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Abstract. The biresponse Fourier series nonparametric regression is a model
designed to analyze the relationship between two correlated response variables
and multiple predictor variables, The model employs Fourier series to effectively
capture periodic or cyclic patterns within the data, making itu particularly suited
for climate-related applications. This study aims to estimate the parameters of a
mixed semiparametric regression model applied to climate data, utilizing the
Weighted Least Squares (WLS) method for estimation. The analysis was
conducted on climate data from South Sulawesi and West Sulawesi, focusing on
sunshine duration and wind speed as the two response variables. The results
demonstrate that the optimal model includes one oscillation, achieving a
minimum Generalized Cross Validation (GCV) value of 0.737 and a high
Coefficient of Determination (R?) of 99.49%, indicating an excellent fit of the
model to the data. These findings suggest that the biresponse Fourier series model
is a powerful tool for climate data analysis, offering valuable insights into the
cyclic nature of weather patterns in regions like South Sulawesi and West
Sulawesi, where periodic variations in climate phenomena can be observed.
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1 Introduction

Indonesia, a vast archipelagic nation renowned for its rich biodiversity, is grappling
with significant challenges posed by climate change, which threatens both its natural
environment and socio-economic well-being. Over the past four decades, Indonesia has
experienced a consistent rise in annual temperatures, a trend that has worsened the
effects of global warming [1]. A report from the Meteorology, Climatology, and
Geophysics Agency (BMKG) in 2022 highlighted that the country’s average air
temperature has increased by 1.2°C, recorded across 89 observation stations [2]. This
warming trend not only mirrors global climate changes but also intensifies the unique
vulnerabilities faced by Indonesia. Despite being a nation rich in natural resources and
biodiversity, Indonesia paradoxically ranks as the 7th largest contributor to global
greenhouse gas emissions, primarily due to deforestation, land-use changes, and heavy
reliance on coal and other fossil fuels [3]. This dual role, as both a biodiversity hotspot
and a major emitter, places Indonesia in a complex position in the global climate arena,
where it is both a victim and a contributor to environmental degradation.
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The consequences of this crisis are becoming increasingly clear, with more frequent
and severe natural disasters affecting various regions of the country. Rising
temperatures and changing weather patterns are linked to extreme events such as floods,
droughts, and landslides, which pose severe threats to Indonesia's food security and
overall public health. In recent years, erratic rainfall has caused widespread disruptions
in agricultural production, with some areas suffering from prolonged drought while
others experience devastating floods. These disasters not only threaten rural
livelihoods, heavily dependent on agriculture, but also increase the risk of waterborne
diseases and other health challenges [4]. Additionally, coastal areas are particularly
vulnerable to sea-level rise, which threatens to displace communities and erode
valuable coastal ecosystems. As a result, the impacts of climate change in Indonesia are
multi-dimensional, touching on environmental degradation, public health risks, and
economic instability. To address these growing challenges, Indonesia must pursue a
comprehensive approach that balances emission reductions with climate adaptation and
resilience-building strategies, ensuring sustainable development in the face of a
changing climate.

South Sulawesi and West Sulawesi are two provinces in Indonesia that are
particularly vulnerable to the impacts of climate change, with sunshine duration being
a key factor influencing their climate. Fluctuations in sunshine, whether through
prolonged increases or sharp decreases, can lead to serious environmental and
ecological effects. Extended periods of sunshine can raise air temperatures and dry out
soil, worsening drought conditions [5]. On the other hand, significant reductions in
sunlight can hinder plant growth and disrupt photosynthesis, which could reduce
agricultural productivity and threaten food security in the region [6].

Apart from the duration of sunlight, wind speed also plays an important role in
climate dynamics in South Sulawesi and West Sulawesi. A decrease in wind speed of
250 mb in the South Sulawesi region and its surroundings can cause an increase in the
formation of rain clouds which has the potential to increase the chances of extreme
weather changes [7]. On the other hand, a decrease in wind speed can reduce air
circulation, increase heat stagnation, and cause local temperature increases that have a
negative impact on plants and the ecosystem as a whole. High wind speeds can
accelerate the evaporation of water from the soil, ultimately exacerbating drought when
combined with increased duration of sunlight. Therefore, the combination of
fluctuations in sunlight duration and changes in wind speed creates complex climate
dynamics, which can affect agricultural productivity and food security in the region.

The complex and inconsistent nature of climate change poses significant challenges
in understanding trends and accurately predicting future events. The unpredictability
brought on by extreme and irregular weather fluctuations adds another layer of
complexity, making it difficult to forecast and implement effective disaster mitigation
strategies [1]. While historical climate data can reveal certain patterns, some of these
patterns are difficult to model due to their unknown or erratic nature [8]. This highlights
the need for adaptive predictive models that can better handle the variability and
uncertainty inherent in climate data, enabling more accurate forecasting of future events
[9].

Nonparametric regression analysis provides a robust solution to these challenges,
offering the flexibility needed to model complex and uncertain climate data [10].
Among the nonparametric methods, the Fourier series stands out as an effective
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estimator, especially when the data exhibits a cyclic or repetitive pattern [11] [12][13].
The Fourier series is particularly adept at modeling variables that show periodic
behavior, capturing recurring trends over time. One of the key advantages of using a
nonparametric regression approach like the Fourier series is its ability to handle data
where the response variable exhibits recurring patterns across different values of the
predictor variables. This makes it a versatile tool for analyzing climate data, where
seasonal or cyclic fluctuations are common [ 14]. By incorporating this method, analysts
can better capture and interpret the underlying patterns in complex climate data,
ultimately improving the accuracy of future predictions.

Previous research on nonparametric regression modeling using Fourier series was
conducted by Pasarella et al (2022) , which was applied to positive cases of Covid-19
in Indonesia [15]. The results of the study showed that this model was able to explain
97.86% of data variability, as indicated by the high R? value. In addition, research by
Mardianto et al (2020) which compared Fourier series and kernel modeling, found that
the Fourier series estimator was superior with a smaller Mean Square Error value,
namely 0.052, and a larger coefficient of determination of 99.0472% [16]. These
findings underline the superiority of the Fourier series in modeling data with repeating
patterns accurately.

Previous studies have focused more on data modeling using Fourier series estimators
with one response variable, as applied to the Covid-19 case and various other studies.
Although the results of this approach show very good performance in modeling data
with repeating patterns, as seen from the high R*2 value and low Mean Square Error,
these studies are only limited to one response variable. However, in the context of
climate data, the complexity increases due to the interaction between several important
interrelated factors. Therefore, this study aims to fill this gap by testing the performance
of the Fourier series estimator on climate data involving two response variables at once,
namely sunshine duration and wind speed. By extending the use of Fourier series to
biresponse models, this study is expected to provide a more comprehensive
understanding in predicting more complex climate dynamics.

2 Literature Review

Fourier series is a trigonometric polynomial function that has a level of flexibility to
handle data that has a repeating pattern [16]. Given a regression curve contained in the
C(0,m) space, namely h € C(0,x), then the estimation for h can be solved using Penalized
Least Square or Penalized Square by minimizing:

[nizh, 0 -h@) +afy 2 (@) az] (1)

With A being a smoothing parameter, and the fourier series function with one
predictor variable can be written as equation (2).

h(z;) = bz; + % +Xk,  (a,coscoslz;) )

Where b, ay, a;, 1 = 1,2, ..., L are the model parameters.
Equation (2) can be written as:
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The Fourier series model can be expressed in matrix form as:
h(z) = Ba )

Where h(z) is a vector of size nx1 representing the response functions for all
observations, matrix B berukuran nx(R(L+1)+1) representing the trigonometric
componentts for each observation, o is a vector of size (R(L+1)+1)x1 containing of
the parameters of the Fourier series model, R is number of predictor variables, and L is
number of oscillation.

Biresponse regression is a model designed to determine the relationship
between two response variables and their predictors. In this model, the connection
between the response variables and the predictors is estimated using the Fourier series
estimator. The semiparametric biresponse regression model for i=1,2,...,n is expressed
as follows:

Vai = ha(t) &5 (5)

One way to estimate parameters and get the best model on a data set is to use the
Ordinary Least Square (OLS) method. However, in data containing more than one
response, the OLS method cannot be used if there are elements of correlation and
covariance. Thus, the Weighted Least Square (WLS) method can be used which has a
weighting matrix W. For the case of birespon, the weighting W represents the variance
covariance matrix of the first response and the second response. The following shows
the W matrix used in the optimization process.

= (g? : 2 ... : HEIRE R S A
W = (0§ 20 w0 F 0y 0yt 0y 00F 0 0y 0y o Opp Fimiiiin
02() cese 0'1 B 0'21 0'21 cee 0'21 cee -2.- see e : cee :
050 00y 0y 0y 1 005 - 0 iimiiiing 0,005 0y 00 05)

(6)

In various nonparametric regression studies, a common method for selecting optimal
oscillation is Generalized Cross Validation (GCV). The general formula for GCV in
nonparametric regression is given below [17]:

MSE(l)
(n~1trace[I-A(D)])?

Gev(l) = 7

And

~ T =
msE (1) = 0909 ®)
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3 Research Method

The data utilized in this study are secondary data sourced from the Global Satellite
Mapping of Precipitation (GSMaP) and the European Centre for Medium-Range
Weather Forecasts. The dataset focuses on climate conditions in South Sulawesi and
West Sulawesi provinces, collected from 78 data points over the period of 2008 to 2013.
The study involves two response variables and four predictor variables, as detailed in
Table 1.

Table 1. Research Variables

Variabl Description Unit
es
V1 Sunshine Duration %
V2 Wind Speed m
d
Xq Rainfall mm
m2
Xy Relative Humidity %
X3 Maximum °C
Temperature
X4 Minimum °C
Temperature

To model the data on sunshine duration and wind speed using fourier series
biresponse regression with the following steps are undertaken:

1. Explore the data for both response variables and predictor variables to determine the
descriptive statistics of each variable. Create scatter plots to observe the relationships
between the response and predictor variables.

2. Conduct a dependency test to evaluate the relationship between the two response
variables.

3. Develop a biresponse fourier series regression model to analyze the sunshine
duration and wind speed data.

4. Compute Generalized Cross Validation (GCV) and the coefficient of determination
(R*2) for the resulting model.

5. Formulate conclusions based on the analysis outcomes.

4 Result and Discussion

4.1 Biresponse Fourier Series Nonparametric Regression Model

From Equation (2), the biresponse Fourier series estimator with R predictor variables
can be expressed as follows:

R R « L
Z hj(z.) = Z (bjrzn- + % + Z @y €OS cos lzy; >
r=1

r=1 =1



Fourier Series-Based Nonparametric Biresponse Regression for ... 2351

L L
an
= bj1zy; + > + @jyy €0s cos lzy; + bjpzy; + @j €OS €0S lzy; + -+ + bjpzp;

=1 =1
L
+ @jjg €OS COS lzp;
=1
= + 20 + 223 + o+ Lz;; +b
= bjnzy; + =" + @11 €OS €OS 2y + jy COS €OS 22y @11 €OS €OS Lzq; j2Z2
+ Qjq5 COS COS Zy; + @, €OS €OS 275; + -+ Qjp5 €OS €OS Lzy;  + -+
+ bjRZRL- + @j1g COS COS Zg; + Ajpp COS COS 2Zp; + -+ QR
cos cos Lzg;
Forj=1
_ To1
hi(z13, 225, Zpi ) = b1120; + > + (111 €COS COS Zy; + Q51 COS €OS 2Z4; + -+ aqpq
€os ¢coS Lzy; + bi325; + @115 COS COS Zy; + Q155 COS COS 2Zy; + -+
+ @175 €OS €OS Lzy;  + -+ bypzp; + @115 COS €OS Zp; + Q125
€0S €0S 2Zp; + +**+ a1 g €OS €OS Lzp;
Forj=2

Qo2
2
€05 oS Lzy; + byyZy; + p15 COS COS Zy; + Uypy €COS COS 2255 + -+
+ Qyp, €OS €OS LZy;  + -+ bypZp; + Ay1g COS €OS Zp; + Ayop

COS €OS 2Zp; + ***+ ay1 5 €OS €OS Lzp;

hy (244, 224, Zgi ) = bap2q; + + Q11 €COS €OS Z1; + @ypq COS COS 27+ + a4

Then for i = 1,2,---,n it can be expressed in matrix form as:

(h1 (211) hy (212) Phy (Z1n)1 h, (211) h, (le) Pk (Zln) )
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(h1(z) h,(2) ) =(B;00B,) (@, a,)
In matrix notation it can be written as:
h(z) = Ba
Where
h(z) = (hy(2) hy(z) ), B = (B, 00B,) and & = (& &, )
with h(2) is a vector of size 2n X 1, B is a matrix of size 2n x (2R(L + 1) + 2)
dan & is a vector of size (2R(L + 1) + 2) X 1, and L is number of oscillation.
Furthermore, biresponse fourier series nonparametric regression model can be
written as follows :
J=Ba+é&
To obtain parameter estimation results in model, it can be done using Weighted Least
Square (OLS) optimization method:
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MingzQ(&) = Min(&"&),
= Ming(y — B&)"W(§ — B&)
With W being the variance covariance matrix between the two responses.
Meanwhile, the form of Q is simplified to:
Q= (7 —B&'W( - Ba)
= (" - a"B"W (j — B&)
=yTWy —2a’BTWy + a"BTWB&
Then proceed to find the parameter & , namely by reducing the function Q to & , we
get:
6Q(~a) _o
oa
—2B"W3$ + 2BTWB& = 0
B"WBd& = BTW
@ = (BTWB) 'BTWy¥

4.2  Climate data analysis

Descriptive Analysis. The first step in implementing biresponse nonparametric
regression modeling with Fourier series is to conduct a descriptive analysis. This
analysis is intended to give a summary of the variables used in the research, as outlined
in Table 2

Table 2. Descriptive Analysis

Variables Minimum Maximum Mean Standard
Deviation
V1 8.27 27.30 22.87 5.02
Vs 0.94 6.16 2.69 1.47
X, 0.54 25.19 8.29 5.96
X, 0.65 0.96 0.80 0.07
X3 20.24 32.12 27.90 2.64
X4 14.193 28.012 23.298 4.190

Based on the results of the descriptive analysis in Table 2, it can be seen that the
response variable of the sunshine duration (y:) has an average of 22.87 mm/m? with a
standard deviation of 5.02, while the wind speed (y2) has an average of 2.69% with a
standard deviation of 1.47%. The rainfall predictor variable (x:) shows an average value
of 8.29 m/s with quite large variations, marked by a standard deviation of 5.96. Air
humidity (x2) is relatively stable with an average of 0.80% and a small standard
deviation of 0.07%. The maximum temperature (xs) has an average of 27.90°C with a
range from 20.24°C to 32.12°C, while the minimum temperature (x4) varies from
14.19°C to 28.01°C with an average of 23.30°C. These values show significant
variations in most variables, especially in rainfall and minimum temperature.
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Fig. 2. Scatter plots of y, vs x variables

Figure 1 shows scatter plots between the first response variable, namely sunshine
duration (y_1), and the predictor variables x 1 (rainfall), x 2 (humidity), x 3
(maximum temperature), and x_4 (minimum temperature). In these plots, the scatter
plots of y 1 against x_1 and x_2 exhibit a downward trend or negative relationship,
indicating that as rainfall and humidity increase, sunshine duration tends to decrease.
Conversely, the scatter plots of y 1 against x 3 and x 4 show an upward trend or
positive relationship, suggesting that sunshine duration increases as maximum and
minimum temperatures rise. On the other hand, Figure 2 presents scatter plots between



2354 H. Husain et al.

the second response variable, wind speed (y2), and each of the predictor variables x_1,
x_2,x 3, and x_4. No clear pattern is observed in these scatter plots, indicating that the
relationship between wind speed and the predictor variables does not follow a specific
or discernible trend and appears random.

Testing Dependency. A key assumption required in this modeling approach is the
existence of a dependency between the two response variables. To assess the
relationship between the two response variables in this study—sunshine duration (y:)
and wind speed (y2)—Bartlett's Sphericity test was employed. The hypotheses tested
are:

Ho: The response variables are independent.

Hi: The response variables are dependent.

The results of Bartlett's Sphericity test show x> =41.86, which is greater than the critical
value of y_table”2 = 3.841. Thus, Ho is rejected, confirming that the response variables
are dependent. Additionally, the Pearson correlation between sunshine duration and
wind speed is 0.65, indicating a moderately strong positive correlation. This means that
as sunshine duration increases, the wind speed tends to increase, and vice versa.

Biresponse Fourier Series Nonparametric Regression Modeling. The biresponse

Fourier series nonparametric regression model with one oscillation and j=1,2 (response

variables) is presented as follows.

ao i
j

> + @jy1 €OS COS Zy; + bjp2Z;; + @y, COS COS Zy; + bj3Z3; + @3

Vji = bjzy; +

COS €OS Z3; + bjsZy; + @j14 COS COS Zy;

Table 3. Model Parameter Estimation

Parameter Estimate
bis —0.080
o1 —847.768
@111 —0.121
brz 234.648
Q112 319.653
bis 0.790
113 —0.761
biy 0.654
Q114 —0.028
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bas —0.033
Qo2 —489.565
Q211 ~0.208
bz, 142.342
Q212 192.509
bas ~0.353
@213 0.002
bas 0.424
@214 —0.234

Based on the estimation results in Table 3, the following biresponse fourier series
nonparametric regression with one oscillation is obtained:

847.768
y,; = —0.080z,; — — - 0.121 cos cos zy; + 234.648z,; + 319.653
cos cos zy; + 0.790z5; — 0.761 cos cos z5; + 0.654z,; — 0.028
COS COS Zy;
489.565
¥,i = —0.033z; — — 0.208 cos cos zy; + 142.342z,; + 192.509
cos cos z,; — 0.353 z3; + 0.002 cos cos z5; + 0.424z,; — 0.234
COS COS Zy;

With Generalized Cross Validation (GCV) is 0.737 and Coefficient of Determination
(R?) is 99.49% . The GCV value of 0.737 indicates a well-fitting model with minimal
overfitting, while the R? value of 99.49% shows that the model explains nearly all the
variability in the data, confirming the accuracy and strength of the regression in
capturing the relationship between the predictors and both response variables.

From the obtained model, we generate plots comparing the actual and predicted
values for each response variable: sunshine duration and wind speed in the provinces
of South Sulawesi and West Sulawesi. Figure 3 presents the plot of actual sunshine
duration y, against the predicted values J,, illustrating how well the model fits the data
for this response. Similarly, Figure 4 displays the plot of actual wind speed y, compared
to its predicted values y,, highlighting the model's accuracy in predicting wind speed.
These plots provide a visual assessment of the model’s performance in capturing the
relationship between the predictor variables and the two response variables.
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5 Conclusion

The finding from the modeling of climate data using biresponse fourier series
nonparametric regression yield the equation
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847.768
¥y, = —0.080z;; — — - 0.121 cos cos zy; + 234.648z,; + 319.653
cos cos zy; + 0.790z5; — 0.761 cos cos z5; + 0.654z,; — 0.028
COS COS Zy;
489.565
¥,i = —0.033z;; — — 0.208 cos cos zy; + 142.342z,; + 192.509

cos cos z,; — 0.353 z3; + 0.002 cos cos z5; + 0.424z,; — 0.234
COS COS Zy;
With Generalized Cross Validation (GCV) is 0.737 and coefficient of determination

(R?) 15 99.49% .

References

1.

10.

11.

S. Aripiyanto, D. Khairani, and A. Hartono, “CO2 Emission Forecasting in Indonesia Until
2030: Evaluation of ETS Smoothing Prediction Models and Their Implications for Global
Climate Change Mitigation,” J. Appl. Data Sci., vol. 5, no. 1, pp. 46-55, 2024, doi:
10.47738/jads.v5i1.154.

BMKG, “Informasi Iklim BMKG untuk Kenaikan Suhu dan Perkembangan Iklim,” 2022,
[Online]. Available: https://dataonline.bmkg.go.id/

. D. Hafidz, A. Wardhana, and M. R. Prawira, “The Analysis of Indonesia > s Climate Change

Policies in Response to the 2021 Intergovernmental Panel on Climate Change ( IPCC )
Assessment Report / AR6 Group 1 (2021-2023 ),” vol. 1, pp. 4253, 2023.

. T. Neya, G. Yanon, J. Soubeiga, R. Kiribou, O. Neya, and J. Magistro, “Climate Change

Impact Assessment and Disaster Risk Financing Strategies in Mali: A Comprehensive
Analysis of Drought and Flood Events,” Int. J. Environ. Clim. Chang., vol. 14, no. 3, pp.
126-138, 2024, doi: 10.9734/ijecc/2024/v14i34025.

. C. Zhang, Y. Zhang, J. Pu, Z. Liu, Z. Wang, and L. Wang, “An hourly solar radiation

prediction model using eXtreme gradient boosting algorithm with the effect of fog-haze,”
Energy Built Environ., no. April, 2023, doi: 10.1016/j.enbenv.2023.08.001.

. M. Ehteram and H. Shabanian, “Unveiling the SALSTM-M5T model and its python

implementation for precise solar radiation prediction,” Energy Reports, vol. 10, no.
September, pp. 3402-3417, 2023, doi: 10.1016/j.egyr.2023.10.029.

. A. Ulfiana, M. Arsyad, and P. Palloan, “The Atmospheric Dynamics Related to Extreme

Rainfall and Flood Events during September-October-November in South Sulawesi,” Forum
Geogr., vol. 37, no. 2, pp. 107-116, 2023, doi: 10.23917/forgeo.v37i2.22339.

M. Ramli, I. N. Budiantara, and V. Ratnasari, “A method for parameter hypothesis testing
in nonparametric regression with Fourier series approach,” MethodsX, vol. 11, no. October,
p. 102468, 2023, doi: 10.1016/j.mex.2023.102468.

H. Husain, I. N. Budiantara, and I. Zain, “Mixed estimator of spline truncated, Fourier series,
and kernel in biresponse semiparametric regression model,” IOP Conf. Ser. Earth Environ.
Sci., vol. 880, no. 1, 2021, doi: 10.1088/1755-1315/880/1/012046.

N. Afifah, I. N. Budiantara, and I. N. Latra, “Mixed Estimator of Kernel and Fourier Series
in Semiparametric Regression,” J. Phys. Conf. Ser.,vol. 855,n0. 1,2017, doi: 10.1088/1742-
6596/855/1/012002.

A. T. R. Dani and N. Y. Adrianingsih, “Pemodelan Regresi Nonparametrik dengan
Estimator Spline Truncated vs Deret Fourier,” Jambura J. Math., vol. 3, no. 1, pp. 26-36,
2021, doi: 10.34312/jjom.v3il.7713.



2358 H. Husain et al.

12.

13.

14.

15.

16.

17.

I. N. Budiantara, V. Ratnasari, M. Ratna, and 1. Zain, “The Combination of Spline and
Kernel Estimator for Nonparametric Regression and its Properties,” Appl. Math. Sci., vol. 9,
no. 122, pp. 6083-6094, 2015, doi: 10.12988/ams.2015.58517.

L. Ni’matuzzahroh, “Estimator Campuran Spline Truncated, Kernel, Dan Deret Fourier
Dalam Regresi Nonparametrik Pada Data Longitudinal,” 2021.

H. Nurcahayani, I. N. Budiantara, and 1. Zain, “The New Estimation of Bi-response
Nonparametric Regression Curve with Combined Estimators,” Eng. Lett., vol. 31, no. 1, pp.
435-443, 2023.

M. D. Pasarella, S. Sifriyani, and F. D. T. Amijaya, “Nonparametrik Regression Model
Estimation With the Fourier Series the Fourier Series Approach and Its Application To the
Accumulative Covid-19 Data in Indonesia,” BAREKENG J. Ilmu Mat. dan Terap., vol. 16,
no. 4, pp. 1167-1174, 2022, doi: 10.30598/barekengvol16iss4pp1167-1174.

M. F. F. Mardianto, Sediono, 1. Syahzaqi, S. A. D. Safitri, and N. Afifah, “Prediction of
Indonesia Strategic Commodity Prices during the COVID-19 Pandemic based on a
Simultaneous Comparison of Kernel and Fourier Series Estimator,” J. Southwest Jiaotong
Univ., vol. 55, no. 6, 2020, doi: 10.35741/issn.0258-2724.55.6.43.

Eubank R L, Spline Smoothing and Nonparametric Regression. New York, 1999.

Open Access This chapter is licensed under the terms of the Creative Commons Attribution-
NonCommercial 4.0 International License (http://creativecommons.org/licenses/by-nc/4.0/),
which permits any noncommercial use, sharing, adaptation, distribution and reproduction in any
medium or format, as long as you give appropriate credit to the original author(s) and the
source, provide a link to the Creative Commons license and indicate if changes were made.

The images or other third party material in this chapter are included in the chapter's

Creative Commons license, unless indicated otherwise in a credit line to the material. If material
is not included in the chapter's Creative Commons license and your intended use is not
permitted by statutory regulation or exceeds the permitted use, you will need to obtain
permission directly from the copyright holder.


http://creativecommons.org/licenses/by-nc/4.0/

	Fourier Series-Based Nonparametric Biresponse Regression for Climate Data Analysis



