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Applicability Evaluation of Automated Machine Learning and Deep Neural
Networks for Arctic Sea Ice Surface Temperature Estimation
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Abstract: This study utilized automated machine learning (AutoML) to calculate Arctic ice surface
temperature (IST). AutoML-derived IST exhibited a strong correlation coefficient (R) of 0.97 and a
root mean squared error (RMSE) of 2.51K. Comparative analysis with deep neural network (DNN)
models revealed that AutoML IST demonstrated good accuracy, particularly when compared to
Moderate Resolution Imaging Spectroradiometer (MODIS) IST and ice mass balance (IMB) buoy IST.
These findings underscore the effectiveness of AutoML in enhancing IST estimation accuracy under
challenging polar conditions.

Keywords: Arctic, Automated machine learning, Ice surface temperature

ol

OOF: 501

1__1__

7 3 -2 (ice surface temperature, IST)E A58} 7] 4| &5 (automated machine

2 AFESFAIT] AutoML 7|5 ST A (correlation coefficient, R) 0.97, B at Al

23
learning, AutoML) 7| Rk

Fll‘

9
o7

Received November 24, 2023; Revised November 28, 2023; Accepted December 2, 2023; Published online December 31, 2023

D BAMSHD X TEHAADSIE Z7PYHAAETSHH T MALIPEM(Master Student, Major of Spatial Information Engineering, Division of
Earth Environmental Science, Pukyong National University, Busan, Republic of Korea)

2 HASY X|QHEIH LA HUHTR(Researcher, Geomatics Research Institute, Pukyong National University, Busan, Republic of Korea)

3 BACSIN X FSAMNAR ISR Z7PHHA|ABITSIHE 8rAIZM(PhD Candidate, Major of Spatial Information Engineering, Division of
Earth Environmental Science, Pukyong National University, Busan, Republic of Korea)

Y SAMSHN K| PSAAARDISHE TP EAJARIZSIMZ A /HALS ST A (Combined MS/PhD Student, Major of Spatial Information
Engineering, Division of Earth Environmental Science, Pukyong National University, Busan, Republic of Korea)

9 0t0|5]0|ES2AHIA(F) H 2 (Researcher, Ihateflyingbugs Inc., Seoul, Republic of Korea)

0 HAHSI K| LS AA|ABI TSI 27 P B A|ABITSIMT W4(Professor, Major of Spatial Information Engineering, Division of Earth Environmental
Science, Pukyong National University, Busan, Republic of Korea)

* Corresponding author: Kyung-Soo Han (kyung-soo.han@pknu.ac kr)

Copyright © 2023 by The Korean Society of Remote Sensing. This is an Open Access article distributed under the terms of the
Creative Commons Attribution Non-Commercial License (https://creativecommons.org/licenses/by-nc/4.0/) which permits unrestricted
non-commercial use, distribution, and reproduction in any medium, provided the original work is properly cited.

~ 1491 -


https://orcid.org/0009-0006-9470-347X
https://orcid.org/0000-0002-9371-8104
https://orcid.org/0000-0003-4164-1165
https://orcid.org/0000-0002-0796-5601
https://orcid.org/0000-0002-4216-8835
https://orcid.org/0000-0003-0963-7887
https://orcid.org/0000-0002-5031-0256
https://orcid.org/0009-0006-9470-347X
https://orcid.org/0000-0002-9371-8104
https://orcid.org/0000-0003-4164-1165
https://orcid.org/0000-0002-0796-5601
https://orcid.org/0000-0002-4216-8835
https://orcid.org/0000-0003-0963-7887
https://orcid.org/0000-0002-5031-0256
https://creativecommons.org/licenses/by-nc/4.0/

Korean Journal of Remote Sensing, Vol. 39, No. 6-1, 2023

L 2 &(root mean squared error, RMSE) 2.51 K& AF=E| 1t} 415417 W(deep neural network, DNN) H 217} H]
1.3} AutoML IST+ Moderate Resolution Imaging Spectroradiometer (MODIS) IST ¥ ice mass balance (IMB)
buoy IST2FE] A5 Aol A F-2 FBHe g WL o= o2& SAY 244 IST 34 =g FA7I

= AutoML2] &35 7Fx31c)

FR0f: B3 A5k 77 ok, AN ERLE

LAZE

off ) 3 H 2 It (ice surface temperature, IST)+= 5= 7]

29 WskE Wokshe 7H 1A el Mee A T
(Chapman and Walsh, 2007). IST+= 8| ®) &] 32 3} tff 7]
ko] A} 5 9] wW3HS Ao Ol't surface energy budget
WI5HE 5}l (Liu ceal, 2018), 5] el 9 B} 7}
A& AAbol| D42 el o @ 0|tk (Key and Hafefliger,
1992). WhekA] A 715 A 28] 0|31 S5k A4
2l 15T 4|27 RUE e B4o|chSim eral,
2022).
POl &1 Z=35) 2|22 A O 215 A|5HA]

—I ] =] hS = pu
Q1 @Y 5702 Q13 ISTS AR Thpat Aol 4

o

AR RE E-g-akal ik AA] = 4] Terra/Aqua
o] &A% Moderate-Resolution Imaging Spectroradiometer
(MODIS)of| 4] A+&81H= IST+= split window 7] S AR
5tod, 11-12 um I} 7] 21 2ol 5 B-g-sto] Ah=
HThHall et al,, 2001). 3FA]TF Riggs and Hall (2015)0] 2]
SFH MODIS IST ¢l 8] &2 55 Aok 2149
A e 202 S 922 /14T gtk o]
3 BA1S 325 93l 71 % el A L etal,
2018), A &5 2h(Karagali et al., 2022) 5 TFFsH A517F %1
Y] 31 QI Sim et al. (2022)2] Ao A= o) 7] £} W)
7t st B YHHSLES A3 deep neural
network (DNN) I 98- A1235}0] B2 [STE AMHES1L,
Sop @ 78 ool He] 23 BAlS s Askck

F 7| sea surface temperature, land surface temperature
£ RLE AT} PeIstol DNN 24t oh g thof
3t Al 835 W2 A7 AP E L QI th(Zhao et al,
2019; Alerskans et al., 2022). Al 7]H}Fe] ¢11E= Hd] A el
9 8] 332} ] B yperparameter) 24 319} 28 3}
R o] A B4 o] dHAIgHo] e mko. x| 7ko] 4@ ¥}
whebA] & Aol A= ISTE| A= FdA17]7] 9

3}l automated machine learning (AutoML) 7] &2 -85}
Ao, 0|5 Fo) AHsote ZEA AR K AdE) '5}
o|mshelu|e] 2% §8) ISTE 425190 DN

AutoML 7] Hfo g ]‘%51 IST+= 7“1": HAE)] 7]]1}— IST 1;!_4
buoy 429} 422 s}

2. 4742 2 4y

O‘r‘
©
:E
ﬁ
ol
lo
x
2
g

mh o
>~
o
i
o,
Ir
N
[o

o Agate] el 2
2 3l mgolrt.

Sim et al. (2022)—0—] DNN IST2} 2 9] AutoML IST

= | 5}7] 918 DNN IST ¢ 212} 2 (Table 1)9} S

A AL XSt B3 AMEE ISTO A2

B 7s17] $13ll MODIS IST ¥ Cold Regions Research

(]
&l
B HA 2], 714 8h<5 pipeline
)

and Engineering Laboratoryo]| A] 7HEHH ice mass balance
(IMB) buoy A28} H| 15 %1 3)5} % thRichter-Menge et
al., 2000).

DNNoj A 77t 5}o] a2} n| B = Table 29} 2
.1, AutoML2 AHA| 24 0. &2 sho]wjuletu| g 245

Z=38l} AutoMLO|A] BE Wl g Ay 8oz
Z-score JF3FS -85} th E3F cross validation2-
58] st L
RMSE)E A8-3}0] 2 E 4 0 =2 K-nearest neighbor
(KNN)7 A1 51 9.

o SW7}AEZ root mean squared error

~ 1492 -



S iUEHRE MES I8t Automated Machine Learning2t Deep Neural Network2| M&& LIt

Table 1. Model input variables

Variable Source Spatial resolution Temporal resolution
Ice surface temperature MODIS/Terra 4 km Daily
Sea ice concentration (SIC) OISST 0.25° Daily
2 m temperature (Ta) ERAS reanalysis data 0.25° Daily
Total column water vapor (TCWV) ERAS reanalysis data 0.25° Daily
Solar zenith angle (SZA) Geometric data 0.25° Daily
Local solar noon angle (LSN) Geometric data 0.25° Daily
Latitude Geometric data 0.25° Daily

Table 2. Selected hyperparameters in DNN

Hyperparameter Layer Node Batch size Epoch Loss function
Setting value 32 128,128,128 32 100 Mean squared error
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Fig. 1. Validation of estimated IST using AutoML and DNN through MODIS IST. (a) Comparison of AutoML IST and MODIS
IST. (b) Comparison of DNN IST and MODIS IST.
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Fig. 2. Validation of estimated IST using AutoML and DNN through IMB buoy IST. (a) Comparison of AutoML IST and
IMB buoy IST. (b) Comparison of DNN IST and IMB buoy IST.
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