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Abstract

Accessibility and precise modelling of tropospheric delay play a significant role in the precise Global Navigation satellite system
(GNSS) positioning applications as well as meteorological studies and weather forecasting. However, if in the event that a GNSS Con-
tinuously Operating Reference Station (CORS) is inaccessible due to power outages, poor internet connectivity, equipment failure, and
firmware issues, gaps are created in the data archive, and the quality of the tropospheric delay estimation is degraded. Over the years,
several modelling approaches and methodologies have been proposed towards the precise estimation of tropospheric delay, owing to the
spatiotemporal variability of water vapour content in the atmosphere. This study employs Deep learning (DL) approach with Ten-
sorFlow and Keras to develop a predictive model (DLztd) for predicting daily IGS final ZTDs over four selected IGS stations in West
Africa. Daily surface meteorological parameters (Pressure (P), Temperature (T), and Water vapour partial pressure (e)), as well as daily
ZTD and stations’ coordinates (latitude, and ellipsoidal height) obtained from the site-wise VMF3-ZTD products for the period 2015–
2018, were used as input variables to train and test the model, while data from 2019 were used to evaluate the predictive performance of
the developed model. Statistical performance indicators such as Mean Bias (MB), Root Mean Squared Error (RMSE), Mean Absolute
Percentage Error (MAPE), coefficient of determination (R2), Nash-Sutcliffe coefficient of Efficiency (NSE), and the fraction of prediction
within a Factor of Two (FAC2) were employed to determine the degree of agreement between the DLztd model predictions and IGS final
ZTD data. The results from the various analyses indicate exceptionally good prediction capability of the DLztd model with average MB,
RMSE, MAPE, R2, NSE and FAC2 of 3.25 mm, 9.62 mm, 0.30%, 0.959, 0.947, and 1.00 respectively. This demonstrates that the DLztd
model provides a remarkable alternative for improving the availability of the ZTD data over the IGS stations under study should the
stations’ data be inaccessible or unavailable.
� 2021 COSPAR. Published by Elsevier B.V. This is an open access article under the CC BY-NC-ND license (http://creativecommons.org/licenses/
by-nc-nd/4.0/).
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1. Introduction

Global Navigation Satellite System (GNSS) signals suf-
fer from the influence of the tropospheric delay originating
from the earth’s neutral atmosphere. The tropospheric
delay induces an excess propagation path length on GNSS
signals when transmitting through the troposphere, result-
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ing from signal bending and time delay on account of
refraction along the signal transmission path (Mendes,
1999). The excess path length introduces an error in the
measured range and the end, degrades the positioning
accuracy, particularly the vertical component (Nikolaidou
et al., 2018).

The impact of the tropospheric delay on GNSS signals is
in the range of about 2.0 to 2.6 m in the zenith direction to
about 20 to 28 m near the horizon and at lower elevation
angles (Sanlioglu and Zeybek, 2012). Since the tropo-
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spheric delay cannot be removed by a combination of dual
or multi-frequency GNSS observations owing to its non-
dispersive nature (not frequency-dependent), unlike the
ionospheric delay, the tropospheric delay is considered as
the major error source in GNSS positioning applications,
and therefore, remains a major challenge and a growing
concern to GNSS users. Precise and accurate modelling
and/or mitigation of tropospheric delay is therefore essen-
tial for precise positioning and navigational applications.
Moreover, precise estimates of tropospheric delay can aid
in the derivation and retrieval of precipitable water vapour
(PWV) content in the atmosphere with a high spatial and
temporal resolution, as means of complementing the con-
ventional techniques (such as radiosonde, water vapour
radiometer, etc.) of quantifying the amount of water
vapour in the atmosphere (Bevis et al., 1992, 1994). Knowl-
edge of PWV is of great interest/essential for meteorologi-
cal studies, weather forecasts, and climate monitoring
(Suparta and Alhasa, 2015; Bianchi et al., 2016; Jiang
et al., 2020).

Recently, with the growing demand for GNSS technol-
ogy, a dense network of permanent and continuously oper-
ating IGS stations have been established and distributed
globally with the aim of using GNSS measurements pro-
vided by these stations for many applications apart from
position, such as remote sensing of water vapour in the
atmosphere for weather prediction and monitoring
(Hadas et al., 2017). However, due to the spatiotemporal
variability of water vapour content in the atmosphere,
the precise modelling of the tropospheric delay has become
an important field of research among the GNSS research
community (Hofmann-Wellenhof et al., 2008). This chal-
lenge has inspired several techniques and models over the
years towards the estimation and mitigation of tropo-
spheric delay (Jiang et al., 2020). The models can be classi-
fied into two main groups: surface meteorological
parameters dependent models (Hopfield, 1969;
Saastamoinen, 1972; Black, 1978) and, user location and
time-dependent models (Penna et al., 2001; Leandro
et al., 2008; Landskron and Böhm, 2018). Lately, the appli-
cation of other techniques such as Precise Point Positioning
(PPP) (Zhu et al., 2010; Hadas et al., 2013; Zhao et al.,
2018), Artificial Neural Network (ANN) (Yang et al.,
2017; Ding and Hu, 2019; Zhang et al., 2020), Adaptive
Neuro-Fuzzy Interference System (ANFIS) (Suparta and
Alhasa, 2013, 2015, 2016) and Numeric Weather Prediction
(NWP) models (Jiang et al., 2020; Ssenyunzi et al., 2020)
have also been employed to model and predict the tropo-
spheric delay in the zenith direction (ZTD).

The IGS likewise employs PPP technique to provide
high-quality continuous daily time series ZTD products
at an accuracy of about 4 mm for all IGS ground sites
using 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 been utilized as the standard reference
for validating the performances of other ZTD models or
products and also the retrieval of PWV for research and
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meteorological applications (Yao et al., 2018a,b; Ding
and Hu, 2019). The quality of the IGS-ZTD estimates
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 connec-
tivity, equipment failure, and electrical power problems
(Isioye et al., 2015; Ssenyunzi and Oruru, 2019), the IGS
ground-sites are inaccessible or absent, gaps are created
in the data archive due to inconsistency in data streaming,
and the quality of the tropospheric delay estimation is
degraded (Jgouta et al., 2016), which as well inhibits the
quality and continuous retrieval of the PWV by the IGS
sites.

The African IGS ground sites besides being limited in
number, are also noted for having large data gaps
(Walpersdorf et al., 2007; Isioye et al., 2015; Ssenyunzi
et al., 2020), as provided in Fig. 3, and therefore lack pro-
viding continuous daily data which is resourceful and ade-
quate to provide high spatial and temporal resolution ZTD
data. Thus, the accurate quantification of ZTD is still a
challenge in West Africa. Therefore, the need to investigate
alternative methods for predicting ZTD to augment/im-
prove the continuous availability of ZTD data at the IGS
stations in West Africa is very crucial.

This paper proposes to build a Deep Learning ZTD
(DLztd) model with TensorFlow and Keras to address this
challenge in the West African region for predicting daily
IGS final ZTDs, which can as well be utilized as an alterna-
tive source to improve the availability of the IGS-ZTD
data should the stations’ ZTD data be inaccessible or
unavailable. The findings of this study will go a long way
in addressing data gaps issues with the West African IGS
stations and also enhance research on GNSS and meteoro-
logical applications in the region, which has seen limited
studies in these disciplines due to the limited GNSS net-
work and large data gaps. To realize this, the site-wise
operational Vienna Mapping Functions 3 (VMF3) ray-
traced ZTD products (ZTD, Pressure (P), Temperature
(T), and water vapour partial pressure (e)) for global IGS
stations as well as the stations’ coordinates [latitude (u)
and ellipsoidal height (h)] are used as input and the predic-
tive performance of the model is evaluated using several
statistical evaluation metrics based on a one-year (2019)
IGS final ZTD data over four selected IGS stations in West
Africa.

Lately, Numeric Weather Models (NWM) such as the
European Centre for Medium-Range Weather Forecasts
(ECMWF), the United States National Centres for Envi-
ronmental Prediction (NCEP) or National Centre for
Atmospheric Research (NCAR) reanalysis data have oper-
ationally become an important source of atmospheric data
for modelling ZTD by many research institutes and groups
as a means of improving space geodetic techniques such as
GNSS (Hobiger et al., 2008; Urquhart et al., 2014; Li et al.,
2020; Zhou et al., 2020). The Vienna Mapping Functions
(VMF: VMF1 and VMF3) service, formally the Global
Geodetic Observing System (GGOS) atmosphere project
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developed at the Vienna Technical University (TU Wien),
is one such institution. The VMF service, among other
products, offers daily continuous site-specific ray-traced
zenith tropospheric delays (ZHD, ZWD), surface meteoro-
logical parameters (P, T, and e) and mapping functions
derived from the ECMWF ERA-40 (for VMF1) and
ERA-Interim (for VMF3) reanalysis data at 6 h daily
and 4 epoch (00, 06, 12 and 18 UT) temporal resolution
for IGS stations worldwide. VMF3 is the successor of
VMF1, the most widely used product. The precision and
accuracy of the VMF service products have been investi-
gated and validated against the IGS zenith delays by a
number of researchers (Yao et al., 2017, 2018a,b) to be
accurate enough for tropospheric delay mitigation and
models evaluation. Tropospheric delay models have also
been developed out of the service products. For example,
Yao et al. (2018)a,b analyzed the temporal and spatial vari-
ations of the GGOS atmosphere data and built a new glo-
bal ZTD model (GZTD) using spherical harmonic
function. Likewise, Sun et al. (2017) also derived a global
ZTD simplified model (GZTDS) with the assumption that
the troposphere is a nonlinear system using the GGOS
Atmosphere data. Ding and Hu (2019) also utilised the
GGOS Atmosphere data to develop an ANN technique-
based ISAAS model over Russia. In addition, the VMF1
mapping functions have been reported as the most accurate
mapping functions to date (Tesmer et al., 2007; Landskron
and Böhm, 2018) and their use is recommended for high-
precision geodetic applications by the International Earth
Rotation and Reference Systems Service (IERS)
(Urquhart et al., 2014; Nikolaidou et al., 2018; Feng
et al., 2020), and also for all precise geophysical applica-
tions (Boehm and VanDam, 2009). All these studies clearly
indicate the robustness and reliability of the VMF service
products for use in GNSS applications. Hence, making it
a good source of data for use in the DLztd model
development.

Several studies have successfully implemented ANNs
and ANFIS techniques in the prediction of ZTD, which
demonstrated good results. For example, Pikridas et al.
(2010) developed an ANN-based ZTD model for predict-
ing ZTD over some selected EUREF Permanent GNSS
Network (EPN) stations. The predicted results showed a
mean bias ranging from �10.9 cm to 11.5 cm and RMSE
of 3.6 cm. Zheng et al. (2015) also employed the same tech-
nique to develop a regional ZTD prediction model over
Jiangsu Province of China, providing a RMSE of
0.004 m. Likewise, Ding et al. (2016); Ding and Hu
(2019) also established an ANN-based ZTD prediction
model over Russia using ground-based GNSS-ZTD data.
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.
Suparta and Alhasa (2013) proposed an ANFIS model (a
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technique that combines neural networks and fuzzy infer-
ence system) for predicting ZTD using five selected stations
in Antarctica and three selected stations in the Malaysia
and Singapore regions. The results showed a RMSE of
0.0175 mm. Li et al. (2020) equally proposed a regional
ZTD model based on Generalized Regression Neural Net-
work (GRNN). The GRNN model was developed using
meteorological data from the European Centre for
Medium-Range Weather Forecasts (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 experimental
results showed a mean bias of 9.5 mm and RMSE of
12.7 mm. Nonetheless, limited or no studies have explored
deep learning with TensorFlow and Keras to predict ZTD,
especially in the West African region. It, therefore, remains
a novel approach for the prediction of ZTD using deep
learning with TensorFlow and Keras models.
2. Tropospheric delay

The troposphere forms the lower portion of the neutral
atmospheric layer up to around 50 km (Meunram and
Satirapod, 2019). The effect of the troposphere 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)], temperature [(T (K)] and relative
humidity [RH (%)] or water vapour partial pressure [e
(mbar)] along the signal transmission path as well the loca-
tion of the receiver antenna (Sanlioglu and Zeybek, 2012).
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 about
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 and in
contrast to the ZHD, it cannot be precisely modelled or
predicted due to its large spatial and temporal variability
(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 independent
of GNSS frequencies and therefore affects carrier phase
and code measurements equally (Sanz et al., 2013).

Following (Bevis et al., 1992; Mendes, 1999; Kleijer,
2004) the excess propagation path (DLt

r) can be calculated
by integration of the refractive index along the signal trans-
mission path, s, from satellite, t to a receiver, r at elevation
angle (h) via the troposphere as:

DLt
r hð Þ ¼

Z
s

n sð Þ � 1ð Þds|fflfflfflfflfflfflfflfflfflfflffl{zfflfflfflfflfflfflfflfflfflfflffl}
Path delay

þ
Z
s
ds�

Z
G
dG

� �
|fflfflfflfflfflfflfflfflfflfflfflfflffl{zfflfflfflfflfflfflfflfflfflfflfflfflffl}

Signal bending

ð1Þ

Eq. (1) can also be written as:
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DLt
r hð Þ ¼

Z
s

n sð Þ � 1ð Þdsþ S � G½ � ð2Þ

where S is the curved signal path, G is the geometric signal
path.

Expressing the signal delay in the zenith direction (i.e.,
h = 90�), Eq. (2) now becomes:

DL ¼
Z
S
nðsÞ � 1½ �ds ð3Þ

Expressing n in terms of total refractivity N, where

N ¼ 10�6 n� 1ð Þ, Eq. (3) can be rewritten as:

DL ¼ 10�6

Z
s
N sð Þds ð4Þ

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

N ¼ k1
Pd

T

� �
|fflfflfflffl{zfflfflfflffl}

Nd

þ k2
e
T
þ k3

e

T 2

� �
|fflfflfflfflfflfflfflfflfflfflffl{zfflfflfflfflfflfflfflfflfflfflffl}

Nw

ð5Þ

where Pd = P + e, is the partial pressure of the dry gases (in
hpa),k1; k2; k3 are refractivity constants whose values can
be inferred from Bevis et al (1994). Re-writing Eq. (4) in
terms of ZTD,

ZTD ¼ 10�6

Z TOA

h
Nd hð Þdh|fflfflfflfflfflfflfflfflfflfflfflfflfflfflffl{zfflfflfflfflfflfflfflfflfflfflfflfflfflfflffl}

ZHD

þ 10�6

Z TOA

h
Nw hð Þdh|fflfflfflfflfflfflfflfflfflfflfflfflfflfflffl{zfflfflfflfflfflfflfflfflfflfflfflfflfflfflffl}

ZWD

ð6Þ

where, h is the height of the station or receiver antenna,
and TOA is the top of the atmosphere.
Fig. 1. Sample graph of multiple comparisons of group means. The small
circle symbols represent the group means, while the bars (horizontal lines)
represent the comparison intervals.
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With an appropriate mapping function and using the
satellite elevation angle(h) as input, the ZTD can be
resolved into the Slant Tropospheric Delay (STD) as
(Landskron and Böhm, 2018):

STDt
r ¼ ZHD�MF hðhÞ þ ZWD�MF wðhÞ ð7Þ

where MFh and MFw represent the hydrostatic and wet
mapping functions.

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

PWV ¼ P � ZWD ð8Þ
P is dimensionless and can be determined from (Askne

and Nordius, 1987) as:

P ¼ 106

k3
Tm

þ k02
� �

qwRw

ð9Þ

where Rw is the specific gas constant for water vapour

(461.5 JKg�1K�1), qw is the density of water (998 kgm�3),
Tm is the weighted mean temperature in kelvin(K), k02 is
refractivity constant (16.52 K/hpa).

3. Materials and methods

3.1. Study area

This study was conducted using four IGS stations
located in four West African countries, namely, Benin
(BJCO), 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.
Details of the stations and their visual locations are shown
in Fig. 2 and Table 1 respectively.

3.2. Datasets

For effective and efficient data training using deep learn-
ing algorithm, this study utilized the daily site-wise opera-
tional VMF3 ZTD products for IGS stations and the IGS
final ZTD product for a period of five years spanning from
2015 to 2019. The following subsections summarize the
datasets used in this study.

3.2.1. VMF3-ZTD data

The Vienna Mapping Functions (VMF) service (https://
vmf.geo.tuwien.ac.at/) provides 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 derived based on ray-traced delays at 3� ele-
vation using NWP model data spanning 2001 to 2010 from
the European Centre for Medium-Range Weather Fore-
casts (ECMWF) ERA-40 and ERA-Interim reanalysis data
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

https://vmf.geo.tuwien.ac.at/
https://vmf.geo.tuwien.ac.at/


Table 1
IGS stations in West Africa selected for this study.

Site City Country Latitude Longitude Ellip. Height Period of data

BJCO 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

Fig. 2. Map of West Africa showing the locations of the selected IGS stations (GoogleMap, 2021). The red round markers indicate the IGS stations. (For
interpretation of the references to colour in this figure legend, the reader is referred to the web version of this article.)

Fig. 3. Data availability (in days) for the IGS stations in West Africa from 2015 to 2019, indicating the stations’ varying performances of data acquisition.
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of VMF1 realized on both 1� x 1� and 5� x 5� global grids
(Landskron and Böhm, 2018). The site-wise VMF3-ZTD
data fields for the IGS stations include ZHD, ZWD, P,
1247
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. The
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VMF3-ZTD data is available at: (https://vmf.geo.tuwien.
ac.at/trop_products/GNSS/VMF3/).
3.2.2. IGS-ZTD data

The IGS also publishes highly accurate 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 about 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 is 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 written
in MATLAB programming language for this study. 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. Param-
eters 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 h
or 23 h UT. The ZTD was obtained following Eq. (9).
No interpolation or extrapolation was performed, 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 h) average datasets, the mean of each daily parameter
(ZTD, P, T, e) extracted were computed by summing all
the daily epochs (00, 06, 12, and 18 UT) and the first epoch
(00 h UT) the next day, and dividing by 5 as given in Eq.
(10). The station coordinates for which these parameters
are valid were as well extracted from the station coordinate
file, ‘‘gnss.ell”.

V ¼ v00 þ v06 þ v12 þ v18 þ v00 nextday

5
ð10Þ

where V is the computed average parameter of interest, v is
the parameter of interest, 00, 06, 12, 18 are the daily
epochs, and 00nextday 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 com-
puted at an interval of 5 min (temporal resolution) for each
day, the mean ZTD was also calculated for the entire day
(24 h) for each file, by summing all the ZTDs at each epoch
and dividing by the total number of epochs in the file, pre-
sented as:

ZTD ¼
Xn

i¼1

ZTDe

n
ð11Þ
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where n = 288 is the total number of epochs, ZTDe 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 DLztd model
development. The total number of days of data available
for each IGS station in a given year within the study period
is shown in Fig. 3.

3.4. Development of the DL model (DLztd)

3.4.1. Overview of Deep neural network

Deep Learning (DL) is an evolving subfield of Machine
Learning (ML) developed to mimic the structure and func-
tion of the human brain neural system so as to learn to per-
form tasks as humans do. The name DL is derived from the
use of Neural Networks (NNs) or Multi-Layer Perceptron
(MLP) of multiple hidden layers of non-linear processing
units/layers stacked together as shown in Fig. 5. It employs
ANN algorithms with high computational efficiency and
flexibility to learn and extract complex patterns about data
from the relationships hidden within the data, then applies
these patterns or pieces of knowledge to unknown data for
either regression and classification or clustering analyses.
The deepness of the DL model (DLM) is dependent on
the number of hidden layers in the model, and the deeper
the Deep Neural Network (DNN), the more complex pat-
terns the network can learn (Gulli and Pal, 2017; Prakash
and Rao, 2017; Liu and Maldonado, 2018).

Typically, the ANN architecture is composed of three
different layers that are sequentially interconnected operat-
ing in parallel as seen in Fig. 5. They include the input
layer, one or more hidden layers, and the output layer.
Each layer is composed of several processing units called
neurons or nodes as shown in Fig. 5. A neuron is made
up of three fundamental units including the connecting
links characterized by its weight w, a summation unit Uk

which combines the weighted input signals, and an activa-
tion or transfer function F for translating the input signals
into output signals. ANN acquires knowledge through
training and produces outputs based on the knowledge of
the relationship between the input signals within the train-
ing data. The input layer obtains the data or signals
xiði ¼ 1; 2; :::; nÞfrom the external environment into the net-
work, which is then distributed to the neurons in the hid-
den layer where the data through the activation function
is manipulated by computing the weighted sum of the input
signals (multiply the input values by the weights (initially
random) and add a bias term) as presented in Eqs. (13)
and (14). Relevant patterns associated with the input data
are retrieved and transformed into a higher-dimensional
space in the hidden layer, allowing the network to learn
complex patterns within the data. For multiple hidden lay-
ers, the output of one hidden layer becomes the input for
another. The weights within the neurons are fundamental
assumptions about how the data in one layer is associated
with the data in the subsequent layers. As the network

https://vmf.geo.tuwien.ac.at/trop_products/GNSS/VMF3/
https://vmf.geo.tuwien.ac.at/trop_products/GNSS/VMF3/
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trains the interconnected weights wi in Eq. (12) are adjusted
to minimize the overall error function e between the net-
work output (predicted) and the target output (actual
observation) until they finally converge on values that pre-
cisely represent the meaningful pattern within the data
(predicted values become as close as possible to target val-
ues). e is the sum of square errors between the predicted/
ANN model output ti and the actual output Oi, which
can be defined as (Malekmohamadi et al., 2011):

eðwÞ ¼ 1

2

XN
i¼1

Oi � tið Þ2 ¼ 1

2

XN
i¼1

e2 ð12Þ

where N is the total number of training patterns.
The output layer then presents the final results or output

yk from the processing as presented in Eq. (14).
Mathematically, the operation of a neuron say k can be

expressed as follows (Suleiman et al., 2014; Tosun et al.,
2016; Wang et al., 2020):

Uk ¼
XN
i¼1

wki � xi ð13Þ

yk ¼ F Uk þ bkð Þ ð14Þ
where xi is the input variable/signal, wi is the synaptic

weight of the neuron k, bk is the bias term, F is the activa-
tion function, and yk is the output signal of the neuron k.

In a deep neural network, the neurons are sometimes
referred to as ‘‘fully connected” networks or ‘‘fully con-
nected” layers, implying that a given neuron maintains a
connection to all the neurons adjacent to it. In recent times,
DL has gained a lot of recognition and proven effective in
many fields such as speech and face recognition, image
classification (Goodfellow et al., 2016), weather prediction
(Weyn et al., 2019), detection of volcano deformation
(Anantrasirichai et al., 2019), groundwater estimation from
major physical hydrology components (Afzaal et al., 2020),
prediction of customer records for future product issues
Chandrasekaran (2019) and so forth. It is therefore expedi-
ent to extend the concept of DL to modelling zenith tropo-
spheric delay.
3.4.2. Developmental environment and libraries

The Deep Learning ZTD (DLztd) prediction model was
developed using PyCharm JetBrains 2019.2, a python inte-
grated development environment (IDE), NVIDIA Nsight
Table 2
Input and output variables for the Deep learning model (DLztd).

Variable Name Source

Latitude VMF3
Ellipsoidal Height VMF3
Pressure VMF3
Temperature VMF3
Water vapour partial Pressure VMF3
Zenith Total Delay VMF3
Residual Difference (VMF3 and IGS)
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HUD Launcher 2019.4 GPU platform, together with the
following libraries:

(i) Pandas v0.25.1 - for importing the dataset.
(ii) NumPy v1.16.5 - for mathematical operations.
(iii) Matplotlib v3.1.1 - for plotting graphs.
(iv) Scikit-learn v0.21.3 - a tool for ML.
(v) Sklearn: for statistical metrics evaluation.
(vi) Seaborn v0.9.0 - for statistical data visualization.
(vii) TensorFlow v2.0.0 - a python-friendly open-source

library built with data-flow graphs by the Google
Brain team for numerical computation that makes
deep and machine learning faster and easier. Ten-
sorFlow, therefore, provides an interface for express-
ing and implementing machine learning algorithms
and to execute such algorithms (Abadi et al., 2016).

(viii) Keras v2.2.4 - a powerful, easy-to-use python open-
source library that implements Deep Learning algo-
rithms and can run on TensorFlow or Theano as
backends (Manaswi, 2018).

3.4.3. Input and output variables

It is established that meteorological parameters such as
Pressure, Temperature, water vapour partial pressure as
well as station location significantly influence the magni-
tude of tropospheric delay (Sanlioglu and Zeybek, 2012).
Thus, the DLztd model variables including input and out-
put (target) features were selected following (Ding et al.,
2016; Ding and Hu, 2019). A ZTD residual inverted by
the VMF3-ZTD product with respect to the IGS final
ZTD was used as the target variable which can be com-
puted as (Ding et al., 2016):

RES ¼ ZTDVMF 3 � ZTDIGS ð15Þ
where RES is the VMF3-ZTD product residual,

ZTDVMF3 is the VMF3-ZTD, and ZTDIGS is the IGS-
ZTD obtained from the IGS stations under study.

RES from Eq. (15) is related to three main parameters:
geographical coordinates, latitude u, and ellipsoidal height
(h) of the IGS stations under study; surface meteorological
parameters (P, T, e) at the IGS sites, and ZTD values, all
extracted from the site-wise VMF3-ZTD data fields. Thus,
the RES is determined by all of u, h, P, T, e and ZTDVMF3.
Table 2 provide the list of input and output variables for
the DLM.
Acronym Units Function

Lat Deg Input
h m Input
P hpa Input
T K Input
e hpa Input
ZTDvmf3 m Input
RES m Output
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The DLztd model was trained and tested on data from
2015 to 2018 while data from 2019 from the four IGS sta-
tions (BJCO, CPVG, DAKR, and YKRO) was set aside as
an independent dataset (not used in the model development
process) for the final model performance evaluation.

3.4.4. The DLztd model development

The following steps were employed in developing the
DLztd model which can as well be visualized from Fig. 4:

1) Data pre-processing
The first step in NN training is to identify the datasets,

remove noisy data and missing values and other unwanted
information in the dataset. This mechanism is referred to as
data pre-preprocessing. After ensuring that noisy data and
missing values are removed, the next step is to partitioned
or split the dataset into a training and a test set which can
be done through indexing, creating indices of ‘10 and ’20.
We split the 2015–2018 data covering all the four IGS sta-
tions into 80% of training and 20% of test sets. The net-
work learns from the training dataset and then use the
test set to evaluate the model’s performance.

2) Feature Scaling/Normalization:
Fig. 4. Workflow methodology of the developed Deep Learning ZTD (DLztd
developing the DLztd model, as described in Section 3.4.4.
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Data scaling or Normalization is the process of making
model data in a standard format of say 00s and 10s so that
the training is improved, accurate, and faster. Scaling is
done by calculating the mean and the standard deviation
of the training set and then normalizing both the training
and test sets using the mean and standard deviation of
the training set. The normalization method was imple-
mented using the StandardScaler of scikit-learn using Eq.
(16) (Agarap, 2018):

z ¼ x� l
r

ð16Þ

where z represents the normalized dataset, x represents
the dataset features, l represents the mean value for each
dataset feature xi, and r represents the corresponding stan-
dard deviation.

3) Model Creation: The ‘layers.Dense ()’ function was
used to define ‘‘fully connected” layers and the number
of neurons in each layer. The DLztd model consists of a
simple sequential layout, an input layer of 6 neurons, rep-
resenting the number of feature variables in the data, 4 hid-
den layers with 200, 200, 128, and 54 neurons respectively
) model. The numbered circles (1–7) represent the various steps taken in



Fig. 5. Sample Deep Learning Architectural design showing the input, hidden, and output layers together with connecting weights and bias. The circles
with green colour represent the neurons in the input layer, the blue circles represent the neurons in the hidden layers, and the red circles represent the
neurons in the output layer. The connecting arrows between the layers or neurons represent the weights, while the cyan circles represent the bias. (For
interpretation of the references to colour in this figure legend, the reader is referred to the web version of this article.)
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and an output layer of 1 neuron. Fig. 5 provides a sample
architectural design of the DLM. The Rectified Linear
Unit (ReLU) activation function is used for each hidden
layer neuron. The ReLu function is a piecewise linear func-
tion that will output 0 when � < 0, and conversely, it will
output a linear function or the input (x) directly
when � � 0. The equation of the ReLU function is defined
as (Agarap, 2018; Wang et al., 2020):

f xð Þ ¼ max 0; xð Þ ¼ x; x P 0

0; x < 0

�
ð17Þ

For several models of neural networks, ReLU has been
the widely used activation function (Agarap, 2018). For
each hidden layer, a dropout layer is also employed to com-
bat or reduce underfitting (i.e., having worse than possible
predictive performance) and overfitting (i.e., being too sen-
sitive to the training data) in the deep neural networks. For
the first three layers, a dropout rate of 0.4 (40%) is used
while a dropout rate of 0.3 (30%) is used in the last layer.
Dropout is a technique that regularizes the behaviour of
DNNs during training and helps reduce neuronal interde-
pendent learning (Srivastava et al., 2014; Shirke et al.,
2018). Simply put, dropout refers to randomly dropping
out or temporarily removing units (hidden and visible)
along with all their connections from the network during
training. This implies that either in the feed-forward or in
the back-propagation phase, their weights will not be
changed/modified, and no output from that neuron is gen-
erated. Dropout rate expresses the fraction of weight to
drop as it determines the probability at which feature
detectors are deleted or removed and the remaining weights
are trained by backpropagation. For example, a dropout
rate set to 0.2 (20%), will mean that one in five inputs will
be randomly omitted from each update cycle.

4) Compiling the model: Before fitting the model, the
model requires compilation. The loss function, optimizer,
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and metrics are specified during this step. The DLztd
model utilized the Mean Squared Error (MSE) as the loss
function, the ’RMSprop’ optimizer with a learning rate
of 0.001 is used as the optimizer, and Mean Absolute Error
(MAE) is used as the metric. The loss function and the met-
ric are used to evaluate the model performance.

5) Fitting the model: The training set is used to fit the
compiled model. Besides, a validation set is created during
the training and is set to consist of a fraction of ’0.20, of the
training data. 1000 epochs are run, with a batch size of 64.
The epochs specify the number of times the algorithm con-
siders the entire training data while the batch size specifies
the size of the sample to be passed through the algorithm in
each epoch. Here again, the early stopping function was
implemented to avoid over-and under-fitting.

6) Model Evaluation: Lastly, the trained or fitted model
and the test set is used to evaluate the model performance,
and loss of 9.3651e-05 m and MAE of 0.0081 m was
realized.

7) Prediction of the new dataset: After the model is
trained and evaluated on the test data, new predictions
for the target variable RES, are made on the 2019 datasets
from which the DLM ZTD is computed as given in Eq.
(18) for the final model evaluation.

The end product of the DLM is the RES, therefore, the
ZTD prediction follows (Ding and Hu, 2019):

ZTDDLM ¼ ZTDVMF 3 � RES ð18Þ
It follows that ZTDDLM is compensation for VMF3-

ZTD (ZTDVMF3) with respect to the IGS final ZTD, which
directly implies that the RES is the compensation for the
VMF3-ZTD product.

3.4.4.1. Performance evaluation of the DLztd model. To
finally evaluate the performance of the developed DLztd
model on the 2019 dataset, statistical analysis involving
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the Mean Bias (MB, Eq. (19)), Root Mean Square Error
(RMSE, Eq. (20)), Mean Absolute Percentage Error
(MAPE, Eq. (21)), Pearson coefficient of determination
(R2, Eq. (22)), Nash-Sutcliffe coefficient of Efficiency
(NSE, Eq. (23)), and the fraction of predictions within a
factor of two of observations (FAC2, Eq. (24)) (Nash
and Sutcliffe, 1970; Kumar et al., 1999; Ali and Abustan,
2014; Sayegh et al., 2014; Suleiman et al., 2014; Ahmadi
and Rodehutscord, 2017) was conducted to quantify the
extent to which the predicted ZTD values on the indepen-
dent dataset from the four IGS stations are close to the cor-
responding true ZTD (IGS) values. The expressions for the
aforementioned statistical indicators are represented as
follows:

MB ¼ 1

N

XN
i¼1

Mi � Oð Þi ð19Þ

RMSE ¼
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
1

N

XN
i¼1

Mi � Oið Þ2
vuut ð20Þ

MAPE ¼ 1

N

XN
i¼1

Mi � Oi

Oi

				
				� 100 ð21Þ

R2 ¼
PN

i¼1 Mi �M
�� �

� Oi � O
�� �h i2

PN
i¼1 Mi �M

�� �2
� � PN

i¼1 Oi � O
�� �2

� � ð22Þ

NSE ¼ 1�
PN

i¼1 Oi �Mið Þ2PN
i¼1 Oi � O

�� �2

2
64

3
75 ð23Þ

FAC2 ¼ 0:5 6 Mi

Oi
6 2:0 ð24Þ

where Mi and Oi represent the ith modelled and observed

(IGS) ZTDs respectively and, M
�

and O
�

their respective
means. N is the total number of observations.

The performance measures/metrics indicated above. can
be categorised into three perspectives (Fox, 1981; Kumar
et al., 1999; Ali and Abustan, 2014):

� Measures of difference or error index (MB, RMSE, and
MAPE)

� Measures of association or goodness-of-fit (R2), and
� Measures of efficiency (NSE, and FAC2). These mea-
sures or indicators are less common in the GNSS field
but widely used in the field of hydrology and other
disciplines.

The MB indicates the average deviation of the DLztd
model predictions compared to the observed (IGS) values,
where negative and positive MB values indicate under- and
over-estimation respectively. MB values range from -1 to
+1 with zero being the MB value for an ideal model. The
RMSE is a measure of the absolute fit of the DLztd model
to the observed (IGS) data. That is to say, it provides an
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overall measure of how accurately the DLztd model pre-
dicts the observe (IGS) values. RMSE values vary between
0 and1, with 0 being RMSE for an ideal model. The lower
the MB and RMSE values, the less the prediction error,
and the better the model fit. The MAPE similarly indicates
prediction accuracy, and measures how much error in pre-
dicting compared to the observed (IGS) values expressed in
percentage terms. The smaller the MAPE, the better the
performance of the model. Accuracy can as well be defined
in terms of MAPE as Accuracy (%) = 100-MAPE (%),
which is an indication of how close the predicted is to the
true (desired) values.

R2 (R-squared) measures the goodness of fit which
describes the proportion of the total variance in the
observed (IGS) ZTD values that can be explained by the
DLztd model. R2 varies from 0 to 1 or 0% to 100%, with
higher values indicating better performance.

Additionally, NSE measures the relative magnitude of
the residual variance compared to the variance of the
observed data (Nash and 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 R2. Legates and Mccabe (2013)
finally added that NSE is a necessary quality for any metric
of model evaluation. A value of NSE closer to 1 implies
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. Fur-
thermore, FAC2 measures the fraction or percentage of
the DLztd model’s prediction within a factor two of the
observed (IGS) values. FAC2 is considered a robust perfor-
mance measure since it is not overly affected by outliers
(Chang and Hanna, 2004). FAC2 value closer to 1.0 infers
a closer match between the modelled (DLztd) and observed
(IGS) values and, therefore implies better model perfor-
mance. A perfect model has a FAC2 = 1.

To further investigate the performance of the DLztd
model, a non-parametric post-hoc or multiple comparison
test (MCT), and graphical techniques were also employed
to determine the degree of agreement between the predicted
(DLztd) and observed (IGS) ZTD values. According to
Biondi et al. (2012), graphical methods provide for qualita-
tive and subjective evaluation and thus represent a funda-
mental phase in the model assessment as it facilitates the
detection of patterns in error occurrence. They are in most
cases, based on graphical comparison of predicted (DLztd)
and observed (IGS) time series. The following are typical
graphical representations used in this study:

(1) Scatterplots , a graphical technique that maps the
pairs of prediction and observation to demonstrate
how they relate to each other,

(2) Time variation plots , useful tools in describing how
the predicted (DLztd) and observed (IGS) ZTDs vary
with time (i.e., the hour of the day, day of the week,
day of the year (doy), weekly, monthly, yearly etc.),



Fig. 6. Scatterplots showing the strength of association between the IGS and DLztd model ZTDs at each IGS station. R2 is the coefficient of
determination and the red lines represent the regression lines. (For interpretation of the references to colour in this figure legend, the reader is referred to
the web version of this article.)
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(3) Residual plots , a graphical technique used to assess
the DLztd model adequacy. It is the plot of residuals
(observed-predicted) against predicted values to test
for linear prediction bias (Ahmadi and
Rodehutscord, 2017), and

(4) Taylor’s diagram ,a graphical tool developed by
(Taylor, 2001) for comparing the performance of dif-
ferent models. It displays three measures of model
performance; the coefficient of correlation, standard
deviation, and centred RMSE (Suleiman et al.,
2014). (Taylor, 2001) demonstrated that these perfor-
mance statistics can be related using the cosine law in
2D graphs.

The non-parametric post-hoc or multiple comparison
test (MCT) was conducted using the ’scheffe’ technique
(McHugh, 2011; Lee and Lee, 2018) to test whether the dif-
ference in the mean values of the DLztd and the IGS-ZTD
values is significant at a 5% significant level using Matlab
‘‘multcompare function”. The Null and Alternate hypothe-
sis (H0 and Ha) tests are stated as follows:

H0: The difference between the means is equal to 0.
Ha: The difference between the means is different from 0.
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One of the outputs of the MCT using the ‘‘multcompare
function” in MATLAB is an interactive graph that shows
the mean of each group represented by a symbol (small cir-
cle) and a comparison interval or bar also represented by a
line extending from the symbol as shown in Fig. 1. Two
groups (e.g., A and B) means are significantly different if
their intervals are disjoint and significantly indifferent if
their intervals overlap or intersect. For a selected group
(e.g., B), the comparison bar is highlighted blue and all
other groups that are significantly different are highlighted
red (e.g., A and E). The bars for the groups that are not sig-
nificantly different are highlighted in grey (e.g., C and D) as
shown in Fig. 1. It is important to note that Fig. 1 is a sam-
ple graph used to explain the MCT and not a graph created
in this study.

Thus, the predictive performance of the DLztd model
was assessed statistically and graphically centred on 5 pos-
sible criteria:

� Measures of difference or error index (MB, RMSE, and
MAPE)

� Measures of association or goodness-of-fit (R2)
� Measures of efficiency (NSE, and FAC2).



Fig. 7. Plot of residuals against predicted (DLztd) values of ZTD. The DLztd model’s prediction is on the x-axis and the accuracy of the prediction
(residuals = Observed (IGS)-predicted (DLztd)) is on the y-axis. The distance from the line at 0 (origin) indicates how bad the prediction was for that
value. positive values for the residual mean the prediction was too low, and negative values mean the prediction was too high; 0 means the prediction was
exactly correct as of the observed.
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� Measures of Graphical representations (scatterplots,
time variation plots, residual plots, and Taylor’s
diagram)

� A non-parametric post-hoc or Multiple Comparison
Test (MCT).

4. Results and discussion

The objective of this paper is to use Deep Learning with
TensorFlow and Keras to develop a reliable ZTD predic-
tion model (DLztd) over four West African IGS stations.
The input parameters for the developed DLztd model are
surface meteorological parameters (P, T, and e), ZTD,
and station coordinates (u, and h) obtained from the
site-wise VMF3-ZTD products. The final model’s perfor-
mance was tested using an unseen dataset of 2019 covering
the four IGS stations. The performance statistics of the
developed DLztd model using the various statistical indica-
tors; the MB, RMSE, MAPE, R2, NSE, and FAC2 at each
IGS station are summarised in Table 3. In various GNSS
1254
applications and tropospheric delay modelling, the ulti-
mate goal is to build models that provide more precise
and accurate prediction values of the target variables.
Therefore, it is necessary to quantify the extent to which
the DLztd model’s predictions match the true (IGS-ZTD)
values in order to evaluate its predictive performance.
The MB and RMSE help to quantify how close the DLztd
values are to the true (IGS-ZTD) values. The smaller the
MB and RMSE values (closer to zero), the closer the
DLztd predictions are to the IGS-ZTD values and the bet-
ter the DLztd model performance. As can be seen from
Table 3, the DLztd model yields smaller MB and RMSE
values at all the IGS stations, with the CPVG station hav-
ing the smallest MB of 0.24 mm and RMSE of 8.22 mm,
followed by DAKR with a MB of 0.45 mm and RMSE
of 8.84 mm, then BJCO with MB of 5.51 mm and RMSE
of 9.87 mm and finally, YKRO which recorded the largest
MB of 6.78 mm and RMSE of 11.55 mm. These perfor-
mance statistics demonstrate a remarkable correspondence
between the predicted (DLztd) and IGS ZTD values, and
hence better performance. It can further be noted from



Fig. 8. Daily variation of ZTD estimated from the DLztd model compared with IGS final ZTD data at each IGS station in West Africa for the year 2019.

Fig. 9. Comparison of mean predicted (DLztd) and IGS ZTD values over the four selected IGS stations in West Africa.

S. Osah et al. Advances in Space Research 68 (2021) 1243–1262
Table 3 that the MAPE index of the ZTD values estimated
by the DLztd model at all the IGS stations is within the
interval of 0.25% to 0.38%, implying a high prediction
accuracy of the DLztd model. As evidence from Lewis
(1982), the threshold criteria indicating a model’s high pre-
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diction accuracy based on the MAPE index is suggested to
be MAPE 	 10%. 10% 	MAPE 	 20% suggests good pre-
diction accuracy, 20% 	 MAPE 	 50% means acceptable
prediction accuracy and MAPE � 50% suggests inaccurate
prediction.



Table 3
Statistical performance of the DLztd model w.r.t. IGS ZTD values at each
IGS station.

Site MB RMSE MAPE R2 NSE FAC2

[m] [m] [%] [-] [-] [-]

BJCO 0.00551 0.00987 0.317 0.9404 0.9366 1.00
YKRO 0.00678 0.01155 0.372 0.9128 0.8722 1.00
DAKR 0.00045 0.00884 0.254 0.9899 0.9863 1.00
CPVG 0.00024 0.00822 0.251 0.9916 0.9913 1.00
Mean 0.00325 0.00962 0.299 0.9587 0.9466 1.00
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Additionally, to measure how much of the observed
(IGS) variance is explained by the DLztd model prediction,
R2 became a useful tool. As discussed above, the larger the
R2 value the greater the explanatory power and the better
the model fit the dataset. The results in Table 3 clearly
show that the R2 obtained by the DLztd model at all the
IGS stations ranges between 0.913 and 0.992, indicating
that a greater percentage (91.3% to 99.2%) of the total vari-
ance in the observed (IGS-ZTD) data has been accounted
for by the DLztd model. In accordance with Chiew and
McMahon (1993), a model’s prediction is considered ideal
if R2 � 0.97 or R2 � 0.93 and acceptable if R2 � 0.90 or
R2 � 0.77. By applying these thresholds criteria, it presup-
poses that the DLztd model predictions match well with
the IGS-ZTD predictions, signifying a higher accuracy of
the ZTD prediction. IGS station CPVG had the highest
R2 of 0.992 (99.2% explained) and YKRO had the lowest
R2 of 0.913 (91.3% explained). By way of proof from the
scatter plots in Fig. 6, it can be observed very clearly that
the data points are closer to the regression lines, which
according to Frost (2019) when a model (DLztd) accounts
for more of the variance in the observed values (IGS), the
data points are closer to the regression line.

Following Abdel-Sattar et al. (2021) and Ahmadi and
Rodehutscord (2017), the R2 value is used as a common
criterion to determine the ‘‘accuracy” of a particular model
based on its prediction while the MB, RMSE, and MAPE
are widely used to illustrate the ‘‘precision” of a model
based on the residual analysis. The use of a variety of indi-
cators to infer and/or compare the overall performance of
models is therefore preferred. Therefore, in modelling ZTD
based on the DLztd model, the goodness-of-fit in terms of
R2, MB, RMSE, and MAPE showed relatively higher
accuracy and precision of prediction, illustrating an excep-
tional predictive performance.

Not to mention, the fit of the DLztd model was also
expressed by NSE and FAC2 as a means of evaluating its
predictive power. According to the obtained NSE and
FAC2 values (NSE ranging from 0.872 to 0.991 and
FAC2 = 1.00) in Table 3, the DLztd model exhibited a
phenomenal performance in the prediction of ZTD in the
study area, as this is consistent with Chiew and
McMahon (1993) and Moriasi et al. (2015) criteria for
model classification, that a model is considered perfect
for prediction if NSE � 0.93, very good if NSE � 0.80,
and satisfactory if NSE � 0.60. IGS station DAKR
1256
yielded the highest NSE value of 0.991 while YKRO
produced the least NSE value of 0.872. Again, in confor-
mity with (Kumar et al., 1999; Chang and Hanna, 2004;
Sayegh et al., 2014; Suleiman et al., 2014), a perfect model
reproducing the observed values in terms of FAC2 is
defined by FAC2 = 1.0.

Moreover, as a means of visual inspection, the fitness of
the DLztd model was evaluated using residuals plots as
shown in Fig. 7 to test for prediction bias (Ahmadi and
Rodehutscord, 2017). A residual plot is a graph that is used
to test the goodness-of-fit in regression and other soft-
computing methods. Examining residual plots helps to
determine whether the model provided unbiased estimates
that appear to be close enough to the observed values.
For a good model prediction, the residuals are expected
to be randomly distributed around the 0 horizontal lines
(origins) showing no defined patterns in the data points.
This is to satisfy the assumption that the residuals have a
constant variance. Other characteristics of a good residual
plot include:

showing a high density of points close to the origin and
a low density of points away from the origin, and lastly
being symmetric with respect to the origin. It can be seen
from Fig. 7 that the residuals are randomly distributed,
showing a high density of points close to the 0 horizontal
lines (origin) and low-density points far from the 0 horizon-
tal lines. There is also no evidence of clear or recognizable
patterns in the residuals as we long the x-axis. This is a
measure of good agreement between the observed (IGS)
and the predicted (DLztd) ZTD values.

Figs. 8 and 9 further show the daily and mean variations
of the observed (IGS) and predicted (DLztd) ZTD values
at all the stations, which allow quantitative comparison
between the predicted (DLztd) and the observed (IGS)
ZTDs at each IGS station. It can be seen from the above-
mentioned Figures that the developed DLztd model predic-
tion matches well with the observed (IGS) ZTD values; i.e.,
the overall trend or pattern is completely consistent, show-
ing a good correlation. This also infers that the DLztd
model has successfully modelled the datasets.

To further evaluate graphically the performance of the
DLztd model, Taylor’s diagram became handy and was
plotted for the four (4) IGS stations as shown in Fig. 11.
Taylor diagram (Taylor, 2001) provides a visual compar-
ison between modelled and observed values by graphically
displaying a statistical summary of how well the model’s
predictions match the observed (IGS) values in terms of
their correlation coefficient (R), centred RMSE and stan-
dard deviation (SD). From the various plots in Fig. 11,
the position of the coloured symbol (blue) quantifies how
closely the DL model predictions at each IGS station
match the observed (IGS) values. The black dashed arc
in the diagram represents the observed (IGS) standard
deviation at the point marked ‘‘observed” on the x-axis.
From Fig. 11 the observed standard deviation at the IGS
stations can be read as: (BJCO: 0.039 m, YKRO:
0.032 m, DAKR: 0.088 m, and CPVG: 0.068 m). The red
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contours indicate the centred RMSE between the modelled
and observed (IGS) values, which is proportional to the
distance to the marked point ‘‘observed” on the x-axis.
The standard deviation of the predicted ZTD values is pro-
portional to the radial distance from the origin and the cor-
relation coefficient is clearly shown as the black arc with
the marked graduated values (0.1–0.99) in Fig. 11. The
three measures of model performance at the four IGS sta-
tions can be read from Fig. 11 as: BJCO (RMSE: 0.01 m,
SD: 0.04 m, R: 0.97), YKRO (RMSE: 0.011 m, SD:
0.029 m, R: 0.96), DAKR (RMSE: 0.008 m, SD:
0.086 m, R: 0.99), and CPVG (RMSE: 0.008 m, SD:
0.068 m, R: 0.99). Predictions 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. It can be deduced from Fig. 11 that the
DLztd model values at all the stations agree best with the
IGS ZTD values with IGS stations CPVG and DAKR hav-
ing the best match with almost the same smaller RMSE
Fig.10. Spatial distribution of ZTD (m) of the study area from 2019. The blue
lines and the various filled colours represent the variation of the ZTD over the s
of West Africa, the black shaped polygon (between contour lines 1.8 and 2) den
2019. (For interpretation of the references to colour in this figure legend, the
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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. BJCO however, showed slightly higher SD while
YKRO showed slightly lower SD compared to the
observed SD.

Again, the results of the multiple comparison test
(MCT) is shown in Fig. 12. As already indicated, the
MCT was performed to test whether the difference in the
mean values of the DLztd and the IGS-ZTD is significant
at 5% significant level. The MCT as shown in Fig. 12 indi-
cates that the mean ZTD of group 1 (IGS) in blue is not
significantly different from group 2 (DLM) at the 5% signif-
icance level.

Needless to say, it is obvious from Table 3 and Figs. 6–
10, that the DLztd model showed varying performances at
the IGS stations with stations BJCO and YKRO, and
DAKR and CPVG yielding similar results. The difference
markers/circles represent the IGS stations under study, the black contour
tudy area, the black irregular shaped line represents the political boundary
otes lake chad, the colour scale corresponds to the average ZTD values for
reader is referred to the web version of this article.)
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in performance at the various stations can be related to the
distribution of atmospheric water vapour over the stations
which in turn has a significant impact on the ZTD estima-
tion. Atmospheric water vapour is inhomogeneous and
highly variable both in space and time which can induce
sudden fluctuations in the water vapour content in the
atmosphere. These instabilities can further result in an
erratic perturbation in ZTD variation, influencing the over-
all statistics especially the bias and RMSE (Yao et al.,
2018a,b; Jiang et al., 2020). According to Zhai &
Eskridge (1997), the distribution of atmospheric water
vapour is influenced by the geographical latitude of the sta-
tions. As the latitude increases, the amount of water
vapour decreases, resulting in decreasing the ZTD estima-
tion. Thus, the spatial distribution of ZTD is also associ-
ated with latitude (Yao et al., 2018a,b; Chen et al., 2020;
Jiang et al., 2020; Ssenyunzi et al., 2020). It can be seen
from Fig. 10 that the ZTD increases with decreasing lati-
tude values. The mean ZTD computed at each IGS station
for the year 2019 as shown in Fig. 9 reveals that the BJCO
Fig. 11. Taylor’s diagram showing a statistical comparison between modelled
represent the DLztd model and quantify how closely the DLztd predictions at e
the centred RMSE, the black arc with the marked graduated values (0.1–0
‘‘observed” on the x-axis represent the observed (IGS) standard deviation. (For
referred to the web version of this article.)
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station at latitude 6.3847�N has the highest mean ZTD
value of about 2.598 m. This is followed by the YKRO sta-
tion at latitude 6.8706�N having a mean ZTD value of
about 2.542 m, then DAKR at latitude 14.7212�N with
an average ZTD of 2.492 m. The CPVG station at the high-
est latitude of 16.7321�N has the least ZTD value of
2.466 m. This result presumes that GNSS stations at low
latitude are highly prone to tropospheric effects (Dodo
et al., 2019). This can further be seen in Fig. 10 showing
the spatial distribution of tropospheric delay in West
Africa with emphasis on the West African IGS stations.
Fig. 10 shows that IGS stations in West Africa particularly
Benin (BJCO) and Cote d’Ivoire (YKRO) are highly liable
to the impact of the tropospheric delay compared to
DAKR and CPVG in Senegal and Cape Verde respec-
tively. Correspondingly, it is also clear from Table 3 that
the mean bias and RMSE values are larger in low latitude
stations (BJCO: bias = 5.51 mm, RMSE = 9.87 mm,
YKRO: bias = 6.78 mm, RMSE = 11.55 mm) and smaller
at high latitude stations (DAKR: bias = 4.50 mm,
and IGS values over four IGS stations in West Africa. The blue markers
ach station match the IGS ZTD values. The red contours or arcs represent
.99) represent the Pearson correlation coefficient (R), the point labelled
interpretation of the references to colour in this figure legend, the reader is



Fig. 12. Multiple Comparison of Groups ZTD Means (unit: m). The
small circle symbols (blue and grey) represent the group means, while the
bars (horizontal lines) represent the comparison interval.
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RMSE = 8.84 mm, CPVG: bias = 2.40 mm, RMSE = 8.
22 mm), also implying that the accuracy of ZTD varies
in space, which is largely correlated to latitude (Jiang
et al., 2020). Thus, the lower the latitude of the station is,
the larger the bias and RMSE of the ZTD estimation
(Jiang et al., 2020). This is because, at low latitude, the tro-
pospheric activity is strongest compared to stations at high
latitude making it difficult to model the ZTD, resulting in
the larger bias and RMSE. It can further be observed in
Table 3 and Figs. 6, 8, and 11 that all the statistics are
showing less good results (large bias and RMSE) for the
YKRO station compared to BJCO which is at the lowest
latitude. The reason could be related to the climatic condi-
tions of the countries of the two stations (Ssenyunzi and
Oruru, 2019). YKRO is located in Cote d’Ivoire while
BJCO situated in Benin. The climate of Cote D’Ivoire is
characterized by high humidity and rainfall compared to
that of Benin. The high humidity or rainfall causes extreme
instability in water vapour variation, which in turn
increases the difficulty of modelling the ZTD (Jiang et al.,
2020) at the YKRO station, hence the large bias and
RMS shown at the YKRO station as compared to the
BJCO station.

Conclusively, Table 3 also offers the overall average
MB: 3.25 mm, RMSE: 9.62 mm, MAPE: 0.30%, R2:
0.9587, NSE: 0.9466, and FAC2: 1.00 (100%), implying
that the DLztd model performed better and satisfies all
the thresholds criteria for an ideal model. This as well
demonstrates that the proposed DLztd model can effec-
tively improve the accuracy of the ZTD prediction in West
Africa.
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5. Conclusions

Deep learning is more and more being recognized as an
important tool for artificial intelligence (AI) research in
recent years, with applications in several fields to finding
solutions to a variety of problems. In GNSS applications,
the tropospheric delay is being considered the major error
source and a growing concern to GNSS users. Over the
years, precise modelling of the tropospheric delay has
become one of the research hotspots among the GNSS
research community, inspiring several techniques towards
the precise estimation and mitigation of the tropospheric
delay. In this study, we developed a deep learning ZTD
(DLztd) prediction model using TensorFlow and Keras
for predicting daily IGS final ZTD. Daily surface meteoro-
logical parameters comprising of Pressure (P), Tempera-
ture (T), and Water vapour partial pressure (e), as well as
daily ZTD and station coordinates (latitude (u), and ellip-
soidal height (h)) obtained from the site-wise VMF3 ZTD
products for global IGS stations for the period 2015–2018
were used as input variables to train and test the model,
while data from 2019 covering four IGS stations (BJCO,
CPVG, DAKR, and YKRO) were used to evaluate the pre-
dictive performance of the developed DLztd model. Statis-
tical performance indicators such as MB, RMSE, MAPE,
R2, NSE, and FAC2 as well as graphical illustrations such
as scatterplots, residual plots, time variation plots, and
Taylor’s diagram and non-parametric multiple comparison
test (MCT) were employed to determine the degree of
agreement between the DLztd model predictions and IGS
final ZTD data. The results from the various analyses indi-
cate exceptionally good prediction capability of the DLztd
model with average MB, RMSE, MAPE, R2, NSE and
FAC2 of 3.25 mm, 9.62 mm, 0.30%, 0.959, 0.947, and
1.00 respectively, proving high prediction accuracy by the
model, as this is in accordance with (Chiew and
McMahon, 1993; Yadav and Chandel, 2014; Moriasi
et al., 2015) thresholds criteria for a perfect model. The
findings of this study demonstrate that the DLztd model
can be implemented as an alternative source for predicting
daily IGS-ZTD for both GNSS positioning and meteoro-
logical applications in West Africa, and also as a means
of improving the continuous availability of the IGS-ZTD
data over the IGS stations under study just in case the sta-
tions’ ZTD data are unavailable.
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