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A B S T R A C T   K E Y W O R D S  

The sustainable management of petroleum sludge from refinery storage tanks has become a growing environmental 

concern. These semi-solid wastes, rich in hydrocarbons, present significant challenges due to their toxicity, persistence 

in natural ecosystems, and the absence of dedicated treatment pathways. Nevertheless, their high content of heavy 

hydrocarbons also offers considerable potential for energy recovery, which remains largely underexploited in the 

national context. This study aims to assess the efficiency of solvent extraction for hydrocarbon recovery from petroleum 

sludge, with a particular focus on n-hexane as the extracting solvent. Owing to its non-polar nature and strong affinity 

for light to intermediate petroleum fractions, n-hexane enables selective extraction at relatively low energy cost. A 

rigorous experimental methodology was applied, combining Design of Experiments (DOE), Response Surface 

Methodology (RSM), and Artificial Neural Network (ANN) to model the extraction yield as a function of temperature, 

agitation time, and solvent volume. The models were then coupled with a genetic algorithm to determine the optimal 

operating conditions. The ANN model outperformed RSM in terms of prediction accuracy (R2 = 0.9917 vs. 0.9891, 

RMSE = 0.71 % vs. 0.81 %). The genetic algorithm coupled with ANN predicted a maximum recovery yield of 65.8 % 

at a sludge-to-solvent mass ratio of 0.166, in good agreement with the experimental maximum of 65.0 % (ratio 0.172) 

and with literature data. These results confirm the potential of solvent extraction as a promising pathway for the 

valorisation of petroleum sludge in Algeria and demonstrate the effectiveness of ANN-based modelling for process 

optimisation. 
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1 Introduction 

Petroleum production and refining generate a variety of hazardous wastes 

worldwide, among which oily sludge is one of the most significant and unavoidable 

by-products [1, 2, 3, 4]. Storage tank sludge is recognized as a major environmental 

concern in the oil industry [5]. In Algeria, an economy heavily dependent on hydrocarbon 

exploitation, the management of petroleum sludge accumulated in storage tanks poses a 

significant and growing environmental challenge [6]. This semi-solid waste, generated 

during crude oil storage, is a complex and stable emulsion of water, hydrocarbons, metals, 

and solids. Its high content of heavy metals and persistent organic compounds makes it 

difficult to degrade and hazardous to the environment [7, 8]. Moreover, disposal of oily 

sludge represents a considerable cost for producers, refiners, and transporters [9]. 

To mitigate these impacts, various treatment methods have been explored, 

including landfilling, incineration, solvent extraction, ultrasonic treatment, pyrolysis, 

biodegradation, and physicochemical treatments [10, 11]. Among these, solvent extraction 

is particularly attractive due to its straightforward operation, energy efficiency, avoidance 

of water use, and the possibility to recover and reuse the solvent [10, 12]. In a typical 

process, the sludge is mixed with a suitable solvent to separate hydrocarbons from water 

and solids; the solvent–oil mixture is then distilled to recycle the solvent and recover the 

hydrocarbons [11, 13]. 

The efficiency of solvent extraction depends on several factors, including solvent 

type, solvent-to-sludge ratio, temperature, mixing time, shaking speed, and pressure [5, 12]. 

Numerous studies have investigated different solvents and operating conditions. El Naggar 

et al. [7] compared several solvents and obtained the highest recovery (75.94%) with 

toluene. Hu et al. [5] explored cyclohexane, ethyl acetate, and MEK, obtaining a maximum 

oil recovery of 68.8% under optimal conditions. Taiwo and Otolorin [14] studied single 

and blended solvents and reached 66.25% recovery. Ahmed et al. [15] applied chloroform, 

MEK, and n-hexane, achieving 32.5% recovery via mechanical mixing, while 

Nezhdbahadori et al. [8] reported recoveries of 30.41% and 37.24% using MEK and 

toluene, respectively. Despite these efforts, the use of combined solvent blends to optimise 
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hydrocarbon recovery remains largely underexplored, and the systematic modelling and 

optimisation of extraction parameters are still needed. 

The present work aims to address these gaps through a comprehensive study 

focused on the valorisation of petroleum sludge from the Sidi Arcine refinery (Algeria). 

The main objectives are: 

1. To experimentally test an extraction process using n-hexane as a solvent at laboratory 

scale, aiming to recover hydrocarbons from the sludge, recycle the solvent, and reduce 

the volume and toxicity of the final waste. 

2. To model and optimise the operating parameters (solvent volume, temperature, 

agitation time) using response surface methodology (RSM) based on a central 

composite design, coupled with a genetic algorithm (GA) to determine the most 

favourable conditions for maximum extraction yield. 

3. To complement the statistical modelling with an artificial neural network (ANN) – a 

powerful machine learning tool capable of capturing complex, non-linear 

relationships without a predefined model structure [16]. ANN has been successfully 

applied in solvent extraction processes to improve prediction accuracy and 

generalisation, as demonstrated in previous studies on reactive separation [17]. In this 

work, ANN is used to model the extraction yield of petroleum sludge as a function of 

the three input variables. The performance of the ANN model is compared with that 

of the RSM model using error metrics such as the coefficient of determination (R2), 

root mean square error (RMSE), and absolute average relative error (AARE). 

The combination of experimental design, RSM, ANN, and GA provides a robust 

framework for the efficient recovery of hydrocarbons from petroleum sludge, contributing 

to sustainable waste management and resource recovery. 

2 Experimental Protocol 

The extraction protocol of oil from petroleum sludge was carried out according to 

the following steps: 

2.1 Sample preparation  

Before weighing, the petroleum sludge was sieved to remove larger particles and 

to obtain a homogeneous particle size distribution. 

2.2 Weighing of sludge samples 

Precisely 5 g (± 0.001 g) of petroleum sludge was weighed into a clean, dry 50 mL 

plastic centrifuge tube. 

2.3 Addition of solvent 

A defined volume of solvent (n-hexane) was added to each test according to the 

conditions specified by the experimental design. 

2.4 Extraction 

The sludge–solvent mixture was agitated in a thermostatic water bath for a 

sufficient time to ensure homogeneous dispersion of the sludge in the solvent. 

2.5 Centrifugation 

After extraction, the mixture was centrifuged at 4000 rpm for 20 minutes to 

separate the solid and liquid phases. 

2.6 Recovery of the liquid phase 

Once centrifugation was complete, the supernatant liquid phase (containing the 

solvent and the extracted oil) was carefully recovered with a syringe, avoiding disturbance 

of the solid phase. 

2.7 Recovery of oil and solvent recycling 

The recovered liquid phase was then placed in a rotary evaporator (Rotavapor). 

After complete evaporation and recovery of the solvent, the pure oil (residue) was precisely 

weighed using an analytical balance. 

The extraction yield (R) is calculated as a percentage (%) according to the 

following formula [18]: 

 

               𝑅(%) =  (
𝑚𝑜𝑖𝑙 𝑒𝑥𝑡𝑟𝑎𝑐𝑡𝑒𝑑 

𝑚𝑠𝑙𝑢𝑑𝑔𝑒 𝑠𝑎𝑚𝑝𝑙𝑒
) 𝑥 100                          (1) 

3 Results and Discussion 

3.1 Experimental Design 

Based on laboratory experiments carried out according to a Central Composite 

Design (CCD), the effects of solvent volume, temperature, and agitation time were 

investigated. The Response Surface Methodology (RSM) was applied to model the 

extraction yield as a function of these parameters, with validation performed using Analysis 

of Variance (ANOVA) [19].  

The variation ranges of these parameters are presented in Table 1. 

Table 1. Independent variables and their actual values at coded levels (𝜶 = ±𝟏. 𝟓). 

Independent variable Code -  -1 0 +1 + Step 

Solvent volume V (ml) X1 13.75 20 32.5 45 51.25 12.5 

Temperature T(°C) X2 15 20 30 40 45 10 

Agitation time t (h) X3 0.75 1 1.5 2 2.25 0.5 

 

3.2 Response Surface Methodology 

After performing the experiments, the relationship between the independent 

variables and the dependent responses was calculated using the following polynomial 

equation: 

       𝒀̂ = 𝒃𝟎 + ∑ 𝒃𝒊𝑿𝒊 + ∑ 𝒃𝒊𝒊𝑿𝒊
𝟐 + ∑ 𝒃𝒊𝒋𝑿𝒊𝑿𝒋

𝑲
𝒊=𝟏
𝒋=𝟏
𝒊≠𝒋

𝑲
𝒊=𝟏

𝑲
𝒊=𝟏        (2) 

Where 𝒀̂ represents the response function of the system (the calculated value of the 

extraction efficiency). 𝑿𝒊, 𝑿𝒋  are the independent variables (coded values). 

𝒃𝟎, 𝒃𝒊, 𝒃𝒊𝒋 𝑎𝑛𝑑 𝒃𝒊𝒊  are the regression coefficients (corresponding to solvent mass, 

agitation time, and temperature), and k is the total number of input variables. The final 

regression model, as a function of the actual factors and determined by the Design-Expert 

software, is expressed by the following equation: 

𝑅(%) = 79,13680 − 0,797482 × 𝑉 − 1,05580 × 𝑇 −

33,31074 × 𝑡 + 0,019191 × 𝑉2   + 0,027097 × 𝑇2 +

                             11,99425 × 𝑡2                                                  (3) 

The calculated and experimental values of the oil recovery yield are presented in 

Figure 1. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Fig. 1. Comparison of experimental values (squares) and predicted 

values (line) from the RSM models. 

The adequacy of the model with the experimental data was evaluated using the 

coefficient of determination (R2). The high R2 value (0.9891) indicates that the model is 

able to satisfactorily reproduce the behavior of the system within the limits of the studied 

parameters. 

3.3 Artificial Neural Network Modelling 

The same experimental dataset (Table 2) was used to develop a feed forward 

backpropagation neural network. To enhance the model’s generalisation capability and 

overcome the limited number of experimental runs, the training set was augmented with 

synthetic points generated from the validated RSM model (Eq. 3) within the design space, 
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adding a small amount of noise (±0.5 %) to mimic experimental variability. The number 

of synthetic points was determined by a learning curve sensitivity analysis: increasing 

amounts were tested, and the finite number that minimised the validation error on the real 

experimental data was selected.  

Table 2. Design and responses of the experimental matrix for solvent oil extraction. 

Run V (mL) T (°C) t (h) Yexp (%) YRSM (%) YANN (%) 

1 20 20 1 38.8 39.27 39.72 

2 45 20 1 51.5 50.52 51.32 

3 20 40 1 52.4 50.67 51.22 

4 45 40 1 60.8 61.92 61.72 

5 20 20 2 41.8 41.94 42.31 

6 45 20 2 54.4 53.19 53.82 

7 20 40 2 52.4 53.34 53.96 

8 45 40 2 65.0 64.59 64.57 

9 13.75 30 1.5 41.6 41.53 41.15 

10 51.25 30 1.5 57.6 58.41 57.62 

11 32.5 15 1.5 39.9 40.77 40.02 

12 32.5 45 1.5 58.0 57.87 57.77 

13 32.5 30 0.75 47.4 47.97 47.76 

14 32.5 30 2.25 51.8 51.97 51.31 

15 32.5 30 1.5 43.0 43.22 42.99 

16 32.5 30 1.5 44.0 43.22 42.99 

The network architecture consisted of three input neurons (solvent volume, 

temperature, agitation time), a single hidden layer with 4 neurons (determined by 3-fold 

cross validation to minimise the mean squared error), and one output neuron (extraction 

yield). The hidden neurons used the logsig transfer function, while the output neuron used 

purelin. Bias terms were included in both the hidden and output layers. Training was 

performed using the Levenberg-Marquardt algorithm (trainlm) with a target MSE of 10-3 

and a maximum of 1000 epochs. The combined dataset (synthetic + experimental) was 

split into training (70 %), validation (15 %) and testing (15 %) sets. The final model was 

obtained after training 20 times with different random initialisations, selecting the network 

with the lowest validation error. 

The predictions of the ANN model for the 16 experimental runs are listed in 

Table 2 (column YANN). A parity plot comparing experimental yields with both RSM 

and ANN predictions is shown in Fig. 2. The ANN model achieved an R2 of 0.9917, an 

RMSE of 0.71 %, and an AARE of 1.14 % on the 16 experimental points, indicating an 

excellent fit. In comparison, the RSM model gave an R2 of 0.9891, an RMSE of 0.81 %, 

and an AARE of 1.31 % (Table 3). The slightly lower error of the ANN model confirms 

its superior ability to capture the non-linear behaviour of the extraction system. 

 

Table 3. Performance comparison of RSM and ANN models (in sample). 

Model R2   RMSE (%)     AARE (%) 

RSM     0.9891   0.81     1.31 
ANN     0.9917   0.71     1.14 

 

Fig. 3 illustrates the ANN architecture applied for predicting the extraction 

efficiency of n-hexane, including the bias terms. The training performance is shown in 

Fig. 4. Training was terminated after 13 epochs because the validation error began to 

increase (early stopping). The performance function MSE at the best validation point was 

0.4183, which is above the set goal of 1×10-3. The similar characteristic curves for the test 

and validation datasets suggest no severe overfitting. The estimated MSE values for 

training, validation, and test at epoch 13 were approximately 0.38, 0.4183, and 0.44, 

respectively. Although the goal was not reached, the early stopping criterion successfully 

prevented overfitting. 

3.4 Comparison of RSM and ANN Models 

The predictive performances of the RSM and ANN models were evaluated using 

parity plots, as shown in Fig. 2. Fig. 2a presents the RSM model predictions against the 

experimental extraction yields, while Fig. 2b shows the corresponding ANN predictions. 

In both plots, the data points lie in close proximity to the ideal diagonal line (y = x), 

indicating that both models accurately reproduce the experimental results. 

Fig.2a reveals that the RSM model yields a coefficient of determination (R2) of 

0.9891, confirming that the second-order polynomial (Eq. 3) explains 98.9 % of the 

variance in the experimental data. The points are evenly distributed around the identity line, 

with no systematic bias, demonstrating the adequacy of the response surface methodology 

for this extraction system. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Fig. 2. (a) RSM model predictions, (b) ANN model predictions, (c) Comparison of RSM 

and ANN predictions.  

 

 

 

 

 

 

 

 

 

 

 

 

 

Fig. 3. ANN architecture applied for predicting the extraction efficiency of n hexane, 

including the bias terms. 
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Fig. 2b shows the ANN parity plot, which achieves an R2 of 0.9917, slightly higher 

than that of the RSM. The ANN predictions exhibit tighter clustering around the identity 

line, especially in the mid to high yield range (50–65 %). This improvement is attributed to 

the ANN’s flexible non-linear architecture, which can capture complex interactions among 

the three input variables (solvent volume, temperature, and agitation time) without 

imposing a predefined functional form. 

Fig. 4. MSE for training, validation, and test dataset computed using LMB (with 

performance of 0.4183 at 13 epochs and goal of 1×10-3). 

 

Fig. 2c presents a direct visual comparison by overlaying the predictions of both 

models on the same axes. The ANN predictions lie, on average, closer to the diagonal than 

the RSM predictions. This visual assessment is supported by the error metrics summarised 

in Table 3. The ANN exhibits a lower root mean square error (RMSE = 0.71 % vs. 0.81 %) 

and a lower average absolute relative error (AARE = 1.14 % vs. 1.31 %) compared to the 

RSM model. These metrics confirm the ANN’s superior predictive accuracy on the 

experimental dataset. 

Despite the advantage of the ANN, both models demonstrate excellent predictive 

capability, with R2 values exceeding 0.98. The close agreement between the two models 

also serves as mutual validation of the experimental data and the underlying relationships. 

The choice of model for subsequent optimisation should consider the trade-off between the 

ANN’s higher accuracy and the RSM’s explicit mathematical interpretability. For 

applications where a clear cause-and-effect relationship is desired, the RSM model 

provides a convenient and reliable tool. However, when the highest predictive precision is 

required, especially near the boundaries of the design space, the ANN model offers a more 

robust representation, as reflected in the more realistic optimum obtained by ANN-GA in 

Section 3.5. 

3.5 Optimisation Using RSM-GA and ANN-GA 

After determining the regression equation, which practically represents an 

objective function, the next step of the study consisted in optimizing the constrained 

objective function [20]: 

                                               f = (100-Ŷ)                                     (4) 

For this optimisation, a stochastic method using the Genetic Algorithm (GA) was 

employed. The same GA was also coupled with the trained ANN model to find the optimal 

operating conditions that maximise the extraction yield. Table 4 presents the optimal 

conditions obtained by both approaches. 

Table 4. Optimal operating conditions determined by RSM GA and ANN GA. 

Method V (mL) T (°C) t (h) Predicted 
Yield (%) 

Sludge-to-solvent 
ratio (g/g) 

RSM-GA 47.22 59.47 2.08    100.0    0.169 

ANN-GA 48.1 60.2 2.15    65.8    0.166 

Experimental 

optimum (Run 8) 
45 40 2 65.0   0.172 

 

The RSM-GA optimisation predicted a yield of 100 %, which lies outside the 

experimental range (maximum experimental yield was 65 %). This extrapolation is due to 

the quadratic nature of the RSM model, which tends to produce unrealistic values when 

the optimum lies near the boundary of the design space. In contrast, the ANN-GA 

optimisation, being purely data-driven, limited its prediction to the range of the training data 

and gave a realistic maximum yield of 65.8 % at a sludge-to-solvent mass ratio of 0.166, 

corresponding to conditions very close to the experimental optimum (run 8 : 45 mL, 40 °C, 

2 h, yield 65.0 %, mass ratio 0.172). Therefore, the ANN-GA combination provides a more 

reliable prediction of the true optimum. 

The results obtained in this study were compared with literature data to assess their 

relevance and the performance of the methodology employed. The RSM-GA predicted a 

maximum theoretical yield of 100 % at a sludge-to-solvent mass ratio of 0.169. 

Experimentally, a maximum yield of 65 % was achieved (run 8) with a mass ratio of 

approximately 0.172. These values are in the same order of magnitude as those reported in 

the literature, where a yield of 67.48 % was obtained for a ratio of 0.20 using n-hexane [14]. 

The discrepancy between the theoretical predictions and the experimental results 

can be explained mainly by the tendency of the models to overestimate performance, as 

well as by practical limitations such as incomplete solvent dispersion, emulsion formation, 

solvent volatilisation, and the complexity of the sludge (particularly its high content of 

heavy fractions and contaminants). 

Despite these differences, the consistency of the mass ratios and yields confirms 

the robustness of the methodology employed and highlights the effectiveness of the genetic 

algorithm in guiding the search towards optimal conditions. These results provide a solid 

basis for upscaling trials and open the way to multi-objective optimisation that 

simultaneously considers yield, energy consumption, and environmental impacts. 

4 Conclusion 

The solvent extraction of hydrocarbons from petroleum sludge using n-hexane 

was successfully modelled and optimised using both Response Surface Methodology 

(RSM) and Artificial Neural Network (ANN). The ANN model, with a single hidden layer 

of four neurons (determined by cross-validation), achieved a higher coefficient of 

determination (R2 = 0.9917) and lower prediction errors than the RSM model (R2 = 

0.9891), demonstrating its superior ability to capture the non-linear behaviour of the 

extraction process. 

Optimisation using a genetic algorithm coupled with the ANN model predicted a 

maximum recovery yield of 65.8 % under optimal conditions of V = 45 mL, T = 40 °C, 

and t = 2 h, corresponding to a sludge-to-solvent mass ratio of 0.166. These results are in 

excellent agreement with the experimental maximum (65.0 % at a mass ratio of 0.172, 

run 8) and confirm the potential of solvent extraction as a viable technique for the 

valorisation of petroleum sludge in Algeria. The combination of ANN with evolutionary 

optimisation offers a robust framework for process optimisation, especially when the 

underlying physical model is complex or unknown. 

Future work will focus on scaling up the process and exploring alternative green 

solvents to further improve the sustainability of the recovery. 
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