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Near real-time tropospheric water vapour profiling using a
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ABSTRACT
This article presents a remote-sensing tool employing an artificial
neural networks algorithm for near real-time determination of the
relative humidity (RH) profile above a site using global positioning
system (GPS) data recorded by a ground-based GPS receiver. GPS data
were processed to obtain Integrated Water Vapour. The integrated
water vapour in conjunction with ground level information for tem-
perature, pressure, and RH was fed as inputs to the developed neural
network which in turn generated the instantaneous RH profile, at six
standard pressure levels of 100, 150, 200, 300, 500, and 700 hPa, as
output. GPS and radiosonde data for the years 2009 and 2010 were
used to train the system while the same data for 2011 were used to
validate the system. The relative humidity profile results for 2011
generated using GPS data and the neural network, upon comparison
with recorded in situ radiosonde RH profile measurements for the
same days and times in the year 2011, had root mean square error
of less than 4%, which falls within the margin of error of the Vaisala
RS92 Radiosonde’s humidity measurement regime.
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1. Introduction

The chemical composition of the troposphere is generally uniform, the components having
constant distribution and mixing ratio at all levels. One exception to this rule is water vapour
whose quantity in the troposphere and distribution in the spatial and temporal dimensions is
very variable. Even though it constitutes less than 4% of the atmosphere’s mass, water vapour
has a tremendous influence on the evolution of the Earth’s atmospheric properties. It is worth
noting too that water vapour is the most abundant of the atmospheric greenhouse gases.

As defined by the Clausius–Clapeyron relation, as the air temperature increases, its
capacity to contain water vapour also increases. With rising atmospheric temperatures
therefore, the atmosphere is bound to containmore water vapour. Water vapour feedback
has the effect of doubling the extent of global warming due to greenhouse gases (Dessler,
Zhang, and Yang 2008).

Knowledge of the atmospheric water vapour distribution is useful for both short-term
and long-term weather forecasting. Accuracy in precipitation forecasting improves with
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increase in frequency of water vapour sampling (Shuman 1978). With real-time knowledge
of the water vapour profile, the short-term prediction of cloud formation, for example,
would bemuchmore accurate, hence amore accurate prediction of degree of cloud cover
and precipitation. Accuracy in storm severity prediction for instance depends on knowl-
edge of tropospheric water vapour distribution. It has been reported that even a 1%
variation in the water vapour content in the environment of a storm has a statistically
considerable impact on the severity of the storm (Park and Droegemeier 2000). A small
increase in water vapour can mean the difference between no precipitation and a major
storm. The importance of water vapour profiling cannot be overemphasized.

The most accurate tool for tropospheric water vapour profiling is the radiosonde whose
setup is a meteorological probe unit attached to a balloon. In the course of its flight, the
radiosondemeasures the pressure, altitude, position, temperature, humidity, andwind (speed
and direction) and transmits this information via radio to a ground-based receiver connected
to a recording computer. While the instantaneous data obtained from radiosonde are very
accurate (Nash et al. 2011), the high cost of the equipmentmeans that it can only be launched
a limited number of times in a day and even then only at a limited number of stations.
Significant variations in the weather parameters that occur between the radiosonde launches
go undetected.

Remote sensing enables greater detail in the observation of meteorological para-
meters in regions where in situ observational tools would provide inadequate resolution
due to low distribution of observation stations.

Imaging via satellite makes it possible to qualitatively analyse the horizontal distribution
of water vapour with acceptable accuracy during cloud-free periods, with degraded perfor-
mance during cloudy periods which makes it unfavourable for use in the tropical regions
because many parts of the tropics are very cloudy during the rainy seasons.

Water vapour radiometers, which measure the background microwave radiation
produced by the atmospheric water vapour, can estimate integrated water vapor
(IWV) with good accuracy; however, the radiometers do experience performance degra-
dation under heavy rainfall (Chan 2009).

Evaluation of atmospheric water vapour using global positioning system (GPS) helps to
overcome some of these challenges. Studies have shown that GPS signal phase delay due
to water vapour can be accurately determined even under heavy rain or cloud cover
(Solheim et al. 1999). Ground-based techniques for evaluating tropospheric refractivity
and consequently the water vapour content should provide the most information about
the time–space variations of water vapour profiles (Zuffada, Hajj, and Kursinski 1999). The
global density of GPS receivers continues to grow year by year, promising a very high
spatial resolution for GPS data. Caputo et al. (2000) proposed a technique that enabled the
use of GPS data from a single ground-based GPS receiver to determine the atmospheric
water vapour profiles above the site. This was achieved by relating the refractive index to
the path delay of the GPS signal.

The difficulty with using ground-based GPS receivers for atmospheric profiling is in
accurately evaluating the refractive information from GPS signals received from satellites
at very low and negative elevation angles (Gaikovich and Sumin 1986). Lowry et al. (2002)
proposed to solve this problem using a three-level vertical model for refractivity to account
for the ducting conditions at a coastal region. This technique was able to determine the
refractivity in the boundary layer and detect the ducting altitude. The performance of this
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technique in other regions was not reliable though. Wu, Wang, and Lü (2014) improved on
this technique, extending the retrieval altitude from the boundary layer to 10 km, and
removing the need for the fixed refractivity gradients at the three levels.

As a general trend, themean relative humidity (RH) profile for sites in tropical regions takes
a C-shape, with high RH values at the low altitudes, low RH values at themid-troposphere, and
high RH values as we approach the Tropopause (Newell et al. 1997; Jensen et al. 1999; Vomel
et al. 2002). There ought to exist a relationship between the IWV above a site and the water
vapour profile above that site – high IWV should lead to higher humidity values at each
altitude level and vice versa. The technique of neural networks can be used to model this
relationship. Taking advantage of the accuracy of GPS in determining the IWV over a site, it is
possible to develop a water vapour profiling algorithm that combines GPS and neural
networks in evaluating the water vapour profile accurately, GPS determining the IWV and
the neural network, taking the IWV as input, determining the relative humidity profile,
factoring in the ground level temperature, pressure, and RH. Because of the high accuracy
of GPS receivers and the highly developed predictive capability of artificial neural networks
(ANN), the technique of water vapour profiling using a ground-based GPS receiver and ANN
should be as accurate as existing water vapour profiling techniques e.g. radiosonde.

In this article, we propose a remote-sensing technique employing a ground-based GPS
receiver for tropospheric water vapour profiling. The proposed water vapour profiling tool
comprises two components, the GPS receiver and the neural network. Meteorological
sensors are attached to provide input on ground level conditions to both GPS receiver
and the neural network. The GPS receiver system determines the IWV and the neural
network, taking the IWV as input, and also factoring in the ground level temperature,
pressure, and RH, determines the RH profile at six standard pressure levels of 100, 150,
200, 300, 500, and 700 hPa.

This tool will enable a muchmore widespread deployment of tropospheric water vapour
profiling stations, taking advantage of the low cost of GPS receivers and also the ease in
deploying them. In addition, taking advantage of the GPS constellation’s 24 h availability
and worldwide coverage, the tool will enable near real-time tropospheric water vapour
profiling at any point on Earth.

2. Theoretical background

2.1. Atmospheric phase delay of radio signals and its application to GPS
meteorology

The theory behind GPS Meteorology is well explained in Bevis et al. (1992), from where
much of the material in this section is lifted. Electromagnetic waves propagating through
the atmosphere travel slower than they would in a vacuum. In addition, the waves travel
along a curvilinear path rather than in a straight line. These effects are due to the variable
refractive index of the medium of propagation, i.e. the atmosphere. The radio signal time
delay, which is the difference between the travel time of the signal if it were travelling along
a straight line in a vacuum and the actual travel time, can be expressed in terms of the
excess travel path length ΔL as given in Equation (1), which is valid for rays along the zenith
path, and approximated to within 1 cm for paths with elevations greater than 15°.
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ΔL ¼ �
L
n sð Þ � 1ð Þds (1)

where n(s) is the refractive index as a function of position s along the ray path L through
the atmosphere, with the atmospheric refractive index being related to the atmospheric
refractivity N, as

N ¼ 106 n� 1ð Þ (2)

This refractivity is a function of the atmospheric temperature, pressure, and water
vapour and can also be approximately evaluated using Equation (3) (Thayer 1974)

N ¼ k1
Pd
T

� �
Z�1
d þ k2

Pw
T

� �
Z�1
w þ k3

Pw
T2

� �
Z�1
w (3)

where Pd is the partial pressure of dry air in hPa, Pw is the partial pressure of water
vapour, T is the atmospheric temperature in Kelvin, k1 ¼ 77:605� 0:014 K hPa�1,

k2 ¼ 64:79� 0:08 hPa�1, k3 ¼ 3:7776� 0:004 K2 hPa�1, and Z�1
d and Z�1

w are the inverse
compressibility factors for dry air and water vapour, respectively, correct for non-ideal
gas behaviour but are almost always equal to 1.

The Tropospheric delay comprises two components, one part that depends on sur-
face pressure only (known as Hydrostatic Delay) and a lesser part that is a function of
atmospheric water vapour distribution (Saastamoinen 1972). This lesser part is known as
the wet delay, because it is produced by water vapour alone. For a signal approaching a
receiver from vertically upwards, the signal delay due to the troposphere is on the zenith
path and is therefore called the Zenith Tropospheric Delay (ZTD). ZTD is a sum of the
hydrostatic and wet delays along the zenith angle, referred as the Zenith Hydrostatic
Delay (ZHD) and the Zenith Wet Delay (ZWD) respectively as shown below.

ZTD ¼ ZHDð Þ þ ZWDð Þ (4)

ZHD can be evaluated using ground level conditions according to the relation below
(Saastamoinen 1972).

ZHD ¼ 0:0022767� Psð Þ
1� 0:00266� cos 2ϕ� 0:00028� Hð Þ (5)

where Ps is the ground level atmospheric pressure in hPa, φ is the ellipsoidal latitude of
the station, and H is the station altitude above the ellipsoid in km.

The ZWD is then easily estimated by simply subtracting ZHD from ZTD, and ZWD is
related to the IWV along the zenith path by

IWV ¼ κ � ZWDð Þ (6)

where 1=κ ¼ 10�6 k3=Tm þ k02ð ÞRw with Tm being the weighted mean temperature of the

atmosphere and Rw the specific gas constant for water vapour and the constants k02 ¼ 17�
10 K2 hPa�1 and k3 ¼ 3:7776� 0:004 K2 hPa�1.
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2.2. Artificial neural networks

Detailed information on the technique of ANN can be found in the work by Demuth,
Beale, and Hagan (2009). ANN is a supervised learning technique comprising a network
of simple processing elements (called neurons) that exhibit complex collective beha-
viour determined by the interconnections between the processing elements. An ANN
can be trained to find solutions, recognize patterns, and predict a system’s outputs with
respect to its inputs.

Figure 1 is a simplified representation of the processing element of a neural network
with a single input p, weight w, bias b, and transfer function f which could be linear or
non-linear (Demuth, Beale, and Hagan 2009).

The values of w and b are adjustable and scalar while the f is chosen by the neural
network designer. The scalar input p is multiplied by the scalar weight w to form wp and
the product sent to the collator. The other input into the collator is the bias b. The
collator’s output n is then sent to a transfer function that operates on it to yield the
neuron output a. This is calculated as

a ¼ f wpþ bð Þ (7)

A neural network typically comprises an input layer (with as many inputs as there are
variables), an output layer, and at least one hidden layer with full connections between
neighbouring layers with the output of one processing element layer serving as the input to
the subsequent layer. The neural network output depends on the chosen transfer functions
and the weights and biases. During training, the input is presented to the input layer, and
the output then compared with the target result from experimental observation. The
observed difference between the network’s output and the target is used to determine
an error function that is propagated backwards to update the network’s weights and biases
using an optimization technique. The entire procedure is repeated for a number of iterations
until the desired accuracy is achieved.

Figure 1. Simplified representation of the processing element of a single neuron.
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Two kinds of transfer functions were employed in this work, the linear transfer function
and the hyperbolic tangent sigmoid (tansig) transfer function. It has been demonstrated in
previous works that networks with sigmoid transfer functions in the hidden layers and linear
transfer functions in the output layer could be used to accurately approximate any function
or relation between inputs and desired outputs (Hornick, Stinchcombe, andWhite 1989). For
the linear transfer function, the output a of the function is equal to the input n as shown in
Equation (8) while the tansig transfer function takes an input of any value between minus
infinity and positive infinity and compresses the output into the range of between −1 and 1
according to the expression given in Equation (9).

a ¼ n (8)

a ¼ en � e�nð Þ
en þ e�nð Þ (9)

During validation, the model output variables are directly determined, without iteration,
from the input variables and the trained weights and biases. The technique of ANN has
powerful capabilities in approximating nonlinear relationships and correlations with
arbitrary complexity and can be a very useful tool for modelling complex relationships
between inputs and outputs. In this work, ANN was used to correlate the IWV with the
corresponding RH profiles.

3. Methodology

3.1. Experimental setup

A GPS receiver at the Regional Centre for Mapping of Resources for Development
(RCMRD) (1°13′S, 36°54′E, altitude 1605 m) continuously receives time-stamped signals
from the GPS constellation. The observable characteristics of the signals received and
their time evolution from the satellites are routinely recorded and uploaded to the IGS
global archive (Dow, Neilan, and Rizos 2009).

Radiosondes are launched on a daily basis, usually between 2200 and 2350 UTC, at
the Kenya Meteorological Department (KMD) Upper Air Observatory in Dagoretti Corner
(1°20′S, 36°46′E, altitude 1795 m). The radiosondes used in this study for temperature,
pressure, and RH profiling have accuracy of 0.5°C for temperature, 5% for RH, and 1 hPa
for pressure (Nash et al. 2011).

3.2. IWV determination using radiosonde data

The radiosonde data included the temperature, pressure, and RH profiles. From the
RH profile, the water vapour pressure profile was approximated using Equation (10)
(ITU 2012).

Pw hð Þ ¼ H hð Þ � E � a� exp b� t=dð Þ � tð Þ= t þ cð Þ½ �ð Þ
100

(10)

where Pw hð Þ is the water vapour pressure in hPa at altitude h, t is the Celsius temperature, H
(h) is the RH at altitude h, and the coefficients a, b, c, and d have the values: a = 6.1121,
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b = 18.678, c = 257.14, and d = 234.5 for water (valid between 0°C and +50°C) and a = 6.1115,
b = 23.036, c = 279.82, and d = 333.7 for ice (valid between −80°C and 0°C), with the
coefficient E defined for both water and ice as

Ewater ¼ 1þ 10�4 7:2þ Pd 0:00320þ 5:9� 10�7 � t2
� �� �

and

Eice ¼ 1þ 10�4 2:2þ Pd 0:00320þ 6:4� 10�7 � t2
� �� �

where Pd is the partial pressure of dry air in hPa.
The IWV above the radiosonde site could then be determined using Equation (11)

below with 1795 m being the altitude of the radiosonde launch station and 20,000 km
being the presumed maximum height of the Tropopause.

IWVKMD ¼ 100
Rw

�
20;000m

1795m

Pw hð Þ
T hð Þ (11)

where Pw hð Þ is the water vapour pressure at altitude h, T hð Þ is the temperature in Kelvin
at altitude h, and Rw is the specific gas constant for water vapour.

3.3. IWV determination using GPS

IWV determination using GPS data is a well-developed technique as described in Section
2.1. For this work, GAMIT software was used with the procedure as in Figure 2. The
output of GAMIT was the IWV (Herring et al. 2015). In the absence of local temperature
input into the system at the GPS site, GAMIT made use of the global pressure and
temperature (GPT2) model developed by Lagler et al. (2013) which generated for the site
of the ground level temperature, the temperature lapse rate, and consequently the
mean temperature as an empirical function of latitude, longitude, and day-of-year,

Figure 2. IWV determination using GAMIT.
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taking into account the averages from a fit to 10 year monthly averages from global
numerical weather models. The IWV obtained in this case was for the GPS site at RCMRD.

3.4. RH profile determination using neural network

The predictors for the neural network are the temperature, pressure, and RH at ground level,
and also the IWV. The output of this system is the RH profile, with values for RH specified at
six standard pressure levels: 700, 500, 300, 200, 150, and 100 hPa. This neural network,
designed using theMatlab Neural Network ToolboxTM, was of the feed-forward type, having
an input layer with four neurons, one intermediate layer of six neurons with tan-sigmoid
transfer functions, a further two intermediate layers of 24 neurons each with tan-sigmoid
transfer functions, a fourth intermediate layer of six neurons with linear transfer functions,
and an output layer of six neurons with linear transfer functions. The linear transfer functions
are used in the input and output layers for linear function fitting and the tan-sigmoid
transfer functions are used in the intermediate neurons for pattern recognition and to
compute the non-linear relations between the inputs and the outputs. This architecture was
the most suitable based on the experience during the network design and delivered the
best optimized performance.

For training of the neural network, the Levenberg–Marquardt optimization algorithm
was preferred. The ground level temperature, pressure, RH, and IWV for the years 2009 and
2010 and the RH profile data for the same years were used to train the system, the ground
level temperature, pressure, RH, and IWV being the inputs and the RH profile being the
targets. The number of patterns in the training samplewas 235, with one training pattern for
each day (2009 and 2010) for which both GPS and radiosonde data were available.

The neural network was expected to recognize two trends:

(1) that the tropospheric RH profile should take a C-shape as predicted in Newell
et al. (1997), Jensen et al. (1999), and Vomel et al. (2002) with highest RH values at
the low altitudes, lowest RH values at mid altitudes, and higher RH values towards
the Tropopause.

(2) that ground level conditions should have an influence on form of the C-shape
mentioned in Equation (1) above, and the influence should be quantifiable.

The neural network was expected to model itself so that its output mimics the
relationship between the RH profile and the ground level conditions. The experience
during the neural network design is summarized in the following paragraphs.

The number of neurons at the input layer was set to be same as number of input
variables and number of neurons at output layer to be equal to number of output pressure
levels, hence four input neurons and six output neurons. The network was initially set to
have one intermediate layer with one neuron and then, the modelling process was carried
out and error analysis performed. The number of neurons in the intermediate layer was
increased by one, and the modelling process carried out again, and error analysis also
computed to check if there was improvement. At the low number of intermediate layer
neurons, the network’s accuracy was found to be extremely lowwith almost zero correlation
detectable between the input weather parameters and the output RH profiles.
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One neuron after another was added to the single intermediate layer without much
improvement in network performance getting observed until the number neurons in the
intermediate layer reached 50. The decision was then made to include a second inter-
mediate layer and the number of neurons in the two intermediate layers incremented step
by step from one neuron each until 24, where some improvements in the network
performance were observed. The best results were realized upon adding a four-neuron
intermediate layer just after the input layer and another six-neuron intermediate layer just
before the output layer. The introduction of the second 24-neuron intermediate layer and
the other four-neuron and six-neuron layers next to the input and output layers, respec-
tively, is supported in Bengio and LeCun (2007) where they proposed to solve the problem
of representing a highly varying function without having to use an extremely large
number of neurons, as would have been necessary in a single-intermediate-layer network,
by using multiple non-linearities in the network. Figure 3 shows the flow chart algorithm
for the training of the neural network.

After training, the system, with the trained weights and biases, was used to directly
calculate the output RH profile, without iteration, from the input variables.

Figure 4 outlines the flow chart algorithm for the procedure to obtain RH profile from
GPS observables data.

The validation of the accuracy of the system was in two steps:

(1) Validation of the accuracy of GPS (with GAMIT Software) in determining IWV. This was
done by comparing the IWV values obtained from GPS with the actual IWV values
evaluated using direct radiosonde data for the same time period (2009–2011).

(2) Validation of the accuracy of the developed neural network in determining the RH
profile. This was done by comparing the RH values for the six standard pressure
levels obtained as output of the neural network system with the RH values for the
same six standard pressure levels as directly observed via radiosonde, for the
same time instances. The neural network was validated using the radiosonde data
for the year 2011. One hundred and sixty-seven sets of six-level RH profiles from
2011 radiosonde data were available and were used in validation.

4. Results and discussion

4.1. IWV evaluation

The IWV evaluated from GPS data at RCMRD was in all cases higher than the IWV
evaluated from radiosonde data at KMD. This was expected because at 1605 m,
RCMRD site is 190 m lower in altitude than KMD site. Over the 3 years, the IWV at
KMD was observed to be on average 89.96% of the IWV at RCMRD. This ratio did not
show any particular response to season but rather ranged randomly between 86.2%
and 94.7%. More accurately, the relationship between the IWV at KMD and the IWV
at RCMRD could be represented by the scatter plot in Figure 5.

INTERNATIONAL JOURNAL OF REMOTE SENSING 6705



p1 in Figure 5 above refers to the gradient of the line of best fit, while p2 refers to the
y intercept of the line of best fit. The relationship between the IWV at KMD and the IWV
at RCMRD over the 3 years could therefore be approximated by Equation (12).

IWVKMD ¼ 0:8855� IWVð ÞRCMRD þ 0:3548 (12)

4.2. RH profile from radiosonde

The RH profile at KMD was observed by radiosonde for the 3 years of study. It was observed
that the highest RH values were at the altitude corresponding to 700 hPa. At 500 hPa, the RH

Figure 3. Flow chart algorithm for neural network training to determine RH profile from IWV.
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values were lower than those observed at 700 hPa for more than 85% of the profiles and the
lowest RH values were at 300 hPa. The observed RH value at 300 hPa was below 50% for
94.6% of the soundings. Between 300 and 100 hPa, there was an increase in the RH values
with RH values at 100 hPa being higher than at 300 hPa for 82.6% of the soundings.

This observation is consistent with the reports in Newell et al. (1997) and Jensen et al.
(1999), indicating that the mean RH profile for tropical regions takes a C-shape with
highest RH values in the boundary layer, low RH values in the mid troposphere, and high
RH values in the upper troposphere. This is observable in the yearly average RH profiles
for KMD in Figure 6.

Figure 4. Flow chart algorithm for RH profile determination from GPS and neural networks.
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In some cases, the expected C-shape of the RH profile was not observed. For the days
that IWV was high (over 28 kg m−2), the RH observed at 500 hPa was over 50% for 88%
of these cases, the average RH being 72.8% as opposed to average RH of 33.4% for all
the measurements over the 3 years. For cases of high IWV therefore, the RH measure-
ment at 500 hPa was not expected to drop significantly from the value observed for
700 hPa and could even be higher in many cases.

The average annual IWV, using radiosonde data, for the 3 years of study was found to
be as presented in Table 1, along with the average annual values for the ground level
temperature, pressure, and RH.

Figure 6. Yearly averaged RH profile at KMD for the years 2009–2011.

Figure 5. Scatter plot for comparison between IWV values at KMD and RCMRD over three years
(2009–2011).

Table 1. Average annual IWV for 2009–2011.
Year IWV (kg m−2) Temp (°C) Pressure (hPa) RH (%)

2009 21.657 15.97 822.28 82.84
2010 24.550 15.92 822.74 88.29
2011 22.802 15.97 822.46 82.80
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Relating the values in Table 1 with the yearly average RH profiles in Figure 6, it could
be suggested that the IWV does have an influence on the RH profile. A higher value of
IWV tends to make the C-shape of the RH profile shallower so that the RH at the mid
altitudes, from approximately 500 hPa pressure level to approximately 200 hPa pressure
level, will have higher values than would have been the case if the IWV value was lower.

This influence is not easily recognizable though because the temperature profile also has
an influence on the RH profile. It was observed that higher ground level temperatures
coincided with higher IWV values. This result is consistent with the Clausius–Clapeyron
relation that states that higher atmospheric temperatures result in higher ability by the
atmosphere to contain water vapour. The increase in IWV readings due to temperature
increase did not necessarily lead to higher RH values though. At same ground level
temperature, higher IWV values generally corresponded to high RH values at each pressure
level. But if IWV remained constant, increase in temperature would lead to reduction in RH
readings because of the expected rise in the saturation vapour pressure.

The relationship between the temperature, IWV, and the RH readings at the pressure
levels was therefore complex, but it was expected that the neural network would
recognize this complex relationship and taking advantage of this inherent relation
between RH profile and IWV together with ground level conditions should accurately
predict the RH profile using IWV and ground level conditions as input, also taking into
account the expected C-shape of the RH profile.

4.3. RH profiles obtained from neural networks

The IWV obtained from GPS was used as input into the neural network system, along
with three other input parameters: ground level temperature, pressure, and RH. The
output of the system was the RH profile determined using the neural network.

The first and most direct method of comparison was the difference between the
radiosonde RH value and the corresponding RH value predicted by the GPS and neural
network system at a particular pressure level. At 700 hPa, the largest difference was 2%
and the mean difference 1.006%; at 500 hPa, it was 4% and 1.695%, respectively; at
300 hPa: 5% and 2.257% respectively; at 200 hPa: 5% and 2.251%, respectively; at
150 hPa: 7% and 3.048%, respectively; and lastly, at 100 hPa: 12% and 3.281%, respec-
tively. Some RH profile values generated from the neural network for random days of the
year 2011 are shown in Table 2, compared with radiosonde-recorded RH profile values
the same days.

Further comparison at each of the six considered standard pressure levels, and also
the vertically averaged comparison, is given in the scatter plot in Figure 7.

This analysis is summarized in Table 3.
It can be observed that the divergence between the neural network predicted RH

values and the radiosonde observed RH values was lowest at the lower altitudes, and
increased with increase in altitude. This follows the trends observed in the previous
study by Sivira et al. (2012). It could be said therefore that the system is most accurate at
predicting the RH values at the lower altitudes and this accuracy reduces with increase
in altitude.
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5. Conclusions

The technique proposed in this study is a low-cost and stable approach to vertically
profiling the atmospheric water vapour over a site, with its major weakness being the
low vertical resolution of the humidity measurements it yields.

There is a 190 m difference in altitude between the radiosonde station and the GPS site,
and a 17.53 km horizontal separation between the two sites. Statistically significant errors
could have been introduced during the extrapolation of temperature, pressure, and RH data

Table 2. Side-by-side comparison between radiosonde and neural network RH values for randomly
selected days of the year 2011.

RH at 700 hPa
(%)

RH at 500 hPa
(%)

RH at 300 hPa
(%)

RH at 200 hPa
(%)

RH at 150 hPa
(%)

RH at 100 hPa
(%)

Day Rad NN Rad NN Rad NN Rad NN Rad NN Rad NN

4 January 2011 87 89 13 14 4 2 25 24 22 20 38 36
22 January 2011 64 63 23 27 9 5 29 30 59 59 35 39
27 February 2011 17 19 20 21 5 5 22 24 19 24 19 24
22 March 2011 100 100 4 8 14 13 28 25 28 26 34 32
8 April 2011 96 94 66 68 23 23 23 23 18 22 19 19
22 April 2011 95 97 11 11 9 11 35 35 44 51 39 50
3 May 2011 85 84 96 98 53 54 29 26 50 55 37 35
19 May 2011 77 76 24 25 66 68 59 57 48 51 25 27
28 May 2011 77 77 21 22 15 16 6 7 29 33 17 21
6 June 2011 72 73 74 76 5 7 14 15 37 40 35 39
17 June 2011 78 78 65 68 12 7 4 5 43 42 43 46
7 July 2011 74 74 6 8 11 10 36 32 18 21 26 33
17 July 2011 76 77 8 9 2 4 68 69 47 48 48 49
23 July 2011 92 91 17 20 72 68 28 24 59 57 17 23
30 July 2011 85 83 32 32 3 2 43 45 39 38 35 38

Figure 7. Scatter plot for RH obtained from GPS and neural network system versus RH evaluated
from radiosonde data at altitude corresponding to all six pressure levels.
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from KMD to RCMRD and also of IWV data from RCMRD to KMD which served to distort the
evaluation. It is recommended that a GPS receiver of at least similar capability to the one at
RCMRD be installed at KMD – Dagoretti Corner in order to enable collocation between the
GPS receiver and the radiosonde. Collocation of the GPS and Radiosonde measurements
would have yielded more suitable and better correlated radiosonde and GPS data which
could have improved the accuracy of this study.

The results obtained from the humidity profiling tool were validated using radiosonde
data. This was because radiosonde data were the most accurate data readily available in
Nairobi for this study. It would be useful to validate the tool using humidity profile data
from sources other than radiosonde.

Only four variables, IWV, ground level temperature, pressure, and RH, were used as
inputs to the neural network. But these are not the only influencers of the RH profile.
There are many other factors such as wind speed and direction, ground surface tem-
perature, presence of aerosols, etc. that have an influence on the water vapour profile
too. These other variables could have improved the performance of the system if they
were included too as inputs to the neural network. We recommend further studies on
this technique to include these additional input variables.

Even though the neural network was successful in evaluating the water vapour profile
from the input parameters, it must be admitted that a neural network being inherently a
black box made it difficult to study the underpinning relations between the input variables
and how they interacted to give rise to the outputs. This meant that troubleshooting the
network to identify the sources of overfitting for instancewas difficult, with the only solution
to detected inaccuracies being training the entire network afresh each time, which is not a
very time-efficient method.

The vertically averaged RMSE of the RH data obtained using the GPS and neural network
system was 2.782%. This is within the range of the radiosonde equipment’s specified
accuracy which is 5% (Nash et al. 2011). The accuracy of the system in measuring RH at all
the six standard pressure levels specified in this study was therefore within the margin of
error of the radiosonde equipment.

The vertical resolution of RH measurements using the proposed tool is low (200 hPa at
lower altitudes and 50 hPa at the higher altitudes). This was the highest resolution possible to
achievewhilemaintaining reasonable degree of accuracy in the RHprofile results. Attempts to
improve the resolution by having more neurons at the output layer to represent more
pressure levels were unsuccessful. This was a difficult problem to solve because of the absence
of firm theoretical guidelines on selection of design parameters for multilayer feed-forward

Table 3. Summary of the accuracy analysis with correlation coefficient (R) and root
mean square error (RMSE) given for each pressure level.
Pressure level (hPa) R RMSE (%)

700 0.9979 1.291
500 0.9960 1.63
300 1.0000 2.312
200 0.9948 2.365
150 0.9643 2.702
100 0.9912 2.938
All 0.9999 2.782

Accuracy is based on comparison between the RH values from neural network at specific altitudes
and the RH values from radiosonde at same altitudes.
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backpropagation networks, meaning that these parameters are generally determined
through trial and error (Jain and Mao 1996). Further work is needed to improve the neural
network architecture proposed in this work in order to improve its vertical resolution and also
extend its applicability to other regions.
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