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Object Detection Algorithm Based on Improved Split-attention Network

PAN Yi and WANG Li-ping
College of Computer Science and Technology . Zhejiang University of Technology» Hangzhou 310023, China
Abstract Recently, most object detection algorithms based on convolutional neural network have the problems of lacking of rea-
sonable use of meaningful contextual information and are easy to miss the detection of hard targets. In order to solve these prob-
lems., this paper proposes an object detection algorithm based on improved split-attention networks. Firstly, the split attention
mechanism is introduced,and the multi-path structure is combined with feature-map attention mechanism to improve its feature
representations. Then,in the convolution layer, poly-scale convolution is used to replace the vanilla convolution to enhance the
scale-sensitivity of the neural network. Finally, the proposed algorithm is applied to Faster R-CNN. Experiments are carried out
on Pascal VOC and MS COCO datasets. Compared with the original algorithm.the mAP of the proposed algorithm has improved
1.6% and 2. 4% respectively without introducing additional parameters and computational complexities,and the mAP of the pro-
posed algorithm is also higher than that of other algorithms, which verifies its good performance.
Keywords Convolutional neural network,Contextual information, Object detection, Split-attention, Poly-scale convolution
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L Conv, 1 X1, 256 L Conv, 1X1, 256 Conv, 1X1, 256 Conv, 1X1, 256
Conv, 1 X1, 1287 [ Conv, 1X1, 1287 [ Conv, 1 X1, 128 7 Conv, 1X1, 128
28X 28 Conv, 3X3, 128 | X4 PSConv, 3X3, 128 | X4 Conv, 3X3, 128,r,C | X4 PSConv, 3X3, 128,r=2,C=32 X4
L Conv, 1 X1, 512 L Conv, 1X1, 512 L Conv, 1 X1, 512 Conv, 1X1, 512
rConv, 1 X1, 256 7 r Conv, 1X1, 256 7 r Conv, 1 X1, 256 7 Conv, 1X1, 256
14X 14 Conv, 3X3, 256 |X6 PSConv, 3X3, 256 |[X6 [ Conv, 3X3, 256,r,C | X6 PSConv, 3X 3. 256, r=2,C=32 | X6
L Conv, 1 X1, 1024 L Conv, 1X1, 10241 L Conv, 1 X1, 1024 Conv, 1X1,1024
rConv, 1 X1, 512 7 r Conv, 1X1, 512 7 r Conv, 1 X1, 512 7
Conv, 1X1, 512PSConv,
7X7 Conv, 3X3, 512 |X3 PSConv, 3X3, 512 | X3 | Conv, 3X3, 512.,r,C | X3 X3
Conv, 1X1, 2048
L Conv, 1 X1, 2048 L Conv, 1X1, 2048 L Conv, 1 X1, 2048
Global average pool Global average pool Global average pool Global average pool
1X1
fc, softmax fc, softmax fc, softmax fc, softmax

Params 25.5%10° 25.5%10° 27.5%10° 27.5%10°
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4.1 BEESTFHER

Y B UE A SC R AR B B R AE b A DU AR i A AL
Pk, 43 7E Pascal VOC %#li 4 5 MS COCO 2017 ¥4k -
HEAT L5,

(1)Pascal VOC % ¥4

Pascal VOC JyEMR IR G 5 5r B4 T — B hr b 1y
AR, I 2005 4B 2012 45 5 4 AR 45 2647 — 3 AR U 19
Pk FE . IR LIRS I iU s il . Bon 4 B
Ay RN ZREE (train) 56 E 4 (vaD) T 4B Ctest) L I 451 5 36 UF
4 (trainval) , B Jr B0 4 19 43 208 KB an sk 2 Jin g,

F 2 Pascal VOC ¥4 4 %1 2
Table 2 Division of Pascal VOC dataset

4 KWk

Dataset train val trainval
VOC2007 2501 2510 5011
VOC2012 5717 5823 11540

ARSI VOC2007 5 VOC2012 ¥4t 48 347 I 5, 3148
I VOC2007 By I8 8 R i E 4l . VOC $dli & F %250 4
ARE NI LEEH ENREAG ., £ KENTGE2AH
a3, — AR 20 /\%;”JIJ-HJL B E R B R
MR A ET M D ERSAN AR E DR KE,
HLAR

(2)MS COCO ¥4

COCO 1 4= Fr & Common Objects in Context, MS CO-
CO 2017 ¥ & MK A AT 2017 4E 40 — A7 H F K
G AR A B S L e A0 I B B AR AR I L 43 R ER Y i S
SCAHERAE B . H TR 2 80 E AR AR = AE COCO B
PAE E AT I AI R, MS COCO 2017 % 4 v i) B 44 7]
FES R IR 30T 2 A a4 Bodl 4 il 43 g L dn 3k 3 BT
G, BRI 80 MM A AT E B TF LA,

F 3 MS COCO 2017 H 45 %) 43
Table 3 Division of MS COCO 2017 dataset

Dataset train val test

MS COCO 2017 118287 5000 40670

B IFAFE AR

SR F I TTAl F8 bR R OF 29K B 3 B (Mean Average
Precision, mAP)™! S 345 B2 3908w S0 Bdi 4 b T A
200 B - 445 BE ( Average Precision. AP) B 3 {H . - 4 08 B 2
R o -1 1] Rl 28 (AT R PR i 48D & L. PR i 26 LA
AR o 8RRy Bl RS B R A LR L R

HEEME R FHREN I E MR E) R ) PR
N
AP= 2 (et =) Py (rien) (6)
‘olp(ru)— max p(r) D

Hrb,r, AEKEn /I\E'IEI?HReca DI BUE , p AR £ F 7R
SN 7 IR AE UE 2R (Precision) FBUE ,

A ol R A5 IEHAE T 1 A B AR HE (True Positive, TP) # &
& A B0 H AR KE CALL Ground Truths) %t &9 o4, Horpr,

A W0 B AR HE B BCE /NS SE T TP As K AE (False Nega-
tive, FND [ A1, Yl A HE FN Fom A /0 ik, 4 ER
R W (8 BiR .

B TP TP
Raall7ullﬁgmund7£rulhs7TP+FN (8

KRG TP £ 5 T B 5% H R AE (ALl Detections) $1
HE G, A B H MR % F TP 5 FP 2 f1,FP
(False Positive) F R 455 402K 19 IE B BCE: . KR 091157
K (9 PR

N TP TP
P7el“wniull_deleclionsiTP+FP (9

4.2 ZWBH
AW L L)L Pytorch W BE 2% 2 HEZR Sl SE Rl , i | Python
7 HEAT i B 1445 B Intel Core i7-8700K@ 3. 70 GHz
CPU,Nvidia RTX 2080 & ,32GB M7,

S W AR SC Bl 3 Y AR B (PS-ResNeSt-50) 5 & [ 45 fdi
A ResNet-50 19 5 16 | JiL 4E ResNeSt-50 DL K i il PS-
ResNet-50 1 5 47 X Lo, IF FLAS SCH A M 4% 3 T #F 76
ImageNetlk 702845 B iEAT T Wi 25, 88 J5 76 A6 I 4 40 45 b i
A7 T oM .

£ Pascal VOC 48 4R B9 S50 6 1R we i 99 2% i 1
T Faster RCNN & TR 4 b, BRI T 30 71k 4R
1k %% % FHBEHLEL JE T % (Stochastic Gradient DescentSGD) , %
BRI 2% 2] R 0. 012, s A F momentum & & N 0.9,
WEIWRE D 1 X101, 5% 2 3R H 2 M 38 I iy 56w, IF
3 EAER IR 500 YKk AR 2% 2] B Wi B i 7E 20 J7 O
27 TTIRES K 2% 3 2 48 Ry 1.2 X 107 F1 1. 2 X107, Jf
W ToU BIME BN 0.5, 763 B, K i A R RS 42
—IH—4LF 500 * 500 LLBEAT HCHE A FAL FE . X 43 2 HATIT
i 1 41 2% R B34 15y 28 SO B 5% BB 8 (Cross Entropy
Loss) - i ALE R A 1; % FHHE Bbox 28 v #F 47 ¥ Al Y 5

KRECH LlLoss, MRALE REHN 1,

£ MS COCO $u#a 4R b iy B ALY 25 92 50 i, oA 3k et
I 0 2% 43 3 W T Faster R-CNN 1 RetinaNet 8 1 & 4%
HFi, Faster R-CNN £ il RetinaNet 2H 3% F [F] #¢ 59 JIl 25 56 0%
A4 20 4 epoch, batch size & & H 4.2 F K 0. 012,
g A 7 momentum K 0. 9, AUE A T H 1}X10 1. 2%
BRI EANERE N 1Y 3 s, I BB ZEW] 4R 19 500 Rk AP 2
S RBWIEIN ,FESE 15 4 epoch HIEE 18 4~ epoch H 2 2 3R
YIRSy 1. 2X10 P F 12X 10", TESI R AR L AT
S 6 P A B B I G — T — 4K 51 1000 « 600 Rtk £7 4
I TIALFE . £ Faster R-CNN 4 i 43 38 3517 17 4% 19 #0125 2R %R
¥ 5 N Focal Loss BREL, il R AUE RECH 1, % [ T HE Bbox
FENE AT PRAR B3R 25 BB L1Loss. IS E R MR 1: 1
RetinaNet £ /14338 BEAT PPl Y 5 2 6 B34 T S 38 U i 2R
PRI » gamma TR 2, alpha {14 0. 25, I RAALERECH 1.
4.3 ZWHERHH
4.3.1 Pascal VOC # 3% & L &5 5 3%

TS WA SO L A R 2% S5 4 0 T Faster R-CNN [ 4
TEAR B 2% p 15 B 1 mAP 545 2% B9 AP {8 69 25 = 4n
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E S eI 1 D O e T 7 N NS Vol s O R e ) FJHA ResNet-50, A SCH LI mAP $#27H T 1.6 % s % b3 T
Ji 4 ResNet-50, PS-ResNet-50 L K Jii 4= ResNeSt-50 1 b B JE 4 ResNeSt-50 /E B T MR R P A U E R L5k
TMENEL, B RZEANN AP E¥WHERA. Hp, MK B AP A A TIRF . mAP AT 1.2%.

F 4 ARFRJTIETE Pascal VOC $¥is 4 L Hb i
Table 4 Comparison of various methods on Pascal VOC dataset

(AL )

AP
aero  bike bird boat bottle bus car cat chair cow table dog horse motor person plant sheep sofa train tv
ResNet-50 75.4 79.5 85.0 68.1 63.1 64.2 85.2 87.0 84.4 60.1 79.9 76.8 80.8 86.9 79.1 79.3 42.8 77.7 75.7 78.4 73.5
PS-ResNet-50 75.6 80.4 84.9 68.7 62.0 63.3 85.2 87.5 85.9 60.4 78.9 76.4 81.1 85.2 78.8 79.4 47.3 77.6 78.6 78.4 72.9
ResNeSt-50  75. 80.4 80.4 77.4 63.5 64.4 79.4 88.1 87.9 57.2 79.0 71.3 86.5 86.9 80.6 79.8 50.1 73.8 73.7 79.4 76.9
Ours(PS-
ResNeSt-50)

Backbone mAP

3]

77.0 80.2 87.4 76.8 66.9 66.8 87.1 87.4 87.9 56.9 77.9 73.0 85.9 88.3 80.9 79.8 46.2 76.6 78.2 80.9 75.9

4.3.2 MSCOCO ¥ # £ by 5% m=E 5 g, Hip,mAP;, R IoU BIsc 3 LL B {E R 0. 5 A
TE MS COCO B¥a4E b K BT 32 19 okt 39 3% 43 5l o 1 1 i) mAP i, mAP; R ToU B{HJ 0. 75 B A9 I 5l s mAPs
XU B FLAR K 00 8 1% Faster R-CNN 58 B g8 vk Reti- £/ HAR RIS 2 i BUN T 322 19 BARKE 19 AP I & {H . 6]
naNet H1, 343 311 5 HJE 4R 19 B0k R A1 0 1 L, mAPy g 4 B AR RIR 2 T8 AR 32° ~96° 2 [1] H b5 AE 1Y
AN T E COCO B 4 1 19 °F- 0K B 5 A L e 45 AP ,mAP. IR BAREMERE KT 96 19 HARHER) AP {H.

#£ 5 ANEITELE MS COCO2017 Kuim 4 I 1y i
Table 5 Comparison of various methods on MS COCO2017 dataset

Detector Backbone mAP  mAPsy mAP;; mAPs mAPy  mAP|
ResNet-50 34.0 53.2 37.0 19.1 37.1 43.8
PS-ResNet-50 34.7 54.2 37.6 19.9 37.4 44.6
Faster R-CNN

ResNeSt-50 36.2 54.8 40.0 22.3 39.2 45.9
Ours(PS-ResNeSt-50) 36.4 54.9 40.2 22.8 40.0 46.7
ResNet-50 32.9 50.2 35.2 18.3 35.6 43.2
PS-ResNet-50 33.1 51.1 36.0 19.2 36. 8 44.2

RetinaNet
ResNeSt-50 35.0 53.0 37.2 21.1 38.6 44.3
Ours(PS-ResNeSt-50) 35.7 54.2 38.0 21.5 39.6 45.1

TE Faster-RCNN 3250 28 7, 4 20 %) L 52 36 rh 7% SCH0H# 19 2T TR AR

o 2 50 A B AT 2 AP XA BT mAP BT T 2.4%. FLUC K B2 M B Bk 5 AT AR R B A A T B Tk
TEI /N EFR BRI, AR SCER W A T8 R 2 ResNet MS COCO %4 5 b LI [F) A9 I 25 2 B AT L3R X L, X ke
BB E T T 3. 1%, 5t ot A ResNeSt fE N & T RS e A Rk 6 g, Hob, Size fORH A BBIIRA .
o 4 1 B 4R T 0. 7% . #E RetinaNet SE8 41 p, A Al DL B 15 55 TR AR B HOR 25 % 22 A4S A [R) R 4 A SR A2 1B
SCEEH mAP R TEH B 4R T T 2.8% . [ AL X H 3G 5R AR SCREI X B AR A DI RE F AR B TR AR . A
F 5 ResNeStVENH T4 ME B, A CEEWERI T St B T N mAP A 50 W00 42 T, FLAE L6 R R
0.7% ., X84 T2 REXRZER G &£ 8 E TR Az ResNeSt 1 hy FFAE 48 BRI 45 09 K 0 7 i mAP A — 52 )
FIHLH I 8 T B R o W45 kb B AR Ak ARG B T,

# 6 fE MS COCO #in sk b5 AR % B X
Table 6 Comparison of different algorithms on MS COCO

Backbone Size mAP

Faster R-CNN/ ResNet-50 1000 600 34.0
Cascade R-CNNE ResNet-50 1000 600 35.8
CenterNet %) ResNet18-+DCN 512X 512 30.5
YOLOv3:?6 DarkNet-53 608 608 33.7
Ssps120%8] VGG16 512 X512 29.7
RetinaNet!®’ ResNet-50 1000 X 600 32.9
TridentNet-? ResNet-50 1000 600 35.5
Faster R-CNN ResNeSt-50 1000 X600 36. 2
RetinaNet ResNeSt-50 1 000X 600 35.0
Faster R-CNN Ours 1000X600 36.4
RetinaNet Ours 1 000X 600 35.7

I3 81 5 S TS L A AR S T A R A A ) R R B 5 AR A 28 53 Faster R-CNN S35 U1 5 4 ) 485 8 %f
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MS COCO M4 v iy B Jr #4703, o Bbox 43 5T 19 %
FE 0. 6, - R BLAY LA B 7R X E R an i 7 iR . fil
FH R A4 ResNet-50 il PS-ResNet-50 /£ & B T W 4% 1£ 1F £ Ab
T (4 15 0 T DB A 19 ResNeSt-50 X & At 14 /Ny 1 47 7
AT AR IR A S B . M EE R AR SCHR SR AR 2R
i o 21 2% I 22 ROPE I Az Y Rl G B 5 9 A L RE 47
FH EFSCE B L IF Hax d ik Bl e Hoxt & 2 3 5N ik i 46
DL S A S A R .

(a)ResNet-50  (b)PS-ResNet-50  (¢)ResNeSt-50  (d) PS-ResNeSt-50

7 ASTR SR I R A Y 4G R X L

Fig. 7 Comparison of detection effect of different models
GRIE A TR EM B L, 456 2 BB HF 5

R HLHI L K 2 RO A AR R T — Fh i F ook i 3 0 1
3 45 1) B bR R B HE B, FE RS A AN S BT B R
Z B (015 DR 48 T 6 AR 28 I 4% 5 T80 RL B AR Ak 1 B B
T RAR T RIS B Rt HE— 5 SR T AR AE R Y 22 R
RAZ W 5 AT SEIIEAS L 7E Pascal VOC it 42 I 25k po 45
R b R SO R S AR LA K 2B AP 3R T
T4 MS COCO Bl VGRS BT 5
JEC e B0 T SH At G W0 9 K L AT T T A 0 A T 5 4R L R
ARICTT R T R AL M M RE UL B . (AT IR RN
JURE ) % 1 G 0 4 TS B S, R SR Y AR 4k SRR R R
FEE 40y A (0 G Y0 AR B 1 42 ve A B s T T 4 [l L 5 B TR AE
HTE o T A 2T N S Ay L g A O AR LA T B AL
VeI T i A
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