W) Check for updates

Received: 9 September 2020 Revised: 9 July 2021 Accepted: 7 September 2021

DOI: 10.1002/met.2030

Meteorological Applications

RESEARCH ARTICLE Science and Technology for Weather and Climate

Regression models for predicting daily IGS zenith
tropospheric delays in West Africa: Implication for GNSS
meteorology and positioning applications

Samuel Osah | Akwasi A. Acheampong | Collins Fosu | Isaac Dadzie

Department of Geomatic Engineering, Ab
College of Engineering, Kwame Nkrumah stract
University of Science and Technology, The ability to precisely and accurately model and predict tropospheric delay is

Kumasi, Ghana essential for precise global navigation satellite system (GNSS) and meteorological

Correspondence applications. The International GNSS Service (IGS) provides highly accurate and

Samuel Osah, Department of Geomatic highly reliable daily time series zenith tropospheric delay (ZTD) products for all its
Engineering, College of Engineering,

Kwame Nkrumah University of Science . . . . .
and Technology, Kumasi, Ghana. internet connectivity, equipment failure, and power outages the IGS station is inacces-

member sites using data from each IGS site. Nevertheless, if for reasons such as poor

Email: osahsamuel@yahoo.ca sible, gaps are created in the data archive, resulting in degrading the quality of the
ZTD estimation, as well as inhibits the quality of precipitable water vapour (PWV) esti-
mation, needed for precise positioning applications, meteorological studies, and
weather forecasting. To address this challenge, five regression models are proposed in
this study to model and predict daily ZTDs using daily datasets from four IGS stations
in West Africa over a period of 5 years (2015-2019). The site-specific Vienna Mapping
Functions 3 (VMF3) products (ZTD, pressure, temperature, water vapour partial pres-
sure) and stations' coordinates (latitudes and longitudes) are used as the predictors, while
the IGS final ZTD product as the response variable in fitting the models. Several perfor-
mance measures are calculated to compare the predictive performance of the models.
The results show that the five regression models performed outstandingly and agree very
well with the IGS-ZTD data, and hence provide a useful alternative for ZTD predictions
and also in the event the West African IGS stations' ZTD data are unavailable. Nonethe-

less, the support vector regression model outperformed the remaining four models.
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1 | INTRODUCTION research in the last few decades (Li et al., 2020; Yang

et al., 2020, 2021). Tropospheric delay induces an excess
The ability to precisely and accurately model and predict propagation path length on global navigation satellite
tropospheric delays has become an important field of  system (GNSS) signals when propagating through the
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troposphere due to the variations in refractivity along the
signal transmission path (Mendes, 1999). The excess
propagation path length introduces an error in the mea-
sured range, and the end degrades the positioning accu-
racy, particularly the vertical component (Nikolaidou
et al., 2018).

The impact of the tropospheric delay on GNSS signals
ranges from approximately 2.0 to 2.6 m in the zenith direc-
tion to approximately 20-28 m near the horizon and at
lower elevation angles (Sanlioglu & Zeybek, 2012). The
fact that tropospheric delay cannot be removed by a com-
bination of dual or multi-frequency GNSS observations
owing to its non-dispersive nature, unlike the ionospheric
delay, the tropospheric delay is considered as the major
error source in GNSS applications and, therefore, remain a
major challenge and a growing concern to GNSS users.
Precise and accurate modelling and/or mitigation of tropo-
spheric delay is, therefore, required for precise positioning
and navigation applications. Moreover, precise estimates
of tropospheric delay can as well be utilized to infer precip-
itable water vapour (PWV) in the atmosphere with high
spatial and temporal resolution (Bevis et al., 1992, 1994),
which plays a critical role in meteorological studies,
weather forecasts, and climate monitoring.

With the growing demand for GNSS technology, a
dense network of permanent and continuously operating
IGS stations has been established and distributed globally
with the aim of using GNSS for precise geodetic applica-
tions and a tool for remote sensing of water vapour in the
atmosphere (Hadas et al., 2017). Owing to the non-
uniform spatial and temporal distribution of water vapour
content in the atmosphere, several techniques and models
have evolved over the years towards the estimation and
mitigation of tropospheric delay (Hofmann-Wellenhof
et al., 2008; Jiang et al., 2020). The models are grouped into
surface meteorological parameter-dependent models
(Black, 1978; Hopfield, 1969; Saastamoinen, 1972) and
user location and time-dependent models (Landskron &
Bohm, 2018; Leandro et al.,, 2008; Penna et al., 2001).
Recently, the application of different techniques such as
precise point positioning (PPP) (Hadas et al., 2013; Zhao
et al., 2018; Zhu et al., 2010), artificial neural network
(ANN) (Ding & Hu, 2019; Yang et al., 2017; Zhang et al.,
2020), and adaptive neuro-fuzzy inference system (ANFIS)
(Suparta & Alhasa, 2013, 2015, 2016) has also proven use-
ful in modelling and predicting tropospheric delay in the
zenith direction (ZTD), since the empirical models cannot
provide enough accuracy for precise positioning (Yang
etal., 2017).

The IGS provides, among other products, high-quality
continuous daily time series ZTD products at an accuracy
of approximately 4 mm for all IGS ground sites using
PPP technique and data in rinex format generated by

each IGS site (Byun et al., 2005). Due to the high quality
of the IGS-ZTD product, it is being utilized as the stan-
dard reference for validating the performances of other
ZTD models or products and also the retrieval of PWV
for research and meteorological applications (Ding & Hu,
2019; Yao et al., 2018). The quality of the IGS-ZTD esti-
mates depends on the quality and continuous daily data
archive at the various IGS ground stations (Byun
et al., 2005). However, if for some reasons, such as poor
internet connectivity, equipment failure, and electrical
power problems or outages (Isioye et al., 2015; Ssenyunzi
et al.,, 2019), the IGS ground sites are inaccessible or
absent, gaps are created in the data archive owing to the
inconsistency of data streaming, and the quality of the
tropospheric delay estimation is degraded (Jgouta et al.,
2016). This as well inhibits the quality and continuous
retrieval of the PWV by the IGS sites. The African IGS
ground sites, apart from being limited in number, are
also noted for having large data gaps (Isioye et al., 2015;
Ssenyunzi et al., 2020; Walpersdorf et al., 2007), as evi-
dence from Figure 1, and for that reason lack providing
continuous daily data, which are resourceful and ade-
quate to provide high spatial and temporal resolution
ZTD data. Thus, the accurate quantification of ZTD
remains a challenge in West Africa. Therefore, the need
to investigate alternative methods for predicting ZTD to
augment and improve the continuous availability of ZTD
data at the IGS stations in West Africa is very crucial.

This paper proposes to apply five statistical regression
models, multiple linear regression (MLR), quadratic
regression (QR), generalized linear model (GLM), gener-
alized additive model (GAM), and support vector regres-
sion (SVR), to build a reliable and accurate prediction
model for predicting daily IGS final ZTDs in West Africa.
Moreover, if the under-studied IGS tracking stations'
ZTD data are inaccessible or absent, the best prediction
model can as well be utilized as an alternative model to
predict the missing ZTD values as a means of improving
continuous data availability at the stations. These models
were selected following Clements et al. (2005), Sayegh
et al. (2014)), Parveen et al. (2016, 2017, 2020),
Acheampong and Obeng (2019)), and Zhang et al. (2019),
as these models have been commonly used in other areas
of study.

In recent years, numeric weather prediction (NWP)
re-analysis data from worldwide used models such as
those of European Centre for Medium-Range Weather
Forecasts (ECMWF), the National Centres for Environ-
mental Prediction (NCEP), and National Centre for
Atmospheric Research (NCAR) have become a source of
atmospheric data for ZTD modelling by many research
institutes and groups as a means of improving space geo-
detic techniques such as GNSS (Hobiger et al., 2008; Li
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et al., 2020; Urquhart et al., 2014; Zhou et al., 2020). The
Vienna Mapping Functions (VMF: VMF1 and VMF3) ser-
vice, formally the Global Geodetic Observing System
(GGOS) atmosphere project developed at the Vienna
Technical University (TU Wien), is one such institution.
The VMF service, among other products, offers daily con-
tinuous site-specific ray-traced zenith tropospheric delays
(ZHD, ZWD), surface meteorological parameters (P, T,
and e), and mapping functions derived from the ECMWF
ERA-40 (for VMF1) and ERA-Interim (for VMF3) re-
analysis data at 6 h daily and 4 epochs (00, 06, 12 and
18 UT) temporal resolution for IGS stations worldwide.
VMF1 is the most widely used product. The precision
and accuracy of the VMF service products have been
investigated and validated against the IGS zenith delays
by a number of researchers (Yao et al., 2017, 2018; Osah
et al., 2021a) to be accurate enough for tropospheric delay
mitigation and model's evaluation. Tropospheric delay
models have also been developed out of the service prod-
ucts. For example, Yao et al. (2013) analysed the tempo-
ral and spatial variations of the GGOS atmosphere data
and built a new global zenith tropospheric delay model
(GZTD) using a spherical harmonic function. Likewise,
Sun et al. (2017) also derived a global zenith tropospheric
delay simplified model (GZTDS) with the assumption
that the troposphere is a nonlinear system using the
GGOS atmosphere data. Ding and Hu (2019) and Osah
et al. (2021b) also utilized the GGOS atmosphere and
VMF3 data to develop an ANN and deep learning
(DL) techniques-based ISAAS and DLztd models over
Russia and West Africa, respectively. In addition, the
VMF1 mapping functions have been reported as the most
accurate mapping functions to date (Landskron &
Bohm, 2018; Tesmer et al., 2007), and their use is rec-
ommended for high-precision geodetic applications by
the International Earth Rotation and Reference Systems
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Service (IERS) (Feng et al., 2020; Nikolaidou et al., 2018;
Urquhart et al., 2014), and also for all precise geophysical
applications (Boehm & VanDam, 2009). All of these stud-
ies provide a clear indication and proof that the VMF ser-
vice products are reliable, accurate, and suitable for use
in precise GNSS applications and tropospheric delay
modelling.

In this study, we adopted the recent version of the
VMF service products, the site-specific operational
VMF3-ZTD products (including ray-traced zenith
delays, surface meteorological parameters (pressure
(P), temperature (T), and water vapour partial pressure
(e)) for global IGS stations, as well as the coordinates
of the stations [latitude (@) and longitude (A)], as
inputs or predictors for developing the regression
models, and the models’ prediction performances are
evaluated using six different statistical evaluation met-
rics. This study will go a long way in addressing data
gaps issues with the West African IGS stations and also
enhance research on GNSS positioning and meteoro-
logical applications in the region, which has seen lim-
ited studies in these disciplines due to the limited
GNSS network and large data gaps.

In the last decade, ANN and ANFIS techniques have
been used extensively in various studies to model and
predict ZTD, which have shown good results. For exam-
ple, Pikridas et al. (2010) developed an ANN-based ZTD
model for predicting ZTD over some selected EUREF per-
manent GNSS network (EPN) stations. The predicted
results showed an MB ranging from —10.9 cm to 11.5 cm
and a root mean square error (RMSE) of 3.6 cm. Zheng
et al. (2015) also employed the same technique to develop
a regional ZTD prediction model over Jiangsu Province
of China, providing an RMSE of 0.004 m. Likewise, Ding
et al. (2016) and Ding and Hu (2019) also established an
ANN-based ZTD prediction model over Russia using
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ground-based GNSS-ZTD data from 11 IGS stations. The
predicted results gave a bias of —4.4 mm and RMSE of
20.4 mm. Correspondingly, Yang et al. (2017) used the
backpropagation neural network (BP NN) technique to
develop a regional ZTD model using 15 continuously
operating reference stations (CORS) in Hong Kong. The
accuracy of their model was reported to be 1.1 cm. Sup-
arta and Alhasa (2013) proposed an ANFIS model
(a technique that combines neural networks and fuzzy
inference system) for predicting ZTD using five selected
stations in Antarctica and three selected stations in
Malaysia and Singapore regions. The results showed an
RMSE of 0.0175 mm. Li et al. (2020) equally proposed a
regional ZTD model based on generalized regression neu-
ral network (GRNN). The GRNN model was developed
using meteorological data from the ECMWF and the
United States National Centres for Environmental Predic-
tion (NCEP). Using the IGS-ZTD product as a reference
over 100 globally distributed IGS stations, the experimen-
tal results showed a mean bias (MB) of 9.5 mm and
RMSE of 12.7 mm. Of all these studies, statistical regres-
sion methods have received little attention for modelling
and predicting ZTD, as limited or no studies have been
conducted so far to explore their applicability, especially
in the West African region. Regression analyses, how-
ever, have been proven useful and effective in solving
many problems in several fields of studies for modelling
and making predictions. For instance, In the field of
health, for the prediction of lung cancer rate (Clements
et al., 2005), heart disease (Polaraju & Prasad, 2017), and
CO, emissions (Libao et al., 2017), in the field of environ-
mental science, for the prediction of PM,, concentration
(Ul-Saufie et al., 2011; Sayegh et al., 2014), in the field of
engineering, for the prediction of deformation behaviour
of concrete-face rockfill dam (Wen et al., 2021) and
inflow to the Ujjani dam reservoir (Rajmane & Waikar,
2020), in the field of hydrology, for the prediction of
monthly streamflows (Zhang et al., 2019), development
of flood damage risk map for forecasting rainfall data
(Choi, 2021), in the field of meteorology (GNSS), for the
prediction of weighted mean temperature (Bevis
et al., 1992; Isioye et al., 2016; Schueler et al., 2001) and
PWYV (Acheampong & Obeng, 2019), in ionospheric stud-
ies, for the prediction of global position system (GPS) ion-
ospheric delay and scintillation (Aon et al., 2018; Zhang
et al., 2019), and many more. As noted above, regression
analysis has been a widely used statistical technique for
developing prediction models across various disciplines,
largely due to its ability to analyse the relationship
between response and predictor variables without requir-
ing a large number of training datasets for optimal pre-
diction compared with ANN, which requires a
considerable number of training datasets. This study is

aimed at investigating the applicability of regression
models in modelling and predicting ZTD in West Africa
for precise positioning and meteorological applications.
The hypothesis (null (Hy) and alternate (H;)) guiding this
study is as follows:

HO. There is no significant variation in the
performance of the regression models.

H1. There is significant variation in the perfor-
mance of the regression models.

This paper is structured as follows: Section 2 describes
the basic theory for the tropospheric delay modelling,
while data presentation, the methodology of models'
development, and performance evaluation between
models’ comparison are given in Section 3. Section 4 pre-
sents the experimental results and discussion for each
regression model obtained. The conclusions are given in
Section 5.

2 | TROPOSPHERIC DELAY

The troposphere forms the lower portion of the neutral
atmospheric layer up to approximately 50 km
(Meunram & Satirapod, 2019). The effect of the tropo-
sphere on GNSS signals is called tropospheric delay,
which induces an extra delay on GNSS measurements.
Tropospheric delay is a function of the total refractivity
(N), which depends on pressure [P (mbar or hpa)],
temperature [(T (K)] and relative humidity [RH (%)] or
water vapour partial pressure [e (mbar or hpa)] along
the signal transmission path as well the location of the
receiver antenna. The total delay computed in the
zenith direction is called the zenith tropospheric/total
delay (ZTD), which is the sum of the zenith hydrostatic
delay (ZHD) and the zenith wet delay (ZWD). The
ZHD accounts for approximately 90% of the ZTD and
can easily be modelled or predicted to sub-millimetre
accuracy by empirical prediction models using surface
meteorological observations, whereas the ZWD
accounts for the remaining 10% of the ZTD. In contrast
to the ZHD, the ZWD cannot be precisely modelled or
predicted due to its large spatial and temporal variabil-
ity (Younes, 2016; Zhang et al., 2016). The troposphere
is characterized as being a non-dispersive medium for
radio frequencies up to 15 GHz, hence its effect is inde-
pendent of GNSS frequencies and, therefore, affects
carrier phase and code measurements equally (Sanz
et al., 2013).

Following Bevis et al. (1992), Mendes (1999)), and
Kleijer (2004)), the excess propagation path (AL!) can be
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calculated by integration of the refractive index along the
signal transmission path, s, from satellite, ¢ to a receiver,
r, at elevation angle (0) via the troposphere as follows:

AL;(e)zj(n(s)—l)dH st—idG )

N

Path delay Signal bending

Equation (1) can also be written as follows:

ALL(0) = J(n(s) —1)ds+[S—G], )

N

where S is the curved signal path, G is the geometric sig-
nal path, n(s) is the refractive index along the signal
transmission path.

In the zenith direction where satellites are directly
overhead the receiver (i.e., 6 = 90°), the signal path is a
straight line (i.e., S and G become identical), and the
bending effect disappears (S — G = 0, Equation 2) with
the assumption that the troposphere is horizontally strati-
fied (Bevis et al., 1992; Mendes, 1999). Expressing the sig-
nal delay in the zenith direction (ie, 6 = 90"),
Equation (2) now becomes:

AL= J[n(s) ~1)ds. 3)

Expressing n in terms of total refractivity N, N=
10°(n—1) where Equation (3) can be rewritten as
follows:

AL = 10*6JN(s)ds. (4)

N

The refractivity (N) can be related to the meteorological
parameters (P, T, e) as (Smith & Weintraub, 1953):

Py e e
N= [le:| + |:k2?+k3F:| =Ny + Ny, (5)

where ki,k,,k; are refractivity constants whose values
can be inferred from Bevis et al. (1994) as 77.60 + 0.05
K/hpa, 70.4 +2.2 K/hpa, and 3.739 x 10° +0.012 Kz/hpa,
respectively, P; = P + e, is the partial pressure of the dry
gases (in hpa), P is the total surface pressure (in hpa),
T is the surface temperature (in kelvin (K)), and e, the
water vapour partial pressure (in hpa).

Science and Technology for Weather and Climate

Equation (5) can further be rewritten with the
assumption that the air in the troposphere behaves as an
ideal gas, Equation (5) becomes (Nafisi et al., 2012; Yuan
et al., 2019)

P /e e
N= [klf} + [sz+ksp] =Np+Ny, (6)

where kl2 =k, — klﬁ—ﬁ =22.1+22K hPa! (Bevis
et al., 1994). M,, and M, are the molar mass of water
vapour and dry air, respectively.

For NWP models, N can be computed as (Chen
et al., 2011; Hu & Yao, 2019; Jiang et al., 2020; Lou

et al., 2018; Wilgan & Geiger, 2019; Yuan et al., 2019)

p
N=k

—e e e
Kyt ky—s . 7
7 Tertin ()

Here, P and T are based on pressure-level data, and e is
computed as follows:

e=qxP/0.622, (8)

where g is the specific humidity (in kg/kg or unitless).
Re-writing Equation (4) in terms of ZTD,

TOA TOA
ZTD=10"° J Ng(h)dh+10"° J Ny (h)dh
h h
—=ZHD +ZWD, (9)

where h is the height of the station or receiver antenna,
and TOA is the top of the atmosphere.

For NWP models, the final ZTD is computed as
(Chen et al., 2011; Hu & Yao, 2019; Jiang et al., 2020; Lou
et al., 2018; Wilgan & Geiger, 2019; Yuan et al., 2019):

ZTD = ZHDtop + ZTDlevel, (10)

ZHDy,, is the delay at the top level, computed using the
Saastamoinen model as (Saastamoinen, 1972):

P
ZHD,, = 0.002277 - P —
1—0.00266 - cos(¢) — 2.8 X 10~ hyep
(11)
Niop top
ZTDjevel = 10—6J Ndh=10"°) " NiAs;, (12)
h i=1

where Py, is the pressure at the top level (in hpa), ¢ is
the latitude of the station, hy, is the top-level altitude
(in metres), N; is the total refractivity at the ith level,
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computed using Equation (7), top is the number of levels
of the NWP model, and As; is the geometric distance
(in metres) between the ith and (i + 1)-th layer of the
NWP model given as (Hu & Yao, 2019)

Asi=Zi1—Z;, (13)

Z represents the height of the pressure level (in metres).
With an appropriate mapping function and using the

satellite elevation angle (¢) as input, the ZTD can be

resolved into the slant tropospheric delay (STD) as follows:

STD'. = ZHD x MF}(6) +ZWD x MF,,(6), (14)

where MF), and MF,, represent the hydrostatic and wet
mapping functions.

ZWD can then be converted to PWV for meteorologi-
cal applications using a conversion factor pie (IT) as
(Bevis et al., 1994):

PWV =I1%ZWD, (15)

IT is dimensionless and can be determined from Askne
and Nordius (1987)) as follows:

10°
= —, (16)

(£+k2 ) PR

where R, is the specific gas constant for water vapour
(4615 Tkg 'K, p, is the density of water
(998 kgm™?), T, is the weighted mean temperature in
kelvin (K), k; is refractivity constant (16.52 K/hpa).

3 | MATERIALS AND METHODS

3.1 | Studyarea

This study was conducted using four IGS stations located
in four West African countries, namely, Benin (BJICO),
Cote d'Ivoire (YKRO), Senegal (DAKR), and Cape Verde
(CPVG). The West African region lies between latitudes
0° N and 25° N and longitudes 20° W and 20° E. The
details of the stations and their visual locations are
shown in Table 1 and Figure 2, respectively.

3.2 | Datasets

The study utilized the daily site-wise operational VMF3 ZTD
products for IGS stations and the IGS final ZTD products for
a period of 5 years spanning from 2015 to 2019. The follow-
ing subsections summarize the datasets used in this study.

3.2.1 | VMF3-ZTD data

The VMF service (https://vmf.geo.tuwien.ac.at/) pro-
vides both gridded and site-wise ray-traced VMF1 and
VMF3 tropospheric products as open access data for
global and more than 500 IGS site users. They are gen-
erated based on ray-traced delays at 3° elevation using
NWM data spanning 2001-2010 from the ECMWF
ERA-40 and ERA-Interim re-analysis, respectively
(Putri et al., 2020); and are provided every 6 h daily at
four epochs (00, 06, 12 and 18 UT) and 23 h UT the
next day (Boehm et al., 2009). VMF3 is the successor of
VMFT1 realized on both 1° x 1° and 5° x 5° global grids
(Landskron & Bohm, 2018). The site-wise VMF3-ZTD
data fields for the IGS stations include ZHD, ZWD, P,
T, e, and mapping function coefficients ah and aw for
both hydrostatic and wet components, respectively.
The ZTD is obtained by adding the ZHD and ZWD (i.e.,
ZTD = ZHD + ZWD). The VMF3-ZTD data are avail-

able at https://vmf.geo.tuwien.ac.at/trop_products/
GNSS/VMF3/.
3.2.2 | IGS-ZTD data

The IGS also publishes daily final ZTD products
based on PPP techniques combined with IGS final
orbit and clock solutions for all IGS ground-based
tracking stations with an accuracy of approximately
4 mm. The zenith delays are computed at an interval
of 5 min from the IGS stations and are released with
4 weeks latency (Byun et al.,, 2005). The IGS-ZTD
data are available at ftp://cddis.nasa.gov/gnss/
products/troposphere/zpd/.

3.3 | Data extraction

The downloaded daily datasets were extracted into
Microsoft Excel for easy exploration and analysis. The
extractions were done using coded scripts or m-files,
‘read_vmfGNSS.m’ and ‘ReadIGSTrop.m’ written in
MATLAB programming language for this study. For the
VMF3-ZTD data, the ‘read vmfGNSS.m’ m-file was
used to extract all the needed parameters in the data file.
Parameters extracted were ZHD, ZWD, P, T, and e for
each epoch (00, 06, 12, and 18 UT) daily and the first
epoch (00 h UT) the next day to obtain complete data for
24 or 23 h UT. The ZTD was obtained following Equa-
tion (9). No interpolation or extrapolation was per-
formed, since the site-wise parameters are computed at
station height and, therefore, no extrapolation was
required to transfer from grid height to station height.
To obtain the daily (24 hours) average datasets, the
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TABLE 1 IGS stations in West Africa selected for this study

Site City Country Latitude Longitude Ellipsoidal height Period of data

BICO Cotonou Benin 6.3847° N 02.4500° E 30.700 m 2015-2019

YKRO Yamoussoukro Cote d'Ivorie 6.8706° N 05.2401° W 270.000 m 2015-2019

DAKR Dakar Senegal 14.7212° N 17.4395° W 51.000 m 2015-2019

CPVG Espargos Cape Verde 16.7321° N 22.9349° W 94.089 m 2015-2019
FIGURE 2 Map of West Algeria
Africa showing the locations of Libya
the selected IGS stations

Western
(GoogleMap, 2021). The red Sahara
round markers indicate the IGS
stations
Mauritania
Verde i .
Cape Mali Niger
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Liberia. T YKRO ® olagos African
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Equatorial
Guinea' = ~ Map data ©2021

mean of each daily parameter (ZTD, P, T, e) extracted 7TD " ZTDg 18
was computed by summing all the daily epochs (00, 06, i Z n (18)

12, and 18 UT) and the first epoch (00 h UT) the next
day, and dividing by 5 as presented in Equation (17).
The station coordinates for which these parameters are
valid were as well extracted from the station coordinate
file, ‘gnss. ell’.

_ Voo ~+ Vo6 + V12 +Vig + Voo nextday
= 5 s

14

(17)

where V is the computed average parameter of interest,
v is the parameter of interest, 00, 06, 12, 18 are the daily
epochs, and OOnextday is the first epoch of the
following day.

Similarly, the IGS-ZTD data were also extracted
using the ‘ReadIGSTrop.m’ m-file. Since the IGS-
ZTD is computed at an interval of 5 min (temporal
resolution) for each day, the mean ZTD was also cal-
culated for the entire day (24 h) for each file, by sum-
ming all the ZTDs at each epoch and dividing by the
total number of epochs in the file, presented as
follows:

i=1

where n = 288 is the total number of epochs, ZTDg is the
ZTD at each epoch.

For each IGS station, the two datasets (VMF3 and IGS)
were compared and the corresponding days of data avail-
ability were extracted and sorted for the models’ develop-
ment. The total number of days of data available for each
station in a given year within the study period is shown in
Figure 3.

3.4 | Development of regression models

Regression analysis is one of the most ordinarily utilized sta-
tistical modelling methods for modelling relationships
between a dependent variable (often called the ‘response var-
iable’) and independent variables (often called ‘predictors’,
‘covariates’, or ‘features’) (Yazar et al., 2017). It employs sev-
eral models and methods (linear and non-linear) for fitting
the relationships between the response variable and two or
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more predictor variables, which can potentially be used for
predicting the response variable given a set of predictor vari-
ables. Research has shown that linear regression analysis has
often been preferred for fitting experimental data. Con-
versely, non-linear regression is a powerful alternative to lin-
ear regression, since it offers the most flexible functionality
for curve fitting. Linear regression analysis may be inade-
quate in some instances to describe experimental data, and
in these instances, non-linear regression offers the best per-
formance for system description (Yazar et al., 2017). This
paper considers five regression models, both linear (MLR,
GLM,) and non-linear (QR, GAM, SVR), to relate the IGS
final ZTDs (response variable) and the site-wise VMF3-ZTD
products including P, T, e, and ZTD as well as the stations’
latitudes @, longitudes A, and ellipsoidal heights

(h) (predictor variables) using R studio statistical computing
software. The 5 years of data (2015-2019) were split into
training data (2015-2018) and test data (2019). The training
data are used for developing the models, while the test data,
which are an independent set (not used in the model devel-
opment process), are used for assessing the models’ predic-
tive performance. Figure 3 provides a summary flow of the
methodology.

34.1 | Detection of multicollinearity

Variables selection plays an essential role in fitting a
regression model. Meteorological parameters (P, T, e)
and ZTD extracted from the site-wise VMF3-ZTD data

Datasets

VMF3
(ZHD, ZWD,
P,T,e,ah,aw)

Use read_vmfGNSS.m to
extract parameters

Use ReadlGSTrop.m to
extract ZTD

Extracted VMF3
parameters
(ZHD,ZWD,P,T.e)

Extracted IGS-
yAD)

Compute average daily

P T, e ZTD = ZHD + ZWD
dataset

Compare and extract corresponding days of data
availability

FIGURE 3 General flow of the methodology

—> Split data
v v

Sorted
VMF3
(ZTD, P, T, €)

Remove highly correlated

predictors from the model

using stepwise regression
algorithm

Detection of multi-
collinearity?

Training
data
(2015-2018)

Regression models Modellin
(MLR, QR, GLM, GAM, SVR) 9

Test data
(2019)

Report

Predict testset

Performance
statistics
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fields as well as stations coordinates (¢, A, h) as prior
indicated were initially set for input following Zheng
et al. (2015) and Ding et al. (2016). However, in multiple
regression models, there are situations where two or
more predictor variables will be highly inter-correlated,
implying that they measure almost the same information
(James et al., 2013). This extreme inter-correlation is
known as multicollinearity. Multicollinearity causes the
variances of the regression coefficients to be inflated,
hence resulting in redundancy among the predictor vari-
ables. One of the ways to detect multicollinearity is to
examine the correlation between each pair of predictor
variables (i.e., pairwise correlation coefficient (R)). If two
of the variables are highly correlated, then this may be a
possible source of multicollinearity. Following Dormann
et al. (2013), an absolute value of R > 0.7 (|R| > 0.7)
among two or more predictors is an indication of

Lat Lon h
157
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—20 3 [
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250-° b
e o® ®, [ ]
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990-9 ] (]

960 -
930-

10-
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collinearity or multicollinearity. Figure 4 provides a corre-
lation plot showing collinearity between all the covariates
and possible source of multicollinearity. For surety of
multicollinearity, the variance inflation factor (VIF), in an
R package, mctest (Imdadullah et al., 2016), was utilized
to test for multicollinearity between the predictors used in
this study. The VIF indicates how much the variance of a
regression coefficient is inflated due to collinearity. VIF is
expressed as (Imdadullah et al., 2016) follows:

1
1—R?

1

VIF; = (19)

where R? is the coefficient of determination between the
predictor variables. Following Imdadullah et al. (2016)
value of VIF>3, 5, 10 indicates the existence of
multicollinearity among predictors. The result of the

T e Z1D
0.23 -0.62 -0.37 039 &
=
04 0.57 0.23 0:2:1118S
-0.99 0.07 -0.43 059 =

-0.14 0.39 056 ©

| 4 =
i
g o

T T B |

0:8% i

alz

6 9 12 15 —20 100 100 2560[750 93.6(990020202428 32 102030 22232387

FIGURE 4 Correlation plot showing collinearity between all the predictor variables. Lat and Lon may be collinear as |—0.898270| > 0.7,
h and P may be collinear as |—0.994753| > 0.7, e and ZTD may be collinear as |0.814648| > 0.7
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VIF plot FIGURE 5 The VIF plot. VIF
2081488 220,739 values of each predictor greater
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w
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multicollinearity test is shown in Figure 5, indicating h ~ 3.4.2 | Multiple linear regression

and P as the two possible sources of multicollinearity
(VIF >10). As seen in Figure 4, pressure and altitude or
height have a strong negative correlation as the two are
inversely or exponentially related (Equation 20). This
implies that pressure decreases with increasing altitude
and vice versa, hence the possible reason the two are the
potential cause of multicollinearity. Mathematically,
pressure and altitude are related as follows (Liu
et al., 2019; Simeonov et al., 2016; Sissenwine et al., 1962;
Xu et al., 2020):

gde _
R To(140.6077-9) " hO)) of
gde) (20)

Pﬂ%(%)(@’

P =Pyexp <

where P, (1013.25 hpa), T, (288.16 K), and h, (0) are
pressure, temperature, and altitude at sea level, g, is the
mean gravitational acceleration (9.80655 m/s?), My is the
molar mass of dry air (28.9644x10 > kg/mol), R is the
universal gas constant (8.3143 J K~ ' mol '), L is the tem-
perature lapse rate (6.5 K/km) for dry air.

To overcome multicollinearity, the following approaches
are suggested (de Souza et al., 2018; Dunn & Smyth, 2018;
Gwelo, 2019; Imdadullah et al., 2016):

« Remove highly correlated predictors from the model. If
two or more predictors have a high VIF, one has to be
removed from the model. Stepwise regression can be
employed to aid in the removal.

+ Use partial least squares regression (PLS) or principal
components analysis, a statistical technique to change
a set of possibly correlated predictors into a smaller set
of linearly uncorrelated variables or components.
Regression methods that cut the number of predictors
to a smaller set of uncorrelated components.

This study considered the first approach, in which h is
considered non-significant and removed after stepwise
regression algorithm using the stepAIC function of the
MASS package in R.

model (MLRM)

MLR attempts to model the relationship between a
response variable and a set of predictor variables or
covariates by fitting a linear equation to the observed
data using ordinary least squares (OLS). The fitted
equation can then be used to predict the response vari-
able as a function of several predictor variables. The
MLR can be represented as (Gwelo, 2019; Sayegh
et al., 2014) follows:

N
Y:ﬂo‘i’zﬁixl'+€ (21)
i=1

=pfo+ i X1 +PXo+ -+ XN+,

where Y is the response variable, X; through Xy are the
predictor variables, f, is the constant term, f, through gy
are the regression coefficients, and ¢ is the residual or the
fitting error.

3.4.3 | Quadratic regression model (QRM)
QR adds a quadratic term to the linear regression model.
This is to check whether the quadratic model fits the data
better than the linear model. The quadratic model takes
the form (Yazar et al., 2017):

Y=p,+h/x +/32xf +B3%2 —|—/}4x§ + (22)

MLRM and QRM are fitted using the Im () function. The
QRM adds the poly () function to fit the quadratic term.

3.4.4 | Generalized linear model (GLM)

In GLM (Nelder & Wedderburn, 1972), the response vari-
able is modelled by a linear function of the independent
variates plus a link function, which allows for the response
variable to relate to the linear predictor of the regressors.
Thus, GLM consists basically of three components:
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Random component, which specifies the probability distribu-
tion of the univariate response variable (Y) with the mean p.
Systematic component, also known as the linear predictor
(n), for example, n = py + px; + Pxp, which specifies the
linear combination of the predictor variables in the
model.

Link function, g (u) = n, specifying the link between the
random and the systematic components.

Generally, the GLM is formulated as (Nelder &
Wedderburn, 1972) follows:

E(Y)=p=g ' (XP), (23)

where E(Y) is the expected value of Y; Xf is the linear
predictor; g is the link function such that E (Y
1) =u=g""().

GLM is fitted using the glm () function with the
Gaussian family and ‘identity’ link function.

3.4.5 | Generalized additive model (GAM)

GAM (Hastie and Tibshirani, 1986) is an extension of
GLM in which the linear predictor, n relates to the
covariates through smoothing functions, s; applied to
each covariate x;. The general form of GAM is given as
(Hastie and Tibshirani, 1986; Sayegh et al., 2014) follows:

N
Yi=fo+ Y si(x)+e (24)
i=1

=Bo+s1(x1) +52(x2) + -+ sy (xn) + &,

GAM is fitted using the gam () function from the R pack-
age mgcev with the s () function used to fit the smoothing
spline.

3.4.6 | Support vector regression
model (SVRM)

SVR is the adaptation of the support vector machine
(SVM) algorithm (Gunn and others, 1998; Vapnik
et al., 1997) for regression technique, preserving the key
features that characterize the SVM algorithm (find maxi-
mum margin) except for working with continuous data
instead of classification for SVM. SVR recognizes the exis-
tence of non-linearity in the dataset and provides a profi-
cient prediction model.

The general equation of the SVRM can be summa-
rized as (Adnan et al., 2017; Garcia et al., 2019) follows:

pen Acc
Science and Technology for Weather and Climate

Y =f(x)=WTd(x)+b, (25)

where W is the weight vector, ®(x) is the feature func-
tion, which maps the predictor x to a high-dimensional
feature space, b is constant and defines the bias term. A
detailed explanation of SVR can be inferred from Parveen
et al. (2016, 2017, 2020)).

SVR is fitted using the svm () function from the R
package ‘e1071’.

3.5 | Performance evaluation

In order to evaluate the performances of the developed
regression models on the test data, it is necessary to
measure the extent to which the predicted response
values on the independent test data are close to the
corresponding true response (IGS) values. Hence
the predictive performances of the developed models,
MLR, QR, GLM, GAM, and SVR on the test data are
compared with the IGS final ZTD through the compu-
tations of the following selected most widely used
statistical indicators: MB, RMSE, mean absolute per-
centage error (MAPE), Nash-Sutcliffe coefficient of
efficiency (NSE), coefficient of determination (R?), and
the fraction of predictions within a factor of two
(FAC2) (Ali & Abustan, 2014; Nash & Sutcliffe, 1970;
Sayegh et al., 2014). Equations for the computation of
these indicators are represented as follows:

MBZ%i(Mi—Oi), (26)

(27)
MAPE:lXN: =01 100, (28)
Nzl O
Z(Oi_ML)Z
NSE=1- |&F——]|, (29)
>~ (0,-0)’
N L N 2
(M) x (0:-0)
R == (30)
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FAC2=0.5

IA
S

L<2.0, (31)

where M; and O; represent the ith modelled and observed
(IGS) ZTDs, respectively, and M and O their respective
means. N is the total number of observations.

To further investigate the performances of the
regression models, a multiple comparison test (MCT)
with the ‘scheffe’ method (McHugh, 2011; Lee &
Lee, 2018) was conducted to test whether the perfor-
mances of the regression models in relation to their
RMSE values are significantly different from one
another at 5% significant level using MATLAB mul-
tcompare function. A similar test was also performed
to test whether the differences in the mean values of the
five regression models and the observed (IGS) ZTDs are
significant. The null and alternate hypothesis (H, and
H,) tests are stated as follows:

HO. The difference between the means is equal
to 0.

Ha. The difference between the means is differ-
ent from 0.

4 | RESULTS AND DISCUSSION
The objective of this paper is to fit a regression model
that will estimate daily IGS final ZTDs over four IGS sta-
tions in West Africa using P, T, e, ZTD, ¢, and A from
the VMF3-ZTD products as independent variables and
IGS final ZTD as the response variable. The results of
the various statistical indicators, the MB, RMSE, MAPE,
R?, NSE, and FAC2 for each regression model at each
and all the IGS stations are summarized in Tables 2 and
3, respectively. The MB provides an indication of
whether the mean model predictions are under (value
when negative) or over (value when positive) estimated,
while the RMSE provides an overall measure of how
close the model's predicted values are to the observed
(IGS) values. Smaller values of the MB and RMSE indi-
cate better model predictions. The results in Table 2
show smaller values of MB and RMSE at all the IGS sta-
tions for all the models, indicating smaller prediction
errors, which demonstrates good agreement of the mod-
elled and IGS-ZTD wvalues, and hence better
performance.

Additionally, R? measures the goodness of fit, which
indicates how well each model prediction explains the

MB RMSE MAPE
IGS station Model (m) (m) (%)
BICO MLR 0.00053 0.00961 0.308
QR 0.00183 0.00963 0.302
GLM 0.00053 0.00961 0.308
GAM 0.00136 0.00963 0.303
SVR 0.00140 0.00952 0.294
CPVG MLR —0.00253 0.00763 0.233
QR 0.00151 0.00686 0.217
GLM —0.00253 0.00763 0.233
GAM 0.00155 0.00706 0.223
SVR 0.00222 0.00728 0.238
DAKR MLR 0.00264 0.00901 0.290
QR —0.00100 0.00858 0.259
GLM 0.00264 0.00901 0.290
GAM —0.00107 0.00869 0.263
SVR —0.00061 0.00875 0.270
YKRO MLR 0.00688 0.01169 0.378
QR 0.00620 0.01145 0.370
GLM 0.00688 0.01169 0.378
GAM 0.00720 0.01188 0.386
SVR 0.00528 0.01090 0.349

R> NSE FAC2 TABLE 2  Statistical evaluation
) -) ) results of the prediction models w.r.t.
0.941 0.940 100 IGS-ZTD values at each IGS station
0.942 0.940 1.00

0.941 0.940 1.00

0.941 0.940 1.00

0.943 0.941 1.00

0.989 0.987 1.00

0.990 0.990 1.00

0.989 0.987 1.00

0.990 0.989 1.00

0.990 0.989 1.00

0.992 0.990 1.00

0.992 0.991 1.00

0.992 0.990 1.00

0.992 0.990 1.00

0.991 0.990 1.00

0.913 0.869 1.00

0.909 0.873 1.00

0.913 0.869 1.00

0.912 0.865 1.00

0.911 0.884 1.00
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TABLE 3 Overall average of statistical evaluation results of the regression models over the year 2019
MB RMSE MAPE R? NSE FAC2
Model (m) (m) (%) ) ) )
MLR 0.00313 0.00948 0.302 0.959 0.947 1.00
QR 0.00263 0.00913 0.287 0.958 0.949 1.00
GLM 0.00313 0.00949 0.303 0.959 0.947 1.00
GAM 0.00283 0.00933 0.294 0.959 0.946 1.00
SVR 0.00238 0.00911 0.288 0.959 0.951 1.00
FIGURE 6 Comparison of Plot of mean modelled and IGS ZTD
mean predicted and IGS ZTDs over 2650
the four selected IGS stations in . ;g
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FIGURE 7 Daily variation of observed (IGS) and predicted ZTD values at each IGS station for the year 2019

variance in the response variable (IGS). R? ranges from
0 to 1, with higher values indicating better performance.
The results in Table 2 clearly show that all the models at
all the stations have R* values closer to 1, representing a
high percentage (90.9%-99.2%) of the variation in the
observed (IGS) data been explained by the prediction

models, and thus implies the better and improved estima-
tion of the dependent variable (IGS). IGS station DAKR
had the highest R® ranging between 0.991 and 0.992
(99.1%-99.2% explained), while YKRO had the least, with
R*> ranging between 0.909 and 0.913 (90.9%-91.3%
explained).
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MAPE likewise indicates prediction accuracy and
measures how much error in predicting compared with
the observed (IGS) values expressed in percentage terms.
The smaller the MAPE, the better the performance of the
model. It is obvious from Table 2 that the MAPE for all
the models at all the IGS stations is less than 0.5%
(0.217%-0.386%), signifying a high accuracy of the pro-
posed regression models' predictions. This means that the
regression models can predict accurately to approxi-
mately 99.5%.

Moreover, NSE measures the relative magnitude of
the residual variance compared with the variance of the
observed data (Nash & Sutcliffe, 1970). According to
Chiew and McMahon (1993)), NSE provides a more
direct measure of the agreement between the observed
(IGS) and predicted values than R> Legates and
Mccabe (2013)) finally stressed that NSE is a necessary
quality for any metric of model evaluation. A value of
NSE closer to 1 signifies that the model can reproduce
satisfactorily the observed (IGS) data, with NSE = 1.0
indicating a perfect match of the model predictions to the
observed (IGS) values. It can further be seen from
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Table 2 that the regression models at all the stations pro-
duce NSE values closer to 1. IGS station DAKR recorded
the highest NSE values ranging between 0.991 and 0.992,
while YKRO recorded the least values ranging between
0.865 and 0.884. Adopting Chiew and McMahon (1993))
and Moriasi et al. (2015)) model classification criteria, a
model is considered perfect for prediction if NSE >0.93,
very good if NSE >0.80, and satisfactory if NSE >0.60. On
the basis of these model performance criteria (rule of
thumb), it can be stated that the regression models’ pre-
dictions agree better with that of the IGS.

Furthermore, FAC2 measures the fraction or percent-
age of the models' predictions that meet the condition in
Equation (31). FAC2 is characterized as a robust perfor-
mance measure since it is not overly affected by outliers
(Chang & Hanna, 2004). FAC2 value closer to 1.0 implies a
closer match between the modelled and observed (IGS)
values and, therefore, suggest better model performance. A
perfect model has a FAC2 = 1. From the results in Table 2,
the models again showed excellent performance with
100 per cent of their predictions at all the stations within
the factor of two (FAC2) of the observed (IGS) data.
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Taylor's diagram showing a statistical comparison between modelled and IGS values over the IGS stations. The coloured
round markers represent the five regression models, the blue contour or arcs represent the centred RMSE, the black arc with the marked
graduated values (0.1-0.99) represent the Pearson correlation coefficient (R), the point labelled ‘observed’ on the x-axis represents the
observed (IGS) standard deviation
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Figures 6 and 7 further show the daily and mean
variations of the observed (IGS) and the predicted ZTD
values at all the stations, which allow quantitative
comparison between the predicted and the observed
(IGS) ZTDs at each IGS station. From Figures 6 and 7,
it can be seen that all the regression models produce a
similar outcome, which is almost the same as or
matches well with the observed (IGS) ZTD values; that
is, the overall trend is completely consistent, showing a
good correlation.

To further evaluate graphically the performance of
the regression models, Taylor's diagram was employed
and plotted for the five regression models at the four
(4) IGS stations, as shown in Figure 8. Taylor diagram
(Taylor, 2001) provides a visual comparison between
modelled and observed values by graphically displaying a
statistical summary of how well models' predictions
match the observed (IGS) values in terms of their correla-
tion coefficient (R), centred RMSE, and standard devia-
tion (SD). Thus, for each of the five models, three
performance statistics (R, centred RMSE, and SD) are
plotted. The five models, each represented on the dia-
gram by a different coloured symbol as shown in
Figure 8, are compared and the distance between each
model and the point labelled ‘observed’ is a measure of
how realistically each model reproduces or matches the
observed values. From the various plots in Figure 8, the
position of each coloured symbol (red, blue, green, etc.)
quantifies how closely the models’ predictions at each
IGS station match the observed (IGS) values. The black
dashed arc in the diagram represents the observed (IGS)
SD at the point marked ‘observed’ on the x-axis. Models
that match well with the observed values will lie nearest
or exactly on the black arc or the ‘observed’ marked
point having high correlation and low RMSEs. The blue

TABLE 4

Groups pair .
Mean difference

Level 1 (L1) Level 2 (L2) (L1-L2)
1 2 0.035
1 3 0.000
1 4 0.015
1 5 0.035
2 3 —0.035
2 4 —0.020
2 5 0.000
3 4 0.015
3 5 0.035
4 5 0.020

Science and Technology for Weather and Climate

contours indicate the centred RMSE between the mod-
elled and observed (IGS) values, which is proportional to
the distance to the marked point ‘observed’ on the x-
axis. It can be deduced from Figure 8 that the modelled
values at all the stations agree best with the IGS-ZTD
data, with IGS stations CPVG and DAKR having the best
match with smaller RMSE and high R values. Station
CPVG, however, has almost the same SD as the observed,
whereas station DAKR has a slightly lower SD than the
observed. IGS stations BJCO and YKRO, on the other
hand, have about the same RMSE and R. BICO, however,
showed slightly lower SD than YKRO compared with the
observed SD. Figure 8 again shows the comparable per-
formance of the regression models under study.

Yet again, the results of the MCT are shown in
Table 4 and Figures 9 and 10. The MCT is used to

Multiple comparison of means

MLR [

(]
P

GLM [

GAM

Prediction models (groups)

SVR [

0.6 0.7 0.8 0.9 1 1.1 1.2
No groups have means significantly different from MLR

FIGURE 9
(unit: cm)

Multiple comparison of groups RMSE means

Result of the multiple comparison test (1 = MLR, 2 = QR, 3 = GLM, 4 = GAM, 5 = SVR)

95% confidence interval

Lower limit Upper limit p value
—0.402 0.472 0.999
—0.437 0.437 1.000
—0.422 0.452 1.000
—0.402 0.472 0.999
—-0.472 0.402 0.999
—0.457 0.417 1.000
—0.437 0.437 1.000
—0.422 0.452 1.000
—0.402 0.472 0.999
—0.417 0.457 1.000
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Multiple comparison of ZTD means
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FIGURE 10
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Multiple comparison of groups ZTD means

determine which pairs of means are significantly differ-
ent, and which pairs are not. A small p value of about
0 (p value = 0.00) suggests that the mean response is sig-
nificantly different. Figures 9 and 10 provide an interac-
tive graph with each group mean represented by a
symbol (small circle) and a comparison interval or bar
represented by a line extending from the symbol (hori-
zontal line). Two groups (e.g., MRL and QR in Figure 9)
means are significantly different if their intervals are dis-
joint and significantly indifferent if their intervals overlap
or intersect. For a selected group (e.g., MLR (Figure 9) or
IGS (Figure 10)), the comparison bar is highlighted blue,
and all other groups that are significantly different are
highlighted red. The bars for the groups that are not sig-
nificantly different are highlighted grey (e.g., QR, GAM),
as shown in Figures 9 and 10. The results from the MCT
as shown in Figure 9 and Table 4 indicate that the mean
RMSE of group 1 (MLR) in blue is not significantly differ-
ent from groups 2, 3, 4, and 5 (QR, GLM, GAM, and
SVR) shown in grey and with p values >0 at 95% confi-
dence level. Likewise, Figure 10 also indicates that the
mean ZTD of group 1 (IGS) in blue is not significantly
different from groups 2, 3, 4, 5, and 6 (regression models)
at a 5% significance level.

Last of all, it is obvious from Tables 2 and 3 and
Figures 6-8 that the five developed models, MLRM,
QRM, GLM, GAM, and SVRM, yielded very compatible
results and best-fit the IGS final ZTD data with a greater
degree of accuracy. Nonetheless, the overall performance
statistics in Table 3 further reveals that the SVR model
slightly performed better than the QR model with an
average bias of SVRM: 2.38 mm, QRM: 2.63 mm and
RMSE of SVRM: 9.11 mm, QRM: 9.13 mm. This is
followed by GAM with an MB of 2.83 mm and RMSE of

9.33 mm, then MLR and GLM, which produced the same
average bias and RMSE of 3.13 and 9.48 mm, respec-
tively. The results suggest that the MLR, QR, GLM,
GAM, and SVR models can provide good prediction per-
formance and could be successfully applied in GNSS and
its related fields to establish a ZTD prediction model that
could provide a reliable and accurate daily prediction of
ZTD. These findings, especially the performance of the
SVR model over the MLR, are in agreement with Parveen
et al. (2020), in which the authors compared the perfor-
mance of SVR and MLR models to predict cadmium
removal from wastewater based on R?, average absolute
relative error (AARE), RMSE, mean relative error (MRE),
SD, and so forth. The SVR model was preferred over the
MLR model since it had the highest R* and lowest AARE
values of 0.9997% and 0.67%, respectively, compared with
R’ of 0.2161 and AARE of 29.27% for the MLR model.
Correspondingly, Abdel-Sattar et al. (2021) evaluated the
applicability of the SVR, ANN, and MLR models to pre-
dict the mass of ber fruits. The results showed that the
SVR model provides better predictive values for the mass
of ber fruits than those obtained with the widely used
MLR model in terms of their R* (SVR: 0.9947, MLR:
0.4614) and RMSE (SVR: 1.8814 g, MLR: 11.3742 g)
values. Similar findings have also been obtained by
Ahmadi and Rodehutscord (2017) and Parveen
et al. (2016, 2017). Furthermore, the performance of the
QR model over the MLR model is also consistent with
the study carried out by Acheampong and Obeng (2019).
In the study, the authors estimated the amount of PWV
over four selected IGS ground stations in West Africa
using QR, MLR, and exponential regression (ER) models.
The estimated PWV were compared with their respective
total column water vapour (TCWV) derived from the
ECMWF ERA-Interim re-analysis data in terms of R* and
RMSE statistical measures. The results showed that the
QR model was the best-fitting regression model as it pro-
duced the highest R* and lowest RMSE values compared
with the MLR and ER models. Moreover, the parallel per-
formance of the MLR and GAM models is also in accor-
dance with Sayegh et al. (2014). In the study, the
performances of four statistical models for predicting
PM;o concentrations were compared. The findings in
terms of statistical metrics indicated that the MLRM and
the GAM yielded very comparable performance.

As indicated above, studies on the application of
regression techniques for modelling and predicting ZTD
are very rare, unlike other techniques such as ANN and
ANFIS that have been applied to model and predict ZTD.
Although previous studies on ANN have attempted to
model and predict ZTDs, direct comparisons with these
studies cannot be made due to differences in the number
of GNSS ground stations used, the amount of data used,
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the number and types of predictors or input parameters
used, and the time interval or duration used. However, if
these conditions are ignored and the results of the regres-
sion models developed are compared with the results
obtained with the ANN as discussed in the introductory
section, then it can be stated that the regression models
developed outclass those of the ANN-based ZTD models
(Pikridas et al., 2010; Ding et al., 2016; Yang et al., 2017;
Li et al., 2020). Again, these results, particularly the per-
formance of the SVR model over the ANN-based ZTD
models, are consistent with the results of several studies
conducted in various fields where the SVR model has
been compared with the ANN technique. For instance,
He et al. (2014), Adnan et al. (2017)), and Bafitlhile and
Li (2019)) compared the performances of ANN and SVR
for streamflow or riverflow forecasting and rec-
ommended SVR instead of ANN. Likewise, Cimen (2008)
compared the efficacy of ANN and SVR for the estima-
tion of daily suspended sediments and recommended the
SVR model as the best alternative to the ANN method. In
addition, Parveen et al. (2017) evaluated the predictive
performance of ANN and SVR for predicting the sorption
capacity of Cr (VI). The result also showed the superiority
of the SVR model over the ANN model in predicting the
sorption capacity of Cr (VI). Last but not least, Valizadeh
and Sohrabi (2018) also evaluated the application of
ANNs and SVR for simultaneous spectrophotometric
determination of commercial eye drop contents as well as
recommended the SVR model over the ANN technique.
The efficacy of the SVR model over the ANN, the lin-
ear regression (LR) models, and possibly the remaining
models developed in this study according to Parveen
et al. (2017, 2020) can be attributed to the fact that the
SVR model is based on the principle of structural risk
minimization (SRM), whereas the ANN and LR models
are based on the principle of empirical risk minimization
(ERM). While in the SRM principle, the generalization
accuracy is optimized over the empirical error and the
smoothness of the regression function or the capacity of
SVM, the ERM principle only minimizes the empirical
error and does not consider the capacity of the learning
systems, which eventually results in poor generalization
performance. Ahmadi and Rodehutscord (2017) and
Abdel-Sattar et al. (2021) further assert that the SVR
model has a wide-ranging approximation capability that
can practically approximate all forms of non-linear func-
tions including quadratic functions, and is good at fitting
functions and recognizing patterns in diverse kinds of
data; whereas the LR models are based on the assump-
tion of linearity, which is useful for only linear approxi-
mations, requiring linear function specification to be
regressed, hence the flexibility of regression equation
may be extremely inadequate. On the other hand, the
performance of GAM compared with GLM is also a result

pen
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of the fact that GAM, as already noted, is an extension of
GLM, in which the linear predictor n is not limited to lin-
earity in the covariates X;, X,, ..., Xj,, but is the sum of
smoothing functions s; applied to each covariate X, X5,
.., X,. That is, in GLM, the linear predictor n is a
weighted sum of the n covariates, n=> ", f;x; whereas,
in GAM, the linear predictor n is replaced by an additive
predictor or smooth function of the form =73 ,s;(x;)
(Hastie & Tibshirani, 1986). With its additive predictive
functions, GAM is designed to provide a more flexible
technique for identifying and capturing non-linear effects
or patterns of covariates on the dependent variable Hastie
and Tibshirani (1986) than GLM, hence producing a
more accurate fit than GLM in the study. Again, GLM
and the MLR model having the same results, GLM is an
extended part of the MLR (General Linear Model). The
difference between GLM and the MLR model is in the
link function. In fitting the GLM, the Gaussian family
with the ‘identity’ link function was utilized. Gaussian
functions are regularly used to characterize the probabil-
ity density function of normally distributed random vari-
ables. The MLR model is also based on the assumption of
normality, which for any given predictor variable X;, X5,
..., Xy, the response variable Y, is normally distributed.
The Gaussian function with ‘identity’ link function in
GLM effectively converts GLM to MLR. That is, GLM
without Gaussian: E(Y)=g !(Xp), for GLM Gaussian
with identity link, E(Y)=Xp, which is equivalent to
MLR: YN (Xﬁ,az), thus, producing the same results as in
Tables 2 and 3. Finally, yet importantly, QR is a second-
order polynomial regression, which is an extension of lin-
ear regressions. It extends linear regression by adding a
quadratic term to include non-linear relationships
between response and predictors. In fact, QR can be seen
as an example of an additive model, with a simple form
of additive function of explanatory variables, that is, a
second-order polynomial function, just like GAM with an
additive spline smoothing function. The QR model with
better performance than the GAM, GLM, and MRL
models in this study could be that the QR model is better
adapted to the effects of non-linearity or patterns of
covariates than the GAM, GLM, and MRL models in this
study, and therefore provides a better fit than the GAM,
GLM, and MRL models. However, the comparable per-
formance of the regression models in this study could be
attributed to the adequacy and reliability of the datasets
used as they are statistically well scattered or dispersed in
both the input and output space.

5 | CONCLUSIONS

Precise modelling of tropospheric delay is of wide practi-
cal importance for precise geodetic, meteorological, and
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climatological applications. Large data gaps resulting
from inadequate and inconsistency of continuous data
streaming from the West African IGS stations hinder
daily continuous ZTD estimation by the IGS products
centre, and in so doing, degrade the quality of the ZTD
and PWV retrieval. To address this shortcoming and pro-
vide an effective prediction model for predicting ZTD in
West African using regression methods, this study pro-
posed five regression models, multiple linear regression
(MLR), quadratic regression (QR), generalized linear
model (GLM), generalized additive model (GAM), and
support vector regression (SVR) for predicting daily IGS
final ZTD in West Africa. The site-wise VMF3-ZTD prod-
ucts for IGS stations including P, T, e, ZTD, ¢, and A on
daily basis over a period of 5years from 2015 to 2019
were used as the covariates/predictors and the IGS final
ZTD product over the same period represented as the
response variable in fitting the regression models. Four
years of data from 2015 to 2018 from four IGS station
(BJCO, CPVG, DAKR, and YKRO) in West Africa were
used in training the models and data of 2019 from the
same IGS stations were used in validating the models. In
order to compare the predictive performances of the
developed models, six different statistical performance
metrics, MB, RMSE, MAPE, R2, NSE, and FAC2, non-
parametric post-hoc or MCT, and graphical representa-
tions such as Taylor's diagrams and time variation plots
were employed to determine the degree of agreement
between the models’ predictions and IGS final ZTD data.
The results from the various analyses revealed that the
performance of the developed models did not vary sub-
stantially (i.e., have nearly the same accuracies) and
agreed best to the IGS final ZTD product; implying that
they can successfully be applied to establish reliable and
accurate ZTD predictions in GNSS and its related fields.
The results also indicate that the five regression models
(SVR, QR, GAM, GLM, and MLR) can as well provide a
suitable alternative for predicting ZTD in West Africa in
the event of inaccessibility or missing of ZTD data from
the IGS stations being studied, as this will help improve
the continuous availability of daily time series ZTD data in
the region for any GNSS-related applications. However, a
detailed comparison of the overall performance indicated
that the SVR model performed slightly better than the regu-
lar QR model, followed by GAM, GLM, and MLR in the
order given. The results also showed that there was no
noticeable difference in performance between the MLR and
GLM models as the two models produce the same average
statistics. Moreover, the p values from the non-parametric
MCT in Table 4 clearly suggest that the alternate hypothesis
(H,) of the study should be rejected, while we accept the null
hypothesis (Hy) at 95% confidence level. The overall average
performance statistics are provided as follows: MB (SVRM:

2.38 mm, QRM: 2.63 mm, GAM: 2.83 mm, GLM: 3.13 mm,
MLR: 3.13 mm), RMSE (SVRM: 9.11 mm, QRM: 9.13 mm,
GAM: 9.33 mm, GLM: 9.48 mm, MLR: 9.48 mm), MAPE
(SVRM: 0.29% mm, QRM: 0.29%, GAM: 0.29%, GLM: 0.30%,
MLR: 0.30%), R* (SVRM: 0.959, QRM: 0.958, GAM: 0.959,
GLM: 0.959, MLR: 0.959), NSE (SVRM: 0.951, QRM: 0.949,
GAM: 0.946, GLM: 0.947, MLR: 0.947), FAC2 (SVRM =
QRM = GAM = GLM = MLR = 1.0). In general, the analysis
presented in this study provides that of the five regression
models, the choice of the SVR model will be optimum.

This study has demonstrated that regression tech-
niques can offer good prediction performance and can be
successfully applied in GNSS and related fields to develop
a ZTD prediction model that can provide reliable and
accurate ZTD predictions. Both linear (MLR, GLM) and
non-linear regression (SVR, QR, and GAM) techniques
have been investigated in this study to find a reliable
model for predicting ZTD. Performance analysis of the
models showed that the ZTD prediction performance of
the non-linear regression models is more efficient than
the linear models, although both model types provided
comparable performance. The performance of the non-
linear regression models over the linear models indicates
that the dependent and independent variables showed a
non-linear relationship. Despite the promising results
obtained from the developed models, the findings of this
study are limited to only the West African IGS stations
employed. Further studies could extend these findings
using stations’ data outside of those used in this study to
investigate if better predictions can be obtained. Like-
wise, the number of GNSS ground stations and probably
a larger dataset could also be increased for the same pur-
pose. Moreover, the study detected multicollinearity
among the predictor variables based on the variance
inflation factor (VIF) and was treated using a stepwise
regression algorithm. This problem could also be solved
by principal component analysis (PCA). PCA regression
is an interesting area of research. For further studies, we
hope to use PCA to treat multicollinearity, as this is also
necessary to determine whether more accurate predic-
tions can be made with PCA. Another future work is
needed to compare with other soft computing methods
like ANN, ANFIS, GRNN, LSTM, and so forth to test
whether the proposed regression models can provide bet-
ter results than those obtained by other researchers.
Finally, the GLM gave the same results as the MLR
model owing to the Gaussian family and identity link
function used. Further study is again required to use
other families (such as binomial, gamma, poison, etc.)
and link functions (e.g., ‘logit’, ‘inverse’, ‘log’) other
than the identity link function we used in this study. This
will help know if still better results could be obtained by
varying the families and link functions.
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