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Abstract A method of target recognition based on the blur-invariant convolutional neural network (BICNN) model

is proposed. The BICNN model introduces a new blur-invariant layer, which is different from the traditional

convolutional neural network (CNN )models. BICNN is trained by the adding of the blur-invariant constraint term

and the regularization to optimize a blur-invariant objective function. The value of the fuzzy invariant objective

function is reduced to make the training samples consistent with the feature maps before and after the blurring, and

thus the blur invariance is achieved finally. The test results show that BICNN can solve the problem of a low

recognition rate caused by blur and improve the recognition rate of the motion blurred images.
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Fig. 1 Structural diagram of aircraft recognition system based on BICNN
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Fig. 2 Partial image atlas of remote sensing aircraft

2) BICNN R 4% 31| 45

BICNN [ 45 Il 25 iy i F BT AN ] 3 e 7 » 1 5%
VGG16 |4 % CIFARI0 B #i il 4 & B ik % =
BICNN XJ i [ 4% , BV 4> 3% 2 )22 Z 0/ 1) W 2% . XF T
BICNN 19 18 2 Il %5, 5 J5 & 3% 2 )2 % 2 R4

T MG 2 AT 2URRAIE L 42 38 42 2 0 0% R AIE 26 M A e
FIREA I AR 25 b i 28 0], 38 2 B 0 AR A AE 24
T, I Fie/IMEASOR (145 5 17 b7 LT 1) R A1 L 5 A5
1 RG4S0 7 A R AR 1) AT S5 A A
A, MEHEHE O, SHEARIREd MIRZEE R

0.01, HiAY 2 M 3 % 0.0001, Yl 25 By L & K/ Ky E :iz d—0,| (7)
32.4, 4 0.001,2, 4 0.0005. %A ECH 16000, 2 -

WIGRER X 5 A S HOTBR #9 BIONN [ % AR 522 B L (A G
5 AR IR SF 4 224 pixel X 224 pixel, R % aw, =g 2E (8)
e L 5 L0 A R G 5 20 5 — 2 L
T 0 64 1 W 58 R4 LS 1 0 28 76 B AV, ——p E )
610 A B 35Ky 1, 7 % BUR B0 s W

& — A DU 4E ik R [32,64,224,2247, Ik R
I PO PREL relu, B R BT pR AL A AR DT

M MREMZ )G T — i # hitik . ik
RE /> S8 BRI S i . R A e Rt Ak , 356 1 J2:
2X2 AR . KB Koy 2. & wib)Z)E 5k
P FRAE ol > — 2 R B T A A

2 b T AW 13 BB L2, W 4545 3

bW, N A @ BIBREUZ j BIRUE .V, o B
2 B2 R EUE, AW, A Z B RS R
KO 8 B 1, AV, N B R B B ZE B9 A fE A
B,
AR A AL 181 4 i, 9 K 00 2% AR
W, +1)=W; @) + AW, =
W, +9d—0,0,(1—0,0Y, (10)

set layer
of fine-
pre— tu.m.mg
build training forward calculate whether
aircraft | _| value spread weight to achieve stop
setsand|  |transfer to calculation [—| 2djustment number training
labels BICNN error based on of iterations
model . error
adjust
weight
1

E 3 BICNN 45 Il ) i e 1B
Fig. 3 Flow chart of BICNN network training

082001-4



55, 082001(2018)

ANSHBIZFHRE

www.opticsjournal.net

VG +1D =V, () +AV,, =V, &) +
7[(d —0,)0,(1—0)]WY(1—Y)X, (1D
Ay B R A L X A T
] 0 S ) A% 9 T VR O ) 26 AR #E AT B
B T 56 P A — W 48 1 2k L 38 Bk AR B 4
AN
PO 2% 1) 2 HOHE T 1% 2% B i B /b Y e 1) 4% R
R HF, AR SGD J5 . SGD %K 4 5 i 4%
BT () 6 2 B0, 5 02 2 2 R IR S BUE S,
Bl A g — 2 1) i AR 52 B T TE T A 2 B S B Y
me) , I ik AR 52 A L B I 4 AR A5 TR, N 4% 28K
R B/ N 722 S A e s ) s R AR A R R Ak
I A — X A Bl T AR I — A Ab
B A1 2 B AR S5y S A — B R R
2 o) R, [A] i4E F BICNN (1 i S0 JE , 2 T 3% 46

LR (- R
3) BICNN [ £ il izt
TR R G A S E AT AT M X BICNN
HEATI R4 R 5000 gk I R A R
H 224 pixel X224 pixel, MK S5 4ER A HE
FEAS o B MK FEAS A g din A 45 20 W 28 H 1 )5 S50
AAREZEHEAT X L A5 H 9 25 U R

3 SEEEZERS UL

J T BRI AN JE AR 3 BRI VGG16
A 5 BICNN (YRR ) 5. DA 4096 4E B2 1Y 47 1k
e P R AL 64 4L DL AT HLRL N ], 5k B MR
FEA A A A R B S 20, 50, 80 By KA K 4R, 2 B
VGG16 M4 F1 BICNN By 4# 4 ] & , I K Bl AL il HL
(1 64 AERPAEZs ) oy B L AR 4 BFR

| 210 220
] ‘s 9 ) s 18/ (©
= 8 = 1.6
£ 7 = 14
1 1 T 6 < 1.2
clear sample ; g 5 § 10
g 4 2 0.8
3 3 g 0.6
9 2 *g 04
£ 1 £02
< 0 < 0
© 0 10 20 30 40 50 60 70 © 0 10 20 30 40 50 60 70
Dimension Dimension
(] (]
=510 s 2.0
s 9 T 18
= 8 = 16
£ 7 = 14
c 6 < 12
blur scale: 20 g 5 §1.0
g 4 EO.S
g 3 0.6
'§ 2 ‘%0.4
51 502
< 0 < 0
O 0 10 20 30 40 50 60 70 © 0 10 20 30 40 50 60 70
Dimension Dimension
5} Q
=10 5 2.0
g9 ‘T 18
= 8 = 1.6
E 7 81.4
3 6 o 12
blur scale: 50 5 5 § 1.0
s 4 = 0.8
§ 3 E; 0.6
g 2 Q 0.4
51 502
= 0 = 0
© 0 10 20 30 40 50 60 70 © 0 10 20 30 40 50 60 70
Dimension Dimension
5} Q
=10 s 2.0
s 9 'S 1.8
= 8 = 16
S 7 S 1.4
g 6 £12
blur scale: 80 g 5 § 1:0
s 4 £ 0.8
§ 3 E; 0.6
1 o ALl
1 0.2
2 2 7o MU 1
O 0 10 20 30 40 50 60 70 © 0 10 20 30 40 50 60 70

Dimension

Dimension

B4 FEETE. () ©HLFEA; (b)) VGG16; () BICNN
Fig. 4 Feature histograms. (a) Aircraft samples; (b) VGG16; (¢) BICNN

082001-5



55, 082001(2018)

ANSHBIZFHRE

www.opticsjournal.net

FE 4Ca) T R CHLEEAS 1A L A0 35 1 B A8 R AL 1A

DL B RUBE R 20,50, 80 1938 B B8] RAHLEEA .
B A(b) s R VGG16 W 2% 45 BUAY T i BE A 114 45
A 1) 1 L 5 4 Co) BT s i 22 B AS AZ )2 febi
B9 BICNN R4 ) & 5 5 B, i A 4 (b) Al 5,
VGG16 X A [ R i) A A 312 B Ok 1) 1B 7 IR
AR 2 A AR TR S B ARG 0 48 TR 591 R4S 7 3, 3t 2 %
4t CNN M LLAT S0 3 5E sh R B0 4 aG LR, i A
B 4 Co)nl LLFE B, A R B R E K E GRS
BICNN #£ 8  HARAE H o7 | A A8 28] 1 5 i ibp 1|
AR FRL B R AIE [ S, U B BB PR 1% 2 i A
WM, BRI S 2 5 BICNN W4 5 . B 44 5 3% b
1.0

0.9

0.8

g07

§0.6

205

0.4

0.3

0.2t |

0 4000 8000 12000 16000
Number of iterations

-+ BICNN with
fine-tuning

-<BICNN without
fine-tuning

P 5 — A v 10 THU 9 f %6, TR ot BICNIN %) 2% H 2%
(R A T ) = S I o RV N2 R
B B [ 7

FE R 48 I 253k B v DR /N 2 80 R
CNN M2 i 004 i mT ge e, 48 =iz fkge o M it A
By TR T 2R G0 e 2 W TR 0k B, AT 38 o I ik
F1% VA T 8 40 R 1 2 06 30 190 265 1 o 0 R R R E
22l ORI BICNN I 25 B 25 12 A8 U800y 385, Wi
SEGHEE e TR e B BB B 2 0/ . O S
() BICNN F1E Il 5 i BICNN B i 5 5 5 it k6
Mkl 5 frs, ol LUE %08 BICNN #E7Y [f, 5
2 D11 25 D) 45 ) TR 2 L I 4% T O R

70t (b)
60 -+ BICNN with
fine-tuning

50t | - BICNN without
. 4ot | fine-tuning
2 (
»3 30 \ I

Ml 1 I

0L e |,

ol Tettiloaditanly i

0 4000 8000 12000 16000

Number of iterations

5 fgE A JC I BICNN YR g9k ge ik . () ERI R ; (b) Hi ke

Fig. 5 Performance curves of BICNN trainings with and without fine-tuning. (a) Accuracy; (b) loss

B T i — 5 A A BICNN A% ¥ B L 4%
SCER[9 ]9 B CNN + Fisher 8] 5 (FV) 53k | SCwk
(1007 iy LPP BRI R AR 38 7 YU 5595 & VGG16
R 5 28 55 10 5 9 BICNN BB 3R 47 %) 1, SCik
CO M CNN #& B EHMGARFAE  IF i FH FV 513k b 47
it FV RIS — 2% 0 R 40 65 07 1% B
T — Wi PG v 0 T A i 3 7 B 2 i ST [W] 40 A 1, 9
L2 B TR A A, 3 3 4 — 4 v IR A AR R
(AL SR oK1 66 32 ) 5 B A7 SR A L mT LLAS B 405 K
WS 710 . FV g3 KT BURRRE 1Y)
HERE L REE A MR A R . Scilk( 10142 i aE i LPP
T A B USRI AS AR B AE L X AR Y B A 7 17 B
T 5 A B A 8 1 Jeg AR AR 7 A AE B DU R
BaHr. SLEIEM xR F EA R Rk,
TR RRE #5155 LA R g A R R
i FH A B R 50 B IR 4R | R 625 gk, X
BICNN #28 SCHER[9 501k SCHR[10 153 . VGG L
RUHEAT IR, F 5 S 43R 51 R, 5 R AN 6 R,
£ X TCHLHLAY TR B R

A=, (12)

A o5 O 4 — 2800 B U R B B R AR B . o DR
ARIEG

100
95 —— VGG16
=@ algorithm in

8 literajcure [9]
> 90 m‘% algorithm in
3 literature [10]
g = BICNN without
8 85 ,M ﬁne-tuning
< == BICNN with

80 fine-tuning

™ A1B2C3D4E5F6 GTH819 J10
Bl 6 T HiR R

Fig. 6 Average recognition rate

255X L A AR TR AR AN (] SR R Y R
BLIER b 0 ~F- 2438053 32, il 108 25040 60 45 OB R S
10,20,30,40,50,60,70,80 A KR 4% 625 ik, 45 F WL
7% 1,07 I BICNN #5702 52 55 7RG, [EE, K
T HIE BICNN A5 (1 52 s A0 T 47 4 L 3 H 58 T 15k
PR A% I 3k 9 B 0 st ) 5 Sk (9] Bk A M
VGG16 /45 HE 28 i 38 590 i 18] 9 47 7 % H L 45 21 L
%2, LEBEWMT PR FEEE N Intel i5-7300HQ
(2.50 GH2) , KB Ab 3R 4% A e A5 38 2~ GTX 960m.,

082001-6



55, 082001(2018)

ANSHBIZFHRE

www.opticsjournal.net

F 1 FEAFBM R CHLEME A F 53800 %
Table 1 Average recognition rate of aircraft images under different blur scales
Model Blur scale
10 20 30 40 50 60 70 80
VGG16 97.26 % 94.22% 92.37% 89.16 % 86.47 % 81.71% 77.83% 74.32%
Algorithm in literature [9]  98.00% 96.65 % 95.40% 93.71% 91.50% 89.75% 84.43% 81.75%
Algorithm in literature [10]  96.05% 93.83% 90.00 % 87.50% 84.35% 80.13% 76.10% 72.25%
BICNN without fine-tuning ~ 98.60%  97.95%  96.83%  95.50%  92.25%  89.56%  87.32%  84.05%
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