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Abstract: A new method of high resolution radar target recognition based on Convolution Neural Network
(CNN) was presented. To solve the problem of slow convergence of loss function values during the training process
when small samples are applied to the deep CNN, High Resolution Range Profile (HRRP) features were firstly
extracted by using the improved CNN combined with the Batch Normalization (BN) algorithm, and then classified by
using a Support Vector Machine (SVM). The experimental results using high—fidelity electromagnetic simulation data
of military vehicles validate the effectiveness of the proposed method.
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Tab.1 The calculation parameters
of electromagnetic scattering
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Fig.1 The CAD models and its typical HRRP

diagram of 4 kinds of ground targets
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Fig.2 The proposed convolutional neural network architecture
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Fig.3 The loss function values curve with epochs of general

CNN(without BN) in training set and validation set
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FEMI AT T R BE YIS, e an s R EE R 15 0
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B ST [R5 A BB, DR R 1 W sk

2 3R 3 4 IS T 2SR AR SCHE H R AR
CNN ZERBT, e IALS G BN Bk L& BN A
VIZREE TR SR A B0 2k pR . A rhaT L)
B AT A B MEAS BRI, TR I A
o R ARSI SR T, R R BN 5541 CNN ZE44,
TESS 140 YGRS, BR AR 0.053 4, iz WL A5
G A B BCT 0.035 7. TR BN B3 CNN
PR AE AR BN 90 YA, 1 2% pREE LR 2 T
0.029 3, Pzl 5 43 ) , 452k R AR ks T AR L B
22150 Y, WeB T 0.011 2. e Blos i B BAL T4
Jin BN S A 0. S5 R B BAIE T, b R/ NREAS
BAERT >R BN BB CNN 2244 AT DA 350 D)l
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Tab.2 The loss function value of the partial iteration

number of the training set of the general CNN ( without BN )

AU A || O B || R (e
10 0.589 1 60 0219 8 110 0.129 1
20 0.487 8 70 0.193 5 120 0.117 3
30 03923 80 0.1829 130 0.099 5
40 03156 90 0.174 6 140 0.053 4
50 0.283 2 100 0.131 0 150 0.035 7

R 3 45 BN B ONN JIIZREFBHE KR BRI R 5 #E
Tab.3 The loss function value of the partial iteration

number of the CNN training set combined with BN

A O || B || O (e
10 0.1625 60 0.042 6 110 0.014 3
20 0.1139 70 0.038 2 120 0.0129
30 0.079 6 80 0.034 8 130 0.012 0
40 0.067 2 90 0.029 3 140 0.011 6
50 0.048 7 100 0.017 9 150 0.0112

4.3.2 T Softmax 5 SVM #9 CNN *F b 52 56

HFGRITHE, Hf 4 2K HAR0E N Tatl ~Tgd.
R Rdnim A 2 8 BARURI R SE, 1B W
MR B AP T AT RO, 454G BN S H) CNN
53 52K I Softmax Fl SVM 43225 R Nk 4 TR S
Bz, RV BRI P O 9 (2 s IR B9 FL52
HARZI, A7 (HE R T H bR

& 4 ETF Softmax By CNN iR5I45F
Tab.4 The recognition results of CNN based on Softmax

Tgtl Tgt2 Tgt3 Tgt4
Tgtl 0.952 6 0.020 4 0 0.027 0
Tgt2 0.029 6 0.879 7 0.020 4 0.070 3
Tgt3 0 0 1 0
Tgt4 0.006 2 0.006 7 0 0.987 1

&5 ET SVM B CNNiRFIER
Tab.5 The recognition results of CNN based on SVM

Tgtl Tgt2 Tgt3 Tgt4
Tgtl 0.968 6 0.010 3 0 0.021 1
Tgt2 0.026 7 0.891 7 0.018 9 0.062 7
Tgt3 0 0 1 0
Tgt4 0.001 2 0.000 5 0 0.998 3

M3 4 1% 5 A& HEETF SVM [ CNN 151 &R
Xt T 4 K BRI RZ & T 5T Softmax 1Y
CNN. 177 H3f 12 325645 4, FH Softmax 84328 B (19 °F
PIRBIR A 0.954 0, 24 SVM 20, S35
FPEEE T 0.964 5 AR Y CNN AR
FRIEAERUG , IRAR S EAS nT 3 Bl ke T4t vl 4y
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4325771 (Joint Sparse Repres—entation, JSR )2
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HiAR SO I B AR F SVMLMCC-TMM ,BCS F JSR
SEITHE PRI T A SCHT 4 H bR U AL 1 512
RESSHR HRRP H AR AITERE.

*o6 HMEZEIWHER

Tab.6 The experimental results of other algorithms

IRES SRR
SVCA+SVM™ 0.942 4
MCC-TMM®! 0.928 1
BCS™ 0.927 6
JSR® 0.914 9
CNN(FET Softmax) 0.954 0
ARSIV 0.964 5
5 & ¢
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BHRERRE S, I — BB IEG I CNN X 2845
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b SEIRGIRIE R T 96.45% .31 H A A ST
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