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Abstract To address the limitations of hardware storage resource and power consumption in infrared-remote-
sensing ship detection and the inadequate precision of the output boundary rectangular box form of target detection,
a lightweight and pixel-level-output segmentation network TRS-Net (ternary residual segmentation network) is
proposed. We apply the encoder-decoder structure of image segmentation to ship detection to obtain the pixel-level
output. Further, we binarize the 32-bit floating-point parameters to compress the size of the network model and
propose a binary segmentation network (BS-net). Then, to solve the problem of poor detection accuracy caused by
BS-Net, we introduce residual connection and propose a binary residual segmentation network ( BRS-Net).
Furthermore, owing to the sparsity of the neural network, we introduce ternary parameters and propose a ternary
segmentation network (TS-Net); therefore, we propose a ternary residual segmentation network (TRS-Net) to
further improve the detection effect. Using a long-wave infrared camera independently developed by the laboratory
for imaging experiments, we obtain infrared images of ships, make the datasets, and compare and analyze the
results of four kinds of networks. The results demonstrate that the detection precision, recall rate, Fi o, and
intersection-over-union of TRS-Net are 88.73%, 83.34%, 85.95%, and 75.36%, respectively. Furthermore, the
model size is reduced to one-sixteenth of its original size. Therefore, the proposed TRS-Net has practical
engineering value for real-time infrared ship detection.
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Fig. 1 Architecture of ship detection network
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Fig. 3 Ship models and infrared imaging system. (a) Infrared imaging system; (b) flume;

(¢) ship models; (d) surface ship

PUNSE R B F AT T o i 8, LY e Bl . R
FH IR A VR J5 AT AR HGE T 4% 55 3l 2 Fn 25 25K 19
A, ad H ARG 5 01, A R & T 1
PR TE TR L T A R B AR 1 S L AR B e B

(a).-

Hbr o #MG R bRk 45 8 .

6 W B A B8 4 9 i 4 v, R A LabelMe X
DX E AT AR I S 1) 22 A5 3k BRI 1 35 S AR R )
1538 PR RIERTS B s Blan i 4 pros

I €S R (N

EMEINGL D, S H R M 8:1: 119
DR A3 R di 4 L BD . 80 %6 Y T A 1 R Il k4
10 % VERMEAAR . 10 % 1 28 LBk g . R 1 sk 2
s B F R 2 v D G R R & G — b B
256 X 256 ML,

Ca) JRBR B0 H 5 (b) FH LabelMe #ric i 50 3%
Fig. 4 Samples of ship dataset production. (a) Original data; (b) data labeled by LabelMe

3.2 JlEEFEE

T8 56 1 W 26 25 48 BT H 5 00 Ak L BHE 35 S A 4
EHMEZ G AT N GRTL g, RAEBA &0, M
YN % 5 MR F 4 3T NVIDIA GTX1080 GPU,
64 f Ubuntul6.04 LTS R4, YIS HEL T

0111018-5



TensorFlow, H 4 #y K 15 £ 48 4 2 J7 3% >k H
OpenCV3.2.0 52,

IR AR 1 2% & I 2 801 A 80k 428, 78 U1 25
b AR 3 e 22 YRk T I 4 2 B e R eR SR
T3 Rl /ME . Horh, 28 W) 1h 2 HCR T BE HLAE B
975 2 SR, B2 IR AR /N O 3 X3, Ak
Ko exe, w2 KB R 1, B8R T RERNPIG
25 RUE N «=0.001, % 10 4> I X] 2% ) R
HEAT — U A L I 25 o 7 b 28 SUJR 460 2K A A8
b AG R WEE AR Ak 2 AN 5.6 T .

061
——BS-N,
? 0571 —BRs-fi}tet
E SRR
204 et
=
g
o 0.3
0
e
% 0.2
=1
A 0.1
0 i 'E" g o g PEB s Aoty
0 10 20 30 40 50 60

Training epoch

Pl 5 4 Pl I £ A I S ik B v 28 UG 4 A 1 A2 4k
Fig. 5 Variation of binary cross-entropy loss in training

processing for four networks

LOOT o esesesgionssssss

0.95 1

—»—TRS-Net

0.90

Accuracy in training
=) =)
® [
S &

<
3
ot

0 10 20 30 40 50 60
Training epoch
&l 6 A Fifr o 2% A I 5ok B T A5 R kR R 19 A8 Ak
Fig. 6 Variation of pixel accuracy in training processing

for four networks

3.3 ZWHERTEH

h Y B O S 2 SR AT AN L 23 0l % 3
PR 8 45 5 e e it 1 2 BIFR bR B AT TR o0 B . S
50 R B AR R B i o ) v ) 28 BT 4R AR 0 IR
SN2 SR AT 4 BT BT T VE A 95 A A 45 1R R E A R
Bea AHE P A FE R, VL REEATEM IR Fivone
(balanced F score) S, (Intersection over union) ,

PP R AR T A KR

% it
P :7NTPN+"“’NFP, (12)
R:%, (13)
B”‘:NW+ZT‘Z4+_JJ\Q:+NFN’ (an
P =(E520) 2 R )
B =(A N B)/(A UB), (16)

P N R IE U A R H AR R 198G N
SIER G SRR BB N R R i)
T FAR R B0 N A RS R R
IAEGA AT R HAR R RES B R
HEP R E e X5,

Boa MR Z Mo 22, s IR0 IE 8 13 R (B 4&
s L EAR I 5O ST AR RG] PR R
FR BT A B 2 R B AR R R T B SR B AR
R s R BRI 1] 38, FORTE T A 1 H S AR
R ER o R A LU 38 A B (R AR AR AR R Y
i 23 8 (] 32, (H 33K 9 35 7 S 264 0 R 2 BOAH P
JE B R TR LA IR T B WAy e O
A5 FIF- 280 B F oy ore o

W42 1 7 A 0 o A s SR an &1 7 r o, 1]
A AE M 2% BS-Net A9 IR B 4 22 5] A Bk 22
B9 BRS-Net Al =J04k TS-Net [ 45 it 46 1 4% 575
BT = onsk2E M 4% TRS-Net (1958 240 %
TG M FARER O X BAE B 7 A ROR I, S b
e — HAr WA R AR, IF B LA ER A T
£ I AR R 09 A A B A A5 A I H Ok, ] ok
A 3CHb 5 Bl B AR

F 1 WA P A ol 6 XY FURG I 45 SR (¥ % L

Table 1 Comparison of ship detection results of four

networks on testing datasets %

Network Bra P R Fi core Bru

BS-Net 95.76 34.46 75.27 47.27 30.95
BRS-Net 98.70 84.78 59.31 69.79 53.60
TS-Net 99.18 93.46 72.60 81.72 69.09
TRS-Net 99.31 88.73 83.34 85.95 75.36

H e 1 AT BAR —{H 5 %1 M 2% BS-Net A1
KNI PE ALY 1/32 AHHAG I BORBLE2Z  F 1 eore IR
JAT.2T%  Brou AL R 30.95% 5 Bl A Bk Z #E R 1
BRS-Net i) F| 0 38 BS-Net $2 5 T 22.52 N H 4>
RLPoo B T 22.65 N EH AL KRR ZE MR
R W 2 MEfE s 5] A =04k )5 B TS-Net b BS-

0111018-6



% {5

Net B Froo 32585 T 3445 DA A Lov e T
38. 144N E 43 o5 Ui B = e Ak B A5 A5 i 28 I 4 A EE 11
TE 250 A R AR i M T (i AR Ok B R R 22
1K = Jr ik 25 M 4% TRS-Net 19K K B 8 55,

B

45w

AH BT DL 2 B ARG I, £ A8 i AR I 37 K
ROGIR L 2 55 R K 45 6 T S B R 2% 1 Y 5 I A
/N HEA S W AN A2 B ) A a5 R ok B A A F
FEHT ] . AL 2 6T X 21 A0 8 JEON H S I 50 d0 4 Bl
A R ERAR L SR 2 F A 4 K D 2T A AR AL AT R AR
SR I AR AE B 4R 5 BE X H AR RS I AR P AE B
%A 25 NSRS A0 0 IR) A, SR oy ) O ik R
BRI LE IR 5 E1 X A R AN ) RE A BRI LK 32 bit
FTF s B S B B AL, DA A 25 (8] L 38 1 T (E
E| W 4% BS-Net, i £ 45 8 FE 45 0 JROR 9 1/32., &%
BS-Net 6 I i 20 22 0 7] 8 (F oo HA7.27%,
Bu M 30.95%), 5] Ask 2= %z, # th T BRS-Net,
5 BS-Net #H I, BRS-Net 1] 7 &% $2 &5 4 I K5 B2,
Flooe 18 T 22.52 N E S8 Brou B T 22.65 %61
AR BT B2 I 2% S BOR PR R AN, B A =
Jofb $E T TS-Net, fiwJa 256 5% 25 Fl = Jo 6 w5
T-Bokt TS-Net 2tk it TRS-Net W 4%, gF— 41 T+
TR R . TRS-Net Y UK 5K 4 88.73 %,

F o N 85.95% 4 Brou A 75.36 % , B R K /N K 45 Ky
JEAH 1/16, 25 A BRI Fi 4 R ~H RS 0 28 51 vf
DL Y5 H A X 45 A . TRS-Net B3 0 8 2 )
S TR R H A A

@ (e) ®
Bl 7 G B g 2R3 . OB ABHER s () N LARESS R () BS-Net it Z5 5 5 () BRS-Net fii i 45

(e) TS-Net it 45 5 ; (D TRS-Net fi HH 45
Fig. 7 Output results. (a) Input images; (b) output results of manual annotation; (c) output results

of BS-Net; (d) output results of BRS-Net; (e) output results of TS-Net; (f) output results of TRS-Net

HERIR A 83.34 %0 s F 1 ore H85.95% , 8T EL (Brov) A
75.36 % BRI K /INFE A6 A IR R ) 1/16,

Z % x #

[1] Bao S Z, Zhong X, Zhu R F, et al. Automatic
detection method of ships based on shortwave infrared
remote sensing images[]]. Acta Optica Sinica, 2018,
38(5): 0528001.

SN, Ph%, R K, 5. R T RSN E IR AR
RO A SR I Tk [T St i, 2018, 38(5):
0528001.

[2] Wang W X, Fu Y T, Dong F, et al. Infrared ship
target detection method based on deep convolution
neural network [J]. Acta Optica Sinica, 2018, 38
(7): 0712006.

EXFE, MW, E, R TIRESRM A MY
BILLAMIE HOE BRI 75 ¥k [T oA =4k, 2018, 38
(7): 0712006.

[3] Jiang BT, Ma X F, Lu Y, et al. Ship detection in
spaceborne infrared images based on convolutional
neural networks and synthetic targets [J]. Infrared
Physics & Technology, 2019, 97: 229-234.

[4] LiuF, Shen T S, Ma X X. Convolutional neural

0111018-7



ot %

n
¥

(6]

7]

(8]

(9]

[10]

network based multi-band ship target recognition with
feature fusion[J]. Acta Optica Sinica, 2017, 37(10):
1015002.

X, WL, SHr R . FRER G B RN A M % 2
B BOWAR B AR [J]. 6224k, 2017, 37(10):
1015002.

LiQ P, Mou LL C, Liu Q J, HSF-Net:
multiscale deep feature embedding for ship detection
IEEE
Transactions on Geoscience and Remote Sensing,
2018, 56(12): 7147-7161.

Cheng G, Zhou P C, Han J] W. Learning rotation-

et al.

in optical remote sensing imagery [J].

invariant convolutional neural networks for object
detection in VHR optical remote sensing images[J] .
IEEE Transactions on Geoscience and Remote
Sensing, 2016, 54(12): 7405-7415.

Fischer P, Brox T. U-Net:

networks for  biomedical

Ronneberger O,
image
segmentation [ M]//Navab N, Hornegger ], Wells

W, et al. Medical image computing and computer-

convolutional

assisted intervention-MICCAI 2015. Lecture notes in

computer science. Cham: Springer, 2015, 9351:
234-241.

Badrinarayanan V, Kendall A, Cipolla R. SegNet: a
deep convolutional encoder-decoder architecture for
image segmentation [ J]. IEEE Transactions on
Pattern Analysis and Machine Intelligence, 2017, 39
(12): 2481-2495.

Courbariaux M, Bengio Y, David J P. BinaryConnect:
training deep neural networks with binary weights during
propagations|[ C]//Proceedings of the 28th International
Conference on Neural Information Processing Systems,
December 7-12, 2015, Canada:
NIPS, 2015: 3123-3131.

Hubara 1,

Binarized neural networks [C]//Advances in Neural

Montreal, Canada.

Courbariaux M, Soudry D, et al.

[11]

(12]

[13]

[14]

[15]

[16]

[17]

0111018-8

it
Information Processing Systems 29 (NIPS 2016),
December 5-10, 2016, Barcelona, Spain. Canada:

NIPS, 2016: 4107-4115.

Li F F, Zhang B, Liu B. Ternary weight networks
[J/OL]. (2016-11-19)[2019-07-25]. https://arxiv.
gg363. site/abs/1605.04711.

Zhang X Y, Zhou X Y, Lin M X, et al. ShuffleNet:
an extremely efficient convolutional neural network
for mobile devices[[C]//2018 IEEE/CVF Conference
on Computer Vision and Pattern Recognition, June
18-23, 2018, Salt Lake City, UT, USA. New York:
IEEE, 2018: 6848-6856.

Howard A G, Zhu M L, Chen B, et al. MobileNets:
efficient convolutional neural networks for mobile
vision applications [J]. (2017-04-17) [2019-07-25].
https://arxiv. gg363. site/abs/1704.04861.

Romera E, Alvarez J] M, Bergasa . M, et al.
ERFNet:

real-time

efficient residual factorized ConvNet for
[J]. 1IEEE
Transactions on Intelligent Transportation Systems,
2018, 19(1): 263-272.

Glorot X, Bordes A, Bengio Y. Deep sparse rectifier

semantic  segmentation

neural networks [C]//Proceedings of the Fourteenth
International Conference on Artificial Intelligence and
Statistics, April 11-13, 2011, Fort Lauderdale,
USA. USA: MIT Press, 2011: 315-323.

He K M, Zhang X Y, Ren S Q, et al. Deep residual
recognition [ C]//2016 IEEE

Vision

learning for image

Computer and Pattern
Recognition (CVPR), June 27-30, 2016, Las Vegas,
NV, USA. New York: IEEE, 2016: 770-778.

Brownlee J. Tactics to combat imbalanced classes in

Conference on

your machine learning dataset [ DB/OL]//Machine
2015-08-19 [ 2019-07-25 7.

https://machinelearningmastery. com/ tactics-to-combat-

learning  mastery,

imbalanced-classes-in-your-machine-learning-dataset/ .



