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Abstract

The development of artificial intelligence technology and computer vision technology provides a
new technical support for the shipborne missile to attack all kinds of sea and land targets accu-
rately. The automatic target recognition technology based on deep learning provides a new tech-
nical guarantee for improving the accuracy of missile target recognition. This paper introduces a
variety of target recognition algorithms based on convolutional neural network and applies the
YOLOv3 and Cascade R-CNN algorithm to the missile target recognition and detection experiments.
The experimental results show that the two algorithms have their own advantages. The accuracy
and recall rate of YOLOv3 algorithm are lower than that of Cascade R-CNN, but its detection effi-
ciency is higher than that of Cascade R-CNN. In the process of target recognition, using deep learn-
ing algorithm is an effective way for missiles to improve the accuracy of attacking targets.
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1. 5|8

BEA AR 5 R B HEa R Aeth,  E 30 H PR iR (Automatic target recognition, ATR)JN T3 A il 5
WM EE RS 1], H 20 4D 60 FRIEH ATR BE& LK, ATR HARMGIIIGELRE, HIKEEXTAR
Bl BER 7 BRI, FEERE AR R AW B EIE 2], 4T, FET ARG OIS EIE R
MERARLE T EARRA T O Z A, (HRGEEA R — P im, BT ETF A IEMER,
PR T o B b R R A P R S

2006 4, RS 21 Geoffrey Hinton £t g N T THEA U w43k 3], HA 212 H 7 JZRHIE
FORTTE, RREARFEARIAT T, TEFEAR P FMRBAHE, il — P Rl A e o, B
AR AL R, MT N TAE S R R R B R E AR  S A 4] . TRIE A S NSRS
AT HAs B SRR T IE AR SR, A RERONIR R VA Cascade R-CNN 1 YOLOV3,

2. ET CNN W4&p xR Bl &%

KRB )R 2 I — DN EE S SEGEMNE T I EIEMEL, BREES T2 I 25 15 A i) v
REHMEEZ, SWENER, EEEZIGAIERIER, SEINE AR ET . FEARSERE &
GRFIE A T8 I 0 AR YRR E AT 3 SIS R, B8 2% IR AR B oA RHIE I RE I [5]. 4T HA
AR 1) DX 25 A5 2R A VR B A5 9 2% (deep belief network, DBN)IRY . HEE H 32w 15 Ml (stacked auto-encoder,
SAE) #5  | FE T i 35 1 28 P 4% (recurrent neural networks, RNN) [ 97 & A& 50 1 JE T 35 F1 i 45 ) 4%
(convolutional neural network, CNN) ¥V 5 AR 7Y

CNN [P 45 & —Fid & A 3 2 (A B Cn B . AR RO AT s e 2 p 2%, 2 s B Rk, B
% B ESEEIEARMEE (6], ETFENAAIE R, £8 CNN B 1 s, BB
B ZERERLE. SE . 2 REGEE a HEE R, HA B ZIRIURRHE, )= R
FUZYERE YD 2 B I ERE R A S A, YoM Z 5 2 YRR A AL, 22 28N & SR 43 AN TR0 o
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Figure 1. CNN network structure
B 1. CNN mZg4514

1989 4 Yann LeCun B /42 H CNN &H8Y[7], 528 FiF ST EE /IR TE, 2012 4F Hinton 18142
H VIR N4 AlexNet [8], 1% M 48 7E 24 4 BRI 408 5% 28 H 1) top-1 1 error rates 9 37.5%,
B A R ERESEMT A E W E . BEE CNN WA WIR L, B2 K 25000 2% ST HEE H A
FRAERIRE I ANTIG R, B1x5 BRI B AR AR 58 UG R RE[9]. IRE CNN H sl 5% 5 A
PIZE[10]: XCPA ISR, W B bR 2 820 SR R A iR AE A 13 @8 L 25 B8, W1 Fast R-CNN, Faster
R-CNN, Cascade R-CNN %%, —izRU0 Bk AR MR SoBRiil s5k,  70 SR0gd AE [R] i
58/, 1 SSD, YOLO, YOLOV2, YOLOv3 %%, — Btz BA B A Z . L H bR R0
Y HE ) % (mean average precision, mAP)Fl14&EFD 46 I Wi % (frames per second, FPS)Nigtr, &% HILTE
VOC2007/2012 #1 COCO % ERFRINZE 1 Fios.

Table 1. Comparison of target detection performance of each algorithm

1. BEVEBRQNMERELLEL

FIAR IR 5% b R3S Hidm e mAP FPS
Fast R-CNN 70.0 0.5
Faster R-CNN 73.2 7
SSD500 Geforce GTX TiTan X VOC2007 + 2012 76.8 19
YOLO 63.4 45
YOLOV2 (416) 76.8 67
SSD500 31.2 8
YOLOV2 (416) 21.6
Faster R-CNN Pascal TiTan X COCO test-dev 349
Cascade R-CNN 42.8
YOLOV3 (416) 31.0 35
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B 1 g, AR HER R T TH, VOC #idiE4E 1 SSD500 #x ik 2] 76.8%, {HHAE COCO &
N 31.2%, 5 YOLOV3 [ 31.0%4H24, {%F Cascade R-CNN [1] 42.8%; HEAIMWIECT1H, VOC ¥
£ SSD500 1y 19 fps, YOLOV2 (416)& =N 67 fps, {HAE COCO # YOLOV3 (416)i5 %] 35 fps, iz
F SSD500 K 8 fps. 3T LA, Cascade R-CNN 78 XU Ml 5235 b iR B AERf R B 5, YOLOV3 7E 3
JA B0 A W B9 R AR 0 R b, R HER R B KR T

3. Cascade R-CNN #1 YOLOv3
3.1. Cascade R-CNN B#riR 5 &%

Cai Zhaowei [11]7T 2018 4F7E CVPR2018 &1 bt Cascade R-CNN W Z54 A, 1% R 5L T Faster
R-CNN [ 28 [l 77 v, it 22 [ Boker U B84, kB B A A [8) J5T 5 R REAC R 3, IFB 942 i SHAHE 10U
FebrBIME, SCBLOPAGIN[12], A2 T Faster R-CNN [0 446 I 3 DLHE RSB BH L REAS (1 1o 5[ 137

Faster R-CNN HFREAGFRUIE 2 From. 15568 BRSO CNN W28 AT RAESEEL, A2 BURFIE s 48
JEFIF RPN 28 S B vk X IRHE ,  SRHIE IR 5 — =6 A Beseide IXCIURRAGE s PR FH DS BRIX 45(ROI)
Mgk 24 Mgk X IR AR S\ B 41882 = IS M SoftMax 73 288813847 40 R 01

CNN4FFREL

FFIERE (feature map) —l

l RPN R {35 [X

ROL L Z 4—'
v

EEER

v :

Softmax) #5% HAERIA

Figure 2. Fast R-CNN algorithm target recognition
process
2. Faster R-CNN E;% BH#rmiR Bk 42

Cascade R-CNN 25 H AR BRAZAN ] 3 Frose FF B %A CNN % BEATRRIESR I, A BARHAIE 5
SRJE{E Faster R-CNN (ZLHE ) b AT 70 JERN 148 4 5 RF [ UA7 2E A IAAE 1 %\ RPN R4 2% - 2 X
AR, AFRPR 10U AR BMEE =, WRAE PR, SR ERILHE 2 A 3; 20K T 20 K45 R AN A
VA AR
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Figure 3. Cascade R-CNN algorithm target recognition process
[& 3. Cascade R-CNN B X HIRIRARTE

3.2. YOLOv3 HfriRBIE %

2016 4, Redmon 7E CVPR2016 2>l EHRH 17— AN T IR BE A2 10 28 1) o 213ty H AR IR AR AL —
—YOLO (You only look once)f5R![14], JH7E AN EXI AT — R Pl T 2017 4421 YOLO9000
B, H AR B KIEEETF[15]. 2018 4F, Redmon H4 5% ZE M T FPN 4244 5] X YOLO #£Hi 7 YOLOV3
B, fEORUFIZ ERCR AT T, dE—B4e e 7R RS B2 16].

YOLOv3 FEA [ & g5 Ml 4 iz, ] DarkNet53 BiRVE Ry HARFFAEIREUN 4 . & 26 5
BEUZ IS4G 2] 416 x 416 K/, DarkNet53 X 26K BUG 2 M TS0 6 BOARFAE BERUBE K ZIN(13 < 13,26 % 26, 52 %
52)RI5r N S x S AMAHE RS ITHS, AR5 SRR R B RAAEFI R BE R AL Al & AFRHIE S 738, )5
AR TS BRI EE R X R 3 AN AE (anchor box) [E] A TN 3 M HE(bounding box). YOLOV3 [f] %
JUEER G BT A RS 7 YOLO R AIEEXT/ANREE B AR R G 77 55 Bk 5, BEh SR RS F52 R 2 1)
e B [17].

| FE X 515A8: ‘l/
» DBL = Conv+ BN + Leaky ReLU
» Resn=n X Res Unit
» Res_Unit=ADD (DBL.DBL)
CS=5 X DBL
Concat: K& HH

13x13x255

26%26x255

52x52x255

Figure 4. YOLOV3 algorithm target recognition process
[ 4. YOLOV3 BE3ABHRRAIRE
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4. TWERS5 T

FEFLLEHT, BRE3E AR B A B AR MR Cascade R-CNN H YOLOv3 [ 3 S5 HFRr iR
AAE A, I B ARSI S5 FL AN R R I 5 1

4.1. Cascade R-CNN F1 YOLOv3 $&&9)I12:F03H 31

BTN, U EE BAREACAARRER “FME” , R, FM. WSE. mEEFTIH,
BT EATE N B HER “MA” , MIARFEFEH AL “MA” , Wl AL 5 A%,
X SR AN SRR A SR YR B — T B . BUEIE RIS N S AT B AR, A B 4%
WP EL B BB RO TATARA0, HEAAR Oy o BRAGL, JEiE I Bs 1, M T —AMEE 7500 5K B R
By W5 RE A Ht i A T AR89 25 ST RISk o B8 YIRS RIRAE T LB 433 0.8 T 0.2, SEIG-F & SN :
Intel(R) Core(TM) i5-8400 CPU@2.80GHz AL ¥ 2%, 8G M7, 4G NVIDIA GeForce GTX 1050 Ti GPU. #
SIFEARBIREMIE 5 R

Figure 5. Sample dataset partial image

5. HAKEEBIEIR

T L I ZRIN TR], I pRAs (US IR BE, R A AL SO T TSR . SREG T, #E Cascade
R-CNN #AIH1 YOLOV3 BRI YIZRIA T, BB IEHIREL 2000, HI46% 2309 0.005, FIFH Adam {425,
FR R 5] 451 2% R B S R AR 24 ST 3, JE3R 1500 RIS REE2E 3130 0.001, BEGARAIRE N Rl 76
MR, 23 34 MR AE S N\ £l Cascade R-CNN 411 YOLOV3 B8 A, S 35000 (1 H AR i A 5 br i 1)
HE TOU > 0.5 YRR B, SRR RB1EE Rl 6 M 7 BroR, B EELER AE Sealn e &
W5 FA AR o

Figure 6. Result of island recognition by Cascade R-CNN
[& 6. Cascade R-CNN B AN 1% i BU5IH A 455
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Figure 7. Result of island recognition by YOLOvV3
7. YOLOv3 BIAF R E HUSIRAIE R

4.2. Cascade R-CNN 1 YOLOvV3 iR Bl EE (L

SEIG DAMERf R P (Precision). A% R (Recall). “TFHIIEHIE AP (Average Precision)F14A0 4 M 5K %
FPS Jfabr, BUWIPNIANBRIMERE . HEMfZeRal TR “IRHE” 1IREY), HRIZERIE THA <147
Hae s, —E W EINEMA 1~2 Pros, b TP FoR B AER], RIFUES KA SLBRaE RANIE: FP RN
B, BTG SRR T, SEhrgs Rt FN o, BImss R A5, Sihrgs RNk,

po P (1
TP+ FP

R= P @)
TP+ FN

MERERILE 1500 5K 320 > 240 WK Fr, Sguitao & e 55 HARIE A 1454 7K. Cascade R-CNN
BRLE BRI B 05 AR O 1429 A, RFDNBIEHARIANECH 106 A4S, MEEFERT 1785 s
YOLOV3 B IERf R 5 05 B AR AN 1403 A, =AM EIGHFRIAECH 311 4, WS FER 40.2
s; f£4t HOG + SVM H AR IR A EE IR R Z 505 H AR08 979, AR Bl B ARKIAN %0 358 4,
MR SFERT T 1 /. MRS HOG + SVM HI&Z AR PR Ebansk 2 fis, #EffR - A RS Zkin
Kl 8 Fizmo

——YOLOV3
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Figure 8. Performance of precision and recall
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Table 2. Performance comparison of Cascade R-CNN and YOLOvV3 in missile target recognition
% 2. Cascade R-CNN # YOLOv3 E3A7E 53 BARIR B FEY M RELL R

H AR P R AP FPS

HOG + SVM 73.22% 67.33% 53.84% <0.42
Cascade R-CNN 93.1% 98.3% 95.6% 8.4
YOLOV3 81.9% 96.5% 88.7% 373

ST 2 FIEE 8 WIS ST R RIE B AR, SEGNLE S B IRBI AL, T
Cascade R-CNN 1 YOLOv3 5% 1) B AR 1R AR vE i 1 A SE i P36 iR #E Ry . Hor, Cascade R-CNN
SR B AR IR R R R . A R AP H BT YOLOV3 531 H AR R AR & 11.2%. 1.8%
H16.9%; FrEE T, YOLOV3 HEAS bk il i %51k 37.3 fps, & Cascade R-CNN #5241(8.4 fps)f] 4.4
fi%. Cascade R-CNN HiL [ HERf M 5, YOLOvV3 By sem i iT,

5. B4

EEX S HAR IR B FIISE 753K, A28 1 3 A SRR 5 2% ) ) 45 A5 7Y 1 R R AN 6 T P 5 A A
2% 1 B ARSI, K B AR FEIER Cascade R-CNN FI YOLOV3 53N F 51 53 H A5 iR i 450 3 14
1T T EeAL, R N a5:

1) TIREES ST 0 H bR R B P B e A T2k T4 e b 28 2% = IRl B2

2) T Cascade R-CNN FyE 1) H AR R AR (1) e A 2 A 43 (B R 2 LL ST YOLOV3 5k H bRkl
B

3) YOLOV3 #:A4[#] FPS /& Cascade R-CNN # R[] 4.4 £, il %% iz & T Cascade R-CNN 7Y,
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FUR H AR U SRS, 2 B E T 5 AR R
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