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In this paper, the discrete wavelet transform (DWT), the Mann–Kendall (MK) trend test, and the
sequentialMann–Kendall test are applied to temperature series at different time scales in order to
detect the long-term trends (1956–2010) in synoptic-scale surface temperatures in Iran, aswell as
the dominant time scales affecting these temperature time series. The relevant datawas extracted
from a gridded data file of the region (44°E to 63.5°E, 25°N to 40°N) and divided into 12 regular
zones (of dimensions 5 × 5°), each of whichwas analyzed as an individual unit. The results of this
research show that at the monthly, seasonal and annual time scales, the trends in temperature
were significant and positive in all of the study zones. In addition, the 2-month and 4-month
componentswere dominant at themonthly time scale, the 48-month component dominant at the
seasonal time scale, and the 8-year and 16-year components dominant at the annual time scale.
Also, the temperature trends in the northern, and especially central, regions of the study zones
increased fromwest to east, and these increasing trends in temperature weremost prominent for
the spring and summer seasons. The methodology applied here is generally applicable and quite
useful for studying both trends and the dominant time scales affecting climatic data series and
could find significant applications in related fields.

© 2014 Elsevier B.V. All rights reserved.
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1. Introduction

In recent years, global warming has accelerated; while the
past 100 years saw an increase of about 0.75 °C, the rate of
temperature increase over the past 25 years has been over
0.18 °C per decade (Grover, 2013). A common method for the
assessment of climatic changes is the analysis of historical
climatic data, in which trend detection and analysis play
important roles (Trenberth et al., 2007; Adamowski et al.,
2010). The literature on historic data-based hydro-climatic
studies of climate changes is particularly rich, especially in the
ghi),
amowski@mcgill.ca
ley),
area of temperature trend analysis; for instance, see Rybski
et al. (2006) and Pingale et al. (2014). Sun et al. (2008)
analyzed monthly average temperatures in more than 700
stations in China from 1951 to 2001 with the Empirical Mode
Decomposition method and showed that in the past 50 years
temperatures have followed a significant positive trend inmost
parts of northern China, while the increase has not been
significant in the south. Linear regression approaches and the
Mann–Kendall test have also been used to identify trends in
surface temperatures in various parts of the globe (for instance,
see Makokha and Shisanya (2010), del Río et al. (2011), Marofi
et al. (2012), andDe Lima et al. (2013)). TheMann–Kendall test
has also been used in combination with Sen's slope to analyze
temperatures from 22 stations in the state of Florida (Martinez
et al., 2012), while Sonali and Nagesh Kumar (2013) applied
the sequential Mann–Kendall (MK) test to the analysis of
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temperature trends in India. These analyses, as a whole, have
analyzed a wide range of temperature data (monthly averages,
maximum and minimum temperatures, diurnal temperature
ranges, seasonal and annual temperature patterns) and, for the
most part, have indicated rising temperatures over the past
several decades.

Temperature trend analysis in Modena, Italy using diurnal
temperature range (DTR) showed thatminimum temperatures
followed a significant positive trendwith an increment of 0.9 °C
per decade from 1981 to 2010, while maximum temperatures
revealed a significant positive trendwith an increment of 0.8 °C
over the same period (Boccolari and Malmusi, 2013). In
Portugal, annual and seasonal temperature analyses for 23
stations from 1941 to 2006 indicated a positive trend in
temperature (De Lima et al., 2013). Statistical and paleo-
climatological studies in the central Mediterranean region also
indicate that the recently observed patterns of warming have
also occurred in the past (Diodato et al., 2013). In India, the
sequential Mann–Kendall (MK) test revealed that the majority
of trends in bothminimum andmaximum temperatures began
after 1970, whether at the annual or seasonal levels (Sonali and
Nagesh Kumar, 2013). Trend analysis of maximum and
minimum temperatures in 19 synoptic stations in Iran in the
period from 1966 to 2005 showed that themajority of trends in
these two temperature indices were positive during the last
four decades (Tabari and Hosseinzadeh Talaee, 2011). Marofi
et al. (2012) used the Mann–Kendall and linear regression
trend tests in the Karun–Dez watershed in Iran and found that
the maximum temperature and the diurnal temperature range
(DTR) followed a decreasing trend, while other temperature
parameters followed an increasing trend. In another study in
Iran, temperature trend analysis in 35 synoptic stations
indicated that there is a significant positive trend in monthly
temperature during the summer in the western and eastern
parts of the country (Saboohi et al., 2012).

Trend evaluation is particularly difficult in non-stationary
times series, since the stochastic structure of a time series
can lead to trend-like features in the data, causing purely
stochastic behavior to appear as a deterministic trend (Fatichi
et al., 2009). Also, identifying trends in non-stationary temper-
ature datasets is additionally complicated due to the nature of
the data, as climatic changes affecting the temperature trends
may occur in a non-monotonic and non-uniform manner; in
addition, climate noise can also affect the variability and the
trends in the data (Franzke, 2010). Since climatic elements and
phenomena (e.g., temperature, precipitation, humidity, and
hurricanes) are the results of various complex and often
periodic processes in the atmosphere (Barry and Chorley,
2009; Lutgens and Tarbuck, 2013), evaluating the trend and
periodic components of hydro-climatic time series separately
provides more valuable results than those that can be obtained
from direct trend analysis on the raw data. In recent years,
signal processing methods have become widely used in the
environmental studies field, especially in atmospheric and
hydrological sciences; the wavelet transform (WT) is one such
method that has been explored in detail over the past ten years
(Adamowski et al., 2012, 2013a,b; Adamowski and Chan, 2011;
Adamowski and Prokoph, 2013; Belayneh et al., 2014; Campisi-
Pinto et al., 2012; Karran et al., 2014; Nalley et al., 2012;
Nourani et al., 2013, 2014; Prokoph et al., 2012; Tiwari and
Adamowski, 2013, 2014).
WT is a spectral analysis method that has great potential for
the analysis of non-stationary (e.g., atmospheric and hydrologic)
time series by analyzing both the trend and the dominant time
scales affecting thedata,which is very useful for interpreting the
cyclical patterns in environmental data time series (Percival and
Walden, 2000; Pišoft et al., 2004; Rao and Bopardikar, 1998;
Sang, 2012; Torrence and Compo, 1998). For instance, Pišoft
et al. (2004) used WT on Czech Republic climatic data and
discovered that the temperature showed a positive trend from
1930 to 2001 with a dominant periodicity of 8 to 14 years. A
different study used the Morlet wavelet to decompose air
temperature time series and showed that some regions
(e.g., Europe) seem to be under a 30 month-period oscillation,
while other areas (e.g., northwestern USA) are under a
43 month-period, both of which are quite similar to large-
scale atmospheric–oceanic phenomena, such as the North
Atlantic Oscillation (NAO) and the El Niño-Southern Oscillation
(ENSO) (Nicolay et al., 2009). In a different example, employing
WT for temperature analysis in Adrar (Algeria) revealed that
temperature and wind speed co-vary, especially at synoptic
scales and intra-seasonal frequencies (Chellali et al., 2010).
Nalley et al. (2013) used the discreteWT and theMann–Kendall
test for temperature analysis over the southern parts of Ontario
and Quebec (Canada) for the period from 1967 to 2006 and
showed that high-frequency components ranging from 2 to
12 months were more prominent in monthly and seasonal
trends.

As can be seen, the vast majority of previous trend studies
focused only on trends themselves and not on the determina-
tion of the dominant time scales affecting the time series and
which might provide insights into the causes of patterns in
the data. The main purpose of this research is therefore to
determine how surface temperature varies spatially and
temporally over Iran at a synoptic scale, as well as to assess
which dominant time scales are most relevant in these
variations and trends. These results will contribute to the
elucidation of the interactions and interdependences between
atmospheric and oceanic elements and events, as well as to the
determination of how climatic parameters and related pro-
cesses may change in the future. In this paper, we used WT to
decompose Iranian temperature data at different time scales
[monthly, seasonal (average of every three months), annual
and discrete seasons (i.e., multi-year trends in each of spring,
summer, fall and winter temperatures)] and then applied the
Mann–Kendall trend test to the WT outputs in order to detect
both the predominant trends and the dominant time scales
affecting the temperature series.

The main source of data for this research was a high-
resolution (0.5 × 0.5°) gridded file of monthly surface temper-
atures in Iran obtained from the National Atmospheric and
Oceanic Administration (NOAA). Such gridded files are useful
and generally applicable for atmospheric, hydrologic, and other
environmental spatial and temporal studies (Lackmann, 2012;
Lauritzen et al., 2011; McGuffie and Henderson-Sellers, 2005).
Applying WT transforms for the analysis of trends and time
scales to a high-resolution temperature gridded file is unique,
to the best of the authors' knowledge, and should offer
significant advantages over the general practice of using point
data from individual weather stations by allowing for a better
data resolution for the analysis of trends and their spatiotem-
poral changes.
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2. Theoretical background

2.1. Discrete wavelet transform (DWT)

The wavelet transform (WT) is a relatively recent and
very precise method for signal and time series processing
(Hernández and Weiss, 1996; Kirchgässner et al., 2013;
Nievergelt, 2001; Olkkonen, 2011; Percival and Walden, 2000;
Torrence and Compo, 1998). While the general theory behind
WT is quite similar to that of the short time Fourier transform
(STFT), WT allows for a completely flexible window function
(called the mother wavelet), which can be changed over time
based on the shape and compactness of the signal (Nievergelt,
2001; Percival andWalden, 2000). Given this property, WT can
be used to analyze the time-frequency characteristics of any
kind of signal or time series. In recent years, WT has been
widely used for the analysis of many hydro-meteorological
time series (Adamowski et al., 2013b; Adamowski and Chan,
2011; Adamowski and Prokoph, 2013; Adamowski and Sun,
2010; Adamowski, 2008; Chellali et al., 2010; de Artigas et al.,
2006; Hsu and Li, 2010; Nalley et al., 2012, 2013; Nicolay et al.,
2009; Nourani et al., 2013; Özger et al., 2010; Partal and Küçük,
2006; Percival and Walden, 2000; Prokoph et al., 2012; Sang,
2012, 2013; Shiri and Kisi, 2010; Souza Echer et al., 2012;
Venkata Ramana et al., 2013; Wang et al., 2012).

As the mother wavelet moves across the signal during the
WT process, it generates several coefficients that represent the
similarity between the signal and the mother wavelet (at any
specific scale). There are twomain types ofWT: continuous and
discrete. Use of the continuous wavelet transform (CWT) can
generate a large number of (often unnecessary) coefficients,
making its use and interpretation more complicated. On the
other hand, the discrete wavelet transform (DWT) method
simplifies the transformation process while still providing a
very effective and precise analysis (Partal and Küçük, 2006),
since DWT is normally based on the dyadic calculation
(Olkkonen, 2011). DWT coefficients can be calculated by the
following equation (Partal and Küçük, 2006):

Wψ a; bð Þ ¼ 1
2ð Þa=2

XN−1

t¼0

x tð Þψ t
2a −b

� �
ð1Þ

where 2a represents the dyadic scale of the DWT.
While nearly all atmospheric phenomena are continuous,

the time series available for these phenomena are commonly
provided in discrete formats (Wilks, 2011), making the use of
DWT more appropriate than that of CWT. Applying DWT to a
signal decomposes that signal into two ancillary signal shape
components, called the approximation (A) and detail
(D) components. Component A comprises of the large-scale,
low-frequency component of the signal, while component
D represents the small-scale, high-frequency component. In
general, component A shows the major, most important
characteristics of the signal, especially in the case of the analysis
of long-term variations, and so is more important for trend
analysis studies. The decomposition process can also be used
in an iterative process, in which component A from the first
decomposition is further broken down into new A and D
components (Misiti et al., 2013; Nalley et al., 2012, 2013;
Olkkonen, 2011).
There is wide range of mother wavelets available, and the
choice of the suitable mother wavelet depends on the charac-
teristics of the data to be analyzed. For hydro-meteorological
studies, Daubechies (db) and Morlet wavelets are most com-
monly used (Nalley et al., 2012, 2013; Venkata Ramana et al.,
2013). The db wavelet family provides compact support, which
is a very important property, especially for localizing events in
the signal analysis. In this research, we selected the db wavelet
for the mother wavelet function.

2.2. Mann–Kendall (MK) trend test

The MK test is a traditional nonparametric statistical test
which is commonly applied to evaluate the trend of a time
series. The S-statistic of the MK test is computed as follows
(Hirsch and Slack, 1984):

St ¼
Xn−1

c¼1

Xn
d¼cþ1

sign Xd−Xcð Þ ð2Þ

sign Xd−Xcð Þ ¼
þ1 Xd N Xc
0 Xd ¼ Xc
−1 Xd b Xc

8<
: ð3Þ

where Xc and Xd are data points in the time series and n is the
length of the series. TheMann–Kendall statistic, Z, is then given
as:

Var Stð Þ ¼
n n−1ð Þ 2nþ 5ð Þ−

Xn
c¼1

tc cð Þ c−1ð Þ 2cþ 5ð Þ

18
ð4Þ

Z ¼

St−1ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
Var Stð Þp ; St N 0

0; St b 0
St þ 1ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
Var Stð Þp ; St ¼ 0

8>>>><
>>>>:

ð5Þ

where tc represents the summation of t, which is the number of
ties or duplicates of the extent c.

There are two important issues that may arise when using
the MK test: the presence of seasonality patterns and the
presence of autocorrelation. If seasonal patterns exist in the
data, the Hirsch and Slack modified MK test must be used
instead of the originalMK test (Hirsch and Slack, 1984),while if
the lag-1 autocorrelation of the time series is significant, the
Hamed and Rao modified MK test must be used (Hamed and
Ramachandra Rao, 1998).

2.2.1. Modified MK test for data with seasonality patterns
Hirsch and Slack (1984) have shown that the results of the

original MK test are not valid when a seasonality pattern exists
in the data and therefore proposed a modified version of the
MK test for such situations. Let matrix x represent a series of
observations recorded over p seasons and n years:

x ¼
x11 … x1p
⋮ ⋱ ⋮

xn1 ⋯ xnp

0
@

1
A: ð6Þ
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The ranks of the data in matrix x are given in matrix r, in
which, within each season, n values are ranked against each
other.

r ¼
r11 … r1p
⋮ ⋱ ⋮

rn1 ⋯ rnp

0
@

1
A ð7Þ

r jg ¼
nþ 1þ

Xn
i¼1

sign xjg−xig
� �h i

2
: ð8Þ

In this situation, the Mann–Kendall and seasonal Kendall
statistics are calculated as follows:

Sg ¼
X
i b j

sign xjg−xig
� �

g ¼ 1;2;…; p ð9Þ

S0 ¼
Xp

g¼1
Sg : ð10Þ

The variance of S′ is calculated as follows:

Var S0
� � ¼ X

g
σ 2

g þ
X

g;h g≠hð Þ
σgh ð11Þ

σ2
g ¼ Var Sg

� �
; σgh ¼ Cov Sg ; Sh

� �
: ð12Þ

And the covariance is calculated as follows:

σgh ¼ Kgh

3
þ n3−n
� � rgh

9
ð13Þ

Kgh ¼
X
ib j

sign xjg−xjg

� �
xjh−xih

� �h i
ð14Þ

rgh ¼ 3
n3−n

X
i; j;k

sign xjg−xig
� �

xjh−xkh
� �

: ð15Þ

If there are no missing values in the data, then:

σgh ¼
Kgh þ 4

Xn
i¼1

RigRih−n nþ 1ð Þ2
h i

3
: ð16Þ

More details on the modified version of the Mann–Kendall
test can be found in the relevant literature (Hirsch and Slack,
1984; Hirsch et al., 1982).

2.2.2. Modified MK test for data with serial correlation
Hamed and Ramachandra Rao (1998) have shown that

when positive (negative) autocorrelation exists in data,
variance estimation will be less (more) than the actual value,
which will in turn erroneously increase (decrease) the MK
Z-value. In such cases, a modified version of the MK test must
be applied to the data in order to analyze the trend (Hamed and
Ramachandra Rao, 1998):

Var S 0� � ¼ n n−1ð Þ 2nþ 5ð Þ
18

� �
n
n�
e

� �
ð17Þ
n
n�
e
¼ 1þ 2

n3−3n2 þ 2n

� �Xn−1

f¼1

n− fð Þ n− f−1ð Þ n− f−2ð Þρe fð Þ

ð18Þ

where n* is the effective sample size required to account for the
autocorrelation factor in the data. ρe(f) is the autocorrelation
function between the ranks of the observations and can be
calculated by the inverse of the following equation (Hamed
and Ramachandra Rao, 1998):

ρ fð Þ ¼ 2 sin
π
6
ρe fð Þ

� �
: ð19Þ

2.2.3. Sequential MK test
The sequential MK test is a progressive form of the MK test

that has been recommended by the World Meteorological
Organization (WMO) as an appropriatemethod for the analysis
of progressive trends (Sneyers, 1990). The sequential MK test
considers the relative values of all terms in the time series (x1,
x2, …, xn) and is performed using the following steps (Partal
and Kahya, 2006; Sneyers, 1990):

1. The magnitudes of xj annual mean time series (j = 1, …, n)
are comparedwith xk (k=1,…, j− 1). At each comparison,
the number of cases where xj N xk is counted and denoted
by nj.

2. The test statistic t and its mean and variance are calculated
as follows:

t j ¼
Xj

1

nj ð20Þ

E tð Þ ¼ n n−1ð Þ
4

; Var t j
� �

¼ j j−1ð Þ 2 jþ 5ð Þ
72

: ð21Þ

3. The sequential values of the statistic u(t) are then calculated
using Eq. (22). Finally, by plotting u(t) versus time, progres-
sive trend variationswill appear.When the plotted line of u(t)
crosses the upper or lower confidence limits (e.g., +1.96 and
−1.96 for anα=5%significance level), one can conclude that
the trend has changed significantly at that point.

u tð Þ ¼ t j−E tð Þffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
Var t j

� �r ð22Þ

3. Study area and data

This study used climatic data from Iran, which is located in
Southwest Asia between 25° to 40°N and 44° to 63°E. The
largest lake in the world, the Caspian Sea, is found in northern
Iran, while the Persian Gulf and the Oman Sea are both situated
to the south of the country. While Iran is generally character-
ized by an arid or semiarid climate with an annual average
precipitation of 250 mm, its climate is very diverse, with the
annual precipitation levels in different areas of the country
ranging from 0 to 2000 mm. The higher end of this range is
found in the Caspian Sea coastal areas aswell as in the northern
and northwestern regions of the country, while the lowest
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levels of annual precipitation are found in the southern and
eastern as well as in the central desert regions (Ashraf et al.,
2013). Overall, 35.5% of Iran is classified as hyper-arid, 29.2% as
arid, 20.1% as semi-arid, 5% as Mediterranean and 10% as wet
climate. Minimum andmaximum temperatures in Iran can also
range from −20 to +50 °C (Saboohi et al., 2012).

We selected the time period from 1956 to 2010 for this
research based on data availability at the selected synoptic
stations and the time requirements for long-term time series
analysis. The gridded file used as the main data source in this
study was a gridded monthly time series of terrestrial air
temperatures generated by KenjiMatsuura and Cort J.Willmott
(Department of Geography, University of Delaware) with the
support from NASA's Innovation in Climate Education (NICE)
Program. To produce this file, monthly mean air temperature
data from stations were combined from several sources,
including a recent version of the Global Historical Climatology
Network (GHCN2); the Atmospheric Environment Service/
Environment Canada network; the State Hydrometeorological
Institute, St. Petersburg, Russia; the GC-Net from Greenland;
the Automatic Weather Station Project; the Global Synoptic
Climatology Network; and the Global Surface Summary of Day
(GSOD). Available data points were then spatially interpolated
Fig. 1. Study area (red dashed lines), cells of the gridded data file (gray lines), and selec
legend, the reader is referred to the web version of this article.)
to the 0.5 × 0.5° resolution level to generate the gridded file
(Matsuura and Willmott, 2012). We used the third version of
this file, which was released in June 2012.

For our study area, we used the data from the gridded file
between 44°E to 63.5°E and 25°N to 40°N, which completely
covers Iran. This area was then subdivided into 12 regular 5
× 5° zones (except the three easternmost zones, numbers 4, 8
and 12, which were only 5 × 4.5° in dimension; see Fig. 1).
Although the gridded file contained data for each 0.5° grid
point, we averaged the temperature values in all of the grid
points within each of the study zones in order to obtain a
monthly temperature time series for each of the zones from
1956 to 2010. Since the objective of this study was to obtain
results regarding spatial and temporal temperature variations
at the macro and mesoscales, this level of resolution was
judged to be the most appropriate.

We assessed the validity of the gridded file data through a
comparisonwith observed data from synoptic weather stations
in Iran. We chose stations with complete data coverage over
the study period (1956 to 2010) and also aimed to obtain as
broad a coverage as possible of the different regions of the
study area. In the end, we chose eight such stations that met
our criteria and present them in Table 1 and Fig. 1.
ted synoptic stations. (For interpretation of the references to color in this figure

image of Fig.�1


Table 1
Identification of selected synoptic stations in the study area.

Station Elevation (m) Latitude Longitude

Abadan 6.6 30° 22′ N 48° 15′ E
Kerman 1753.8 30° 15′ N 56° 58′ E
Mashhad 999.2 36° 16′ N 59° 38′ E
Shahroud 1345.3 36° 25′ N 54° 57′ E
Shiraz 1484 29° 32′ N 52° 36′ E
Tabriz 1361 38° 05′ N 46° 17′ E
Tehran 1190.8 35° 41′ N 51° 19′ E
Zahedan 1370 29° 28′ N 60° 53′ E
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4. Methodology

Data from the gridded files was first validated through
comparison with observed data from the chosen synoptic
stations. Using GrADS (Grid Analysis and Display System)
software, monthly temperature series were first extracted from
the grid point in the gridded file nearest the location of each
station and the correlation coefficient between the extracted and
observational data was calculated for each station. Following
successful data validation, we followed the following procedure
(described in more detail in the forthcoming sections):

1) Monthly surface temperature series were extracted from the
gridded file for the period from 1956 to 2010. Within each
study zone (1 to 12), the data series from each of the grid
points were averaged to obtain a single, average monthly
surface temperature time series for the zone.

2) To select the appropriateMK test, the presence of seasonality
patterns and the significance of any lag-1 autocorrelations
were examined for each of the zones at different time scales
(monthly, seasonal, annual, and separate seasons).

3) Each dataset was decomposed through DWT using the
Daubechies (db) wavelet family as the mother wavelet,
choosing the most appropriate wavelet form between db1
and db10. This split each temperature series into A and D
components.

4) The appropriate Mann–Kendall test (original, Hirsch and
Slack modification, or Hamed and Rao modification) was
applied to the original time series, to the decomposed
components (i.e. A and D components), and also to
combinations of A plus one or two D components.

5) The sequential MK test was performed on the original time
series, the decomposed components, and the combinations
of A and D components.

6) The dominant component(s) that had the greatest impact
on the temperature time series were determined according
to the MK Z-values and the sequential MK graphs.

4.1. Data preparation

The monthly surface temperature data along each of the
zones were calculated with the following equation:

xt ¼ x1; x2;…; xk;…; xnf g; xk ¼
1
zm

Xz
i¼1

Xm
j¼1

xi j ð23Þ

where xt is the monthly time series for each zone, n represents
the total number of data points in the time series (660 in this
case, since the data series was composed of monthly data for
55 years), xk is the average of the temperature data for all grid
points within the zone at time point k, and z and m are,
respectively, the numbers of rows and columns of grid points
within the zone. To generate the seasonal time series, we
averaged the monthly surface temperature data time series
by sets of three months (Jan–Mar, Apr–Jun, May–Jul, and
Aug–Dec). The annual and separate season temperature series
for each of the study zones were generated in a similar fashion.

4.2. Estimation of seasonality patterns and autocorrelation

The existence of autocorrelation in meteorological series
has important implications regarding the applicability of some
standard statistical methods for atmospheric data (Wilks,
2011). As mentioned before, to determine the appropriate MK
test, it is necessary to test for the presence of seasonality
patterns and autocorrelations in each dataset.

To detect the significance of serial correlations in a time
series, one can calculate the R statistic according to the
following equations (Box et al., 2008; Yue et al., 2002):

R ¼
1=n−1ð Þ

Xn−1
t−1

xt−xtð Þ xtþ1−xt
� �

1=nð Þ
Xn

t−1
xt−xtð Þ2

ð23Þ

−1−1:645
ffiffiffi
n

p
−2

n−1
≤ R ≤ −1þ 1:645

ffiffiffi
n

p
−2

n−1
ð24Þ

where R is the lag-1 autocorrelation coefficient of xt with the
mean of the data denoted by xt . If R is found to be within the
interval given in Eq. (24), then the time series does not have a
significant lag-1 autocorrelation at theα=5% significance level.

As for the existence of seasonality patterns, one can employ
a correlogram, a graph that shows autocorrelation coefficients
(ACFs) at different time lags; the presence of an oscillating
(sinusoidal-like) pattern in the ACFs in the correlogram
indicates a seasonality pattern. We employed the IBM SPSS
Statistics (v22) software to calculate and plot the correlogram
for each dataset.

4.3. Decomposing datasets with DWT

To analyze the periodic structure of the surface temperature
time series, the DWT was employed with the multi-level 1-D
wavelet decomposition function inMATLAB (v2013a). Applying
DWT to different time scales (monthly, seasonal, annual, etc.)
can expose various periodicities in the signal that are particular
to that time scale, the results of which are very useful in
interpreting the cyclical patterns in the time series (Percival and
Walden, 2000). As mentioned before, we used the db wavelet
family as the mother wavelet. There are several parameters to
take into account when conducting a DWT. Firstly, there are
several types of db wavelets (e.g. db1 and db2), and the
appropriate type must be selected for the decomposition
process (Olkkonen, 2011; Vonesch et al., 2007). Additionally,
border distortion can affect the decomposition process at the
two limits (i.e., the start and end points) of the signal. There
are three differentmethods of border extension that can be used
in DWT decomposition to address this issue: zero-padding,
symmetrization, and periodic padding; more detailed informa-
tion about each of these methods can be found in Misiti et al.
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(2013) and Su et al. (2011). Finally, the required number of
decomposition levels must be specified, which will differ
according to the type of data, the signal complexity, and the
research objectives. There are several recommendedmethods to
determine the most appropriate number of decomposition
levels, of which one of the most commonly used is given by
the following equation (de Artigas et al., 2006; Misiti et al.,
2013):

L ¼
Log

n
2v−1

� �
Log 2ð Þ ð25Þ

where L is the maximum number of decomposition levels, n is
the number of data points in the time series and v is the number
of vanishingmoments of the dbmotherwavelet. InMATLAB, v is
equal to the type number of the db. It should be noted that n is in
a dyadic format and must always be calculated to the nearest
upper dyadic point (Nalley et al., 2012, 2013; Olkkonen, 2011).

There were therefore three main parameters to determine
for the DWT used in this study: 1) the appropriate type of db
wavelet; 2) the best method for signal border extension; and
3) the most appropriate number of decomposition levels.
According to previous studies by two of the authors (Nalley
et al., 2012, 2013), the relative error (RE) is a useful method of
finding the most appropriate values for each of these parame-
ters. RE can be calculated as follows:

RE ¼ Za−Zoj j
Zoj j ð26Þ
Table 2
Wavelet type, number of decomposition levels, boundary extension method and the
scales.

Time scale Variable Zones

1 2 3 4 5

Monthly Wavelet db2 db4 db2 db9 db7
Levels 7 6 6 6 7
Extension sym ppd ppd sym ppd
RE 0.001 0.002 0.001 0.005 0.005

Seasonal Wavelet db9 db2 db2 db3 db10
Levels 4 4 5 5 5
Extension ppd ppd ppd ppd ppd
RE 0.008 0.009 0.009 0.040 0.007

Annual Wavelet db9 db8 db5 db9 db7
Levels 4 4 4 5 5
Extension ppd ppd ppd sym ppd
RE 0.014 0.030 0.082 0.089 0.022

Winter Wavelet db7 db4 db7 db7 db8
Levels 5 4 5 5 4
Extension zpd ppd sym zpd zpd
RE 0.019 0.019 0.022 0.056 0.001

Spring Wavelet db3 db7 db1 db7 db7
Levels 4 4 4 5 4
Extension sym sym ppd zpd sym
RE 0.000 0.006 0.025 0.068 0.004

Summer Wavelet db1 db4 db5 db2 db2
Levels 4 5 4 4 4
Extension sym ppd sym ppd ppd
RE 0.038 0.048 0.088 0.033 0.029

Autumn Wavelet db3 db4 db2 db3 db7
Levels 5 4 5 5 4
Extension zpd sym sym zpd zpd
RE 0.010 0.002 0.001 0.030 0.111
where Zo and Za are theMK Z-values for the original dataset and
for the A component of the last decomposition level, respec-
tively. The best decomposition conditions were selected to
minimize RE for each of the study zone datasets (see Table 2).

Since the DWT has a dyadic form, each of the decomposed
components represents a different period of 2 base powers. For
example, D1 represents a 2-unit time scale, while D2
represents a 4-unit time scale. Note that, however, this time
unit depends on the time scale; for instance, D4 represents a
16-month period in the case of the monthly data series but
represents a 48-month period for the seasonal data series
(whose time step is of 3 months).

While components resulting from the WT decomposition
process are not necessarily periodic, the dominant periodicities
within the time series which have the most important effects
on the data can be determined by comparing the results of
common statistical trend tests (e.g. theMK test) for the original
data with those for combinations of the WT-decomposed
components. In turn, the dominant time scale in each of the
studied time series can be determined from the time scale of
the dominant components. For instance, if in themonthly time
series the component combination of A + D2was identified as
the dominant time scale, onewould conclude that the 4-month
time scale is dominant in the time series, while if A + D4 was
identified, this would indicate that the 16-month time scale is
dominant.

4.4. Mann–Kendall (MK) and sequential MK trend tests

The appropriate MK test (according to the results of the
seasonal pattern and autocorrelation tests) was applied to
minimum relative error (RE) for the defined zones in datasets of different time

6 7 8 9 10 11 12

db1 db8 db4 db2 db3 db5 db3
7 6 7 6 6 6 6
sym sym sym sym ppd zpd sym
0.001 0.004 0.005 0.028 0.007 0.005 0.004
db3 db3 db1 db2 db5 db6 db2
4 4 4 5 4 4 4
zpd zpd zpd ppd ppd zpd zpd
0.001 0.022 0.027 0.019 0.014 0.009 0.032
db2 db4 db10 db9 db2 db8 db1
4 4 5 4 4 4 5
ppd ppd ppd ppd ppd ppd sym
0.004 0.022 0.046 0.071 0.018 0.006 0.007
db5 db2 db10 db2 db9 db7 db5
4 4 4 5 4 4 5
ppd ppd ppd zpd zpd zpd ppd
0.081 0.055 0.010 0.078 0.041 0.045 0.056
db9 db2 db3 db7 db1 db1 db1
4 4 4 5 4 4 4
sym ppd ppd sym zpd zpd sym
0.031 0.030 0.019 0.040 0.034 0.035 0.091
db2 db3 db1 db2 db6 db8 db8
4 4 4 4 4 4 5
ppd ppd sym zpd sym ppd sym
0.009 0.009 0.058 0.004 0.017 0.004 0.013
db9 db3 db8 db4 db10 db1 db5
4 5 4 4 5 4 5
zpd zpd sym sym zpd zpd ppd
0.048 0.057 0.016 0.102 0.013 0.002 0.025
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Fig. 2. Correlation between observed data at the stations and extracted data from the gridded file (all axes are in units of °C) (1: Abadan, 2: Kerman, 3: Mashhad,
4: Shahroud, 5: Shiraz, 6: Tabriz, 7: Tehran, 8: Zahedan).
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every dataset to obtain the MK Z-values. These were tested for
significance at the α = 5% level using a two-tailed probability
test; MK Z-values outside the standard Z confidence range
(−1.96 to +1.96) indicated that the dataset trend was
significant. Additionally, by performing sequential MK tests,
changes in trends over time were observed and interpreted in
the resulting graphs (Makokha and Shisanya, 2010; Wilks,
2011).
To determine the most dominant component(s) for each
dataset, two criteria were used: i) the similarity between the
MK Z-values of the original data and each of the examined
components and combinations; and ii) when the former
proved insufficient, the similarity among the sequential MK
graphs of the original data and the combinations of the
decomposed components. These two criteria provide a precise
approach to selecting the dominant component(s). However, it

image of Fig.�2


Table 3
Lag-1 ACFs for the different study regions at each time scale (* indicates significant ACF at α = 5%).

Region Lag-1 ACFs for different time scales

Monthly Seasonal Annual Winter Spring Summer Autumn

Zone 1 0.849* 0.005 0.491* 0.213 0.559* 0.573* 0.081
Zone 2 0.853* 0.008 0.546* 0.12 0.613* 0.747* 0.331*
Zone 3 0.847* 0.009 0.617* 0.286* 0.469* 0.598* 0.326*
Zone 4 0.842* 0.001 0.551* 0.279* 0.417* 0.368* 0.193
Zone 5 0.850* 0.002 0.274* 0.032 0.462* 0.365* 0.057
Zone 6 0.849* 0.001 0.321* 0.023 0.426* 0.398* 0.281*
Zone 7 0.846* 0.002 0.478* 0.233 0.361* 0.373* 0.242
Zone 8 0.842* 0.006 0.500* 0.09 0.468* 0.495* 0.310*
Zone 9 0.847* 0.003 0.324* 0.088 0.318* 0.228 0.015
Zone 10 0.845* 0.004 0.287* −0.036 0.15 0.401* 0.311*
Zone 11 0.841* 0.002 0.244 −0.079 0.124 0.353* 0.249
Zone 12 0.838* 0.001 0.237 −0.086 0.152 0.403* 0.199
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is also very possible that, for complex phenomena, the data
series will be affected by a wide range of frequencies with both
short and long periods. Therefore, to examine the potential
effects of more than one oscillation pattern on the long-term
behavior of the data, we also tested all possible combinations
of two D components plus their corresponding A component
(e.g., A + D2 + D5).

5. Results and discussion

5.1. Gridded file validation

Results show that the data from the gridded data files were
acceptably close to the observed monthly temperature data
from the synoptic stations. The graphs plotting the gridded file
extracted temperature series against the observational data for
each of the selected synoptic stations showed acceptably close
fits between the two data sets (Fig. 2), with relatively high R2

values ranging between 0.96 and 0.99 and regression slopes
above 0.90 for all stations.

5.2. Autocorrelations and seasonality patterns

All monthly and seasonal temperature series, as could be
expected, showed a seasonality pattern and were analyzed
Fig. 3. Lag-1 correlogram for monthly (left) and sum
using themodifiedMK test by Hirsch and Slack. As for the other
time scales, if the lag-1 ACF was significant, the modified MK
test by Hamed and Rao was employed, while the original MK
test was used for the others (Table 3). As an example, the
correlograms for the monthly and the summer temperature
series in zone 7 are presented in Fig. 3; it can be seen that,while
there is a significant lag-1 autocorrelation in both datasets, only
the monthly temperature series has a seasonality pattern.

5.3. Data decomposition via DWT

The selected optimal parameters for the decomposition
process for each data set are presented in Table 2. Note that the
number of decomposition levels is equal to the number of D
components generated, while only one A component, belong-
ing to the last decomposition level, was generated. As an
example, the decomposition results for monthly temperature
data for zone 7 are presented in Fig. 4 and show that, at higher
levels of decomposition, the frequencies of the D components
decrease.

5.4. Mann–Kendall (MK) test

Results for the MK tests are presented in Tables 4 to 10.
Since the D components did not generally have significant MK
mer (right) temperature time series in zone 7.
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Fig. 4.Monthly temperature time series of original dataset and its decomposed components via DWT (6 levels) for zone 7.
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Table 4
MK Z-values of the monthly temperature series for the original data, approximation (A), detail (D), and combinations of D and A components. (Significant values at
α = 5% are denoted by an asterisk and dominant components are in bold.)

Data Zones

1 2 3 4 5 6 7 8 9 10 11 12

Original 4.42* 5.75* 5.16* 4.90* 3.03* 4.11* 5.01* 5.71* 4.18* 4.46* 4.68* 5.41*
A 4.42* 5.75* 5.16* 4.88* 3.04* 4.11* 5.03* 5.69* 4.06* 4.44* 4.65* 5.43*
D1 0.98 −0.63 0.65 −0.43 0.46 0.19 0.59 −0.73 0.52 −0.34 −0.05 1.24
D2 1.44 −1.51 −0.13 −0.23 −0.55 0.31 0.22 −1.11 1.40 −0.33 0.79 −0.70
D3 0.28 0.15 −0.05 −0.30 0.20 −0.20 −0.29 −0.45 −0.07 0.12 0.35 1.15
D4 −0.01 0.07 0.34 0.13 0.12 −0.14 0.11 −0.03 0.15 −0.12 −0.04 0.07
D5 −0.16 0.23 0.22 0.04 0.40 0.24 0.44 −0.10 0.22 0.14 −0.42 0.18
D6 0.06 1.27 0.07 0.34 1.20 −0.24 1.06 −0.47 −0.22 0.25 −0.14 0.03
D7 0.71 – – – 0.82 −0.24 – −0.46 – – – –

D1 + A 3.71* 5.80* 5.17* 4.60* 3.44* 5.06* 4.44* 4.44* 3.54* 4.43* 2.85* 4.67*
D2 + A 3.77* 5.90* 5.16* 4.70* 3.38* 5.04* 4.45* 4.66* 3.75* 4.55* 3.13* 4.81*
D3 + A 3.98* 4.65* 5.04* 3.42* 1.63 3.31* 3.03* 4.58* 3.32* 3.34* 2.30* 5.13*
D4 + A 2.83* 3.91* 3.22* 3.76* 1.84 1.68 3.30* 3.74* 2.15* 2.48* 1.89 3.33*
D5 + A 2.24* 4.67* 3.38* 3.95* 2.74* 1.65 4.62* 4.89* 2.68* 3.06* 3.27* 3.81*
D6 + A 3.04* 6.01* 3.69* 4.73* 3.54* 1.93 5.26* 6.08* 3.02* 5.11* 4.41* 5.74*
D7 + A 3.54* – – – 3.09* 3.94* – 6.08* – − − −
D1 + D2 + A 3.45* 5.66* 5.10* 4.56* 3.56* 5.06* 4.19* 4.46* 3.27* 4.55* 2.74* 4.55*
D1 + D3 + A 3.43* 4.46* 4.78* 3.02* 1.49 2.80* 2.67* 3.86* 2.85* 2.83* 2.03* 4.47*
D1 + D4 + A 2.55* 3.90* 3.16* 3.69* 1.52 1.17 2.78* 3.67* 2.00* 2.18* 1.74 3.11*
D1 + D5 + A 2.30* 4.65* 3.34* 4.17* 2.78* 1.72 4.61* 4.66* 2.56* 2.95* 2.73* 3.46*
D1 + D6 + A 3.00* 5.99* 3.98* 4.84* 3.77* 2.06* 4.79* 4.47* 2.73* 4.80* 3.46* 5.32*
D1 + D7 + A 3.46* – – – 3.54* 3.11* – 4.92* – – – –

D2 + D3 + A 3.60* 4.82* 4.93* 3.12* 1.64 2.67* 2.61* 4.18* 3.07* 3.33* 2.14* 4.16*
D2 + D4 + A 2.43* 3.68* 3.19* 3.40* 1.58 1.50 2.81* 3.75* 2.00* 2.22* 1.79 3.30*
D2 + D5 + A 2.33* 4.54* 3.35* 4.15* 2.81* 1.70 4.74* 4.79* 2.54* 2.98* 2.88* 3.55*
D2 + D6 + A 2.89* 5.96* 3.90* 4.95* 3.98* 2.15* 4.74* 4.55* 2.88* 4.97* 3.81* 5.42*
D2 + D7 + A 3.35* – – – 3.30* 3.05* – 5.11* – – – –

D3 + D4 + A 2.28* 4.19* 3.03* 4.80* 2.03* 1.70 4.07* 3.75* 1.78 2.35* 2.21* 3.54*
D3 + D5 + A 2.32* 3.88* 3.37* 3.28* 1.63 1.99* 3.08* 4.33* 2.44* 2.45* 2.70* 3.72*
D3 + D6 + A 3.01* 4.98* 3.87* 3.67* 2.11* 1.50 3.25* 4.53* 2.54* 3.95* 2.63* 5.46*
D3 + D7 + A 3.63* – – – 2.05* 2.26* – 4.82* – – – –

D4 + D5 + A 2.55* 4.28* 4.36* 3.82* 1.95 2.20* 3.38* 5.08* 2.89* 3.15* 2.43* 4.40*
D4 + D6 + A 2.27* 4.31* 2.89* 4.02* 2.19* 1.16 3.21* 3.74* 1.79 2.91* 2.67* 3.27*
D4 + D7 + A 2.28* – – – 1.98* 1.26 – 4.05* – – – –

D5 + D6 + A 2.65* 4.90* 3.24* 4.58* 2.73* 1.68 5.57* 4.83* 2.40* 3.56* 4.29* 3.79*
D5 + D7 + A 2.46* – – – 3.08* 1.67 – 5.32* – – – –

D6 + D7 + A 2.80* – – – 3.76* 1.92 – 6.32* – – – –
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Z-values, and since these values were also not very similar to
the MK Z-values of the original data, combinations of one to
twoD components and their correspondingA component (D+
A and D+D+A)were also analyzedwith theMK test in order
to find the most dominant component(s) for each dataset.

5.5. Sequential MK test

The sequentialMK graphs for zone 7 are presented in Figs. 5
to 7. As seen in these figures, the A + D1 + D6 and A + D2+
D6 combinations are the most similar to the sequential MK
graph of the original temperature series. Note that the
sequential MK graphs were interpreted only when the MK Z-
values were very similar to those in the original data and were
therefore used only as a complementary test in this study.

5.6. Monthly, seasonal and annual temperature series analysis
results

As shown in Table 4, monthly surface temperature data in
all of the study zones show a significant and positive trend, as
all of the MK Z-values for the original temperature series in
each of the zones were significantly greater than 0. While the
smallest trend occurred in zone 5 and the largest in zone 2, the
results also show that, in general, the monthly surface
temperature trend increases from west to east across the
central and northern zones of the country (from zones 5 to 8
and 9 to 12). However, the MK Z-values for individual D
components are not statistically significant, and only the A
components (and combined D and A components) are
significant. The temperature trend increase from west to east
could be due to the presence of more high-elevation features
andmountains (e.g., the ZagrosMountains) in thewestern part
of Iran, which could affect radiation absorption, humidity
holding capacity and temperatures. In fact, thewestern parts of
Iran are generally more temperate and have higher precipita-
tion (especially in the north-west). On the other hand, the
central and eastern parts of country have generally arid
climates with very poor vegetation, and a large desert also
spans these regions. Additionally, the most prevailing weather
systems affecting Iranian climate are the Mediterranean and
Sudan low pressures that enter from the west and south-west,
respectively. However, the former of the two has stronger
impacts on precipitation and humidity, causing western Iran to
be generally more humid than the east. These results suggest
that the geography and weather patterns in the west of Iran



Table 5
MK Z-values of the seasonal temperature series for the original data, approximation (A), detail (D), and combinations of D and A components. (Significant values at
α = 5% are denoted by an asterisk and dominant components are in bold.)

Data Zones

1 2 3 4 5 6 7 8 9 10 11 12

Original 4.23* 5.40* 4.83* 4.74* 2.75* 3.85* 4.80* 5.78* 4.16* 4.58* 4.78* 5.61*
A 4.19* 5.36* 4.78* 4.93* 2.73* 3.85* 4.69* 5.62* 4.24* 4.64* 4.83* 5.78*
D1 1.08 2.11* 1.20 0.93 1.54 −0.54 1.35 0.00 −0.16 0.28 −0.46 0.02
D2 0.37 1.19 0.64 −0.74 0.00 −0.33 −0.33 0.00 1.96* 0.75 −0.10 −0.83
D3 0.57 0.49 0.22 0.04 0.42 0.02 0.32 0.40 0.27 0.33 −0.23 −0.28
D4 0.31 0.83 0.91 0.41 −0.04 −0.13 −0.05 0.51 0.83 0.69 0.13 −1.23
D5 – – 0.60 1.55 0.79 – – – −0.44 – – –

D1 + A 4.68* 5.80* 4.98* 5.68* 4.52* 3.92* 5.12* 3.94* 4.72* 4.66* 4.17* 4.35*
D2 + A 4.53* 5.46* 4.76* 5.38* 3.29* 3.25* 4.58* 4.28* 4.80* 4.79* 3.96* 5.09*
D3 + A 4.35* 5.48* 4.68* 5.28* 3.59* 4.09* 4.95* 4.64* 4.61* 4.49* 3.32* 4.65*
D4 + A 4.16* 5.46* 4.50* 5.14* 3.09* 3.70* 4.71* 5.91* 4.06* 5.20* 4.33* 6.75*
D5 + A – – 4.91* 5.70* 3.35* – – – 4.61* – – –

D1 + D2 + A 4.70* 5.51* 4.98* 5.28* 3.46* 3.09* 4.18* 3.90* 4.39* 4.98* 3.89* 4.56*
D1 + D3 + A 4.63* 5.72* 4.96* 5.09* 3.41* 4.12* 5.27* 4.26* 4.25* 4.28* 3.44* 4.08*
D1 + D4 + A 4.57* 5.66* 5.00* 5.48* 3.90* 3.56* 4.86* 5.45* 4.66* 4.57* 3.83* 6.12*
D1 + D5 + A – – 5.16* 5.69* 3.80* – – – 4.85* – – –

D2 + D3 + A 4.40* 5.45* 4.39* 4.99* 3.19* 4.17* 5.15* 4.23* 4.68* 4.65* 3.69* 4.30*
D2 + D4 + A 4.35* 5.50* 4.43* 5.33* 2.67* 2.95* 4.36* 5.72* 4.01* 4.97* 4.37* 6.24*
D2 + D5 + A – – 5.02* 5.40* 3.32* – – – 4.66* – – –

D3 + D4 + A 4.29* 5.41* 4.46* 5.05* 3.10* 3.52* 5.14* 5.76* 4.22* 4.44* 4.40* 5.98*
D3 + D5 + A – – 4.82* 5.35* 3.34* – – – 4.68* – – –

D4 + D5 + A – – 5.21* 5.78* 3.30* – – – 4.73* – – –
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mayhave had a role inmoderating temperature increases there
as compared to the eastern regions.

When comparing the effects of D + A component
combinations on the trends in the data, the D1 + A and D2 +
A combinations generally show the closest MK Z-values to the
original series, indicating that the 2 and 4-month components
are the most dominant components affecting the monthly
surface temperature trends. However, in some of the zones
(e.g., zones 5 to 8 and 11), low-frequency components ranging
from 64-month to 128-month components are dominant (see
Table 4). Analysis of the dominant components according to
Table 6
MK Z-values of the annual temperature series for the original data, approximation (A
α = 5% are denoted by an asterisk and dominant components are in bold.)

Data Zones

1 2 3 4 5 6

Original 4.09* 5.31* 4.37* 4.71* 3.28* 4.58
A 4.04* 5.15* 4.73* 4.94* 3.35* 4.60
D1 0.41 0.36 0.91 −0.45 0.65 0.44
D2 1.12 0.90 0.41 0.32 0.83 0.86
D3 0.35 0.97 1.57 −0.61 0.30 1.18
D4 0.98 1.21 1.51 1.02 1.67 1.80
D5 – – – 1.18 0.38 –

D1 + A 4.05* 4.79* 5.57* 4.98* 2.61* 3.75
D2 + A 5.10* 4.59* 2.63* 4.93* 3.04* 5.98
D3 + A 3.58* 5.13* 3.79* 4.63* 3.34* 2.99
D4 + A 3.28* 6.39* 2.86* 4.88* 5.68* 4.61
D5 + A – – – 5.52* 2.93* –

D1 + D2 + A 3.93* 4.75* 6.86* 4.29* 2.34* 3.44
D1 + D3 + A 3.35* 4.70* 3.86* 4.07* 2.13* 3.19
D1 + D4 + A 6.64* 5.44* 3.69* 3.65* 2.77* 3.83
D1 + D5 + A – – – 3.87* 2.82* –

D2 + D3 + A 3.77* 5.24* 5.49* 3.97* 2.83* 4.11
D2 + D4 + A 5.94* 5.14* 4.73* 3.84* 3.93* 3.90
D2 + D5 + A – – – 4.10* 6.48* –

D3 + D4 + A 3.76* 5.60* 4.16* 4.82* 5.62* 4.38
D3 + D5 + A – – – 4.48* 3.41* –

D4 + D5 + A – – – 4.45* 1.99* –
the D + D + A combinations yielded similar results. The
dominance of high-frequency components for the majority
of the regions suggests that short-term periodic variations
(e.g., solar radiation, soil heat capacity, could cover, albedo,
winds, and air moisture) have the greatest impact on surface
monthly temperature variation patterns. It should be noted
that low pressure systems, which are usually unstable and
short-lasting, could be responsible for part of these short-term
variations as well.

Similarly to the monthly temperature time series, the
seasonal temperature time series in all of the study zones
), detail (D), and combinations of D and A components. (Significant values a

7 8 9 10 11 12

* 5.95* 6.00* 4.44* 3.42* 4.66* 5.37*
* 5.81* 6.27* 4.76* 3.48* 4.69* 5.34*

0.33 0.41 0.25 −0.18 −0.12 0.06
0.41 1.26 0.62 1.05 1.12 −0.15
−0.20 1.06 0.43 0.54 0.84 0.02
0.43 2.25* 1.16 2.34* 1.58 1.39
– 2.91* – – – 0.57

* 5.23* 2.48* 3.88* 4.16* 4.36* 5.14*
* 5.13* 4.43* 5.41* 5.53* 4.65* 5.32*
* 4.95* 3.57* 4.67* 3.12* 5.39* 5.42*
* 6.59* 5.31* 5.02* 5.23* 5.10* 6.73*

– 3.26* – – – 7.01*
* 5.19* 2.53* 3.80* 3.87* 4.23* 4.94*
* 5.39* 1.80 3.42* 3.47* 4.25* 5.34*
* 4.94* 3.47* 4.25* 4.07* 3.86* 5.68*

– 5.11* – – – 5.30*
* 5.49* 3.51* 4.46* 4.53* 4.83* 5.21*
* 5.18* 5.87* 4.23* 5.28* 4.66* 5.76*

– 4.57* – – – 5.81*
* 6.14* 3.78* 4.23* 4.48* 5.05* 6.82*

– 6.03* – – – 6.24*
– 5.50* – – – 6.54*
t



Table 7
MK Z-values of the winter temperature series for the original data, approximation (A), detail (D), and combinations of D and A components. (Significant values at
α = 5% are denoted by an asterisk and dominant components are in bold.)

Data Zones

1 2 3 4 5 6 7 8 9 10 11 12

Original 0.78 1.53 2.13* 3.38* 0.71 1.26 1.32 2.86* 2.43* 1.77 1.95 2.60*
A 0.77 1.50 2.18* 3.57* 0.71 1.17 1.25 2.89* 2.24* 1.84 2.03* 2.74*
D1 −0.04 0.55 0.09 0.48 −0.26 0.89 0.33 0.83 0.39 0.07 0.33 0.29
D2 0.42 0.61 −0.06 0.51 −0.04 0.38 0.77 0.52 0.58 0.30 0.17 0.46
D3 0.04 0.84 −0.30 0.30 0.16 0.65 0.55 0.78 1.22 −0.12 −1.23 −0.04
D4 0.15 0.29 0.67 −0.10 −0.19 1.00 0.65 1.52 −0.58 0.33 −0.07 −0.32
D5 −1.00 – −0.56 −0.12 – – – – 1.39 – – 1.55
D1 + A 0.71 1.55 2.92* 3.05* 1.12 1.86 0.61 2.51* 2.28 1.32 2.02* 1.39
D2 + A 0.25 1.51 2.90* 3.01* 0.81 1.12 1.19 3.02* 2.68 1.87 2.11* 2.31*
D3 + A 0.55 2.25* 3.09* 2.93* 1.36 1.73 1.29 2.98* 2.85 0.86 2.18* 1.79
D4 + A 1.38 0.65 3.94* 2.54* −0.46 1.48 0.91 2.80* 2.52 2.28* 2.99* 1.57
D5 + A 0.07 – 0.61 2.51* – – – – 3.49 – – 1.97*
D1 + D2 + A 0.65 1.06 2.13* 2.71* 1.28 1.31 1.41 2.13* 1.99 0.81 1.89 1.63
D1 + D3 + A 0.91 1.55 3.11* 2.04* 1.67 1.32 1.03 2.56* 2.16 0.86 1.52 1.09
D1 + D4 + A 1.80 1.81 3.11* 3.27* 0.36 1.81 0.54 2.35* 1.65 1.71 2.25* 1.09
D1 + D5 + A 0.03 – 1.61 1.86 – – – – 3.83 – – 2.57*
D2 + D3 + A 0.81 1.60 2.60* 2.20* 1.44 1.02 1.37 3.02* 2.76 0.94 1.93 1.76
D2 + D4 + A 1.80 1.58 2.99* 3.31* −0.17 1.19 1.84 2.69* 2.38 2.02* 3.31* 1.42
D2 + D5 + A −0.01 – 1.67 1.84 – – – – 3.77 – – 3.09*
D3 + D4 + A 1.15 2.26* 3.08* 2.90* 0.26 1.67 1.32 2.83* 2.51 2.38* 2.73* 0.90
D3 + D5 + A −0.45 – 1.28 −1.09 – – – – 4.13 – – 3.79*
D4 + D5 + A −0.78 – 1.49 1.86 – – – – 3.82 – – 3.95*
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show significant and positive trends of increasing strength
from east to west as indicated by increasingMK Z-values in the
middle and northern regions between zones 5 to 8 and 9 to 12,
with the overall minimum trend in zone 5 and themaximum in
zone 8 (Table 5). In general, the D4 + A decomposition
combination had the greatest impact on the overall data trend,
suggesting that the 48-month time scale has the strongest
effects on the seasonal temperature series trends inmost of the
zones. However, in some of the zones (e.g. zones 3, 6, 10 and
12) high-frequency components (D1 to D3, representing 6 to
Table 8
MK Z-values of the spring temperature series for the original data, approximation (A
α = 5% are denoted by an asterisk and dominant components are in bold.)

Data Zones

1 2 3 4 5 6

Original 4.49* 5.22* 5.32* 5.19* 5.31* 6
A 4.48* 5.18* 5.18* 4.83* 5.35* 6
D1 0.61 0.12 0.34 −0.51 −0.45 0
D2 0.42 0.54 0.31 0.58 0.10 −
D3 −0.38 −0.19 0.11 0.55 −0.32 −
D4 −1.13 0.55 2.64* 0.16 1.13 1
D5 – – – −1.72 – –

D1 + A 5.76* 6.95* 3.76* 4.13* 5.31* 7
D2 + A 6.98* 5.54* 4.62* 5.70* 5.40* 6
D3 + A 7.13* 7.10* 3.60* 3.79* 5.11* 5
D4 + A 3.32* 6.68* 4.57* 3.12* 4.36* 6
D5 + A – – – 2.45* – –

D1 + D2 + A 5.26* 6.75* 3.47* 5.37* 4.57* 5
D1 + D3 + A 5.05* 6.90* 3.48* 4.35* 6.88* 4
D1 + D4 + A 7.12* 7.28* 5.27* 4.01* 5.14* 7
D1 + D5 + A – – – 4.18* – –

D2 + D3 + A 5.02* 5.04* 4.39* 3.58* 7.89* 4
D2 + D4 + A 5.53* 6.52* 5.44* 5.31* 4.87* 6
D2 + D5 + A – – – 2.66* – –

D3 + D4 + A 5.40* 7.67* 5.09* 4.12* 5.21* 5
D3 + D5 + A – – – 2.14* – –

D4 + D5 + A – – – 3.06* – –
24 monthperiodicities) are dominant. In the analysis of D+D+
A components, the D3+D4+A combinationwas generally the
dominant component, supporting the results of the D + A
combination analysis. These results suggest that the 24-month
and 48-month cyclical components are the major components
affecting the seasonal surface temperature series, which might
correspond to the NAO (North Atlantic Oscillation) or MO
(Mediterranean Oscillation) cycles.

As for annual temperature series, trends were positive and
significant in all of the zones as was the case for themonthly and
), detail (D), and combinations of D and A components. (Significant values at

7 8 9 10 11 12

.34* 4.25* 5.14* 6.41* 3.24* 3.13* 3.44*

.84* 4.38* 5.04* 6.15* 3.13* 3.01* 3.27*

.19 −0.07 0.28 −0.12 0.36 0.44 0.39
0.21 0.99 0.46 0.10 0.44 0.38 0.38
0.10 0.93 0.42 −0.28 −0.20 0.02 0.49
.59 1.66 0.75 1.53 1.90 1.87 1.92

– – 1.52 – – –

.60* 3.99* 5.20* 8.35* 3.20* 3.09* 3.28

.95* 6.78* 5.74* 8.33* 2.47* 2.65* 2.01

.84* 6.23* 4.70* 6.64* 2.72* 2.11* 3.27

.07* 5.85* 5.54* 8.70* 2.66* 2.66* 2.66
– – 5.30* – – –

.08* 3.85* 4.59* 4.23* 2.89* 3.75* 3.61

.76* 4.32* 4.50* 4.82* 3.70* 3.48* 3.13

.30 4.47* 5.46* 5.47* 2.73* 1.28 1.36
– – 5.14* – – –

.75* 5.39* 5.58* 5.59* 2.53* 3.76* 2.30

.39* 5.37* 6.50* 6.74* 2.85* 2.14* 1.49
– – 6.43* – – –

.87* 4.72* 5.63* 7.32* 2.51* 4.90* 5.83
– – 5.94* – – –

– – 8.36* – – –



Table 9
MK Z-values of the summer temperature series for the original data, approximation (A), detail (D), and combinations of D and A components. (Significant values at
α = 5% are denoted by an asterisk and dominant components are in bold.)

Data Zones

1 2 3 4 5 6 7 8 9 10 11 12

Original 4.79* 6.24* 5.54* 4.43* 3.61* 3.76* 4.32* 5.05 3.79* 5.28* 5.03* 6.68*
A 4.98* 5.94* 5.06* 4.57* 3.72* 3.73* 4.31* 4.76 3.80* 5.37* 5.05* 6.59*
D1 0.00 0.00 0.04 −0.07 0.07 0.26 −0.12 0.02 −0.22 −0.23 0.30 −0.16
D2 −0.18 0.70 −0.35 0.96 0.28 0.78 0.95 0.50 −0.09 0.30 2.23 −0.15
D3 −0.02 0.07 0.36 0.74 0.62 0.81 0.52 −0.44 −1.81 0.25 0.94 0.34
D4 0.22 0.22 0.17 2.04* 1.79 0.57 0.15 0.66 −1.91 −0.62 1.05 −0.16
D5 – −0.93 – – – – – – – – – 1.09
D1 + A 6.01* 6.72* 6.19* 4.65* 4.56* 5.07* 6.17* 5.65 3.31* 6.26* 4.09* 5.58*
D2 + A 5.95* 5.28* 7.30* 5.37* 4.40* 7.09* 6.85* 6.22 3.34* 7.93* 6.36* 5.59*
D3 + A 8.55* 7.36* 7.27* 6.10* 3.54* 4.24* 6.88* 4.60 3.80* 6.42* 5.20* 7.40*
D4 + A 3.47* 5.08* 5.34* 5.09* 3.33* 7.38* 7.10* 4.53 2.42* 5.30* 6.01* 5.13*
D5 + A – 3.66* – – – – – – – – – 7.52*
D1 + D2 + A 6.64* 6.09* 4.40* 4.30* 3.25* 4.72* 4.25* 4.73 3.11* 5.36* 2.99* 4.97*
D1 + D3 + A 4.97* 6.91* 6.05* 8.40* 2.98* 3.50* 4.59* 5.44 3.38* 5.82* 5.38* 5.08*
D1 + D4 + A 6.38* 6.72* 5.60* 4.65* 3.14* 6.50* 4.81* 5.91 2.31* 6.10* 4.05* 5.27*
D1 + D5 + A – 6.75* – – – – – – – – – 5.63*
D2 + D3 + A 5.53* 8.71* 7.79* 5.21* 4.03* 5.07* 5.46* 4.70 3.11* 6.02* 4.82* 6.48*
D2 + D4 + A 5.06* 4.20* 6.16* 4.86* 4.70* 6.32* 5.50* 6.60 2.15* 5.32* 5.50* 6.66*
D2 + D5 + A – 5.30* – – – – – – – – – 5.70*
D3 + D4 + A 8.64* 6.61* 6.78* 6.03* 3.79* 5.87* 6.16* 5.54 5.15* 6.35* 7.83* 7.66*
D3 + D5 + A – 5.92* – – – – – – – – – 6.19*
D4 + D5 + A – 3.83* – – – – – – – – – 6.28*
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seasonal temperature series (Table 6). TheminimumMKZ-value
occurred in zone 5 and the maximum in zone 8, similar to the
results for the seasonal and monthly time series. However, the
west to east increase in trend strength occurred only in the
central zones of the country (zones 5 to 8). In the D + A
combination analyses, the D3 + A and D4 + A combinations
were identified as the dominant components, indicating that the
8-year and 16-year oscillations have the greatest impact on the
annual temperature trends in the majority of the zones. In the
case of the D+D+A component combination analysis, D3 was
usually present in all of the dominant combinations, suggesting
Table 10
MK Z-values of the autumn temperature series for the original data, approximation (
α = 5% are denoted by an asterisk and dominant components are in bold.)

Data Zones

1 2 3 4 5 6

Original 2.90* 4.25* 2.82* 2.90* 0.26 0.7
A 2.93* 4.27* 2.81* 3.00* 0.29 0.8
D1 0.04 0.12 −0.29 0.01 −0.04 −
D2 0.71 −0.41 −0.49 0.00 1.07 0.5
D3 0.28 −0.20 −0.09 0.89 0.52 0.2
D4 0.99 −0.92 0.81 1.84 0.00 −
D5 −1.57 – 1.72 −1.64 – –

D1 + A 2.32* 5.63* 3.56* 2.42* 0.12 0.6
D2 + A 2.64* 6.82* 6.07* 2.57* 0.15 1.4
D3 + A 2.67* 5.42* 5.04* 2.80* 0.29 0.6
D4 + A 3.56* 6.67* 3.52* 3.31* 0.65 1.9
D5 + A 1.04 – 6.72* 1.41 – –

D1 + D2 + A 2.50* 4.66* 4.68* 2.28* 0.23 0.8
D1 + D3 + A 2.28* 4.58* 3.51* 2.47* 0.10 0.6
D1 + D4 + A 3.09* 4.65* 5.75* 2.86* 0.70 1.0
D1 + D5 + A 1.20 – 5.90* 1.19 – –

D2 + D3 + A 2.44* 5.25* 4.34* 2.22* 0.06 0.6
D2 + D4 + A 3.32* 4.75* 4.75* 3.05* 0.38 1.0
D2 + D5 + A 1.06 – 5.14* 1.36 – –

D3 + D4 + A 3.89* 5.37* 3.93* 3.69* 0.22 1.5
D3 + D5 + A 1.30 – 5.17* 1.26 – –

D4 + D5 + A 3.34* – 6.36* 3.38* – –
that the 8-year cyclical component has the greatest impact on
the trends in annual surface temperature. Similarly to the case of
the monthly and seasonal time scales, there are some outstand-
ing zones which have different oscillatory structures in their
annual temperature series; for instance, zones 1, 11 and 12 have
high-frequency dominant periodicities (2-year and 4-year). This
could indicate that these zones are being affected by different
weather systems than the rest of the region (for instance, zone 1
might be affected by the Sudan low pressure system).

Overall, the 2-month and 4-month components were
dominant in the monthly data series, the 48-month component
A), detail (D), and combinations of D and A components. (Significant values a

7 8 9 10 11 12

6 3.34* 5.36* 0.73 2.73* 3.14* 4.09*
0 3.15* 5.28* 0.65 2.69* 3.13* 4.20*
0.39 0.00 0.23 0.09 0.46 0.42 0.13
4 −0.26 −0.05 0.04 0.03 0.38 0.48
6 0.45 −0.15 0.26 −0.22 0.25 −0.17
1.16 1.84 1.86 −0.55 0.35 1.90 0.57

−1.95 – – −1.39 – 1.35
6 2.45* 6.41* 1.34 3.01* 2.91* 2.19*
9 2.87* 6.79* 2.00* 2.18* 2.27* 3.14*
8 3.03* 6.46* 1.96* 2.24* 2.49* 2.64*
6* 3.98* 7.72* −0.15 2.25* 2.55* 6.27*

0.23 – – 1.37 – 7.45*
1 2.32* 4.62* 1.48 2.06* 3.28* 2.13*
7 2.45* 7.48* 1.38 2.25* 3.17* 2.02*
3 3.14* 5.31* 0.93 2.26* 2.53* 3.24*

0.07 – – 1.94 – 3.96*
0 2.66* 5.65* 1.22 3.53* 2.47* 2.44*
7 3.67* 5.53* 1.92 3.58* 2.65* 3.27*

0.62 – – 1.02 – 5.27*
8 3.96* 6.85* 0.86 2.44* 2.11* 3.80*

1.15 – – 1.34 – 4.24*
6.43* – – 1.23 – 8.46*
t



Fig. 5. Sequential MK graphs for original monthly temperature time series and the combinations of A and D components for zone 7 (blue solid line: u(t) values for the
original time series; red dashed line: u(t) values for component combinations; gray dashed line: 95% confidence interval limits). (For interpretation of the references to
color in this figure legend, the reader is referred to the web version of this article.)
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in the seasonal data, and the 8-year and 16-year components in
the annual data, with significant variation between study zones
nonetheless. Surface temperatures are affected bymanydifferent
factors and phenomena (e.g., atmospheric boundary layer
eddies, solar radiation, earth radiation, solar cycle, heat fluxes,
and momentum fluxes), some of which are high-frequency
phenomena [e.g., solar (short-wave) and earth (long-wave)
radiations] that are likely affecting the monthly temperature
series, while others (e.g., the solar cycle, which has relatively a
cycle of 11 years) are low-frequency cycles that are likely
affecting the lower-frequency periodicities such as those
identified in the annual data.

5.7. Individual season temperature series analysis results

As can be seen from the results presented in Table 7, trends
in winter surface temperatures were positive in all zones but
only significant in zones 3, 4, 8, 9 and 12. Additionally, larger
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Fig. 6. Sequential MK graphs for original monthly temperature time series and the combinations of A and D components for zone 7 (blue solid line: u(t) values for the
original time series; red dashed line: u(t) values for component combinations). (For interpretation of the references to color in this figure legend, the reader is referred to
the web version of this article.)
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MK Z-values in zones 4, 8 and 12 suggest that the trend of
increasing winter temperatures has been more strongly
affecting the eastern part of the country, which is relatively
similar to results from previous studies on temperature trends
in Iran (Tabari and Hosseinzadeh Talaee, 2011). In general, for
both D + A and D + D + A combinations, the D1 and D2
components figured in the dominant component combina-
tions, indicating the importance of 2-year and 4-year
components. However, D3 and D4 (representing 8-year and
16-year cycles) were more prominent for regions 7 through 9.

Spring temperature data series showed a significant
positive trend for all zones, with the larger MK Z-values
indicating that the most significant and positive trends
occurred in the north-west and center-west of the country
(Table 8). In general, the dominant time scales with the
greatest impact on the spring temperature trends were
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Fig. 7. Sequential MK graphs for original monthly temperature time series and the combinations of A and D components for zone 7 (blue solid line: u(t) values for the
original time series; red dashed line: u(t) values for component combinations). (For interpretation of the references to color in this figure legend, the reader is referred to
the web version of this article.)
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relatively similar to those impacting winter trends, the D1 and
D2 components (2-year and 4-year) being dominant across
most zones (with the exception of zones 6 and 9, in which the
dominant scales were the 8-year and 16-year scales).

All of the study zones show positive and significant trends
for the summer temperature series (Table 9), with the greatest
trend occurring in the north-east of the country, similarly to the
results of previous studies (Tabari and Hosseinzadeh Talaee,
2011). For most of the study zones, D3 + A and D4+ A (8 and
16-year) components were the dominant time scales, while in
most of the southern zones (1, 2, 4 and 7) the D1+A andD2+
A components (2 and 4-year) were identified as the dominant
time scales affecting summer surface temperatures.

Trends in autumn temperatures were positive and signifi-
cant in most of the country, with the exception of parts of the
west and north-west (zones 5, 6 and 9) in which the trends
were not significant (Table 10). The greatest trends, on the
other hand, occurred in the east and north-east regions of the
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country (zones 7, 8, 11 and 12). In both D + A and D + D+ A
component combination analyses, the D1 and D3 components
were generally dominant, indicating the importance of 2-year
and 8-year cyclical components in most of the study zones.

5.8. Overall results

Fig. 8 summarizes the results for all timeframes across all
zones of the country. In general, MK Z-values increase from
west to east in the middle and/or northern zones of the
country, with the strongest increases occurring in the middle
zones. This suggests that the factor(s) affecting the strength of
the trends in temperatures across the middle zones of the
country are generally continuous and increasing from west to
east. Based on the MK Z-values, we can also conclude that
surface temperature trends are more significant and of greater
intensity in the southern and eastern parts of the country
(e.g., zones 2 to 4 and zones 7, 8 and 12).

The dominant time scales in each of the temperature series
generally increase from west to east. While more research
would be needed to determine the exact causes of these trends,
one of the major factors that could be responsible is the
unstable (and usually low-pressure) atmospheric systems that
affect Iran, the most important of which are i) the Mediterra-
nean cyclones and ii) the Sudan low pressures. While the first
of these usually enters from the west and north-west of the
country, the second enters from the south-west. Since low
pressure systems usually bring unstable weather conditions, it
is possible that the effects of these low pressure systems caused
Fig. 8. Summarized results of MK Z-values of the original data (black text) and the
temperature series in the study zones. Asterisks represent a significant trend at the α=
reader is referred to the web version of this article.)
the high-frequency components in the surface temperatures
observed in this study. On the other hand, the strongest
atmospheric system in the east and north-east of the country is
the Siberian high pressure system, which usually has the
greatest effect on Iranian climate during the colder months of
the year. In addition, the central part of the country (especially
zone 7) ismost affected by the Iran central desert high pressure
system. As high-pressure systems generally lead to stable
weather conditions, these may explain the low-frequency
cyclical components in these regions.

As can be seen fromTables 7 to 10, thewarmer seasons of the
year had greaterMKZ-values, indicating that themost important
temperature trends over time occur during the spring and
summer seasons. As shown in Fig. 9, the temperature trends are
positive and significant for all seasons in the eastern zones (4, 8
and 12), while only the warmer-season (spring and summer)
trends are consistently significant in the other zones. In addition,
zones 5, 6 and 9 (west and north-west Iran) show the greatest
MK Z-value for the spring season, indicating that the most
intensive temperature trend increases occurred during this
season, while the autumn MK Z-values increase from west to
east in the middle and northern zones. Future studies should
focus on the reasons behind these patterns. While there are no
notable spatial variations in the dominant periodicities of the
different zones, overall, the 2-year, 8-year and 4-year scales,
sequentially, are the most dominant time scales explaining
temperature variations within specific seasons over the years,
with the 4-year and 2-year scales most dominant in the winter,
the 2-year and 8-year scales most dominant in the spring, the 2-
dominant periodic components (red text) in monthly, seasonal and annua
0.05 level. (For interpretation of the references to color in this figure legend, the
l
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Fig. 9. Summarized results for the MK Z-values of the original data (black text) and for the dominant periodic components (red text) by season and study zone. Asterisks
represent a significant trend at the α=0.05 level. (For interpretation of the references to color in this figure legend, the reader is referred to the web version of this article.)
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year scale dominant in the summer and the 2-year and 8-year
scales dominant in the autumn.

Of course, atmospheric systems are not the only factor
affecting the periodic nature of surface temperatures. For
instance, topography, land use, vegetation coverage, large
water bodies, and other factors can influence the impact that
atmospheric systems have on surface temperatures. As an
example, the central part of Iran is located between two major
high-elevation regions, the Alborz and Zagros mountain ranges,
which spread from west to east and from west to south,
respectively. This topography prevents low pressures, unstable
atmospheric systems and any other regional weather conditions
(e.g., convective clouds) from affecting the climate in this part of
the country. However, it should be noted that these factors (e.g.,
topography, vegetation coverage, and regional convective
clouds) occur at a smaller scale, and their effects on meteoro-
logical data variations will also usually appear at smaller scales.
Sincewewere interested in larger-scale patterns and chose a 5 ×
5° zones for our analysis, the local impacts of topographical
features were likely, for the most part, smoothed out.

6. Conclusions and recommendations

In this paper, climate change assessment was performed
through the analysis of surface temperature trends in Iran over a
55-year period with discrete wavelet transforms (DWT) and
various forms of the Mann–Kendall (MK) trend test. This study
showed the presence of significant positive temperature trends
in most regions and time series, with the most significant
positive trends occurring in the warmer seasons of the year as
well as in the eastern and southern zones of Iran. In addition, the
dominant time scales affecting the temperature trends generally
increased from west to east, regardless of which time series
(monthly, seasonal or annual) was analyzed. This may be due to
geographical factors (topography, land use, vegetation coverage,
soil type, large water bodies, and regional convective clouds) as
well as to climatological factors (low and high pressure
atmospheric systems, NAO, ENSO, MO, and solar cycles).

This study also showed that the analysis of different
combinations of D and A components (i.e., D + A and D +
D + A combinations) has several advantages; while D + A
combinations were useful for determining the most dominant
individual time scales of the data series, D+D+Acombinations
were useful in detecting the interactions between different
frequencies and their effects on atmospheric phenomena. It can
be concluded from the results of this study that oscillatory
behavior analysis based on D+ A and D+D+A combinations
is more effective than the analysis of D + A combinations alone.

Since there remains much to be understood regarding
atmospheric systems, the use of methods such as DWT and
the MK test allows for the exploration of and a better
understanding of the nature and future behaviors of atmo-
spheric phenomena. Unlike individual trend tests, the use of
aggregation approaches (i.e. using signal decomposition
methods such as DWT in addition to the trend tests such as
the MK test) allows for the decomposition of the original time
series into its constituent components. By employing this
methodology, not only can the general trends in the data be
determined, but the dominant time scales which have the
greatest impact on the data can be identified as well. These can
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then be compared to known natural periodicities (e.g. the solar
cycle, ENSO, and NAO) in order to elucidate the driving forces
behind the observed trends. Future studies should focus on
elucidating the relative roles of each of these potential factors
on the observed temperature patterns.

This methodology can be very useful for meteorological
forecasting, agricultural decision-making, drought monitoring,
water management and planning, warning systems, and other
fields and applications that depend on an understanding of the
periodical structures and trends behind climatic phenomena.
As such, future studies could be undertaken in different regions
of the world and on different atmospheric elements (such as
precipitation, humidity, wind, and pressure) in order to detect
and interpret interactions between different atmospheric
phenomena at various spatial and temporal scales in a more
precise manner.
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