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Abstract  

 Mud filtrate invasion is a vital parameter that should be optimized during drilling for oil and gas to 

reduce formation damage. Nanoparticles (NPs) have shown promising filtrate loss mitigation when used as 

drilling fluid (mud) additives in numerous recent studies. Modeling the influence of NPs can fasten the 

process of selecting their optimum type, size, concentration, etc. to meet the drilling conditions. In this 

study, a model was developed, using artificial neural network (ANN), to predict the filtrate invasion of 

nano-based mud under wide range of pressures and temperatures up to 500 psi and 350 °F, respectively. A 

total of 2,863 data points were used in the development of the model (806 data points were collected form 

conducted experiments and the rest were collected form the literature). Seven different types of NPs with 

size and concentration ranges from 15 to 50 nm and 0 to 2.5 wt%, respectively, had been included in the 

model to ensure universality. The dataset was divided into 70 % for training and 30 % for validation. A total 

of 6,750 different combinations for the model’s hyperparameters were evaluated to determine the optimum 

combination. The N-encoded method was used to convert the categorical data into numerical values. The 

model was evaluated through calculating the statistical parameters. The developed ANN-model proofed to 

be efficient in predicting the filtrate invasion at different pressures and temperatures with an average 

absolute relative error (AARE) of less than 0.5 % and a coefficient of determination (R2) of more than 0.99 

for the overall data. The ANN-model covers wide range of pressures, temperatures as well as various NPs’ 

types, concentrations, and sizes, which confirms its useability and coverability. 

Keywords: Drilling fluids, Nanoparticles, Mud filtrate invasion, Artificial neural networks, Modeling 

 

Introduction 

Drilling oil and gas wells usually requires drilling fluid (mud) that can ensure higher hydrostatic 

pressures. Drilling such reservoirs at elevated pressures and temperature is challenging. Maintaining the 

desired characteristics of the drilling mud while taking into consideration the environmental impact has 

been the goal of numerous studies. Mud filtrate invasion into formations is a vital parameter that can 

damage the formation and should be mitigated. Different eco-friendly additives had been investigated to 

improve the properties of drilling fluids, such as henna-leaf extracts and hibiscus-leaf extracts [1], date pit 

[2], and glass beads [3]. Others, like nanoparticles (NPs) had also been examined as a promising solution 

for the abovementioned dilemma [4-7]. 

Iron oxide (Fe2O3) and magnetite (Fe3O4) NPs decreased the amount of filtrate invasion and enhanced 

the rheology of bentonite water-based mud (WBM) when used at both high pressure/high temperature 

(HPHT) and low pressure/low temperature (LPLT) conditions [8-10]. The influence of a synthesized iron 

oxide NPs on KCl-polymer WBM had also been investigated [11]. Although the addition of silica (SiO2) 

NPs showed a complex effect on the rheological properties of mud [10,12], it decreased the filtration 

invasion of KCl-polymer and bentonite WBM [10,12-14]. Additionally, titanium dioxide (TiO2) NPs and 

TiO2-bentonite nanocomposite reduced the filtration volume of WBM when utilized at HPHT and LPLT 

[15,16]. 

The effect of aluminum oxide (Al2O3) and copper oxide (CuO) NPs on the WBM performance was 

the goal of several investigations [17-21]. Adding Al2O3 NPs improved both the filtration and rheological 
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properties of WBM [17,19]. On the other hand, CuO NPs showed improvement in the filtration behavior at 

longer durations (up to 90 min) when compared to the base fluid with no-NPs [21]. 

Adding mixture of zinc oxide (ZnO) and CuO NPs in addition to different polymers to WBM showed 

promising filtration performance at small NPs’ concentration [22]. Furthermore, ZnO and magnesium oxide 

(MgO) NPs showed high capabilities to improve the rheological and filtration properties of WBM at both 

HPHT and LPLT conditions [16,17,23]. Other NPs like yttrium oxide (Y2O3), graphene oxide, carbon, 

multi wall carbon nanotubes had also been examined as promising drilling mud property modifiers [24-31]. 

The type and characteristics of mud additives affects its behavior, which is very crucial to the efficiency of 

the drilling operation. Moreover, the impact of the drilling fluids on the drilled formation [32] and the 

characteristics of the produced filter cake [33-35] is of paramount importance. 

Despite the effectiveness of the experimental studies, artificial intelligence and machine learning 

techniques are increasingly used in different applications [36,37] among them are the modeling and 

predicting complex behavior of drilling fluids [38]. Linear regression, supported victor machine, fuzzy 

logic and artificial neural network (ANN) were applied in different recent studies [39-41]. ANN is 

inherently used due to its major benefits despite its larger processing time [42]. 

ANN was capable of predicting rheological characteristics of the muds using marsh funnel viscosity, 

solid content, and mud density [43,44]. Furthermore, ANN was used to predict the rheology of bentonite-

mud using only marsh funnel viscosity and mud density [45]. In 2019, Golsefatan and Shahbazi [46] 

introduced an ANN model to predict the effect of NPs on the filtration volume of WBM, which showed 

promising results. Recently, the rheological parameters of nano-modified drilling fluid were predicted using 

ANN-models based on NPs characteristics and the composition of the drilling fluid [47]. 

Density and equivalent circulating density (ECD) of the mud have been the subject of other ANN 

studies. Ultrasonic measurement techniques and ANN was utilized to predict the density, viscosity, and gel 

strength depending on the time of signal flight, signal amplitude, and the distance that the signal traveled 

[48]. Furthermore, an ANN-model was developed to predict the density of oil-based mud using the initial 

mud density, pressure, and temperature [49]. In the meanwhile, mud weight, surface drill pipe pressure and 

rate of penetration had been used to determine ECD of WBM using artificial intelligence techniques [50]. 

ANN consists of 3 or more layers; an input layer, an output layer, and one or more hidden layer(s). 

Each layer consists of number of neurons and are fully connected with weights as shown in Figure 1. ANN 

learn through a training process in which proper exemplars of the data (training dataset) are given to allow 

the ANN to detect the patterns and relationships between the data. During the training process another 

dataset (validating dataset) is used to test the model while in training. After the construction of the model, 

another dataset (testing dataset) is used to test the model on a completely anonymous dataset [51]. 

The way ANN training process works is by passing the signals form the neurons of the input layer to 

the neurons of the next layer. All the signals from the neurons of the prior layer goes to each neuron in the 

following layer. Inside each neuron, the summation of all the inputs multiplies by the weights carrying them 

is calculated. If the value of the summation is larger than the value of the bias, then this neuron will produce 

a signal, but if not, it will not produce any signal. If the neuron transmits a signal, the value of the signal 

will proceed to the activation function then to the next layer [52]. 

The power of ANN is that there is no need for pre-assumed mathematical equation to be known before 

building the model. Also, the capability of maintaining its performance even in the presence of some noisy 

data. So, when it comes to classifying and predicting problems, ANN provides a very strong and reliable 

solution [53]. 

Based on the aforementioned literature survey, one can be clearly stated that: 1) using ANN, as a 

powerful tool, to build models that can predict the properties of drilling fluids can provide very strong, 

reliable, and cost-effective predictions, 2) there are a lack in the studies that uses ANN to predict the 

properties of drilling fluids modified with NPs (only 2 studies were conducted [46] and [47]), 3) the study 

that using ANN to predict the filtration invasion of NPs-based mud was built on the literature data and only 

considered 1 type of WBM and 5 types of NPs [46], which opens the door for more comprehensive studies. 

The objective of this study is to build a more comprehensive ANN model to predict the filtrate fluid 

volume of the WBM modified with NPs. In this work, 806 data were obtained through laboratory 

experiments for 3 types of drilling fluids (bentonite WBM, KCl-polymer WBM, and low solid non-

dispersed mud (LSNDM)) modified with 6 types of NPs (SiO2, TiO2, Al2O3, CuO, MgO, ZnO). 

Furthermore, additional 2,057 data points were collected from the literature (under a wide range of pressures 

and temperatures) for the aforementioned types of drilling fluids and NPs in addition to Fe2O3 NPs. Both 

KCl-polymer and NaCl-polymer were categorized under the umbrella of salt-polymer WBM. Based on 

that, a total of 2,863 data points were filtered and used to build an ANN model to predict the volume of 
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mud filtrate of nano-modified WBM considering the drilling fluid type, the filtration time, and the NPs’ 

type, size, molecular weight, and concentration. 
 

 

Figure 1 Artificial neural network (ANN) general architecture. ANN consists of 3 or more layers; an input 

layer, an output layer, and one or more hidden layer(s). Each layer consists of number of neurons and are 

fully connected with weights. 

 

Methodology 

Three types of drilling fluids (bentonite WBM, KCl-polymer WBM, and LSNDM) were prepared 

using Hamilton Beach 1-spindle mixer (HMD200) and treated by SiO2, TiO2, Al2O3, CuO, MgO, ZnO NPs 

with concentrations range from 0.1 to 1 %wt. After that, A standard API filter press was used to measure 

the amount of filtrate at ambient temperature and 100 Psi differential pressure. The experimental data in 

additional to the data collected from literature were filtered and prepared to be used in building the model. 

MATLAB© was used to construct the ANN model. Figure 2 shows the work scheme of 

acquiring/preparing the data and building the model. 
 

 

Figure 2 Work scheme of the current study. The work was started by conducting the experimental work to 

obtain the lab data and collecting the rest from the literature. Then, the data was filtered, normalized, and 

transformed. After that, the ANN model was fed with the data. Finally, the model was trained, tested, and 

validated. 
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Data distribution and preparation 

A sample of the used data and their statistical distribution are shown in Tables 1 and 2, respectively. 

Hence, the input contains categorical data (i.e., the drilling fluids and NPs types), N-encoded method was 

used to convert the categorial data to numerical values as shown in Table 3. Firstly, the collected data was 

filtered, and the noisy data was eliminated for better results. Secondly, the input parameters were 

normalized to be between 0 and 1 using Eq. (1), while the target parameter (volume of filtrate) was 

transferred according to Eq. (2) for faster and more efficient training process. Lastly, the data was randomly 

divided into 2 datasets one for training (70 % of the data) and the other for validating (30 % of the data). 

𝑋𝑖,𝑛𝑜𝑟𝑚 =
𝑋𝑖−𝑋𝑎𝑣𝑔

𝑋𝑚𝑎𝑥−𝑋𝑚𝑖𝑛
                                                                                                                                  (1) 

 

where, i is the number index for each input parameter (drilling fluid type, NPs’ type, concentration, 

molecular weight, and size, and the filtrate time), Xi,norm is the normalized value for the input parameter, Xi 

is the value of the input parameter before normalization, Xavg is the average of parameter Xi, Xmax and Xmin 

are the values of the maximum and minimum values of the input parameter Xi. 

𝐹𝑇 = ln(𝐹 + 1)                                                                                                                                             (2) 

 

where, F is the value of filtration volume in ml and FT is the transformed value of the filtrate. Figures 3 

and 4 show the distribution of the values of the filtrate volume before and after the transformation, 

respectively. Figure 3 shows the poor distribution of the original filtrate volume data (mainly between 0 

and 15 mL). On the other hand, Figure 4 shows the transformed values of the filtrate volume using Eq. (2), 

which represents normal distribution and can provide faster and more efficient training process. 

 

 

Figure 3 Distribution of the filtrate volume data before transformation. 

 

 

Figure 4 Distribution of the filtrate volume data after transformation. 
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Model development 

A MATLAB© script was developed to go over 6,750 possible combinations (Figure 5) of different 

parameters (the activation function, the training algorithm, and the number of neurons) for 1 hidden layer 

network (summarized in Table 4). Firstly, the transfer function and the training algorithm were determined 

based on the evaluation of each combination using root mean square error (RMSE) and correlation 

coefficient (R2). The combination that gave the lowest RMSE and highest R2 was chosen. Secondly, the 

number of neurons in the hidden layer were optimized by plotting the RMSE (Figure 6) and R2 (Figure 7). 

versus a number of neurons between 1:60. As shown in Figures 6 and 7, the number of neurons that gave 

the best performance (the lowest RMSE and highest R2) was found to be 46. 

 

Table 1 Data sample that shows the different types of the studied WBM, and the different types, sizes, 

molecular weights, and concentrations of NPs. It also shows the filtrate volumes and the conditions at which 

they obtained (i. e., pressure, temperature, and time of filtration). Additionally, it shows the category of the 

collected data (literature or experimental data) 

 

Number Drilling Fluid Type NPs’ Type 
NPs’ Size 

(nm) 

NPs’ MW 

(g/mol) 

NPs’ Conc. 

(wt%) 

T 

 (℉) 

P 

(Psi) 

Time 

(s) 

Filtrate 

Volume  

(mL) 

Experiment 

or Reference  

1 Salt-Polymer SiO2 15 60.08 0.1 77 100 1800 16 Exp. 

2 
Bentonite WBM  

(BWBM) 
- - - - 250 500 1800 17 [10] 

3 
Low Solids Non-

Dispersed (LSNDM) 
ZnO 40 81.38 0.5 77 100 3600 14.5 Exp. 

4 BWBM CuO 40 79.545 0.8 ambient 200 600 5.1 [20] 

5 Salt-Polymer ZnO 100 81.38 0.06 250 500 1800 11.8 [23] 

6 BWBM ZnO 40 81.38 1 77 100 5400 18.4 Exp. 

7 BWBM Fe2O3 50 159.69 0.3 250 300 60 1.65 [10] 

8 Salt-Polymer Fe2O3 11 159.69 0.01 80 100 1800 14.91 [11] 

9 LSNDM CuO 40 79.545 0.3 77 100 900 6 Exp. 

10 Salt-Polymer TiO2 100 79.866 0.2 150 500 1500 8.4 [16] 

11 BWBM Al2O3 35 101.96 0.5 250 500 1800 19.5 [17] 

12 LSNDM TiO2 50 79.866 0.1 77 100 1500 130 Exp. 

13 Salt-Polymer CuO 40 79.545 1 77 100 900 7 Exp. 

14 BWBM TiO2 30 79.866 2 75 100 450 6.9 [15] 

15 Salt-Polymer Al2O3 40 101.96 0.1 77 100 1200 14.4 Exp. 

16 Salt-Polymer - - - - 250 500 540 6.7 [23] 

17 LSNDM Fe2O3 3 159.69 0.5 392 1015 3600 42.4 [8] 

18 BWBM MgO 20 40.3 0.5 250 500 1800 26.5 [17] 

19 LSNDM SiO2 15 60.08 1 77 100 1200 9.5 Exp. 

20 Salt-Polymer MgO 30 40.3 0.7 77 100 1200 5.9 Exp. 

21 BWBM SiO2 12 60.08 2.5 300 250 1260 10.6 [10] 

22 LSNDM Al2O3 40 101.96 0.7 77 100 300 4 Exp. 

23 LSNDM - - - - 392 1015 600 23.7 [8] 

24 LSNDM MgO 30 40.3 0.3 77 100 60 3 Exp. 
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Table 2 Statistical distribution of the data 

Parameter Maximum Minimum Mean Median Mode SD Skewness 

Drilling Fluid Type 
Salt-Polymer WBM, Low Solid Non-Dispersed Mud (LSNDM), 

and Bentonite Water-Based Mud (BWBM) 

NPs’ Type 
Ferric oxide (Fe2O3), Aluminum oxide (Al2O3), Silica oxide (SiO2), Titanium oxide (TiO2), Copper oxide 

(CuO), Magnesium oxide (MgO), and Zinc oxide (ZnO) 

NPs’ Concentration 

(wt%) 
2.5 0.001 0.627 0.5 0.5 0.569 1.597 

NPs’ Molecular Weight 

(g/mol) 
159.69 40.3044 80.757 79.866 60.08 47.289 0.239 

NPs’ Size (nm) 100 3 34.454 30 50 29.982 0.974 

Temperature (℉) 350 77 121.419 80 80 75.787 1.408 

Pressure (Psi) 500 100 157.692 100 100 114.435 1.929 

Time (sec) 5400 10 1044.025 900 1800 935.568 2.105 

Filtrate Volume (mL) 140 0.1 8.473 7.5 9 7.671 6.426 

 

Table 3 Data sample after conversion using N-encoded method. Hence, the input data contains categorical 

data (i.e., the drilling fluids and NPs types), N-encoded method was used to convert the categorial data to 

numerical values. 

Number 

Drilling Fluid Type NPs’ Type NPs’ 

Size 

(nm) 

NPs’ 

Mw 

(g/mol) 

T  

(℉) 

P  

(Psi) 

Time 

(s) 

Filtrate 

Volume 

(mL) 

Experiment 

or  

Reference 
Salt-

Polymer 
BWBM LSNDM Fe2O3 SiO2 TiO2 CuO Al2O3 MgO ZnO 

1 1 0 0 0 0.1 0 0 0 0 0 15 60.08 77 100 1800 16 Exp. 

2 0 1 0 0 0 0 0 0 0 0 0 0 250 500 1800 17 [10] 

3 0 0 1 0 0 0 0 0 0 0.5 40 81.38 77 100 3600 14.5 Exp. 

4 0 1 0 0 0 0 0.8 0 0 0 40 79.545 80 200 600 5.1 [20] 

5 1 0 0 0 0 0 0 0 0 0.06 100 81.38 250 500 1800 11.8 [23] 

6 0 1 0 0 0 0 0 0 0 1 40 81.38 77 100 5400 18.4 Exp. 

7 0 1 0 0.3 0 0 0 0 0 0 50 159.69 250 300 60 1.65 [10] 

8 1 0 0 0.01 0 0 0 0 0 0 11 159.69 80 100 1800 14.91 [11] 

9 0 0 1 0 0 0 0.3 0 0 0 40 79.545 77 100 900 6 Exp. 

10 1 0 0 0 0 0.2 0 0 0 0 100 79.866 150 500 1500 8.4 [16] 

11 0 1 0 0 0 0 0 0.5 0 0 35 101.96 250 500 1800 19.5 [17] 

12 0 0 1 0 0 0.1 0 0 0 0 50 79.866 77 100 1500 130 Exp. 

13 1 0 0 0 0 0 1 0 0 0 40 79.545 77 100 900 7 Exp. 

14 0 1 0 0 0 2 0 0 0 0 30 79.866 75 100 450 6.9 [15] 

15 1 0 0 0 0 0 0 0.1 0 0 40 101.96 77 100 1200 14.4 Exp. 

16 1 0 0 0 0 0 0 0 0 0 0 0 250 500 540 6.7 [23] 

17 0 0 1 0.5 0 0 0 0 0 0 3 159.69 392 1015 3600 42.4 [8] 

18 0 1 0 0 0 0 0 0 0.5 0 20 40.3 250 500 1800 26.5 [17] 

19 0 0 1 0 1 0 0 0 0 0 15 60.08 77 100 1200 9.5 Exp. 

20 1 0 0 0 0 0 0 0 0.7 0 30 40.3 77 100 1200 5.9 Exp. 

21 0 1 0 0 2.5 0 0 0 0 0 12 60.08 300 250 1260 10.6 [10] 

22 0 0 1 0 0 0 0 0.7 0 0 40 101.96 77 100 300 4 Exp. 

23 0 0 1 0 0 0 0 0 0 0 0 0 392 1015 600 23.7 [8] 

24 0 0 1 0 0 0 0 0 0.3 0 30 40.3 77 100 60 3 Exp. 
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Table 4 Different combinations for the tested parameters. 

Parameter Range 

Training Functions 

TRAINBFG, TRAINBR, TRAINCGB, 

TRAINCGF, TRAINCGP, TRAINGD, 

TRAINGDM, TRAINGDA, TRAINGDX, 

TRAINLM, TRAINOSS, TRAINR, TRAINRP, 

TRAINSCG 

Transfer Functions Logsig, Tansig, Purelin, Relu 

Number of Neurons in the Hidden Layer 1:30 

Number of Neurons in the Hidden Layer for the 

Chosen Combination 
1:60 

 

 

Figure 5 The tested parameters of the model. A MATLAB© script was developed to go over 6,750 possible 

combinations of different parameters (i.e., the activation function, the training algorithm, and the number 

of neurons) for 1 hidden layer network. 

 

 

Figure 6 RMSE versus the number of neurons in the hidden layer. 
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Figure 7 R2 versus the number of neurons in the hidden layer. 

 
Results and discussion 

The ANN model was developed to predict the volume of filtrate in mL according to Eq. (3). The 

number of neurons in the hidden layer was optimized to be 46 according to Figures 6 and 7. Levenberg-

Marquardt optimization was used as training algorithm. TANSIG and PURELIN were selected to be the 

hidden and output layers transfer functions, respectively, as shown in Figure 8. 
 

𝐹 =  𝐸𝑥𝑝 [[∑ 𝑊2𝑖𝑇𝐴𝑁𝑆𝐼𝐺(∑ 𝑊1𝑗 ×  𝑋𝑗  +  𝑏1𝑖
𝐽
𝑗=1 )𝑁

𝑖=1 ] + 𝑏2] − 1                                                   (3) 

 

where, Exp is the exponential function, N is the number of neurons in the hidden layer, W2i is weight of the 

output layer, J is the number of input variables, W1 is weight of hidden layer, Xj is the normalized input 

variable (i.e., the drilling fluid type, the NPs’ type, concentration, molecular weight, and size, and the 

pressure, temperature, and filtration time), b1 is bias of the hidden layer, and b2 is bias of the output layer. 

The values of the weights and bias are shown in Appendixes Tables A1 - A4.  
 

Furthermore, the model was used to predict the filtration volume then the predicted values were 

plotted versus the actual values as shown in Figure 9. The figure represents the efficiency of the ANN 

results in relation to targets of training and validation datasets. For an ideal fit, the data points should fall 

near the line of the unit slope, where the ANN results are equal to the targets. The results indicate that the 

fit is good for all datasets. Several statistical tests were conducted between the actual and the predicted data 

to test the model. Average absolute percentage error (ARE), absolute average relative error (AARE), 

relative deviation (RD), standard deviation (SD), mean square error (MSE), RMSE, R2, and the ratio 

between the predicted data to the actual data are used to evaluate the model according to Eqs. (4) - (11).  

 

 

Figure 8 ANN structure for the proposed model. The number of neurons in the hidden layer was optimized 

to be 46. Levenberg-Marquardt optimization was used as training algorithm. TANSIG and PURELIN were 

selected to be the hidden and output layers transfer functions, respectively. 
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Figure 9 Predicted values of the filtration volume versus the actual values for both training and validating 

datasets. The results indicate that the fit is good for all datasets. The data points fall near the line of the unit 

slope, where the ANN results are equal to the targets.   

 

 

𝐴𝑅𝐸 =  (
1

𝑁
 ×  ∑

 𝐹𝑃𝑟𝑒𝑑𝑖𝑐𝑡𝑒𝑑−𝐹𝐴𝑐𝑡𝑢𝑎𝑙

𝐹𝐴𝑐𝑡𝑢𝑎𝑙  𝑁
𝑖=1 ) × 100                                                                                         (4) 

 

𝐴𝐴𝑅𝐸 = (
1

𝑁
 ×  ∑ |

 𝐹𝑃𝑟𝑒𝑑𝑖𝑐𝑡𝑒𝑑−𝐹𝑖
𝐴𝑐𝑡𝑢𝑎𝑙

𝐹𝑖
𝐴𝑐𝑡𝑢𝑎𝑙 | 𝑁

𝑖=1 ) × 100                                                                                   (5) 

 

𝑅𝐷 =  
 𝐹𝑃𝑟𝑒𝑑𝑖𝑐𝑡𝑒𝑑−𝐹𝐴𝑐𝑡𝑢𝑎𝑙

𝐹𝐴𝑐𝑡𝑢𝑎𝑙 × 100                                                                                                               (6) 

 

𝑆𝐷 =  {
1

𝑁−1
 ×  ∑ (

 𝐹𝑃𝑟𝑒𝑑𝑖𝑐𝑡𝑒𝑑−𝐹𝐴𝑐𝑡𝑢𝑎𝑙

𝐹𝐴𝑐𝑡𝑢𝑎𝑙 )
2

𝑁
𝑖=1 }

0.5

                                                                                            (7) 

 

𝑀𝑆𝐸 =  
1

𝑁
 × ∑ (𝐹𝑃𝑟𝑒𝑑𝑖𝑐𝑡𝑒𝑑 − 𝐹𝐴𝑐𝑡𝑢𝑎𝑙)2𝑁

𝑖=1                                                                                                 (8) 

 

𝑅𝑀𝑆𝐸 = { 
1

𝑁
 × ∑ (𝐹𝑃𝑟𝑒𝑑𝑖𝑐𝑡𝑒𝑑 − 𝐹𝐴𝑐𝑡𝑢𝑎𝑙)2𝑁

𝑖=1 }
0.5

                                                                                      (9) 

 

𝑅2  =  1 −  
∑ (𝐹𝑃𝑟𝑒𝑑𝑖𝑐𝑡𝑒𝑑−𝐹𝐴𝑐𝑡𝑢𝑎𝑙)

2𝑁
𝑖=1

(𝐹𝐴𝑐𝑡𝑢𝑎𝑙
𝑀𝑒𝑎𝑛 −𝐹𝐴𝑐𝑡𝑢𝑎𝑙)

2                                                                                                          (10) 

 

𝑅𝑎𝑡𝑖𝑜 =  
𝐹𝑃𝑟𝑒𝑑𝑖𝑐𝑡𝑒𝑑

𝐹𝐴𝑐𝑡𝑢𝑎𝑙                                                                                           (11) 

 

where, N is the number of data points tested, 𝐹𝑃𝑟𝑒𝑑𝑖𝑐𝑡𝑒𝑑  is the predicted filtration volume in mL, 𝐹𝐴𝑐𝑡𝑢𝑎𝑙  is 

the corresponding actual filtration volume in mL, and 𝐹𝐴𝑐𝑡𝑢𝑎𝑙
𝑀𝑒𝑎𝑛  is the average of the actual filtration volume 

in mL. The aforementioned tests were applied for the training and validating datasets separately to make 

sure that the model is not overfitted to the training dataset. Furthermore, the overall performance of the 

model was measured and compared to the results from both datasets as shown in Figure 10. The R2, MSE, 

RMSE, ARE, AARE, and SD for the overall dataset were 0.9941, 0.3408, 0.5838, 0.0042, 0.0515 and 

0.1855, respectively, which shows higher accuracy. 
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Figure 10 Graphical representation of R2, RMSE, ARE, MSE, SD, and AARE for training, validating, and 

overall datasets. R2, MSE, RMSE, ARE, AARE, and SD for the overall dataset were 0.9941, 0.3408, 

0.5838, 0.0042, 0.0515 and 0.1855, respectively. 

 

 

Moreover, the deviation of the predicted data relative to the actual data was measured in relative 

deviation (RD) and plotted versus the value of the actual data as shown in Figure 11. RD measures the 

difference between predicted and actual data and gives an illustrative view about the adjacency of actual 

and model target. The maximum RD were 92.4 and 119 while the minimum RD were −59.1 and −46.8 for 

the training and validating datasets, respectively, which illustrates the consistency between the actual and 

predicted filtration volumes. In addition, the ratio between the predicted values to the actual values is 

presented in Figure 12. The average ratio was found to be 1.005 for the training dataset and 1.001 for the 

validating dataset, which represents an average ratio of 1.004 for the overall dataset. 
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Figure 11 RD versus actual filtration volume for (a) training, and (b) validating datasets. The maximum 

RD were 92.4 and 119 while the minimum RD were −59.1 and −46.8 for the training and validating datasets, 

respectively. 

 
 

  

Figure 12 The ratio between the predicted and actual filtration volume versus the actual volume for (a) 

training, and (b) validating datasets. The average ratio was found to be 1.005 for the training dataset and 

1.001 for the validating dataset, which represents an average ratio of 1.004 for the overall dataset.  

 

 

 
Figure 13 Comparison between the proposed model and the Golsefatan and Shahbazi model based on R2, 

RMSE, ARE, MSE, SD, and AARE. The statistical parameters confirm the better accuracy of the newly 

developed model. 

(b) 
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Golsefatan and Shahbazi [46] model was the first attempt to predict the impact of NPs on the filtration 

volume of WBM, which showed promising results. By comparing the developed model in the current study 

with the Golsefatan and Shahbazi model, one can conclude that: 1) the newly developed model considers 

3 different types of WBM (bentonite WBM, salt-polymer WBM, and low solid non-dispersed mud 

(LSNDM)); however, the other model only considers the data of KCl-polymer WBM, 2) the number of 

data points used in the newly developed model are 2,863 for 7 different types of NPs; whereas only 1,003 

data points for only 5 types of NPs were used in building the other model, 3) the overall accuracy of the 

newly developed model is higher compared to that of the Golsefatan and Shahbazi model as shown in 

Figure 13. The R2, MSE, RMSE, ARE, AARE, and SD for the overall dataset of the Golsefatan and 

Shahbazi model were 0.9928, 0.4797, 0.6926, 0.1361, 2.6636 and 0.0585, respectively.  Whereas the same 

statistical parameters of the newly developed model were 0.9941, 0.3408, 0.5838, 0.0042, 0.0515 and 

0.1855, respectively, which confirms better accuracy. 

 

Conclusions 

An ANN-model to predict the volume of filtrate of NPs-based WBM was developed. 2,863 data points 

were collected from both experimental work and literature, then normalized and transformed, and used in 

the model training, testing, and validation. Different statistical tests were conducted to evaluate the newly 

developed model.  R2, MSE, RMSE, ARE, AARE, and SD for the overall dataset were found to be 0.9941, 

0.3408, 0.5838, 0.0042, 0.0515 and 0.1855, respectively. RD and the ratio between the predicted to the 

actual data points were also used to evaluate the model. The ratio between the predicted to the actual values 

of the filtrate volumes was 1.004 for the overall dataset. The overall model performance was compared to 

the Golsefatan and Shahbazi model [46], which showed the higher accuracy of the newly developed model 

in predicting the filtration volume. The developed model presents a very promising solution for the 

optimization and atomization of the drilling process by directly estimating the filtration volumes of the 

drilling fluids, which can reduce the hazards and decrease the risk. 
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Appendix A 

 

Table A1 Weight and bias for Eq. 3 rows (1 - 23) and columns (1 - 9). 

 

i 
W1j 

j = 1 j = 2 j = 3 j = 4 j = 5 j = 6 j = 7 j = 8 j = 9 

1 −0.64778 −0.3099 −0.48653 1.229989 0.606968 1.989165 −0.38779 −0.72041 −0.45034 

2 −0.86945 0.664532 −0.27411 0.130968 0.075344 −0.30682 0.21268 −1.24793 0.340325 

3 −0.77353 0.136169 1.338518 0.202651 −0.48534 0.843466 1.159328 −0.87146 0.468116 

4 −1.18246 0.246263 0.316069 0.572225 0.515592 0.311262 −2.18585 −0.50918 −0.26433 

5 0.92443 1.051067 −1.14065 −0.94434 1.277426 0.315198 1.694988 −0.32269 −0.92118 

6 0.191732 −0.61927 0.304503 0.576718 0.636042 −0.10108 0.184795 −0.12359 −0.02483 

7 0.039461 −0.5724 −0.17194 −2.63971 −0.97908 0.431412 0.442732 0.908695 0.54666 

8 −0.1542 −0.19627 −0.58542 0.255135 −0.63668 −0.81467 −0.57777 −0.41554 0.174323 

9 −0.79755 0.720688 −0.09105 −0.77653 −0.3226 −0.56603 0.839821 −0.27823 −0.34194 

10 −0.8826 −0.47008 1.090779 0.030947 −0.48889 −0.44731 1.150097 −0.58407 1.187485 

11 −0.59707 0.709758 0.710938 −0.43027 0.81805 0.325439 0.180943 −2.65786 0.681397 

12 −0.49106 0.380776 0.727655 −0.98457 0.740415 −1.02164 −0.67419 −1.90E-01 0.023272 

13 −0.18909 0.970757 0.002653 −1.92043 −0.31935 −0.69643 2.247897 0.098524 −0.25017 

14 −0.56057 −0.20097 −0.44417 −0.02129 -0.52659 0.827392 −0.13272 −0.33405 0.618698 

15 0.140978 −0.3958 0.154251 −1.53607 1.719036 1.372094 −0.21264 −1.00882 −0.2675 

16 −0.68016 −0.61605 −0.26486 0.412975 1.096302 −0.23242 −0.35808 0.097963 0.170677 

17 0.243923 −0.8613 0.590762 −0.144 −0.34957 −0.09262 0.901339 −1.09256 −0.4375 

18 −0.53319 1.350096 0.853673 0.741228 −1.06728 0.922307 0.752868 0.955811 0.643999 

19 0.845794 0.60739 −1.00476 0.852502 −1.30714 0.087136 −1.04482 0.407896 −0.42785 

20 −0.02439 0.372009 0.195756 −0.90934 2.417362 −0.55115 −1.31099 0.628244 −0.44805 

21 0.447819 1.019972 −1.36653 −0.14091 −0.18558 0.151587 0.163731 1.069158 0.261992 

22 0.717982 0.219749 −0.41631 −0.25417 −0.84213 0.519928 0.384458 −0.06271 0.449732 

23 −0.19658 0.262977 −0.72244 −0.22291 1.020478 0.212464 −0.95081 1.11238 -0.42187 
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Table A2 Weight and bias for Eq. 3 rows (24 - 46) and columns (1 - 9). 

 

i 
W1j 

j = 1 j = 2 j = 3 j = 4 j = 5 j = 6 j = 7 j = 8 j = 9 

24 0.539811 −0.53835 −0.81006 −0.39887 1.302577 −0.97235 −0.29503 −0.37828 0.570461 

25 −0.29628 −0.46217 0.183049 −0.96719 −0.3192 −0.05161 −0.80898 −0.50843 −0.39156 

26 0.292517 −1.69298 1.15685 −0.66949 −0.1451 −0.20199 0.465459 −0.36158 −0.29948 

27 −0.35159 0.378334 −0.65571 −0.34042 −0.67033 −0.58948 −1.0611 2.228297 1.346806 

28 −0.22103 1.118151 −0.58258 0.891583 0.354337 −0.39731 0.184497 0.264171 0.664258 

29 −0.15293 −0.72933 −0.25695 0.635614 0.700274 0.466619 0.263811 0.652755 −0.05399 

30 1.111865 −0.27416 −0.77326 0.299911 1.258009 0.507211 −0.33843 1.130111 −0.22248 

31 0.393409 −0.40842 −0.01655 −0.24866 0.871338 0.728062 −2.04146 0.298034 0.142678 

32 −1.22802 0.777846 −1.67592 0.117299 0.26519 −0.07687 −0.65342 0.613856 0.375737 

33 1.550207 −1.51902 −1.26669 −0.69959 2.800572 0.074432 0.036828 −0.03131 −0.50332 

34 −0.17562 0.256634 −0.21193 0.072232 −0.88952 −0.0412 0.152038 −0.02341 0.38647 

35 0.598268 0.672578 −1.07321 −0.94309 0.634317 −0.53269 0.364349 0.155688 0.494331 

36 0.904676 0.240262 −0.1085 −0.82088 −0.1909 0.366673 0.344198 −0.52414 −0.13471 

37 −0.26114 −1.16473 −0.65075 1.946204 −0.22003 0.439237 −0.55896 −0.17676 −0.02198 

38 −0.52442 −0.36311 −0.33274 −0.73224 −1.65193 −0.4077 −0.17722 0.353911 −0.33135 

39 −0.01005 −0.24413 −0.33128 2.428993 −0.30053 −1.19985 −0.30199 −1.47104 −0.27132 

40 −0.73978 −0.39221 0.426648 −0.5811 −2.43494 −1.28531 −0.3601 −0.29053 −0.01145 

41 2.604756 2.560748 2.415438 0.312403 0.019277 0.263348 0.484124 0.284521 −0.01191 

42 0.044142 1.497931 −0.37249 0.316169 −1.77984 0.929333 −0.19184 −0.30822 −0.17502 

43 0.305512 −0.67663 −1.28739 0.739684 −0.44816 −0.24677 −0.09696 −0.1351 −0.07242 

44 −0.65174 −0.74562 0.937129 0.185005 0.130262 2.251297 −0.32495 −1.10818 0.614193 

45 0.276272 0.384989 −0.27063 −0.6475 0.843202 −1.54329 0.511008 0.262442 0.077479 

46 0.170226 0.821096 −0.29167 −1.0784 −1.04471 0.132506 0.287534 1.207685 0.170626 
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Table A3 Weight and bias for Eq. 3 rows (1 - 23) and columns (10 - 18). 

 

i 
W1j 

W2i b1 b2 

j = 10 j = 11 j = 12 j = 13 j = 14 j = 15 

1 −0.34226 −0.44584 −0.9539 −0.62197 −0.68682 0.668817 2.08248 1.921287 

−1.34957 

2 −0.67702 −0.6737 −0.30653 0.921253 −0.55096 −0.78819 1.342997 1.554237 

3 0.859592 −1.13364 −0.88554 0.187966 0.403091 −0.29543 −2.00902 1.447229 

4 1.142522 0.368905 0.294332 0.541771 0.045076 −0.09197 −1.25849 1.543998 

5 −0.68704 1.154577 −1.42153 −0.86872 −0.76976 0.237965 −2.0634 −1.0265 

6 −0.64902 −0.51238 −0.60513 0.648028 0.421773 0.110586 0.326823 −1.48313 

7 1.026893 0.870988 −0.6611 −1.049 −0.19452 −2.51094 0.774512 1.040371 

8 −0.65708 −0.574 −0.45438 −0.38212 0.297756 0.102583 −0.49151 1.258612 

9 −0.61448 0.972945 −0.10405 0.244656 0.631054 −0.88493 0.942088 1.308099 

10 −2.18184 −0.75838 −0.55639 0.459221 1.257107 0.164349 1.185106 1.290668 

11 −2.02776 −0.54684 −0.82366 −0.85301 −0.96951 −0.34907 −1.42671 0.835465 

12 0.787044 −0.74812 0.729189 0.213805 1.095762 1.343766 −1.11951 −0.23666 

13 0.75698 0.717647 −0.04438 −0.97463 −0.05028 −1.15826 −1.51123 −0.94862 

14 −0.05068 −0.45199 0.570728 −0.67065 −0.4596 0.159244 0.003258 0.79001 

15 0.867984 −5.33139 1.080313 0.22264 2.626737 0.113129 1.875133 0.845903 

16 0.391442 −0.1188 0.674819 −0.03685 0.408585 1.278477 1.211438 0.303829 

17 −0.5977 −0.40903 −0.02692 1.264747 −1.3782 0.721703 1.658309 0.32931 

18 1.092927 −0.80562 −1.02899 0.837289 0.800846 −2.65876 2.420331 −1.37566 

19 1.070429 −0.04333 −0.42192 −1.56936 −0.28342 0.226603 −1.80663 −0.01805 

20 −0.49975 2.883887 −1.05733 −0.29392 −0.54265 −0.16876 1.874048 0.143122 

21 1.196574 0.32413 0.741051 −0.0857 −1.30482 0.533793 1.640258 0.435205 

22 0.584451 0.124875 0.037035 −0.59466 0.41246 −1.15828 0.821334 −0.43684 

23 0.235196 −0.38751 −1.46811 −0.15235 0.770721 −0.02756 1.610283 0.165496 
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Table A4 Weight and bias for Eq. 3 rows (24 - 46) and columns (10 - 18). 

 

i 
W1j 

W2i b1 b2 
j = 10 j = 11 j = 12 j = 13 j = 14 j = 15 

24 −0.66296 0.86749 −1.0414 −0.35602 1.152689 1.347839 −0.68496 0.696289 

 

25 −0.24502 0.442304 −0.91912 −1.18027 0.077182 1.423942 −1.48818 6.56E-05 

26 −0.04242 −0.13204 0.076173 0.131812 −0.18449 −3.34212 −0.90046 −0.93137 

27 0.195415 −1.5189 −0.25502 0.354177 −0.64836 0.017978 −0.80867 0.125339 

28 −0.39884 −0.92162 −1.76659 1.117921 −1.12788 −1.24749 −1.49801 −0.48353 

29 0.186601 0.476103 0.00247 0.920847 −0.07564 0.327881 1.312972 −0.69701 

30 0.449197 −1.60535 −0.30534 0.536013 0.5598 0.050234 −1.61589 0.603635 

31 0.214522 0.875384 0.196536 1.196888 −0.7226 1.018956 −1.68696 0.777364 

32 −0.21619 0.685055 −0.96776 0.245557 1.323715 2.430727 −1.08527 0.743644 

33 −2.02197 −0.13452 −0.03015 0.022681 0.339171 0.400377 −1.90212 1.50391 

34 0.849608 0.600135 0.856123 −0.15916 −1.1494 −1.07914 1.291217 −1.31654 

35 −1.0642 3.42599 −1.81906 −0.56658 −0.14011 0.473204 2.678062 0.917696 

36 −1.18607 0.651502 0.466215 −0.07565 −0.00287 0.431553 −1.27658 1.115086 

37 −0.32325 −0.7934 0.659888 −0.54019 2.071558 −2.81961 −0.54194 −1.2481 

38 0.727123 0.24196 −0.5485 0.353569 0.474749 1.698317 0.845593 −1.46551 

39 0.058422 1.04844 −1.88542 0.105403 2.29295 −1.78081 1.335647 −1.29143 

40 −0.20841 −0.35436 −0.82182 1.070256 −0.28262 1.147051 −1.17171 −1.19634 

41 0.058703 −0.53912 −0.03205 0.242032 −0.84892 −10.724 −4.7534 −9.31856 

42 0.539454 0.357257 1.42061 0.114877 0.218042 −1.0537 −1.58678 −1.62512 

43 0.148645 0.223123 −1.46275 0.325126 −0.26438 0.322854 −0.77976 −1.45794 

44 −0.39625 0.31129 −0.56985 0.112519 −0.21833 −0.45633 −1.15149 −1.58305 

45 −0.2583 0.93565 0.722895 0.123258 0.446731 −0.082 −1.18378 1.812632 

46 0.709475 0.137969 0.952679 −0.41863 0.094847 1.346704 0.945589 2.277298 

 

 

 

 


