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An Outlier Detection Using Autoencoder for Ocean Observation Data
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Abstract : Outlier detection research in ocean data has traditionally been performed using statistical and distance-
based machine learning algorithms. Recently, Al-based methods have received a lot of attention and so-called
supervised learning methods that require classification information for data are mainly used. This supervised
learning method requires a lot of time and costs because classification information (label) must be manually desig-
nated for all data required for learning. In this study, an autoencoder based on unsupervised learning was applied
as an outlier detection to overcome this problem. For the experiment, two experiments were designed: one is uni-
variate learning, in which only SST data was used among the observation data of Deokjeok Island and the other is
multivariate learning, in which SST, air temperature, wind direction, wind speed, air pressure, and humidity were
used. Period of data is 25 years from 1996 to 2020, and a pre-processing considering the characteristics of ocean
data was applied to the data. An outlier detection of actual SST data was tried with a learned univariate and multi-
variate autoencoder. We tried to detect outliers in real SST data using trained univariate and multivariate autoen-
coders. To compare model performance, various outlier detection methods were applied to synthetic data with
artificially inserted errors. As a result of quantitatively evaluating the performance of these methods, the multivari-
ate/univariate accuracy was about 96%/91%, respectively, indicating that the multivariate autoencoder had better
outlier detection performance. Outlier detection using an unsupervised learning-based autoencoder is expected to
be used in various ways in that it can reduce subjective classification errors and cost and time required for data
labeling.
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Fig. 1. Ocean-Atmosphere data from Deokjeok buoy. Attributes
shown: Sea Surface Temperature (SST), Surface Air Tem-
perature (SAT), Wind Direction (Dir.), Wind Speed (Speed),
Humidity (Hum.) and Air Pressure (Pres.). Ocean data con-
tain many missing values and outliers, and the red rectangle
indicates time series zoomed in Fig. 2.
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Fig. 2. Zoomed parts of time series marked by the red rectangle in
Fig. 1. Black line indicates observation SST values, red
dashed rectangle indicates the location of outlier of time
series which has significant deviation from normal and blue
dashed rectangle indicates the location of missing data.
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Fig. 3. The architecture of Autoencoder. From the input data (x), it
is compressed through the encoder (E) and features are
extracted. The input data is reconstructed through the
decoder (D) with the extracted features.
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Algorithm Train Auto Encoder

Input: Input Data Vector x = {x,, ..., x;}, Number epochs N
Output: Trained AE Parameter 6’,,,,,, O
AE < initialize weights
n<«1
repeat
for t<1to 7T do
R, < AE(x)
Loss of AE < MSELoss(x, R,)
AE < update weights using Loss of AE
end for
n<n+1
until =N
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W, b, B3 HEoth 919 WS TRIA 85 A7
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R(x) = F(D(x)) (8d)
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Fig. 4. The loss per epoch curve on Autoencoder training and validation step. (a) The loss curve in training step of Autoencoder trained by
uni-variate. Red line indicates training loss and black line indicates validation loss. (b) The loss curve in training step of Autoencoder
trained by multi-variate. Red line indicates training loss and black line indicates validation loss.
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Fig. 5. Results of Autoencoder trained by uni-variate. (a) Black line indicates input SST value and red line indicates the reconstructed SST
values computed by the Autoencoder. (b) Black line indicates outlier score computed by the Autoencoder. The red horizontal line is

the threshold for detecting outlier.
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Fig. 6. Results of Autoencoder trained by multi-variate. (a) Black line indicates input SST value and red line indicates reconstructed SST val-
ues computed by the Autoencoder. (b) Black line indicates Outlier score computed by the Autoencoder. The red horizontal line is the

threshold for detecting outlier.

S Helth v @ EIFE S Y] thi4: 2 EQIFT
= &2 FA9 g 2t FlellA X9 71877 345}
A Hal= 25S Bt

Fig. 4914 Epoch7} Z8j= 4~

== BES Belr) ,_tﬂ—’Foﬂ/ﬂ%
M=

2000 EpocheflA] <41

= 24 k] 3 Fo] £0

000 EpochollA] thH<=

A9 FIEA e B



270 A - EE - DA -85 o - HY - o5

& HolA TR 5ol HAUSES 1 Ak, Frasd (SSTYE UHERYH F24 A2 sho] ghgyl QEQlFr7}
&4 gho] sy &4 S wephe oell 7PJMX1% EE U ARE wol S AT ARE VEbdTh TR
Hol sk £F B ddo] dojuA] dgks-E SRIEk ST AT ARE sPdehs FAIE 2 EE}EVW >
o} o] gt AE Fal W} TG @ ERISIT 9] Bsy = B5S BItK(Fig. 5a). thig: @ EQH 9 4§ %

Fastvta gt
4.2 85 A}
thi<eel thHg QEQIFT S sy AFE 29l W v
371 $18) sk Ak= l tiste] Ad 9 o] B E A=

g A4 Aks 9} o)
9} thAS: L EQIFH 9

Fig. 59} Fig. 6014+ 8<%
Stef ©hel Tl @ EQISH o] EE
e gﬂs—: slol 9l Hw
H yE2 A e 325

9} Fig. 6a°ﬂ/\1 75:-3—5‘1 AL 2w

=
éT
] R
A=)

fsig
S

o= g eEQlTE Y A48 &
= St Q12 ARk A7 AR 7
ol% A3t} APge w AE ol AR TN Ee
2 e E AT
2y o= ehfe] ki
A e v wstust
A5 T 200058 AEE F
Ag2] A7
S STk e A e
= ekt Fig. 5a
AX7F B 99 2ks

>

Shc.

5 T 99 AR AEH sPehs FAE AT ATt

w}awm 225 B UK(Fig. 6a). Fig. 5b} Fig. 6boll 4

AL = Ak AT A8 AlelE Algsto] A
952 LJepdith B8 A M8 o)Ak ASE I

t5E ddet] 8 Ast Algtel A

93k 24(0.003)S A7gRint. vl 2 EQlw

~42 3} 6L el 0174174‘;1 de ol s

HE QENFE ] 4 6ol ut AAAE

wolt}

aA 2~490flM EF 52 31

—r*/‘ﬂ*—g T e BT O] &gkl

o Iz
o X
N

e rlo
o n
N

oo ox ot mi om

ol
-
£
)

.]

N Y
A~ o
e

fe oo

17; o

Ane) ALH o7
A4 AR7) vl

A FehS 1.9 01} Fig. 6a0llM= 7171 thir @ E9l
T A7 AsE a3 FAE ks BES

Btk v 2 whlg QEQJTH S 2~49 oS
AAZE ol o A2 e3sh= F7to] 1o Fig. 6b
M= A ARR Adsigit ol F Fell thHs QEQlA

¢ Qutlier(Univariate) i
o= SST 10
1 o
10.8 3>
H i' s
\ & 106
§ N
\\ - [1+]
0.4 £
\\ (=]
> J90.2<
o =0.0
Feb Apr Jun Aug Oct Dec
Month(2000)

Fig. 7. Detected outliers of SST by the Autoencoder trained by uni-variate. Observation SST values are indicated by black line and outliers

are indicated by red line.
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Fig. 8. Detected outliers of SST by the Autoencoder trained by multi-variate. Observation SST values are indicated by black line and outliers

are indicated by red line.
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Table 1. Accuracy for each method

Method Accuracy Threshold
Multivariate Autoencoder 0.9556 0.0026
Univariate Autoencoder 0.9083 0.0052
ADTK SeasonalAD 0.7657
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Table 2. Confusion matrix for Univariate/Multivariate Autoencoder

Al _Q_EP o]/\l—;é .

Predicted normal data
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Confusion matrix (Univariate/Multivariate) (Univariate/Multivariate) Total

Real normal data TN: 17694/17694 FP: 871/871 18565

Real outlier FN: 1902/471 TP: 9773/11204 11675

Recall 0.8371/0.9597
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Fig. 10. Comparison of outlier detection of raw observation SST. Normal data are indicated by black line and outliers are indicated by red
line. (a) In uni-variate Autoencoder, there is an error that classifies normal data as outlier. (b) In multi-variate Autoencoder, there is
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