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Abstract 

The main characteristics of cafeteria effluents are the high organic load, varying concentration of fat/oil/grease content and 

nutrients, thus making them more difficult to treat than traditional domestic sewage. In this study, a combination of biochar-

membrane technology was designed to treat real cafeteria wastewater from Akwa Ibom State University in Nigeria and ML for 

fouling prediction and process optimization. Biochar was prepared by pyrolysis and modified using iron oxide to increase the 

surface area (185.4 to 312.7 m2g-1) and functional groups, as indicated by FTIR spectroscopy (Fe-O at 580 cm-1), scanning 

electron microscopy and BET analysis (SEM). Adsorption of the main pollutant (COD) in batch mode followed Langmuir model 

(qm = 94.3 mg g-1, R2 = 0.986) and first-order kinetics (R2 = 0.978). Removal of COD, oil and grease, phosphate and turbidity 

were mainly dependent on biochar dosage and contact time. Two-stage Plackett-Burman/Box-Behnken design (45 runs) was 

used to produce the data set on which four ML models were developed; XGBoost and artificial neural networks exhibited the 

best results in terms of predictive performance (R2 = 0.91-0.96) for six response variables, surpassing random forest and support 

vector regression. Combination of the top-performing model with genetic algorithm, particle swarm and Bayesian optimization 

was used to find the optimal process parameters (14 g L-1 dose, 105 minutes, TMP 1.05 bar), leading to 89-90% COD removal 

with minimized membrane fouling, confirmed experimentally within ±5% from the predictions. Biochar pretreatment decreased 

the fouling resistance as compared to membrane-only process, while preliminary techno-economic evaluation suggested the 

process cost of about $0.258 m-3. 
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1. Introduction 

The shortage of freshwater resources and the production of 

wastewater at institutions is driving the demand for efficient 

and sustainable technology [1]. Wastewater from cafeterias is 

known to contain relatively high levels of biodegradable or-

ganics, fats, oil, and grease (FOG), suspended solids, nutrients, 

and detergents, thus rendering the process of treating such 

wastewater quite difficult compared to the standard domestic 

wastewater [2]. Untreated wastewater from the cafeteria can 

cause the depletion of oxygen levels, eutrophication, and deg-

radation of the water body. Hence, the need for developing an 

efficient system to treat this wastewater is gaining attention 

[3]. 

Adsorption and membrane filtration are emerging as highly 

prospective technologies for treating wastewaters. The use of 

biochar is highly recognized as an eco-friendly and cost-effec-

tive adsorbent due to its high surface area and tunable surface 

chemistry [4]. Various engineered biochars are characterized 

by high adsorptive capacity towards removal of organics, 

phosphorous, and heavy metals, whereas membrane filtration 

allows achieving high effluent water quality by means of re-

moval of fine particulates from solution. Membrane fouling is 

still considered the key problem of membrane wastewater 

treatment processes, resulting in flux reduction, high energy 

costs, frequent cleaning and premature membrane deteriora-

tion. Therefore, modern approaches concentrate on the inte-

gration of adsorption into membrane filtration process in order 

to lower the concentration of fouling agents prior to the mem-

brane stage [5, 6]. 

Several researchers have explored complementary aspects 

of biochar-assisted and machine-learning-guided membrane 

treatment, yet each leaves a distinct gap that motivates the pre-

sent work. Abuhasheesh et al. [5] fabricated amine-function-

alized biochar/cellulose acetate hybrid membranes from mi-

croalgal-derived biochar, achieving a permeate flux of 169.1 

L m-2 h-1 and 64.1% removal of natural organic matter from 

municipal wastewater; however, the study evaluated mem-

brane fabrication in isolation, without a preceding adsorption 

stage, predictive modelling, or testing on the fats-, oils-, and 

grease (FOG)-rich matrix typical of institutional food-service 

effluent. Wang et al. [6] similarly showed that biochar addi-

tion can alleviate fouling indirectly by lowering soluble mi-

crobial product concentrations and promoting larger, less 

compressible flocs, or through combined biochar-biocarrier-

gas-sparging action that achieved up to 92.1% fouling reduc-

tion, but both studies relied on biological membrane bioreac-

tor (MBR) configurations treating synthetic or municipal 

wastewater rather than a standalone adsorption-pretreat-

ment/membrane train, and neither incorporated a predictive or 

optimization framework. On the machine-learning side, Za-

hoor et al. [7] applied multilayer-perceptron/radial-basis-

function neural networks to predict transmembrane pressure 

and flux in pilot-scale MBRs treating textile wastewater, rely-

ing on a single algorithm and a biological (rather than adsorp-

tion-integrated) treatment train. Niu et al. [8] compared ANN 

and random forest models for fouling prediction in an anaero-

bic MBR and identified soluble microbial product ratios as the 

dominant predictors, while Liang et al. [9] developed a Cat-

Boost-based explainable-AI framework (R2 = 0.837) for full-

scale MBR fouling prediction using real food-processing 

wastewater; yet both studies remained confined to biological 

MBR systems and did not evaluate a hybrid adsorption-mem-

brane configuration or institutional/cafeteria-scale effluent. 

Finally, characterization work on food-service establishment 

wastewater by Gurd et al. [10] confirmed the highly variable, 

FOG- and organic-rich nature of such effluent but stopped 

short of evaluating any treatment technology, underscoring 

how little is known about how such wastewater performs in 

an integrated, intelligently optimized treatment system. 

Despite these advances, most published biochar- and ma-

chine-learning-based studies have relied on synthetic, munic-

ipal, or industrial food-processing wastewater treated within 

biological membrane bioreactors, whereas investigations us-

ing real, highly variable cafeteria or food-service wastewater 

processed through a non-biological adsorption-membrane 

train remain limited. Also, existing machine learning applica-

tions have overwhelmingly targeted membrane bioreactors or 

single treatment units and typically benchmark only one or 

two algorithms, rather than an integrated adsorption-mem-

brane system evaluated with multiple, consistently tuned al-

gorithms. 

Therefore, this study develops a hybrid biochar-membrane 

treatment system for real cafeteria wastewater from Akwa 

Ibom State University, Nigeria, integrating Fe3O4-modified 

biochar pretreatment with membrane filtration and coupling 

process operation to machine-learning-based prediction and 

multi-objective optimization of fouling and pollutant removal. 

The specific objectives are to (i) characterize raw cafeteria 

wastewater and quantify its treatment challenges; (ii) synthe-

size and characterize unmodified and magnetically modified 

biochar; (iii) determine the adsorption isotherm, kinetic, and 

thermodynamic parameters governing pollutant uptake; (iv) 

evaluate membrane fouling behaviour in the hybrid system; (v) 

develop and benchmark machine learning models for fouling 

and removal prediction; and (vi) identify and experimentally 

validate optimized operating conditions, including a prelimi-

nary techno-economic assessment. By integrating real institu-

tional wastewater, biochar pretreatment, and intelligent pro-

cess optimization within a single non-biological adsorption-

membrane framework, this study addresses the identified gaps 

and provides a practical, decentralized treatment framework 

for institutional food-service wastewater in resource-limited 

settings. 

 

 

http://www.sciencepg.com/journal/ajche


American Journal of Chemical Engineering http://www.sciencepg.com/journal/ajche 

 

103 

2. Materials and Methods 

2.1. Study Area and Wastewater Sampling 

Raw cafeteria wastewater was collected from the main stu-

dent cafeteria of Akwa Ibom State University, Ikot Akpaden, 

Nigeria, a facility serving several thousand students daily and 

representative of institutional food-service effluent in the re-

gion. To capture the temporal variability inherent in cafeteria 

discharge, grab samples were collected in triplicate at peak 

discharge periods (08:00-09:00, 13:00-14:00, and 18:00-

19:00) over eight consecutive weeks. At each sampling event, 

the triplicate grabs were pooled in equal volumes into a single 

time-weighted composite sample, and this procedure was re-

peated for each of the eight weeks, yielding eight independent 

composite samples that captured week-to-week variability in 

wastewater quality. Samples were collected in pre-cleaned 5 

L high-density polyethylene (HDPE) containers, transported 

in ice-packed coolers at ≤4°C, and processed within 6 h of 

collection to minimize biological transformation, in accord-

ance with APHA [11] sample-preservation protocols. 

2.2. Physicochemical Characterization of Raw Wastewater 

 
Figure 1. Experimental set up for the study. 

Each of the eight weekly composite samples was character-

ized for pH and temperature (calibrated glass electrode meter), 

electrical conductivity and total dissolved solids (conductiv-

ity/TDS meter), turbidity (nephelometric method), total sus-

pended solids (gravimetric method, dried at 105°C), chemical 

oxygen demand (closed-reflux titrimetric method), five-day 

biochemical oxygen demand (BOD5, Winkler azide method), 

oil and grease (Soxhlet extraction, gravimetric), and phos-

phate, nitrate, and ammoniacal nitrogen (spectrophotometric 

methods). Heavy metals (Fe, Zn, Cu, Pb) were determined by 

flame atomic absorption spectrophotometry following acid di-

gestion. All analyses were performed in analytical triplicate 

on each composite, following Standard Methods for the Ex-

amination of Water and Wastewater [11, 12], giving a com-

bined estimate of both analytical precision and week-to-week 

variability (reported as mean ± standard deviation, n = 24) 

against which post-treatment performance was subsequently 

benchmarked. 

2.3. Biomass Selection, Biochar Production and 

Biochar Characterization 

Cafeteria food waste comprising discarded rice, cassava, 

and plantain residues segregated at source was selected as the 

primary feedstock, with rice husk retained as a benchmark lig-

nocellulosic precursor for comparative purposes. Feedstocks 

were washed with tap water followed by distilled water to re-

move adherent debris, oven-dried at 105°C to constant weight, 

and reduced to a uniform particle size (<2 mm) using a labor-

atory mill. Pyrolysis was carried out in a tube furnace under a 
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continuous nitrogen purge (300 mL min-1) to maintain an ox-

ygen-limited atmosphere throughout heating and cooling, at 

temperatures of 400, 500, 600, and 700°C for a residence time 

of 1 h at a heating rate of 10°C min-1. The biochar produced at 

each temperature was screened for BET surface area and pre-

liminary COD removal capacity, and the temperature yielding 

the highest combined surface area and COD removal was des-

ignated the optimum pyrolysis condition and used to produce 

all biochar for subsequent sections. The resulting optimum bi-

ochar was ground and sieved to a working particle size of 150-

250 µm. A sub-batch was chemically modified by impregna-

tion with FeCl3/FeSO4 (1:2 molar ratio) followed by alkaline 

co-precipitation to yield a magnetized biochar (Fe3O4-bio-

char), enabling magnetic recovery and enhanced phosphate af-

finity; a parallel sub-batch was activated with 1.0 M H3PO4 

to enhance porosity. All types of biochar samples, that is, un-

processed biochar, magnetic biochar, and acid-activated bio-

char were cleaned to neutrality, oven-dried for 24 hours at 

105°C, and kept in sealed containers [13]. 

The surface area and pore-size distribution of each biochar 

sample were analyzed using the Brunauer-Emmett-Teller 

(BET) nitrogen adsorption/desorption technique. SEM with 

EDS for elemental analysis was employed for investigating 

the surface morphology. Surface functional groups were iden-

tified using Fourier-transform infrared spectroscopy (FTIR) 

between 4000-400 cm-1, whereas crystallographic phases 

were investigated by means of X-ray diffraction (XRD; cop-

per-Kα radiation; 2θ = 10-80°). Point of zero charge (pHpzc) 

was determined by means of the solid addition method; it in-

volved plotting the equilibrium pH of 0.1 M NaCl solutions 

(pH from 2-12) with a fixed amount of the biochar against the 

initial pH, and the point of inflection on this plot was consid-

ered to be pHpzc. [14, 15]. 

2.4. Batch Adsorption Studies 

2.4.1. Effect of Operating Parameters 

Batch adsorption studies were carried out by using raw caf-

eteria wastewater in order to investigate the effects of dosage 

of biochar (0.5-15.0 g L-1 at ten levels: 0.5, 1.5, 3.0, 4.5, 6.0, 

7.5, 9.0, 11.0, 13.0, and 15.0 g L-1), contact time (0-180 

minutes), pH of the aqueous solutions (3-11, with the use of 

0.1 M HCl/NaOH), temperature (25-45°C), and agitation 

speed (100-250 rpm) on COD, oil and grease, phosphate, and 

turbidity removal efficiency. At each trial, a known amount of 

biochar was introduced to 100 mL of the wastewater in an Er-

lenmeyer flask and shaken in a thermostatically controlled or-

bital shaker, then samples were collected at predetermined 

time intervals, filtered by 0.45 µm membrane filters, and 

tested for the particular parameter. The experiments were 

done three times, and average values were employed for fur-

ther modeling. The adsorption capacity at equilibrium, qe (mg 

g-1), and percentage of removal, R (%) were determined from 

equations (1) and (2) [16]. 

qe =
(Co−Ce)V

m
                        (1) 

R(%) =
[Co−Ce]

Co
× 100                 (2) 

Where C0 and Ce (mg L-1) are the initial and equilibrium 

pollutant concentrations, V (L) is the solution volume, and m 

(g) is the biochar mass. 

2.4.2. Isotherm, Kinetic, and Thermodynamic 

Modelling 

Equilibrium data obtained at 25, 35, and 45°C were fitted 

to the Langmuir (Eq. (3)) and Freundlich (Eq. (4)) isotherm 

models. 

Ce

qe
=

1

qmKL
+

Ce

qm
                      (3) 

log qe = log KF + (1
n⁄ ) log Ce             (4) 

Where qm (mg g-1) is the maximum monolayer capacity, KL 

(L mg-1) is the Langmuir affinity constant, and KF and n are 

the Freundlich capacity and heterogeneity constants, respec-

tively. Adsorption kinetics were evaluated using the pseudo-

first-order (Eq. (5)) and pseudo-second-order (Eq. (6)) models. 

log(qe − qt) = log qe − (kj 2.303⁄ )t             (5) 

t

qt
=

1

k2qe
2 +

t

qe
                     (6) 

The intraparticle diffusion model was applied to identify 

rate-limiting steps. Thermodynamic parameters (ΔG0, ΔH0, 

ΔS0) were derived from the temperature dependence of the 

distribution coefficient using the van't Hoff equation. Model 

adequacy was judged from the coefficient of determination 

(R2) and the normalized standard deviation between experi-

mental and predicted qe values [17, 18]. The biochar dosage, 

contact time, and pH giving the highest simultaneous removal 

of COD, oil and grease, and phosphate were selected as the 

optimum pretreatment conditions for the hybrid system [19, 

20]. 

2.5. Design and Operation of the Hybrid 

Biochar-Membrane System and Membrane 

Fouling Characterization 

A bench-scale hybrid treatment train was constructed com-

prising (i) an equalization tank, (ii) a fixed-bed or stirred bio-

char adsorption reactor operated at the optimum conditions 

identified in Section 2.5, and (iii) a cross-flow membrane 

module fitted, in separate trials, with a microfiltration (MF, 

0.2 µm) and an ultrafiltration (UF, 30-100 kDa) polymeric 

membrane. Pre-treated effluent from the adsorption stage was 
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fed to the membrane module using a peristaltic pump at con-

trolled transmembrane pressures (0.5-2.0 bar) and cross-flow 

velocities. Permeate was collected continuously, and the per-

meate mass was logged at 1 min intervals using a digital bal-

ance interfaced with a data-logging computer to enable real-

time flux computation. Permeate flux, J (L m-2 h-1), was cal-

culated using equation (7) [21]: 

J = V/(At)                         (7) 

Where V is the permeate volume, A is the effective mem-

brane area, and t is the filtration time. Concentrate was recir-

culated to the feed tank to simulate continuous operation. Each 

hybrid run was conducted for a minimum of 4 h or until flux 

stabilized, and permeate quality (COD, turbidity, phosphate, 

oil and grease) was compared against the corresponding feed 

and biochar-only effluent to quantify the incremental contri-

bution of membrane filtration [22]. 

Total filtration resistance was resolved into its intrinsic 

(membrane), reversible (cake/concentration-polarization), 

and irreversible (pore-blocking/adsorptive) components using 

the resistance-in-series model. The intrinsic membrane re-

sistance, Rm, was first determined from the pure-water flux of 

the virgin membrane, Jw0, prior to any exposure to wastewater 

using equation (8) [23]: 

Rm =
∆P

μJwo
                         (8) 

Where ΔP is the transmembrane pressure and µ is the per-

meate dynamic viscosity. During each filtration run, the total 

resistance, Rt, was calculated from the quasi-steady-state per-

meate flux, Jp, recorded at the end of the run: 

Rt =
∆P

μJp
                          (9) 

After each run, the membrane was first rinsed with deion-

ized water (no chemical agent) and its pure-water flux, Jw,r, re-

measured; this step removes only the loosely attached, reversi-

ble fouling layer, so the remaining resistance corresponds to 

Rm plus the irreversible component, Rir. The reversible and ir-

reversible resistances were then obtained from equations (10) 

and (11) [24]: 

Rr = Rt −
∆P

μJwr
                   (10) 

Rir =
∆P

μJwr
− Rm                   (11) 

Finally, the membrane was chemically cleaned with 0.1 M 

NaOH followed by 0.1 M HCl, and the pure-water flux after 

cleaning, Jw,c, was measured to confirm recovery of the intrin-

sic resistance. The flux recovery ratio (FRR,%) was computed 

using equation (12) [25]. 

FRR(%) =
Jw,c

Jwo
× 100               (12) 

A fouling index combining the flux decline rate and FRR 

was defined to provide a single comparative metric across op-

erating conditions. Where resources permitted, the fouled 

membrane surface was examined by SEM and FTIR to char-

acterize foulant morphology and chemical composition, and 

to distinguish biochar-derived from wastewater-derived foul-

ing contributions. 

2.6. Experimental Design for Machine Learning 

Dataset Generation 

A two-stage statistical design was used to generate the da-

taset required for machine learning model development. In the 

first stage, a Plackett-Burman screening design (12 runs) was 

used to evaluate the relative significance of six candidate op-

erating factors biochar dose, adsorption contact time, trans-

membrane pressure, feed pollutant concentration, pH, and 

temperature on the responses of interest. Four factors exerted 

a statistically significant effect (p < 0.05) and were retained 

for detailed optimization: biochar dose, contact time, pH, and 

temperature. Transmembrane pressure was excluded from the 

adsorption-stage screen, since it primarily governs the down-

stream membrane stage rather than the upstream adsorption 

process, and was instead varied independently as a two-level 

factor in the membrane trials described in Section 2.6. In the 

second stage, a Box-Behnken design at three coded levels (−1, 

0, +1) was applied to the four significant factors, giving 27 

design points plus six centre-point replicates (33 runs), for a 

combined total of 45 designed experimental runs [26, 27]. 

Within each run, permeate flux and pollutant concentration 

were logged at 5 min intervals over the 4 h operating period, 

generating approximately 48 time-resolved observations per 

run and a resulting dataset of roughly 2,160 time-series obser-

vations. This was supplemented with additional single-factor 

validation runs and analytical replicates, giving a combined 

dataset of over 3,000 individual observations, exceeding the 

recommended minimum for reliable machine learning model 

training while remaining within practical experimental limits 

[28]. 

2.7. Machine Learning Model Development 

2.7.1. Data Pre-processing, Feature Selection, and 

Model Architectures 

The compiled dataset (input variables: pH, temperature, 

initial COD, oil concentration, phosphate concentration, bi-

ochar dose, contact time, transmembrane pressure, feed flow 

rate, turbidity, and TSS; output variables: COD removal, oil 

removal, phosphate removal, permeate flux, fouling index, 

and TMP increase) was screened for outliers using the inter-

quartile range method and normalized by min-max scaling 

to the range [0, 1]. The dataset was then partitioned into 
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training (70%), validation (15%), and test (15%) subsets by 

stratified random sampling applied at the level of individual 

experimental runs rather than individual time points, ensur-

ing that all observations belonging to a given run were as-

signed to the same subset and preventing information leak-

age between correlated, within-run measurements. Feature 

importance and multicollinearity among predictors were as-

sessed using Pearson correlation analysis and random-forest-

based variable importance ranking to guide input selection 

for the final models [29]. 

Four machine learning algorithms were developed and 

compared: (i) an artificial neural network (ANN) with one or 

two hidden layers and 5-20 neurons per layer, using the 

ReLU activation function and trained with the Adam opti-

mizer with early stopping based on validation loss; (ii) Ran-

dom Forest (RF) regression; (iii) Extreme Gradient Boosting 

(XGBoost); and (iv) Support Vector Regression (SVR) with 

a radial basis function kernel. In order to ensure comparabil-

ity across the four algorithms on a fair and consistent basis, 

tuning of hyperparameters was conducted through a similar 

five-fold cross-validation grid search methodology for each 

of the training and validation sets. The implementation of the 

models took place through the use of Python version 3.11 

and scikit-learn 1.4, XGBoost 2.0, and TensorFlow 

2.15/Keras 3.0 packages. 2.9.3 Model Training and Perfor-

mance Evaluation. 

After optimizing the parameters, the performance of the 

final models was determined using the coefficient of deter-

mination (R2), root mean squared error (RMSE), and mean 

absolute error (MAE). 

R2 = 1 −
∑[yi−ŷi]2

∑[yi−y̅]2                   (13) 

RMSE = √[(1
N⁄ ) ∑[yi − ŷi]

2]             (14) 

MAE =  [(1
N⁄ ) ∑[yi − ŷi]]                 (15) 

Where yi is the experimental value, ŷi is the predicted 

value, ȳ is the mean of the experimental values, and N is the 

number of experimental observations. The model that had 

the maximum R2 and minimum RMSE/MAE among all the 

output variables was chosen as the best surrogate model for 

optimization [30]. 

2.7.2. Multi-Objective Optimization 

The validated surrogate model was integrated with the Non-

dominated Sorting Genetic Algorithm II (NSGA-II) to opti-

mize the operating conditions to provide a Pareto-optimal 

front with the highest pollutant removal efficiency and mem-

brane flux with the lowest possible fouling index and operat-

ing costs; NSGA-II results were verified using Particle Swarm 

Optimization (PSO) and Bayesian optimization for conver-

gence at an optimal point. The decision variables (biochar dos-

age, contact time, transmembrane pressure, pH, and tempera-

ture) were limited to their tested values to ensure predicted 

conditions fall within the range of applicability of the predic-

tive model. An optimal operating condition was chosen out of 

the Pareto front obtained through a weighted-sum desirability 

function [31]. 

2.7.3. Model Validation 

The operating parameters suggested by the optimization 

technique were separately validated three times in the labora-

tory-based hybrid system, and the results of removal of pollu-

tants, flux, and fouling index from experiments were com-

pared to the predictions of models. The percentage relative er-

ror and t-test (α = 0.05) were used to determine whether there 

is a significant difference between experimental and predicted 

mean values. 

2.8. Techno-Economic Assessment and 

Statistical Analysis 

The techno-economic study was initially carried out to es-

timate the costs of capital investment and operations of the 

hybrid system optimized, presented in terms of United States 

dollars (USD), at the year 2026 level. The equipment cost (bi-

ochar production apparatus, adsorption column, membrane el-

ement, and pumps) was derived through vendors’ quotation 

and cost relationships while using the Lang Factor of 4.74 to 

determine the capital investment. The operating cost included 

energy costs based on the energy usage from local electricity 

tariff, chemicals (activation chemicals and membrane clean-

ing chemicals) consumption, and membrane replacement cost 

based on the lifespan of the membrane rated by the manufac-

turer, converted to the unit cost per cubic metre of water 

treated. Sensitivity study was done to analyse the effect of var-

iations in the cost factors (electricity price and frequency of 

membrane replacement) to determine the economic viability 

of the new wastewater treatment system against traditional 

cafeteria wastewater systems [32]. 

All physicochemical and adsorption data are reported as 

mean ± standard deviation of triplicate measurements. Prior to 

analysis of variance (ANOVA), the normality of residuals and 

homogeneity of variance were verified using the Shapiro-

Wilk and Levene's tests, respectively. ANOVA was then used 

to evaluate the statistical significance (p < 0.05) of operating 

parameters on pollutant removal and membrane performance, 

and Box-Behnken response surface regression was performed 

using Design-Expert software (version 13, Stat-Ease Inc.) to 

generate quadratic predictive equations and assess model sig-

nificance via the lack-of-fit test and adjusted R2. All other sta-

tistical analyses were performed in Python 3.11 (SciPy 1.12, 

statsmodels 0.14). 
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3. Results and Discussion 

3.1. Baseline Wastewater Characteristics 

Table 1. Raw cafeteria wastewater characterization (8-week sampling, triplicate mean ± SD). 

Water Parameter Wk1 Wk2 Wk3 Wk4 Wk5 Wk6 Wk7 Wk8 Mean SD 

pH 6.89 6.49 7.03 7.08 6.21 6.41 6.84 6.71 6.71 0.31 

Temperature,°C 27.5 26.5 28.6 28.4 27.6 28.9 28.1 26.5 27.8 0.9 

EC, µS/cm 934 775 995 884 868 808 1037 871 897 89 

Turbidity, NTU 191 194 234 226 229 229 300 192 224 36 

TSS, mg/L 309 291 377 408 333 290 291 379 335 47 

TDS, mg/L 579 563 467 539 529 537 590 538 543 38 

COD, mg/L 2027 1868 1925 2014 1471 1767 1728 1684 1811 187 

BOD5, mg/L 939 1204 850 1125 728 930 1004 1068 981 153 

Oil & Grease, mg/L 190 193 153 149 195 158 120 125 160 30 

PO4-P, mg/L 22.5 31.0 28.9 32.1 25.4 29.0 31.8 26.1 28.4 3.4 

NO3-N, mg/L 13.4 10.0 10.9 10.9 8.4 13.5 10.6 12.0 11.2 1.7 

NH3-N, mg/L 37.4 37.1 38.7 33.3 31.0 33.4 22.2 23.9 32.1 6.2 

Zn, mg/L 0.56 0.63 0.94 0.65 0.77 1.14 0.77 1.01 0.81 0.20 

 

The raw cafeteria wastewater samples collected during the 

eight-week sampling period were characterized by high or-

ganic strength and significant variations from one week to an-

other (COD 1350-2350 mg L-1; BOD5 700-1280 mg L-1; oil 

and grease 100-235 mg L-1; TSS 230-460 mg L-1). Such 

ranges and variations are similar to those that have been found 

for institutional catering and food-service wastewater which 

contain high levels of fats, oils and grease (FOG) and have 

fluctuating nutrient content depending on the periods of time 

related to the process of preparation of meals, cleaning proce-

dures and lack of consistent pre-treatment (e.g., grease-traps 

maintenance); these results are supported by those of Bate et 

al. [33]. Prior to conducting ANOVA test, Shapiro-Wilk and 

Levene’s tests were applied to check the approximate normal-

ity and equality of variances of the residuals (p > 0.05 for all 

analyzed parameters). The BOD5/COD ratio of 0.53 means 

that the studied wastewater is moderately biodegradable and 

therefore biological treatment is possible, however, the pres-

ence of FOG, suspended solids and phosphate requires addi-

tional physical and chemical pretreatment before biological 

treatment. 

The phosphate level of 17-40 mg/L and ammonia nitrogen 

level of 21-48 mg/L in the water sample is above the average 

municipal discharge standards for these components, as the 

water contains higher levels of detergents and food debris 

found in catering facilities; this high level of nutrients is the 

major factor that determines the need for phosphate removal 

and makes phosphate an essential parameter to be included in 

the machine learning algorithm [34]. 
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3.2. Biochar Physicochemical Characterization 

3.2.1. SEM Morphological Analysis 

 
Figure 2. SEM morphology for pristine and modified biochar. 

SEM micrographs of the pristine and modified biochar 

(Figure 2) reveal clear morphological differences arising from 

the modification step. The pristine biochar exhibits a well-de-

veloped, interconnected honeycomb-type macroporous struc-

ture at both 500× and 2000× magnification, with relatively 

smooth, open pore walls and minimal surface debris a mor-

phology typical of carbonized lignocellulosic material, in 

which volatilization of organic matter during pyrolysis creates 

the interconnected channel network visible here. This open 

pore structure is consistent with the high specific surface area 

and pore volume measured for the pristine sample and pro-

vides the structural basis for pollutant diffusion into the char 

interior, as reported by Huang et al. [35]. 

Following modification, the biochar surface becomes mark-

edly rougher and is densely decorated with spherical particles 

ranging from sub-micron aggregates to larger clusters, most 

clearly resolved at 2000×. These particles coat both the exter-

nal surface and the internal pore walls, in places bridging or 

partially occluding the original macropore openings. This 

morphology is highly consistent with successful Fe3O4 nano-

particle loading: Guel-Nájar et al. [40] reported an essentially 

identical spherical, agglomerated particle morphology uni-

formly distributed across a coprecipitation-modified corn-cob 

biochar surface, confirming this as the characteristic SEM sig-

nature of magnetite deposition on a biochar scaffold rather 

than an artifact of the imaging process. Similarly, Juturu et al. 

[36] observed a highly porous structure with Fe3O4 nanopar-

ticles uniformly embedded across a Zn/Fe-doped magnetic bi-

ochar derived from Acacia falcata leaves, and specifically 

noted as is visually apparent for the modified sample here that 

nanoparticle deposition tends to smooth and partially fill the 

underlying pore network relative to the more open pristine 

structure. 

This SEM evidence is consistent with, and mechanistically 

explains, two other characterization results already discussed: 

(i) the FTIR Fe-O stretch near 580 cm-1 observed only in the 

modified biochar, confirming the chemical identity of the par-

ticles visualized here, and (ii) the increase in BET surface area 

from 185.4 to 312.7 m2 g-1 despite the pores appearing par-

tially occluded in the micrographs indicating that the nanopar-

ticles themselves contribute additional external surface area 

and inter-particle porosity that offsets the loss of the original 

open macropore volume, a compensating effect also reported 

for Fe3O4-impregnated orange-peel biochar [37]. 
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3.2.2. FTIR Spectra Analysis 

 
Figure 3. FTIR spectra of pristine and modified biochar. 

FTIR spectra of the pristine and modified biochar (Figure 

3) both display the characteristic bands of a lignocellulosic-

derived char: a broad O-H stretch at 3420 cm-1 (hydroxyl 

groups and adsorbed water), a C-H stretch at 2920 cm-1 (ali-

phatic chains), a C=C aromatic/C=O stretch at 1610 cm-1, a 

CO3
2⁻/C-O stretch at 1420 cm-1, and a Si-O-Si/C-O-C stretch 

at 1030 cm-1. 

The appearance of these bands in the two spectra demon-

strates that the core carbonized structure and oxygen-contain-

ing functionalities of its surface remain intact even after the 

chemical modification process, indicating a surface-loading 

technique as opposed to the destructive bulk modification ap-

proach. 

What sets the two peaks apart is the peak appearing around 

580 cm-1 that belongs to the stretching vibrations of Fe-O in 

Fe3O4, which can be observed in the modified biochar spec-

trum but cannot be found in the pristine one. This is the typical 

band used to identify the magnetite incorporated into the car-

bon/biochar matrix. In Zhang et al., [38] the very same Fe-O 

peak was obtained for ZnCl2/FeCl3-activated, Fe3O4-loaded 

orange-leaf biochar, where a Fe-O vibration at 586 cm-1 was 

identified as the direct proof of successful synthesis of the 

Fe3O4/biochar nanocomposite by Fourier transform infrared 

spectroscopy (FTIR). The high consistency in terms of peak 

position for different magnetic biochars synthesized sepa-

rately. 

3.2.3. BET Surface Area and Porosity 

Table 2. BET surface area and porosity. 

Property Pristine biochar Modified biochar Method 

BET surface area, m2/g 185.4 312.7 N2-BET 

Total pore volume, cm3/g 0.142 0.221 BJH 

Average pore diameter, nm 3.8 2.9 BJH 

pH at point of zero charge (pHpzc) 7.6 6.1 Solid addition 

 

BET analysis (Table 2) indicates an increase in specific 

surface area (185.4 to 312.7 m2 g-1; 69% improvement) as 

well as total pore volume (0.142 to 0.221 cm3 g-1; 56% im-

provement) and decrease in average pore diameter (3.8 to 2.9 
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nm). Considering the above results in conjunction with those 

of the SEM and FTIR analyses, this is indicative of success-

ful Fe3O4 nanoparticle deposition as opposed to mere pore 

blocking: The particles visible via SEM cover the pore walls, 

decreasing the average diameter of the pore channels; how-

ever, the interstitial spaces among/around the deposited na-

noparticles have added surface area/volume (mesoporous). 

The increased surface area is in agreement with the study of 

Jiang et al. [39] where a significant increase in BET surface 

area (6.99 to 60.76 m2 g-1) was observed as a result of the 

Fe3O4 impregnation of orange-peel biochar, which was due 

to carbon matrix destruction and creation of microporosity 

during magnetite nucleation.The relative magnitude of in-

crease observed here (69%) is more modest than that compar-

ator case, which is expected given the substantially higher 

starting surface area of the pristine biochar in this study (185.4 

vs. 6.99 m2 g-1) there is proportionally less “room” for pore 

development in an already well-developed pore network. 

Guel-Nájar et al. [40] separately reported a slight decrease in 

BET surface area after magnetic modification of corn-cob bi-

ochar (1013.52 to 903.67 m2 g-1), showing that whether nano-

particle deposition nets a surface-area gain or loss depends on 

the interplay between the precursor's pore architecture and the 

density of nanoparticle loading achieved. 

3.3. Effect of Process Parameters on Pollutant 

Removal 

Figures 4 and 5 show that COD, oil and grease, phosphate, 

and turbidity removal all followed the classical saturation-

type trend with increasing biochar dose and contact time, ris-

ing sharply up to approximately 11 g L-1 and 90-120 min be-

fore plateauing as available surface sites approached satura-

tion. This dose-time plateau closely mirrors the behaviour re-

ported by Abel et al. [20] for brewery-waste biochar treating 

Cr(VI)-bearing water, where removal efficiency likewise lev-

elled off once the adsorbent dose exceeded the point of site 

saturation, with only marginal gains from further dose in-

creases. 

Oil and grease and turbidity removal consistently outper-

formed phosphate removal across all conditions tested (Fig-

ures 4-8), indicating that physical straining and hydrophobic 

partitioning of FOG and particulates onto the char surface pro-

ceed considerably faster than the ligand-exchange-type mech-

anism typically responsible for phosphate uptake on calcium- 

and iron-bearing biochar surfaces. This finding is consistent 

with Ahmed et al. [41]. A contact time sufficient for near-

complete FOG and turbidity removal may still leave phos-

phate only partially removed, implying that phosphate polish-

ing downstream of the biochar stage (or a longer design con-

tact time weighted toward phosphate kinetics) may be war-

ranted in a full-scale system [41]. 

Removal efficiency for all four pollutants increased with 

pH up to approximately 7 before declining slightly at strongly 

alkaline pH (Figure 6), consistent with the results of Liu et al. 

[42]: reduced electrostatic repulsion between the biochar sur-

face and polar/ionic foulants as solution pH approaches the 

biochar's pHpzc (pHpzc = 6.1 for the Fe3O4-modified biochar 

used in the hybrid system); above this point the increasingly 

negatively charged surface begins to repel anionic species 

such as phosphate, explaining the mild decline observed at pH 

9-11. Removal also increased modestly with temperature (Fig-

ure 7), suggesting weakly endothermic adsorption and in-

creased pore diffusivity at higher temperature, consistent with 

the findings of Kurtulus et al. [43], while mixing speed (Figure 

8) had a comparatively minor effect once film-transfer re-

sistance was overcome above approximately 150 rpm. Taken 

together, the pH, temperature, and mixing-speed responses in-

dicate that intraparticle (pore) diffusion, rather than external 

mass transfer or electrostatic charge alone, is the principal 

rate-limiting step under the conditions tested. 

 
Figure 4. Effect of biochar dosage on pollutant removal. 

 
Figure 5. Effect of contact time on pollutant removal. 
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Figure 6. Effect of pH on pollutant removal. 

 
Figure 7. Effect of temperature on pollutant removal. 

 
Figure 8. Effect of mixing speed on pollutant removal. 

 

3.4. Adsorption Isotherm and Kinetics 

 
Figure 9. Langmuir isotherm, qe vs Ce. 

 
Figure 10. Langmuir isotherm, linearized plot. 

 
Figure 11. Freundlich isotherm, linearized plot. 
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Figure 12. Kinetic uptake curve, qt vs t. 

Equilibrium data were well described by the Langmuir model 

(Figure 9; qm = 94.3 mg g-1, R2 = 0.986), marginally outper-

forming the Freundlich model (R2 = 0.951), consistent with 

predominantly monolayer adsorption occurring on a largely ho-

mogeneous population of surface sites (Figures 9-11). This is in 

line with Duwiejuah et al. [44], who likewise found the Lang-

muir model gave the stronger fit for pollutant uptake on mining-

waste biochar, and with an RSM-based study of coconut-shell 

biochar, where a similarly high coefficient of determination (R2 

= 0.97) was obtained for the fitted adsorption model, supporting 

the general reliability of empirical isotherm/response-surface 

fitting for biochar-organic pollutant systems of this type. 

Kinetic data followed the pseudo-first-order model (R2 = 

0.978) more closely than the pseudo-second-order model (R2 = 

0.912), with the calculated equilibrium capacity (qe,cal = 60.1 

mg g-1) close to the experimental value (qe,exp = 61.2 mg g-1), 

pointing to physisorption as the dominant uptake mechanism 

(Figure 12). This is consistent with the FTIR result of hydroxyl 

and carbonyl surface groups mediating adsorption through hy-

drogen bonding and electrostatic attraction rather than covalent 

bond formation, and agrees with the slow, diffusion-limited up-

take behaviour inferred from the mixing-speed results. 

3.5. Response-Surface Optimization of the 

Hybrid Process 

 
Figure 13. RSM response surface, COD removal vs dose × time. 

 
Figure 14. RSM response surface, flux vs TMP × dose. 

Table 3. ANOVA for the fitted quadratic model (COD removal,%). 

Source Sum of Sq. df Mean Sq. F-value p-value Remark 

Model 1245.6 10 124.56 18.7 <0.0001 Significant 

A - Biochar dose 482.3 1 482.3 72.3 <0.0001 Significant 

B - Contact time 253.1 1 253.1 37.9 <0.0001 Significant 

C - pH 96.1 1 96.1 14.4 0.0016 Significant 

D - Temperature 68.7 1 68.7 10.3 0.0051 Significant 

AB 120.0 1 120.0 18.0 0.0006 Significant 

BC 15.6 1 15.6 2.3 0.1452 Not significant 

A2 95.0 1 95.0 14.2 0.0017 Significant 

B2 80.0 1 80.0 12.0 0.0028 Significant 

C2 30.0 1 30.0 4.5 0.0475 Significant 
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Source Sum of Sq. df Mean Sq. F-value p-value Remark 

D2 4.8 1 4.8 0.7 0.4126 Not significant 

Residual 146.7 22 6.67    

Lack of Fit 115.7 17 6.81 1.10 0.187 Not significant 

Pure Error 31.0 5 6.20    

Cor. Total 1392.3 32     

 

The fitted quadratic model for COD removal, comprising 

the four significant screened factors  biochar dose, contact 

time, pH, and temperature was statistically significant (F = 

18.7, p < 0.0001) with a non-significant lack-of-fit (p = 0.187), 

confirming that the model adequately represents the design 

space (Table 3). Biochar dose and contact time were the most 

influential linear terms (F = 72.3 and 37.9, respectively), con-

sistent with their dominant role identified in the one-factor-at-

a-time analysis, while pH and temperature contributed smaller 

but still significant effects. Transmembrane pressure (TMP) 

was not included in this COD-removal model, since it primar-

ily governs the membrane stage rather than the upstream ad-

sorption step; its influence on membrane flux and fouling was 

instead evaluated separately via the flux/TMP response sur-

face (Figure 14). 

Predicted optimum conditions (dose 14 g L-1, contact time 

100-110 min, near-neutral pH, moderate temperature) reflect 

a dose-time trade-off broadly consistent with other Box-

Behnken-optimized biochar adsorption systems, even though 

absolute optimum values differ with pollutant complexity and 

biochar surface chemistry. For instance, RSM optimization of 

magnetic biochar for a pharmaceutical contaminant identified 

an optimum at pH 8.3, a considerably lower dose of 0.161 g 

L-1, and a contact time of 97.7 min [45], while RSM optimi-

zation of palm-kernel-shell biochar for PAH/COD removal 

from produced water identified an optimum dose of 2.99 g L-

1, pH 4.0, and a considerably longer contact time of 208.89 

min, achieving 97.84% predicted and 98.21% experimental 

COD removal under those conditions [46]. The higher opti-

mum dose obtained in the present study is consistent with the 

substantially higher influent COD of cafeteria wastewater 

(1350-2350 mg L-1) relative to the pharmaceutical-effluent 

and produced-water matrices used in these comparator studies, 

both of which involved lower or more dilute target-pollutant 

concentrations. 

3.6. Membrane Fouling Behaviour 

Permeate flux declined most rapidly for the highest-dose, 

highest-TMP run and least rapidly for the low-dose, low-

TMP run (Figure 15), reflecting the combined effect of cake-

layer formation at high biochar loading and pore constriction 

under elevated transmembrane pressure. Resistance-in-series 

analysis (Figure 16) showed that both reversible and irre-

versible fouling resistance increased with biochar dose and 

TMP, but the modified-biochar run (Run 4) achieved lower 

reversible and irreversible resistance than the equivalent pris-

tine-biochar run at the same dose, indicating that the biochar 

pretreatment itself reduced the foulant load reaching the 

membrane rather than simply adding its own particulate foul-

ing burden. 

 
Figure 15. Flux decline curves, 4 representative runs. 

 
Figure 16. Flux decline curves, 4 representative runs. 
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This pretreatment benefit is consistent with two independ-

ent lines of evidence in the literature. First, Shankar et al. [47] 

reported that biochar pre-adsorption of humic acid ahead of an 

ultrafiltration membrane lowered total fouling resistance by 

approximately 6% relative to the membrane-alone process, at-

tributing the improvement to the biochar intercepting foulants 

before they could deposit on or within the membrane. Second, 

and more directly relevant to the magnitude of improvement 

observed here, Zhang et al. [48] showed that high-temperature 

crayfish-shell biochar pretreatment mitigated ultrafiltration 

fouling induced by humic acid and sodium alginate roughly 

twice as effectively as commercial powder activated carbon at 

an equivalent dose, with released Ca2+ and Mg2+ from the 

biochar promoting foulant aggregation into larger flocs that 

were more readily intercepted upstream of the membrane ra-

ther than depositing as a compact fouling layer a mechanism 

broadly consistent with the lower irreversible resistance ob-

served for the calcium-rich modified biochar. 

3.7. Machine Learning Model Performance 

Among the four algorithms compared, ANN and XGBoost 

consistently achieved the highest R2 (0.91-0.96) and lowest 

RMSE/MAE across all six response variables, with random 

forest close behind and support vector regression (SVR) trail-

ing (R2 0.82-0.86) (Figure 17). This ranking mirrors the find-

ings of Cámara et al. [49]; Isotuk et al.[50], who reported that 

random-forest and ANN/LSTM-type models outperformed 

simpler regression approaches in predicting transmembrane 

pressure across a full-scale membrane bioreactor's production 

cycle, achieving test-set R2 values of 0.927-0.996, and at-

tributed the tree-based models' advantage to their ability to 

capture non-linear. 

Interactions between operating variables an interaction 

structure also evident in the significant quadratic and interac-

tion terms of the Box-Behnken response surface (Table 3). 

SVR's comparatively weaker performance is consistent with 

its known sensitivity to kernel and hyperparameter selection 

in small-to-moderate training sets, of the size generated by the 

45-run Plackett-Burman/Box-Behnken design, where ensem-

ble tree-based methods typically generalize more robustly. 

The tuned hyperparameters for the best-performing models 

were: ANN two hidden layers with 16 and 8 neurons, ReLU 

activation, and Adam optimizer (learning rate = 0.001); 

XGBoost 300 trees, maximum depth = 6, learning rate = 0.05, 

L2 regularization = 0.1; Random Forest 400 trees, maximum 

depth = 12; and SVR — RBF kernel, C = 10, γ = 0.05, ε = 

0.01. These values were obtained from the five-fold cross-val-

idation grid search and are reported here to support reproduc-

ibility. 

Parity plots for the best-performing model (Figure 18) 

showed predicted values clustering closely about the 1:1 line 

across the full range of experimental COD removal, with no 

systematic bias evident at either high or low removal values  

an important check, since models trained on a moderate-sized 

RSM dataset can otherwise show degraded accuracy near the 

extremes of the design space where fewer design points are 

located. 

 
Figure 17. ML model R2 comparison. 

 
Figure 18. Parity plot, predicted vs experimental, best model. 

3.8. Process Validation and Techno-Economic 

Assessment 

Triplicate confirmation experimental runs done under the-

optimum conditions provided by the model were 5% away 

from the predicted values of all the six response parameters 

(Table 4). The degree of accuracy attained here is similar to 

the small variations between the predicted and experimental 

values observed in other RS. 
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Table 4. Predicted vs experimental validation. 

Response Predicted Experimental (mean) Experimental SD Deviation (%) 

COD removal (%) 89.4 87.9 1.3 1.68 

Oil and grease removal (%) 91.2 90.1 1.1 1.21 

Phosphate removal (%) 76.8 75.2 1.8 2.08 

Membrane flux (L/m2·h) 58.7 56.9 2.0 3.07 

Fouling index (-) 0.22 0.228 0.010 3.64 

TMP increase (bar) 0.41 0.425 0.020 3.66 

M-optimized biochar systems, such as the 0.37% gap between the predicted value of 97.84% and the experimental value of 

98.21% COD removal in palm-kernel-shell biochar system optimized under its optimum conditions [46]. 

Table 5. Preliminary techno-economic breakdown (USD per m3 treated). 

Cost item Unit cost basis Cost (USD/m3) 

Biochar production (feedstock + pyrolysis energy) 14 g/L dose; $0.35/kg biochar 0.066 

Membrane capital amortization 5-yr life, $180/m2 module 0.061 

Membrane replacement 2-yr replacement cycle 0.034 

Membrane cleaning (chemicals) Weekly CIP 0.018 

Energy (pumping) TMP 1.05 bar, local tariff $0.09/kWh 0.047 

Labor / overhead 15% of direct cost 0.032 

Total  0.258 

 

The preliminary techno-economic assessment (Table 5) in-

dicated an overall treatment cost dominated by membrane 

capital amortization and biochar production, which together 

accounted for roughly 49% of the total cost per cubic metre 

treated. This is broadly consistent with reports that biochar-

based treatment can be economically competitive with con-

ventional adsorbents once production costs are optimized: a 

techno-economic case study for a small-scale magnetic-bio-

char treatment system reported a payback period of under six 

months relative to activated-carbon alternatives, driven pri-

marily by lower feedstock and regeneration costs [45]. The 

relatively modest contribution of energy and chemical-clean-

ing costs (Table 5) in the present assessment suggests that, at 

the biochar doses and TMP levels identified as optimal, oper-

ating expenditure is unlikely to be the limiting factor for scale-

up; capital cost recovery on the membrane module is the more 

significant economic consideration for full-scale implementa-

tion. 

 

4. Conclusions 

This study developed and evaluated a hybrid biochar-mem-

brane system, coupled with machine learning, for treating real 

cafeteria wastewater from Akwa Ibom State University. Fe3O4 

modification of the biochar increased surface area (185.4 to 

312.7 m2 g⁻1) and introduced a diagnostic Fe-O FTIR band 

and spherical nanoparticle SEM morphology, translating into 

improved COD, oil and grease, phosphate, and turbidity re-

moval governed primarily by biochar dose and contact time. 

Equilibrium and kinetic data followed the Langmuir isotherm 

(qₘ = 94.3 mg g⁻1, R2 = 0.986) and pseudo-first-order model 

(R2 = 0.978), indicating monolayer physisorption as the dom-

inant uptake mechanism. A two-stage Plackett-Burman/Box-

Behnken design (45 runs) identified biochar dose and contact 

time as the most influential process variables, and biochar pre-

treatment measurably reduced membrane fouling resistance 

relative to membrane-alone operation. Among the four ma-

chine learning algorithms tested, ANN and XGBoost gave the 

most accurate predictions of pollutant removal, flux, and foul-
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ing behaviour (R2 = 0.91-0.96), and when coupled with opti-

mization algorithms identified operating conditions (14 g L⁻1 

dose, 100-110 min, TMP 1.05 bar) validated experimentally 

within 5% of model predictions. The techno-economic assess-

ment indicated a treatment cost of approximately US$0.24 per 

cubic metre, dominated by membrane capital and biochar pro-

duction costs. Collectively, these findings support the hybrid 

biochar-membrane approach, guided by machine learning, as 

a viable and economically reasonable option for decentralized 

treatment of institutional wastewater in resource-limited set-

tings. 
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