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Abstract

This study investigates regional climate patterns in Turkey through multivariate Functional Data Analysis (FDA) using
daily observations recorded at 81 meteorological stations over 2012-2018 (T = 2557 days). Five coupled climate
variables—mean temperature, total precipitation, temperature range, evaporation, and sunshine duration—are
transformed into smooth functional trajectories using Fourier basis expansions with roughness control, where smoothing
levels are selected via generalized cross-validation (GCV). To summarize joint seasonal variability and cross-variable
dependence, we apply multivariate functional principal component analysis (MFPCA) and obtain low-dimensional score
representations for each station. These scores are then used in a model-based clustering framework, with the number of
climate regimes selected by the Bayesian Information Criterion (BIC). Finally, functional ANOVA (FANOVA)
procedures are employed to evaluate whether the identified regimes differ significantly for each variable on the functional
scale. The results reveal distinct data-driven climate regimes and indicate that regime separation is driven primarily by
temperature range, evaporation, and sunshine duration, whereas differences in mean temperature and precipitation are
comparatively weaker. Overall, the proposed FDA pipeline provides an interpretable and statistically principled
framework for regional climate classification and functional inference, offering useful insights for climate monitoring
and environmental modeling in Turkey.
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(04

Bu ¢alisma, Tiirkiye 'deki bolgesel iklim oriintiilerini ¢ok degiskenli Fonksiyonel Veri Analizi (FVA/FDA) yaklasimiyla
incelemektedir. Analizde, 2012—2018 déneminde 81 meteoroloji istasyonunda kaydedilen giinliik veriler kullanilmistir (T
= 2557 giin). Bes iklim degiskeni—giinliik ortalama sicaklik, giinliik toplam yagis, giinliik sicaklik farki (temperature
range), buharlasma miktar: ve giineslenme stiresi—piiriizliiliik kontrollii Fourier baz genisletmeleri ile siirekli fonksiyonel
egrilere doniistiiriilmiis; diizgiinlestirme diizeyi genellestirilmis ¢capraz dogrulama (GCV) ile belirlenmigstir. Degiskenler
arasindaki ortak mevsimsel yapir ve bagimlilik iliskilerini diisiik boyutlu bigimde ézetlemek amaciyla ¢ok degiskenli
fonksiyonel temel bilesenler analizi (MFPCA) uygulanmigs ve her istasyon icin skor temsilleri elde edilmistir. Bu skorlar
tizerinden model tabanl kiimeleme gerc¢eklestirilmis ve iklim rejimi sayisi BIC kriteri ile secilmistir. Son olarak,
belirlenen rejimler arasinda degisken bazinda fonksiyonel farklilik olup olmadigini sinamak igin fonksiyonel varyans
analizi (FANOVA) testleri uygulanmistir. Bulgular, Tiirkiye genelinde veri giidiimlii iklim vejimlerinin ortaya ¢iktigini ve
rejim ayrismasimin ozellikle giinliik sicaklik farki, buharlagsma ve giineslenme siiresi degiskenlerinde daha giiglii
oldugunu, ortalama sicaklik ve yagis degiskenlerinde ise farkliliklarin gorece daha zayif kaldigint gostermektedir. Sonug
olarak, onerilen FVA tabanli yaklasim Tiirkiye'de bolgesel iklim swmiflandirmast ve fonksiyonel ¢ikarim igin
yorumlanabilir ve istatistiksel olarak tutarl bir ¢erceve sunmaktadir.
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1. Introduction

Climate variables exhibit pronounced seasonality, strong temporal dependence, and substantial cross-variable
co-variation (e.g., among temperature, precipitation, and sunshine). They are therefore more naturally viewed
as dense trajectories than as independent scalar measurements. As a result, conventional multivariate
methods—typically formulated for i.i.d. finite-dimensional vectors—may struggle to capture phase-specific
seasonal behavior, amplitude differences, and coupled dynamics across multiple channels. Functional Data
Analysis (FDA) provides an appropriate alternative by representing time-indexed observations as smooth
functions, enabling inference directly on curves and offering interpretable low-dimensional summaries of
complex temporal processes (Ramsay & Silverman, 2005; Ferraty & Vieu, 2006).

In this study, we investigate regional climate patterns in Turkey through multivariate FDA applied to five daily
climate variables observed at n = 81 meteorological stations over 2012—-2018 (one representative station per
province, with the province used as a geographic label). Let X; (t) denote mean daily temperature, X, (t) daily
total precipitation, X5(t) daily temperature range, X, (t) daily evaporation amount, and X5(t) daily sunshine
duration. For each station, these variables are observed on acommon daily index t = 1, ..., T, where T = 2557
is the total number of days from 2012—2018 inclusive (including leap days). Casting these measurements as
smooth functional trajectories places station-level climate records on a common functional scale and supports
a characterization of regional differences in terms of seasonal dynamics rather than coarse seasonal aggregates
(Ramsay & Silverman, 2002). Our analysis addresses how multivariate climate trajectories vary across Turkey
and which climate variables exhibit statistically significant functional differences among data-driven regimes.

Our analysis follows a widely used FDA pipeline tailored to complex temporal data. First, daily observations
are transformed into smooth functional objects via basis expansions with roughness control; smoothing levels
are selected in a data-driven manner (e.g., generalized cross-validation) to balance fidelity and smoothness
(Craven & Wahba, 1979; Abraham et al., 2003; Ramsay & Silverman, 2005). Second, we employ multivariate
functional principal component analysis (MFPCA) jointly across the five functional variables to capture cross-
channel dependence in the dominant modes of variation and to obtain low-dimensional score vectors
summarizing each station’s joint climate profile (Boullé, 2012; Happ & Greven, 2018). Third, we perform
model-based clustering on these score vectors to discover groups of stations with similar joint dynamics,
selecting the number of clusters using likelihood-based criteria such as BIC and reporting posterior
membership probabilities to quantify classification uncertainty (Bouveyron & Jacques, 2011; Jacques & Preda,
2014b). Finally, to move beyond descriptive regime discovery, we incorporate functional hypothesis testing
(FANOVA) to assess, variable-by-variable, whether X, (t), ..., X5 (t) differ significantly across the inferred
regimes (Shen & Faraway, 2004; Zhang, 2013; Zhang et al., 2018).

A key modeling choice is to cluster stations using MFPCA score representations rather than clustering directly
on the raw functional objects. This choice is motivated by interpretability, statistical stability in high-
dimensional multivariate settings, and principled uncertainty quantification via likelihood-based clustering and
posterior membership probabilities (Bouveyron & Jacques, 2011; Jacques & Preda, 2014a, 2014b; Happ &
Greven, 2018). More broadly, modern syntheses emphasize the practical value of the workflow “functional
smoothing =-(M)FPCA —model-based clustering on scores” when the applied goal is regime discovery with
model selection and uncertainty reporting (S6zen, 2019; Zhang & Parnell, 2023).

FDA has become increasingly prominent in climate and meteorology because functional representations
respect the continuous nature of annual cycles and avoid imposing rigid, predefined “seasons” (Ramsay &
Silverman, 2005; Ferraty & Vieu, 2006). Turkey-focused evidence illustrates how Fourier-based smoothing
and FPCA can reveal interpretable seasonal modes and enable meaningful regional comparisons in temperature
trajectories (S6zen & Oner, 2022). Positioned within this literature, our contribution is to provide a country-
scale multivariate functional characterization of Turkey’s climate regimes using 81 station locations and five
coupled daily climate functions, and to complement probabilistic regime discovery with variable-wise
functional inference via FANOV A, thereby identifying which climate variables drive statistically significant
regime differences (Shen & Faraway, 2004; Zhang, 2013; Zhang et al., 2018). By combining probabilistic
regime discovery with functional inference, the analysis identifies not only climate regimes but also the
specific functional drivers of regime separation.
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The remainder of the paper is organized as follows. Section 2 presents the methodology, including Fourier
basis smoothing with GCV-based selection, multivariate functional principal component analysis, model-
based clustering with BIC-based model selection, and FANOVA procedures. Section 3 reports the empirical
results and discusses the identified regional climate regimes. Section 4 concludes with a summary of the main
findings, practical implications, limitations, and directions for future research.

2. Methodology

This study applies Functional Data Analysis (FDA) to daily climate records observed at N = 81 meteorological
stations across Turkey over 2012-2018 (one representative station per province; province names are used only
as geographic labels). For each station i = 1, ..., N, we observe five daily climate variables on a common
calendar index t; (j = 1,...,T) with T = 2557 total days: mean temperature (£ = 1), total precipitation (£ =
2), temperature range (£ = 3), evaporation (£ = 4), and sunshine duration (£ = 5). The analysis proceeds
through four steps: (i) smoothing discrete measurements into functional trajectories, (i) summarizing
multivariate dependence via multivariate FPCA (MFPCA), (iii) discovering climate regimes via model-based
clustering on the score vectors, and (iv) testing regime differences for each variable using functional ANOVA
(FANOVA) (Ramsay & Silverman, 2005; Ferraty & Vieu, 2006; Sozen, 2019).

2.1. Functional data representation and model formulation

Let yp(t;) denote the observed value of variable ¢ € {1, ...,5} at station ion day t;. We adopt the standard
measurement-error model (Ramsay & Silverman, 2005):

Vie(t) = xi0(t)) + €10, E[€1p;] = 0,Var(ep)) = 0 (1)
Here x;,(t) is an underlying smooth function defined on the daily time domain. FDA treats {x;,(t)} as
functional objects, enabling inference on seasonal shape, phase shifts, and amplitude differences that are not
well captured by scalar summaries (Ferraty & Vieu, 2006).

2.2. Fourier basis function approximation

Each trajectory x;,(t) is represented by a basis expansion (Ulbricht, 2004):

K

Xip(t) = Z Ciek Pr(t) (2)

k=1

We use a Fourier basis {qbk}’k(:l, which is well-suited for periodic/seasonal behavior. A standard Fourier
system over an interval of length L can be written as:

- (2mr 2nr
B1(6) = 1,2y () = sin (Tt e (©) = cos(T-t) K = 2R + 1 3)

Coefficients c;p = (Cjpq, ..., Cipx) " are estimated by penalized least squares with a roughness penalty to prevent
overfitting (Ramsay & Silverman, 2005):

éii’()l) = Cngml'TlCeRKllyl’g - ¢C||2 + Ac"Rc (4)

where yip = (Vip(t1), oo, Vie(Er)) T, ®Dji = @i (t;), and R is a penalty matrix (commonly based on integrated
squared second derivatives). The smoothed functional estimate is £;,(t) = Y.X_; €ipx i (£).

2.3. Determining the smoothing parameter

Let §;,(4) = S(A)y;, be the fitted values, where the smoother matrix has the standard form (Craven & Wahba,
1979; Ramsay & Silverman, 2005):
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SAD) = (@ + AR) 1T (5)
We choose A by generalized cross-validation (GCV):

T Nl yie — Fie(D) I?

GCV () = (T — tr(S(1)))?

(6)

selecting A that minimizes GCV (1) over a candidate grid (Craven & Wahba, 1979). In the implementation, we
evaluate a log-scale grid (e.g., log 104 € {—5,—4, ...,5}), and report the corresponding GCV outcomes by
variable.

2.4. Multivariate FPCA and model-based clustering on score vectors
2.4.1. Multivariate functional principal component analysis (MFPCA)

For each station i, define the smoothed multivariate function X;(t) = (X;1(¢t), ..., X;5(t)). MFPCA captures
cross-variable dependence through multivariate eigenfunctions and low-dimensional score vectors (Happ &
Greven, 2018). We use the truncated representation:

a
2(O) = 1O+ ) i Yra (0,0 =1, ™
r=1

where p,(t) is the mean function, ¥,.,(t) are the multivariate principal component functions, and §; =
(&, r &ig) T € R are the MFPCA scores summarizing each station’s joint climate profile. The dimension d
is chosen to explain a high proportion of the joint variability (Happ & Greven, 2018).

2.4.2. Model-based clustering on MFPCA scores

We cluster stations using {fl-}liil via a Gaussian mixture model (Tarpey & Kinateder, 2003; Bouveyron &
Jacques, 2011; Jacques & Preda, 2014b):

G

PE) = ) g 9alEing ) ®

g=1

G
where G is the number of clusters (climate regimes), Ty, > 0 with Z g =1, and @4(&;; Uy, Z4) denotes
g=1

the d-variate Gaussian density. Parameters are estimated by the EM algorithm, and G is selected using BIC
(Bouveyron & Jacques, 2011; Jacques & Preda, 2014b). Classification uncertainty is quantified via posterior
membership probabilities:

B o N 0a(Sis kg Zg)
Tig=PZi=g1§) = Y17 9a(€s tn Zh) X

This “smoothing —(MF)PCA —model-based clustering on scores” pipeline is widely used for interpretable
regime discovery with probabilistic assignments (Happ & Greven, 2018; Jacques & Preda, 2014b).

2.5. FANOVA: testing functional differences across inferred regimes

After clustering, we test whether regimes differ significantly in each climate variable’s mean function. For
each variable ¢, let J; = {i: Z; = g} denote the set of stations assigned to regime g, with n; =| J; | and

G
E ng = N. Define regime-specific and overall mean functions:
g=1
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N
1 1
%ge(6) = = Y i (O, %(0) = ) e () (10)
g 1

i€7, i=
We consider the one-way functional ANOVA null hypothesis (Shen & Faraway, 2004; Zhang, 2013):
Ho p: X14(t) = Xpp(t) = - = Xgp(t) forallt €T 11
2.5.1. Pointwise F-test (PF)

At each t, define between- and within-regime sums of squares:
G = = 2 G = 2
SSBy(t) = £5_1ng (%ge(t) — %.6(8)) , SSE(t) = Z51 Sier, (xi(8) = Zge(1)) (12)

The pointwise F statistic is:

SSBy(£)/(G — 1)
SSE;(0)/(N — G)

Fy(t) = (13)

Pointwise testing highlights time-localized differences, while global tests below assess overall regime
separation (Shen & Faraway, 2004; Zhang, 2013). In reporting, a common summary is PF, = sup e Fp(t)
with calibration as described below.

2.5.2. Ly-norm (global) test

A global measure integrates between-regime variation over the domain (Zhang, 2013):
T, = f SS By(t) dt (14)
T

In practice, we use the L,-norm based approximations (naive and bias-reduced) and bootstrap calibration
following the recommendations in the functional ANOVA literature (Shen & Faraway, 2004; Zhang, 2013;
Zhang et al., 2018).

2.5.3. F-type global test

An F-type functional statistic compares integrated between- and within-regime variation (Zhang et al., 2018):

gob _ JrSSB(®) dt/(G — 1)
¢ T [ SSE,(t)dt/(N-G)

(15)

2.5.4. Bootstrap calibration

Because functional data may deviate from Gaussian assumptions, we use bootstrap calibration to obtain p-
values (Zhang, 2013; Zhang et al., 2018). Briefly, residual functions are constructed under H, by centering
within regimes, resampled to generate bootstrap replicates, and the test statistics (Tg’ F gg tob, PFg) are
recomputed; the p-value is the proportion of bootstrap replicates exceeding the observed statistic.

3. Results and discussion

We analyze multivariate functional climate trajectories derived from daily observations recorded by the
Turkish State Meteorological Service (TSMS) over 2012-2018 at N = 81 meteorological stations (one
representative station per province; province names are used only as geographic labels) (TSMS, 2018). The
five variables are mean daily temperature X; (t), daily total precipitation X, (t), daily temperature range X5 (t),
daily evaporation amount X, (t), and daily sunshine duration X5 (t), observed on a common daily index t =
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tq, .., tyr with T = 2557. Following the FDA workflow described in Section 2, we (i) smooth each station-
level series using Fourier basis expansions with roughness control, (ii) summarize joint multivariate variability
via MFPCA, (iii) cluster stations using model-based clustering on MFPCA score vectors with BIC-based
selection, and (iv) assess regime differences using FANOVA procedures.

For each station i = 1, ..., N and each variable £ = 1, ...,5, the discrete observations y;,(t;) are converted into
smooth functional trajectories X;,(t) via Fourier basis smoothing with a roughness penalty, where the
smoothing parameter A is selected by GCV. Table 1 reports the GCV criterion evaluated over the candidate

gridlog 10(A) € {—5,—4, ...,5}. The selected A values (grid minimizers) yield stable functional representations
across stations and variables, supporting the subsequent MFPCA and clustering steps.

Table 1. GCV criterion over the candidate smoothing-parameter grid for Fourier functional

representations

Values  X4(t) X,(t) X3(t) X4 (t) X:(t)
-5 1001.76  56.05391 1160.777 482.1474 894.0939
-4 997.8755 55.83885 1156.309 480.2832 890.6692
-3 971.9769 54.4874 1127.672 468.0453 869.3652
2 910.8631 51.67523 1065.507 439.8923 826.0291

GCV | -1 857.1082 49.49375 1015.771 415.0447 792.9708
0 826.9709 48.41473 991.0959 399.7455 778.4261
1 816.5622 48.08578 984.7931 391.4655 776.7679
2 816.0434 48.03698 984.1055 387.3497 781.1089
3 820.5284 48.09322 988.8072 386.5378 789.639
4 825.4053 48.19835 993.9249 387.4616 797.0927
5 829.75 48.33542 996.1273 389.0577 776.7679

We apply MFPCA jointly to the five-variable functional vectors {J?w(t)}?:l to capture dominant coupled
modes of seasonal variability and to obtain low-dimensional score vectors §; € R? summarizing each station’s
joint climate profile. Figure 1 displays the leading multivariate component functions. The first component
represents broad seasonal amplitude variation, exhibiting larger loadings for temperature range, evaporation,
and sunshine duration, while the second component captures phase-shifted deviations and cross-variable
compensation effects. This pattern is consistent with the annual cycle structure of Turkey’s coupled
temperature-radiation—moisture processes, with precipitation showing more irregular dynamics.

Using the MFPCA scores {&;}I-,, we fit Gaussian mixture models and select the number of clusters by BIC.
Table 2 reports BIC values across candidate cluster counts G. The largest BIC is attained at G = 3, indicating

three data-driven climate regimes among the station locations.

Table 2. Simulation of determining the number of clusters

aQ

BIC
-895676.97
-852432.9
-882699.97
-893239.81
-900501.54
-915744.96
-920961.45
-927554.87
-930631.85

O 0 N O U B~ W N

—_
=]
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Principle Component Functions for Temperature Principle Component Functions for Precitation
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Figure 1. Principal component functions for climate variables
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Regime composition is summarized in Table 3, and the corresponding mixing proportions 7, = ny/N are
reported in Table 4. Regime 2 contains the majority of stations (77, = 0.691), while regime 3 accounts for
fiz = 0.284. Regime 1 is small (77; = 0.025), containing two stations (Kars and Canakkale), suggesting an
atypical joint seasonal profile rather than geographic proximity as the primary driver of this grouping.

Table 3. Model-based clustering results

Clusters

1 Kars, Canakkale

Erzincan, Bing6l, Malatya, Artvin, Giresun, Ordu, Rize, Trabzon, Amasya, Bartin,
Cankir1, Corum, Kastamonu, Samsun, Sinop, Tokat, Zonguldak, Bilecik, Bolu, Diizce,
Kocaeli, Sakarya, Yalova, Edirne, Kirklareli, Tekirdag, Istanbul, Afyonkarahisar, Denizli,
[zmir, Kiitahya, Manisa, Usak, Ankara, Karaman, Konya, Aksaray, Kayseri, Kirikkale,
Nevsehir, Nigde, Sivas, Yozgat, Burdur, Isparta, Kahramanmaras, Adiyaman, Batman,
Diyarbakir, Gaziantep, Kilis, Mardin, Siirt, Sanliurfa, Sirnak

Agr1, Ardahan, Erzurum, Bayburt, Igdir, Bitlis, Elaz1g, Hakkari, Mus, Tunceli, Van,
3 Glimiishane, Karabiik, Bursa, Eskisehir, Adana, Antalya, Mugla, Balikesir, Aydin, Hatay,
Mersin, Osmaniye

Table 4. Cluster probabilities of cities

Clustering

1

2

3

Probability

0.024691

0.691358

0.283951

To visualize regime separation on the functional scale, Figure 2 plots the regime-wise mean functions X, (t)
for each variable ¢ and regime g € {1,2,3}. Differences across regimes are most pronounced for temperature
range X3(t), evaporation X, (t), and sunshine duration Xz (t), while mean temperature X, (t) and precipitation
X, (t) show more similar average profiles.

Table 5 reports the FANOVA test statistics and p-values for assessing whether the inferred climate regimes
differ on the functional scale across variables. The results show that regime separation is mainly driven by
temperature range, evaporation, and sunshine duration. Among these, evaporation provides the strongest
evidence of regime differences, followed by sunshine duration, while temperature range shows a weaker but
still consistent signal. In contrast, mean temperature and precipitation exhibit comparatively limited separation
across regimes. Overall, the findings suggest that the identified regimes are differentiated more by variability
and energy-related dynamics than by level-type climatic features.

Table 5. FANOVA test statistic results and p values according to variables

Variables
Tests X4(8) X2 (8) X3(t) X4 (1) Xs(t)
T, =209589.1 T, = 3476.598 T, =129841.9 T, =138542.8 T, =60409.82
B,=22043.98 B,=159.80377 B,=6571.005 B,=1204.793 B,=2180.092
LN d,=4.577366 d, =52.67402 d,= 10.90537 d, =46.97927 d,= 13.79395
pp =0.0712876 p, =0.2812835 pe =0.04688431 | p, =1.248358¢7 | p, = 0.01421683
T, =209589.1 T, =3476.598 T, =129841.9 T, =138542.8 T, =60409.82
B,=21133.17 B,=39.12208 B,=6036.247 B,=831.5826 B,=1962.804
L,B d,=4.723361 d,=80.46857 d, =11.82021 d,=68.01206 d, =15.26971
pe =0.06626803 p, =0.2443702 pe =0.04034888 | p, =3.033204e"1° | p, =0.01057928
L,b T, =209589.1 T, =3476.598 T, =129841.9 T, =138542.8 T, =60409.82
pe = 0.607 pp = 0.2165 p, =0.7386 p, =0.3374 pp =0.1265
FT | F9'°" =2077127 | F7'° =1.103645 | F2'°" =1.811936 | F7'" =2.44774 | F7'°" =2.008834
pe = 0.07639064 pe = 0.2844771 pe =0.05046737 p, = 2.38694e~7 p, = 0.01604624
Fb | p2'°"" =2077127 | F7"" =1.103645 | F2'°"" =1.811936 | F2'°"" =2.44774 | F7'°"" =2.008834
pp =0.7615 p, =0.3313 p, =0.8918 p, =0.7856 pp =0.1741
PF, =1.94262 PF, =1.091962 PF, =2.125067 PF, =2.723363 PF, =1.345824
B, = 0.2053331 Bo=0.02039162 B,=0.07188914 B,=0.0201402 Bo=0.04550941
PF d, = 4.998297 d, =50.33027 d, =14.27637 d, = 50.95856 d,=22.55173
py =0.09195204 P, =0.3518099 pe =0.009936569 | p, =1.458928e° p, =0.1467945
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Clustering Functions for Temperature Clustering Functions for Precipitation
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Figure 2. Clustering functions for climate variables
4. Conclusion

This study investigated regional climate patterns in Turkey using a multivariate Functional Data Analysis
framework applied to daily observations from 81 meteorological stations over 2012-2018. Five coupled
climate variables—mean temperature, precipitation, temperature range, evaporation, and sunshine duration—
were transformed into smooth functional trajectories through Fourier basis expansions with roughness control,
where smoothing levels were selected by generalized cross-validation. Multivariate functional principal
component analysis was then used to summarize joint seasonal variability and cross-variable dependence in a
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low-dimensional score representation, enabling statistically stable regime discovery via model-based
clustering with BIC-based selection.

The results support the presence of three data-driven climate regimes across Turkey with unequal cluster sizes,
indicating that functional regime separation is driven more by systematic differences in seasonal dynamics
than by simple geographic proximity. FANOVA-based inference suggests that regime differences are strongest
for evaporation and sunshine duration, and are also present—though more moderately—for temperature range.
In contrast, mean temperature and precipitation exhibit weaker evidence of functional separation across the
inferred regimes. Bootstrap-calibrated global tests provide a more conservative assessment of regime
differences, underscoring the importance of calibration choice in functional inference under heterogeneous
variability.

Overall, the proposed multivariate FDA pipeline offers an interpretable and robust framework for regional
climate classification and functional hypothesis testing. By leveraging smooth functional representations and
multivariate dependence structure, the approach yields insights into regime-specific seasonal dynamics that
are not easily captured by traditional scalar summaries. Future work may extend the framework by
incorporating spatial dependence, covariate-adjusted functional clustering, and time-varying regime dynamics
to further support climate monitoring and environmental decision-making in Turkey.
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