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Remote Sensing Image Target Detection Model Based on Attention and
Feature Fusion

Wang Yani, Wang Xili~

School of Computer Science, Shaanxi Normal University, Xi'an, Shaanxi 710119, China

Abstract Aiming at the problem that remote sensing images with complex environmental backgrounds and small
targets are difficult to perform accurate target detection, based on the single-stage detection model (SSD), a single-
stage target detection model based on attention and feature fusion is proposed in this paper, which is mainly
composed of detection branch and attention branch. First, the attention branch is added to the detection branch
SSD. The fully convolutional network (FCN) of the attention branch obtains the location characteristics of the target
to be detected through pixel-by-pixel regression. Second, by using the method of adding corresponding elements to
the detection branch and attention branch, the feature fusion of detection branch and attention branch are carried out
to obtain high-quality feature image with more detailed information and semantic information. Finally, soft non-
maximum suppression (Soft-NMS) is used as a post-processing part to further improve the accuracy of target
detection. Experimental results show that the mean average accuracy of the model on the UCAS-AOD and NWPU
VHR-10 data sets are 92.52% and 82.49%, respectively. Compared with other models, the detection efficiency of
the model is higher.
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Table 2 Vehicle dimension in the UCAS-AOD data set

Scale /pixel Scalel (<{100) Scale2 (100—200)  Scale3 (200-300) Scale4 (>>300) Total
Number(vehicle) 3704 1986 967 457 7114
Number(aircraft) 1028 1438 2593 2369 7482
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Fig. 2 Test results of different models of aircraft.
(a) SSD model; (b) AFFSSD model
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Table 3 Detection results of different methods in UCAS-AOD data set

Method AP of plane /% AP of small-vehicle /% mAP /% S /s

SSD 88.13 85.09 86.61 0. 36
Ref. [17] 90. 66 88.17 89.41 0. 34
AFFSSD 93.70 91. 34 92.52 0.26
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Fig. 3 Test results of different models of vehicle.
(a) SSD model; (b) AFFSSD model
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Table 4 Detection results of the two models on different

scale targets

Method SSD AFFSSD
AP of scalel/% 57.11 62.07
AP of scale2/ % 64.09 70. 31
AP of scale3/% 69.02 72.65
AP of scaled/ % 69.71 71.33
S /s 38.90 38.10
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Fig. 4 Partial test results of the two models.

(a) SSD model; (b) AFFSSD model
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FEA S IR AR 51 B 22 BB 8 TR 2 1 18 SUAE B R
A TR ZE L R AE H DL X /N E A A6
R, AFFSSD #5581 fl DSSD #58 #1 ¥ 5% I 4 F1
()7 A TR AR il A, AN TR Z Ab 78 T AFFSSD #5174
HRB LT 0 B T T ) B e s 2 1 6 0 A R AT 4 B

#5 ARBEIIE NWPU VHR-10 3354 b (il 46 0 45
Table 5 Detection results of different models in the NWPU VHR-10 data set unit: %
Deformable Faster

Model RICNNM* SSD DSSD'"  Ref. [20] RFCN®!  RCNN® AFFSSD
Aircraft 88.35 84.32 86. 50 95.20 87. 30 94. 60 87.02
Ship 77.34 62.90 65. 40 79.70 81.40 82. 30 83.50
Oil tank 85. 27 78. 25 90. 30 73.70 63. 60 65.32 80. 69
Baseball diamond 88.12 89. 33 89. 60 96. 40 90. 40 95. 50 96. 02
Tennis court 40. 83 79.41 85.10 71.60 81. 60 81.90 80.32
Basketball court 58. 45 87.69 80. 40 72.10 74.10 89.70 90. 10
Ground track field 86.73 80. 61 78. 20 99.70 90. 30 92.40 81. 36
Harbor 68. 60 71.37 70.50 73.20 75. 30 72.40 75.80
Bridge 61.51 65. 35 68. 20 57.00 71.40 57.50 72.03
Vehicle 71.10 62. 30 74. 20 72.00 75.50 77.80 78.01
mAP 72.63 76.15 78. 84 79. 06 79.09 80. 94 82.49
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AN A B A (CCBAM) L 25 8] 1 & ) i
TR ) # BOTAT I (9 77 A A 7 — e, 15 3] 25 ]
130 30 9 A 4E JE B TE B AL, Ren 5V 04 T f#
Peftz 55 CNIN A 77 32 5% H Ar LA A2 4k 7 18 19 Jsy B
P — Bt 2 o 19 A AR OB 45 BB 28 ) 4% 1
Deformable R-FCN 7 & ZE P @ w#% &, DL
> H AR LT D, 3 5 X B IR KN A — 128 J%
H 5 B #0255 5 . 6] i Deformable R-FCN £ % 3,
W T #H 0 5 4k B 7 3 arcNMS (aspect ratio
constrained NMS) , AR FARITEHH Soft-NMS,
arcNMS A F F Ml B 7T A8 T8 45 B b fis X385 0 4G
HE. Ren 2P 7E Faster R-CNN #3531 19 IX 4 A= A%,
I 26 (PRI B 2 44 B 3 DXk, £ 35 B2 ) R AE T
Pl 5 R M AR T TR R L mT LA
I AFFSSD #5880 1) iy I 45 SR b JH At 55 780 (7 4 )
GERTAE,H mAP Ol 82, 49% . 1% I — & FEE Hb
Filt 5 SR W RN AT ) B H TT LU T X 2 R ER H
SE ORI E R

H 2 5 AJ 1, RICNN f A ) 285 5 e 22, B IR 2
SHL A A AR 2 IR T VR 2 T 1 ARG T B R
PETH B 5, X 3 B IR I A 2 1 i 1) ot AE AR X T 3 Jk
K& B br il 55 A . DSSD #E7 F1 AFFSSD
5 AUHAR R FH AR AR Bl 5 1Y SR 8%, {5 AFFSSD 2 AU ) 2
PR I 235 BT 4g L 33 3R W RRAIE il 5K W X T 42 7 i
R PG ARG T 355 SR A R R . SCRR (2 ] A G T A
RUF AFFSSD #5743k HIAS [|] (4 13 3 Bk, mi & &
B S M AGEE G EE T, 5 E BB CER H
FrA B 0 VE & 7, M AFFSSD #6551 fi4 K ) 2% 5 57
U 3% 22 B A AR v 14 47 B X% NWPU VHR-
10 32 B P 5 1 A I B A %, Deformable R-FCN
BEALF AFFSSD #55 #1# 2% i 5 b 3305 ik i — 25
1t 98 TCAY 9 K6 I AE , 1 Deformable R-FCN 5 % 57
KTETEAL B A 0K 0 HE , B & R 25 SR AR 225 3.4 A
43 K, AFFSSD #5578 (14 6 I 45 5 5 4, 3 3% B X
THWMEZHBWRBDILAIBRENASZH
NWPU VHR-10 %4l 4 ke i, A58 vh 1) J5 b 385
PR I 45 R A B A W] . SSD, Faster R-CNN
F1AFFSSD #5884 1% 6 I 45 R 22 B W] &, H AFFSSD
TR (18 5 T 235 S 5 A, 5k 3R B AR AR R v iy = A el i
Xof 3 JER P18 Y L A T B A 3

DSSD A5 R %6 31 5 A0 R0 5K 373X P 2 %5 4 B AR Y
Rl AP ¥ 0% 5 A 19, 43 9 R 90. 30 % il 85.10%
1M AFFSSD #5817 3 25 % 48 H A 1 & I v 25 2L 5%
PUARAERY SR )RR H A5 A S B b A AR £

SR AR AL AN TR N 35 55 b B (B 19 4 BT fiE
ANTR] 5 2 A6 0 3k R v 7 A A5 AR g G O AE K /R —
o B = B N N N S = I 7
HE A RURE 38 R A K, (B A % A DX B — A A ) AE W]
fEfu & Z A Hbr, SCRRL21 ] Al RS A 28 % KL
T A% 3733 T 2K 1) R 0 S8R B B AFFSSD A5 B Xof
XIS H AR I 2 B A3 9 D DR R G I A9 TRAL
M MY B — 2 (9 JLT B0 B A 5535 = 2
e R TR B8 2 AR B AU A O 3 o7 & 1
T A DA AR

44 ik

PR T — BB T B ) IR AE Rl A Y BB B i
SRR AR AG I ASE Y A 455 480 15 51 78 A6 ) S A i
LG ) | AN 0= A A 1 PR 0= WA i s B o R R
SCOREWTERY F AR E B L 30 AR TT T AE B A il
FRAE BT S SR A0 H A5 1 07 B AR B SRR A
SCORFAE AT Rl A5 30 1R SO B 5 1 R
FRAEEL JE— 20 52 TF 7/ B AR ARG I R4OCR . S0 4
RFH AR UCAS-AOD I NWPU VHR-10
i e BRI 5 5 A AL LE A D 25 SR 1A
B RS T, 3T R A AR b L i T 0 B R R R Y
AR H BRI JEAT R AW ST, 2E — 2D R T AR B 1Yy
i ROCR
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