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Abstract
The demand for water has increased in the recent decades in all sectors that are domestic, industrial, and agriculture.
Climate signals teleconnection are one of the important factors influencing the oscillations of climate on earth
(Ruigar and Golian, 2015). The aim of the present study was to identify the relationship between climate indices such
as El Nino Southern Oscillation (Nino-1+2, Nino-3, Nino-3.4, Nino-4, Southern Oscillation Index, Multivariate
ENSO Index and Sea Surface Temperature), Quasi-Biennial Oscillation and the precipitation in Peshawar CityPakistan and predict the precipitation. The Tropical Rainfall Measuring Mission satellite precipitation and National
Oceanic and Atmospheric Administration climate indices data for the period of 1982 to 2018 were used and Pearson
correlations, cross-correlations and random forest model were applied. The results manifested that on monthly basis,
the highest significant correlations were observed for SOI during June (0.48), Nino-1+2 during May (0.47), Sea
surface temperature during June (0.45), August (0.42), and October (0.46), Nino-3 and Nino-3.4 in November (0.44
and 0.43, respectively), and Nino-4 during December (-0.44). Seasonal analysis showed positive significant
correlations for Southern Oscillation Index (0.44), Quasi-Biennial Oscillation (0.34), Multivariate ENSO Index (0.39)
and Nino-3 (0.34) indices during summer, autumn, spring, and autumn seasons, respectively. On annual basis, no
significant correlations were noticed. In the antecedent correlation analysis, six climate indices have the maximum
lagged correlations. During prediction, the model performed well in training period and the predicted precipitation
followed the trend, but its performance was low on the extreme precipitation phases and similarly during the test
period. The findings of this study are of importance to help policy makers in decisions making and planning for
adaptation to the effects of climate change.
Key words: Precipitation, Climate indices, Pearson correlation analysis, Cross-correlation, Random Forest, Peshawar
City-Pakistan.
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1. Introduction
The demand for water has increased in the recent
decades in all sectors that is domestic, industrial, and
agriculture, particularly in the arid and semi-arid
regions of the world which are facing significant
issues. The interrelationship of climate factors on the
ocean, land and atmosphere has been studied by
various hydro-climatological scientists. On global and
regional scales, the climate signals teleconnection are
one of the important factors effecting the oscillations of
climate on earth (Ruigar and Golian, 2015).
Precipitation alters both spatially and temporally which
is considered as universal complex phenomena
therefore to analyze association between precipitation

and modes of the climate in different parts of the
world, researchers have used various modelling
procedures (Mekanik et al., 2013). Globally, strong
correlation has been perceived between climate indices
and precipitation. Amongst the climatic variables El
Nino Southern Oscillation (ENSO) is known for its
impacts on precipitation in India, North and South
America and Australia (Hossain et al., 2015a) also
Quasi-Biennial Oscillation (QBO) is familiar for its
impacts on precipitation in Western North Pacific,
Eastern Africa and India (Seo et al., 2013; Indeje and
Semazzi, 2000; Claud and Terray, 2007; Bhalme et al.,
1987). ENSO is a natural oscillation in the tropical
Pacific Ocean and atmosphere, involving variations in
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sea
surface
temperature, sea-level
pressure,
atmospheric circulation, and much more. With an
irregular cycle of about 2-7 years, it represents the
most important mode of inter-annual climate variability
(Lee, 2015; Yan et al., 2018). The QBO is a dominant
feature of the equatorial lower stratosphere, consisting
of an extremely regular oscillation from westerly to
easterly winds, with a period of about 28 months; these
changes in circulation regimes are due to the
downward propagation of bands of alternate zonal
winds from the top of the lower stratosphere to the
tropopause. The QBO can affect global stratospheric
circulation (Mazzarella et al., 2011). Over years,
worldwide many studies conducted to analyze the
relationship of climate indices (ENSO and QBO) and
precipitation. According to a study (Ihara et al., 2007)
in India, the association of the state of the equatorial
Indian Ocean, ENSO, and the Indian summer monsoon
precipitation was observed. A significant negative
correlation was found between the zonal wind
variations over the equatorial Indian Ocean and Indian
summer monsoon precipitation during the period of El
Nino while the similar analysis of the correlation of
Indian summer monsoon precipitation and SST index
did not exhibit significant correlation. Another study
for the Western Australia found strong influences of
DMI and ENSO indices on the precipitation (Hossain
et al., 2015b).
According to a study carried out for the Bangladesh
revealed slow increasing trend of All-Bangladesh
summer monsoon precipitation and for ENSO index a
very slow decreasing rate. There was no relationship
observed between the ENSO index and All-Bangladesh
summer monsoon precipitation (Ahmed et al., 2016). A
study for western North Pacific found that in
comparison with the easterly phase, during the westerly
QBO, a mid-latitude spring rainband expanding from
southeastern China to the east of the Japanese Islands is
shifted southward, and thus, the spring precipitation
over Korea and Japan represented a notable decline
(Seo et al., 2013). In a study of India statistical analysis
showed that in January-February, Zonal winds at 15
hPa were found to have the largest and most significant
association with Indian monsoon precipitation (Claud,
2007).
A research was carried out over eastern Africa
(Uganda, Kenya and Tanzania) and the correlation
analysis indicated that the variability of the long-rains
over the eastern part of Africa is associated with the
QBO index having the percentage of variation as 36
percent (Indeje and Semazzi, 2000). Several more
studies were also carried out in this context throughout
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the world (Ashok and Saji 2007; As-syakur et al. 2014;
Hidayat et al. 2016; Sanabria et al. 2018; Rasmusson
and Carpenter 1983; Li and Ting 2015; Fan et al. 2019;
Ailikun and Yasunari 2001;Bhalme et al. 1987; Claud
and Terray 2007; Indeje and Semazzi 2000; Kane
1989; Yahiya et al. 2009) but such studies over the
Pakistan are scant (Naheed and Rasul 2011; Bhutto et
al. 2009; Mahmood et al. 2006; Syed et al. 2006;
Mahmood et al. 2004; Zawar and Zahid 2013; Sarfaraz,
2007; Adnan et al. 2016; Khan 2004; Salma et al.
2012; Sheikh et al. 2010; Iqbal and Athar 2017; Safdar
et al. 2019; Akhtar and Athar 2019) and especially in
Peshawar city of Khyber Pakhtunkhwa province (study
area) no work is done. Therefore, this study is of
particular importance to understand the impacts of
climate indices (QBO and ENSO) on precipitation in
Peshawar city, and hence to predict the precipitation
accordingly. Within this framework, Pearson
correlation and cross-correlation analysis will be
performed between the climate indices (ENSO and
QBO) and precipitation and the Random Forest (RF)
modeling will be used for the prediction of
precipitation.
2. Material and methods
2.1. Study Area
Peshawar is the capital of the Khyber Pakhtunkhwa
province of Pakistan and is situated at the north-west
end of Pakistan, about 160 km west of the federal
capital Islamabad (Figure 1). On its three borders, it is
bounded by tribal agencies. This district’s total area is
1,257 square km. Its estimated population in 2020 is
2.20 million and 10 years ago (2010) it was 1.54
million which shows a rapid growth of 3.26% (WPR,
2020). It is located between latitude of 33° 44 to 34° 15
north and longitude of 71° 22 to 71° 42 east. MidNovember is the start of winter which lasts till the end
of March. Summer is in May to September months. In
summer, mean maximum temperature is over 40 °C
(104 °F) and the mean minimum temperature is 25 °C
(77 °F). In winter, the mean minimum temperature is 4
°C (39 °F) and maximum is 18.35 °C (65.03 °F)
(Bokhari, 2015). In both winter and summer season
Peshawar receives rainfall. Western disruptions bring
about critical winter rainfall, particularly in the months
of February and April. Highest winter and summer
precipitation are received in the months of March and
August respectively. Comparatively, greater average
rainfall is observed in winter than in summer
(Mehmood et al., 2017).
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Fig. 1. Study area map of Peshawar

2.2. Data Used and Data Description
2.2.1. TRMM: Precipitation (mm/month)
In this study we used free of cost TRMM precipitation
satellite based data sets. TRMM satellite was launched
in November, 1997. It is a joint mission between the
National Aeronautics and Space Administration
(NASA) and Japan Aerospace Exploration Agency
(JAXA). It has provided a legacy data set for 17-years
of nearly uninterrupted measurements covering the
tropics and subtropics (Houze et al., 2015; Hirose et al.,
2017). The TRMM satellite records the data using three
instruments including Precipitation Radar (PR),
TRMM Microwave Image (TMI) and Visible Infrared
Scanner (VIRS). Here we used the TRMM monthly
precipitation data of 37 years (1982-2018) (Iqbal and
Athar, 2017).
2.2.2. NOAA Physical Sciences Laboratory: Climate
Indices
ENSO occur in the Pacific Ocean, the two anomalies
are the SLP and SST. Its indices included in this study
are the Southern Oscillation Index (SOI), Nino-3.4,

Nino-3, Nino-4, Nino-1+2, QBO, SST and MEI. SOI is
the difference in sea level pressure (SLP) between
Darwin and Tahiti in the tropical west Pacific. The
West Pacific average sea surface temperature (SST)
anomalies are represented by Nino-3.4 covering region
from 5°N to 5°S and 170°W to 120°W, respectively.
Similarly Nino-3 represents the eastern pacific average
sea surface temperature (SST) anomalies covering
region from 5oS to 5oN and 90 o W to 150 o W while
Nino-4 is the Central Pacific average SST anomalies
covering area from 5oN to 5oS and 150o W to 160oE
(Islam et al. 2017). The Niño-1+2 region is the smallest
and eastern-most region of the Nino SST regions from
0oS to 10oS and 90oW to 80oW, and connected with
that area of the coastal South America where El Niño
was first known by the populations at locality
(Trenberth and NCAR Staff, 2020). The Quasi Biennial
Oscillation (QBO) index reduces the instability of the
equatorial stratosphere (1650km) and is seen as a
downward propagation of the eastern and western wind
regimes with a variable duration of about 28 months on
average (Baldwin et al. 2001). The Sea surface
temperature (SST) index represents the temperature of
the water closer to the surface of the ocean. MEI
combines full information on ENSO i.e. six oceanic
and meteorological parameters over the tropical Pacific
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(30°S to 30°N and 100°E to 70°W) (Mahmood et al.
2006). All of these climate indices were taken from the
NOAA
Physical
Sciences
Laboratory
(https://psl.noaa.gov/data/climateindices/list/) except
sea surface temperature data. The NOAA monthly
Optimum Interpolation (OI) Sea Surface Temperature
(SST) version 2.0 data covering 89.5 oN-89.5oS and
0.5oE-359.5oE
(https://psl.noaa.gov/data/gridded/data.noaa.oisst.v2.ht
ml) was used for the purpose. All indices data used
were for the period of 1982-2018.
2.3. Methodology
Along with simple statistical techniques like Mean and
Standard Deviation, the present study investigated the
concurrent and antecedent relationship between climate
indices and precipitation; Pearson correlation analysis
and cross correlation analysis were used in this regard.
The formulas of mean and standard deviation are
shown below:
(1)

(2)

Where n is the sample size,
precipitation and

is the mean of the

represents the precipitation values

(Lee et al. 2015).
To show the concurrent correlations between
precipitation and climate indices, the Pearson’s product
Moment Correlation coefficient was utilized which
measures the strength and direction of the link that
exists between the two variables (Obilor and Amadi,
2018). The value of R ranges between -1, 0 and 1. On
the basis of this statement, R can be either positive,
negative or zero. The positive value of R between 0
and 1 indicates positive correlation which means when
one variable increases the other also increases and if
the value of R is between 0 and -1 then when one
variable increases the other decreases. The 0 value of R
shows no correlation. Mathematically it can be
represented as:
(3)

Where xi stands for the precipitation data and yi for the
climate indices data (ENSO and QBO), respectively,
and

are the averages of the precipitation and climate

indices respectively.
To show the antecedent correlation between the climate
indices and precipitation, we applied cross-correlation

technique. In aligning two time series, the crosscorrelation is useful, in which one of two time series is
delayed with respect to the other, since its peak occurs
at the lag at which they are correlated in a best way i.e.
the lag at which they match up best (Menke and
Menke, 2012). In this study, monthly cross-correlations
were calculated between the climate indices and
precipitation for the range up to 12 months. In this way
the best associations were found at different lags. The
formula is:
(4)

Whereas rm represents the m lag time (Taweesin and
Seeboonruang, 2019). The R statistical software was
used for this analysis to identify and investigate the lag
time with maximum correlation value, to utilize in the
development of random forest model later.
2.3.1. Random Forest Model Approach
First step was to divide the data in two sets that is
training (1982-2008) and testing (2009-2018). Within
the decision tree techniques, random forest (RF)
proposed by Brieman (2001) was used which is a nonparametric and semi-unsupervised technique and
includes a combination of trees that are uncorrelated to
give prediction for the tasks of regression and
classification. A single decision tree can generate
maximum variance and is also prone to noise (James et
al. 2013), therefore to address this limitation, RF
produces multiple trees in which every tree is created
on the training data’s bootstrapped sample. A binary
split is made every time in a tree known as split node,
without replacement a random subset of predictors is
considered from the whole set of predictor variables.
Out of these predictors, one predictor make the split
where in the two resulting nodes, the response
variable’s expected sum variances are minimized. The
process of randomization in producing the features
subset impedes one or more especially strong predictor
from getting repeatedly selected at every split, resulting
in maximum correlated trees (James et al. 2013). After
the growth of all trees, every tree casts a vote on a label
class for the prediction value for regression or
classification task. The result is the average of all the
regression values or the most popular class. Waikato
Environment for Knowledge Analysis (WEKA)
version 3.8.4 software was used for the purpose. The
lagged climate indices and precipitation data for
training was entered in the software. Because of with
replacement sampling, some observations may not be
chosen during the boostrap which are known as out-ofbag or OOB, and utilized for the estimation of the error
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of the tree on data that is unseen. According to a study,
it is estimated that about 37 percent of the samples add
up OOB data. OOB is calculated on average for every
subsequent added tree to give the performance gain
estimate. This OOB is especially sensitive to the
number of trees and number of random predictors at
every split (Huang and Boutros, 2016). The predictive
performance of the model generally ameliorate (or
OOB error reduction) as the number of trees increases.
The default number of iterations i.e. the number of
trees was 100 which were tuned until the performance
was improved and in our case 500 trees showed
improved performance of the model and when we
increased the number of trees after this limit, the
performance was slightly improved with slight
reduction in OOB error from the previous one. From
this observation, we came to know that there is limit
for the number of tress after which growing more trees
cannot improve the performance of the model which is
in accordance with the previous research (Oshiro et al.
2012). In addition to the parameters listed above, a key
parameter for the random forest is the number of
predictors to consider in every point of split. In Weka
this can be changed by the numFeatures attribute,
which is set to zero by default and automatically
choose the value based on a rule of thumb (Brownlee,
2016).
2.3.2. Performance Evaluation Metrics
The performance of the model was evaluated using
three metrics i.e. correlation (r), Mean Absolute Error
(MAE) and Root Mean Square Error (RMSE).
MAE is the sum of the absolute of all error.
Mathematically it can be represented as follows:

(5)

The square root of the mean of the square of all of the
error is known as the RMSE. To measure the
performance of the model, it is considered the standard
statistical metric in the studies of meteorology, climate
research and air quality (Chai and Drexler, 2014). The
closer the value to zero, the best is the performance of
the model. Mathematically, it can be represented as
follows:

(6)

Where Xi is the measured precipitation and Yi is the
model predicted precipitation and n is the number of
values (Al-Mukhtar and Qasim, 2019).

3. Results
3.1. Statistical Properties of Precipitation
In this research, concurrent correlations between
Peshawar precipitation and climate indices such as
ENSO (Nino-1+2, Nino-3, Nino-3.4, Nino-4, SOI,
MEI, and SST) and QBO on monthly, seasonal and
annual basis and antecedent (cross-correlations) on
monthly basis were investigated. The statistical
significant antecedent correlations of precipitation with
the climate indices were further analyzed utilizing
random forest (RF) model for the prediction of
precipitation.
Table 1 presents the statistical data (mean and standard
deviation) of monthly, seasonal and annual measured
precipitation in Peshawar city. On monthly basis, the
maximum mean precipitation is during the month of
March (69.27) while minimum during November
(10.44). Generally, the distribution of monthly
precipitation is variable. Standard deviation (Std. Dev)
is suitable for the representation of variability. The
monthly Std. Dev for the region lies between 14.89 and
49.16. The highest value is observed during August
(49.16) and minimum (14.89) during November.
Similarly, the seasonal Std. Dev lies between 16.09
(winter) and 32.15 (spring) while the annual value is
39.93.
Table 1. Statistical data of monthly, seasonal and annual measured
precipitation in Peshawar
Months

Mean Precipitation (mm)

Std. Dev

Jan

29.55

22.48

Feb

56.60

41.68

Mar

69.27

48.93

Apr

53.38

43.34

May

26.07

31.24

Jun

16.17

20.44

Jul

51.60

48.13

Aug

52.37

49.16

Sep

23.81

29.58

Oct

11.22

24.54

Nov

10.44

14.89

Dec

22.02

25.94

Winter

36.00

16.09

Spring

47.92

32.15

Summer

40.05

30.79

Autumn

15.16

17.66

Annual

35.21

39.93
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3.2. Concurrent Correlations
3.2.1. Monthly Correlations
To reveal the concurrent correlations, the monthly
climate indices (Nino-3.4, SOI, MEI, QBO, Nino-3,
Nino-4, SST and Nino-1+2) have been treated against
the precipitation (Table 2). Best positive correlation is
observed between precipitation and the SOI index
during June at the significance level of 0.05. Nino-3.4
index has significant positive correlations during April
(0.05 significance level) and November (0.01
significance level). Similarly Nino-3 has positive
significant correlations during the April, May (0.05
significance level) and November (0.01 significance
level). Nino-4 has significant positive correlations
during the months of March and November (0.05
significance level) and negative during December (0.01
significance level). MEI index shows significant
positive correlation in the month of November at the
0.05 significance level. SST has significant positive
correlations during July and November at the
significance level of 0.05 and June, August and
October at the 0.01 significance level. The index of
QBO did not show significant correlation and the
highest are observed during September and December.
Nino-1+2 have significant positive correlations during
May at the significance level of 0.01 and November at
the significance level of 0.05. It can be summarized
that all the climate indices except QBO have shown
their significant positive or negative correlations with
precipitation in different months.
3.2.2. Seasonal and Annual Correlations
The concurrent correlations between the seasonal and
annual precipitation and climate indices (Nino-3.4,
SOI, MEI, QBO, Nino-3, Nino-4, Nino-1+2 and SST)
is shown in Table 2. On annual basis, no significant
correlations are observed between all the climate
indices and precipitation. During the seasonal analysis,
the significant positive correlations of 0.44, 0.34, 0.39
and 0.34 are observed for SOI, QBO, MEI and Nino-3
indices during the summer, autumn, spring and autumn
seasons, respectively. The highest correlation is
observed for SOI.
Figure 2 shows the annual precipitation and Nino-3.4
index variations for 37 years (1982-2018) in Peshawar.
The left side of the graph shows precipitation and the
right side shows Nino-3.4 index. Results indicate low
positive correlation (0.13) between precipitation and
Nino-3.4 index.
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Figure 3 depicts the annual precipitation and SOI index
variations for 37 years (1982-2018) over Peshawar
region. The graph’s left side is the precipitation and the
right side is the SOI index values. Results manifest
very low negative correlation (-0.05) between
precipitation and SOI Index.
Figure 4 depicts the annual precipitation and QBO
index changes in 37 years (1982-2018) over Peshawar
area. The left side of the graph shows the precipitation
and right side shows the QBO index values. Results
show insignificant low positive correlation (0.01)
between precipitation and QBO index.
Figure 5 exhibits the annual precipitation and MEI
index fluctuations during the period of 37 years from
1982 to 2018. Precipitation is represented by left side
and MEI index by right side. Findings indicate
insignificant low positive correlation (0.04) between
precipitation and MEI index.
Figure 6 shows annual precipitation and Nino-4 index
changes for the period of 37 years (1982-2018) over
Peshawar. The graph’s left side represent the
precipitation and right side the Nino-4 index values.
Findings indicate insignificant low positive correlation
(0.04) between the precipitation and Nino-4 index.
Figure 7 represents annual precipitation and Nino-3
index alterations for 37 years (1982-2018) over
Peshawar. The left side of the plot manifests the
precipitation and right side the Nino-3 index. Findings
indicate that there is insignificant positive correlation
(0.24) between precipitation and Nino-3.
Figure 8 represents annual precipitation and Nino-1+2
index variability for 37 years (1982-2018) over
Peshawar. The precipitation is represented by left side
and Nino-1+2 index by right side. Findings indicate
that there is insignificant positive correlation (0.27)
between precipitation and Nino-1+2.
Figure 9 represents annual precipitation and SST
variation for 37 years (1982-2018) over Peshawar. The
left side of the plot shows the precipitation and right
side the SST. Findings indicate that there is
insignificant low positive correlation (0.05) between
precipitation and SST.
Figure 10 shows annual precipitation and all ENSO
indices combined variation during 37 years (19822018) over Peshawar region. The left side of the graph
is the precipitation and right side manifests the
combination of all ENSO indices. The relationship
between precipitation and all ENSO indices on annual
basis is insignificant while the highest is observed for
Nino-1+2 and Nino-3.
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Table 2. Seasonal and annual correlation coefficients between climate indices and precipitation data
Peshawar Station
Indices/Seasons

Annual

DJF (Winter)

MAM (Spring)

JJA (Summer)

SON (Autumn)

Nino-3.4 Index

0.13

0.17

0.03

-0.14

-0.14

SOI Index

-0.05

-0.14

0.02

0.44**

0.07

MEI Index

0.04

0.05

0.20

-0.30

0.39*

QBO Index

0.01

0.14

0.01

0.26

0.34*

Nino-3 Index

0.24

-0.15

0.34*

0.09

-0.15

Nino-4 Index

0.04

-0.28

-0.27

-0.08

-0.09

Nino-1+2

0.27

-0.03

0.15

-0.08

0.07

SST

0.05

0.25

0.05

0.05

-0.15

**Correlation is significant at the 0.01 level (2-tailed).
*Correlation is significant at the 0.05 level (2-tailed).

Fig. 2. Variation in precipitation and Nino-3.4 index over Peshawar

Fig. 3. Precipitation variations and SOI index over Peshawar

Begum et al.,
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Fig. 4. Changes in precipitation with index QBO over Peshawar

Fig. 5. Precipitation fluctuations with index of MEI over Peshawar

Fig. 6. Nino-4 index and precipitation changes over Peshawar
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Fig. 7. Nino 3 index and alterations of precipitation over Peshawar

Fig. 8. Nino-1+2 index and precipitation variability over Peshawar

Fig. 9. Precipitation variations with SST over Peshawar

Begum et al.,
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Fig. 10. Combined changes in precipitation with ENSO indices over Peshawar city

Fig. 11. The characteristics of cross-correlation among the MEI, Nino1+2, Nino3.4, Nino3, Nino4, QBO, SOI and SST index and the monthly rainfall
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3.2.3. Association between climate indices and
precipitation by cross-correlation
The cross-correlation of eight indices such as MEI,
Nino-1+2, Nino-3, Nino-3.4, Nino-4, SOI, QBO and
SST and the precipitation at the Peshawar city were
applied in order to find the relationship of two time
series while utilizing a range of possible alignments. In
this process, significant applications include correlation
and the finding of delay times between the two
measured variables. Figure 11 shows the association
between the variables for 12 months. Here, the
negative lag values mean that rainfall is leading while
the positive lags mean that the climate index is leading.
We hypothesized that the actual association should be
that the climate index is leading and in the same
direction correlated with the precipitation. The climate
index was manifested to have a correlation to the
precipitation, and on the lag axis, the cyclic pattern is
because of signals periodicities. The blue lines in all
graphs of figure 11 show the lines of 95% significance
and any lines of lagged correlations crossing them are
considered as significant lagged correlations.
Figure 12 manifests the selected lagged times highest
significant correlations between the precipitation and
the climate indices. Six out of eight climate indices
have the maximum lagged correlations. MEI has 0.13
highest correlation at the lag (-5), SOI has -0.15 at lag
(-6), Nino-3.4 has 0.34 at lag (1), Nino-3 has 0.26 at
lag (1), Nino-1+2 has 0.29 at lag (-1), SST has -0.33 at
lag (9) while QBO and Nino-4 have very low
insignificant correlations and are therefore not
considered further in the analysis.

3.2.4. Random Forest (RF) Model
Figure 13 shows the TRMM precipitation and
predicted precipitation by Random Forest (RF) model
for Peshawar city during the training period (19822008). The model’s predicted precipitation followed
the trend of TRMM precipitation and performed well
during the training period but its performance was low
at the extreme precipitation phases. Similarly during
the test period (2009-2018), the model followed the
trend of TRMM precipitation but at the extreme phases
of precipitation its performance was low (Figure 14).
We next evaluated the overall performance of the RF
model using three metrics r, MAE and RMSE (Table
3). We observe similar trend in Figure 13, when RF
performs better on training set (higher r, lower MAE
and RMSE). The correlation (r), MAE and RMSE in
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case of training period are 0.97, 0.03 and 0.04
respectively which are pretty low showing the best
performance of the model and in case of test period
they are 0.40, 0.14 and 0.21 showing a bit low
performance.
Table 3. Performance evaluation of the Random Forest (RF) Model
Station

Period

Peshawar Training (1982-2008)
Test (2009-2018)

Correlation (r)

MAE RMSE

0.97

0.03

0.04

0.40

0.14

0.21

4. Discussion
Some studies carried out in this context in Pakistan are
mentioned. In a study to analyze the influence of North
Atlantic Oscillations (NAO) and Southern Oscillation
(SO) on winter precipitation in Pakistan, it was
concluded that statistical correlation of SOI with the
winter precipitation remained better contributor
towards the activity of rainfall in Hindukush,
Karakoram and Himalaya (HKH) areas. Its negative
phase was responsible for the above normal rainfall
and the positive one for the low rainfall (Afzal et al.
2013). Another research conducted to investigate the
effect of El Nino event on the summer monsoon
rainfall over Pakistan, where the monthly correlation
between MEI and percent summer monsoon rainfall
departure was calculated. In all Pakistan, during the
monsoon months (July, August and September), July
and September month correlation was significant while
during August it was insignificant. In Punjab province,
during all (July, August and September) months it was
significant and in Balochistan province no significant
correlation was found. In case of Sindh and NWFP
(presently Khyber Pakhtunkhwa) provinces, the
correlation was significant during August and July
respectively (Mahmood et al. 2006).
A research carried out in Pakistan for analyzing the
influence of El Nino Southern Oscillation (ENSO),
North Atlantic Oscillation (NAO) and Indian Ocean
Dipole (DMI) on precipitation in Pakistan found that
the positive DMI values and El-Nino years were the
reason for deficient rainfall over the whole Pakistan
and the monsoon region. It was also discussed that the
La-Nina years were generally positively correlated with
the precipitation. They found that the emerging
monsoon depressions from the Bay of Bengal which
moves towards the Pakistan did not reach and instead
dispersed over either India or Bangladesh.
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Fig. 12. The selected highest lagged correlation indices

Fig. 13. Prediction of precipitation in Peshawar city through Random Forest model (Training Period)

Fig. 14. Random Forest Model’s prediction of precipitation in Peshawar city (Test Period)
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The correlations of NAO with the winter rains were
found positive (Adnan et al. 2016). In another study,
Iqbal and Athar (2017) studied the variability, trends
and teleconnections of observed precipitation in the
Pakistan
region
(Gilgit-Baltistan,
Khyber
Pakhtunkhwa, Balochistan, Punjab, Sindh and Azad
Jammu and Kashmir) while taking into account the
circulation indices (NAO, IOD, ENSO, AO, PDO,
QBO and AMO) with the precipitation. The summer
season received maximum precipitation (45%),
whereas the pre-monsoon (post-monsoon) and winter
seasons contributed 30 and 20% (5%) respectively,
towards the whole annual precipitation. Also during the
monsoon and post-monsoon seasons, significant effect
of ENSO was noticed in all four seasons in the KPK,
AJK, Punjab, and Balochistan.
5. Conclusions
For Peshawar which is a rapidly growing city, the
behavior of precipitation particularly the variation of it
with the climate indices are important for the
designing, planning and development of water
resources management strategies. The present study
identify the concurrent and antecedent relationship
between climate indices such as El Nino Southern
Oscillation (Nino-1+2, Nino-3, Nino-3.4, Nino-4, SOI,
MEI and SST), Quasi-Biennial Oscillation and the
precipitation in Peshawar City-Pakistan and predict the
precipitation in the region. The results manifested that
on monthly basis, the highest significant concurrent
correlation is observed for SOI during June (0.48),
Nino-1+2 during May (0.47), SST during June (0.45),
August (0.42), and October (0.46), Nino-3 and Nino3.4 in November (0.44 and 0.43, respectively), and
Nino-4 during December (-0.44). During the seasonal
analysis,
the
significant
positive
concurrent
correlations are observed for SOI (0.44), QBO (0.34),
MEI (0.39) and Nino-3 (0.34) indices during the
summer, autumn, spring, and autumn seasons,
respectively. The highest concurrent correlation is
observed for SOI. On annual basis, no significant
concurrent correlations are noticed. In the antecedent
correlation analysis, six out of eight climate indices
have the maximum lagged correlations (MEI at lag (5), SOI at lag (-6), Nino-3.4 at lag (1), Nino-3 at lag
(1), Nino-1+2 at lag (-1), SST at lag (9)). During
prediction, the random forest model’s predicted
precipitation followed the trend of TRMM
precipitation and performed well in the training period
but its performance at the extreme precipitation phases
was low and similarly during the test period. The
results obtained from this study are of importance to
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help policy makers in decisions making and planning
for adaptation to the effects of climate oscillations.
Moreover, the findings can provide a support for the
better management of water resources in Peshawar.
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