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Target detection of remdt@ysénsing image

based on attention fea ion SSD algorithm
Yin Fa ang Tianyi
(College of Big Data and Informati ering , Guizhou University , Guiyang 550025 , China)
Abstract: Aiming at the problem that the shot multibox detector (SSD) algorithm is not effective for small target

object detection, an attention feature fusion SS FF-SSD) algorithm is proposed. Firstly, in order to improve the detec-

tion performance of the network for | t’get objects, the attention feature fusion module is used to fuse the feature

information in the shallow featu hich reduces the noise and enhances the correlation of distant pixels in the

feature map. Secondly, for th degradation caused by the imbalance between positive and negative samples in the
training process , combined e focus classification loss function, the loss function in the SSD algorithm is optimized.
Finally, transfer learning is 1 uced to solve the problem of overfitting caused by less training data. The experimental
results show that the average accuracy of the AFF-SSD algorithm is increased by 8.09% compared with the SSD algorithm.
After the migration, the average accuracy of the AFF-SSD algorithm is increased by 3.47%.

Key words: remote sensing image ; target recognition ; attention feature fusion ; loss function ; transfer learning

O [475JO
6]
[7-8]

[1-3]
o

. . 2012 AlexNet ¥
, ImageNet

s

o ’ ©

Fast R—CNN"! Faster

* : ( [2021] 176) R-CNN!™

’

2022 3 ( 41 545 ) | 67



:Www . pcachina.com

o 2016  Redmon CVPR 300x 300 ,
YOLO!™!, ,6
, 38%x38,19%19,10x10,5%x5,3x3,1x1,
, o ,Liu ECCV 456’6’65474’
SSD 8 732 o
, (Non—Maximum Suppression , NMS)
o [ISJ o
, [13] 1.1
(el SSD o
(focal classification loss)!">~1! 0® o
. SSD . ()
SSD (Attention Feature Fusion SSD,
AFF -SSD) , @3 o
o 2 b
1 AFF-SSD ¢ Q :
1 , AFF -SSD & WxHxC, A
VGG16!Y! ., VGGI6 FC6 ,FCT QB c, WxHxCI, B
Conv6 , FC7 , Q D, Clx(WxH),
4 (Conv8 | Conv9 | Convl0 , Convll), % C E
Conv4_3 FC7 Cony4_3 , (WxH)xC1, D E s
FC7 Conv6_2 R H, ClxCl, H
6 , 6 softmax , ,
’ ' 9
° , exp (Hy)
= (1)
: » e
) B; L J ,
Convd_3 I [ ]
FC7 ‘;
— [ A ] frima } & g
VGG16 é g
N 2 E
I\ N 1
\ N \ \ \ | -
|
o !
\\ | l 05 . -
N 02 12] b5e 56
L
1 AFF-SSD
68 | 2022 3 ( 41 545 )



Intelligent Algorithm

A I BR B Wx HxCl E{r;n[i:,:: D Clx(WxH) G
clxcCl o
® { sollmax I { Reshape I
€ Wx Hx Cl[———1 E (WxH)x (1
a 1x 18 Reshape C2xC2xC1
Wt - [ 2=C1/2
2
B i I I x x
4 1% 142 Wxtix] I Resh.-ipel D Wxhxl G
i QI Reshape I
L |
C WxHxl eshape+
WxHxC 1x 1460 ':]_an]:[::v W 1 x (W x H)
3 N
o Hy QQ o ’
H o H (b >
G, C2xC2xC1, C2&C1/E% , SSD
3 b
s o A 4 ,
WxHxC, L 4 n n+1 o
B.C, WxHx1,
i An i An+1
D, W x H x C Shape(W1, HI1, CI) Shape(W2, H2, C2)
Ix(WxH),
D E , F, W x (<168 [ix1Bs] <@ [1x g8
HxWxH , F softmax 4
b [e) F
G, WxHx(WxH),
1.2
SSD ,
’ [ ER RS RE |
4
° , n s W1xH1xC1,
, w1 ,H1 ,Cl1 o
2022 3 ( 41 545 ) | 69



:wWww . pcachina.com

1x1

7x[j 7j 5k
1, WixH1x1, s . N
A B, A W1xHI ; B y .
k A
W1xHI , A B , o —2 x; plog(C;)
i € pos
C, W=WI1xHI, C soft- 0
max s s - 2 (1_17)10%(6;,)
i € Neg
o C n L
) X C’i softmax o
n+l1 , W2xH2xC2, :
w2 ,H2 ,C2 o N . Loom
Lo sl5 = i th L.—Av
: 2 ixl , ulx. 1. 8) z; mg[nzcy,w,h]x‘fsmoo ulli =&, )
C2=WI1xH1, R D E. (4)
D (W,N;W=WI1xHl ,N=W2xH2), E ,ex, cy ®L
(N,W;N=W2xH2,W=W1xH1), D L @
E , F, W=WI1xHI, T ()
F softmax s {4 ¢
o F ' ’
n+1 . %
n n+1 " Q
n 5 o QQ
) - 5 AFF -
SSD , Conv4_3 . FC7
SSD ,
Conv8_2 s Con@ ,
FC7 s Conv ’ ’
; FC7 , Conv8_2 ’
,  FC7 o . . ’ ’
FC7 °
» Conv4_3 , LY SHLE
FERE <2 [3x33T]«64; strides=1
’ ’ k2 [2 5 20 At Ak ] 645 strides=2
o LR <2 (3 38EF)« 128; sirides=1
Higta = 25 20 F R = 1285 strides=2 it
1.3 EBUZx3 | DBr3Bil]«256; strides=I %
WALZ | (252 ibib]<256; strides=2 jﬁ?
LERE %3 [3x 3% 512; strides=1 b
’ , SSD bR | 2268 <5125 strides=2 | | 4F
B x 3 3233 P «512; strides=1 "
’ -3 . strides= Jivg
\ﬂ{tE—:‘ [3*3&*1!&?&.]*?[2, strides=1
s e [3 = 325 ] < 124 2
1 ZER dilation_rate=6; strides=1
x1- /D\ .
L(x,c,p,l,g)zﬁ(Lcn(x,c,p)+aL1d(x,l,g)) (2) HHRE <10 Hxégﬂ}*gg T .
EE [3 5 3E ) 2L TEL = &
Voo k 0 5
Lalx,e,p)== 2 x;plog(C,)= X, (1-p)log(C,)
i € pos i € Neg
(3) , .
70 | 2022 3 ( 41 545 )



Intelligent Algorithm

‘ 1
(-30%~30%) . (-20%~20%) .
(30°~180°) . ( ). AP/% mAP/% .
_ - Aircraft 55.78
(-20%-~100%). : SSD - , 63.63 31.33
VOC2012 Oiltank  71.48
SSD add Aircraf  58.05 65.95 68
( ) Oiltank 73.86
, ’ concat Aircraf  60.12
SSD 67.23 45.03
’ ( ) Oiltank  74.35
’ © Aircraf 64 .51
| SSD 71.72 38.75
(1) ’ Oiltank  78.93
3(2) o
3 mAP , mAP [0,1],

3.1 o Q
Python3.7 | TensorFlow2.0 , 0 )

labelimg ; RTX 2080Ti , ()
CPU  i7-9700 3.6k@3.60 GHz*8, Adam .
X 0.000 4, batch_size Y 4 ° >
8, Dropout 0, S % SSD
3.2 Y 4 Q 7.42 ms,

\ 8.00% ; .
(Average Precision , AP) | Q )
(mean Average Precision, mAP) Q
;%, 6 PR . 6
¢ :

. PR
, AP o
X 4

L
-
i i
1 i
I 09 : E
i b
0.8 ! o
I 0.8 1 i
: Tt
z 074 I =) vk
2 ! S o
z i Z a7 N |
S 064 : g .
£ 0 ! & PR
: 06 i h
0.5 | I !:
--- RAME i --- BAHA i N
0] = sdmASR : 05 —— addBAHR il
concat AR i - concatBBTR P
— EEhWHERARA - — ERAFERAHA i b
03 v ; v v E— T 0.4 T T i y T ——L

030 035 040 045 05 055 060 06 070 040 045 050 05 060 06 070 075 080
Recall Recall
(a) PR (b) PR
6 PR

2022 30 (41 545 ) | 71



:www . pcachina.com

PR , concat ( ) o)
PR ; AP/% mAP/%
PR o 6 PR Aircraft  64.51
AFF-SSD 71.72
, AP ° Oiltank  78.93
Aircrafi 48.70
7 , ( ) SSD AFF_SSD 1'rcr t 7
, ( ) AFF -=SSD Oiltank  65.84
i L AFF—SSD AFF_SSD Aircraft  67.39 75 19
Oiltank 82.99
SSD o
2 b o
, 8 AFF -SSD PR
s o 8 s PR
57.27% . VOC2012 s PR

, 75.19% , < O

, 3.47%, , . 4

0.8 0.85 4
07 A
0.75 1

Precision
Precision

0.6 1
0.70 1

05+ i
0.60 -

0.4
0.55

03 T T T 0.50 v v T J T
03 04 0.5 06 w7 0.50 055 0.60 065 070 075 0.80 0.85 0.50

Recall Recall

72 | 2022 3 (41 545 )



Intelligent Algorithm

[4]

[5]

[7]

cessing Systems , 2012 : 1097 -1105.

SSD [9] GIRSHICK R.Fast R-CNN[C]//Proceedings of the

, SSD IEEE International Conference on Computer Vision.
— AFF-=-SSD 3 Santiago : IEEE , 2015 ; 1440 -1448.

SSD ’ [10] REN S, HE K, GIRSHICK R,et al.Faster R—CNN:

SSD towards real—time object detection with region proposal

networks|[C]//Advances in Neural Information Processing
Systems , 2015 : 91-99.

[11] REDMON J, DIVVALA S, GIRSHICK R, et al.You
only look once : unified , real —time object detection[C]//
Proceedings of the IEEE Conference on Computer Vision
and Pattern Recognition , 2016 ;: 779-788.

[12] LIU W, ANGUELOV D, BRHAN D, et al.SSD : single

shot multibox detectgr] @ uropean Conference on

XU H J,YANG Z W,CHEN G Z,et al.A ground

moving target detection approach based on shadow

[13] , , .. SSD
1. ,2020, 56

feature with multi — channel high — resolution synthetic

aperture radar[J].IEEE Geoscience and Remote Sensing

(16): %’
Letters , 2016, 13(10) : 1572-1576. [14] Q ’ o sSD

KIM S,SONG W J,KIM S H.Robust ground target ' U] (
detection by SAR and 11.3 sensor fusion using ada-— \’ 2020, 48(9) ; 70'_75.
boost—based feature selection|]J].Sensors, 2016, 16(7): 15 , ’ . SSD
1117-1134.
3 [J1. ,2020, 49

HE HA A j i
CHENG G,HAN J W.A survey on object detecti (1): 154-163.
optical remote sensing images|[J].ISPRS J al [16] ’ ’ . 38D

[J1. ,2021, 57

Photogrammetry and Remote Sensing,2016

(7):257-262.
[17] ZHU L,CHEN Y,GHAMISI P,et al.Generative adver—

sarial networks for hyperspectral image classification[J].

BALL J E, ANDERSON

hensive survey of de

AN C S.A compre—

[EEE Transactions on Geoscience and Remote Sensing,
2018,56(9) : 5046 -5063.
[18] NEUBECK A, VAN G L. Efficient non — maximum

nifg in remote sensing :
theories , tools and challeiges for the community[]J].
Journal of Applied Remote Sensing, 2017 ,11(4):
042609.

LECUN Y ,BENGIO Y ,HINTON G.Deep learning[]].
Nature , 2015, 521 :436-444.

XIE S, GIRSHICK R, DOLLAR P, et al.Aggregated

suppression|C]//18th International Conference on Pattern
Recognition(ICPR"06).Hong Kong, China : IEEE , 2006 :
850-855.

( :2022-06-07)

residual transformations for deep neural networks[C]// (1996 - )
Conference on Computer Vision and Pattern Recognition. T '

Honolulu : IEEE , 2017 . 1492 -1500.
KRIZHEVSKY A , SUTSKEVER 1, HINTON G E.

(1989-), .o , :

N o E—mail ; tywang@gzu .
Imagenet classification with deep convolutional neural
edu.cn,
networks [ C|//Proceedings of Neural Information Pro-—

2022 3 ( 41 545 ) | 73



R = B

R AMBZ L 5HIRLEE) RHANXE, NEZEXEXTILEN. #
FEN . BRI B FRAE I, FEMEEFBENE R ITNFRE
BIHRER, MEZXEEREERRBIZXENCHEN . BIEN.
ENRIAR X B F ARV B HI . E R M ERINE LTI T AT, KT
AR AT & EEIEE. SEREFEEKFER. BN, RTIx
FTHRME S LR EMANER, FHIER.

(NERE 5%5&?}2)) ZmAETR

@ 4
S
,§)
8,
N

S



	11
	版权声明



