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Abstract

With the widespread use of Synthetic Aperture Radar (SAR) systems in the military and civil fields,
the scale of SAR image data begins to expand rapidly, and the demand for SAR image target classi-
fication in different application scenarios also increases. Traditional target classification algo-
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rithms need to manually design feature extractors for image characteristics after analyzing data
sets. The design process is complex and tedious, and the professional knowledge is highly depen-
dent, so it is difficult to meet the actual requirements. Therefore, deep learning method has been
introduced into the SAR image target classification field. However, due to the small scale of the ex-
isting SAR image data set and the certain difference in image characteristics between SAR image
and optical image, it is often difficult to obtain ideal results when the optical image convolutional
neural network model is directly applied to SAR image. To solve the above problems, this paper
proposes a method for SAR image target classification based on convolutional neural network mi-
gration learning. Compared with SAR images, optical image data are more widely sourced and
easier to obtain. By means of transfer learning, the pre-training model fully trained on large-scale
optical data set is used to assist the training of SAR image classification model, so as to realize the
effective classification and recognition of ships.
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Figure 1. Sample based migration (The left figure marks very few samples, and the auxiliary training
data shown in the right figure must be found for training)
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Figure 2. Combine deep learning with transfer learning
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Figure 3. VGG16 deep neural network structure [11]
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SEEG TN ZR 6B R A oy B R B I R EE, 3k 2629 7k, HdEAEIEIE 4:1 i LLp kil
N ZREEFNI AL o

WO LA OpenSARship Hidfa 4, /& M Al K S gL R ER L (AST) TR IR SAR
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Figure 4. Accuracy and loss of ship models
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SAR HRSE I A AT, BRI 411 (L BIRENLRISY, BRILARER, WK s,

Toading the ship image from /rool/OpenSARShip Lolal/GRD/OpenSARShip VH 128x128 GRD

Total number Training Testing Ratio
Cargo 2370.0 1886.0 474.0 0.800000
Dredging 17.0 0.0 0.0 0.000000
Fishing 11.0 9.0 2.0 0.818182
Other Type 204.0 163.0 41.0 0.79%020
Passenger 6.0 0.0 0.0 0.000000
Pilot Vessel 1.0 0.0 0.0 0.000000
Port Tender 2.0 0.0 0.0 0.000000
Search 10.0 0.0 0.0 0.000000
Tanker 346.0 277.0 69.0 0.800578
Tug 62.0 0.0 0.0 0.000000
Wing in ground 1.0 0.0 0.0 0.000000

(2345, 12&, 128, 1) (2345,)
(586, 128, 128, 1) (586,)

Figure 5. GRD data classification
5. GRD ¥i#& 53 2%

H 1 5 R KR S 0 B T DU, iy cargo. fishing. other types. tanker. 2 FR3HATHOE, M2
RO RO R BT R4, (8 SAR 8 (1) GRD 4l Xz B AT I 4500 8. IR 2 0 2RA8
YRR B, Ak EEy Adam, 2£313 Y 0.0001, IIZRRECH 20, WO BRI ZR4E B 6 .

Model Accuracy

0.8095

~—— Train Set

0.8090 1 Test Set

/\

0.8085 \/
0 8080 \/

08075

0.8070

0 8065

25 50 75 105 125 150 175 200
Epochs

Model Loss

0.85 { — Train Set
~——Test Set

0.80
0.75
0.70
0.65

0.60

25 50 75 105 125 150 175 200
Epochs

Figure 6. Accuracy and loss after fine tuning
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#ERfZ (Accuracy) 2 7 AR i I PR RESR AR, A SCHIE ] ace RATE, & SO LR T A FEA 2L
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acc(f;D):%gll(f(xi):yi) @)
acc(f,D)= J H(f(x)=y)p(x)dx ()

Horbr, DONEUESE, miREEE SRR
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QTR VGGL6 AERILE A FH A R A S it 25 o ) R0 S R A R F R 1Y ARSE R R
VGG B R IF IR RCR W] L — 28, [N AEA ] B S80I RS 2RI e A T Minist (1%
PRERMILLRS, W LAFE XSRS Mnist TR 22 4f — 25,

Table 1. Comparison of pre-training models
= 1. FIGRARBIRTEL

TRt YIZRHSZ TS 2
VGG16 99.52 97.00
— it A 94.79 25.00
R Mnist 98.01 97.52

B TRM SRR AL B BB ] SLC Bt T i 2 Ja, HRILH HERR
PR, A 68.0, BAKEISLRESR, WFREKL N, RINTRAM AR —2&8da4 SLC 1A
S ) R e K AL B D SR RE R, SR ] GRD B AT UM T RE IR R o — L8, R
Pt B oR 7 SAAME 2 S BRI ER R A . BRI VGG16 BRI, kM | GRD #udl, &
B LA ULRA T AT AER R

SIS HLAE A5 2 70 AE BEAR IR AR K ISR TH 22 6], B an g Il Zroik B, mT RE 2 SESR IR A RCkS
AERG N, = A A R 7y 50, BRI R K ERe . B, SEIREH VGG16 BAUE TN Zh 5 i 15
BRI L5 R TT, fRRT 7E DRSS T SAR R KM, TERKRMIB i, SEAH
(I TIN ZREE R IE RS 27 ST I 52 LS AE AN R TN 2048 R (AR R B (K% openSARship 73 S8R AR /&
IREEH .
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SRR HEAT IR, SEPLERE A 2] o MSEIRTT IR 1 E/MEATT R T SAR BT H AR iR R I IE#
S TR RIAT I RIS X dh A (AN e A R S P F A s B A ety SR B ], O —
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