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Infrared Ship Target Detection Algorithm Based on Improved Faster R-CNN

GU Jiaojiao', LI Bingzhen?, LIU Ke', JIANG Wenzhi
(1. Naval Aviation University, Coast Guard Academy, Yantai 264001, China;
2. Unit 95668 People’s Liberation Army of China, Kunming 650000, China)

Absrtact: To solve the problem of insufficient feature extraction and repeated detection of infrared ship
targets by the Faster R-CNN algorithm, a ship target detection algorithm based on an improved Faster
R-CNN is proposed. First, three feature graphs are drawn from the backbone network, VGG-16, after a
three-segment convolution, and the features are spliced to form a multi-scale feature graph to obtain a feature
vector with richer semantic information; second, the Anchor is improved based on the dataset, and the
number and size of the Anchor boxes are reset; finally, the loss function of the improved Faster R-CNN is
optimized to improve the feature extraction ability of the target. An analysis of the experimental results on
the test dataset demonstrates that the average accuracy of the improved detection algorithm was 83.98%,
which is 3.95% higher than that of the original Faster RCNN.
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KA BRI A X3k RPN X 25 57 H A i A2l it B A
P28 DR 288 A R M 6 DX 45, i ANAT 8 RST B BB ERR v] H
i H R EENER R S 15 5y . B R B EWE 3 Fios:
FF W% VGG-16 Xf R4 N B AT B AR AR, 2K
RHAEFE7E 28 AL BB A 2 5 15 Bz 5 A B R 1 46 R
fEE, RJEH—ANEsIE I (B 3X3 B &
RN PFHEE EEATIES), 153]—A 512 4ERHIE )
&, FPRIRHIE RN T — E A TAT I A4
EREAT BRI E FNE, BTN E DO
X k F Anchor ({f Faster R-CNN #1, k=9) ,
X F 2R E SR ik 2k ANEEER, BB IEHER
AR LA o2, iiamE A Z 385t 4k MR,
RPN I AE R 7 B AR AR AE B Xy w,h}, FEX 1505
BT AR K04 (non maximum suppression, NMS)
J i R A 20 B AR B

i Anchor N2 — 4 [ & K/ S EE ), 478 3
M, TRV A 1282, 2567, 5127 TAFAN ALK I
KA X3 3 4, 4rmlh 2:1. 12, 11, 94,
FHST—HBR, BT 2 BUR T S AL B H R X 2
B, a4 s

X BEANTE TA EOT U SR T 0 R i P
O f, R HC SR Anchor KNS RIE H AL B 5 R
FIf B e &, 41T ik RPN 4% 2% 2] Ik Anchor
Pk S S ok 7/ NS
1.3 ji4#E[EY3 (Bounding box regression)

1E Faster R-CNN 1, S FIAHE[A] 9 5R 523 Anchor
box FUT L Ground truth box (GT) IR, 761Kt

172

K5 . B6m, BAIAE A RERAR IR T
I Anchor, SEERFETZHE G AR HARMIHSLME GT, M
TAE RN F AR Pl e AL A REAT IR, JE Sk —
TR R, AT IR TRAE LR 3 W 45 31— AN R
SAH G EIESEMEIEE 1 G, W2 El 5 A
K| 26 FIIAE o

k anchor boxes
[ 2kscores

| |4k coordinates |
classification gression layer 1:1
layer P
-
_256—d 7 e 112

.
intermediate layer .~ -
e ///
7 _
7 -
s /// - 21

z
-

¢
=

3*3 Convolution
kernel
conv feature map

Kl 3 RPN M55 R Kl

Fig.3 Schematic diagram of RPN network structure

K 4  Anchor ;nE K
Fig.4 Anchor schematic diagram
£ 5 d, B A= (AWAALAY), GT =
(Gx.Gy,Gw,Gn), Bounding box regression NIz & 54k —
PR AR 1, 15 f(AALALAN) =(GX .Gy ,Gw' ,Gn')
b, (GY,Gy,Gw',Gn)~(Gx,Gy,Gw,Gn) - JBILKECTH2
HAETHALHRAT BN A R 1 e A P R4 A

G, =Adx(A) + A,

G, =Ady(A) + A .
BN RAB AT
G',=A, xexp(dw(A)) @

G', =A, xexp(dh(A))
Eid s, fEFREIRE dX(A), dy(A),



FHA3E F 2
20212 H

A 52 5 < BT 40k Faster R-CNIN R £T AR E BaoA il 535

Vol.43 No.2
Feb. 2021

dw(A), dh(A)IX 4 A5, AN TR IR T ()~ (7,8 )
AGE R Tt tn)~ (6"t AR B) TR
to=(x=x)/w,t,=(y-v,)/h,
tw = Ig(W/Wa)’th = Ig(h / ha)
t :(x* —xa)lwa,t; :(y*— ya)/ha
t,=lg(w" /w,).t; =lg(h"/h,)
A Y Wh)y (XaYaWaha)s (X7y" W, h") 23 5% B 75
JAE. Anchor box LA A Ground truth box HiC» £ fr] A
br S e Al o i 2 s & UETE T8 Anchor box U
A ENE B A S FHE GT, &t [\ 548
J& 1 Anchor box % H BN TR

2  MuFHY Faster R-CNN B Fr&NE %

21 HHHIMLELE

TEGRIZE M2, R 2 B HH ARt 4
TERE, TEMKSAE SR, =263 BRI
TG ROTE B B, 7R R g H rh i B R S,
RHIZAT CNN R s VR34 A 72 v i mT MRAL AT
B, AT 2 2 R AE P L P 6 BT

Hodr, B 6(a) ML AMIEAG B B, B 6(b)A VGG-16
R 1 B Convl Ja ki FIAFERE, & 6(c) A
VGG-16 H15 3 Bt RUEL Conv3 J& i Hh AR
Kl 6(d) VGG-16 H1 55 5 Bt RS H: Convb Jim it (1)

3)

FHEE. E 6 nT A RARE tH, RE SR H R
AIE B AR bE T v 2 2 A it )RR B A T {5 R =
B, PRI,

BT A T — M 2 R R BURHIE R 732, L
VGG-16 fEAE T ML, xRz, FIH VGG-16
S RUZ TR, R 3 Bt RS AN F R
(VRFAE B AT RRAE D R N RPN 9 28 A2 Rk il 4
Xk, ot R g g 7 TR .

EHE )G ) Faster R-CNN P48 45k rh, B
Convl. Conv3. Conv5 &2 G HUAHIEEIfE N 2
JREEHRFERE], DL Conv3 HFAEEIAIEHE, FEXT Convi
(PR B AT I A AR 4 /N AR [FRSE . Convb 4
fE BT BRI K BAME RS, Hd T REPiE,
PR A R — RSE RN R AR R T TR DR, R )5
HINZ RPN 24T 0k X3k AR B, HF4% 5 REAE
i 8 o

MIE 8 ATLAE i, FRAEHHEEAE AR H AR 4
W5 BAEEIEE . HHXT Convs $HE K BT #EAT
(1) [ G BB R S R ek FE B —Fh SRR
T, EAETETEERN R, REFERE
AR R B R nfE 3R 2] RS H, fE15 E
KREESHEMEE . FHECOKE R RSB, $2
M7 — B« FRAE” J7E, AR BRI S
FHE R BiAR LG,  BA BN & A R AE

5 Bounding box regression 75115t B

Fig.5 Bounding box regression example description

G

J I <
I'Z'-A—],|

I, :

. ||

T e

(a)lmage (b)Conv1l

(c)Conv3 (d)Convs

6 AFAZEHEBUSRIL X

Fig.6 Comparison of characteristic graphs after convolution at different levels

173



H435 B2 AP E S N Vol.43  No.2
20214 2 H Infrared Technology Feb. 2021

17 ot R A 1

Fig.7 Improved network structure diagram
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Fig.10 Sample diagram of data enhancement
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Fig.13 R-P curves of Faster R-CNN on infrared ship test set
before and after improvement
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Table 2 Comparison of algorithm performance before and after
improvement

Model name AP/% mAP/% Time/s
Faster R-CNN 80.03 80.03 0.3128
Improved Faster

83.98 0.3384
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