*(baseline) 64.2 49.0
Ours(with roialign) 64.8 51.1
+multi-level features 65.9 52.1
+Light Head R-CNN 68.6 53.8
+boundary refinements 69.1 54.9

-

Fig.5 FCIS(top) vs. Our Model(bottom). FCIS shows missing, redundancy and rough boundary
K5 FCIS(E)vs. AT RL(T).FCIS RILHBRK . TUAR AR RE 134 5+

SIS 0 A 0 4+ S [ A Ak R XS A AR T 1 32 SR, S8 43 RS i 0 A 1 30 2 A K
Sy, S A 43 B AT DUAR R H B R AR A R AN A BRATTHR T — P 0L SR 4 1 o 1 o 4 45 AR U R
DA Lk S5 41 1) 1851.3% J5 928 ) Light Head R-CNIN 7 v b 320 & AT 160 D0, 5 1) P 300 S A0 B e 0 22 0 R E
S RS B R AE PASCAL VOC 4 FHUE T 69.0%H01 54.9% % e 45 5, 5. 3E = T FCIS L i4h 5 48 A
S5 B A o BRATTHT S AR R I 43 =2 M43 1) 43 57 2 18] 3 37— AN BLEE PR 2, LA 58 T A1 22 18] 9 52 3L 8 3 ) £ R A0
oL,
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