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Decision fusion of CNN and SRC with application to
SAR target recognition

Lu Jianhua
(School of Physics and Electronic Engineering, Yancheng Normal University, Yancheng 224007, China)

Abstract: Synthetic aperture radar (SAR) target recognition method based on decision fusion of convolutional
neural network (CNN) and sparse representation-based classification (SRC) was proposed. CNN learned the
multi-level features of SAR images through the deep networks, and then judged the target category to which it
belonged. Studies had shown that CNN could achieve good recognition performance with sufficient training
samples. However, for the conditions which were not included in the training samples, the classification
performance of CNN usually decreased significantly. Therefore, the test samples to be identified by CNN were
used for classification, and then the reliability of the current classification results was calculated according to the
output decision value (i.e. the posterior probability corresponding to each training category). When the
classification result was judged to be reliable, the decision of CNN was directly adopted and the target category of
the test sample was output. On the contrary, several candidate categories were screened according to the decision
values output by CNN, and then a global dictionary was constructed based on their training samples for SRC. For

the classification results of SRC, the Bayesian fusion algorithm was further used to fuse it with the classification
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results of CNN. Finally, the target category of the test sample was determined based on the fused result. The

proposed method integrated the advantages of CNN and SRC through a hierarchical way, which was conducive to

taking advantage of them for different test conditions and improving the robustness of recognition. In the

experiment, tests and analysis were carried out based on the MSTAR dataset, and the results verified the

effectiveness of the proposed method.
Key words: synthetic aperture radar;

representation-based classification;
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& W fL12 B ik (Synthetic Aperture Radar, SAR) i
T R IR P AG S BRRT b 3R R DX UL (i %€ . H bR
PR B AR 1 7 K355 SAR UG E A7 B bR IF g1 74
TS AT, ARG J@ 28500, B AR TR0 — ek
FENE P2 ORI 73 25 85 XF M AEAS AT 0 A A 38,
FRAE B AT XA M LAE =280 2850 — R JLMDJB AR R
fE, AT SAR HARBISNE | 254 555 B,
JE . Rt DX A H I R AR A A S O
WAy O A, S B AR B LI . AR 4 R
B E Y | BR) AR S T B IR R,
0 3 B 4343 A (Principal Component Analysis, PCA)®
BAE S U B U S W I A R AR S
TR A A AR, 3l i A /INEE B AR R AL o D
17 ¥ 9% 5 3 ¥ In] & #l (Support Vector Machine,
SVM)! 4, 3 gk oK g I R A AR R 2 880 [ Y T
W B B K 7R 43 28 (Sparse Representation-based
Classification, SRC)!"* "7\, 3 1o i % 5 #4) LU 48 /R iR 22
HEATURR A o UTAER, TR A R S e, T
B2 M 2% (Convolutional Neural Network, CNN) )
B AL BE R ARG 20 . Horpr, BT CNN 1)
SAR H AR iE A7 AN W5 2 = & Mg e, 4K
M, BGHEARED, BEAHARAENELT,
CNN ()53 2RPERE— M & BB B 1 N R, X3k
FHT CNN X T SAR HARE A iy 4 e #8455 14
(Extended Operating Condition, EOC) f¥3& )i AE 711 %
B2 Ak, O EE T CNN ORI SRC P34 1t
SAR HAR M Ik . X FMESAEA, B ik R it
(19 CNN X H AT, I 4 s 28 T2 AU 228 51
(e S . X ESR R AT AT, TR
R BE, T 25 iy e s (B I SRR AR 2 1 70 26 O L
A e K5 SR B IR0 A AT 5. A5 SR Al

I

target recognition;

convolutional neural network; sparse

Bayesian fusion

S5, ) B HE T ONN IR EE SR . 2, Wk B+
ARG B R A I 5 28 AL e 8, 0 — 251
SRC XA AT 432, B, 2T Bayesian # it
X CNN FIl SRC (% e SR AR i 47 Rl 5 07 56 TRl & 5 19
SERAEMAFEA ) HARZON . 5288, R MSTAR
om0 O ik AT Ao B, R s T 4 RS &
P, B & i s e S A B 2 . il A
A JLZE SAR H ARG J7 vk #E A7 2 | Lh, SC50 45
RABUE T I E S Re .

1 HREBZEM%E

1.1 CNN £#y

CNN JZTRBE 22 2 HORTE (55 (BMR) 4Rk
P I, A EG AL LS iR I TR T SE T A, CNN
— & i1 % FU)Z (Convolution layer), i 1k JZ (Pooling
layer) DA K 4% 4% )2 (Fully-connected layer) 2H i, i i
B AUZ b 0 B S B i b s A EHR Y 20 #T, 3K
W EWRIEE . BHUZ 2 CNN B0, a2
2] AN [) 19 A5 FRUR S B g A AR [R) 28 780 9 AR 11T 42
B, BRZT K E— 2 RRIE R S %2 G R
TR B w &S, SR, il — AR
T PRE 1 B BB R AR R . BAR G B R

z:Zki*xl_] +b;

x =f(2) (1)
K x o b — 2 IRE R 2R BRRAE S B
L R P 115 5 oo 8 3 AR R VT pR EROER A Y B
LR kBB bR B H ; RG]
AR £ ARG s AR, 3 H ] ReLU RS
SEBRE R, 3 A AR S PR AL 2 T I8
AN IR O A DA R AR AR A v o A T AL
BRAE A5 A A R Ak . 94, e (BB
(max pooling) A4 7 AT
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max  (x, "(p+i.q+))) ()

I<i<h,1<j<w

xX(p,q) =

AR 20 (2), WAL ERAETE AR AR B Ll i b x wit)
T Bl 1 R AT R Ak BT 25 B3 i 4 AR A1E BT v Y T
PN EUSS LR A iR LuN Y o

£ CNN (Wi Ja BB, o T SEBIR 532, 8 R
H—AN2 202548 Gl H A Softmax) SZFL H 52 5 i
FI3E o Softmax J&— Ff MUY ¥ HE SR 43288, PIIH5 Y
i AREAS 8 TS [R) 200 19 )5 St 23, 2 T AR iR 5 K
E S5 5t U] Sk JHG S ) A R o . BB B, BT
CNN #J SAR HARRBITIIEA 2 T8N Z BIBEIE,
LT ZFE R R 28 S5 A1 SO AR SE TR Y
Rl 456 B B 48 BT ATk i 28 56 1
LA R CNN S5 . xS 5 MG,
4 A e KAB AR )Z 5 A6 FRUZ B9 i i 35 5k H ReLU
VE RS sRACOR 5 AT B R (B M AR . 28 oK
%i, & FH Softmax 1E k73285, H 200 br & k= (H:
NGRS 5 H ), T E B bR 26
Ao 55 4 ELARGE R XTI, 388 3 0T 5 R BSR4 T R Y
BN SE A RS 88x88 At B i) IR B o I 48 i A o

& 1 CNN £E#iid
Tab.1 Descriptions of different layers in CNN

Layer Convolution/Pooling kernel ~ Size of feature map
Input — 88x88x1
Convolution 1 5x5%20 84x84x20
Pooling 1 2x2x20 42x42x20
Convolution 2 5x5%40 38x38x40
Pooling 2 2x2x40 19x19x40
Convolution 3 4x4%80 16x16x80
Pooling 3 2x2x80 8x8x80
Convolution 4 3x3x160 6x6x160
Pooling 4 2x2x160 3x3x160
Convolution 5 3x3xN IX1xN
softmax — N

12 ETREMENRERAEE

CNN AJ 38 i3 Softmax 732 5 FR A5 24 Hip il A 4
J& TN IESMNA G IR . —Meny, ATARYE &R
AR 1 L U ) IR A 1 AR 2. SR, ik
BERAH AT 5 5 HADAE 3R 3 4 B, Do s m] FE I
AN o B CAN YN 252 00 % R 1Y S5 56 ME 2 43 ) R

[P]’P2,"' 9PC]’ XEP%X CNN y&%ﬂ‘%‘lﬁ;j‘j:

Y
R_mln(max(P,))(l +K) 3)

e PO R MR 0 R MR SO e R
HIWRBRZIE, BUAR > 1, REOCRWIIE T R 5
AR1F CNN PRFGBAT S

T A X A AR RO A B TR, AT R
CNN Fy4a RS HEAT A RO 1 . Y B A5Ew T IR
B, DAE AT R AT 5E, Al EAEEE T CONN S8 I ke
A HARS . )Z, CNN U 25 5] g AN i,
W) 55 B — A IR AR E AT 20 A7, 45 31 3 n] SR A iR
SR . SCHIEJE T RE R 5 &, X CNN A ke
SR BEAT ALSEVE T . 24 CNN BERS 45 ) ] FE 45 21
i, EHCR ] ONN IR IR A 4. |z, T
CNN i H f) J 56 MR 3 (0 2 B I R 200 2 7
i, SR R T SRC X I AR A 747 2 — 28 1 3 26 LA
Lo b5 CNN S5 R B IRl A, 45 fe ) UM 45 2R o
HKEH o

2 BRRTOE

SRC 3 12 i i 2% 1 e 7 19 7 32 X DUl RE AR A 7
I LA N GR2ER Ry i 2217, 45
GARIE T A = [AT A%, AC] e RN, o
A e R*N(i=1,2,--- ORGP Y YIZRAe A .
REEA Y R B E A 1 B AR

& = argmin|le||, s.t.|y-Ac|<e 4)
K o NSRRI R BUR &5 e MBI . BB EL,
AR M e /ME L IEACVE LB BR 53 0L (OMP), DL Hp
FEAR BN AF X 3K (4) TR

MR 15 1 RECR ' a, 0 SIS 2R B0 T
3R A 7 A 15 2 0 1 ) L2, 3R

(i) = IIy—A,»&,-||§ i=1,2,--,0)
label(y): argmln(r(l)) (5)

HIIRE TS R R, LRI SVM A 28 iy
e, SRC LM I | Joy FfS a4 25 Al BAH 2% AR mT L
TRAF EON R A 7 2 PERE o BT CNN X R A
FAEAS 0 KU, SR SRC AT 7 — 25 1 TR SR AT )
T 5 R RS A R R R R AS B 2850, 4 B AR
BIRGIE o
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3 E-TF Bayesian FiEHR KRS

4 CNN [ P57 S AN AT, SR SRC X
FEAREATHE— 20 . SR, 25 I 3] CNN 1953245
FAT SR W LK GE B o SR 4R A RUE B, SO kT
Bayesian FIi& X} CNN Al SRC (173245 Lk TRl 52,
00 8 S5 A U ER 28500 43 0 Q) s, Quils
CNN Fl SRC % I B e 35 F A4 43 51 A VR A, EATTR
IO MR 25 B F

P(T}|A)) =p] (6)

A pli=1,2,--- ,M; j = 1,2)ft 3 CNN Fl SRC %} )i

FRMQMHER . A CNN Fl SRC 1) P 5 M 1. 7
ST TR AT AR T

P(C4]A) = P(€2:1€Q21) P(€2;1€2,) (7

AP T, R B DA HOE 238 D5 ) ) R A 1 2
SIUNF

Label(y)=arg max(P(Q,-lY ) ®)

SCHXF T CNN AT SRC 4 4 9 O T8 16 28 31 Y
PR AL T PEAT Bayesian SRRl . fF CNN ik k7%
AAE TR A SR B 1 00T L T RS A DR SR (A E D
BUREASHY F AR . 8 1 s S SCrh 7 vk B SE AR IR
Fe o MUREAS B 5E7E CNN 97028 F 3R 15 HE 451
YIZRE 501 B4 B8 AR 3 O T g R S U A4
FIPAH o R, F B 1.2 P i O R Y T R
AR AR BE o A8 Al A5 BE o T B2 M9 TTBR T, WA N 2 Hip
PSR n] AR E AR A D H AR, BUINR RS R . Rz,
2 R SRR E A T A DU 3 OIS B AR R T T RR
TGRSR 2 5 i, % 25 R AR A #E 4T SRC 7

——» Dicti

i Selected rctionary
classes

Test sample—>| CNN SRC

i N Bayesian
o 1 1 5 . .
Reliable? decision fusion

Training
samples

Y

Target label
Target label

K1 B RRE

Fig.l Analysis of procedure of the recognition method

%, X, $T Bayesian HiE 4 SRC Hl CNN itk 5
SERIEA TR FRAT B ARSI

4 LWHERESTWR

4.1 HEERIIILFEEE

R SCH T PR RE HEAT SE B8 9 iE, 2 T MSTAR
Bod 45 B AT . MSTAR Bidls SE & T
BMP2, BTR70, T72. T62, BRDM2, BTR60. ZSU23/4 .
D7. ZIL131, 2S1 32 H AR SAR EHER . £ X}
—J B, H SAR EIMEHE & 0°~360°)5 13 f (1] F
1°~2°) DL J% 15°, 17°, 30°01 4545 s RUF AN . Hevr,
BMP2 1 T72 %5 Hirid & 241 RS

Bt Scrb gy, MR AR 22 Uk T S, i TR
T\=1.2, T,=0.25/3 S AT CNN [ e 56 nf 55 4 34 e L)
B e 20 W i 16 o SR FH LS BRAT 5 125 ) B 4 7 %
g, 48 5EF SVM 17kt LT SRC 17k
PLKHET CNN g5 1, Horr, SVM Al SRC 5 3
7 ik—FER ] PCA UEATHFHE SR L
42 X1

YRR AR 5 ST A YIS AR AR AR L A T
IR B TR B A& 1 FR R B E $ AE 2% 7F (Standard
Operating Condition, SOC), L FFJRAYSLH: 1, & 2
S5 TR SR U AR ERRAE S5, 10 28 HARAY I
SINGREAAETE 200 A 22 5. IF B, DI
B 22 TR REAS, Al DU H 7 55 IR AR T iy
BRIEIE o B 2 Fros R SCh J5 3 00 73 F IR VB L, A

%2 X1 TR SIIZGER: 84 10 £84
Tab.2 Training and testing samples under experiment

1: Including 10-class targets

Training Testing
Class Elevation Sample Elevation Sample
angle/(°) amount angle/(°) amount
BMP2 214 174
BTR70 214 175
T72 213 175
T62 278 256
BRDM2 277 257
BTR60 17 234 15 174
ZSU23/4 278 249
D7 278 249
ZIL131 278 249
281 278 249

202104214



s Gk A2

%34

www.irla.cn % 51 %

AR I FoR FEA SR IS B R 43 e85 5, X kot
FWPEAE HAR O ES IR . LA, 2K H
P8 3 A BEITE 99% ZA, F4r 2B LA 100% AR
RIEF PN . £ 3FIH T A IEFELR 1 &0 T
SE- B0, SO TR IS T 5 i 99.36%. i F
YINZAATE A DU A 7 415 38 8 0 3038, CNIN 7 15 11
ST IRBIRERT IGAS] 99.08%. % 522KH SRC X} CNN
Hh bl DL AT SE TR A RE AR SR AT i — 20 2 S DL B o
RGP T A RE

BMP2 |985 0 05| 1 0o 0 |0 0 0 0
BRT70 [ 0 (100 0 | 0 O 0|0 0 0 0

T72{0 o0 95/0 O 0 (05 0 O 0

T62 | 0 04 0
BRDM2 [ 0 0 010 /996 0 |0 0 040

BTR60 [ 0.5 0 0 0 0 1990 05 0 0

zZsu23/4 (0 0 0 0 0 0 [l00 0 O 0

D710 0 0 0 04 O 0 1996 0 0

zitisi|o o oo o oo o (100 o

2S1 104 O 0 0 0 0 0 0 0.4 992
I R e N R -
RXMPCORRNERN S P N
S & <§9 & qj‘? N

& 2 10 25 HARMIR SR G

Fig.2 Confusion matrix for recognition of 10-class targets

R3 T 1 FTEHIRFZE

Tab.3 Average recognition rates under experiment 1

Recognition method Ours SVM SRC CNN

Average recognition rate  99.36%  98.64%  98.23%  99.08%

43 X2

i 2 XF 28 HARFER A AL | e EAT A, )L
PR i HAR I 247855 TR S .
MSTAR %4 J% v, BMP2 il T72 25 H bp st /716 £
ANTFRVS, AR IS UE Ry e RS 25 S i AR A
PRSP RSO A SEE 20 1SR A A R e
N3k 4 PR, W28 H AR A4 524k A 58
AR RS o Ak, YIZRATIAE A A IR £ 25 5
ATHEREE/IN, ST P 531 1] A7 A 5 R ) s i PR 28 gk
RIS RS, RSXUT LG EELR 2 %M
I3 2ERE I o AR FUARERAE 250, 2% D7 -1 2438001
R T/NRBE TR, S Irk L 97.72% iR
FARSRE T HAD A LT o X T Sl ZekeA 2=
SRR MM, CNN 19532868 J1 A BR, B LR
M B % . P Jr i SRC AJ X CNN
MELLTTHE 53 B REA AT i — 2 AN, JF R Zd i
5 CNN s ml 54w o BB, B, 78S
Z ST, Wi 254 CNN il SRC i — 42T+ T
B R TR R

x4 X5 2 TRIGEMAIKER: 88 3 LB

Tab.4 Training and testing samples under experiment 2: Including 3-class targets

Training Testing
Class
Elevation angle/(°) Configuration Sample amount Elevation angle/(°) Configuration Sample amount

9566 175

BMP2 9563 214
c21 175
BTR70 17 c71 214 15 c71 175
T72 132 213 812 174
s7 167

R5 L2 TEHIRFE

Tab.5 Average recognition rates under experiment 2

Recognition method Ours SVM SRC CNN

Average recognition rate  95.42%  92.58%  92.14%  93.96%

44 X3
TEARAM A 22 S BER B 2506, RIS Al — H AR

AR J7 02 A T (P IE SAR 4t m] BEA7 AR AR K 41
WX 5 . A MSTAR 4k 42 $ k f) Z2A0FA0 Fg B AR
BB E M S IR EE IR 6 fis, FI Ty i
TE RN A 25 52 24 T I PR R, S SCHh I S5 58 3,
XFF 281, BTR70 F1 BDRM2 =2 H A5, Il BE A 4y
BISRAE A 300, 45PN R A 5 DI ZRFEAR HAL S
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Tab.6 Training and testing samples under experiment

3: Including 3-class targets

Training Testing
Class Elevation Sample Elevation Sample
angle/(°) amount angle/(°) amount
30 267
2S1 277
45 285
30 266
BRDM2 17 276
45 285
30 267
ZSU23/4 277
45 285

17°0HM 1 B REAS o AR, =28 HARTE 21 5 & 4 1F
ARG A5 HAD2E S, PR i U [ et ) 32 2
SR 225 . 2 7 WoR T 42K T7 VAR A S
UM A T 33U A X BT &, 45OIF £ T
FRITE BRI BT > B MR, B2
(RFTD £ 22 St R B MR B8 . SO I7 I AE A
FARE T SR E T SR PERE, S0 T TR £ 22 5
MR fErE . 585 22 5 B 2R 2L, SRC 15 CNN X
TR PREAS BT AT AN, Tl R A A A T
TN

xR 7T KL 3 TEHIRFIR

Tab.7 Average recognition rates under experiment 3

Recognition method Ours SVM SRC CNN
N 30° 97.56% 94.52% 95.87% 97.04%
Average recognition rate 45° 71.64% 66.64% 65.42% 67.56%

45 LI 4
XFF SAR EUE H bR Uil ] 8, J& 48 H r ot H
AR TE AR AREAR IR T A BR . X Bt 2k
BT A IR Bk BE S 7 /D i Y ZRARR AR 1) S 15 T 54K
RAFRRAE AR BIEE R o LA 1 AP A R RE A
Ry e, B AL A O Pl iR AR 1 — s L
Y5, R RYSEE 40 B3 SR TR GRFEAR LB 4
HH 80%. 60%. 40% Fll 20% i 425 7 vk A 1R 591 % i
2o SUTITIETES A LB $ S B e T 241U
B, IR HAEA R GHEAT iR p i g v, R
CNN 7E/ D N GRREA T 73 M A, (0 485 L0
T A5 30 1 i 15 2 AT T AR ARE 3 £ B D SR AR 1Y)
100%

95% ¥

90%
85%
80%
75%
70%
65%
60%

Average recognition rate

0.8 0.7 0.6 0.5 0.4 0.3 0.2
Proportion of training set

3 S0k 4 F IR

Fig.3 Average recognition rates under experiment 4

Sz, IR, gE—2 it SRC 4325915 CNN g 47
PR TR A T LA 30 B SRR A 1) 0 4

5 & g

SR RS CNN AT SRC B4 SAR HA5RiH
P75 . ONN B Xt R RE AR i A7 20 2, e A 2] ]
FEYORM AT, TR BME S, g5 R . &
T, DU CNIN ) 2 S 0 0k 20> Sk 190 4 o B b 2
F ML, R SRC X FMHAEA M E— 25 02, Bk,
JLF Bayesian #i& XF CNN F1 SRC A9 45 B 17Uk
Al FE MHEAS 9 H AR 2800 . 2T MSTAR %4
JEEXF SCH VR IEAT T BRI, 25 SR R I L AE bR i
VESRME B 25 5 | IR0 A 22 55 DL SR BRI e A 55
AT T MR RS fE . R, 58— R
CNN 8 SRC B9 6 L, SCH 7 vk ad Bl 2 1 il
Ab PR EAR T T IR RE . XS A5 R T IR T S
Hs TR A S
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