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Introduction

Nowadays, climate change is one of the human challenges in the exploitation and management of water
resources. Temperature along with precipitation is one of the most important climatic elements and is one of the
main factors in zoning and climatic classification. Due to location of Iran within the drought belt and proximity
to the high-pressure tropical zone, this country has an arid and semi-arid climate and suffers from drought in
majority of years. Therefore, temperature fluctuations and variability are important issues, and make the study of
temperature changes a necessity. In the current study, four data mining algorithms in selecting predictors for
downscaling of maximum temperature in Birjand synoptic station have been studied, compared and the superior
algorithm has been introduced. As the number of large scale features are high, selection of machine learning
algorithm will play as an important role in statistical downscaling of climatic variables such as maximum
temperature.

Materials and Methods

Today, the data set is such that many variables are used to describe the climatic phenomenon in
environmental studies. As the number of data is huge, choosing the predictors is one of the most important steps
in preprocessing machine learning. In this study, four machine learning methods including stochastic
approximation of simultaneous turbulence (SPSA), Least Absolute Shrinkage and Selection Operator (LASSO),
Ridge and Gradient Boosting Method (GBM) in selecting important features in downscaling of maximum
temperature in Birjand synoptic station during the statistical period of 1961-2019 were studied and compared. It
is a mechanism to find a combination of predictors that with a minimum number of predictors can produce an
acceptable evaluation index in estimating the variable under study. For the present study, the weather
information of Birjand Synoptic Meteorological Station has been prepared by the Meteorological Organization
of Iran. In order to calibrate and validate the machine learning algorithms, 70% and 30% of the available
monthly data, respectively, were allocated for this purpose. To conduct this research, coding in R-Studio
environment and Caret and Fscaret packages were used. In this study, to evaluate the performance of the
algorithms, three indices includes relative Nash-Sutcliffe Efficiency (rNSE), Volume Efficiency (VE) and Kling-
Gupta Efficiency (KGE) were used.

Results and Discussion

Before using the algorithms in selecting large-scale predictors, the correlation between these variables and
the maximum observational temperature at Birjand station was investigated. Large scale variables mslp, P1 v,
P8 v, P8 u, P850 Temp, with a maximum correlation temperature of 0.6 showed that the correlation is
acceptable given the complexity of the climate change phenomenon. In addition, these results show that all the
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algorithms used the important factors including F1, F2, F15, F16, F18, F20 and F26 by more than 50% and the
first variable (mean pressure at the ocean surface) was the most important parameter in downscaling of
maximum temperature. Also, the highest importance was for P1_v and the lowest value related to P5_u, as
73.2% and 15%, respectively. Violin plots of downscaled maximum temperature in validation step of different
algorithms along with the observed maximum temperature in Birjand synoptic station in each of the algorithms
showed that the values of the first and third quartiles in the output data of SPSA algorithm compared to other
algorithms were closer to the observed data. According to the evaluation criteria, SPSA algorithm has a higher
performance than other algorithms in reproducing the maximum monthly temperature values in Birjand synoptic
station. Also, based on the volumetric efficiency evaluation criteria and relative Nash-Sutcliffe, GBM algorithm
was more successful in selecting predictors than Ridge and LASSO algorithms. It is also observed that SPSA
algorithm shows different results than other algorithms. In comparison of mean and variance of downscaled and
observed maximum temperature, the results of t-test and F-test showed that SPSA algorithm has higher
efficiency than other algorithms in regenerating mean and variance of observed maximum temperature in
Birjand synoptic station at the 5% significance level.

Conclusion

The data used in this study included large scale atmospheric variables and the maximum observed
temperature at Birjand station. The algorithms were used to select important predictors and the performance of
these methods in the validation part. According to the results of this study, the highest importance among large-
scale variables is related to P1_v and the lowest value is related to P5_u, the values of which were 73.2% and
15%, respectively. The SPSA algorithm also performs better than other algorithms in selecting predictors and
consequently the maximum temperature.

Keywords: Atmosphere- Ocean general circulation model, Downscaling, Feature selection, Machine
learning algorithm, Maximum temperature



S g of 4 i

https://jsw.um.ac.ir

M‘yb’nﬁ Ez ;,

IA-NIFY L o AP Y Cliguudyl - (03598 ) o lods ¥V ul>

— 9 et oo S adds lasdiS s pe Sl 3 edle 5,850 sl By duwlis

(R 5 53,90 addllae) iy sbos Jled by gl (o 533

id"fi&:"“’ odens — 0515 ghay e Y0l 5 adge oé‘jéé\fi#‘ S
VPV VYN 13l 5 b
VBN VY 1 S35k s

VAR 5 b

CXVCLS

o8l Lyl )l 3y (ol &S Cawl o (0 0,8 condBl glaadlio )3 (o0l Gl cely yaumasl )b SlOS oo clale (iljal

ol 39S oy (e s ol e Comte 5 ptoste e Sb sl 1 Se ol e oyl ool 20 b Sl oo
S o S 3,5 la e cocul ani] 3l bl 5l ojln > (S a5l iU Slbs )il oaad ol Sl (slen
Pl )lel plaimlieg; Glol slacodsl 1 (S bl o ghiilate olio ) orldl Sy Sllllas 15 ooy (253,280 5 (2wt
e ST VL g2 jiite Y8 ol e lodilS (e QBRI (sl Ml o gy 3 (alodlidefny Jde 4 (939)9 Ol 4 rodiS o
opl 3ySlas g 33,5 ookl din p oKt 4> i (slod (gylol oled wliojsy 13 SPSA GBM ¢ i g Jolis puilo (6,55k w63l
Or s 6 5 (S 5 88 B syt dy5m i i 3 g 03] 3 LagF SlS s elSTlm 5 3L 4 b L gy
48 a3l JSly 535 00 v Eli)) ) (5t e pus adlo 1 (T e (508 g e S35 () alhial s s il (gl Coan] 3
4 a0l s diygS— iS5 s CaldSSlo — i 3,Ses obj)l slayad i guli e b Cpass 700 5 ZVYIY Cus5a o poolie
dnlie A3l o Aty sl (Slod sy ol @ 4 5 WodlS it S5l et sl ol 5l syt 2,8as syl SPSA 3,5l
480l gLt (pricwcons (isy ) Glalie slaols g odliiwl 3)50 (slapi 35Ul g 0ad (pwldofn) (295 la)ly 9 (1 Ske
S 2Bl gL Wy Styginm o] ) (lanliie apdey (slod (uil)ly 5 (ke W55 5 53 e )51 b 4y Cos SPSA (0255

Al o

Bl —g2 (oges (13,5 Jas (Slailiia gy cindn (lod S (St Sl iile (5:50k i yeNN i 65 S0y

soeldl o el 53 5 oaind (Ui sl 485 g0 bnjeulS
Orinte 3l oyl LS 53 Lol (LaalS L (aljd) 90 4
R (ST g O (e 53 45 298 00 Dgune (ol polic
bl g (Jol Jalge o> (pizmen ol e fi (odlll ol
bl ol 9B o0 Cguine (olBl (guall § Ay
Sfandiari et ) cwl (oL Cocal lyls bod (51 s 9 Sy
llllas o wlidlyn jolic sy 5 waldl i o)lyys (al., 2010

Ll 485 g0 ez g ol g > gt

Oygo oz )0 b8l i Aoy 0 &S Slddos S by
Lod )0 oS Sz yb s &S Gl s oyl (goaiS o ol 48 )S

.

LVRUTS

9 S0 > e Lo pile (e peldl jS 054l
2l g ol )3 aipej nl 1o & Slados ol O pilie e

°9)—§ slacl ‘g‘)‘l ewe g F9—l‘° 09)_§ )LA'_A:.AJ.I‘) 9 )lggl;'.w] Copa =Yg

Oyl iy iz po oK ouldl i g JuSis tmg
(Email: mamirabadizadeh@birjand.ac.ir :Jstue sxiw s —#)
i pr iy 0lK1 ¢ j59liS oSl (ol @il (658> Hlgmaily =¥ o ¥

ol
DOI: 10.22067/jsw.2022.76605.1166


https://jsw.um.ac.ir/
Email:%20mamirabadizadeh@birjand.ac.ir
https://doi.org/10.22067/jsw.2022.76605.1166

VP ¥ gyl — 35958 ) o)led PV alo (S g o 4,25 VWY

i (0L dlaar ST Jloj (hey cpl sl ola sl gyl
0 hls 5)ls @b b (698 (Stunor 4 2L Al 2929 0aS
by 5l (Hessami et al., 2008) -}l e 9 (ol .l
Lol 8 o iy (o pige Ol sl p5 40 18 (ygmm)S U
i 3l o5l d sl SDSM Ly sl poliiofyy sy
53,8 o3 lawl

LASSO 55 j1 (65l lsiofy olallas 5| oS slass
Ol 35yl ol 055, enlatl 4t 5> e’ o i bl Iy
He et al., ) o, Kon 5 o ol b & gy o] sl
00 S it Otk O (8ly LASSO o3y,630131 (2019
Sl (NPR) JISaligiSo B+ > Jpusliyss5 6lis) 5 30,8 i
O ) dd SOL alBagy o) o wlale Swi)l oles jwlidess,
Vg 4w 3y Slas 038 (SByme 0dS e (2 Pk Ol
2293 9 Olimde S o sy (it 9 OLS LASSO (900 5
&= Jis il ,5 (Muthukrishnan and Rohini, 2016)
Sl oLyl slo o0l 5l ool Ly o, 8l caodles ol
3 G5 ol 31285 )3 (g 3)90 (ubd Ghilew Clasuie
ol gl Giss cpl gols 0,5 eolaiwl  Slaalie 358, FYY
s s 4y Jdo calpd 3,5 a8 L LASSO s, o5 o
S aiS oo Joe 32855 5 aalllan 390 505 slo ) I yie 0
o) sl Rl liie @ olgie | LASSO () ) 0
Ao 45 0905 ST LT 5,8 oolisl powye (Shg bl sla
WS e ) idle (6:50k il )5 &S e (sl uiS
RPPINTAPESRW-)S

Slee 4y BMA' 5 (Zhang et al., 2016) ) Ken o S5
ladate (:50Lse sled 35 sl S5l ulidefn) ) S
o yuxiio (6553 gy clyd 0AlS o iy il 3 11058 eolatuwl
Jlain! ol 1 5355 0 00l a5 j o diad wlwl
0AS (e Sl (5o S gy nl Sl 298 o A
S Bly gl a9 1S n eSinte Iy it (o 285 Lositns
)2

odlasl L (Panahi and Mirshahi, 2016) el e ¢ 2L
=iyt 4 CHAID 5 CART (yile (6,50l o650 9
ol ) ol zls Bl sy ST Styginms o) o b glod
Jie L dwlio pCHAID 350 Jie aS o lis suioo
Ary olo alale (slod lamgio dw i 50 gy 2,NesCART
wbablan slaodly 3,5y (gly Jao cpl 5l e o ol )l
Troncoso et al., ) ol,LSed 5 6l 5 5,5 ool ous o5

1- Bayesian Model Averaging

O o)l s Jlusuts plas ooy 989 ) s g
)8y oy sl (Balling and Idso, 1990) 3 c0 (yl3ob> 4
ok GBS el 5 5 (il e 5 Lapbolis bl g Lol ool
Lot e S 5l e ome ol a3 sl i)y o8 labayly b
dg g0 ladns jl dges dix ol jd 38 eolatwl pidle (5,80
ol 0us 1)) golS" 00l> die 5o

pito Yo jl sl b Ladss b (Niknam, 2013) pbicss
LoolSi] 4 by yye (Yo 0-1230)a0Ls Ve 553 (b (sosldl
(Lot 5 S 31 o3l ol Ly 5 ol il Sitzgion 5 ol
e smas 45D 5 (e A5 oS el oS (g5lS0l>
] ol 3 w8l oty Joce )] Can o8l golS ool
ol (o8l sty 52 5 5T Jolse 555 oy > el sy
5 Mo adsd ) ol ol a3l oolpiiiny Juo wgs
sl jetaio 4y (Salahi and Fateminiya, 2017) Lo b3
Oty Gl Mgy e Gl gl VeV Jlo U alyg) (slaosly
Jols (IS (53,5 Jde &y (293 3l (LB (oolitlgn o] 5>
olawl HADGEM 4 GLAOMJ{PCM4 HADCM3.BCM2
i e & GLAOM IS (55,5 Jas culgiys o o8
0 el 5 Al 5 dineS Lo (egian gLaodl
oS (b b 035 odial (el 03l ) LB (sla sy
oL 3l eslawl U fFatahi et al., 2012) Lo 5 ooLd
Azl g JUSts (i ey 4 el 655 by, 5 Sk
PLE o ad vy Sl and o L5 3a5 (ol I Jol> ol
S alpd rizmen 5 HAb Cugb) U lawgle (S Lalpd cul
e i Vb Glebl 9 3L jla Lol L1,

VLol o g o b8l s 0ddy Sy o 225 L
Ol P) S 9,5 ladis (298 oS ot sla it
9 el b gloodiiS oy QB! (VL g2 jeite V(3005
ooldefny ) LiSaly B9y Sl (o Coonl o5 slo e Bl
cLssily pasls lp sl IS (805 e (298 Sl
(0 S ey (Sl et (Shuen 1 oS b
(Chen et al., 2012) |, Kan 5 o -Caol 0 03kl 5 0594
- =i olsal j (Meenu et al., 2013) )SKea § 5o 4
—0d S i o (Stan UL | Jled ooy 5 mosiiS
Nasseri and ) ;g (6ol 3505 o3litw] aigu o i
Ol pasedS gl ol adlge 3BT 5o, 5l (Zahraie, 2013
SDSM (39, L (alespolidefny sl ool b (sloosisS iy
g (o Cagby 4 S 0l Lis Lo o)l adlllas ol 63,8 edlacul
W5392 3805 (pl )3 oS (i (ke Sy

S amd e Gl Sy SBl lagty) ) wlie o)y
Lol ol Lo gy (33 )l 5l (S o8 4 o (ygam S5 s,



VY sl o (onias Susimy GR!0 ciilo (6 S0l (51 559 5 dun Uilo (] SCa g 0015 (g0LT yol

Oy Bl 2,08 5 aSi) 5 0351 g Aty (glod Al (a8l
oy sl s Sl sl Gimgiy )3 cplpliy ol 4l
oA Syl (ppmblo g g (it clojon (Siadl Szl giul
Al glod (il plidofuy )3 0uliS ey SBH (sl Lol
9 CB)S 8 dlio g () 3)90 A o Siygiw ol

D (Byre 5y ol yoSl

L 59, 9 dlge
ya0 6hd Chuogl ) &S Cuwl (£1aisS Wosld s gases 095l
VoA S ity Al 255 o 00 (3 (Sl piio S| w2
Ableo omile (653b )3 (o i > el (e Sl e
Lo S iniar Jl (oS 5 8L pshaie & (oojilSe 505 & )lm
3y50 yusio dygl 43 Wilgly oAl o iy dlaad JBls b &S WL e
lilie adon 31 ales S5 |y g B b5 sl
mob By e Oloj LR & g g 0AS sy ]
Ban aios ) 5 dga 0Ll j5olisS Julow lojg b Je (o5
o] iy slod (il wlidio oy 53 o sl iy i
Y5 5l aS 4l o VAENV-Y N (g )lal 090 b Mis yw (gden
45 oMl 0458 ol plyiedr e (Vb g2 b bas e yialil
(301 05 03l Ui Jghis 5 JK1 )5 Fb o b WaodiiS s i)
Wl 0ab 035l Y Jgaz 3 YU g (slmodisS e opl Cho g

dadllas o go dilais

oS! plga g Ol SleMbl j sl yiagis plssl o
oAb agd )5S (polidlgn plojle jldix o Sitysipe (lidlsa
Ol 350 9 oo Gl Gl )3 @lg by (b o
Jless )’\ W58 uLW)’?:“’ 4 JLN» 5! QLW)-@(*’ O'.’.1 .\wbu,o Ob’ml
9 Ol Sl ed 4 5 5l 0955 Gl ped 4 5
Ol ol 4 )8l g chugd Gl pd 4 ogin Sl
W a0 liw s ) bl Glain ol 500
s bl poye 48BI OF 5 42 3 ¥V 5 oldlee b 4dds
M8 Ly s syt WY lisyl ) iy cpl (oo erdly
5ol (IS b .l ape yiogkS YAFA Conluo (gll> g a8 )5
Sy b b el Sl 9 SUiS s> Gl il (glon
ot el s92g pas ol syl ol e 5l 5)9> > &
5995 @Bly Fpe s Vg5 Gl glom 5 Ol o )3 wlgn &
ol i oSS 3 S g8 L Opglome (inen
Db 13 el 5

1- Feature Selection

leslawl b 5800 sblis jo 1) o0l ey auis )3 (2015
Sloslarwl Uy, Sod g}y 53 bilodges us i RTS 13,5l
Alo ¥ oygn b din (6)slisS liiod dwnwhe wlibled (claodls
ey o Ll Slels @i 9 aindin slod Jols (Yoo V=Y -¥)
SLasess 5 Cutl diljy) s polie duglis &) (s Cugb b
.(Diamantopoulu et al., 2010)

ilwJis sl (Pal and Deswal, 2009) s> 5 JUs
MBSP 550 Jao 5l Loyadls 1o jwesd o&ius! jo (5,55 g pused
sz =iy Loy by by cul il 5 455,5 odlil
L5 b 5,8 dalie 5 0,5 ek =5 5 o 5 055
Jis olemisd s MOP Jus I las o Baiis oyl jo ool Cowdey
YA Lo 0 picren g0 03wl 3y85 g juSud punl j &> o
4 s b (Omidvar et al.,, 2015) | )LSen g ,lga el
oSl W5l (i Y pre—al <30 Jao 2l L5
CART 55 5l s ol o sy gy alisle S Sty i
Ot Sk G yS ) el 0135 Elgl (S e
A olatw] de ole Yoo 5l

«ly— (Jafarzadeh et al., 2021) |,LSen g 00lj, dx>
89 3 dmg)l 9 Ky Siyginn ol 3 )L Slesplides
ot @ ol A5 118 el 550 plaipelidiess; (sla
b alisy bl lesbieg) @l § Sl BMA § (Ssen
la gy aS oy (Lis Limgh cpl gols ol )3 Sbjyl 550
Clsl 3 VL gasaly gl pB 4 o5 (9,55 9 BMA
e Lpeliil ol ) Gh)l (pledpliens sl 008 g
sl

o 3l dmet 40 (Algin et al., 2022) -, Ken 4 Xl
5 plao (BuSy jlwa i (SPSA) flojen u.iw] ol
sl Lad cgommo 4uj J.Jy dl).g 0l (& 5lwdends L 5 w:u"”ﬂl
sleslawl L ‘Lmr,b")ﬁl lawgi o J.Jy sladegess 55 Nidged
L Lol ) Sdoe g 00 (ool (Staod 3 (e (S iy S0l
dy5-0 0SS (gind il laic 4 (CA.5) ppouas 3> 5l oolatwl
Oy a1y SPSA 1,65l b gl sl ] (s 55,8 o
WAool B ealawl 3y5 0 (S ol sly yils 5,5, S
e B pdlde ylai I SPSA vy ,oSl &S oy il gl piomen
Ao 45 Cowl ol ;K00 4SS WS o Jos sy plu
Sl iels dopd A0l i |y b S g ol baes 63l

Gl S STl oaliwwl (09 g oo 0 iad L @lie 950
Lo ito (53l lsion > (S o 3 pile 6500



V¥ Coligmd )l - 2359,8 ) ojled PV aler (S g O 4,05 VWY

(ol JSuly 952 o hpa) NCEP LwlideS )5 pikie Y1 Gy ylai - Joua
Table 1- Definition of 26 large scale NCEP variable (hpa is abbreviation for Hectopascal)

) olile )3 puiie wly | SR ool S )2 peile )
Property Large scale variable Unit | Property Large scale variable Unit
F14 850hpa glis,l > lon b y> (g9 | - byd gdaws Hltb Sileo b
(p8_f) 850 h Pa Wind speed mis (mslp) Mean sea level pressure a
F15 850hpa glas)l )3 (g )lte e pus adlo s F2 o K035 1 Sidgyiwgi lop by o p s
(p8_u) 850 h Pa Zonal velocity (p1_f) 1000 h Pa Wind speed
F16 850hpa glas)l )3 (o)l Chns e puo 4dl0 s F3 o S0 (g )Me sy ddlio s
(p8_v) 850 h Pa Meridional velocity (p1_u) 1000 h Pa Zonal velocity
F17 850hpa ¢l ,» olgl o F4 g 55 (6l Chuas s pos 4l s
(p8_z) 850 h Pa Vorticity (p1_v) 1000 h Pa Meridional velocity
(p8th) 850 h Pa Wind direction g (L_2) 1000 h Pa Vorticity
(p8zh) 850 h Pa Divergence (p1_th) 1000 h Pa Wind direction
F1120 500NPa oo Juwibigss €165 \ F7 s S5 3L g be
(p500) 500 h Pa Geopotential height (p1zh) 1000 h Pa Divergence g
F21 850hpa o iilyss; el M F8 500hpa eyl » Isn ol o5 Pa
(p850) 850 h Pa Geopotential height (p5_f) 500 h Pa Wind speed
F22 o 005 )3 o Casho, o F9 500hpa gl ;5 (sl sy il '
(prcp) Precipitation ’ (p5_u) 500 h Pa Zonal velocity mis
F23 500hpa gl ) s Cughy o F10 500hpa glis,) ;s (o,led! o sy adlyo "
(s500) 500 h Pa Specific humidity ’ (p5_v) 500 h Pa Meridional velocity
F24 850hpa glis)l > s Cughy o F11 500hpa glis)l ,» ol o
(s850) 850 h Pa Specific humidity ’ (P5_z) 500 h Pa Vorticity
F25 ow S35 )0 035 Cugb) Kalk F12 500hpa glis)l ,3 ol cas De
(shum) 1000 h Pa Specific humidity ¥ (p5th) 500 h Pa Wind direction J
F26 e ¥ el o e Sike K F13 500hpa ¢l s 21,51 o

(temp) Screen(2 m) air temperature

(p5zh) 500 h Pa Divergence

Lapi )3 S (Ariwons g (Zriwly johated L85 )18 duslie
oebaid! jabaie pl a Lid] 0 claosld wo > Ve 5 Ve iy
S8l ey e ) (g 35l oS ol sl 6l L
yobaies 40,8 eolawl Fscaret 4 Caret laaiw 4 RStudio
4SS S (2955 9 52959 o 97 el yoSl cnl sy
S 83,5 laie S Jde (SR VF p Jeitde (53959 o
350 Sloj 0)93 b Sl alntiy slod o (295 by 5 2

Adlse Siagd

s Oy S ol dn 0 FF lio s opl o Bllas slod yiSTas
(Skhmet.ir) sl

(LS 335) Laousss Sy oalaS
Sri 8] St gl i Jold ba, ez 51 3aios ol o
e SLa Sy sl 3 GBMY o) 5 iutoe' g (lojan

9 sy D)5 A sLod (oledpuldiefs;y )3 dn LSS &y

1- Least Absolute Shrinkage and Selection Operator
(LASSO)

2- Ridge

3- Gradient Boosting Machine

4- Ensemble



\YO e g Joo (souicS Sou g L] HO (riilo (g S OL (gL gy s Lo (4] ) o g 00l Gol.gT).i.al

Vs

:v_ 5 "*‘,6& « i
o sl S N
R (/K /{ s s

i gt i e 1l e —) S
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Figure 2- Investigation of variation of maximum temperature with 12 large-scale predictors
(Best fit line and confidence intervals and correlation values are provided).
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Figure 3- Investigation of variation of maximum temperature with 14 large-scale predictors
(Best fit line and confidence range and correlation values are provided).
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Table 2- Nonlinear correlation between observed maximum temperature and 26 predictor variable
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