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Researchers and data analysts commonly experience challenges while dealing with missing data for analyzing large data sets
in their respective field of studies. It is necessary to handle missing data properly to obtain better and more reliable outcomes
about any research. The objective of this research is to evaluate different imputation techniques for handling missing
observations occurred in the weather data. For this purpose, weather data of the variables: daily rainfall, maximum temperature
(Tmax) and minimum temperature (Tmin) Of 23 stations of Pakistan have been taken from Pakistan Metrological department for
the years 1981 to 2020. There are about 14610 total observations of each variable while each variable has different number of
missing observations, called as size of missingness, at different stations. The techniques: mean imputation, k nearest neighbors
(KNN) imputation, predictive mean matching (PMM) imputation and sample imputation have been considered for the
estimation of missing observations found while analyzing data of each station. The minimal value of root mean square error
(RMSE) is considered to decide about station-wise imputation technique because the size of missingness varied from station
to station. The KNN technique is the most appropriate to estimate the missing observations of the rainfall variables for all the
stations while mean imputation technique is recommended for Tmax and Tmin data; as compared to other imputation methods.
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INTRODUCTION

Weather data have been gradually gain considerable attention
from researchers of different field of studies to observe the
different environmental changes in any country. Temperature
and rainfall are the two most important weather variables and
plays very important role in many sectors of the country. The
agriculture sector is highly affected by the variability of these
two variables (Marui et al., 2002). The duration of the
growing season is influenced by temperature and plant
production is influenced by rainfall (Fiala et al., 2009;
Hatfield and Prueger, 2015). Almost all agricultural
production forecasting models contain these two weather
variables and yield of all major crops mainly depends on these
two variables. Pakistan is an agricultural dependent country
and is situated in arid regions of Asia; those have been usually
characterized by low rainfall and high temperature. The
economy of Pakistan depends on agriculture as it has fertile
soil that can produce all types of agricultural goods (Awan
and Aslam, 2015). The quantification of climate change
depends on identifying variations in rainfall and temperature
on a regional scale (Khattak and Ali, 2015; Rahman et
al.,2017). The monitoring of weather data plays very
important role for planning of different activities in any region
especially for agriculture sector (Fahad and Wang,

2020).Weather is one of the most important sources that
affects directly to crop yield, especially in the form of climate
variation (Ceglar et al., 2017). The valid modelling and the
use of up-to-date data analysis techniques will support the
farmers to make decisions about timely plantation and
managing their fields for drill and harvest (Ray et al., 2015).
For planning purpose there is requirement of at least thirty
year time series data (Azman and Zakaria, 2015), however the
collection and storage of long term time series data show huge
concerns in context to its quality and usage (Menne et al.,
2018). One of the major issues with long-term weather data is
the presence of missing data values (Afrifa-Yamoah et al.,
2020). The missing data may occur due to inadequate sample,
measurement mistakes, or data collection flaws (Saleem and
Ahmed, 2016). Addressing missing data in a time series is a
critical challenge for research. It not only causing difficulties
in parameters estimation but also cause misconception about
the temporal and spatial fluctuations of environmental
variables (Houari et al., 2016). In different real-life situations,
incomplete historical datasets required considered attention
from the policy makers. The several researchers have
recommended different imputation techniques while dealing
with the weather data (Malarvizhi and Thanamani, 2012;
Waljee et al., 2013; Armitage et al., 2015; Saleem and
Ahmed, 2016; Mehrotra et al., 2017; Yang and Kim, 2018;
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Egigu, 2020). However; the accurate forecasting for climate
data is a challenging task which requires non-missing data to
compute precise estimates so that appropriate decisions can
be purposed (Azman and Zakaria, 2015; Afrifa-Yamoah et
al., 2020). The data having missing values may provide
imprecise analysis and misleading results. Therefore, it is
always helpful to estimate missing value(s) before doing any
statistical analysis, especially when efficient computing
resources are available (Saleem and Ahmed, 2016).
Statement of the Problems and Objective of the study:
Missing data estimation is a cumbersome task and not
commonly addressed through imputation methods while
studying the weather data of Pakistan (Saleem and Ahmed,
2016; Inam et al., 2017; Rahman et al., 2020); therefore the
objective of the present study is to select appropriate
imputation method for estimating missing observations in
weather related data of different districts of Pakistan.

MATERIALS AND METHODS

Data source, validity, categorizations and techniques: The
daily weather data of three parameters: rainfall, maximum
temperature (Tmax) and minimum temperature (Tmin) Of 23
stations have been used in this research. The data have been
collected from Pakistan metrological department for 40 years
(1981 to 2020). The names of weather stations along with
their geographical coordinates are listed in Table 1 and shown
in Fig. 1.

Missing Data Imputation Methods: The approach of
estimating missing data from an observation based on
relevant values of other variables is known as missing data
imputation. Data imputation methods are classified into two
types: single imputation and multiple imputation (Schmitt et
al., 2015).

Single Imputation: It refers to assigning a possible
observation to every missing observation of a given variable
in a dataset and then analyzing it as if all the data had been

seen initially. The following are the most widely used single
data imputation methods, including mean imputation and k
nearest neighbors (KNN) imputation.
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Figure 1. Map of weather stations along with geographical
coordinates.

Mean Imputation: The mean imputation method is a
frequently used approach of substituting missing data. It
replaces missing observation with the sample arithmetic.
Let y;, ¥2,..., J, be the observed values of a dataset
containing n observations. The estimate of missing value,
Vmis USING the mean imputation is given by
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where ny, show the size of the observed values in the dataset
(Mehrotra et al., 2017).
KNN Imputation: In the KNN imputation method, the
observations from identical records in the same dataset are
copied to fill the missing observations. The similarity is

Table 1. List of 23 Weather stations of Pakistan along with geographical coordinates (Altitude, Latitude and

Longitude) of each station.

Station Altitude Latitude Longitude Station Altitude (m) Latitude (°C) Longitude

(m) C) (°C) (C)
Astore 2168 35.35 74.86 Quetta 1719 30.18 66.99
Chilas 1250 35.42 74.09  Jacobabad 55 28.28 68.44
Dara Ismail Khan 173 31.83 70.91  Sibbi 133 29.55 67.87
Dir 1375 35.19 71.86  Hyderabad 28 25.38 68.37
Faisalabad 186 31.42 73.08 Islamabad 507 33.74 73.08
Gilgit 1459 35.92 7431  Robhri 66 27.68 68.90
Kakul 1308 34.18 73.25  Karachi 21 24.86 66.99
Lahore 213 31.58 74.33  Multan 122 30.18 71.49
Parachinar 1725 33.89 70.10  Cherat 1372 33.82 71.88
Saidu Sharif 961 34.75 72.36  Jiwani 56 10.39 -0.37
Sialkot 255 32.49 7454  Kalat 2015 29.03 66.59
Skardu 2209 35.29 75.65
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usually determined using a distance function. The Euclidean
function is considered the famous distance function. There is
no need in the KNN method to create a prediction model for
each variable, but the choice of k value is critical. The KNN
defines a collection of k nearest neighbors and then replaces
the missing observations for a given variable with the average
of its neighbors. In order to estimate a missing observation,
Vmis USINg the k nearest neighbors method, the methodology
is as follows:

Select the appropriate number of k nearest neighbors.
Compute the distance between the missing values on variable
i and the other observed values by Euclidean distance
function given as

d(Ym> ¥o) =V i = Yoi)? )
where y,,; is the value of variable i on target population, y,,,
V1S the value of variable i on the other observed value, y,,
and d (ym, Vo) is the distance between the target observation
v, and the observed value, y,. Select k nearest observations,
based on values with the shortest distance.
Calculate the weights of the k nearest values. The weights can
be calculated as
1
a7 @)
The estimate of the missing value in the weighted average of
k nearest neighbors can be computed as
’.‘_ wym.
ymis:% (4)
Where y"j ,j=1,2,...)k, are the k nearest neighbors, W; are

weights of the k neighbors and W = 3¥_; W;. The KNN has
the benefit of being applicable whether the variables are
continuous or discrete. Nevertheless, the procedure takes a
long time when the size of the data is enormous, and selecting
the value of k is also challenging (Malarvizhi and Thanamani,
2012). In this paper the five nearest neighbor values are
selected such as k =1,k =2,k =3, k =4 and k =5 (Gou,
2011).

Multiple Imputation: It replaces multiple possible
observations (m different complete data sets) for each
missing observation rather than a single observation to
represent ambiguity about which observation to impute The
commonly used multiple imputation methods for weather data
are predictive mean matching (PMM) method and sample
method.

PMM Imputation: The PMM imputation method is used to
estimate missing value by using distance function approach
and imputed values are realistic and do not introduce
implausible values into the data. The PMM method used
different regression models like liner regression, decision tree
and random forest and choice of appropriate regression model
affect the accuracy of the imputations. Moreover, this method
preserved the distributional properties of the variable being
imputed and capturing non-linear relationship between
variables. Suppose in any dataset , the variable x has some

missing values. There are another variable I with no missing
data and is used to impute the missing values of variable x
then the algorithm of PMM imputation methods works in the
following way (White et al., 2010, Eekhout et al., 2014, Khan.
and Hoque. 2020, Abdullah et al.,2022).

i. In order to estimate the missing value of variable k , a
linear regression model is fitted between variable x and
I by considering k as response variable. The resulting
regression coefficients are denoted by S.

ii. The predicted values of the missing observation come
from the posterior distribution of complete observation
and for this purpose draw a random samples from
posterior distribution of g which can be further use to
generate multiple imputed datasets. Let S8* represents
the new set of coefficients.

iii. From each imputed dataset, the predicted values for k
are generated for all cases.

iv. In order to combine estimates from these multiple
imputed data sets, Rubin’s rules which are based on
asymptotic theory in a Bayesian framework, are used
which provide more accurate and reliable estimates of
the missing values. For each missing values of k this
method identifies a set of cases that are closest to the
predicted values with missing data.

v. Finally from close cases where multiple values can be
used to impute the missing values , one value is
randomly chosen to replace the missing value.

vi. Repeat steps ii to v several times to perform multiple
imputation for every completed data set.

Sample Imputation: A sample imputation method replaces a
missing value by randomly choosing one of the observed data
values from a simple random drawn sample of the available
observed ones.

Let y; , ¥2 ,..., Yno be the observed values and
ylmis, yzmis,..., y"r .. be the missing observations of a
dataset containing n=n,+n,, observations; the random sample
imputation replaces the missing observations with a sample
of n, from n, observed values. The random sample
estimation has the benefit of working with both continuous
and discrete variables (Mohammed et al., 2021).

Measure of Accuracy: The performance of imputation
methods could be evaluated using a frequently used measure
of accuracy named root mean square error (RMSE). It is a
grading method that is quadratic in nature, which also
calculates the error's mean magnitude. It is the square root of
the mean of the squared differences between imputed values
and original values. The RMSE is calculated as:

1TL
TOIACREINO

RMSE =
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where x; is the observed value and %;is the imputed value
concerning imputation methods, while n denotes the size of
data (Kamble and Deshmukh, 2017).

RESULTS

Summary Statistics of Selected Variables: The summary of
missing observations of rainfall, maximum temperature
(Tmax) and minimum temperature (Tmin) Of each station from
1981 to 2020 are given in Table 2 and presented accordingly
in Fig. 2.

From Table 2 it can be observed that the largest value of the
percentage of missing observations in rainfall is 11.60%
which occurred at Kalat station, followed by Quetta and
Jacobabad stations respectively where missing percentage is
8.71% and 8.61% respectively. On the other than no missing
observations were observed at Dara Ismail Khan station while
the lowest value of percentage (0.01%) of missing
observation was observed at Kakul station. Similarly, the
Kalat station also showed the highest missing value
percentage in both maximum and minimum temperature (T max
and Tmin) respectively with 10.70% and 16.70%. The lowest
percentage of missing observations in Tmax has been observed
at Sialkot and Dara Ismail Khan stations respectively. In all
other stations, different cases of missing observations have
been noticed for all three variables in the study years. Both

single and multiple imputation methods can be used for
estimating missing values when the missing data percentage
lies between 5 to 10% where as any imputation method can
be used if the missing percentage is less than 5% ((Jadhav et
al., 2019; Presti et al., 2010).
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Figure 2. Percentage of missing data with respect to
weather stations of three variables (Rainfall,
Maximum  temperature and  Minimum
temperature) from 1981 to 2022.

Table 2. Summary of missing data with respect to weather stations of three variables (Rainfall, Maximum
temperature and Minimum temperature) from 1981 to 2022.

Missing observations

Percentage of missing observations

Station name Rainfall Tmax Tmin Rainfall Tmax Tmin
Astore 62 139 98 0.42 0.95 0.67
Cherat 701 937 1036 4.80 6.41 7.09
Chilas 1182 167 128 8.09 1.14 1.01
Dara Ismail Khan 0 4 10 0.00 0.03 0.07
Dir 148 90 388 1.01 2.66 0.62
Faisalabad 190 9 10 1.30 0.06 0.72
Gilgit 41 55 19 0.28 0.38 0.13
Hyderabad 352 43 74 241 0.29 0.56
Islamabad 123 5 10 0.85 1.33 0.07
Jacobabad 1257 264 243 8.61 1.81 1.66
Jiwani 736 382 1232 5.04 2.61 8.43
Kakul 2 9 6 0.01 0.06 0.04
Kalat 1693 1567 2368 11.60 10.70 16.70
Karachi 243 202 204 1.67 1.39 1.49
Lahore 32 48 23 0.22 0.34 0.16
Multan 74 77 72 0.51 0.53 0.49
Parachinar 376 298 507 2.57 2.04 3.47
Quetta 1272 321 424 8.71 2.27 2.93
Rohri 131 310 727 0.90 2.14 4.98
Saidu Sharif 277 513 417 1.90 3.51 2.85
Sialkot 65 4 39 0.45 0.03 0.31
Sibbi 157 64 1519 1.07 0.48 10.40
Skardu 42 211 103 0.29 1.44 0.75
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In Fig. 2 the highest percentage of missing data has been
observed in the Tmin variable and the lowest percentage of
missing data has been observed in the rainfall variable. The
Tmax has observed a low percentage of missing data as
compared to rainfall and Tmin Variables during the whole study
period (1981 to 2020). In all 23 stations mostly, the largest
value of percentage of missing observations in rainfall has
been observed at Kalat station, followed by Quetta and
Jacobabad stations.

The summary statistics such as minimum (Min) value, mean,
standard deviation (SD), maximum (Max) value, skewness
and kurtosis of rainfall, Tmax and Tmin data from 1981 to 2020
of all selected stations under study are reported in Table 3.

In case of rainfall data, the minimum value is zero at each
station under study, which indicates that there is no rain at
those stations during different time periods. The maximum
481 mm per day rain has been observed in the Jacobabad
station during the whole study period followed by Lahore
station where 300 mm rain was observed. The Dir station
showed the highest average rainfall of 3.89 mm with standard
deviation of 9.9 mm whereas the lowest average rainfall of
0.23 mm was observed in Jiwani station with standard
deviation 2.54 mm during the whole study period. Overall,
there observed high value of standard deviation as compared
to mean rainfall which indicates that there observed a large

variation in the rainfall data at each station. The skewness
coefficient in all stations showed that the rainfall data is
positively skewed as its value is greater than 0 at all stations.
On the other hand, the kurtosis coefficient indicates that the
shape of the data at all stations is leptokurtic because kurtosis
is greater than 3. The maximum value 27.48 of coefficient of
skewness was observed in the Skardu district, while the
minimum skewness value of 4.68 was observed in the
Parachinar district. On the other hand, the maximum kurtosis
2386.11 was observed in Jacobabad station and the minimum
kurtosis was observed in Parachinar district, which is 34.14.

The descriptive analysis of maximum temperature data
indicates that the highest average temperature value 35.06 °C
was observed in the Sibbi station while the minimum average
value, 15.97°C was observed in Astore station. The minimum
value of SD was observed in Karachi, which is 3.84, while the
maximum value of SD, 11.25, was observed in Skardu. The
distribution of Tmax data is negatively skewed as the skewness
value is less than zero for all stations under study except
Skardu, which indicates positive skewness. In most stations,
the distribution indicates platykurtic except Karachi and
Jiwani stations those showed leptokurtic distribution.
Similarly in case of minimum temperature data, Skardu
stations showed minimum temperature 24 °C whereas
Jacobabad, Karachi and Sibbi stations indicate highest

Table 3. Summary statistics with respect to weather stations of three meteorological variables (Rainfall, Maximum
temperature and Minimum temperature) from 1981 to 2022.

Rainfall Tmax Tmin
Station Min  Mean SD Max  Skewness Kurtosis Min Mean Max Skewness Kurtosis Min  Mean SD  Max Skewness Kurtosis
Astore 0.00 127 464 11820 7.96 105.95 -6.10 1597 9.20 41.50 -0.02 1.86 -17.70 420 7.89 34.00 -0.09 2.43
Cherat 0.00 175 7.25 257.00 9.45 160.99 -0.30 21.33 858 4520 -0.07 2.02 -3.90 1268 6.82 32.20 -0.06 1.95
Chilas 0.00 054 282 70.00 10.90 170.94 080 26.39 10.26 48.10 -0.03 1.77 -3.50 1438 9.32 35.80 0.08 1.77
D.l.Khan 0.00 089 454 202.00 11.02 173.76 250 31.67 802 51.00 -0.33 2.19 -450 17.04 8.26 38.50 -0.30 1.78
Dir 0.00 389 9.90 166.00 4.69 33.77 0.00 2328 852 46.00 -0.40 2.14 -13.90 774 773 32.00 0.12 1.99
Faisalabad 0.00 108 519 180.30 9.61 130.23 0.00 31.01 795 4820 -0.36 2.27 -1.00 1748 851 37.10 -0.27 1.76
Gilgit 0.00 041 206 6450 12.21 21952 070 2418 9.66 46.30 -0.01 1.86 -9.60 7.67 7.46 32.00 -0.11 2.01
Hyderabad 0.00 046 507 203.00 20.30 561.05 340 3419 6.01 4850 -0.49 2.45 150 2111 6.03 39.20 -0.60 2.17
Islamabad 0.00 349 12.03 297.00 7.60 96.88 500 2873 7.55 46.60 -0.26 2.17 -2.70 1446 8.18 38.00 -0.14 1.76
Jacobabad 0.00 054 759 481.00 42.81 2386.11 7.50 3397 7.86 5250 -0.23 2.24 0.00 20.16 8.18 48.00 -0.05 1.83
Jiwani 0.00 028 254 165.00 27.45 1061.87 11.00 30.43 3.90 48.00 -0.22 3.09 0.00 21.28 504 4150 -0.63 2.62
Kakul 0.00 361 1001 243.00 5.86 69.29  -050 2323 7.27 40.00 -0.38 2.26 -7.30 1042 7.07 3110 -0.06 1.81
Kalat 0.00 058 315 88.00 11.48 186.85 -8.10 2222 847 54.00 -0.32 2.05 -13.00 580 7.93 47.50 0.02 1.95
Karachi 0.00 052 489 223.00 20.14 582.30 250 32.38 3.84 4850 -0.39 3.38 050 21.44 6.18 48.00 -0.57 2.06
Lahore 0.00 187 889 300.00 12.88 27423 740 3059 7.52 47.40 -0.33 2.33 110 1888 7.68 35.60 -0.28 1.80
Multan 0.00 065 421 127.00 11.83 180.98 6.20 3238 7.95 50.00 -0.35 2.19 -2.00 1871 874 3830 -0.28 1.75
Parachinar 0.00 283 7.95 115.00 4.68 3414 -060 2115 843 3950 -0.24 1.96 -16.60 7.38 856 31.00 -0.13 211
Quetta 0.00 0.72 367 113.00 12.08 22193 -1.00 2518 9.40 42.00 -0.32 1.96 -15.00 883 847 3350 -0.06 1.99
Rohri 0.00 032 390 173.70 26.45 937.08 10.00 3423 7.74 51.00 -0.32 2.03 -5.00 19.71 7.62 46.00 -0.34 1.93
Saidu sharif 000 2.87 841 187.00 5.27 41.79 120 2599 838 4550 -0.30 1.99 -7.00 1201 7.5 32.00 -0.04 1.85
Sialkot 000 275 889 251.00 8.53 11345 650 2935 7.63 47.30 -0.23 2.34 -2.00 1655 7.95 32.90 -0.28 1.79
Sibbi 0.00 049 345 81.00 10.86 14539 170 35.06 823 53.00 -0.30 2.04 -6.00 1940 9.11 48.00 -0.30 191
Skardu 0.00 066 524 232.00 27.48 1070.87 -6.60 20.42 11.25 50.50 0.02 2.15 -2400 6.08 9.77 39.50 0.07 2.64
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minimum temperature value of 48°C. The maximum average
value of 21.44°C was observed in Karachi and the minimum
average value of 5.80 °C was observed in Kalat in case of
minimum temperature data. The minimum SD value of 5.04
was observed in Jiwani, while the maximum value of SD was
observed in Skardu, which is 9.77. The distribution of
minimum temperature data is positively skewed for Skardu,
Dir, Chilas stations, while it is negatively skewed and
platykurtic for other stations.

Imputation Methods: To estimate the missing values in
rainfall, Tmax and Tmin data sets, the performance of four
different imputation techniques is compared. These
techniques are mean imputation, k nearest neighbors (KNN),
predictive mean matching (PMM) and sample method. In
mean imputation, the mean of the non-missing values for each
variable was computed and then missing values were imputed
by this mean. In k nearest neighbors (KNN) method, five data
sets based on five nearest neighbor values were generated
such as (k=1,k=2,..,k=5). In predictive mean
matching (PMM) method and sample method the five data
sets were also generated including (p =1,p=2,.. p=15)
and (s = 1,s = 2,...,s = 5) where p shows five data sets for
prediction mean matching and s shows five data sets based on
random sampling method. The root mean square error
(RMSE) was used as an accuracy measure for selecting

appropriate techniques for estimation of missing observations
in the three selected data sets. The results of all four methods
are reported in Table 4 to Table 6. The bold value in these
tables indicate the minimum RMSE in each imputation
method.
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Figure 3. Comparison of different Imputation methods of
rainfall data at various missing percentage
values based on RMSE.

Table 4. Comparison of different Imputation methods of rainfall data at various missing percentage values. Smaller
values are better. Best values are displayed in boldface based on RMSE

Single imputation methods

Multiple imputation methods

Stations Mean KNN PMM Sample

k=1 k=2 k=3 k=4 k=5 p=1 p=2 p=3 p=4 p=5 s=1 s=2 s=3 s=4 s=5
Astore 0.08 0.04 0.05 0.04 0.03 0.02 010 055 0.16 0.05 024 053 0.21 032 042 0.19
Cherat 0.38 0.88 0.63 050 042 041 112 100 1.14 099 0.72 151 265 185 192 171
Chilas 0.15 0.69 058 0.19 0.16 0.16 0.72 0.90 098 0.82 113 065 1.03 095 1.15 0.57
Dir 0.39 1.01 0.63 041 037 025 1.03 126 101 111 090 083 158 138 0.67 0.93
Faisalabad 0.12 0.31 0.18 0.09 0.05 0.02 0.19 0.81 056 045 043 0.36 0.70 053 1.69 0.83
Gilgit 0.02 0.01 0.00 0.00 0.00 0.00 0.04 0.20 0.01 0.03 0.14 0.3 0.03 021 029 0.14
Hyderabad 0.07 0.13 0.09 0.06 0.03 0.00 1.02 124 145 149 126 031 0.79 052 0.14 0.65
Islamabad 032 176 199 056 043 034 062 0.76 091 0.16 115 152 170 0.88 0.71 0.83
Jacobabad 0.16 0.65 051 0.12 0.08 0.04 0.16 4.13 0.89 102 097 164 081 140 409 1.11
Jiwani 0.06 056 0.79 015 035 0.07 041 050 057 051 144 102 129 082 0.62 0.53
Kakul 0.04 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.11 0.00 0.00 0.00 0.16
Kalat 0.20 0.76 0.72 056 051 049 140 178 136 1.83 136 131 1.12 094 117 0.57
Karachi 0.07 0.62 0.37 044 030 0.29 1.06 066 121 0.32 035 111 0.18 096 047 0.17
Lahore 0.09 0.06 0.84 0.83 047 0.10 0.14 0.15 0.16 0.36 025 045 0.04 027 0.16 0.90
Multan 0.05 0.10 0.01 0.01 0.01 0.00 0.34 0.14 0.02 0.12 063 0.27 0.04 0.17 0.19 0.02
Parachinar 045 1.12 105 0.68 056 046 155 154 148 123 132 141 160 0.89 140 1.13
Quetta 021 112 090 0.64 0.62 055 157 148 156 143 157 140 154 114 136 1.36
Rohri 0.03 0.14 0.17 0.01 0.08 0.07 1.02 062 1.49 086 0.18 0.18 0.14 0.07 051 0.76
Saidu sharif 0.40 0.82 0.64 067 058 048 096 139 125 114 125 117 1.13 124 029 0.14
Sialkot 0.18 0.29 0.26 0.07 0.05 0.01 091 020 0.23 0.66 057 126 073 104 027 041
Sibbi 0.05 0.69 0.37 0.07 0.07 0.07 052 060 035 036 043 046 0.13 038 019 0.25
Skardu 0.04 0.05 0.09 0.02 0.03 0.01 0.12 0.28 0.08 0.05 0.10 0.06 0.06 0.03 0.53 0.13
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Table 5. Comparison of different Imputation methods of maximum temperature data at various missing percentage
values. Smaller values are better. Best values are displayed in boldface based on RMSE.

Stations Single imputation methods Multiple imputation methods
Mean KNN PMM Sample
k=1 k=2 k=3 k=4 k=5 p=1 p=2 p=3 p=4 p=5 s=1 s=2 s=3 s=4 s=5
Astore 1.56 143 141 139 141 141 136 138 137 143 143 187 195 184 184 181
Cherat 5.40 572 573 574 574 574 580 581 578 581 582 592 569 587 577 582
Chilas 2.82 272 270 269 269 270 259 263 262 259 267 308 288 28 293 311
D.l. Khan 3.78 398 399 401 400 399 392 394 391 391 393 408 383 392 391 387
Dir 3.80 417 417 418 418 418 409 416 413 412 412 403 406 397 397 395
Faisalabad 0.77 089 092 093 094 091 o074 077 078 080 0.78 078 0.78 0.80 0.84 0.88
Gilgit 1.48 120 117 116 117 122 111 114 109 114 116 165 169 162 161 144
Hyderabad 1.85 183 182 18 186 184 180 181 178 184 180 183 189 180 187 193
Islamabad 3.32 3.70 372 372 372 372 366 369 367 366 364 342 338 339 339 344
Jacobabad 4.57 441 439 439 439 439 437 434 436 436 434 466 466 465 471 472
Jiwani 4.92 477 476 475 475 476 482 484 481 481 483 499 494 497 493 490
Kakul 0.58 0.77 076 077 0.76 0.77 059 0.65 063 066 0.60 054 059 0.66 065 0.59
Kalat 7.28 760 759 758 758 758 754 760 753 757 752 777 782 781 785 7.76
Karachi 3.82 366 366 368 368 369 368 367 368 367 363 387 38 38 390 385
Lahore 177 195 194 195 196 194 187 187 189 188 189 177 176 18 182 176
Multan 2.35 254 254 255 254 254 249 248 247 249 249 244 240 235 232 243
Parachinar 3.02 317 314 316 316 317 313 312 311 315 311 323 328 335 327 331
Quetta 3.78 428 427 428 427 427 428 427 427 428 428 404 395 4.08 405 4.00
Rohri 5.00 495 496 496 497 497 493 495 493 492 49 518 528 517 517 513
Saidu sharif 4.87 554 552 553 554 556 551 551 549 549 548 506 525 513 515 522
Sialkot 0.73 0.70 064 069 072 070 063 066 064 070 063 079 0.77 0.80 062 0.68
Sibbi 243 287 285 285 285 284 278 282 279 282 282 251 256 237 251 249
Skardu 245 375 366 372 369 370 336 334 327 336 334 28 294 291 292 279
Mean k=1  em——k=2  e—k=3 Karachi, Chilas, Kalat, Quetta, and Jiwani stations in
k=4 k=5 emm—p=] = em—p=2 estimating rainfall data. On the other hand, the KNN
p=3  =—p=4 p=5 s=1 imputation method at k = 3 is appropriate for Rohri, Gilgit,
s=2 s=3 s=4 $=5 Skardu, Astore, Dir, Faisalabad, Sialkot, Multan, Hyderabad
71 and Jacobabad stations. The KNN at k = 5, is appropriate for
8 - Rohri, Gilgit, Skardu, Astore, Dir, Faisalabad, Sialkot,
7 Multan, Hyderabad, and Jacobabad. The PMM imputation
6 | method at p = 4 is appropriate for Islamabad, while the
\ sample method at s =4 is appropriate for Saidu Sharif
§ > ] A | except for s = 1 and s = 5. There is no missing rainfall data
€ 4 v\ 4 observed in Dara Ismail khan, so there is no need of
31/ // :‘ , imputation for this station.
) | f - Like rainfall data the missing value is also computed in
] | 4 . temperature data and results of all selected methods are
11 o reported in Table 5 for Trmax and in Table 6 for Tpin data. In
o+ case of maximum data, mean approach is appropriate for
g g é i:j S35313 § 3 E z § 55 £E E’ £3 f,ft_: Saidu Sharif, Skardu, Dir, Parachinar, Dara Ismail Khan,
556 Lg? ocg ‘g" EX¥¥58353%937 % Islamabad, Quetta, Cherat, and Kalat stations based on
E 5 328 8 2 smallest value of RMSE. The KNN method at k = 3 and k =
® 2 4, is suitable for Jiwani station only. Whereas the PMM
a Stations method is appropriate for Astore, Chilas and Faisalabad

Figure 4. Comparison of different Imputation methods of
maximum temperature data at various missing
percentage values based on RMSE.

The results from Table 4 and Fig. 3 indicate that the mean
imputation approach is suitable for Parachinar, Cherat, Sibbi,

stations at p = 1, Gilgit and Hyderabad at p = 3, Rohri at
p = 4 and Karachi at p = 5, while at p = 2 and p = 5 this
method is appropriate for Jacobabad station. The sample
imputation method is appropriate for Kakul and Lahore
stations at s=1, and s =5 respectively. The sample
imputation method is also suitable for Sibbi, Sialkot and
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Table 6. Comparison of different Imputation methods of minimum temperature data at various missing percentage

values. Smaller values are better. Best values are displayed in boldface based on RMSE.

Single imputation methods

Multiple imputation methods

Stations Mean KNN PMM Sample

k=1 k=2 k=3 k=4 k=5 p=1 p=2 p=3 p=4 p=5 s=1 s=2 s=3 s=4 s=5
Astore 034 064 062 066 065 065 066 068 066 067 068 071 071 069 0.73 0.70
Cherat 338 374 371 372 371 373 363 358 366 364 366 379 387 380 377 384
Chilas 144 135 133 133 133 133 133 13 133 132 134 165 172 164 179 176
D.l. Khan 045 044 043 042 042 042 033 030 032 031 030 322 048 041 049 055
Dir 061 097 098 099 098 099 101 102 102 097 100 087 089 090 0.86 0.89
Faisalabad 148 130 130 128 129 129 130 127 129 128 129 169 161 177 164 171
Gilgit 028 034 033 033 033 032 025 024 019 020 025 031 041 037 040 035
Hyderabad 158 151 151 151 150 150 149 149 148 147 147 162 168 164 166 155
Islamabad 038 034 034 034 034 034 024 026 024 029 021 373 040 039 041 047
Jacobabad 260 261 258 256 256 256 259 260 259 261 257 291 287 281 284 284
Jiwani 6.18 646 646 646 645 646 640 642 638 642 644 639 631 638 6.36 6.45
Kakul 021 035 036 036 037 037 027 025 028 026 028 028 034 025 024 0.28
Kalat 237 407 397 396 392 390 4.04 404 404 408 4.03 392 407 4.04 387 4.05
Karachi 262 231 229 232 231 230 232 232 234 232 232 278 275 279 280 271
Lahore 075 072 072 072 071 071 067 068 067 068 067 081 066 087 081 0.86
Multan 131 149 149 150 149 150 151 150 149 150 150 146 150 134 154 144
Parachinar 138 239 235 235 233 234 221 219 217 220 223 222 217 217 215 222
Quetta 151 247 244 245 242 241 239 244 234 238 234 221 222 221 204 215
Rohri 440 514 513 513 513 513 498 497 501 498 498 479 468 476 4.68 4.80
Saidu Sharif 2.03 290 289 290 289 283 283 284 285 285 284 255 245 249 236 244
Sialkot 092 092 092 092 092 092 094 09 09 09 091 102 106 102 111 1.03
Sibbi 6.26 7.04 7.03 704 703 705 699 702 700 700 7.05 698 7.06 700 700 7.04
Skardu 053 190 187 18 181 181 131 136 147 139 137 111 104 096 102 0.94

Multan at s =3 and s = 4. The Fig. 4 has displayed the
variants of maximum temperature (Tmax) for each weather
station.

Mean k=1 k=2 k=3
k=4 k=5 p=1 p=2
p:3 — p:4 p=5 s=1
s=2 s=3 s=4 s=5

RMSE

O R, N W b U1 OO N 00 O
=
\

Dir

Kalat
Karachi
Rohri
Saidu sharif
Sibbi

Faisalabad
Gilgit

Astore
Cherat
Chilas

Dara Ismail Khan
Hyderabad
Islamabad
Jacobabad
Jiwani
Kakul
Lahore
Multan
Parachinar
Quetta
Sialkot

Station
Figure 5. Comparison of different Imputation methods

for minimum temperature data at various
percentages of missing values based on RMSE.

In case of minimum temperature data, the comparison of four
imputation methods is given in Table 6 and display in Fig. 5.
The selection of imputation method in each station is based
on minimum value of root mean square error (RMSE). The
table shows that the mean imputation method is appropriate
for Saidu Sharif, Skardu, Astore, Dir, Parachinar, Kakul,
Quetta, Multan, Rohri, Cherat, Kalat, Sibbi and Jiwani station
The KNN imputation method is suitable for Karachi at k = 2
and Jacobabad at k = 3,4 and 5. The PMM imputation
method is suitable for Faisalabad atp = 1, Gilgit at p = 3,
Chilas at p = 4, Sialkot and Islamabad at p = 5 while Dara
Ismail khanat p = 2 and p = 5 and Hyderabad at p = 4 and
p = 5. The sample method is only appropriate for Lahore at
s = 2. From the whole data it can be concluded that for
rainfall data, the KNN imputation method is most appropriate
while for Tmax and Tmin data the mean imputation method is
most appropriate as compared to other methods based on
RMSE values.

DISCUSSION

The objective of this paper is to estimate missing observations
in the chosen weather data of Pakistan. For this purpose, the
data of rainfall and temperature (Tmax and Tmin) of 23 stations
of Pakistan from 1981 to 2020 have been collected. The
weather data having missing values can cause bias in
estimation due to systematic errors because of missingness.
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Therefore, it would be wise approach to estimate the missing
values precisely, so that rational conclusions can be made
(Alsaber et al., 2021). Anderson and Gough ( 2018) argued
that missing data is a common occurrence in climatological
time series and its estimation is big challenge for researchers.
The main contribution of this study is to find the most
appropriate method for estimating the missing observations in
the weather data set of Pakistan. Single and multiple
imputation methods have been used while comparing the
performance of each using the RMSE. The single imputation
methods including Mean method and KNN method while the
multiple imputation including PMM method and Sample
method have been used for estimation purpose. The results
showed that KNN method precisely estimate the missing
values of rainfall (Aieb et al., 2019). In case of maximum
temperature (Tmax) and minimum temperature (Tmin) data the
mean imputation method is recommend (Twumasi-Ankrah, et
al., 2019) performed better at different missing rates. The
major finding of the research is that selection of appropriate
imputation method should be based on the size of missing
observation in the weather data but may not be the case all the
times (Jadhav et al., 2019).

Conclusion: Missing values in the time series data is common
problem in many fields of study and imputation of the missing
values is of great concern in these days. The objective of this
paper is to compare four imputation techniques known as
mean imputation, KNN imputation, PMM imputation and
sample imputation for estimating missing observations in
rainfall and temperature data of 23 stations of Pakistan for the
years 1981 to 2020. RMSE is used as an accuracy measure to
test and evaluate the performance of different imputation
techniques. The results have shown that the selection of
imputation method is different in each station of rainfall and
temperature data due to different missing rates. For rainfall
data, the KNN is the most appropriate imputation method
while for temperature data mean imputation method is most
appropriate as compared to other methods.
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