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Multi-level trend analysis of extreme climate variables is an efficient method for in-depth investigation 
of the climate change impacts on ecohydrology. However, most of existing statistical methods do 
not reveal potential trends in different levels of data. In this study, a new approach namely Fuzzy 
Innovative Trend Analysis (FITA) was introduced that takes the advantages of fuzzy logic to improve 
and facilitate Innovative Trend Analysis (ITA) abilities to multilevel trend detection at Extreme Climate 
Indices (ECIs). Regarding the graphical nature of the proposed method, two new indices, namely 
Grow Percent (GP) and Total Grow Percent (TGP) were suggested for quantifying the power of trend 
at distinct levels. The FITA was utilized for trend detection at three levels of four important ECIs 
related to precipitation and temperature. To this end, long-term (1960–2021) daily temperature and 
precipitation observations at six meteorology stations across diverse climatic zones of Iran were used. 
The multilevel trends attained by the FITA were further compared to those of ITA, Mann-Kendall (M-K), 
and Sen’s slope (SS) tests. The results indicated that the FITA provides promising results with higher 
interpretability and reliability than its counterparts at all stations. The underlying high-resolution 
trends detected at certain stations also pointed out that the M-K and SS tests may yield in misleading 
interpretations when they are used for identifying trends in ECIs.
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According to the IPCC Sixth Assessment Report (AR6), the global surface temperature rose by approximately 
1.1 °C between 2011 and 2020 compared to the pre-industrial baseline of 1850–1900, underscoring the unequivocal 
reality of global warming1. Regional- and catchment-scale studies have also demonstrated a significant variation 
of extreme climate variables under climate change2–4. Trend analysis is an essential way to assess the impacts of 
climate change on climate variables. The Expert Team on Climate Change Detection and Indices (ETCCDI) has 
proposed 27 extreme climate indices (ECIs) to assess extreme climate variation globally and regionally5,6. The 
trends in the extreme indices, which are classified into two groups related to temperature and precipitation, have 
been assessed in many studies at various regions such as South America7, Georgia8, Italy9, Benin10, China11, West 
Africa12, Chad13, Pakistan14, Brazil5India15Turkey, 16 and the Middle East17. Overall, these studies have shown 
significant trends in extreme indices, particularly those derived from temperature.

In Iran, long-term variation of ECIs has been explored in a number of studies18–25. In line with global studies, 
significant positive trends in extreme temperatures across the country were reported. The increasing trend in 
the indices associated with the extreme minimum temperature was more intensive than those of maximum 
temperature. These studies also demonstrated a decreasing trend in the number of chilly days and nights. In 
contrast, the number of hot days and nights has been increased markedly18,22,24–26. Fathian, et al.23 revealed 
that the western, northern, and north western regions of Iran with semi-arid climate were most affected by the 
risk of climate extremes. Regarding the total annual precipitation, a negative trend for the whole country was 
reported18,26 while several studies showed an insignificant trend in the most areas19,21,22,24. In addition, significant 
positive trends in the frequency, intensity, and magnitude of extreme precipitation events, particularly in the 
south-western Iran along the coast of the Persian Gulf with arid climate were reported18,19,26,27.
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All these climatic insights were obtained through the well-known conventional Mann-Kendall (M-K), Sen’s 
slope (SS), and linear regression methods. Although climate change alerts trends at different levels of data, these 
methods are not able to reveal the trends at multiple levels as they evaluate trends merely in the sequential data. 
Since a special level of extreme events may not occur in a sequential way, their trends could not be detected by 
the mentioned tests. Moreover, these methods are based on some restrictive assumptions, such as normality and 
serial independence that are often not met for trend detection in a rather long time series28. Therefore, the trend 
magnitude/slope estimated with these methods may vary significantly for a given ECI29–31. To cope with these 
drawbacks, Şen32 introduced a new trend analysing method, called Innovative Trend Analysis (ITA), in which 
potential trends in hydrological time series can be extracted graphically in different levels of data no matter if it 
is serially correlated or non-normally distributed.

During the past decade, the ITA method has been extensively used in hydro-climatological studies, and its 
efficiency was compared to the M-K and other conventional trend analysing methods33–41. The studies showed 
that the results of the M-K and ITA are consistent when an overall trend exists in whole dataset. However, when 
there are different trends in different levels of data like, low, medium, and high, the results of these tests are 
considerably different from each other. To capture trends by the ITA method in more detail, Zerouali, et al.42 
divided the desired time series into a number of sub-periods (for example, three and four sub-periods for double-
ITA and triple-ITA, respectively), and then performed ITA method on each of two consecutive periods (first vs. 
second, second vs. third, and third vs. forth sub-period). The authors also demonstrated that hidden trends 
in long-term rainfall time series can better visualized through integration of double-ITA and triple-ITA with 
Hilbert Huang Transform. Also, a new form of ITA (3D-ITA) was presented for assessing hydrometeorological 
data43,44 in which the stability of the trend was evaluated in addition to its existence in data.

Since ITA is a graphical method, assessing the magnitude and significance of the detected trends is a 
challenging task. Wu and Qian40 proposed statistic D for quantifying the value of trends identified by ITA for 
annual rainfall time series. The authors reported that D is comparable with Z value of M-K test. However, the 
trend analysis of streamflow conducted by Gumus, et al.34 as well as annual and seasonal rainfall and temperature 
trend analysis by Cui, et al.45 showed that D values are much far from the Z-statistic and cannot be interpreted in 
comparison to Z. Later, Şen46 suggested another dimensionless statistic, called S, as the slope value of the trend 
attained via ITA within a given confidence level (CL). The author stated that when the S values are outside of 
CL the trend is significant. However, it remains unreliable for long nonstationary time series. This was proved in 
the study of Wang, et al.41 for trend analysis of annual and seasonal rainfall in the Yangtze River Delta, eastern 
China. They revealed that although the graphical ITA and M-K tests indicated no significant trend, the S values 
were identified significantly at the CL of 95%.

Compared to the M-K, SS, and linear regression methods, ITA provides more insight into trends in local 
minima and maxima38,47. However, to the best of the authors’ knowledge, the current literature lacks any specific 
study regarding the efficiency of ITA for multi-level trend analysis of ECI time series. Regarding the extremely 
non-deterministic nature and unbounded ranges of ECIs, classifying them at multiple classes for trend analysis 
is an important, albeit more complex, task.

Therefore, this study aimed to present and apply a new approach to facilitate multi-level trend analysis by the 
ITA method based on an integration of the power of fuzzy logic rules with the graphical feature of the ITA. While 
the former was used to reduce the level of uncertainties associated with classification thresholds, the graphical 
element of ITA facilitates visualizing detail trends in multiple classes. The proposed method, called Fuzzy-ITA 
(hereafter FITA), was demonstrated through analysing four ECI timeseries derived from long-term precipitation 
and temperature data measured at six meteorology stations distributed in different climatic zones of Iran. To 
cope with the ITA’s problem relevant to quantifying the power of trends, we proposed two indices, namely Grow 
Percent (GP) and Total Grow Percent (TGP) that reflect the significance of trends detected by the FITA. Unlike S 
and D, the proposed GP and TGP statistics are perfectly consistent with the results of the graphical test and can 
be applied for both classified and non-classified hydro-meteorological time series. Eventually, we compared the 
FITA results with those of M-K, SS, and ITA tests to verify the efficiency of the proposed approach.

Study area and data
Four ECIs, namely annual maximum of maximum temperature (ATmax), annual minimum of minimum 
temperature (ATmin), total annual precipitation (APT), and annual precipitation intensity (API) were extracted 
from 62 years (1960–2021) observed daily temperature and precipitation data at six stations located in diverse 
climatic zones across Iran. Figure 1 shows the climatic condition of the studied stations based on the de Martonne 
climate classification, drawn by Arc Map 10.6.1 software. Also, Table  1 summarizes the main geographical 
information and long-term mean of the ECIs as well as the climatic classification of the studied stations.

As shown in Fig. 1, the country has mostly hyper-arid, arid, and semi-arid climates. A smaller area in the 
north has climates ranging from the Mediterranean to extremely humid48. Table 2 presents the analysed climate 
indices, while Fig.  2 illustrates their ranges in the respective weather stations. These indices, as defined by 
ETCCDI, play crucial roles in snow melting, water demand and supply dynamics, and the occurrence of extreme 
flood events.

Interestingly, Fig. 2 reveals variations in climate indices across stations with similar climate classifications. 
For instance, stations like Tehran and Mashhad, as well as Esfahan and Kerman, exhibit different ranges in 
climate indices, particularly those associated with temperature.

Methods
Innovative trend analysis (ITA)
The ITA is a graphical trend analysing method in which a given time series is divided into two equal sub-series, 
and then, each of the sub-series is sorted in ascending order. The scatter plot of the sub-series is drawn in a 
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Cartesian coordinate system where the first and second half are placed on the horizontal (x) and vertical (y) axes, 
respectively. If the scatter points lie along the 1:1 (45°) line, no significant trend in the time series is concluded. 
However, if the points fall above or below the 1:1 line, the associated time series has an increasing or decreasing 
trend, respectively28,32.

Power of trend in ITA method
To evaluate the significance of the trends in the ITA test, Şen46 introduced an S statistic as the slope value of the 
trend and provided a CL for it as follows:

No Index name Symbol Definition Unit

1 Annual maximum of maximum temperature ATmax The annual maxima of daily maximum temperature °C

2 Annual minimum of minimum temperature ATmin The annual minima of daily minimum temperature °C

3 Total annual precipitation APT The annual sum of daily precipitation more than one millimeter mm

4 Annual precipitation intensity API The ratio of annual precipitation to the number of wet days with precipitation more than one millimeter mm/day

Table 2.  Description of extreme climate indices considered in this study.

 

Name Lat. Long. Elev. (m)
ATmax
(°C)

ATmin
(°C)

APT
(mm)

API
(mm/day)

Climate
(de Martonne)

Babolsar 36◦ 42′ N 52◦ 39′ E −21 34.9 −1.0 894.5 12.2 Humid

Esfahan 32◦ 39N 51◦ 39′ E 1550 40.2 −9.1 121.0 5.2 Hyper Arid

Kerman 30◦ 17′ N 57◦ 05′ E 982 39.7 −13.3 135.5 5.3 Hyper Arid

Mashhad 36◦ 17′ N 59◦ 36′ E 1478 40.0 −14.3 246.9 6.1 Arid

Tabriz 38◦ 04′ N 46◦ 17′ E 1361 38.7 −14.7 283.0 5.3 Semi-Arid

Tehran 35◦ 43′ N 51◦ 20′ E 1191 41.1 −6.9 234.8 5.8 Arid

Table 1.  The geographical information, long-term (1960–2021) mean of the ECIs, and climatic classification of 
the studied weather stations.

 

Fig. 1.  Location of the weather stations in diverse climates based on the de Martonne climate classification 
(drawn by Arc Map 10.6.1 software).
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where, 
−
x and 

−
y  are the average of the first and second sub-series, respectively, scri is the critical value of the 

Gaussian distribution function for the α  percent significance level (SL), N is number of all data, σ  is the 
standard deviation of all data, and ρ y,xis the correlation coefficient of the ascendingly sorted data of the first 
and second sub-series.

To quantify the value of the trend detected by the ITA test, Wu and Qian40 proposed an indicator (D) as 
follows and claimed that it is on the same scale as the Z value of the M-K test:

	
D = 1

n

n∑
i=1

10 (yi−xi)
x̄

� (3)
 

where, n is number of points in the ITA graph, xi and yi are the value of the first and second sub-series, 
respectively for ith point, and 

−
x is the average of the first sub-series.

Fuzzy-logic innovative trend analysis (FITA)
To enhance the capabilities of the ITA method for simultaneous trend analysis of ECIs at multiple levels, we 
proposed an innovative approach, called FITA, which integrates a set of fuzzy rules with the ITA diagram. Fuzzy 
rules imposed on a variety of hydrological analysis have been satisfactorily used in many studies49–53; however, 
to the best of the authors’ knowledge, no study has explored their efficiency in conjunction with trend analysis 
of the extreme indices yet.

Fig. 2.  Box plots of the (a) ATmax, (b) ATmin, (c) APT and (d) API in the studied stations. The boxes illustrate 
the 25th, 50th and 75th percentiles. The end points of the whiskers show the lowest (highest) datum within 1.5 
times the interquartile range of the lower (upper) quartile.
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FITA plot
The FITA is a graphical trend analysing method (Fig. 3) that commences with determining the desired number 
of levels ( Nl) and the associated fuzzy linguistic terms ( Nf ) exclusively based on expert opinion. Since no sharp 
distinctions usually exist between levels of ECIs, the number of fuzzy terms is suggested regarding the logic of 
the ITA method (Eq. 4).

	 Nf = Nl + 3 , Nl = 2, 3, 4, . . . � (4)

Based on the selected Nl, a threshold constant ( T C) is defined to determine the bound of clusters. Like 
identifying Nl, it should be noted that T C  is determined based on expert opinion. Thus, the associated length of 
the clusters could be equal or unequal. In this study equal length is considered (Eq. 5).

	
T C = Imax − Imin

Nl
� (5)

where the numerator Imax − Imin represents the range of entire climate index I.
For a three-level (i.e., low, medium, and high) trend analysis with FITA (Fig.  3), the points of the FITA 

diagram (Ix, Iy) falls into one of six clusters, labelled as low, medium, high, incremental transition, decremental 
transition, and outlier according to the following fuzzy rules.

•	 If Imin< Ix< Imin+ T C  & Imin< Iy< Imin+ T C , then (Ix, Iy) is low.
•	 If Imin + T C< Ix< Imin+2 T C  & Imin+ TC < Iy< Imin+2 T C , then (Ix, Iy) is medium.
•	 If Imin + 2T C< Ix< Imax & Imin + 2T C< Iy< Imax, then (Ix, Iy) is high.
•	 If Imin< Ix< Imin+ T C  & Imin+ T C  < Iy< Imin+2 T C , then (Ix, Iy) is incremental transition.
•	 If Imin+ T C  < Ix< Imin+2 T C  & Imin+2 T C  < Iy< Imax, then (Ix, Iy) is incremental transition.
•	 If Imin + T C< Ix< Imin+2 T C  & Imin< Iy< Imin+ T C , then (Ix, Iy) is decremental transition.
•	 If Imin + 2T C< Ix< Imax & Imin + T C< Iy< Imin+2 T C , then (Ix, Iy) is decremental transition.
•	 If Imin< Ix< Imin+ T C  & Imin+2 T C  < Iy< Imax, then (Ix, Iy) is outlier.
•	 If Imin + 2T C< Ix< Imax & Imin< Iy< Imin+ T C , then (Ix, Iy) is outlier.

here, TC denotes one-third of the range of the entire samples.

Fig. 3.  The schematic of FITA diagram evolved for three-level (low, medium, high) trend analysis of extreme 
climate indices.
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The incremental transition clusters are the zones where Iy is one level more than Ix, i.e., for three levels, Ix is 
at the level of low (medium), while Iy is at the level of medium (high). In contrast, in the points belonging to the 
decremental transition cluster, Iy is one level less than Ix, i.e., Ix is at the level of medium (high), while Iy is at the 
level of low (medium). The points that fall into the outlier cluster have more than one level difference between 
the level of Ix and Iy, i.e., for three levels, Ix is at the level of low (high) while Iy is at the level of high (low). Since 
in the ITA plot, the data in each of the first and second half have been sorted in ascending order, if there is/are 
a point/points in the outlier clusters, it means that there is an abnormal condition like a jump in the data; so 
that, if the vertical outlier cluster where Ix is in low and Iy is in high level contains data, then the Iy of other data 
is also in the high level, which means that there is an increasing jump in the second half compared to the first 
half. Conversely, if the horizontal outlier cluster where Ix is in high and Iy is in low level contains data, the Iy of 
other data is also necessarily in the low level, which means that there is an decreasing jump in the second half 
compared to the first half.

Like the classic ITA, positive, negative, or insignificant trend conditions in the low, medium, and high levels 
(classes) are determined concerning the distribution of the points. If they scattered above (below) 5.0% SL, 
a positive (negative) trend must be designated at the confidence level (CL) of 95% for the associated level. A 
uniform distribution of the points within 5.0% SL boundaries represents an insignificant trend at CL of 95%34[,54. 
Since the points in the incremental and decremental transition clusters reveal a considerable difference between 
the value of Ix and Iy, greater numbers of the points in these clusters indicate stronger increasing and decreasing 
trends, respectively for the level corresponding to the Ix. The points in the outlier cluster should not be taken into 
account during trend analysis as they may exhibit a jump event.

Power of trend in FITA method
To quantify the power of trend at each level (i.e., classified data) and entire time series, Grow Percent (GP) and 
Total Grow Percent (TGP) indices are defined based on the growth of the samples in the second half compared 
to the first half for each level in GP, and for all data in TGP.

	
GP i =

∑ ni
j=1(Iyj − Ixj)

ni.(Imax − Imin) × 100 ; (i = 1, 2, . . . , Nl)� (6)
 

	
T GP =

∑
N
j=1(Iyj − Ixj)

N.(Imax − Imin) × 100 � (7)
 

where ni is the count of scatter points in which Ix lies at the level i, ( Iyj − Ixj) indicates the distance of jth scatter 
point from 1:1 line, when Ix is in the level i, N is the number of all points, and (Imax − Imin) is the range of 
data.

The values of GP and TGP fall within the range of –Inf. to Inf. The positive and negative values imply 
increasing and decreasing trends, respectively. The absolute values between 0 and 5 reveals no significant trend 
in the data. The absolute values of GP and TGP between 5 and 10 reveals a 5–10% deviation of the data from 
the bidirectional line, considered as a slightly significant trend, and the absolute values greater than 10, exhibits a 
considerable deviation of data, suggest a significant trend in the data.

Mann–Kendall (M–K) trend test
The M-K test is a nonparametric trend test, presented by Mann55 and completed by Kendall56. The advantage 
of this method compared to other trend tests is that it is based on the ranking of the data, and the value of data 
does not affect the results of the test; so, this test is applicable for skewed data, and the data does not require to be 
normally distributed57. In the M-K test, the null hypothesis (H0) which is the independence and randomness of 
the data (Absence of trend) is evaluated against the alternative hypothesis (H1) which is the presence of a trend 
in the data. Suppose x1, x2, …, xn is a data series, then the S-statistic is obtained as follows:

	
S =

∑
n−1
k=1

∑
n
j=k+1sgn(xj − xk)� (8)

	
sgn (xj − xk) =

{
+1 if (xj − xk) > 0
0 if (xj − xk) = 0
−1 if (xj − xk) < 0

� (9)

Regarding the use of Sgn function for calculation of S, the rank of data could be applied rather than their values. 
T﻿he statistic of M-K test (Z) which has normal distribution function is as Eq. 10.

	

Z =




S−1√
V ar(S)

if S > 0
0 if S = 0

S+1√
V ar(S)

if S < 0
� (10)

	
V ar (S) =

n (n − 1) (2n + 5) −
∑

m
i=1ti(ti − 1)(2ti + 5)

18
� (11)

where n is the number of data, m is the number of tied groups each of which contains repeated data, and ti is the 
number of repeated data in the ith group.
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The M-K test is a two-tailed test; so, H0 is accepted at the CL of (1 − α ) % if |Z| ≤ Zα/2. Otherwise, the 
H1 is accepted which means that the data series has significant trend. When the data exhibit trend, the positive 
and negative values of the S-statistic indicate increasing and decreasing trend, respectively. in this study, the 
significance of the trends is evaluated at CL of 95% ( |Z| ≤ 1.96).

Sen’s slope (SS)
The SS58 is a non-parametric method to estimate the magnitude of slope for an existing linear trend. The SS value 
for a data series x1, x2, …, xn is obtained as follows:

	 SS = Median (Sk) , k = 1, . . . n (n − 1) /2� (12) 

	
Sk = xi − xj

i − j
, i = 1, . . . , n − 1, j = i + 1, . . . , n� (13)

where, Sk is the slope between kth pair of data. For n data, the number of unrepeated pair data is n(n-1)/2.

Results
Trends in annual maximum of the maximum temperature (ATmax)
The results attained by three-level FITA applied on ATmax were demonstrated in Fig. 4. It is observed that different 
numbers of points are located within the clusters, which implies a non-uniform distribution of data during the 
first and second half. In Babolsar station, there were many points in the low and incremental transition clusters 
with low ATmax in the first half mostly placed above the 5% SL line. Therefore, we can conclude that a significant 
increasing trend exists at the low values of ATmax (i.e., local minima are increasing). Although there were fewer 
points in the medium and high classes of this station, a significant decreasing trend was inferred at the high level 
(i.e., local maxima are decreasing). In Esfahan, Kerman, and Mashhad stations, there were lots of points in the 
incremental transition clusters with low and medium ATmax in the first period, which exhibited a considerable 
increasing trend in the low and medium levels; but instead, there was no point at the high levels of Esfahan and 
Mashhad. Concerning the number of points in the incremental transition cluster of the medium level and no 
points at the high cluster in both stations, it can be concluded that a considerable increase occurred in high values 
of ATmax during the second period (1991–2021) compared to the first one (1960–1990). Figure 4 also shows a 
significant increasing trend at the high level of Kerman station. Besides, there were no considerable trends at 
the low and high levels of ATmax in Tehran and Tabriz; however, a slightly increasing trend was recognized at the 
medium level of both stations.

The power of the three-level trend analysis of ATmax using the FITA method was tabulated in Table 3. The 
TC values vary between 1.33 (Tehran) to 3.33 (Babolsar). The value of TC was similar for Kerman and Esfahan 
with the same climates; however, it was different for Mashhad and Tehran which have arid climates. The power 
of trends detected by FITA at each level by the GP index (Table 3) also confirmed a remarkable increasing trend 
(GP > 20) in the low and medium levels of Esfahan, Kerman, and Mashhad, as well as the high level of Kerman.

Also, a slightly significant increasing trend (5 < GP < 10) was revealed at the low levels of Babolsar and Tehran, 
and the medium levels of Tabriz and Tehran, while a significant decreasing trend (GP = 17) was observed at the 
high level of Babolsar. At the other levels, there was no significant trend (GP < 5) at Babolsar, Tabriz, and Tehran 
stations.

Assessment of the TGP values compared to the GP values (Table 3) revealed that the value of the TGP at 
Babolsar, Esfahan, and Mashhad stations, where there was a substantial difference between the GP values, cannot 
reflect the trend at each level. For example, a considerable decreasing trend at the high level (GP= −17.00), an 
increasing trend at the low level (GP = 9.417), and insignificant trend at the medium level (GP= −0.500) are seen 
considering ATmax at the SL of 5% at Babolsar station. However, the value of TGP indicates a slightly increasing 
trend (TGP = 5.581) in this ECI based on all data. Although there was no trend at the high levels of Esfahan 
and Mashhad, the TGP revealed a remarkable increasing trend of ATmax (TGP > 23) at both stations due to the 
existing trend in their two other levels.

Trends in annual minimum of the minimum temperature (ATmin)
The trend analysis of ATmin by the FITA method (Fig. 5) exhibited a remarkable increasing trend at all three 
levels of Babolsar and Mashhad, at the low and medium levels of Kerman and Tehran, as well as at the low level 
of Tabriz. The considerable number of points in the incremental transition clusters in these stations indicated a 
strong increasing trend in the low and medium values of the ATmin at the SL of 5%.

Figure 5 also shows no significant trend in any levels of ATmin in Esfahan at the SL of 5%. A similar condition 
was almost observed for the high level of Kerman, and Tabriz. However, there was a slightly increasing trend in 
the medium values of the ATmin in Tabriz, as well as in the high values of Tehran.

Evaluation of the TC values (Table 4) illustrated its range between 3.27 (Babolsar) to 7.80 (Mashhad). Like 
ATmax, the value of TC was not similar neither for Kerman and Esfahan, nor for Mashhad and Tehran which have 
the same climates; as a result, the range of clusters was not equal for these stations. The power of trend in each of 
levels of the ATmin index revealed that there was a considerable increasing trend (GP > = 20) in all three levels of 
Mashhad, and in the low level of all other stations other than Esfahan.

Also, a significant increasing trend (GP > 10) was demonstrated in the medium and high levels of Babolsar, 
as well as in the medium level of Kerman, and Tehran. A slightly significant increasing trend (5 < GP < 10) was 
observed at the medium level of Tabriz and at the high level of Kerman and Tehran. Although the FITA graph 
showed no trend for Esfahan, a slightly decreasing trend was revealed for all levels of this station which was 
significant at the SL of 5% only for the low level.
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The value of the TGP index indicated a significant increasing trend (TGP > 10) at all stations except Esfahan. 
However, the value of this index could not illustrate the trend at each level, when a significant difference was 
observed between the GP values; this condition was visible especially at Esfahan, Kerman, Tabriz, and Tehran 
stations.

Trends in total annual precipitation (APT)
The trend analysis of the APT index by the FITA method (Fig. 6) revealed diverse conditions in the studied 
stations; in Babolsar, an increasing trend was detected in the high level, while a slightly increasing and decreasing 
trend was observed in the medium and low levels, respectively. While an increasing trend was inferred in all 
levels of APT for Esfahan, the medium and high levels of APT in Tabriz had a significant decreasing trend with 
several points in the decremental transition clusters. However, no significant trend in any levels of the APT in 
Kerman, Mashhad, and Tehran stations was detected.

Fig. 4.  The graphs of FITA method for ATmax indicator.
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Unlike the ATmax and ATmin indices, the value of TC (Table 5) for the APT index was similar for the stations 
with the same climates while its maximum value belonged to Babolsar station (TC = 279.86 mm) with a humid 
climate, and its minimum one (TC = 74.14 mm) was for Kerman station with hyper-arid climate. Assessing the 
power of trend in each of the levels of the APT index also confirmed that there were significant increasing trends 
(GP > = 10) in all levels of Esfahan, and the high level of Babolsar, while the decreasing ones were observed in the 
medium and high level of Tabriz. Although no trends were detected by the FITA graph for Kerman, Mashhad, 
and Tehran, a slightly significant trend at the SL of 5% (5 < GP < 10) was indicated for low and medium levels of 
Kerman, the low level of Mashhad, and the medium level of Tehran. All other levels of these stations as well as 
the low and medium levels of Babolsar had not any significant trend in APT at the SL of 5%.

Evaluation of the TGP values (Table 5) revealed a significant increasing and decreasing trend (TGP > 10) for 
Esfahan and Tabriz, respectively, and a slightly significant decreasing trend (5 < TGP < 10) for Kerman. However, 
any significant trend was not identified based on this index at Babolsar, Mashhad, and Tehran stations at SL of 
5%. But there were significant trends at the high, low, and medium levels of these stations, respectively.

Trends in the annual precipitation intensity (API)
The trend analysis by the FITA method for the API index (Fig. 7) indicated a significant increasing trend at 
the low and medium levels of Babolsar and Esfahan stations, so that a large number of points were observed in 
the incremental transition clusters in both stations, and few and no number of points were placed in their high 
clusters. Also, all levels of API in Kerman and Mashhad had significant increasing trends at the SL of 5% which 
were more confident for the low level of Kerman and medium and high level of Mashhad. Although the low level 
of API in Tabriz had a significant increasing trend, any trend was not observed in the medium or high levels of 
this station. However, a slightly increasing trend was inferred for all levels of Tehran which was more significant 
for the high level.

Assessment of the API range and its TC values in the studied stations (Table 6) showed that the minimum 
and maximum range of API belonged to Tabriz and Babolsar, respectively. Unlike the APT index, the condition 
of stations in terms of TC values was independent of their climates.

The GP values for this index indicated significant increasing trends (GP > 10) for the low and medium levels 
of Babolsar and Esfahan, the low level of Kerman and Tabriz, as well as the medium and high levels of Mashhad. 
Also, a slightly increasing trend (5 < GP < 10) was proved for all levels of Tehran, the medium and high levels 
of Kerman and the low level of Mashhad. However, the value of the TGP index revealed significant increasing 
trends for all stations at 5% SL, while no trend was detected at the high levels of Babolsar and Esfahan, as well as 
at the medium and high levels of Tabriz.

FITA results vs. M-K, SS, and ITA
Table 7 compares the power of trends and their consistency attained by FITA, M-K, SS, and ITA. It was observed 
that in most cases with remarkably significant trends, the results of the TGP agree with the Z value of the M-K test 
in terms of reliability at the CL of 95%. However, the magnitude and even sign of their values are inconsistent in 
some cases. For example, FITA shows a more significant overall trend in ATmin at Tehran station (TGP = 19.042) 
in comparison to Babolsar (TGP = 17.380). However, the magnitude of their Z values of the M-K test was the 
opposite. An analogous situation was observed for ATmax at these stations. Based on TGP, the existing trends 
were significant (at the CL of 95%) at both stations while the trend at Tehran station was not identified as 
significant at the same CL by M-K test. A similar condition was recognized in the trend of APT at Esfahan and 
Kerman stations.

Besides, a decreasing trend was identified in all data of the ATmin index in Esfahan according to the FITA 
test, which was insignificant; however, the M-K test showed an increasing trend in this ECI, which was also 
insignificant. In several other cases such as the trend in APT at Esfahan as well as the trends in API at Kerman, 
Tabriz, and Tehran stations, the FITA identified significant trends at the SL of 5% while the M-K test implies 
insignificant trend at that CL.

According to Table 7, the SS variation agrees neither with Z nor TGP values in all the ECIs and stations. For 
example, the highest SS value for ATmax was calculated at Mashhad station (SS = 0.037, Z = 3.460, TGP = 23.361) 
while the greatest Z and TGP values were obtained at Kerman (Z = 4.280, SS = 0.028, TGP = 23.097) and Esfahan 
(TGP = 23.697, Z = 3.920, SS = 0.028) stations, respectively. Similar results were also observable in the other ECIs. 

Station

Range

TC

Grow percent (GP)

Total grow percent (TGP)Imax I min low Medium High

Babolsar 42.00 32.00 3.33 9.42 −0.50 −17.00 5.58

Esfahan 43.00 37.80 1.73 20.05 26.70 0.00 23.70

Kerman 42.00 37.00 1.67 26.18 21.33 22.00 23.10

Mashhad 43.80 37.60 2.07 21.37 26.98 0.00 23.36

Tabriz 42.00 35.60 2.13 3.13 5.88 2.68 4.54

Tehran 43.00 39.00 1.33 7.50 9.67 3.13 7.42

Table 3.  Power of multi-level trend analysis in ATmax index detected by FITA method for each level and all 
data. *Bold values are significant trends at the confidence level of 95%.
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This means that the ranking of the stations in terms of trend intensity is somewhat different based on these three 
methods.

The power of trends detected by the ITA (i.e., D and S indices) was found inconsistent with the Z index as 
only in a few cases the absolute value of D was like Z. Moreover, directions of overall trends in ATmin determined 
by D disagree with those of Z, SS, and TGP at all stations. For instance, while D indicates a decreasing trend at 
all stations (except Esfahan), the other tests show a significant increasing trend. At Esfahan station, D, Z, and 
SS imply an increasing trend, while TGP and S revealed a decreasing trend. The Table also proves that the trend 
direction detected by S and TGP are consistent at all ECIs/stations; however, their significance were different 
at the CL of 95% in several cases, like ATmax of Tabriz, ATmin of Esfahan, and APT of Babolsar, Mashhad, and 
Tehran.

Fig. 5.  The graphs of FITA method for ATmin indicator.
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Discussion
As previously described, the FITA approach enhances the conventional ITA method and facilitates multi-level 
trend analysis via clustering ECIs based on fuzzy logic rules. The points’ frequency at each cluster as well as their 
distance from the bidirectional line are used to interpret the potential trend at each level. The higher frequency 
of the samples in the incremental and decremental transition clusters reveals important changes in the data and 
exhibits significant trends in the level corresponding to the transitional cluster.

The Nl for trend analysis using FITA is recommended to be chosen according to the (i) number of data, (ii) 
their range, and (iii) type of ECI so that at least one of the clusters belonging to each level (e.g., the clusters of 
low and its incremental and decremental transitions for the level of low) contains data. For long-term historical 
data with a wide range of variation, a greater Nl could be chosen if it is scientifically meaningful. The value of 
the extreme climate indices is usually assessed in three or five levels38,40,41,59,60. Regarding the length, range, and 
type of al ECIs, a total of three levels were suggested and utilized in this study.

Also, the length of levels (TC) can be defined unequally, depending on the range of the given climatic index, 
its defined levels (if exists), as well as the expert opinion. The levels’ boundaries may be defined concerning the 
interquartile range (IQR) of the observed data. In this condition, the TC of the levels will be unequal; however, 
each level will necessarily contain the same number of observations. The quartile-based segmentation could 
destroy the hydrologic concepts of low, moderate, and high values, as considered in the present study. By 
contrast, the level selection according to a hydrological/meteorological perspective, particularly for ECIs (as 
done in this study), facilitates the interpretability of trend in each level corresponding to the real conditions, 
while there is an unequal frequency of samples at each level. For example, there was only one sample point in the 
high level of ATmax at Babolsar station which reveals a trend in the extreme high values of ATmax in the second 
period compared to the first one (each point in the FITA graph corresponds to two values in the first and second 
period). The value of the GP, in this case, indicated that the maximum value of ATmax in the second period has 
decreased by 17% of all data ranges as compared to the first period. Therefore, it is concluded that the level/
cluster resolution is better determined via a trade-off between the Nl and frequency of samples at each cluster. 
If there is no data in the clusters related to a level, it means that either Nl should be decreased, or the boundary 
of clusters may be changed.

Since FITA is a graphical method, an external measure is required to quantify the magnitude of the trend. 
In this study, GP and TGP measures were proposed and compared to some existing indices including D, S 
(presented for ITA test), as well as SS, and Z. The attained TGP values (for all data) revealed its excellence 
compared to its counterparts. The superiority of GP and TGP over D is in two aspects; First, D is applicable for 
the variables having zero or positive values like precipitation. As shown in Table 7, this index may show a reverse 
trend for the variables with negative values such as ATmin. By contrast, both GP and TGP can be used for both 
positive and non-positive values. Secondly, Wu and Qian40 presented the D index as a comparable indicator with 
the Z-statistic of the M-K test; however, our results at all stations (Table 7), confirmed the results of Gumus, 
et al.34and Cui, et al.45 who reported that the values of this index are much far from the Z-statistic when they 
are applied for streamflow, precipitation and temperature. Hence, the trend significance cannot be interpreted 
compared to similar the Z-statistic in each CL. In addition, evaluation of the slope values of the ITA test (S index) 
and its CL (Table 7) indicated that based on the CL value, all of the slopes were detected as significant because 
the correlation coefficient ( ρ ) in the CL formula is calculated for the ascendingly sorted data of the first and 
second sub-series. This problem in quantifying trend significance using S needs additional attention of its users. 
However, GP and TGP values exhibit the magnitude of the trend for the classified and entire data, respectively, 
while they can be interpreted at different confidence levels based on their values. Therefore, they are suggested 
to be used as robust alternatives for D and S when using the ITA and FITA tests.

The results of this study revealed that the overall trends detected using the FITA agree with those of the M-K 
and SS tests, specifically in the cases showing considerable significant trends. This finding is also consistent 
with the results of Gumus, et al.34, Nourani, et al.59, and Kişi, et al.33. However, no relation existed between the 
Z-statistic, SS, and TGP values. Our results also showed that the slope values of the SS test did not have any 
relation with those of the ITA test (S index). Therefore, the magnitudes of the trends detected by these methods 
were different in several cases, which confirmed the results of Danandeh Mehr, et al.38 and Kişi, et al.33 regarding 
the results of the M-K and SS tests. Moreover, the FITA revealed a negative trend in ATmin at Esfahan station 
while the M-K and SS tests revealed a positive trend at the SL of 80% for it. Other indices of the ITA (S and D) 
also indicated a decreasing trend in this case (D index shows a reverse trend for ATmin). Figure 8 reveals why a 

Station

Range

TC

Grow percent

Total grow percent (TGP)Imax I min low Medium High

Babolsar 2.80 −7.00 3.27 22.45 17.91 13.01 17.38

Esfahan −4.60 −19.40 4.93 −9.46 −0.45 −0.56 −1.11

Kerman −8.00 −30.00 7.33 37.27 19.55 6.85 11.60

Mashhad −4.60 −28.00 7.80 32.69 27.54 19.74 27.61

Tabriz −5.00 −25.00 6.67 22.50 8.67 2.00 11.16

Tehran −1.60 −15.00 4.47 34.58 18.98 8.79 19.04

Table 4.  Power of multi-level trend analysis in ATmin index detected by FITA method for each level and all 
data. *Bold values are significant trends at the confidence level of 95%.
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negative trend detected for ATmin in Esfahan by the FITA while a positive one was detected by the M-K test. In 
this figure, a linear regression was applied to the entire data (Fig. 8a) and compared to another linear regression 
that was applied to the scatter plot of the second-half vs. first-half of data without any sorting (Fig. 8b). The 
positive slope of the linear regression of the entire data (Fig. 8a) shows a slightly increasing trend in all data 
of ATmin detected by the M-K test. But, the negative slope of the linear regression in Fig. 8 (b) reveals that the 
ATmin values in the second half are smaller than the first half, which confirms the decrease trend detected by the 
FITA for ATmin. Indeed, it is concluded that the methodology of trend detection in these tests led to different 
results, which confirmed the results of Chervenkov and Slavov31Amirataee and Zeinalzadeh61 and Rehman29. 
However, it seems that according to the data, the trends detected by the FITA and ITA methods are more reliable. 
A comparative analysis between the GP and TGP values revealed that the trend detected at multiple level may 
differ from the overall trend in terms of both sign and power. This finding was in line with those of Kisi and Ay62, 

Fig. 6.  The graphs of FITA method for APT indicator.
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Dabanlı, et al.63, Caloiero, et al.36 and Danandeh Mehr, et al.38 that reported the greater power of the ITA test for 
detecting the correct trends in the classified data.

Our results indicated considerable differences in the ranges of ATmax and ATmin at the stations located in 
the same climate. However, the range of precipitation based ECIs was similar in those stations. Therefore, a 
similar TC value cannot be considered for temperature classification at the stations even with similar climates. 
Also, we found that the increasing trend in the ATmin is more significant than the increasing trend detected 
in ATmax in almost all the stations. This result agrees with the results of Kamali, et al.25, Chaparinia, et al.24, 
Alavinia and Zarei19, Rahimi, et al.18 and Soltani, et al.22 attained by the M-K and SS tests. The results also 
showed that the highest increase occurred in the low level of both indices, which was not assessed in the previous 
studies. Moreover, our results exhibited an increasing trend in the API index at the SL of 5% in all stations, 
which agrees with the results of Alavinia and Zarei19Rahimi, et al.18 and Rahimzadeh, et al.26. However, different 
increasing and decreasing trends were detected in the APT, which were not significant in half of the stations. 
These outcomes were also consistent with those of Chaparinia, et al.24, Alavinia and Zarei19, Fathian, et al.23, 
Ghiami-Shamami, et al.21 and Soltani, et al.22.

Conclusions
In this study, a new approach, named FITA, based on incorporating the fuzzy logic rules with the graphical 
ITA was presented to facilitate multi-level trend analysis of ECIs. To quantify the trends detected by the FITA 
method at each level and whole data, two new statistics (i.e., GP and TGP) were proposed, respectively. The 
advantages of the new indices were explained over two indices, D and S (CL), previously presented for ITA 
test. The method was applied for four ECIs derived for six stations located in different climates across Iran, and 
the results were compared to those of the M-K and SS tests. Overall, we found that the trends identified by the 
FITA are consistent with those attained by the M-K and SS tests at the confidence level of 95% when significant 
overall trend exists in ECIs. However, the trend power calculated by the TGP is not consistent with those of 
the Z-statistic or slope of the SS test. The FITA can capture trends in more detail and provide more insights in 
temporal variation of ECIs.

The results also showed significant positive trends in the ATmax, ATmin, and API indices, particularly 
pronounced at the lower levels of these indices across almost all stations. However, diverse trends—both 
increasing and decreasing—were observed in the APT index, with some trends being statistically significant at 
the confidence level of 95% in certain stations. The synchronized increase in ATmax, ATmin, and API suggests that 
drier lands could be more prone to flash flood events. Although FITA was applied for ECIs and demonstrated 
through three-level trend analysis in the case studies, it has the potential to be applied to other climate variables 
at multiple levels, especially those that have a classification for their data range like drought indices. Future 
research can focus on exploring the strengths and limitations of FITA for application to various climate variables.

Station

Range

TC

Grow percent

Total grow percent (TGP)Imax I min low Medium High

Babolsar 1325.80 486.21 279.86 −4.77 4.53 12.81 3.50

Esfahan 250.04 40.28 69.92 10.78 9.49 32.26 10.85

Kerman 263.67 41.25 74.14 −6.20 −6.61 −3.44 −6.11

Mashhad 427.23 73.13 118.03 −6.28 −2.99 −2.85 −3.60

Tabriz 547.61 148.01 133.20 −4.60 −14.65 −25.18 −11.79

Tehran 435.64 100.38 111.75 2.58 6.87 2.03 4.46

Table 5.  Power of multi-level trend analysis in APT index detected by FITA method for each level and all data. 
*Bold values are significant trends at the confidence level of 95%.
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Fig. 7.  The graphs of FITA method for API indicator.
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Climate index Station M-K Sen slope ITA FITA

Z SS D S (CL 95%) TGP

ATmax

Babolsar 2.810 0.031 0.161 0.018 (0.004) 5.581

Esfahan 3.920 0.028 0.311 0.040 (0.003) 23.697

Kerman 4.280 0.028 0.295 0.037(0.002) 23.097

Mashhad 3.460 0.037 0.369 0.047 (0.003) 23.361

Tabriz 1.61 0.018 0.075 0.009 (0.003) 4.536

Tehran 1.34 0.006 0.073 0.010 (0.002) 7.419

ATmin

Babolsar 4.290 0.055 −9.135 0.055 (0.003) 17.380

Esfahan 1.36 0.017 0.183 −0.005 (0.005) −1.112

Kerman 2.710 0.054 −1.747 0.082 (0.007) 11.598

Mashhad 4.530 0.173 −3.687 0.208 (0.007) 27.612

Tabriz 1.980 0.054 −1.415 0.072 (0.006) 11.161

Tehran 3.560 0.073 −3.117 0.082 (0.004) 19.042

APT

Babolsar 1.090 1.564 0.334 0.947 (0.215) 3.498

Esfahan 1.790 0.616 2.076 0.734 (0.102) 10.851

Kerman −2.280 −0.754 −0.955 −0.438 (0.062) −6.107

Mashhad −0.085 −0.066 −0.503 −0.411 (0.107) −3.597

Tabriz −2.260 −1.278 −1.537 −1.520 (0.082) −11.795

Tehran 0.810 0.532 0.658 0.483 (0.079) 4.462

API

Babolsar 2.903 0.042 1.001 0.038 (0.004) 14.143

Esfahan 3.190 0.029 2.428 0.037 (0.004) 14.678

Kerman 1.450 0.012 1.008 0.017 (0.002) 10.172

Mashhad 1.895 0.015 0.699 0.013 (0.001) 10.339

Tabriz 1.430 0.010 0.584 0.010 (0.002) 7.969

Tehran 1.28 0.011 0.609 0.011 (0.001) 6.384

Table 7.  Comparison of the results of Mann-Kendal, sen’s slope, ITA (D and S indicators), and FITA tests for 
the climate indices. *Bold values are significant trends at the confidence level of 95%.

 

Station

Range

TC

Grow percent

Total grow percent (TGP)Imax I min low Medium High

Babolsar 17.54 9.30 2.74 16.64 11.55 2.70 14.14

Esfahan 10.04 2.30 2.58 11.28 18.30 0.00 14.68

Kerman 7.29 2.26 1.68 18.54 8.89 8.04 10.17

Mashhad 8.25 4.27 1.33 9.34 11.18 11.43 10.34

Tabriz 7.70 3.89 1.27 12.65 1.58 1.18 7.97

Tehran 8.89 3.48 1.80 5.95 6.29 8.03 6.38

Table 6.  Power of multi-level trend analysis in API index detected by FITA method for each level and all data. 
*Bold values are significant trends at the confidence level of 95%.
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Data availability
The datasets generated during and/or analyzed during the current study are available from the corresponding 
author on reasonable request.
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