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Abstract 
The objective of this study was to propose a mathematical regression model 
to estimate the exploitation flow rate of a water borehole from geophysical 
parameters in the midst of a fissured basement in the central-eastern part of 
Côte d’Ivoire. The data of the study are both hydrogeological and geophysical 
parameters from one hundred and eleven (111) data sheets of (111) water and 
geophysical boreholes. Two methods were used. The Normal Principal Com-
ponent Analysis (NPCA) method applied to the data made it possible to select 
the explanatory variables (geophysical parameters) for borehole productivity. 
The multiple linear regression method subsequently made it possible to pro-
pose a mathematical model capable of estimating the exploitation rate from 
the geophysical parameters. The results indicate a very strong correlation (0.87) 
between longitudinal conductivity and flow rate, with flow rate and apparent 
resistivity negatively correlated. The multiple linear regression method hig-
hlighted two relevant explanatory variables, longitudinal conductivity and ap-
parent resistivity. These two geophysical parameters contributed to a mathe-
matical model in the form 1 1 2 2 0n nQ C X C X C X C= + + + + . the real model 
obtained in this work is 0.82 0.12 . 2.5Q Cl Rho app= − + . The resulting model 
is efficient with a correlation of 86% in calibration and 95% in validation. A bias 
of 0.37 in calibration and 0.82 in validation is observed. Finally, the square 
root mean square error (RMSE) is 3.10 to 3.38 respectively in calibration and 
validation. 
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Linear Regression, Fissured Aquifers 

 

1. Introduction 

Access to water and sanitation is one of the major challenges of the 21st century. 
According to the WHO [1], more than 2.1 billion people do not have access to 
safe drinking water and more than 4.5 billion people do not have access to sani-
tation facilities. As a result, these disastrous living conditions cause the death of 
nearly 10,000 people a day, the vast majority of whom are children. In the face of 
this uncertain future for drinking water in Africa and particularly in the West 
African sub-region, various national and sub-regional programme’s are being put 
in place [2]. In Côte d’Ivoire, basement aquifers are the main sources of drinking 
water supply for the population. According to the Directorate for Water Resources 
Management and Protection (DGPRE) of the Ministry of Water and Forestry, the 
quantity of water contained in the basement is estimated at about 113 billion m3, 
of which 35.5 billion m3 are renewed each year. Despite the availability of this 
resource, drinking water supply remains a concern. According to the National 
Drinking Water Office (ONEP) in 2018, the drinking water coverage rate was 61 
percent in urban areas, 76 percent in rural areas and 13 percent in semi-urban 
areas. This disparity is said to be linked to a lack of a serious and in-depth study 
on the productivity of water drilling in areas of cracked basement. In general, the 
drinking water supply of populations in rural and semi-urban areas is provided 
by basement aquifers.  

Indeed, basement aquifers are formed from fractures created in the bedrock by 
tectonic constraints and weathering [3]. Crystalline basement regions are known 
for their structural complexity. The associated water resources reflect this com-
plexity: highly heterogeneous, constraining identifier and to be characterized [4]. 
[5] describe the characterization of water resources in fractured environments as 
one of the greatest challenges for modern hydrogeologists. This is why the know-
ledge of the potentiality of these fractured aquifers associated with crystalline 
and crystallophyllized basement requires the implementation of an appropriate 
prospecting methodology [6]. The methods commonly used by these eminent 
researchers and other hydrogeologists are based on boreholes or piezometers [7]. 
However, the information obtained from these works has a low resolution due to 
their punctual nature. Thus, the location of these structures according to the frac-
tures they capture plays a major role in their productivity. In addition, the high 
cost of construction and their destructive nature makes it impossible to build a 
large number of these structures. 

It is therefore necessary to use complementary methods, in particular non- 
destructive geophysical methods [4]. The combination of these geophysical and 
hydrogeological methods could help to gain a deeper understanding of the prod-
uctivity of water drilling in basement environments.  
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The general objective of our research is to propose a mathematical model ca-
pable of estimating the flow rate of a water borehole based on geophysical para-
meters in a cracked basement environment. 

2. Presentation of the Study Area 

The study area is located in the central-eastern part of Côte d’Ivoire between 
longitudes 3˚40' and 4˚55' West and latitudes 6˚20' and 8˚10' North and includes 
nine departments. It includes the N’zi, Iffou and Moronou regions (Figure 1). 

The relief of the study area is dominated by a series of hills that rise to 300, 
400 and even 500 m [8]. Located at the border between savannah and forest, it is 
covered by three types of vegetation. We have the dense forest in the Centre to 
the South and East, the shrubby forest in the North and North-west. And shrubby 
savannah from the Northeast to the West. The forest that covered most of the 
region is gradually retreating from north to south and extending eastward mainly 
due to seasonal bush fires. This forest is increasingly being destroyed in favour 
of the large rubber plantations cultivated in the region. 

 

 
Figure 1. Geographic location of the study area. 
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The study area has a transitional equatorial climate. It is particularly hot and 
relatively dry with two rainy seasons from April to July and October to November 
and two dry seasons from December to March and August to September. Winds 
are generally light. Only the harmattan is important especially in the northern 
part of the region, but its influence decreases rapidly towards the south. Howev-
er, with climate change, this regime is now disrupted.  

The search for water in areas where the basement is crystalline or crystal-
lo-phyllized is limited to areas where the rock has undergone the phenomenon 
of fracturing. The fractured environment is heterogeneous and its hydraulic cha-
racteristics are determined by the geometry and density of the cracks. The hydrau-
lic continuity of this hydrogeological system depends on the interconnection of 
the cracks [9]. Crack aquifers are much larger but irregularly shaped reservoirs 
and are located at depths of 20 to 60 m or more, where the fractures are decom-
pressed by lithostatic stress [10]. According to the same author, these aquifers 
develop a higher permeability than alteration and are characterized by low useful 
porosity. In outcrops, distension fractures with or without quartz filling are of-
ten observed and constitute very good drains for both recharge and groundwater 
exploitation (Figure 2) [11].  

3. Materials and Methods 
3.1. Data 

The data used in this research was obtained from the technical files of 111 bore-
holes drilled in 2010 within the framework of the (West African Monetary Eco-
nomic Union) UEMOA projects in the N’Zi, Iffou and Moronou Regions and 
within the framework of the 2013 Presidential Emergency Programme (PPU) in 
the Iffou Region (Figure 3). These technical files present, among others, the hy-
drogeological sounding data sheets, test pumping data sheets, and data sheets for 
electrical dragging and sounding. These data were processed using computer 
tools such as STATISTICA 7.1, IPI2WIN and ARCGIS 10. 

3.2. Methods 
3.2.1. Expressions of Some Parameters 
Two hydrogeological parameters, i.e. the operating flow (Q) and the specific flow 
(Qs), and four geophysical parameters, such as longitudinal conductance (Cl), 
transverse resistance (Rt), apparent resistivity (Rho.app) and simulated altera-
tion thickness (Eas), were analysed. The method used to determine the specific 
flow rate (Qs) is based on the following simple Equation (1). 

QdQs
s

=                            (1) 

where Qs is the Specific flow rate in m3/h/m, Qd is the flow rate of the last 
pumping stage in m3/h and s, the drawdown at the end of the 4 hours of 
pumping. 
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Figure 2. Typical weathering and fracturing profile of crystalline basement aquifers from 
[12]. 

 

 
Figure 3. Location of water point data. 

 

The relationships between hydrogeological and geophysical parameters in the 
study of aquifers are established through the work [13] which proposed the 
following formulas. 

w

F ρ
ρ

=                            (2) 

mF φ−=                            (3) 

where, F is the formation factor, ρ is the rock resistivity in ohm∙m, wρ  is the 
resistivity of formation water in ohm∙m, φ  is the total porosity of the forma-
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tion, m is the cementing coefficient of the formation. The cementing factor de-
pends on the permeability of the rock and therefore on the fracturing density for 
magmatic rocks. The knowledge of these hydrogeophysical relationships has led 
to the establishment of the following expressions [14]. 

1

n
i

i i

b
Cl

ρ=

= ∑                           (4) 

1
n

i iiRt b ρ
=

= ⋅∑                         (5) 

where Cl is the longitudinal conductance, bi are the layers thicknesses, ρi are the 
layers resistivity and Rt the transverse resistance. 

3.2.2. Statistical Analysis of the Data: NPCA and Linear Regression Model 
Hydrogeological and geophysical parameters from the analysis of drilling data 
and geophysical studies were subjected to a standardized principal component 
analysis (SCA). The NPAC, which is a statistical tool, defines the main factors 
whose correlation with the variables allows an explanation of the phenomena in-
volved. In order to assume that the phenomenon involved is sufficiently expressed, 
the cumulative sum of the contributions of the main factors must be about 70% 
[6]. This method made it possible to study the links and the grouping of the pa-
rameters studied. 

In addition, multiple linear regression was used to predict the values of a de-
pendent variable from explanatory or independent variables [15]. Indeed, mul-
tiple linear regressions are used to determine the most satisfactory linear rela-
tionship for predicting the dependent value that produces the smallest standard 
error. In such a model, each independent variable is weighted so that the value of 
the regression coefficients maximizes the influence of each variable in the final 
equation. It is possible to manipulate multiple independent variables from mul-
tiple linear regressions, but only one dependent variable. Multiple linear regres-
sion has already been used by several authors such as [16] [17]. Also, [18] has 
used it to study the productivity of water drilling in basement environments. In 
these different works, the models designed have demonstrated their capacity to 
simulate the productivity of water drilling in basement environments in general 
and particularly in Côte d’Ivoire and Chad. In this study, the characteristics ex-
plained (dependent variables) are the limit drilling depth and the thickness of the 
drilled basement. As regards the explanatory variables, these are drilling parame-
ters whose relationship with productivity would be proven by multivariate statis-
tical analysis. These are the most relevant and influential parameters revealed by 
the statistical analysis. In a multiple linear regression, the equation is in the fol-
lowing form Equation (6). 

1 1 2 2 0n nY C X C X C X C= + + + +                (6) 

where Y is the variable explained, Xi is the explanatory variable, C0 is the con-
stant, Ci (1 i N≤ ≤ ) the weighting coefficients of the explanatory variable Xi. 

Indeed, Y is a vector of observed values of water drilling flow, Xi is a matrix of 
independent or explanatory variables, Ci is a vector of parameters or regression 
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coefficients to be estimated, and C0 is a vector of residuals or random distur-
bances. Linear regression estimates the vector Ci as a least squares solution [19] 
[20]. 

( ) ( )1T T
i i i iC X X X Y

−
=                      (7) 

with XT the transpose of X. 
Multiple regression is a variant of the simple regression method that can help 

deal with collinearity by iteratively choosing the variables with the highest ex-
planatory value. An ascending multiple regression starts with no variable, or a 
subset of the available variables, and adds the most significant variable (the one 
with the lowest p-value, combined with estimated F-statistics) at each step of the 
model. A stepwise downward regression starts with all available variables and re-
moves the least significant variable at each step. This is the second form of mul-
tiple regression that was chosen for this study.  

One of the most relevant steps in the development of a model is the estimation 
of its parameters [21]. According to this author, there are multiple estimation me-
thods; this is due to the fact that the nature of the parameters is varied and that 
there is no globally satisfactory estimation method. Estimation involves making 
choices to establish a calibration strategy. The strategies are of course a func-
tion of the objective sought by the model, taking into account its relevance and 
performance. The calibration of the models was based on the principle of the 
“split-sample test”, which consists of calibrating two-thirds (2/3) of the sample 
of available data and validating the remaining third (1/3). Thus, the calibration 
of the models was carried out on a sample of 74 boreholes and the validation on 
a sample of 37 boreholes. The estimation of the weighting coefficients of the se-
lected variables was carried out by calibration. It consisted in adjusting the nu-
merical values assigned to the model parameters to best reproduce the observed 
response. In presenting the calibration results, it is important to associate each 
regression coefficient with the associated standard error, which is an indicator 
that can be assimilated to the standard deviation. In fact, the standard error is to 
the regression coefficient what the standard deviation is to the mean of a variable. 
It therefore consists of a measure of the variability of the regression coefficient. 
Thus, if several regressions were performed on as many sub-samples drawn from 
the same main sample, the value of the regression parameters thus obtained would 
differ from one time to the next. The “robustness” of a given coefficient will be 
greater the smaller the variation around the most likely value, the coefficient it-
self. This is precisely what the standard error of the coefficient measures. The 
entire methodology has been implemented in the STATISTICA 7.1 software. 

3.2.3. Criteria for Evaluating the Quality of the Model Developed 
1) Evaluation of model performance 
The performance of the models and their robustness were evaluated using nu-

merical and graphical criteria. The analysis of the simulation results focuses on 
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the performance of the models in the calibration and validation phases. Indeed, 
according to [22], the calibration performances are less revealing of the real si-
mulation capacities of the models. These are better expressed by the validation. 
To evaluate the performance of the models developed in this study, the correlation 
coefficient, the square root of the root mean square error and the biased mean 
were used as evaluation criteria. The correlation coefficient (R) is used to meas-
ure the linear correlation between the real or measured variable and the calcu-
lated variable. Its formula is Equation (8). 

( ) ( )
( ) ( )

2

2 2

i ii

i ii i

Q Q Q Q
R

Q Q Q Q

′ ′− × −
=

′ ′− × −

∑

∑ ∑
                (8) 

with, iQ  are the measured flow rate, iQ′  are the simulated flow rate, iQ  are 
the average of measured flows and iQ′  the average of simulated flows. 

The relation is said to be perfect if R = 1, very strong if 0.8 ≤ R < 1, strong if R 
is between 0.5 and 0.8, medium if R is between 0.2 and 0.5, weak if R is between 
0 and 0.2 and nil if R = 0. The square root mean square error (RMSE) is used as 
the measure of the overall performance of the model. The model is well opti-
mized if the RMSE value is close to zero, which tends towards a perfect forecast. 
Its mathematical formulation is given by the following relationship Equation (9). 

( )2n
i ii Q Q
n

′−∑                         (9) 

with Qi the Observed flow, iQ′  are the simulated flow, n is the sample size. 
Bias is a criterion for highlighting the difference between two quantities. It 

must be minimized (the optimum is the null value). It then gives the relative er-
ror between the observed values and those simulated during the analyses. When 
the biased mean “B” tends towards zero, the model results are unbiased, i.e. the 
two values are close and therefore the model is efficient. This parameter is de-
fined by the following relationship Equation (10). 

1

1 i

i i
n

B Q Q
n =

′= −∑                       (10) 

where Qi are the observed flow rate, iQ′  are the simulated flow. 
In addition to the numerical evaluation, a graphical analysis comparing the 

observed flows to the simulated flows was carried out in order to assess the qual-
ity of the modelling carried out. In practice, if the simulation was perfect, i.e., if 
each of the values simulated by the model was equal to the observed value, the 
resulting scatterplot would be aligned and merged with the line of equation y = 
x. However, since the modeling is not perfect, the qualitative assessment of the 
performance of the different models consisted in assessing the dispersion of the 
scatter of the scatterplot around the first diagonal. 

2) Assessment of model robustness 
One of the most widely used techniques to assess the robustness of a model is 

the double-sampling technique [23]. This technique makes it possible to test the 
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adaptability of the model regardless of its complexity. The robustness criterion 
(R’) of the model was assessed by the difference in the correlation coefficient in 
validation (R validation) and calibration (R calibration). The model is said to be 
robust if the robustness criterion is less than or equal to 10%. The expression of 
the robustness criterion is Equation (11). 

validation calage100R R R′ = × −                  (11) 

4. Results and Discussion 
4.1. Statistics of the Parameters Studied 

Six parameters have been presented in the parameter characteristics Table 1 be-
low. Apart from flow rate and apparent resistivity, which are parameters for which 
data are experimental, the other five (longitudinal conductance, transverse re-
sistance, simulated weathering thickness and specific flow rate) are parameters 
for which data have been calculated. The coefficient of variation (Cv) varies from 
51.97% to 731.69%. It is greater than 100% except for the weathering thickness, 
which is 51.97%. These values show that the parameters studied are not very va-
riable. 

4.2. Multiple Regression Model of Water Drilling Productivity 
4.2.1. Identification of Relevant Explanatory Variables by the NPCA  

Method 
1) Analysis and Interpretation of Own Values 
The analysis of Table 2 below shows three determining factors with eigenva-

lues of 2.93, 1.17 and 0.89 and cumulative percentages of variances of 37.02%, 
67.62% and 85.28% respectively. The cumulation of these three first factors be-
ing higher than 70% is enough determining factor to express the relations be-
tween the hydrogeological and geophysical parameters. In view of the percen-
tages expressed, the factor analysis will focus on two factorial levels. The factorial 
planes F1 - F2 and F1 - F3. 

 
Table 1. Table of study parameters. 

Paramètres Number Minimum Maximum average Ecart-type Cv (%) 

Apparent resistivity 
(rho.app) 

111 42 2050 435.80 459.7 105.48 

Longitudinal  
conductance (Cl) 

111 0.000806 3.51 0.53 0.80 150.94 

Transversal  
resistance (Rt) 

111 762.35 199,694,050 2,861,528 20,937,715 731.69 

Calculated weathering  
thickness (Ep.cal) 

111 4.22 100 38.73 20.13 51.97 

Flow rate (Q) 111 0.38 43.20 5.43 6.67 122.83 

Specific 
flow (Q/s) 

111 0.02 4.09 0.45 0.72 160 

https://doi.org/10.4236/jwarp.2020.127032


A. K. S. Kouadio et al. 
 

 

DOI: 10.4236/jwarp.2020.127032 536 Journal of Water Resource and Protection 
 

Table 2. Eigenvalues of hydrogeological and geophysical parameters. 

Factors Eigenvalue % 
Variance  

Cumulative % 
Eigenvalue  
Cumulative 

Cumulative  
Variance 

Factors 1 2.93 48.83 2.93 48.83 

Factors 2 1.17 14.85 4.10 68.37 

Factors 3 0.89 11.56 4.99 83.22 

 
2) Factor Plan F1 - F2 and F1 - F3 
Figure 4 below shows the projection of the variables on the factorial plane F1 

- F2. Flow rate, specific flow rate and longitudinal conductivity are the variables 
at the negative end of the F1 factorial axis. At the positive end of the same fac-
torial axis we have the apparent resistivity. The F1 factorial axis, which groups 
together the parameters flow rate, specific flow rate, longitudinal conductivity 
and apparent resistivity, expresses the productivity of water drilling. However, 
the apparent resistivity, because of its position opposite to that of the flow, spe-
cific flow and longitudinal conductance, explains why a high resistivity could 
reduce the productivity of a borehole. On factorial axis 2, we observe a clustering 
of the simulated weathering thickness and the transverse resistance on the lower 
side. This information shows that the factorial axis F2 would express the thick-
ness of alteration. 

Figure 5 shows a grouping of flow, specific flow and longitudinal conductivity 
on the F1 factor axis as in Figure 4. The difference with respect to the factorial 
plane F1 - F2 is on the factorial axis F3 which shows an opposite position be-
tween the calculated weathering thickness and the transverse resistance. We can 
retain that the longitudinal conductance and the apparent resistivity are geo-
physical parameters that also express the productivity of a water well. 

3) Analysis of the correlation matrix between the variables 
Analysis of the correlation matrix in Table 3 shows that there is a good corre-

lation between hydrogeological and geophysical parameters. This is the case be-
tween flow and longitudinal conductance. The correlation between these two pa-
rameters is strong (0.87). These results confirm the grouping of these parameters 
on the factorial axes illustrated above. This correlation is also remarkable with the 
apparent resistivity where the correlation is average and negative (−0.45). This 
explains an inverse evolution between these two parameters. These correlations 
are very weak between the transverse resistance, which is a geophysical parame-
ter, and the flow rate. These values are (−0.04), (−0.04) and (−0.05) respectively. 
Between the geophysical parameters, the only significant correlation is between 
apparent resistivity and longitudinal conductivity (−0.41). It is also negative and 
could mean that low apparent resistivity leads to high longitudinal conductivity. 
These results from this part of the study show that the geophysical parameters 
that best express productivity are longitudinal conductivity and apparent resis-
tivity. 
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Figure 4. Projection of the variables on the factorial plane F1 - F2. 

 

 
Figure 5. Projection of the variables on the factorial plane F1 - F3. 

 
Table 3. Correlation table between variables. 

Variables Qal Q/s T Rho.app Ea.cal Cl Rt 

Qal 1.00 0.85 0.70 −0.45 −0.04 0.87 −0.05 

Q/s 0.85 1.00 0.66 −0.34 −0.03 0.79 −0.04 

T 0.70 0.66 1.00 −0.30 0.01 0.53 −0.04 

Rho.app −0.45 −0.34 −0.30 1.00 −0.11 −0.41 0.05 

Ea.cal −0.04 −0.03 0.01 −0.11 1.00 0.02 0.16 

Cl 0.87 0.79 0.53 −0.41 0.02 1.00 −0.05 

Rt −0.05 −0.04 −0.04 0.05 0.16 −0.05 1.00 
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4.2.2. Statistical Models of Linear Regression 
1) Design of multiple linear regression models 
The models were designed using the backward or backward elimination re-

gression method. The results are presented in Table 4. First, step 0 includes the 
4 explanatory variables which are the geophysical parameters. These parameters 
are: longitudinal conductance, apparent resistivity, transverse resistance and 
calculated alteration thickness. At this step, the multiple R is 88% and the set of 
variables in the model of the equation explains nearly 78% of the variance (R2 = 
0.78). This step shows us that longitudinal conductivity has an important weight 
(82%) in the prediction of borehole flow rates. Next comes the apparent resistiv-
ity, which influences the productivity estimate by 12%. However, transverse re-
sistance and calculated alteration thickness have no significant influence (0% and 
4% respectively). Next, step 1 gives us 3 parameters, namely longitudinal conduc-
tance, apparent resistivity and calculated thickness of alteration. The transverse 
resistivity being very insignificant (0.0004) in the prediction of productivity was 
rejected in step 2. The weights of the variables remain the same in this step as 
well as the multiple R and the R. The standard error varies slightly at the C0 con-
stant from step 0 to step 1. Finally, step 2 includes two explanatory variables 
which are the apparent resistivity with an influence weight of (−0.12) or (12%) 
and the longitudinal conductivity with a much larger influence weight of (0.83) 
or (83%). These values show that the longitudinal conductivity can help predict 
the flow rate of a borehole. Also, the R2 of 78% means that the apparent resistiv-
ity and the longitudinal conductivity are likely to predict the productivity of a 
borehole. The set of standard errors is less than 1%. These results express a good 
relationship between the flow rate (explained variable) and the explanatory va-
riables (apparent resistivity and longitudinal conductance). 

 
Table 4. Table of coefficients of explanatory variables. 

Step Explanatory variable Coefficient (Ci) R R² Error-type 

0 

Constante (C0) 2.88 

0.88 0.78 

0.70 

Rho.app −0.120 0.0007 

Ep.cal −0.040 0.009 

Cl 0.82 0.43 

Rt 0.0004 0.000 

1 

Constante (C0) 2.88 

0.88 0.78 

0.69 

Rho.app −0.120 0.0007 

Ep.cal −0.040 0.009 

Cl 0.82 0.42 

2 

Constante (C0) 2.50 

0.88 0.78 

0.55 

Rho.app −0.12 0.0007 

Cl 0.83 0.42 
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2) Results of multiple linear regression models 
Following the analysis of Table 4 above, we retain two models of equations. 

- Model 1 with the parameters longitudinal conductance (Cl), apparent resis-
tivity (Rho.app) and calculated alteration thickness (Ep.cal). It is expressed in 
the form of the following equation. 

0.82 0.12 . 0.04 . 2.88Q Cl Rho app Ep cal= − − +           (12) 

- Model 2 with the parameters longitudinal conductance (Cl) and apparent re-
sistivity (Rho.app). It is expressed in the form of the following equation 

0.82 0.12 . 2.50Q Cl Rho app= − +                (13) 

4.2.3. Evaluation Criteria for the Proposed Equations 
1) Results of the quality of the models developed through performance 
Three evaluation criteria were selected to verify the performance of the model. 

Only Model 2 was subjected to the evaluation criterion after the top-down eli-
mination regression test. Table 5 shows a very high correlation R (86%) in cali-
bration and 95% in validation. This very high correlation expresses the good re-
lationship between the observed drilling rates and the drilling rates simulated 
from equation 12 above. The bias B is 0.37 in calibration and 0.82 in validation. 
These values tend towards zero. They show that the relative error between the 
observed and simulated flows is small. However, this relative error is higher in 
validation than in calibration. The values of the square root mean square error 
(RMSE) vary from 3.10 to 3.38 respectively in calibration and validation. The 
RMSE best expresses the overall performance of the equation when they tend 
towards zero. Overall, the results obtained show that the model of the equation 
developed performs well. 

2) Results of the quality of the models developed using robustness 
The robustness of the model was tested by the double sample technique. This 

technique allowed us to determine the robustness criterion R’, which is 9%. This 
value allowed us to test the robustness of the developed model because R’ is less 
than 10%. These results confirm those obtained in Table 5.  

3) Graphical validation of the developed model 
The developed model was tested graphically by a correlation study betweenthe 

observed and simulated flow in calibration and validation. Figure 6 and Figure 7 
below show that there is a strong correlation (0.86 in calibration and 0.95 in va-
lidation) between the observed and simulated flows. This correlation is stronger 
and reflects a good performance of the model in validation. The graphs also show 
that the points are well grouped around the straight line of the equation for flows 
below 12 m3/h. Above 12 m3/h, we observe a dispersion of values around the eq-
uation line. However, this dispersion is important in Figure 6 (calibration). How-
ever, these graphical results confirm the numerical results obtained above. 

5. Discussion 

The study of the prediction of drilling productivity from geophysical parameters 
was carried out by analyzing six parameters, including four geophysical parameters 
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Table 5. Performance of the developed model. 

Evaluation Criteria 
Calibration performance Validation performance 

Model 2 Model 2 

R 0.86 0.95 

Biais (B) 0.37 0.82 

RMSE 3.10 3.38 

 

 
Figure 6. Flows simulated and observed by the calibration model. 

 

 
Figure 7. Flows simulated and observed by the model under validation. 

 
(longitudinal conductance, transverse resistance, apparent resistivity and calcu-
lated alteration thickness) and two hydrogeological parameters (flow, specific flow) 
that influence productivity. Indeed, authors such as [24] in the Baya basin; [25] 
at Aboisso, [10] at Man-Danané have shown that the hydrogeological parame-
ters influencing productivity are flow, transmissivity and specific flow. The study 
of the coefficient of variation of these parameters shows that it is greater than 
100% for all parameters except the calculated alteration thickness, which is 51.97%. 
This confirms the high variability of the data for the parameters studied. Indeed, 
according to [13], the water saturation rate of a rock influences its apparent re-
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sistivity. In other words, a water-saturated rock has a high productivity. With 
regard to the results obtained after the identification of the relevant explanatory 
variables, parameters such as flow rate, specific flow rate and longitudinal con-
ductivity are governed by the same phenomenon which is productivity [11] [25] 
[26]. Also, the calculated weathering thickness and the apparent resistivity have 
little influence on productivity. The correlation between these hydrogeological 
and geophysical parameters was studied using the NPCA method and the mul-
tiple linear regression method to establish a model. This model showed a perfect 
correlation between the flows obtained after drilling and the simulated flows ob-
tained from the developed model. This explains why surface geophysical para-
meters such as longitudinal conductance and apparent resistivity can be used to 
predict drilling productivity. Authors such as [16] [17] in Côte d’Ivoire [27] in 
Morocco, [18] in Chad and [28] in Central African Republic have conducted 
studies in which they used surface geophysical parameters to determine a model 
of borehole productivity. This model was validated by two main criteria, the per-
formance criterion through calculations of the correlation R between the observed 
and simulated flows in calibration and validation. This correlation R is 0.86 in 
calibration and 0.95 in validation. Also the bias calculation which gave values of 
0.37 and 0.82 only confirmed the performance of the equation. In addition, anoth-
er criterion which is the robustness criterion gave values that confirm the relia-
bility of the equation. These criteria were also used by [17] in the N’zi-comoé re-
gion to validate equation models. 

6. Conclusions 

Prediction of water drilling productivity based on surface geophysical parame-
ters was done in a methodical manner. First, the choice of the hydrogeological 
parameters governing borehole productivity was made. Thus, two parameters, 
namely the flow rate and the specific flow rate, were selected as explanatory va-
riables. But the flow rate being the parameter observable after a hydrogeological 
drilling was retained as the explained parameter. Also, four geophysical parame-
ters such as longitudinal conductance, transverse resistance, calculated alteration 
thickness and apparent resistivity were analyzed and retained as explanatory pa-
rameters. Similarly, the study of coefficients of variation gave values greater than 
100% except for the non-calculated alteration thickness, which is 51.97%. In 
view of these results, we can say that the parameters studied are highly variable 
in the research area.  

Finally, a model for estimating drilling productivity was established based on 
surface geophysical parameters. This model allowed us to understand that the 
longitudinal conductance with a weighting coefficient of 0.86 and the apparent 
resistivity with a weighting coefficient of (−0.12) can be used to simulate a drill-
ing rate after a geophysical study. To validate this model, we performed the per-
formance test by determining the correlation R to show the link between the ob-
served and simulated flows. The values of R = 0.86 in calibration and 0.95 in va-
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lidation obtained show that there is a very strong correlation between the simu-
lated and observed flows. The values of Bias B (0.37 in calibration and 0.82 in va-
lidation) tend towards zero, they also confirm the performance of the developed 
model. Another confirmation, that of the robustness test gave an R’ value of 9%. 
This also confirms the efficiency of the developed model. After this study, we 
retain that the developed model can predict the productivity of a water well after 
a geophysical study. 
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