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Real-time instance segmentation using channel pruning
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Abstract: With the application of instance—segmentation in various scenarios, the running speed
and the utilization of hardware resources are two important factors to be considered in the application of
instance segmentation. Recently, a instance segmentation network named You Only Look At Coefficients
(YOLACT) bears a high processing speed. However, YOLACT needs to set a large feature extraction
network to ensure the segmentation accuracy, which leads to high resource occupancy and limited
running speed. Based on the YOLACT, a new model is proposed, and the feature extraction of network
segmentation is optimized. Firstly, a channel pruning method based on batch normalized scale factor is
utilized to compress YOLACT network, then the convolution layer and batch normalization layer are
fused. Finally, the proposed approach is evaluated on Common Objects in Context(COCO) val2017. The
experimental results show that, the model size of the method can be reduced by 56.9% and the running
speed can be improved by 28.6% compared with that of the original YOLACT network. This approach can
reduce the hardware resource consumption and can improve the running speed.

Keywords: instance—segmentation; model-compression; channel-pruning; running efficiency
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Feature SVMP' | HOG SVMP!, i X431 Z 2k H & FBE ML 09 J7 2, 40 55 4 B ML 3% (Conditional Random Field,
CRF)¥ ., /R 1] 5K Bfi#l 3% (Markov Random Field, MRF), 1£4: 77 B 52 B 5201 43 51, 78 2 E0KS B0 B8 FRCR 146
BAK

AR, 1535 T 5 U 2 25 (CNIN)AS I 47 AR Y &% e, 36T ONN B SE 6 B4 80 1T 2 B s . M e
L S o BB, T CONN W SE6 2 H1 07 2 R AR A i M BE, 402 B RSS9 2 B0 /A58 Jr 1 . (B H
BTS00 0 TAESE 20 & T EG 00 08 T1, WFas 78 | BF R0 U5 b o) A0 A0 O T AR R A 10

RUETE B4R, 244 YOLO® ™ | SSD(Single Shot MultiBox Detector)!'” 4 SE R /6 I 598, £ 18 L4 #)
ik 47 ERFNet""! | ENet!™ | LEDNet!"*/45 [ 45 nJ L) ABCS S B i S ), R A 52061 2 B 40030, 328 47 240 8 i A
BEUE 5 FH I T A D

To 3T AR 04 S8 A D ) 2% YOLACT! 25 8 T 3 1) 1 52 i R 55 5K, ] LAAE B 1] JE Ab B 2% (Graphics Processing
Unit, GPU) I ik 2 30 fps 22 A5 (9 &b J 3 B, [A] i 78 COCOUS B iF 4 | %9 5 451) 43 1) SF ¥4 K5 # B (mean Average
Precision, mAP)!"'} 30.6, FF 52 B P F 23 HORS B2 L AR T AR 47 09 785 . {H YOLACT 77 2835 B 3K i R Ak 42 B
I 2% (Backbone) A" BE MR TIF 48 i (1 7 BUORS 0 J8, 1X 2 S BB AL A E SO R, i AR 2 0B 17 B A7 AR (R 776t 2
[, [ B 2 v A TR S 5 L BR o) T S B A R

TR BRI, AR SCTE YOLACT Jeah b, #2840 T — M A7 808 0 m o B0 5 1 0 /0 9 ) 3 3 59 A% B
A S o3 )y . B, SR ) T3 8 A% 4 R X YOLACT 4% 647 45 A, 3 3241 % YOLACT Hh#ERT
2 B R AIE 42 U 2% (Backbone) #8474k o 275G, AR Y Y Backbone B 43 #E 1738 18 BT AL VORI S BUR 4, R G
B BT M 4 1 S BUZ fidit I3 — b2 A b — S0 E R, 28R ETEE, &5 7 COCO val2017 I
X% REVEAT T IEAS . SR 45 SR R W], 7F % E Backbone S ResNet101 [, 7 3¢ J7 ¥k 19 485 8 SC 7k K/ Hy
84 MB, Lt YOLACT M8 SO /N 56.9% , 5K 43 %15 BE AT LLGK 2] 36.1 fps, #HLL YOLACT $2 T 28.6%, Tii4+#|
K mAP HFEME T 7.3%.
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iK% 35 fps, (HTEH A PR IE R COCO i 5 LA MG S0 45 3 o Lee %5 T H R 46 l Anchor—Free Ay VAR 2
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HWE, BEfS IR B ST b BE A A5 5, SCR[30] 0 A 45 5 26 B 4 TiTan XP GPU # 4% | CenterMask—Lite 5 YOLACT
25 FENT AR [A] (4B 23 ms), {HJ& CenterMask 45 8 SC AR 45K (153 MB),  [FIFE 2 o5 #2097 i 25 (8] iz 47 B 19
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SR — RPN SR 5 55— Ao ST EEAS 2 A AT AR R, R AR AL 2 A g3 SCAS B S O A 4
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LIU Zhuang %5 #2 T — B 3 T BN 2 0040 7 A9 3 38 85 8L (09 7 k1, X4 DL 69 4 25 B 2% (ResNet® | VGG
(Visual Geometry Group)*48) #4177 87 A kb3, 7F ImageNet. CIFAR 457384l 48 L HUAS TR 4r MR . (Hal
T BY R Y 7 iR TR S B A EVAT 55 L A B D AR S 0B % O 2 N AR S A3 FAT 55 b, DA AR A R 4 A
BRI, AR THE 175 B A 55R .

BEXT YOLACT X 4% 5 %215 & 3 K (1) Backbone {1 1IE 43 F0KG 8 B (9 [R1 B, 23y e i B2 0 5 F L 38 47l B it
SRR, AR T R HER LA . R X YOLACT 1Y Backbone &84 #E 173 8 85 A 4b 30 . 458 B ) e BRI T .

e, & E B Backbone( Ul ResNet101) 9] 4 1k [ 2%, If-15 & ) 1 A 45t 2% R %5 YOLACT B4 2k R4 — 2L,
4 2% PR BN (1)
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X R BN RME B AR G R E, KRB ABN RS [ e
A BRSO A OR A S e R B v omeEN
PR 2 75 . K SCHS B 5 B 53 B0 o B0 A3 19 4 U BN 2 4 -

AR R RO RIS T . VR BRI TR 1 % A ﬁ
e, B XA R A . R T RS B PR A

RO AR, AN S 20 MERmG 27 A RRRE, WILHRZ R Fig.2 Combined BN and convolution

St 2 X6k S 491 43 B A B B mAP 77 A — B R2 0 K2 filaBEAZMBN 2
3 SLug

F£ COCO train2017 b XA SCHY 5241 4y BIBE R UEAT T U145, FF4F COCO val2017 34T PEAS , fif FH ST 35 45 off B
mAP JI 5 525 43 E) AR A RE L 5t 9 B 4 R B R . 1080Ti B GPU(8 GB /7). Intel Xeon E5-2683 CPU . 128 GB
WA o

3.1 BEIHY LB 5 B 45 R FO X BE

Pl ResNet101 4 A #5584 (1) FEAIE £2 UM 2% (Backbone) S 4], S8 240 15 40 F « 3% B AL Y Backbone 4 ResNet101,
Batchsize & 4 8, #IUH2% % 4 0.001, 435 7E[20,40,50] epochs Ji AR 10 1% i) 22 ) K, I %k 64 epochs J& 5= 1 Il
Yy WmmAe il gent, L BN LT i S50 107, Batchsize %X A 8, 2221 R EZ R 107°, 1%k 12 epochs J& 5
1R B AR YN S5 5 T 1T A 00 3K 3 A% e 2 7F 18 08 1 55 A LR 50% B, B35 A IF M S8 i, #F COCO val2017 I
IO BPEAS 45 S o 5 LA S 4] 40 ) 45 R (1Y 3 47 3 8 FPS(Frames Per Second) . 43 #KS 1 £ mAP . BRI CHE R/, BAF
o A5 25 S % B L3R 1(SOLO il BlendMask 7 R HF I, o B i W A7 o5 R R SO RN, BORARTE) o

1 A S0 53 FIBAL 4 %5 L

Tablel A comparison of different methods

method t/ms FPS mAP size/MB GPU usage/MB
FCIs® 151.5 6.6 29.5 223 3376
Mask R—-CNN!" 116.3 8.6 357 246 3574
MS R-CNNB4 116.3 8.6 38.3 305 4352
SOLO™¥ 96.2 10.4 37.8 — —
BlendMask®! 101.8 9.8 38.4 — —
YOLACT!™ 35.48 28.2 30.62 195 1377
Ours” 29.14 34.3 28.64 84 1189
Ours'(fused BN) 27.48 36.1 28.42 84 1189

22 1 Xt LE B LR S 45 43 0 R 4%, R AIE 2 B 45 #B A ResNet101, Ours* i H BT R R 45 4L #, Ours*(fused BN)
h B R FRA bn 2, BT R FE ) 50%. 5 T YOLACT FIA SCHY J7 i 2 41, HA A 180 fit 3 3 JEAS B AE 10 fps LAF
KRB SRR B, AR R REAY SR IR EE R, A SCHY BRI FE R A L YOLACT /0 T 8 ms, FERT4E M T 22.5%, A
U1 b B AT LAGA B 36 fps, AH L YOLACT 19 28 fps 271 T 28.6% o #57 SC {4 (19 K /A HE YOLACT K/ 2> 1T
111 MB, JE4 T 56.9%. H4b, BAER & W T 13.6%, R mAP 5 28.32, L YOLACT % 7.3%, 5 FCIS
K00 B 25 BEAE 3.6% , 43 HRG B B 38 21 1 B A 32 0 S 661 40 B0 IR 2% 1 7K ST F T B R 4R A AN 323 R T Y i I T Y
Bom, WM ERS S ZEEERNER, ULy 65 50% i, SEFR AR R 48 U8R &K T 50% . il
BYRE T 2 X 5 SR S B B R /N, ASAURT AU 2 B, X RS B R R Al E AN
ST S5 A IR IE Ty e A R

AN, X R HE AT 8 R A B DL K BT A S FEE S BN 2 AR, KRR A BN 2EE, BT EERT T
2 ms ZE Ay, REBEALSCAR K/NLF B A S . H A BN JZ 09 2 50 A 6 BUZ SR UL EL /N, XA A8 S0 R /N ) 5 i
af R Zzmg , HZEA BN EE A T MR RERENEE, e RASITHEE . B2 BN Z R EE o fE g
S EREYOTHE, HERZMMEERMaA B ST A BERZE, X7 80K o6 5 7=k — 22w, [N e fh &
BN JZ 5 B R () mAP FAK T 0.2, X 7] et J2 il T 76 S2 B BLUZ A BN 2 0 il & I R Ab B g BB 22, T BAE )T
S TAE R4k 52 58 3% .

32 EHERSEIBREX L

AN SCRERUTE BB 50% B A FL 1 I B8 5245 43 3% R 5 IR A YOLACT 23 E 89 %F Fe an i 3 fif s, 3% %) Bif Backone
#B % ResNet101 . FLWLT] UL, A SCBE Y 4351 A 5 AR BUR 5 YOLACT AH 22 A8 K, AU B4 W AR B4 43 30 40 =4 R 2
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B R, X i T & A i X S B AE R A R R Z PR B . RIER 1, AR SCHITE M
YOLACT i3 R 8 2 T B 1 7%, il ad 18] 3 S B 70 TR Bl DUEDUH A, AR SCH0 J7 YA 7 ) 837 5 P g
ARAT LU B 20 HIROR o (HARBE A [ YOLACT BES IR 56.9% BURE I SCIF R/, $2T71 28.6% HYis 1738 2, AR
13.6% (9 A7 5 1T o 72 XPRT 8 B2 ZORA R 37 5t T, AR R BRSPS B e i 20 W1 ROCR TR I A a8 Ay B AR |
T PTG, B AT S BR I 5 1 T E Y

iratte: 1.00 g —

person: 1.00 ks

Fig.3 Comparison of mask details, YOLACT(upper) and our methods(lower)
3 YOLACT( ) SRS (R ) Bl Sebraic i 4]

3.3 7 [E Backbone Xt &5 B {1 21

YERXTH, SRR SCI 23] 4 B, 368903 T 3% ¥ Backbone S ResNet50 . ResNet18 Hif Xf iz f7 &% . 4%
K00 B RS2, 7 1k [A) AT TH 2 B ResNet101 B SC 50 0 B8 — 20, i T XTI, 48— 15 & 55 KL LU 98 50% , B A
5E WG Rl A 5 U2 A BN JZ o IR 45 SR 5 40 [7] Backbone A YOLACT W 4% #k 47 7 %FFb, W2, X T M F
Backbone, A 3CHY A A T YOLACT #5748 , AREE AL A 2 Fe 4 5 A (1 K /N, 42 THiS 17 U . % ' ResNet18
1§} Backbone I}, YOLACT (1 43 #I45 0 [k 20.43 , 7 SC R 48 I 5 (A5 8 (94 43 DR 0 5 Ry 17.12, 0 BIOKS %
B ELHEA, 15 ResNet101 1 >4 Backbone i 119 73 FI0RS A B2 AH ELERBRAR T 35% 2247 o b AR A4 43 EIHS 6 J3 7 52 B o 5 v
M S A E AL LA . PR, 7R SEBR R FH v s 22 25 SR SCBR T oK, 1R B G #EAY Backbone , AT RE IR 15 43 HIKS B B AN
TR VA

22 % B[R Backbone B 45 L% b

Table2 A comparison of different Backbone values

method Backbone t/ms FPS mAP size GPU usage
YOLACT!™ ResNet101 35.48 28.2 30.62 195 1377
YOLACT! ResNet50 24.84 40.3 29.66 120 1283
YOLACT!™ ResNet18 20.63 48.5 20.43 83 1246
Ours’(fused BN) ResNet101 27.48 36.1 28.32 84 1189
Ours’(fused BN) ResNet50 19.39 51.6 26.76 49 1104
Ours’(fused BN) ResNet18 16.72 59.8 17.12 38 1089

3.4 BTA% bb i3 SE 450 53 B 45 R B 0

73 Ah o3 T AN [ B B A L A X g3 RS B B mAP DB TBB=0RN< 2849 1822

A2 A7 I 18] iy 50, AN [R) BT A BE BT 19 20 00K B 5 2
iz 47 B[] ) 5 28 40 & 4 fT 7R (Backbone # # ResNet50) .
A 3 S BT B L B A L, B B R L Y 8 OR -
W 28 B4 FE INF (B ms) 76 AN W T [, [R] I S 4] 23 351 A4 RS .44
T EE (mAP) W 7E T 4 BT AL LU () B B B/, BT £ 1Y
R 30 AR R Ty B/ N BB T, PRI R S 4 )
HI G AR LB, mAP EQ_FF%Z:%EO Bl DY B Fig.4 Different pruning percentages on mAP and running time
B AN TR, o3 HORS Bl BE AR B Sy R, X Pl 4RI BB P 43 HEXS mAP FI3& A 7 ] 9 B

= —=MAP e time

~
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KT B A S I TE YA LB A SC B ARE , t TY AT — S BE TR OR SEE A0 R 4 N 4 1 T A R
PEHRE SR R 58 A, B XS 40 0 B9 R H X A ) B, e — SRR S B, 7 22 3Ok H A S R ) 4%
PEATE I YA S, BT A — AP . 2 HTAY 7 IR DUSE BRI [R) BT A LU B G 45 SRAE R 48 5 S PR
W22 BY R EL XA i 2 RN T 1 5 M AR B — A T B 1Y) (trade—of) 1) M) 8, BY ARG RK 22, G AT R PR,
ELJE: 43 FORE 1 B2 5k S AR . AN S 1 3R 2 19 B8 0 98 109 2 7 BT R EL 1 K 24 0 50% B (g a4 SR ol T B A 4R 1R
AL S { A A, WA RS S ZEEE RN ERZ, sy R 58 50% i, SEFR B R A R
ARV RE KT 50%, PR i 2 1) B9 R LU 461 S — AN 30 AR B 43

4 g

B 5 S A9 43 BB AR B 0 R BRI, B s AT R, RRAR TR O s T A R 1 S G RASE TR 1 5 2 RN
NEFH o B XTI TR, B T — AT R E A R S A B vk % YA AR SR S 4 HI 4% YOLACT Ay il |-,
657 P 3 0 85 A R AR AR Ak ki TR AF 45 BB 45 3B 43 (Backbone), SR 5 Rl AR h ) S U2 A BN 2, HE— 4R e
R T

AR SCHEAIAE COCO B dia 4 AT TNk o 78 15 B RFAE $2 B 3=+ N 4% (Backbone) 4 ResNet101 B, 45 71
SCPER/NK 84 MB, LR IR Y YOLACT A5 B SCAFE R/ /D 111 MB, BERIE R/NEAE T 56.8%, 1] LhAT 2k /> bifi
PEAEE 2 B0 5 T, TR A 40 0 b B S B R B T 36.1 fps, AT AR TE T 28.6%, I FLB AT BAE S WK T
13.6%, BRI LR T 7.3%, S INAT AT 5261 4380 4 AR A 38 8 AR

5% Lk
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