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The radar detection weapon system is a surveillance and reconnaissance system designed to precisely detect
long-range targets and determine their position and status. A critical component of the radar detection weapon
system is the wave guide, which serves as a path for high-frequency signals. Maintaining appropriate
temperature and humidity levels is essential to ensure seamless signal transmission, and this is regulated using
an air compressor. However, if compressed air leakage occurs, temperature and humidity may rise, leading to
performance degradation and potential component failure, necessitating early fault detection. The sensor data
collected form actual operations exhibits high-dimensional and nonlinear characteristics, with abnormal patterns
appearing irregularly, making numerical approaches challenging. Furthermore, such methods face limitations in
effectively learning overall patterns and dependencies over time. In this paper, we propose an anomaly detection
model that combines time-domain feature with image encoding to effectively capture nonlinear signal patterns.
Experimental result using real-world operational data demonstrate that the proposed method outperforms
existing approaches. The proposed approach is expected to be useful for applying Condition-Based
Maintenance(CBM) to various equipment that utilizes time-series data.
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Figure 1. Maintenance Timing by Maintenance Method
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Table 1. Anomaly Detection in Compressed Air Systems for Weapon Systems

Author Year Methodology Contribution
L Understanding interactions among variables in multivariate sensor data
Kang and Park 2023 Mahalanobis Distance & g
based on distance measures
Lee ef al 2024 DFMEA Selecting diagnostic rules by co.nsidering fault propagation paths when
a failure occurs
Kim et al 2022 Feature Engineering Deriving new features from existing temperature and humidity variables
IF, LoF, PCA, One-Class . . . . . .
Kim et al. 2023 Selecting the optimal model using various anomaly detection algorithms
SVM, LSTM-AE
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3.1 Time-domain Feature

Time-domain Feature= 7]& Flo|HA A Fa3 FHE F
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5458 ol r4—(M0rad1 etal., 2023; Wang et al., 2015).
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Table 2. Time-domain Feature
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<Table 2> A A A HE T}

No Equation Specific name
~
1 _ n= I:I:(n) Mean
m N
N
) M @)X, )? Standard
X,= | I Vo1 deviation
N 2
3 HEI lz(n) | Root amplitude
X;“nof = N
=
4 E (z(n))? Root Mean
n=1
= Square (RMS
v quare (RMS)
N Root-sum-of-squa
5 X = [ z(n) |2
; =) res (RSS)
6 e = max | 2n) | Peak
XV) 5
(z(n)— X,,)
7 X _ n=1 Skewness
skewness -
(Nf 1))(:1(1
S‘j "
(z(n)—X,,)
8 X _ n=1 Kurtosis
kurtosis
(N - 1))(:1111
9 on = 2 Crest factor
Tms
X AXV'IVLS
10 shape 1 Clearance factor
— Z | z(n) |
n=1
X
X = - peak
11 mplse i‘} L 2(n) | Impulse factor
— xr\n
Nn: 1
x(ﬂ)’ if n is odd
12 | X, u=1% . T2 Median
" 3} Gty if nis even
2 b
13 Xy pp= max lz(n)|— min |z (n)] Difference
AX; —cm
14 XF/I[-'l X4 FM4

std

denotes the signal sequence for n=1,2,...,/V.

N denotes the number of data points .

t(n) denotes the moments of occurrence of z(n).
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Table 3. Definition of the Notation

Variable Definition
X Time Series Dataset (2,2, ..., 7,)
T time point i(j)
The range containing the value at the i(j)—th
9 time point
w Probability of transition from ¢ to g,
M, Probability of transition from time ¢ to time j
€ Threshold
Euclidean distance between the i—th and j—th
i time points
z; Normalization at the ¢—th time point
0, The i—th angle
T The i—th radius
5 Reconstruction error
R input data

(1) Markov Transition Field(MTF)

Markov Transition Field MTF)+= ©]4tstE AlAE d o] 2
Ho] &S 7|HoE AH WE ojvAgete Wit
(Park et al., 2023).

MTF= (1)
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P(wijl xleqi.;EIqu)
xze%’xleqﬁ

P(wij | xle%’,xneqj)

p(wij |z, & q;, Ty qu)

P(wij | xne%gl’le(l;‘) P(wij | %E%’,l’neqj)

Markov Transition Field MTF)& 52(1)& H oot A A E
o8 A X=[z,,2y 2, ]l WA, QTHLE Uie H,

uhghd - utel

- o

t,o AAL HolBgk oo %2 73 ¢,(je1,Q) o I
tow, ;T ¢ TN ¢ 7R Holste HIEE YERIT
Markove Transition FieldMTF)E ¥ j&ol 3
M,y g= e MG A T3S FES L'—’i@l Mo g
S 24, Markov Transition Field MTF)2] 2.
Zl—ﬁ Z{O] §]—E _-?V_Dl-dl-\:} M

Zte T A e Aol 45 1/}5}‘4“:}
Markov Transition Field MTF)= 43 A€ HolHE ©]
Abglsh= HA oA 2] HA S AAsted & TS WA
T3 3tA 0] ¥l A, 29 tlol 7t Bt 7Ht
?71}01] HEHo] o] 50| EA 3l HFE + Ak
H, 73t 2HA o] FolA A wloE 7} BgR Tito] B2}
Eo] Aol gFo] FHAQ & Yepd 7hsiol £oE
ok whebA - ks Fek7] s, @A AR EY
olf] MW E(Segment)o] W HdS Agste WY
Piecewise Aggregate Approximation(PAA)E F&THYu et
al., 2019). Piecewise Aggregate Approximation(PAA) 7]HFO.Z
Zt 7 A B8R Wgste H2E Y2 Yehf =
2]Ql Sybolic Aggregate Approximation(SAX) B &-8-3}
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E

ér;‘ar-loi\l
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(2) Recurrent Plot(RP)

AAE ElolHE #7148 £ HF713 B4 S Holn| &5
A oA AHE HolHAA #EHE @4 F st
A A4 o]t} Recurrence Plot(RP)= m2HH 9] &

Z oA gst] EA A o] o] FE = %Ob—t— /\17‘4 7&
o FAH € oA = 2 et= ‘?é

Recurrence Plot(RP)= 4°2) (2)
AA s jHA AR e ghol \a:l—a:HL T Al 7&«]
© AR eI, £ F A 9 ARt AR
AAY 2od |, 28 ] otom o7 dist= o)A 3 HH
S Aodnt spARE & AT o] W A oA A
e AR 48 Hasety, ARAQ Wik A4 A
HE BES] Haf o]xgh F4fo] ofd FIF = AT &4
1&g AFE-3HTH(Aldrich ef al., 2023).
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&
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x
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R - {1,||xﬁacj|| <e
“7 10, otherwise

=z, =l 2)

(3) Gramian Angular Field(GAF)

NAE Holge dutd o g AngA oA A7 23 b
olg] #to.2 EHH T} Gramian Angular Field GAF)E ©] 2 ¢
HolBH & SHEAZ st 459 HAFo = Hojd 3

4& sk, o] & 3l 1D AAIE HlolHE 2D oW A=
MEATES S o”ﬂ o|CHPark et al, 2021). Gramian Angular
Field(GAF)& S3& lHPOE AAE dlole 9] AZHA A
HAEANAH R 5T £ 9T,
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2 2.9 el Aur £ ok
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AEF B4 74 AAEE o] 2718 e, o]
o] HolEo] BEL M5E o) F 4 9t Judoz 4
agwad de s — [ ) 2 Aol g o

(i)
714 5”H S1+k THARARRT &, fla(t)7F TR i+ k)

Qe 2 AL AT T 2] BAE
%“&ﬂﬂ4W4QlUﬂdaﬂ A% BAG) 5
A WAL YHFTHE v 2 AhHl A A ok T
B3 AR wd FHEANA 5 =

e
rz rr

2

W7ol

B

i) )
r(0()Fao() = BB o] AF g g 7}

5

o F, 54 7oA 7 1AL ded] T AR e
A Ji— jlol el aj ARt @ﬂﬂxl o, Al ik jof ¢
A= FFE T ol SHIANH AAL dHolHY 5
A AA | e} fF o %EWEE, AAEY A A Al
3EI} YA AR U5 BEsA wtgo] Aot mebA =3
FA A HoJd AAL2 AZE AR of gt 54 AR
Azl SR weh DA 22 AA LD dolE e Azt &

AE Us & RESID AAHoR & FPF  glon
Gramian Angular Field(GAF)E ARt o] o] th(Wang and
Oates, 2015).

Gramian Angular Field(GAF)= T 7FA] 4 o] gtk A #A)
2 759 @& AHESE Gramian Angular Summation
Field GASF)& i 9} jo] AP O E o] Fo| 7 33 A ANAE
dloJelol A o] ¢ 0 2 Vehm tha3t o] A o gt

Leyi-ad e ies )

cos(0,+0;) = T, .

005(9] +6’1) 005(9] +92) 005(91 +9N)
CASF— cos(0,40,) cos(0,+0,) - cos(0,+0,) 6)
cos(éjer 6,) cos(ﬂ'v+ 0,) cos(9§+ 0y)

222 GASF9} WHZ Gramian Angular Difference

Field GADF)= S& %A =9 20l 71A 3L th-3-3} 7o)
B!
sin(0,—0) =, « 7,—\J1—a? « 2,—3, « \J1-22 (1)
sin(0,—0,) sin(0,—0,) --- sin(6,—0,)
CADF— sin(0,—0,) sin(0,— 0, sin(0,— 0, ®)
sin(Ql.V— 0,) sin(@jv— 0,) sm(QA.v 0y)
LEEETE
4.1 A3 wHol¢
2 A7 Age AY EolE e AAFAA 2T AN 2=
o SRS AN FRA2DL SASE FHT 7105
7ot B7IUABI A FEF7] FEL WA A 2o
A R3E Adele Ao Re BA dao) 24T 4 9
o weA 7] FES AT dalMe 457 ¢
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Table 4. Image Encoding Performance Indocator

Encodings Precision Recall F1 Score
Raw-No Encoding 0.4053 0.4552 0.4288
I;fmfr;i(ﬁzf 04080 | 04717 | 04375
MTF 0.4618 0.4954 0.4778

RP 0.4612 0.4964 0.4782

GASF 0.4688 0.4982 0.4831
GADF 0.4790 0.4994 0.4890

MTF Time-domain 0.5805 0.5063 0.5409
RP Time-domain 0.5889 0.5076 0.5452
GASF Time-domain 0.6842 0.7675 0.7235
GADF Time-domain 0.6888 0.7594 0.7224
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