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Abstract

algorithm guided by dual attention models is proposed. The method is based on the realization principle of single-

In order to solve the problem of inferior recognition accuracy for small objects, a object detection

stage detection algorithms, and introduces two attention models to improve the detection performance, especially for
small objects. Specifically, a multi-scale feature cascade attention module is first introduced into the convolutional
neural network, which weights the importance on different regions of the original convolutional neural network’s

feature map to reduce the interference of background and negative object information in the feature map, especially

highlighting the small objects effectively in the shallow feature map. Besides, dense connection alleviates the

problem of gradient disappearance in the process of back propagation. A salient channel self-attention module is

introduced for the fused features, which focuses on the difference among different channels of the feature map so as

to screen out useful channel information, thus making the feature map to be detected more representative. In

addition, the experiments on COCO benchmark dataset of object detection verify the effectiveness and advancement

of the proposed method.
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3.1 MFCA #&1
WG = AL AR DL R oS i A L AR,
ASCTr L AE CNN F1E $2 BBy Be 51 A T MFCA #t

B TR i B A Y S MR B R R L R T IR 4%

(M FFAE 35 BE 1, B B R A 45 5 BB (Conv
block) , 25 i ¥t (dilated block). | R ¥t # E
(upsample) DA B R AL H (C) 55, 4 &8 0F H AR 2% 42
I X 2 s .

backbone

Conv block

Conv block:
BN+ReLU+Conv

L

dilated block:
1X1 Conv, BN+RuLU+3X 3 Conv,

(® weighted sum

dilated Conv

Bl 2 MFCA i 2#
Fig. 2 Architecture of MFCA model

R T U> MFCA R 2 800 1% 2450 38 i %
% T4 4 1 G Ko R A PR b R AR s o A
SRR R R 4% 2 00 15 S AR K PR B b 2 Al
K. BLAN L IR B T 7 Y 4 P I R T 45 I Ji)
AL 4% 3 R PR B O I AR, . AR T R R A
FIW(X),F,(X)]=W,(X)OF,(X) =
[1+W,(X)]+F, (X), (D
A OFRIECH; X R AFFIEE F (XD B 46
MW 2 5k B BE AR LA AR AR F (XD €
R R ORIRIN R w AT N b GEBEEHR d
(S B2 (8] s W (XD N SR b [y BERRIE UK IS 7= A 1Y
VEE RUE W, (XD € R=  BUETEE N (0,1,
TZASE AT B N N BT B B 2 4 rp S
KRR BT 4 M 2% S ResNet-101, 1% M 4% 3t
35 5 MR B, id M (C1,C2,C3,C4,C5), BT Cl
By B R 1] 11 23 18] 43 9 R 3 8, 25 I8 3] ) 2 570 5
B UL S i BB, N C2 B BT i in A MFCA gk,

HARPEAE AR N . e % ResNet-101 W 28 iy — B Bt
M RFAE R T 1< 1 /N6 B 11 46 B is SR BR IR H
25 (8] 43 B 6, P O 2k 1 R O oK B (Re LUD X T 14
)RR AIE T AR AT S50 0% 45 R » T2 L 2 34 5 I 2% 1) 7
BV L 08D W 45 b S AR BAR IO R b i B
[*) ALY & A s T3 a3 RRUCHRTRRAIE PR 100 G K45 A L 18
15 J2 UCRAAIE BT R A BRI 2 YR AE B 5 B TR B B
T AT ILZ R AE B 38> T W 4% 52 55 280 88 5 X 9%
X 5 A AR AT 1 3E 47 23 3 B (dilated block) #:4E . =5
PR BT FEAPIDAEN DL 1X1Xd/2 &
TR X R K I %) 5 0F P11 3 3 A o 2 1 20 B
Jei R iE P 3 S 50 PR AR B R T 17 3 T 4
H 520 2R JH 28 0 & BREAE  PAIE 2 R 5 B £ 2R BT
PET L G RRRAE B 9 B2 BF AR IBCE £ 5 1 B R U
B A R SR A I B R T AR AR AR Y =S
] 43 3%, 3 5% Fl Sigmoid BRECK FR1E B E & A X
S (BB S 3 (0, 1) 2Z 1) 45 31 55 % B B Re A 1] 2

061008-3



Wt 5ot T o R

— U TE B Ak W (D 2R R S ARRE 2R T
TIASCSR A0, DT A5 450 AiF P 1 9 A — A X 3R A5 3OS
[vi) A B I DG T, XA BT I 58 T s DA R R AR
HAr s 8 T
3.2 SCSA #&h

FPNY 25 K 25 AR ol 8 190 245 41 B9 {1 43 B R
ST AR B 2 R ERE 1 5 R 5918 UfE B
(IR 2 R AR AE [ 3k B i 4 s T Rl G, M
2 E R IWAER AL & T FE & i UER e T H
T RS 00 0 A A DT R /N AR R A

AT T 0 it 25 2 B 20 I 285 J2 UK AR N & R A
Pl i) 3 G % B 3 3 £, DL ResNet-101 2y i,

{C1,C2,C3,C4,C5}5 /> By Be FRAIE (1% 38 18 4k B2 43 531
JE{64,256,512,1024,2048}, FPN %] 1X1X256
B BERAE X 45 B BORRAE R E S 17 E R 4n . (R4S
i B A AR B S E E B ARHIE, I B
T EEYIRNE BB WA &, HEHRm A
B A e/ ) S P L ) G S 3 T A R AE TR A A
) B AR IS BAEES 1 SaE A B AR IR (5
SR AR TR, SRR A 22 X 2% ResNet-
101 1y C3 B BeReik R A7 ] AL AL B, N & 3 Froi .
BRI ZERE S 640X 349 X 3,C3 [ B i Y 10 4R 1iE
P28 3 A 160 X 88X 256 , A LA & B AE— 38 18 A RRAIE
FIXEH AR R AR, 22 K.

P 3 KRR IR A T AL

Fig. 3 Visualization of the feature map

L S A AT < B R R A A B A R A AT
A R TE B 4% 38 18 1] B DO 5 8L DR e 4R s — > B
TR R X RRAE N R R 0~1 A

(e (8 A A 1 AR SR AN [ 3 T %) o 8 A B2 (i AR A
RERS S S 0 A RO A . I HAR S A ] 4
IR

GAP Y

S

4

GMP

4 SCSA b J5 51 25 44 [&]
Fig. 4 Architecture of SCSA model

SCSA BBl & J5 BYRHIE B e #EAT 33 198 JEMIAY 28 1k, 2 BE AN [R] B9 T BUE W -

*RE%ME LJZHE%’%‘@ZEA‘(@T%?E Jﬁféi&ﬁﬂﬁ%ﬂ’ﬂﬁﬁ%ﬁ W, = Singid(W(;AP +Weomr) » (2)
Ve, 00 45 4 5 &% KOt b (GMP) 1 4 J& F 34 3 1k P,=S, W, 3

(GAP), X rfe ] S fE 475K A 5 e Je il ad 1 X 1
B B A DL OIS A L S i AR AE 1] 17 453 1 T
—NMEEXWNE, T HEE, 5 ResNet-
101 M) C3,C4.C5 By BEHAT 3815 A5 B R AE
HEAT 525 30 3 R R TR AR R A R E I Al

.S, N R By BU A RAE B 5K W, NS &
By B 3l T8 VE R ) 4 iR B Weae € RVVYOHI
Wep € RVVORINFFIE BRI L0 3 X3 5 BUHEAE &
ReL U dEZe PR 0E $AF J5 43 5 28 3k 42 5 F 247t Ak A
4 JRy fe R AR AR 2 1k i

061008-4



Wt 5ot T o R

4 LEER 5 b

4.1 HIE&E

T8 UE BT B AR A AT 2, 7E COCO 2017
FAERE S F I TSR . COCO $ ¥ 5 2 X A H
FIFA B bR A I 5 M BE R BB R 5 . 2B R
rERXT B AR 55, A EE 80 K HARIR . YIlZk
RAHE 118287 Tk IE R T I 2R AL 1) 2 40 B ik
BEALHE 5000 5K I -, T T 30 ik 45 A58 B 9 A 80k 5
WA EE 20000 5K K R, T IHABL R 845 .0
B BE O g5 A% L HEAT MR R AR . AR B
BB R B R B AR 73 /N HAR (S e <<
32X32,S e M EARHBD P HAR (32X 32<<S,.. <
96X 96) F1 K HAR (S s =96 X 96) , H B (5 H 43 1
KA1 34 YR 25 % . TR = 38 RSE H bR A RS
PEBEE T TR N A A 46 AR APs, APy Ml AP, #R
i 32 I b (ToUD B A [] B, 38 A 1 1> 32 22 1 0
845 h AP Il AP, —E 435 3R ToU {HHL 0.50
F10.75 B I A 200 17 B R IR BE . A, B o
1 — A5 R AP, X 10 MR T 80 A H iR
8 SF- X5 G IO BB 5K SF- BB, 12 48 b A2 TR S G T B vk

ERIES N
42 FLRARBRINGHAT

S HET Keras TE % 2] F 15,1247 4E Ubuntu
14.04 RGBT, Pyt b B LR A 3.3 GHz Intel
Core(TM) CPU i9-7900x, N fF 32 GB, . £H 5 &
NVIDIA GeForce GTX 1080ti, % 5 CUDAS.0
il CUDNNG.0,

YL 3 T W 2% )& 7E TmageNet 259 th 1k
ResNet-101, Kl Adam AL ERFEAT 0L , 48 B0 R 08
oo B 0.9,5 HL 0.999, 2% > R F JH W M2 2] &,
WA S HH R 5.0X 10 ° I KF I KR 1.5 X
1077, HFIBEREIEARKE, 32K+ batch size X E
M,

4.3 XfLELIE

TEWCY R BT AT 09 b A B ik AT X LG
45 Wy BERE I 575 Faster R-CNNY K H - @
P CoupleNet™ | SINF | DeNet™ il
MLKP™, 38 5 5 By Br A% W 55 3% - SSD513M |
YOLOv2" [ YOLOv3™®  DSSD5131%) | RON™Y Al
Relation Network™?!, Sz 86 25 15 278 COCO ik
£ ERA A SRR 1 iR,

F1 N [AIR I Bk  AG 0  2R X L

Table 1  Comparison of detection results with different detection algorithms %
Method Backbone AP APs, APy APg APy AP,
Faster R-CNN -+ -] ResNet-101-C4 34.9 55.7 37.4 15.6 38.7 50.9
Faster R-CNN (FR) by
] , ResNet-101-C4 34.7 55.5 36.7 13.5 38.1 52.0
G-RMI
YOLOv2™ DarkNet-19 21.6 44.0 19.2 5.0 22.4 35.5
SSD513M ResNet-101-SSD 31.2 50.4 33.3 10.2 34.5 49.8
DSSD5131% ResNet-101-DSSD 33.2 53.3 35.2 13.0 35.4 51.1
RONE VGG-16 27.4 27.1 49.5 — — —
DeNet™] DeNet-101 33.8 53.4 36.1 12.3 36.1 50.8
CoupleNet!? ResNet-101 33.1 53.5 35.4 11.6 36.3 50.1
YoLov3!! DarkNet-53 33.0 57.9 34.4 18.3 35.4 41.9
SINF VGG-16 23.2 44.5 22.0 7.3 24.5 36.3
Relation Network"?! ResNet-50 32.5 54.0 33.8 — — —
MLKP=" ResNet-101 26.9 48.4 26.9 8.6 29.2 41.1
MFCA (ours) ResNet-101 36.2 54.5 38.7 18.5 39.2 47.6
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Table 2 Comparison of test results of each module %
Module Backbone AP AP;, AP APy APy AP,
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Baseline+MFCA+ SCSA ResNet-101 35.9 54.0 38.6 18.8 39.8 48.5
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