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Abstract 

Net radiation is the driving force for all atmospheric processes which include surface heating, 

evapotranspiration, and plant metabolism. In this study, monthly net radiation, minimum and 

maximum temperature insitu data were obtained from the Nigeria Meteorological Agency 

(NIMET), Lagos covering a period of 31 years (1983- 2013) for sixteen stations spatially 

distributed across Nigeria. The stations were further divided into four climatic regions; Semi-

Arid (SAR), Sub-humid Dry (SHD), Sub-humid Humid (SHH) and Humid (HUM) regions. 

The minimum and maximum temperature (Tmin and Tmax) were used to obtain mean 

temperature (Tm), diurnal temperature range (DTR) and temperature ratio (TR). The 

contributions of these 5-temperature series were investigated using the sensitivity 

coefficients. The net radiation was evaluated using three regression techniques; partial least 

square (PLS), ordinary least square (OLS), and principal component regression (PCR). These 

techniques were used to model and predict net radiation using the five-temperature series as 

input variables. The analysis showed that Tmin has the maximum percentage sensitivity of 

28% in SAR, and 33% in SHD while Tm has the maximum percentage sensitivity of 40% in 

SHH and 33% in HUM region. These values were above threshold values of 20% percentage 

sensitivity proposed in the literature. The results of the evaluation of net radiation using the 

three regression models showed that the PLS model performs best in SAR with maximum 

values of coefficient of determination (R
2
) of 0.870. The OLS and PCR performed best in 

SHD with a maximum R
2
 of 0.541. PLS and PCR perform best in SHH with a maximum R

2
 

of 0.535. All the three models performed well in the HUM with maximum R
2
 values of 

0.578. 

 

1. Introduction 

Net radiation is the total amount of energy available to the land surface requires to drive 

atmospheric processes on the earth’s surfaces. As important as net radiation is, the instrument 

for its measurement which is a net radiometer comprising a pyranometer for shortwave 

radiation measurement and pyrgeometer for longwave radiation is not readily available. The 

instrument is costly and requires skilled-personnel to operate. This provides a need to develop 

alternate methods for its evaluation. Evaluation of net radiation is very essential in analyzing 

the soil vegetation and atmospheric interactions. It can be transformed into heat, which 

warms the soil and the plants growing on it, and, in turn, warms the overlying atmosphere 

(Daniel, 2008). It is important in crop farming as it is responsible for the germination of 

seeds, driving photosynthesis, determining the growing degree days of a crop, dictates soil 

moisture content and soil temperatures (Simba et al., 2013).Sensitivity analysis is important 

for the evaluation of environmental variables. However, current researches need to know the 

physical meaning of model parameters and their relative influence on the meteorological 

variables. By definition sensitivity analysis studies theimpact of the change of one parameter 

to another (McCuen, 1973; Saxon, 1975). 

Ambas and Baltas (2012) assessed parameter sensitivity to the estimated evapotranspiration 

based on five methods and evaluate the impact of the change of the measured meteorological 

variables to the estimated reference evapotranspiration. Finally, they compare the relative 

influence of each meteorological parameter to reference evapotranspiration. Vassiliset al., 
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(2019), studied Net Radiation Estimation Methods using ANN and Empirical Models, they 

worked on empirical equations, such as Hargreaves method, Artificial Neural Network, and 

Multi-linear Regression methods (MLR) to estimate net radiation. They concluded that the 

comparison between ANN models and MLR models using the same input variables showed a 

relatively equivalent ability for radiation prediction. Temme et al., (2010) gives a comparison 

of current PLS software. However, there is still uncertainty regarding appropriate criteria 

with which to evaluate PLS models that contain both reflective and formative measures. 

Farahani et al., (2010) studied the comparison between the OLS and PLS regression in order 

to determine which one is more suitable in the study of predicting couples' mental health. 

They concluded that PLS gives more stable results than the OLS. 

The objectives of this study are to deduce the contribution of temperature indices to net 

radiation using sensitivity coefficients, formulate the relationship between the net radiation 

and temperature indices using partial least square (PLS), ordinary least square (OLS), and 

principal component regression (PCR) techniques andvalidate the performance of the model 

using statistical methods. 

This research uses the temperature based multivariate regression techniques such as the 

partial least square, ordinary least, and principal component to evaluate the net radiation over 

Nigeria. 

 

2. Materials and methods 

(a) Data Acquisition and Treatment 

The insitu daily data for atmospheric data of net radiation, minimum and maximum 

temperature were obtained from the Nigeria Meteorological Agency, Lagos (NIMET) 

spanning 31 years (1983 – 2013) for sixteen stations spatially distributed across Nigeria. The 

minimum and maximum temperature (Tmin and Tmax) were used to obtain the other three 

temperature series. These include the mean temperature (Tm); the average of Tmin and 

Tmax, diurnal temperature range (DTR); the difference between Tmax and Tmin and 

temperature ratio (TR), the ratio of Tmin to Tmax. The study areas were equally subdivided 

into four climatic regions shown in Figure 1. The regions include the Semi-Arid (SAR), Sub-

humid dry (SHD), Sub-humid humid (SHH) and Humid (Hum) regions according to WMO 

(2010) and Ojo et al (2019) The atmospheric data were further averaged into monthly data so 

as to carry out seasonal variations on the data. 
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Figure1: A Map of Nigeria showing investigated areas and region (Ojo and Omitusa, 

2018) 

 

Sensitivity Coefficient Theory 

The sensitivity coefficient can be used to show the effect of one variable on another (Mc 

Cuen, 1973). 

It allows a comparison between two or more meteorological parameters. Saxton (1925) 

defined sensitivity coefficient as; 

M

P

P

M
Ksp .




          (1) 

where; P is the examined independent parameter, M is the modelled value. This shows the 

percentage of change caused by each of the meteorological parameters on the dependent 

variables. Cole and Decoursey (1976) redefined sensitivity coefficient in term of a range from 

mean value as; 

M

PP

P

M
Ksp

min
.






         (2) 

where; P is the examined independent parameter, M is the modelled value, Pmin is the 

minimum observed value of the independent variable. In this definition, the bias caused by 

the method of indeterminate is eliminated. Recently, Ampas (2010) proposed the use of 



European International Journal of Science and Technology ISSN: 2304-9693 www.eijst.org.uk 

 
 

16 

standard deviation and present a new sensitivity coefficient which was adopted by Ambas 

and Baltas (2012) as; 

M

p

P

M
Ksp


.




          (3) 

where; P is the examined independent parameter, M is the modelled value, 𝜎𝑝  is the standard 

deviation of the meteorological parameters. The threshold value of 20% percentage 

sensitivity coefficient (ksp) was proposed by Ambas and Baltas (2012).This sensitivity 

coefficient shows alteration to the model caused by the change of the parameters. In this 

research, Ampas (2010) sensitivity method was adopted. Although this researcher used it for 

evapotranspiration this present research adapted it to investigate the effect of meteorological 

parameters on the variability of net radiation over Nigeria. 

 

(b) Multivariate Regression Techniques 

Multivariate regression is a technique for modelling and analyzing several parameters when 

the focus is on the relationship between a dependent variable and one or more independent 

variables. For example, let Z1, Z2, Zrbe a set of r predictors believed to be related to a 

response variable Y. the multivariate linear regression for the jth sample unit has the form: 

𝒀 = 𝛼 + 𝛽1𝑍𝑗1 + 𝛽2𝑍𝑗2+. . . . +𝛽𝑟3𝑍𝑗𝑟 + 𝜀𝑗  (4) 

where  j is a random error, β are the unknown parameter estimates and α is the intercept 

(Ojo and Adeyemi, 2014). Regression analysis with ‘n’ independent variable, can be 

organized into vectors and matrices to obtain the model form: 

                                              𝒀 = 𝑍𝛽 + 𝜀                                                                      (5) 

where: 𝑌 =

 

 
 
 

𝑦1

𝑦2
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.

.
𝑦𝑛 

 
 
 

,
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𝑧𝑗1

𝑧𝑗2

.

.

.
𝑧𝑗𝑛 

 
 
 
 

=

 

 
 
 

𝑧11 . . . . . . 𝑧𝑗1

𝑧21 . . . . . . 𝑧𝑗2

. . . . . . . . . . . . . . .

. . . . . . . . . . . . . . .

. . . . . . . . . . . . . . .
𝑧𝑛1. . . . . . 𝑧𝑛𝑟  

 
 
 

,

𝛽 =

 

 
 
 

𝛽1

𝛽2

.

.

.
𝛽𝑛 

 
 
 

,

𝜀 =

 

 
 
 

𝜀1

𝜀2

.

.

.
𝜀𝑛 

 
 
 

 (6) 

The unknown values of parameter estimates can be obtained using the partial least squares, 

ordinary least squares and principal component analysis methods as highlighted below: 

 

Partial Least Squares 

Partial Least Squares (PLS) is a method for constructing predictive models when the factors 

are many and highly collinear. In this method, the emphasis is on predicting the responses 

and not necessarily on understanding the underlying relationship between the variables. PLS 

regression is an extension of multivariate linear regression. In its simplest form, a linear 

model specifies the (linear) relationship between a dependent (response) variable Y and a set 

of predictor variables X’s. 

PLS prediction is a function of all the input factors (De-Jong, 1993). 

 

 

 

 



European International Journal of Science and Technology       Vol. 9 No. 1      January 2020 

 
 

17 

Ordinary Least Squares 

Ordinary Least Squares (OLS) estimates are commonly used to analyze both experimental 

and observational data. The OLS minimizes the sum of squared residuals, and lead to a 

closed-form expression for the estimated value of the unknown parameter 𝛽: 

𝜷
∧

=  𝒁′𝒁 −𝟏𝒁′𝒀 =  
𝟏

𝒏
 𝒛,𝒛′ 

−𝟏

 
𝟏

𝒏
 𝒛,𝒚     (7) 

where 


  is the least square estimate of β (Ojo and Adeyemi, 2014). 

 

Principal Component Regression 

Principal Component Regression (PCR) is a regression technique based on principal 

component analysis (PCA). PCR calculates the principal component and uses some of these 

components as predictors in a linear regression model fitted using the typical least squares 

procedures. PCR tends to perform well when the first principal components are enough to 

explain most of the variation in the predictors  

In this present research, PLS, OLS, and PCR methods were used for the evaluation of net 

radiation with five temperature series as independent variables using the equation of the 

form; 

𝑸 = 𝜷𝟏𝑻𝒎𝒊𝒏+𝜷𝟐𝑻𝒎𝒂𝒙+𝜷𝟑𝑻𝒎+ 𝜷𝟒𝑫𝑻𝑹+ 𝜷𝟓𝑻𝑹  (8) 

where: Q is the predicted net radiation, β are the parameter estimates obtained using PLS. 

OLS and PCR methods, Tmin, Tmax, Tm, DTR, and TR are temperature indices data. 

 

(c) Model of assessment 

The performance of the regression models (PLS, OLS, and PCR) was assessed using the 

coefficient of determination (R
2
).  In statistics, the coefficient of determination is denoted 

with R
2
is the proportion of the variance in the dependent variables that is predictable from the 

independent variables (Gujeratiet al., 2009). It is a statistic used in the context of statistical 

models whose main purpose is either the prediction of future outcomes or the testing of 

hypotheses, on the basis of other information (Devore et al., 2011). It provides a measure of 

how well are observed outcomes are replicated by the model, based on the proportion of the 

total variation of outcomes explained by the model (Drapperet al., 1998). The coefficient of 

determination ranges from 0-1. The R
2
 can be expressed as: 

                                      𝑹𝟐 =  
𝒏  𝑷𝒊𝑶𝒊 −  𝑷𝒊  𝑶𝒊

  𝑵 𝑶𝒊
𝟐 −  𝑶𝒊

𝟐   𝑵 𝑷𝒊
𝟐 −  𝑷𝒊

𝟐  

 

𝟐

  (9) 

where Oi is the Observed value (Oi; i = 1, 2, 3… n) and Pi is the Predicted value (Pi; i = 1, 2, 

3… n)  

 

3. Results and Discussion 

(a) Contribution of Temperature Indices to Net radiation 

Table 1 shows the values of sensitivity coefficient of the temperature indices; minimum 

temperature (Tmin), maximum temperature (Tmax), mean temperature (Tm), diurnal 

temperature (DTR), and temperature ratio (TR) on net radiation over sixteen locations and 

four climatic regions over Nigeria. For Tmin, the maximum sensitivity coefficient was 
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obtained in Katsina in semi-arid (SAR), Jos in sub-humid humid (SHH), Ibadan in sub-humid 

dry (SHD), and Ikeja in the humid region (HUM) with values of 0.209, 0.092, 0.131 and 

0.122 respectively. For Tmax, the maximum sensitivity coefficient was obtained in 

Maiduguri in SAR, Ogoja in SHH, Edo in SHD and Porthacourt in HUM with values of 

0.083, 0.081, 0.100 and 0.128 respectively. For Tm, the maximum sensitivity coefficient was 

obtained in Katsina in SAR, Ibadan in SHD, Ogoja in SHH and Ikeja in HUM with values of 

0.162, 0.126, 0.075 and 0.117 respectively. For DTR, the maximum sensitivity coefficient 

was obtained in Katsina in SAR, Nguru in SHD, Yola in SHH and Port-Harcourt in HUM 

with values of 0.191, 0.097, 0.057 and 0.100 respectively. For TR, the maximum sensitivity 

coefficient was obtained in Katsina in SAR, Akure in SHD, Yola in SHH and Porthacourt in 

HUM with values of 0.217, 0.043, 0.064 and 0.089 respectively. 

Figure 2 shows the sensitivity percentage of the temperature indices; minimum temperature 

(Tmin), maximum temperature (Tmax), mean temperature (Tm), diurnal temperature (DTR), 

and temperature ratio (TR) on net radiation of Semi-arid region (SAR) in Nigeria. It has been 

established in the literature that the threshold value of the sensitivity percentage of any 

meteorological parameter must be at least 20% (Ampas, 2010). The observation from the 

figure shows that Tmax has the least sensitivity percentage of 6% in Katsina, TR with a value 

of 12% in Maiduguri, Tm with a value of 7% in Kaduna and Tmax in the entire Semi-Arid 

region. Meanwhile, the maximum percentage sensitivities were obtained for TR with values 

of 26% in Katsina, Tm with a value of 29% in Maiduguri, Tmin with values of 30% in 

Kaduna and Tmin with values of 28% in the entire Semi-arid.Figure 3 shows the sensitivity 

percentage distribution of the temperature indices on net radiation of the Sub-humid dry 

(SHD) region in Nigeria. The observation from the figure shows that Tmax has the least 

sensitivity percentage of 3% in Jos, Tmin with a value of 8% in Ogoja, Tmax with a value of 

7% in Yola and DTR with values of 6% in the entire Semi-humid humid region. Meanwhile, 

the maximum percentage sensitivities were obtained for Tmin with values of 35% in Jos, 

Tmax with values of 34% in Ogoja, Tmin with values of 30% in Yola and Tmin with values 

of 33% in the entire Sub-humid dry. Figure 4 shows the sensitivity percentage distribution of 

the temperature indices on net radiation of the Sub-humid humid (SHH) region in Nigeria. 

The observation from the figure shows that DTR has the least sensitivity percentage of 4% in 

Ibadan, TR with a value of 12% Akure. DTR has no contribution in Iseyin and in the Semi-

Arid region. 

Meanwhile, the maximum percentage sensitivities were obtained for Tmin with values of 

36% in Ibadan, Tm with the value of 42% in Iseyin, Tm values of 29% in Kaduna and Tm 

with values of 40% in the entire Sub-humid humid. Figure 5 shows the sensitivity percentage 

distribution of the temperature indices on net radiation of the humid region in Nigeria. The 

observation from the figure shows that DTR has the least sensitivity percentage of 6% in 

Ikeja, Tmin with a value of 4% in Port-Harcourt, Tmin with a value of 9% in Warri and TR 

with values of 6% in the entire humid region. Also, the maximum percentage sensitivities 

were obtained for Tmin with values of 29% in Ikeja, Tmax with the value of 32% in Port-

Harcourt, Tmax with values of 34% in Warri and Tm with values of 33% in the entire humid 

region. 
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Table 1: Sensitivity coefficient of the temperature indices in all the sixteen stations over 

Nigeria 

   

Region Stations Tmin Tmax Tm DTR TR 

 

Kaduna 0.093 0.033 0.022 0.076 0.083 

Semi-Arid Katsina 0.209 0.047 0.162 0.192 0.217 

Zone Maiduguri 0.056 0.083 0.095 0.049 0.040 

(SAR) Nguru 0.125 0.009 0.068 0.099 0.114 

 

SAR 0.163 0.031 0.136 0.113 0.138 

 

Ibadan 0.131 0.062 0.126 0.015 0.030 

Sub-humid Akure 0.057 0.083 0.095 0.049 0.040 

Humid 

Zone Iseyin 0.077 0.083 0.125 0.001 0.014 

(SHH) Edo 0.057 0.100 0.111 0.012 0.001 

 SHH 0.098 0.088 0.133 0.001 0.016 

 

Jos 0.092 0.007 0.055 0.046 0.062 

Sub-humid Makurdi 0.010 0.066 0.066 0.050 0.046 

Dry Zone Yola 0.071 0.016 0.025 0.057 0.064 

(SHD) Ogoja 0.019 0.081 0.075 0.035 0.028 

 SHD 0.063 0.033 0.059 0.011 0.023 

 

Porthacourt 0.015 0.128 0.072 0.100 0.089 

 

Warri 0.024 0.098 0.074 0.049 0.038 

Humid 

Zone Owerri 0.058 0.106 0.109 0.025 0.011 

(HUM) Ikeja 0.122 0.108 0.117 0.025 0.043 

 HUM 0.073 0.107 0.115 0.033 0.020 
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Figure 2: The sensitivity percentage of the temperature indices on Net radiation in the 

semi-Arid region. 
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Figure 3: The sensitivity percentage of the temperature indices on Net radiation in the 

Sub-humid dry region. 
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(b) Relationship between Net radiation and temperature indices 

Table 2 shows the parameter estimates of the partial least squares regression over four 

climatic regions in Nigeria. The table showed a positive gradient in all the regions. 

Meanwhile, Tmin was observed to have a positive relationship with net radiation; Tmax only 

showed the positive relationship in SHD and HUM; Tm only in SAR and SHD; DTR only in 

SHH and TR only in SHD region with PLS model. Table 3 shows the parameter estimates of 

the partial least squares regression over four climatic regions in Nigeria. The table showed a 

positive gradient in all the regions. Meanwhile, Tmin was observed to have a positive 

relationship with net radiation; Tm only in SAR; DTR has no relationship with any region 

with the OLS model. Table 4 shows the parameter estimates of the partial least squares 

regression over four climatic regions in Nigeria. The table showed positive gradients in all 

the regions. Meanwhile, Tmin was observed to have a positive relationship with net radiation; 

Tmax only showed a positive relationship in SHD and HUM; Tm only in SAR. 

 

(c) Assessment of Partial Least Square (PLS), Ordinary Least Square (OLS) and 

Principal component regression (PCR) models over Nigeria. 

Table 5 and Figures 6-8 show the assessment of PLS, OLS and PCR models for evaluation of 

net radiations from temperature indices using the coefficient of determination (R
2
). Adeyemi 

(2004) proposed the threshold values of 0.30 as allowed values for predicting models. In 

Semi-Arid (SAR) region, all three models were observed to be above the threshold values 

with a maximum value of 0.865 for PLS, 0.863 for OLS and 0.862 for PCR. These values 

confirmed the significance of all the parameter estimates used in developing the three models 

in this region. Meanwhile, the PLS model gave the best performance in the SAR region. In 

Sub-Humid Dry (SHD) region, the models above the threshold values are PLS with values of 

0.455 in Jos, OLS and PCR in Yola, Ogoja and Makurdi with values of   0.541, 0.475 and 

0.503 respectively. Finally, the OLS and PCR gave the best performance in SHD. In the Sub-

Humid humid (SHH) region, the models above the threshold values are PLS and PCR with 

values of 0.455 and OLS with values of 0.359 in Iseyin, OLS with values of 0.306 in Akure, 

PLS and PCR with values of 0.535 and OLS with values of 0.470 in Edo. Finally, PLS and 

PCR gave the best performance in SHH. In the Humid region, all three models were observed 

to be above the threshold values with a maximum value of 0.578 for the three models. 
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Figure 4: The sensitivity percentage of the temperature indices on Net radiation in the 

sub-humid humid region. 

  



European International Journal of Science and Technology ISSN: 2304-9693 www.eijst.org.uk 

 
 

24 

 

 

Figure 5: The sensitivity percentage of the temperature indices on Net radiation in the 

Humid region. 
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Table 2: The parameter estimates of partial least squares regression over four climatic 

regions in Nigeria. 

Regions Α β1 β2 β3 β4 β5 

SAR 227.270 2.029 -5.653 8.715 -5.186 -234.262 

SHD 88.323 0.703 0.132 0.655 -0.152 7.314 

SHH 1041.00 41.245 -10.946 -4.638 18.509 -1649.00 

HUM 1138.00 47.599 1.844 -25.978 -21.725 -1711.00 

 

Table 3: The parameter estimates of ordinary least squares regression over four 

climatic regions in Nigeria. 

 

Table 4: The parameter estimates of principal component regression over four climatic 

regions in Nigeria.  

 

(d) Variation of Observed and Predicted Net Radiation over Nigeria. 

Figures9 – 12 show the variation of the observed net radiation with the predicted net radiation 

over Nigeria. It can be observed from the figures that they all follow the same pattern of 

variation which is the increasing pattern except in some regions which havea decreasing 

pattern which may be caused by climate change or outliers in the average of the data given.  

 

  

Regions α β1 β2 β3 β4 β5 

SAR 281.108 12.011 -11.192 5.572 

 

0 -325.524 

SHD 586.940 37.409 -6.908 -19.062 

 

0 -791.527 

SHH 586.940 37.409 -6.908 -19.062 

 

0 -791.527 

HUM 1138.00 69.324 -19.879 -25.978 

 

0 -1711.00 

Regions Α β1 β2 β3 β4 β5 

SAR 281.108 5.012 -4.192 5.572 -6.998 -325.524 

SHD 586.941 28.882 1.618 -19.062 -8.526 -791.527 

SHH 1041.00 41.245 -10.946 -4.638 -18.509 -1649.00 

HUM 1138.00 47.599 1.844 -25.978 -21.724 -1711.00 
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Table 5: The observed, the predicted Net radiation from each of the regression, and the 

coefficient of determination (R
2
). 

 

Stations 

Net Radiation R² 

Regions 
OBS PLS OLS PCR PLS OLS PCR 

 

 
Kaduna 113.442 100.112 105.835 100.909 0.456 0.531 0.507 

Semi-

Arid Maiduguri 76.9432 97.472 103.919 97.899 0.496 0.507 0.486 

(SAR) 
Katsina 97.823 97.013 103.202 97.411 0.865 0.863 0.862 

 
Nguru 115.101 98.068 104.643 99.041 0.612 0.649 0.641 

 
Jos 115.143 122.766 127.199 127.199 0.455 0.294 0.294 

Sub-

humid Yola 114.132 128.565 126.780 126.780 0.335 0.541 0.541 

Dry 
Ogoja 144.897 128.795 131.018 131.018 0.043 0.475 0.475 

(SHD 
Makurdi 143.060 129.882 127.868 127.868 0.141 0.503 0.503 

 
Ibadan 127.013 125.470 127.1142 125.470 0.195 0.155 0.195 

Sub-

humid Iseyin 139.32 132.963 131.2399 132.963 0.455 0.359 0.455 

     Humid 
Akure 135.747 111.484 122.3324 111.484 0.282 0.306 0.282 

(SHH) 
Edo 120.993 133.681 130.0856 133.681 0.535 0.470 0.535 

 
Ikeja 125.794 94.369 94.369 94.369 0.362 0.362 0.362 

Humid 
Warri 130.940 140.149 140.149 140.149 0.511 0.511 0.511 

(HUM) 
Owerri 133.513 139.734 139.734 139.734 0.450 0.450 0.450 

 
Porthacourt 129.048 141.520 141.520 141.520 0.578 0.578 0.578 
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Figure 6: Scatter plot between PLS predicted Net radiation and the observed Net 

radiation 
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Figure 7: Scatter plot between OLS predicted Net radiation and the observed Net 

radiation 

 

Figure 8: Scatter plot between PCR predicted Net radiation and the observed Net radiation 
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Figure 9: Variation of observed and predicted Net radiations over Semi-arid region in 

Nigeria 
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Figure 10: Variation of observed and predicted Net radiation over Sub-humid dry 

region in Nigeria 
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Figure 11: Variation of observed and predicted Net radiation over Sub-humid humid 

region in Nigeria 
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Figure 12: Variation of observed and predicted Net radiation over the humid region in 

Nigeria 

 

2. CONCLUSION 

Atmospheric data of net radiation and temperature series were obtained from the Nigeria 

Meteorological Agency, Lagos (NIMET) spanning 31 years (1983 – 2013) for sixteen 

stations which were equally subdivided into four climatic regions across Nigeria. The Net 

radiation was predicted using the partial least squares (PLS), ordinary least squares (OLS) 

and principal component regression (PCR) techniques. It was observed that Minimum 
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temperature (Tmin), has the highest contribution to net radiation with values of 28% in the 

Semi-Arid (SAR) region and 33% in the Sub-humid Dry (SHD) region. Mean temperature 

contributed maximally to net radiation with 40% in the Sub-humid humid (SHH) region and 

33% in the humid region (HUM). Generally, it was observed that the mean temperature has 

the highest contribution to net radiation in all the regions. The results of modelling using the 

three regression models showed that PLS model performs best in SAR with maximum values 

of coefficient of determination (R
2
) of 0.870. The OLS and PCR performed best in SHD with 

maximum R
2
 of 0.541. PLS and PCR performs best in SHH with maximum R

2
 of 0.535. All 

the three models performed well in the HUM with maximum R
2
 values of 0.578.The three 

regression models used in the prediction, the partial least square (PLS) regression performs 

best in all regions with maximum values of coefficient of determination (R
2
) of 0.870. 

Therefore, it can be recommended as the best model that can accurately predict net radiation 

over Nigeria. 
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