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Abstract

The relative humidity in the atmosphere captured by AQUA satellite contains
missing matrices. In order to fill such missing values four very popular im-
putation techniques: Bilinear, Inverse Distance Weighting, Natural Neighbor
and Nearest Interpolations were tested. Mean Absolute Error (MAE), Root
Mean Square Error (RMSE), Coefficient of Determination (R?) and Correla-
tion Coefficient (Corr), were used to check the accuracy of these interpola-
tions. It was found that the Inverse Distance Weighting and Nearest Interpo-
lation were proved not to be suited. Natural interpolation gave accurate re-
sults than the aforementioned two interpolations. Missing values of relative
humidity were accurately refilled with Bilinear Interpolation. This interpola-
tion produced RMSE of +0.543 for relative humidity over 100, 150, 200, 250,
300, 400, 500 hPa while for 600, 700, 850 and 925 hPa RMSE remainnear to 1.
A perfect fit to the surface and very strong correlation (value near to 0.99)
was found between actual and imputed relative humidity data through Bili-
near Interpolation. Therefore it was concluded that the Bilinear Interpolation
is the most accurate and best imputation for missing values of relative hu-
midity form 100 to 1000 hPa levels.
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1. Introduction

Metrological data collected from satellites mostly contain gaps. Such gaps in data
set occur due to less efficient sampling of satellite subsystem [1] [2]. Using
missing data may produce misleading in purposed outcome of the research [3].
For the best use of relative humidity data, it is necessary to have best estimate of
the gaps in satellite captured data with imputation techniques [1] [4] [5] [6]. Sa-
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leem [6] mentioned that for the filling of such data, it was mandatory to have the
finest understanding of the spatial and temporal variations of climatic variables.
Robeson [7]; Junninen, Niska [1]; Norazian [4]; Yozgatligil, Aslan [8]; Saleem
[5] used average refilling of meteorological variables however this method of re-
filling lacks the integrity and quality in data set. Besides mean value imputations
also other imputation methods have been produced for filling gaps in meteoro-
logical dataset [1] [9] [10].

According to Sun and Oort [11]; Cho, Newell [12]; McCarthy and Toumi
[13]; Gettelman, Weinstock [14]; Dessler and Sherwood [15] water vapors were
major contributor to cloud formation and greenhouse effect in the atmosphere
of our globe and its variation in upper troposphere plays an important role in
daily radiation budget of earth [11] [15] [16]. The valuable work on relative hu-
midity in troposphere carried out by Lindzen [17]; Shine and Sinha [18]; Del
Genio, Kovari [19]; Sun and Oort [11]; Peixoto and Oort [20]; Harries [21];
Gettelman, Collins [22]. The past practice to collect relative humidity was car-
ried out through radiosonde which was not any accurate method [23] [24]. With
the passage of time, the emerging technological development introduced artifi-
cial satellites as a platform to observe water vapors in the atmosphere. The first
meteorological satellite was Mariner —2 Venus Probe, with the task to determine
water content in the planet Venus [25]. After this successful experiment, next
two satellites Cosmos 243 and 384 were lunched to measure relative humidity of
the earth [26]. Now relative humidity data are being captured by a number of
remote sensing satellites with high accuracy and precision [22] [27].

The relative humidity is defined as the relative amount of water vapors in the
atmosphere as a percentage of the amount required for saturation at the same
temperature. It varies quantitatively and qualitatively throughout the atmosphere.
The relative humidity can change in the atmosphere by either changing the
number of water vapors or by variation of temperature in the atmosphere [20].

Pakistan has latitudinal spread from the Arabian Sea in the South to the Hi-
malayan Mountains in North with longitudinal extent between Afghanistan and
India in West and East (Figure 1 and Figure 2). Pakistanis located in the sub-
tropic of the partially temperate region and is home of about 200 million people.
Its large portion is facing climate change for many decades. Pakistan is an arid to
semi-arid territory with changing in a meteorological variable like temperature,
humidity, etc. [28]. It is noted that a large variation in rainfall pattern through-
out the country with an average annual rainfall equals to 10 inches [5]. The
Monsoon rain is only dominant hydro-meteorological resource, contributing to
59% of the annual rainfall [29]. Most of the Himalayan regions receive precipita-
tion in the form of snow and ice in winter. The coastal climate is confined to a
shrink belt along the coast and a rise in temperature from 0.60°C to 1.00°C has
occurred since 1900 [30]. The coastal line of Pakistan faced four major cyclones
during 1999-2010 [31]. Hottest months are May and June with average temper-
ature of 51°C, while in February winter is on peak with average temperature of
60°C [30].
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Figure 1. Pakistan and it’s host regions location map [5].
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Figure 2. Altitude map of Pakistan with elevations in meters [5].
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The actual thrust of this research work was to devise a workable methodology
for carrying out scientific observation of upper atmospheric meteorology over
Pakistan in spite of lack of modern equipment and technological resource. Up-
per meteorological observation and monitoring were also not available in Pakis-
tan. However, Saleem [5]; Saleem [6] and Wazir [32] were a few dominant initi-

atives efforts on upper-level atmospheric observations.

2. Material and Methods
2.1. Data Used

AQUA satellite capturing water content from September 2002 to present and
AIRS [Atmospheric Infrared Sounder] is a sensor which is mounted on it [22]
[33]. AIRS operated in IR [infrared] and MW [microwaves] and it has nearly
2400 bands in thermal and visible regions. AIRS can also operate in 70% cloud
fraction [22] [34]. The ground resolution of data is 45 Km® and grid size is 10 by
10 degree latitude and longitude [35].

The current study is carried out by using AIRS level 6 version 3, for monthly
average relative humidity over 1000 to 100 hPa pressure levels. The studies on its
captured data set have been carried out by using balloons, radio sounding, and
aircraft observations. Divakarla, Barnet [36] and Tobin, Revercomb [37] highly

recommended the checking of AIRS data in the lower troposphere.

2.2. Imputations of Missing Dataset in Relative Humidity

In order to produce the best estimations for this missing data 30% of the relative
humidity was used to interpolate from 70% already known relative humidity
samples. Mean Absolute Error [AME], Root Mean Square Error [RMSE], Coef-
ficient of Determinations [R?*] Correlation Coefficient [Corr] used as perfor-
mance indicators in this research.

1) Inverse Distance Weight Interpolation (Idw)

It is the deterministic spatial interpolation which based on Tobbular’ Law of
geography [7]. Ferrari and Ozaki [38] used Equation (1) as given below: for in-

verse distance weighting

RH (x, )= (1)

where RH (x j) represents a missing sample of relative humidity, S;; was the

ij
weight factor for RH (x,-) samples, ¢ is the total number of relative humidity
samples and ris the degree of the weighting factor. Algorithm of IDW developed
by Langella [39] was used in this present research work.
2) Nearest Neighbor Interpolation [Nni]
NNI interpolation replaces gaps in dataset with nearest sample value [38] [40].
3) Bilinear Interpolation [Bi]

BI refills the gaps in dataset with respect to the best fit linear line in a dataset.
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Junninen, Niska [1] used Equation (2) for linear interpolation as given below:

RH =RH ,+m(RH, +RH ;) (2)
_RH,-RH,,
RH_,—RH

X, <x<x,and y,<y<y,

Equation (2) was the simple linear line equation, having (RHWRH },2) and
(RH'VZ,RH yz) sample points with m as their gradient.

4) Natural Interpolation (Ni)

In this method, the missing sample gets value from its natural neighbor and
Delaunay triangulation will be used to select natural neighbors sample around

the missing value [41].

2.3. Performance Indicators for Each Interpolation

Robeson [7]; Price, McKenney [42]; Junninen, Niska [1]; Perry and Hollis [43];
Norazian [4]; Hofstra, Haylock [44]; Rahman and Islam [2]; Ferrari and Ozaki
[38]; Saleem and Ahmed [34] have frequently used, Absolute Mean Error
[AME], Root Mean Square Error [RMSE], Coefficient of Determination [R*] and
Correction Coefficient [Corr] as performance predictor for these interpolations.
The present study was, also carried out in line with the same standard proce-
dure.

1) Root Mean Square Error [RMSE]

Norazian [4] used Equation (3) for RMSE as given below:

~ | —
N | —

2
RMSE = { Zt:[RH ~RH,, | } 3)
i=l1

In Equation (3) ¢ was the total number of samples [1]. RMSE gives the differ-
ence between original and imputed relative humidity sample and low value of it
will show accurate refilling of relative humidity [41].

2) Mean Absolute Error (MAE)

Junninen, Niska [1]; Norazian [4] wrote Equation (4) for MAE as given in the

following:

MAE = %Zt; |RH,, — RH.,| (4)
i=1

Precise refilling of dataset will be based on MAE value near to 0.

3) Correlation Coefficient (Corr)

It’s value of +1 shows a very good correlation and the good replacement of
missing data. Very bad imputation will occur when Corr has value near to 0.
Fisher [45]; Kendall [46] used the following equation this formula for Corr:

cov(RH,,,RH,, )

corr = 5 (5)
RH ,; Y RHoi
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cov [RHpi, RHoi] represents the covariance of RHpi, RHoi while & rit,; * Oritor
is the product of standard deviations.

4) Coefficient of Determination (R?)

It tells us about the degree of correlation in the dataset [2]. Its value closed to
1 indicates a perfect fit to the surface. [Norazian [4]] used Equation (5) for R* as

given below:

!
1 Z(RHpt - RHme )(RHaz _RHoiAm )
RZ — i=1 (6)
t 0,0,
where RH,, was the average value of imputed samples and RH,, is mean of

observed samples.

3. Results

The imputation over each pressure level was determined and the results are pre-

sented below.

3.1. Inverse Distance Weighting (IDW)

This interpolation technique showed good performance indicators for refilling
of relative humidity for 200, 250, 300, 400, and 500 hPa levels (Table 1).

3.2. Bilinear Interpolation (BI)

Performance parameter reveals that refilling of relative humidity at 100, 150,
200, 250, 300, 400 and 500 hPa was accurate and perfect with BI. Besides, for the
remaining pressure levels: 600, 700, 850, and 925 hPa, the results were also very
accurate and perfect. A strong correlation [0.995] and R’ close to 1, indicating
very good imputation of relative humidity for these pressure levels in the at-
mosphere (Table 2).

3.3. Natural Neighbor Interpolation (NNI)

This interpolation technique sit best for refilling of relative humidity for 100,
150, 200, 250, 300, 400 hPa with less than +0.5 RMSE value. The refilling of rela-
tive humidity for other pressure levels: 500, 600, 700, 850, 925 hPa also show
very good results ie., RMSE values remain close to +1 with MAE 0.339 along
with very strong correlation [0.985]. This interpolation technique show poor re-
filling of relative humidity data set at 1000 hPa level (Table 3).

3.4. Nearest Neighbors Interpolation (NI)

This interpolation technique showed perfect and accurate refilling of dataset for
150, 200, 250, 300 and 400 hPa levels. This interpolation proved not to be a very
accurate one for remaining pressure levels: 100, 500, 600, 700, 850, 925 and 1000
hPa (Table 4).
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Table 1. Inverse distance weighting interpolation out come and its performance

indicators.

Pressure Level RMSE MAE Corr R?
100 hPa 2.99499 1.311164 0.990843 0.976053
150 hPa 1.381706 0.626196 0.990864 0.976079
200 hPa 0.986867 0.442843 0.983107 0.96093
250 hPa 1.430705 0.614239 0.984604 0.963803
300 hPa 1.614868 0.684446 0.987918 0.970294
400 hPa 1.968786 0.810043 0.986889 0.968299
500 hPa 2.572736 0.976825 0.982391 0.959484
600 hPa 2.544889 0.991209 0.977163 0.949285
700 hPa 2.666085 1.062507 0.969852 0.935243
850 hPa 2.635646 1.140266 0.966787 0.929377
925 hPa 3.187562 1.328095 0.955893 0.908431
1000 hPa 2.387433 0.946757 0.946079 0.890205

Table 2. Bilinear Interpolation out come and its performance indicators.

Pressure Level RMSE MAE Corr R?
100 hPa 0.436691 0.152175 0.999766 0.993695
150 hPa 0.194324 0.074077 0.999762 0.993687
200 hPa 0.173128 0.072259 0.998547 0.991276
250 hPa 0.233962 0.088414 0.999077 0.992328
300 hPa 0.317036 0.116434 0.999382 0.992932
400 hPa 0.549317 0.174408 0.998675 0.991528
500 hPa 1.094282 0.319881 0.996549 0.987313
600 hPa 1.291553 0.361526 0.993658 0.981599
700 hPa 1.057029 0.353584 0.995588 0.98541
850 hPa 0.870191 0.316185 0.996085 0.986395
925 hPa 1.137214 0.405838 0.994118 0.982515
1000 hPa 2.98034 0.735997 0.985798 0.966279

Table 3. Natural Neighbor Interpolation out come and its performance indicators.

Pressure Level RMSE MAE Corr R?
100 hPa 0.399491 0.146958 0.999806 0.993775
150 hPa 0.187512 0.072191 0.999776 0.993715
200 hPa 0.1797 0.075983 0.998366 0.990918
250 hPa 0.287835 0.101589 0.998262 0.990718
300 hPa 0.30227 0.114388 0.99941 0.992988
400 hPa 0.461043 0.161557 0.999141 0.992454
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Continued
500 hPa 0.980983 0.28666 0.997148 0.988499
600 hPa 1.140132 0.362032 0.995251 0.984744
700 hPa 1.025949 0.355288 0.995727 0.985687
850 hPa 0.946461 0.339289 0.995654 0.985543
925 hPa 1.154599 0.413291 0.993726 0.981737
1000 hPa 3.034445 0.798869 0.985332 0.965328

Table 4. Nearest Neighbor Interpolation out come and its performance indicators.

Pressure Level RMSE MAE Corr R?
100 hPa 2.023075 0.836265 0.99583 0.985886
150 hPa 0.90006 0.376398 0.995761 0.985752
200 hPa 0.705101 0.307897 0.988958 0.972372
250 hPa 0.934865 0.389087 0.991558 0.977475
300 hPa 1.095927 0.478559 0.993971 0.982213
400 hPa 1.407733 0.579422 0.992967 0.980229
500 hPa 2.057877 0.723148 0.988169 0.970786
600 hPa 2.133231 0.711181 0.982746 0.960181
700 hPa 2.166127 0.734433 0.981541 0.957859
850 hPa 2.227724 0.735897 0.97875 0.952426
925 hPa 2.445183 0.820366 0.976137 0.947359
1000 hPa 2.333847 0.668129 0.972757 0.940868
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Figure 3. (a) Natural Neighbors Interpolation for imputation of relative humidity [100 hPa to
400 hPa]; (b) Natural Neighbors Interpolation for imputation of relative humidity [500 hPa to

1000 hPa].
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Figure 4. (a) Bilinear Interpolation for imputation of relative humidity [100 hPa to 400 hPa]; (b) Bilinear
Interpolation for imputation of relative humidity [500 hPa to 1000 hPa].

4. Discussions

The scatter plots were adapted in order to identify the perfect and accurate in-
terpolation form Natural and Bilinear interpolations. Good results for refilling of
relative humidity were found for 100, 150, 200, 250, 300 and 400 hPa through
NNI (Figure 3(a)).

However, NNI not able to accurately refill the missing data of relative humid-
ity over 600, 700, 850, 925 and 1000 hPa pressure levels (Figure 3(b)).

Filling of gaps in data with BI seem good for 100, 150, 200, 250, 300 and 400
hPa levels in every month of years (Figure 4(a)).

Besides for remaining pressure levels: 500, 600, 700, 850, 925 and 1000 hPa BI
suit to best for refilling (Figure 4(b)).

5. Conclusion

Based on the critical check and evaluation of interpolations regarding their
product it concluded that the Bilinear Interpolation was the best and accurate
for all pressure levels while Natural Neighbor Interpolation proved to be the
second best interpolation to substitute missing relative humidity of 100 to 1000
hPa.
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