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Abstract: As demand for high-frequency broadband communication services keeps rising, rain-induced
attenuation remains the predominant threat to radiowave propagation. Accurate prediction of
attenuation requires continuous measurement and monitoring of rain-induced meteorological
parameters, specifically rain rate and rain height, due to their spatio-temporal variations. Rain height is
an upper dataset mostly computed from Zero- degree Isotherm Heights (ZDIH) measured by radar.
This research proposes a novel approach for predicting rain height from earth surface data such as
surface temperature, pressure, total cloud cover, dew point temperature, surface solar radiation, water
vapor amount in the air, and humidity. This research investigates the relationship between
meteorological surface data and rain height. Subsequently, six machine learning models were employed
for predicting rain height using the ten years surface data as input variables. The models were applied to
six sub-tropical (Polokwane, Pretoria. and Cape Town) and tropical (Sokoto, Akure, and Port Harcourt
(PH)) stations in South Africa and Nigeria, respectively. Analysis of the results shows that the Gradient
Boosting Algorithm (GBA) performed best with determination coefficients greater than 0.80 and RMSE
less than 850 in all three stations in South Africa. However, all the models failed to produce good result
for the Nigeria stations. The Random Forest model has the fairest performance metrics with r2 of 0.40,
0.46 and 0.46 in Sokoto, Akure and PH. respectively. GBA is recommended for predicting rain height in
South Africa. The research outcome would assist radio engineers in improving the prediction of rain-
induced attenuation and determining appropriate fade mitigation techniques.

Keywords: Advanced deep learning, Gradient boosting model, Rain height, Rain-induced attenuation, Spatio-temporal
variation, ZDIH.

1. Introduction

Rain height, the distance from the Earth’s surface up to the top of the precipitation column, is one of
the most important parameters in meteorology and telecommunications. It is thus necessary to know
the height of the rain for predicting the rain-induced attenuation on satellite communication systems
operating above 10 GHz. Especially in the tropical and sub-tropical regions where severe and frequent
rainfalls happen. Rain attenuation to estimate the necessary fade margin and recommend appropriate
fade mitigation techniques to alleviate the rain effect on communication networks. The traditional
methods of measuring rain height from freezing level heights are mainly through satellite radar or
ground-based radar such as MRR. Several studies have revealed that the satellite method is not ideal for
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the measurement of localized high-resolution lower atmospheric data due to the variability of
atmospheric parameters, satellite distance to target variables, comparatively low spatio-temporal
resolution, etc [1-37]. The ground-based radar method is popularly preferred because for localized
measurement [ 4. However, there are few ground-based radar observatory stations across the world
due to procurement, installation costs, and complex maintenance [5]. Most weather observatory
stations are equipped with multiple sensors that can measure atmospheric variables such as temperature,
pressure, humidity, solar radiation, wind speed, precipitation, etc at the earth surface and near-earth
surface.

The motivation for this study is the scarcity of accurate localized real-time rain height data for
estimation of rain-induced attenuation and fade margin especially in the subtropical region. The
research seek to investigate whether it is possible to process lower atmospheric data with the help of
machine learning algorithms to estimate the rain height more accurately. These models will deploy
input parameters such as surface temperature, surface pressure, total cloud cover, dew point
temperature, surface solar radiation, the amount of water vapor in the air, and humidity to enhance the
estimation. The aim of the research is to apply machine learn models to predict rain heights from the
earth surface atmospheric variables for tropical and sub-tropical regions. Variables of interest that
influence ZDIH and rain height shall be identified while ML models such as Surface Vector Regressor,
Random Forest, Gradient Boosting, XGboost, and Neural Network shall be deployed to predict rain
heights

Numerous researches have been conducted to provide various methods of rain height estimation
since it cannot be measured directly. Conventional techniques involve the use of precipitation data
obtained from radar measurements for direct estimates of rain profiles. The two common types of radar
observation are satellite-borne and ground-based radars. For instance, the satellite-borne Tropical
Rainfall Measuring Mission (TRMM) precipitation radar, which provides freezing level height useful in
international rainfall height imagery [6-7]. The Dual Precipitation Radar (DPR) of the Global
Precipitation Measurement (GPM) mission, which is the successor of the TRMM, is capable of
providing detailed vertical profiles of precipitation, which aid in the measurement of the bright band, the
zero-degree isotherm height, and the rain height [87. The ground-based radar uses Doppler radar to
remotely measure the vertical profile of the troposphere up to about 10 km above ground level. These
radars detect the speed and intensity of the precipitation particles needed to estimate the position of the
melting layer, which is often referred to as the bright band, and freezing level heights from radar
reflection. The bright band is a region with increased radar reflectivity as a result of melting snowtfall,
and it is normally situated close to the zero isotherm height. Rain height estimation could be enhanced
using considerable information such as zero isotherm height, bright band, shape, and orientation of
hydrometeors from dual-polarisation radars [97]. However, these techniques are based on remote
sensing of upper-air atmospheric variables through radar echo. The radiosonde method provides a more
accurate approach for measuring upper data due to its in situ nature. Although this method provides
localised data, which is preferred to satellite-borne radar, there is insufficient global data due to the
limited number of radio-sounding stations across the world. Algorithms and models, such as artificial
neural networks and regression trees, have also been developed to estimate rain height from radar data.
For instance, Meneghini et al applied the Surface Reference Technique (SRT) to the radar signal's
interaction with the Earth's surface to calibrate the radar and improve rain height estimates in [107.
Upper air atmospheric parameters and 0°C isotherm levels were integrated into a single unique model
through the use of machine learning by Mandeep (2008) [117] to enhance rain height estimation in
Malaysia. Lawal et al recommended a latitude-dependent equation for the computation of rain heights in
Nigeria in [127]. The equation has a determination coefficient of 0.8, which implies that more research
could be carried out to improve the estimation accuracy. Nalinggam et al created rain attenuation
models in [1387 for Southeast Asia and stressed how machine learning could be useful in studying rain in
tropical regions.
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However, none of these investigations utilized machine learning to estimate rain heights from the
earth's surface or near-surface atmospheric data at the regional level, particularly in the areas where
climate change is evident. Akure is one of the study stations located in Nigeria, and it experiences a
tropical climate. Similarly, Pretoria is located in South Africa, a subtropical region where rainfall also
has devastating effects on radio signals operating above 10 GHz. Therefore, these locations are
obviously convenient to study, model, and develop machine learning techniques for rain height
estimation from atmospheric variables at the earth surface. This study intends to address this challenge
by using data of the local atmosphere and ML models to enhance the accuracy of rain height estimations
for tropical and subtropical zones.

1.1. Climatology of Research Locations and Data Acquisition

The research locations are Polokwane, Pretoria, and Cape Town in South Africa, and Sokoto, Akure,
and Port Harcourt in Nigeria. According to the climatological classifications of African countries, the
tormer country lies in the sub-tropical region, while the latter is categorised under the tropical region.
The coordinates and elevations of the study locations are presented in Table 1. The locations were
selected based on latitudinal distribution across the country since some previous works reported
latitudinal dependence of rain heights [14-177] and [127. South Africa is a sub-tropical region located in
the southernmost part of the African continent. It experiences four seasons of weather annually, namely:
summer (December—February), autumn (March-May), winter (June—August), and spring (September—
November). It is a subtropical highland climate, characterized by warm, rainy summers and mild, dry
winters.

Table 1.

The six study locations and their geographical coordinates.

Zone Station Lat (°) Long (°) | Elevation (m)

South Africa -Sub-tropical Zone | Polokwane -23.905 29.467 1315
Pretoria -25.733 28.183 1332
Cape Town -38.917 18.425 25

Nigeria -Tropical Zone Sokoto 13.023 5.245 296
Alkure 7.255 5.206 353
Port Harcourt 4.078 7.005 16

Nigeria has diverse geoclimatic characteristics, ranging from the Sahel region at the north to the
Savannah at the Center to the coastal region at the southernmost part of the country. The average
annual temperature is approximately between 26 and 28 °C, while the average annual rainfall is about
2000 m, especially in the coastal region. Nigeria experiences rainy and dry seasons only. The rainy
season runs approximately between May and September, while the dry season reigns between
November and March. High humidity is dominant and longer rainy seasons are dominant in the south,
while intense heat and longer dry seasons reign in the north [18-207.

2. Overview of the ML Models
2.1. Random Forest Model

The Random Forest Model is a machine learning algorithm that deploys a combination of several
decision trees to produce a unique result. It is an ensemble of learning that is suitable for classification
and regression analysis. Its working principle involves building several decision trees during the
training phase and then providing its final decision in the form of the class modes for classification
analysis or the mean of the individual trees’” predictions for regression analysis.

The model integrates multiple decision trees to improve predictive performance and control
overfitting through the processes of bootstrap sampling, tree construction, and aggregation. The
bootstrap stage randomly generates a bootstrap sample size and replaces it with a training set k from
the original data. At the tree construction stage, the bootstrap sample grows a decision tree T,using a
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subset of features, m <<p, where p is the total number of features. Equations (1) and (2) are used at the
prediction stage for classification and regression analysis, respectively.

Y = mode{T? (X)}5_, (1)
Y= 2 3Eo TP 0 (2)

where Y} is the final prediction for input sample X. B is the total trees in the forest. T is the prediction
from the 6" tree for the 7* sample X The model leverages the multiple decision trees in the forest to
improve prediction accuracy.

2.2. Gradient Boosting Model

Gradient Boosting is a meta-algorithm ensemble learning method where weak models like decision
trees are built stage wise consecutively in a sequential fashion to reduce the magnitude of a given loss
function to the barest minimum. This method is used to break down a strong predictor into multiple
weak predictors in order to deal with a complex data set [217]. The aim of Gradient Boosting is to
produce a model I(x) that predicts the target variable y. It builds the model incrementally by adding
weak learners /. (x), usually decision trees, in such a way that each new model fixes the flaws in the
previous ones. The algorithm starts with an initial model which is usually the mean value of the target
variable for regression problems as defined in equation (3) [22-237].

Fo(x) = argmin ¥~ L(y;, c) (3)
where L is the loss function, y; and c are the true values and constant respectively.

The succeeding model is an additive model built in a stage-wise manner using equation (4). The loss
function at each stage m is minimized by adding a base learner /4. (x) defined by equation (5). This is
accomplished by fitting 4. (z) to the loss function’s negative gradient.

Fin(x) = Fp—1 () + vhy (x) (4)
where /. () is the new base learner added at stage m and v is the learning rate which controls the
impart of each base learner.

. AL(YiFm_1(x))1?
hm (x) = arg miny, ¥i_, [_ (GFT(;))] y

Equation (4) is updated continuously by adding new base learners scaled by the learning rate.

2.8. XGBoost Model

The XGBoost is an optimized version of the gradient boosting model with focus on flexibility,
higher efficiency, and portability. The Machine learning algorithm is initiated by the objective function
which combines the loss function and a regularization term that helps to control the model complexity
as stated in equation (6) Chen & Guestrin, 2016 [237]).
2(0) = Lie1 LG 90 + Zk=1 2(fi) (6)
where L is the loss function such as mean squared error for regression), 2(fy) is the regularization
term, 0 represents the parameters of the model, ¥ is the predicted value, and f are the individual trees in
the ensemble. The objective function is optimized by applying the second-order Taylor expansion to
approximate the loss function, hence the objective function is expressed by equation (7) as;

60 = T [gifi(x) + 3 hifiGe)] + () (7)

where g; = ay(t_l)L( ) and h; = azy(t_l)L( ) are the first and second derivatives of the

J’i'ﬁ(t_l) J’irﬁ(t_l)

loss function with respect to the prediction.

2.4. Support Vector Regressor Model
SVR is a type of support vector machine algorithm that attempts to find a function whose difference
in value between that function and the observed value is not greater than a specified margin. The model
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ensures that the function is as flat as possible. It is commonly used for regression analysis. Equation (8)
is used to obtain the most deviated function f{x) within a specified margin, which is known as the
objective function.
fx)=w,x)+b (8)

where (w, x) denotes the dot product of the weight vector w and input vector x, b is the bias term.
The SVR loss function is epsilon-insensitive i.e. the errors within the margin of the € is ignored, thus
the loss function is given by [247. The optimal values of wandx can be obtained using complex
optimization procedure described in the work of [257] and [267]

I = {0 if ly-f(x)=se (9)

ly—f(x)|-€ otherwise
The regression function for the non-linear regression after optimization is given by equation (10).
fx) =X, (vi —vi DK (xi, x) + b (10)

where y; and y;*are the Lagrange multipliers, K is the kernel function

2.5. Neural Network Model

It is an advanced machine learning model whose computing structure and function are similar to
those of biological neural networks in animals. It consists of interconnected nodes (neurons) of layers
that can learn to recognize patterns in data trends. It is made up of a minimum of one hidden layer and
an output layer. Each layer contains several neuronees, and the neuronees of each layer are
interconnected to every other neurons in other layers. The activation function in equation (11) is
performed by each neurone in the network layer as the inputs weighted sum. For instance, the a; for a
neuron j in the network layer 1 is given by;

o _ (OO O]
Where ¢ is the activation function, Wi(.j') is the weight connecting neuron 7 in layer [ — 1to neuron j

1

in layer [, [, agl_ is the output of neuron i in the previous layer, and bj(l) is the bias term. The loss
function L which determines the performance of the neuron network is obtained by comparing the
network output ¥ with the true targety. Equation (12) is the loss function used for the regression
analysis [27] and [287].

~ 1 ~
L,9) =3 X0 — 9)° (12)

The loss function gradients with respect to the weights are computed using equation (13) and the
result is used to update the weights to minimize the loss.

6L _ < (-1

50l 6" a; (13)

where Sj(l) is the error term for neuron jin layer [

2.6. K-Nearest Neighbors (KNN) model

K-Nearest Neighbors (KNN) algorithm is a non-parametric, supervised machine learning model
that stores all available data and makes predictions based on the most similar instances in the training
data. It is commonly used for regression and classification [297 and [307). The distance metrics such as

Euclidean distance in equation (14) is used to find the k nearest neighbor.

d(xi'xj) = \[an=1(xim:xjm)2 (14«)

where x;andxjare two points in p-dimensional feature space. The algorithm computes the distance

between a test point, say x and all the points in the training set and picks the k point with the smallest
distances for regression analysis. The target value y; is predicted by averaging the target values of the
i — th k nearest neighbor, thus the predicted value J; is given by equation (15) [307.
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~ 1
=155y (15)

3. Methodology

Ten years of earth surface atmospheric daily data for the two stations were downloaded from the
Era-5 Climate Data Store of the European Centre for Medium-Range Weather IForecast (ECMWT).
The atmospheric variables deployed from the dataset are: earth surface temperature in Kelvin, earth’s
surface pressure in Pascal, earth's surface due point temperature in kelvin, wind speed magnitude in
meters per second, total cloud cover in 0-1, total precipitation in meters, earth's surface solar radiation
in joules per square meter, total precipitation in meters, and relative humidity in percentage. The
corresponding daily mean rain heights for the study periods and stations were also computed from zero-
degree isotherm heights using the ITU-R P.839-3 procedure in [317] with the aid of the Python
programming language. The atmospheric variables were correlated with rain height to study the
relationship between each of the atmospheric surface variables and rain height. The scatter plots were
also generated for visualization. It was preprocessed by handling missing values and outliers. Rain
heights were modelled using six deep-learning models by applying the surface data as the independent
input variables. The advanced machine learning models applied are Random Forest, Gradient Boosting,
XGBoost, Support Vector Regressor, Neural Network, and K-Nearest Neighbors. The parameters
applied to each model are presented in Table 2. The data was split into train and test sections. The
models were trained using different subsets of features variables. The performance of each model was
evaluated and compared using performance metrics such as R?>, RMSE, MAE, and cross-validation.

Table 2.
The machine learning models and the applied parameter values.
Models Parameters Applied values
1 | Random Forest | n_estimators, max_depth, min_sample_list, | 200, 20, 2, 1
min_sample_leaf
2 | Gradient n_estimators, learning rate, max_depth, | 200, 0.1, 5, 0.9
Boosting subsample
3 | XGBoost n_estimators, learning rate, max_depth, | 200, 0.1, 5, 0.9
subsample,
4 | Neural Network | hidden_layer_sizes, activation, solver, alpha | (100, 50), relu, adam, 0.0001
5 | SVR C, gamma, kernel 1, scale, rbf
6 | KNN n_neigbors, weights, metric 5, distance, euclidean

The performance of the best model among the rest was improved by gridsearch hyper parameter
tuning and feature engineering through date inclusion. The influence and contribution of each input
variables was identified and analyze feature importance analysis for the most preferred model

4. Results
4.1. Seasonal Trend of Rain Heights
The time series plots of the rain height data used for the research are presented in Figures 1-6. It
was observed that the South African stations exhibited a sinusoidal trend pattern over the years, while
the Nigerian stations produced apparently irregular patterns. This could be attributed to the frequent
rainfall associated with the tropical regions, as reported by [207. Although heavy precipitations are
usually experienced during the rainy season, occasional rainfalls occur in almost all the dry season
months, especially in the coastal stations. The dominant influence of temperature on rain height, which
was discussed in subsequent sections, is also responsible for the clear crest and trough pattern in South
Africa. Extreme minimum and maximum temperatures are usually experienced during the winter
and summer, respectively. For instance, Pretoria has a minimum and maximum annual temperature of 5
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°C and 30 °C, respectively, which implies a difference of 25 °C. Polokwane and Cape Town exhibit
similar differences [382-347. On the contrary, the stations in Nigeria possess lower differences. Akure
has a maximum and minimum annual temperature of about 22 °C and 383 °C, respectively. The difference
between the two extremes annually in Port Harcourt is about 8 °C. Sokoto has similar difterences [367]

and [37].
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Figure 1.
Seasonal trend of rain heights in Polokwane.
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Figure 2.
Seasonal trend of rain heights in Pretoria.
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Seasonal trend of rain heights in Cape Town.
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Seasonal trend of rain heights in Sokoto.
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Figure 5.
Seasonal trend of rain heights in Akure.
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Figure 6.
Seasonal trend of rain heights in port Harcourt (PH).

4.2. Comparison of the Models

The six models described above were applied to all the stations and the results obtained are
presented in Table 3-8 and Figures 7-12. Comparison of the performance metrics revealed that gradient
boosting model performed better across all the stations. The performance of the gradient boosting
Regressor was further improved by hyper-parameter tuning and feature engineering. The grid search
hyper-parameter method was applied with n_estimators, learning_rate and max_depth, of 100, 0.2, 8
respectively.

Tables 3-8 present the values of the performance metrics for all the studied stations while Figures
7-12 give the graphical representation. The stations in South Africa are well favoured by the models
with gradient boosting model having the best performance. The regular trend pattern observed for all
South Africa stations in the section 4.1 is responsible for the optimal fitting of the models. Cape Town
has the highest determination co-efficient of 0.84- and minimum RMSE and MAE of 836.51 m and 262
m respectively.
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The co-efficient of determination r? and other performance metrics for the stations in the Nigeria
indicated that none of these models is good for rain height prediction in the tropical region.

Table 3.
Comparison of models performance metric for Polokwane.
Models R® MSE | RMSE | MAE
Random forest 0.764 | 55460 | 235.50 170
Gradient boosting 0.800 | 56659 | 238.03 173
XGBoost 0.767 | 54593 | 233.65 167
Support vector regressor 0.578 | 99125 | 314.84 224
Neural network 0.707 | 68900 | 262.49 192
K-Nearest neighbors 0.620 | 89015 | 298,36 | 216
Table 4.
Comparison of models performance metric for Pretoria.
Models R® MSE RMSE | MAE
Random forest 0.777 | 56865 | 237.41 167
Gradient boosting 0.816 | 45390 | 213.05 150
XGBoost 0.783 | 54808 | 234.11 164
Support vector regressor 0.591 103317 | 321.48 227
Neural network 0.728 | 68782 | 262.27 190
K-Nearest neighbors 0.654 | 87551 | 295.89 215
Table 5.
Comparison of models performance metric for Cape Town.
Models R? MSE RMSE | MAE
Random Forest 0.786 | 125239 | 353.89 274
Gradient boosting 0.841 | 113236 | 336.51 262
XGBoost 0.790 122919 350.60 272
Support vector regressor 0.613 | 226837 | 476.27 35%
Neural network 0.778 | 129957 | 360.50 278
K-nearest neighbors 0.703 | 174238 | 417.42 329
Table 6.

Comparison of models performance metric for Sokoto.

Re MSE | RMSE | MAE
Random forest 0.379 | 12441 | 111.5% 85
Gradient boosting 0.323 | 13570 | 116.49 87
XGBoost 0.332 | 13396 115.74 87
Support vector regressor 0.185 | 16339 | 127.83 98
Neural network 0.094 | 18178 134.83 104
K-Nearest neighbors 0.162 | 16796 | 129.60 98
Table 7.
Comparison of models performance metric for Akure.
Models R? MSE | RMSE | MAE
Random forest 0.456 | 7652 87.48 68
Gradient boosting 0.447 | 7772 | 88.16 68
XGBoost 0.437 | 7919 88.99 68
Support vector regressor 0.358 | 9028 95.02 78
Neural network 0.117 | 12424 | 111.47 82
K-Nearest neighbors 0.357 | 9051 | 95.14 74
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Table 8.
Comparison of models performance metric for port Harcourt (PH).
Models R2 MSE | RMSE | MAE
Random forest 0.458 | 7496 | 86.58 65
Gradient boosting 0.455 | 7503 | 86.62 65
XGBoost 0.456 | 7496 86.58 65
Support vector regressor 0.412 | 8099 | 90.00 68
Neural network 0.219 | 10763 | 103.75 80
K-Nearest neighbors 0.281 | 9901 | 99.51 76
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Performance metrics of the models for Polokwane.
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Performance metrics of the models for Pretoria.
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Performance metrics of the models for Akure.
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Performance metrics of the models for PH.

4.3. Correlation between Atmospheric Variables and Rain Height

The relationship between the input variables and rain height was investigated through correlation.
Table 9 presents the correlation coeflicient between each of the atmospheric earth surface variables and
rain height for a typical station (Cape Town), since similar results were obtained for all stations. Figures
13a—h indicate the scatter plots of the variables. Surface temperature and due point temperature have
very strong positive correlations of 0.79 and 0.59 on rain height, as presented in Table 9. This is due to
the effect of solar radiation on the melting layer. An increase in temperature reduces the bright band
and raises the height of the water region in the atmosphere. The path travelled by water droplets before
the earth surface becomes higher, i.e., the rain eight, However, this does not imply that the total volume
of water reaching the earth's surface is increased proportionately, thus a weak correlation of about 0.41.
Surface pressure and Earth’s surface solar radiation also have similar effects, as they both enhance the
melting of the ice, thus increasing the rain height. This observation was corroborated by 387 and 397,
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who reported strong positive correlations between the pair of meteorological observables. Oher
variables which exhibit positive but very poor correlation are total cloud cover, total precipitation.

Table 9.

Correlation co-efficient between earth surface variables and rain height on a typical day for cape town station.

Earth surface variables (Unit) Symbol Correlation co-efficient (r?)
Surface temperature (K) t2m 0.76
Due point temperature (K) dzm 0.59
Surface pressure (Pa) sp -0.47
Surface solar radiation (J/m?2) ssrd 0.62
Total cloud cover (0-1) tee 0.36
Total precipitation (m) tp 0.41
Wind speed (m/s) wind_speed -0.04
Relative humidity (%) relative_humidity -0.51

t2m vs Hr (m)

d2m vs Hr (m)

275.0 277.5 280.0 282.5 285.0 287.5 290.0 292.5

6000
6000
5000 -
5000
= 4000 -
E £ 40001
[ —
T [
=
3000 -
2000 2000
280 285 290 295 300
©Z2m
sp vs Hr (m)
6000 1 6000 -
5000 5000
£ 4000 = 4000
T =z
3000 3000 -
2000 - 2000 -

dzm
tcc vs Hr (m)

98500 99000 99500100000.00500010000150a02000

sp

Edelweiss Applied Science and Technology
ISSN: 2576-8484

Vol. 8 No. 6: 520-537, 2024

DOI: 10.55214/25768484.v816.2117

© 2024 by the authors; licensee Learning Gate




534

ssrd vs Hr (m) tp vs Hr (m)
6000 1 S 6000
5000 5000
4000
= 40001 =
é ‘E’ 3000
I I
3000 1 2000
20001 1000
[l)].G{}U(IDU{]U2500051]]001‘5001(]])001]50013])001?5
tp
relative_humidity vs Hr (m)
- 6000
— 5000
£ 4000 E 4000
s I
3000 3000
2000+ 2000
7 ) 5 P 10 5 80 8 9 9%
wind speed relative_humidity

Figure13a-h.
The scatter plots of the atmospheric variables on rain height for cape town station.

4.4. Feature Importance of the Input Variables

The contributions of each input variable used for the modeling were analyzed and weighted through
teature importance calibrations. The results obtained are presented in Figures 14 (e.g). Among all the
surface atmospheric variables, the earth surface temperature makes over 60% contribution to the
regression fit across all the stations, as depicted in Figures 14 (e-g). This implies that temperature has
the most significant influence on rain height variability. This is a manifestation of the strong positive
correlation reported in Section 4.3. All other variables contribute less than 20% to the rain height
model. For instance, in Polokwane, the total precipitation, surface pressure, earth surface due point
temperature, wind speed, relative humidity, and total clover contribute about 15.4%, 15.1%, 13.8%, 8.5%,
6.1%, 2.8%, and 2.2%, respectively.
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Figure.14a-f
The feature importance of each input variable in the model for; (a) Polokwane, (b) Pretoria, (¢) Cape Town, (d) Sokoto, (e)
Akure, and (f) Port Harcourt (in progress)
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5. Conclusion

The study examines the annual trend of rain height over the studied years. Findings show that
South African stations possess a well-defined sinusoidal wave-like pattern, with peak and trough values
occurring in the summer (December—January) and winter (May—August), respectively. In Nigeria, rain
height is generally low during the rainy season and high in the dry season. Generally, temperature has
the greatest influence on rain height due to the high rate of ice melting in the bright band during solar
active periods. The prediction accuracy of the machine learning models increases as we move away from
the equator. All the South African stations are situated farther away from the equator compared to the
Nigerian stations; hence, better performance metrics were observed. The gradient boosting model out
performed other five models considered in all the stations. Cape Town, which is the farthest station
from the equator, possesses the best performance metrics with r2, MSE, RMSE, and MAE of 0.84,
113,286 m?, 336.5 m, and 262 m, respectively. Overall, the research provides an alternative means of
computing rain height for better prediction of rain-induced attenuation, which is a major threat to
earth-space on radio links.
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