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Abstract: This study investigates the economic viability at the pre-feasibility level of a hybrid
methanol and biomethane plant based on biogas coupled to a photovoltaic (PV) power plant and
a proton exchange membrane (PEM) electrolyzer. The reference case settled in Uganda consisted
of two units powered by a 200 kW PV plant and grid power: a 25 Nm3/h anaerobic digester and a
140 kW PEM electrolyzer-based methanol plant. Its production of 33.3 tons of methanol and 70.1 tons
of biomethane per year can provide cooking fuel for 750 households. Response Surface Methodology
was used to evaluate the impact of the three main factors on the simple payback period (PBP). The
size of the PV plant had the most significant impact on PBP, followed by the cost of electricity, the
interaction between these factors, and the PEM electrolyzer capital cost reduction, in this contribution
order. These findings point to energy generation costs as the primary factor affecting the economic
viability of these small-scale designs, even more than the PEM’s capital cost. The response surface
analysis revealed that only in a reduced region of the design space are values found that meet the
threshold of 10 years for plant economic viability.

Keywords: cooking fuel; biomethane; methanol; energy access; response surface methodology

1. Introduction

Transitioning to cooking fuels and technologies that meet the World Health Organiza-
tion’s Indoor Air Quality Guidelines aims to prevent enormous health, environmental, and
economic impacts resulting from the burning of polluting fuels for cooking, mainly in low-
and middle-income countries [1]. The universal energy access process is accelerated by
deploying sectoral frameworks and engagement plans [2]. Large-scale clean cooking inter-
vention programs across Asia, Africa, and Latin America have adopted cleaner fuels such
as biogas, liquefied petroleum gas (LPG), alcohol-based (ethanol and methanol), electricity,
and processed biomass fuels (briquettes and pellets) [3]. Biogas holds the lowest levelized
annual cooking cost among the clean cooking technology options, and only solar cook
stoves match its health and climate impact indicators [4]. Despite its advantages, household
biogas production for cooking encounters significant barriers to uptake, even generat-
ing the dis-adoption of biogas technologies [5–7]. High installation costs (between USD
500–1500 depending on the type of digester) are only affordable for 20–30% of households
in South Asian, Southeast Asian, and African regions [4]. The technical skills shortages
and the challenge of biogas product and service markets to emerge in tandem with biogas
programs are recurring barriers to the installation, operation, and maintenance of domestic
biogas systems [8]. Moreover, cultural and social taboos concerning animal use, especially
human waste, may discourage its adoption in specific contexts [9].

This study focuses on small-scale decentralized biogas-derived fuel production to
unlock the potential of biogas as clean cooking fuel where biogas distributed generation fails
to be sustainable long-term. In this model, the substrate is disposed of at a decentralized and
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technically advanced biogas plant to obtain clean fuels or fertilizers [10]. We hypothesize
that the so-called power-to-fuel technologies could significantly address household biogas
production disadvantages by converting carbon dioxide and hydrogen into synthetic
organic molecules. Synthetic products exhibit similar properties to fossil fuels so they can be
transported commercially in metal tanks or liquid at atmospheric pressure and profit from
existing cookstoves [11]. This study analyzes the economic viability of hybrid methanol
and methane production based on biogas at the pre-feasibility and small-scale levels.

This work contributes to the only publication by Moioli, Wötzel, and Schildhauer
that assesses the economics of hybrid methanol and methane production components
based on biogas. Moioli et al. investigated the economic prospects of a hybrid Power-to-
Methanol/Power-to-Gas system for the first time, i.e., coupling methanol production with
biogas upgrading [12]. In contrast to their approach, which involves CO2 hydrogenation
reaction to methane and methanol, we integrate power into methanol technology to valorize
the removed carbon dioxide from biogas upgrading. Capitalizing on existing modular
technology, we intend to determine whether the benefits of generating clean biogas-based
fuels for upgrading or transforming into synthetic fuels can also be accessible in LMICs as a
cooking fuel. Indeed, hydrogen as a clean fuel to substitute polluting cooking fuels in LMICs
is not a novel idea, e.g., [13–15]. Its application, however, is currently infeasible due to cost,
complexity, lack of labor capacity, safety issues, and consumer acceptance [16]. Nonetheless,
hydrogen penetration in the residential sector of LMICs might occur progressively without
the need for disruption or change in appliances in the form of synthesized fuels.

The study’s purpose is to answer these two questions: (1) What is the simple payback
period for a small-scale hybrid methanol and methane plant whose products are sold at a
price equivalent to LPG’s cooking cost? (2) What factors strongly influence the economic
viability of this system? This paper uses sensitivity analysis to offer a comprehensive
economic outline of the problem based on the Response Surface Methodology. We use
this approach to determine whether a proposed design would be profitable under certain
economic conditions. With varying parameters such as electrical energy, PV plant size, and
components capital costs, the simple payback period (PBP) is investigated by combining
the mentioned parameters in different ways.

The study is set in Uganda, an agricultural country with plentiful food and cash crop
cultivation year in and year out [17,18]. Its abundant biogas potential from crop and animal
residues favored its inclusion in the Africa Biogas Partnership Program [7]. Nevertheless,
the massification of household biodigesters has faced drawbacks in the uptake, leading to
high levels of dis-adoption within four years after its installation [5]. The economic analysis
of a 25 Nm3/h of raw biogas plant attempts to reflect the energy system’s performance in
this context.

2. Background on Clean Cooking Fuels

The WHO-IAQG has provided normative recommendations in carbon monoxide (CO)
and particulate matter (PM2.5) emission-rate targets for the set fuel-cooking technologies
to prevent adverse health outcomes and climate impacts [1]. Cooking solutions should
perform under the interim target-1 (IT-1) and the WHO’s air quality guideline (AQG) for an
annual mean PM2.5 of 35 µg m−3 and 10 µg m−3, respectively, and the 24 h average AQG
for carbon monoxide (CO) of 7 mg m−3 [19,20]. These parameters draw the line between
clean and polluting fuels, i.e., those that comply with them and those that do not.

According to the WHO’s IAQG-Review 6, despite achieving significant reductions
in PM2.5 compared to solid fuels with traditional stoves (30–60%), none of the enhanced
solid fuel stoves tested met the WHO IT-1 for PM2.5 annual mean, thus, failing to meet
the AQGs [21,22]. Later, these findings were revalidated and disclosed that neither ad-
vanced combustion stove met WHO-IT-1, even though pellet-fueled stoves were not docu-
mented [23]. Kerosene may not be superior to solid fuels in health impacts [24,25], so the
WHO discourages its use as well [1]. Accordingly, polluting fuels are unprocessed biomass
(crop residues, wood, and animal dung), kerosene, coal, and charcoal (Figure 1). In con-
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trast, studies reporting alcohol-based, liquefied petroleum gas and electricity interventions
reported mean PM2.5 concentrations close to or at IT-1 levels, and most achieved the WHO
24 h guideline level [23]. Biogas cookstove assessments also demonstrate notable reductions
in HAP exposures and improved health outcomes [4]. Therefore, clean fuels consist of
petrochemical fuels (such as LPG and natural gas), grid electricity, and renewable fuels
(such as biogas, alcohol-based, and solar photovoltaic electricity) (see Figure 1). This study
focuses on methane and methanol, clean cooking fuels that have been demonstrated to
displace polluting practices in the households of LMICs and whose broad scale-up is now
in motion in many countries.
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Figure 1. Classification of cooking fuels as clean or polluting at the point of use.

3. Methods

In stochastic systems, the Design of Experiments (DoE) methods are used to ana-
lyze the influence of multiple independent variables (factors) on dependent variables
(responses). The analysis of experimental studies involves applying the analysis of variance
(ANOVA) models that determine and quantify the influence of factors or their interactions
on the observed response of an experiment and whether these interactions result from
randomness or a specific cause [26]. The sample is a series of experimental runs that com-
promises the experimental design [27]. In an experimental design, the term block describes
a group of experimental units with some similarities. The blocking reduces known but
irrelevant sources of variation between experiments, allowing for a more precise estimation
of the various sources. Some experiments may be replicates, meaning they were conducted
under the same conditions. Groups within a sample are a set of runs associated with a
particular factor, level, and interaction. The ANOVA method decomposes the total variance
into its various components by comparing the means and variance of the groups [28]. Thus,
quantifying the effects of various predictors (factors and interactions) on the dependent
variables is possible.
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The Response Surface Methodology (RSM) is a potent DoE optimization tool pioneered
by Box and Wilson in 1951 [29] that seeks to determine the optimal design (the grid of
candidate points) for building regression models relative to the objective function.

3.1. ANOVA Analysis

This analysis determines whether the interactions and effects between the investigated
factors are statistically significant concerning an experimental error. ANOVA proceeds
by first estimating these effects for individual factors and possible interactions; then, the
significance of these effects is inferred [26]. Statistical significance is tested by Fischer’s
variance ratio (F-value), and model terms are either rejected or selected based on the
significant probability value (p-value) within a 95% confidence interval (or 5% significance
level). Additionally, graphical methods are employed for examining model fit.

3.2. Response Surface Methodology

The RSM approach has the following objectives: (1) to find the optimum response
and (2) to understand the changes in the response in a specific direction by adjusting the
design variables [29]. The model’s response is assumed to be a function of the independent
variables, as indicated by Equation (1).

y = f (x1, x2, . . . , xk) + ε (1)

In Equation (1), y represents the response variable, x1, x2, . . . , xk are the independent
variables, and ε stands for the normally distributed experimental error, i.e., N

(
0, σ2) [30].

The expected value of the output is:

E(y) = η (2)

η is the expected response surface.
Either first-order or second-order models are used, depending on the approximation

of the f function. If a linear regression equation can define the response, then the estimating
function is a first-order regression model. Equation (3) represents k factors generating a
single response y. β0 is a constant and βi are linear terms.

y = β0 +
k

∑
i=1

βixi + ε (3)

However, the first-order model is insufficient when a curvature in the response surface
exists. Therefore, the second-order model helps approximate a portion of the actual
response surface with curvature. It is represented in Equation (4).

y = β0 +
k

∑
i=1

βixi +
k

∑
i<j

βijxixj +
k

∑
i=1

βiix2
i + ε (4)

where β0 is a constant, βi are linear terms, βij are interaction terms, and βii are quadratic terms.
The model’s accuracy may need to be improved by reducing the gap between Pre-

dicted R2 and Adjusted R2. By excluding non-significant regression coefficients, this can
be achieved.

Experimental Design for Fitting Response Surfaces

The experiments in response surface designs are special cases of factorial design that
include center points in the experimental space plus edge center points or face center points
and extra points circumscribed from the sides. Each experimental run in a factorial design
consists of a combination of levels (l) for each factor, resulting in lk experimental runs.
Usually, factorial designs are two-level designs, that is, one high and one low value is used
for each factor. A full factorial design requires that every combination of every factor is run
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at every level. For instance, a two-level full factorial design and three factors (Figure 2a)
result in 23 experimental runs. These designs can become very large as the factors increase,
e.g., a three-level full factorial design (Figure 2b).
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Response surface designs are used when multi-factors have been identified, and
improved descriptions of their curvature and interactions are needed [31]. There are two
main types of response surface designs: Box–Behnken and Central Composite designs.
Box–Behnken designs (Figure 2d) have fewer experimental runs, but interactions between
factors at the ‘extreme’ levels (i.e., the ‘corners’) are not accounted for. Central Composite
designs, also known as Box–Wilson designs, merge factorial designs with ‘star points’
for estimating second-order effects. They are described as inscribed, circumscribed, or
face-centered depending on whether the axial points fall within, beyond, or on the factorial
space. Compared to circumscribed and inscribed, which require five levels of each factor,
face-centered (Figure 2c) requires three levels, thus, simpler to run, and reasonably describes
the entire design space. This study employs Version 13 of Design-Expert software (DX13)
to explore the factor(s) influencing the response(s) investigated in the proposed plant by
analyzing a Face-Centered Central Composite design (Figure 2c).

4. Plant Layout Description

Figure 3 displays the conceptual block diagram of the system under investigation.
Raw biogas is produced from the anaerobic digestion of organic materials from manure
and straw. Biogas is processed through biogas cleaning and upgrading to increase energy
density by separating hydrogen sulfide and carbon dioxide from biomethane. Methanol is
synthesized based on carbon dioxide generated from the upgrading process and hydrogen
produced by a PEM water electrolyzer. A PV power plant is installed to supply the electrical
energy for methanol and methane production. Purchasing the necessary electricity from
the grid is assumed when solar energy is unavailable. Thus, the PEM water electrolyzer
can switch between solar energy and grid electricity (and vice versa) without affecting its
functionality [32]. The plant is expected to operate 7900 h per year (90% operating factor),
a value within the recommended range to yield lower production costs for the methanol
synthesis unit and the PEM electrolyzer [33,34]. Next, a description of the system’s main
components under investigation is given.
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4.1. Anaerobic Digestion

Anaerobic digestion is the process by which bacteria break down organic matter—such
as wastewater biosolids, animal manure, and food wastes—in the absence of oxygen. This
study analyses a plant with the capacity to produce 25 Nm3/h of raw biogas whose product
has a proportion of 54% CH4, 46% CO2, and 220 ppm H2S—an average composition in
several biodigesters in Uganda [6]. The agricultural residue required to produce 1 Nm3 of
raw biogas is approximately 12 kg [35].

4.2. Biogas Cleaning and Upgrading

Water scrubbing is applied to remove CO2 from biogas as it is effective even at low
flow rates where small-scale biogas plants operate. Since CH4 is significantly less soluble
in water than CO2, water serves as a solvent in water scrubbing [36]. By removing more
CO2 from the biogas flow in the absorption column, the concentration of CH4 in the biogas
increases. Even though H2S can also be disposed of with CO2, dissolved in water, it can
cause corrosion problems in downstream applications; therefore, pre-separation thorough
cleaning is necessary. It is assumed that the CH4 losses, mainly due to dissolution in water,
are usually lower than 2% [37], and the purity of CO2 can achieve up to 80–90% [38]. This
study’s reference design is the water-scrubbing system designed by Engas UK Ltd. for
use in small biogas production facilities because of modularity and flexibility. Its technical
specifications are listed in Table 1. This technology combines the three key phases of
water scrubbing. That is, the pre-compression, scrubbing, and drying of biogas [39]. After
absorption, the water used is regenerated in a desorption column under air, which strips
the CO2 from the water under reduced pressure. Finally, the CO2 is compressed to feed the
methanol synthesis unit.

Table 1. Specification of Engas UK’s 25 Nm3/h bio-CNG upgrader. Source: Black et al., (2021) [35]
and Twinomunuji et al. (2020) [39].

Parameters Specifications

Raw biogas flow rate 25 Nm3/h
Raw biogas specification 50–65% CH4; 50–35% CO2; 500 ppm H2S

Inlet biogas pressure 7–20 mbar
Outlet methane gas pressure 3–5 bar

Outlet methane gas pressure after compression 250 bar
Outlet methane specification 2% CO2; 97–98% CH4; 5 mg/m3 H2S

Upgrading and compression energy consumption 0.5 kWh/Nm3 of raw biogas
Water consumption with regeneration 2 L of water/ Nm3 of raw biogas
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4.3. Methanol Synthesis Unit

According to Equation (5), methanol is synthesized from carbon dioxide and hydrogen.

CO2 + 3H2 ↔ CH3OH + H2
∆H = −49.4 kJ/mol

(5)

The streams of H2 and CO2 are mixed in a 1:3 stoichiometric ratio and sent to the
reactor for methanol synthesis. Operating conditions are based on the 50 kg/day small-
scale methanol synthesis plant analyzed by Ushikoshi, Mori, Watanabe, and Takeuchi [40].
The catalytic reaction is exothermic, occurring on a Cu/ZnO-based multicomponent as a
catalyst over a range of temperature and pressure from 230 ◦C to 270 ◦C and from 30 bar to
70 bar, respectively. The gaseous products then pass into the distillation section to separate
the water and obtain methanol in liquid form. The conversion efficiency of the reactor
(expressed as the ratio of the mass of methanol produced to the mass of methanol that can
theoretically be produced under stoichiometric conditions) is assumed to be 96%, and the
electrical energy demand (basically for compression) is 0.154 kWh per kg of methanol [41].

4.4. PEM Water Electrolyzer

A PEM electrolyzer is a device that produces oxygen and hydrogen through the water
electrolysis process. The reactions involved at the anode and cathode of the electrolyzer are
as follows:

Anode : 2HO2 → O2 + 4H+ + 4e−

Catode : 4H+ + 4e− → 2H2
Total : HO2 → O2 +

1
2 O2

(6)

The relation between the mass flow rate of H2,
.

mh,ely (kg/h), and the electrolyzer
power, Pely (kW), is given in Equation (7) [42]:

Pely = SPCely·
.

mh,ely (7)

where SPCely (kWh/kg) is the specific power consumption of the electrolyzer, accounting
for rectifier losses, auxiliary, and water splitting power. The specific power consumption of
56.7 kWh/kg for continuous hydrogen production is assumed [13].

Hydrogen production technologies based on electrolysis are currently gaining traction
rapidly. The cost of hydrogen production substantially impacts electrolysis plant economics.
In the current hydrogen production cost structure, the energy generation costs are the
highest, followed by the capital expenditures for the electrolysis system [33]. Therefore,
including the PEM’s capital cost as an independent variable in sensitivity analysis is
relevant for the economic viability analysis. Based on commercial development trends
and academic research activities, Holst et al. estimated around a 40% cost decrease by
2030 for decentralized, small-capacity low-temperature PEM water electrolysis systems [33].
According to this assumption, sensitivity analysis examines the impact of reductions from
0 to 40%, with existing costs as the base case.

4.5. Photovoltaic Power Plant

The photovoltaic power plant is installed to supply energy to the biomethane–methanol
plant. Because Uganda’s electricity service is deficient [43], this facility is critical for the
plant’s continuous operation. A photovoltaic electrolysis system can be configured in
various ways, each with a different economic value. One extreme of the configurations
under analysis is based on a grid connection to supplement the PV array’s electricity sup-
ply. The photovoltaics are sized such that their maximum instantaneous power matches
the biomethane–methanol plant’s capacity. Grid connection is assumed in the base case
analysis. At the other extreme, the PV system provides 100% of the energy required by
the system. In the sensitivity analysis, this range of values shall serve to investigate the
influence of the PV plant size.
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The average monthly solar radiation in Eastern Uganda is the basis for calculating the
PV panels’ electricity production. Monthly daily solar radiation on the horizontal surface
fluctuates from 5.22 kWh/m2/day to 6.28 kWh/ m2/day between July and March, with
an annual average of 5.85 kWh/ m2/day [44]. The performance ratio of the installation
is assumed to be 75.84%, as reported in a facility in Uganda [44]. Table 2 summarizes the
technical parameters of the sub-systems described above.

Table 2. Technical parameters of the sub-systems.

Sub-System Parameter

Anaerobic digestion Raw biogas output flow rate: 25 Nm3/h
Chemical composition of biogas [6]: 54% CH4 and 46% CO2

Biogas cleaning and upgrading
CH4 losses [37]: 2%
CO2 losses [38]: 20%

Electricity consumption [39]: 0.5 kWh/Nm3 raw biogas

Methanol synthesis unit

Stoichiometric H2: CO2 ratio: 3:1
Working Pressure: 50 bar

Temperature: 250 ◦C
Conversion efficiency: 96%

Electrical energy demand: 0.154 kWh/kg of methanol [41]

PEM water electrolyzer Specific power consumption: 56.7 kWh/kg [13]

Photovoltaic power plant

Performance ratio: 75.84%, [44]
Daily solar radiation [44]:

Minimum: 5.22 kWh/m2/day
Average: 5.85 kWh/m2/day

Maximum: 6.28 kWh/m2/day

5. Economic Calculation

The Ugandan economic scenario is the reference for the thermo-economic analysis.
The following sections report the main economic assumptions in the base case.

5.1. Feedstock Price

It is assumed that the feedstock for anaerobic digestion is obtainable without costs.
Since agricultural producers tend to incur expenses in waste management, this assumption
reflects their potential willingness to provide free feedstock in exchange for disposing
waste [35].

5.2. Electricity Price

Despite the high PV plant capacity factor (16–20%), the only use of solar energy is
insufficient to ensure the plant’s planned annual operating hours (7900 h). Therefore, when
there is no electricity generation from the PV plant, it is required to buy it from the grid.
One of the primary cost drivers for an energy system involving an electrolysis unit is
the electricity cost, thus, it is essential in determining the plant’s economic viability [33].
The monthly average electrical market price for medium industrial consumers between
2019 and 2022 ranges from USD 0.115 per kWh to USD 0.149 per kWh, and the average
price is equal to approximately USD 0.132 per kWh [45]. The same range is used in the
sensitivity analysis to investigate the energy–cost effect. In the base case analysis, electrical
energy is assumed to be purchased from the grid at USD 0.115 per kWh.

5.3. Products Selling Price

Although biogas and ethanol/methanol have the lowest environmental impacts, nei-
ther of these fuels are currently used significantly in Uganda, and data on costs and
implementation are insufficient [46,47]. Thus, methane or methanol selling prices are
approximated to match the price of LPG in terms of its energy density per unit of mass
(LPG energy density = 13.6 kWh/kg). This assumption is based on LPG’s lower cost than
kerosene, wood fuel, pellets, and charcoal in urban and peri-urban settings [48], which
would ensure the competitiveness of biomethane and methanol. Considering the energy
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density of the products (methane energy density equal to 12.89 kWh/kg, and methanol
energy density equivalent to 6.1 kWh/kg) and that the selling price for an LPG refill in
Uganda is USD 2.60 per kg [35], the selling price is assumed to be USD 2.46 per kg for
methane and USD 1.17 per kg for methanol. In addition, the trading of oxygen produced
by the electrolyzer is central to the plant’s economic viability. The refilling oxygen price
is assumed to be USD 0.130 per kg, the reference price for medical oxygen prior to the
COVID-19 pandemic in Uganda, when a significant price increase was experienced due to
low availability.

5.4. Purchased Equipment Cost Estimation

The sum of the capital cost of each plant component is the total Purchased Equipment
Cost (PEC). The Total Capital Investment (TCI) is calculated based on the PEC of the plant:
about 40% of TCI is attributed to the PEC [49]. Additionally, the TCI corresponds to the
Initial Investment in this study. Table 3 presents the methods and references employed for
estimating the costs associated with the hybrid methanol–methane plant.

Table 3. Methods and references for cost estimation of the main components of the hybrid methanol–
methane plant.

Sub-System Method/Reference

Anaerobic digester Retrieved from Black et al. (2021) [35]

Biogas upgrading and compression Retrieved from Black et al. (2021) [35]

Methanol synthesis unit

Bare module cost as a function of the equipment type (Cp),
material (FM), volume, and pressure (FP) [50,51]:

CBM = f
(
Cp, FM , FP

)
The material considered is stainless steel and the cost is

actualized to current price through the Chemical
Engineering Plant Cost Index (CEPCI)

PEM water electrolyzer Based on the estimates of Holst et al. (2021)

Photovoltaic power plant Based on the estimates of the International Energy Agency
International Energy Agency [52]

5.5. Economic Analysis

The economic parameters such as interest rate, inflation, and taxation are not reflected
for simplicity of the analysis because its primary purpose is to evaluate the parameters’
relative effect on the system’s economic viability. The simple payback period (PBP) is the
investment performance measure. Despite its limitations, the PBP is widely operated as
a screening measure and rule of thumb for investments. A threshold of 10 years of PBP
is selected for plant economic viability, assuming a 20-year project lifetime. The PBP is
calculated under Equation (8), where the annual cash inflow is expected to be constant over
the plant’s lifetime.

PBP =
Initial investment

Annual cash in f low
(8)

Equation (9) calculates the annual cash inflow.

Annual cash in f low = ∑ Annual products income−∑ Annual variable cost (9)

6. Results and Discussion
6.1. Base Case Results

The reference case is a small-scale hybrid methanol and methane production based on
biogas consisting of a 25 Nm3/h anaerobic digestor undergoing cleaning and upgrading
to produce methane and a 140 kW PEM electrolyzer-based methanol plant powered by a
200 kW PV power plant and grid power supply energy to the system. In Table 4, the mass
and energy balance of the plant is reported. Based on the household fuel consumption
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estimates for LPG users in Uganda of 14.4 MJ per day [46], 139 households could be
supplied annually with methanol and 614 households with biomethane.

Table 4. Summary of thermodynamic results: annual mass and energy balance.

Parameter Value Unit

PV plant production 323.9 MWh/year
Electrical energy purchased from the grid 892.7 MWh/year

Electrical energy consumption 1216.5 MWh/year
Methanol production 33.3 ton/year

Biomethane production 70.1 ton/year
Oxygen production 155.8 ton/year

The breakdown and percentage distribution of the PEC are reported in Figure 4.
Representing 50% and 25% of the PEC are the PV plant and PEM electrolyzer, the most
expensive components. The biogas upgrading and anaerobic digestor unit costs equal 11%
of the PEC. The methanol synthesis unit represents the lowest cost, accounting for only 3%.
The resulting TCI equals about USD 1.3 million, and the annual cash inflow in Table 5 is
USD 129,279; therefore, the base case presents a PBP of 10.3 years. The reference case plant
has exceeded the 10-year PBP threshold, so it is not economically viable in this case. Hence,
sensitivity analysis should be performed to identify the minimum PBP.
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The PEC distribution results indicate that PV plant and PEM electrolyzer capital costs
would strongly influence the economic viability of the proposed design. It is, therefore,
pertinent to include the foreseeable reduction of up to 40% of the PEM capital cost as an
independent variable in the sensitivity analysis. The different configurations of the PV
plant mean that the size of the PV arrays and the grid power consumption vary. When the
PV plant size is such that it matches the maximum instantaneous power demanded by the
biomethane–methanol plant, the grid will supply the remaining energy. In contrast, when
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the PV plant generates 100% of the energy, there is no consumption from the grid. Since PV
plant size is closely linked to energy grid consumption, both PV plant size and electricity
prices compromising grid consumption costs should be analyzed independently.

Table 5. Summary of annual cash inflow.

Annual Revenue

Methane income USD 172,821
Methanol income USD 38,861
Oxygen income USD 20,254

Sub-total USD 231,936

Annual costs

Variable costs USD 102,656
Sub-total USD 102,656

Annual cash inflow

Total USD 129,279

6.2. Sensitivity Analysis Results

A quantitative mathematical model for the PBP was developed by applying the RSM.
The dependent variables investigated are the size of the PV plant, the PEM’s capital cost
reduction, and the electricity price, coded as variables A, B, and C, with their levels listed
in Table 6. The significance test of model fit for the PBP was performed using Version 13 of
Design-Expert software (DX13) based on a three-way ANOVA for the three independent
variables and one response. A Face-Centered Central Composite design was applied for
this purpose, resulting in 20 runs (Table 7). Replicates were generated under the minimum,
average, and maximum annual solar radiation conditions from Table 2.

The ANOVA analysis verifies the significance of the different models—linear model,
two-factor interaction (2FI) model, and quadratic model. Table 8 indicates the models’
statistical data. The results display that the 2FI and linear models present a p-value lower
than 0.05, indicating a 95% confidence level of statistical significance. The coefficient R2

determines the variance proportion in the response that the independent variables can
explain. The difference between predicted and observed values is minimal when R2 is close
to 1. However, if additional terms are added, as in the case of the quadratic model in Table 8,
even if they are not statistically significant, the R2 can be artificially increased. Therefore,
the focus should be on the Predicted R2 and Adjusted R2 values. Adding insignificant
terms to the model plateaus the Adjusted R2 while the Predicted R2 decreases. As a rule of
thumb, the Predicted R2 and Adjusted R2 values should be within 0.2. According to the 2FI
model’s values, it is most suitable for further analysis. However, the 0.7303 Predicted R2 is
not as close to the 0.9581 Adjusted R2, i.e., a difference of 0.2278, more than 0.2. Therefore,
the significance of the estimated regression terms affecting the 2FI model should be tested.

Table 6. Dependent variables and levels for the Face-Centered Central Composite design.

Factor Name Unit
Values of Coded Levels

−1 0 1

A PV plant size kW 200 450 700
B Percentage reduction in PEM capital cost % 0 20 40
C Electricity price USD/kWh 0.115 0.132 0.149
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Table 7. Design matrix and results of the Face-Centered Central Composite design.

Run Block

Factors Response

PV Plant
Size (kW)

Percentage Reduction in
PEM Capital Cost (%)

Electricity Price
(USD/kWh)

Payback Period
(Years)

1 1 700 0 0.149 14.8
2 1 450 20 0.132 13.3
3 1 700 40 0.115 13.7
4 1 200 0 0.115 10.6
5 1 200 40 0.149 12.7
6 1 450 20 0.132 13.3
7 2 450 20 0.132 12.5
8 2 200 0 0.149 13.4
9 2 700 40 0.149 13.0

10 2 450 20 0.132 12.5
11 2 700 0 0.115 13.4
12 2 200 40 0.115 9.2
13 3 450 20 0.132 11.9
14 3 450 40 0.132 11.6
15 3 450 20 0.115 11.5
16 3 700 20 0.132 12.6
17 3 450 0 0.132 12.3
18 3 200 20 0.132 10.8
19 3 450 20 0.132 11.9
20 3 450 20 0.149 12.5

Table 8. Model summary statistics.

Source Std. Dev. R2 Adjusted R2 Predicted R2 PRESS Sequential p-Value

Linear 0.5905 0.8031 0.7609 0.3485 16.15 <0.0001
2FI 0.2472 0.9729 0.9581 0.7303 6.69 <0.0001

Quadratic 0.2057 0.9863 0.971 0.7549 6.08 0.1218

6.2.1. Statistical Evaluation of the Model

The corresponding F-test value of the ANOVA analysis can state the significance
of individual model coefficients. Additionally, the significance factors can be analyzed
based on the sum of squares value and their contribution. Higher values imply more
importance of the corresponding factor. Table 9 shows the ANOVA table for the 2FI model
for PBP. The p-value for the model is less than 0.05, which indicates the significance of
the model. The effect of PV plant size (A) is the most considerable factor associated with
the PBP, obtaining a sum of squares of 11.66 (48.34%). This effect was expected because
the PV plant represents 50% of the PEC (Figure 4). The secondary contribution derives
from the electrical energy purchasing cost (C) with 6.4 (26.53%). The third contributor
is the interaction between the size of the PV plant and the energy purchasing cost (AC),
whose sum of squares is 3.92 (16.25%), further highlighting their influence on the PBP. Even
though the PEM is the second most expensive component representing 25% of the PEC
(Figure 4), the reduction in PEM capital cost (B) with a sum of squares of 1.85 (7.76%) is
ranked as the fourth contributor. Consistently, the interaction terms, PV plant size and
reduction in PEM capital cost (AB) and reduction in PEM capital cost and electrical energy
purchasing cost (BC), are not significant due to the non-interaction between the linear terms.
Their remotion may result, therefore, in an improved model.
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Table 9. ANOVA for the 2FI model.

Source Sum of Squares Degree of Freedom Mean Square F-Value p-Value Contribution

Block 4.78 2 2.39
Model 24.12 6 4.02 65.77 <0.0001

A-PV plant size 11.66 1 11.66 190.81 <0.0001 48.34%
B-Reduction in

PEM capital cost 1.85 1 1.85 30.25 0.0002 7.67%

C-Electrical energy
purchasing cost 6.4 1 6.4 104.7 <0.0001 26.53%

AB 0.045 1 0.045 0.7362 0.4092 0.19%
AC 3.92 1 3.92 64.13 <0.0001 16.25%
BC 0.245 1 0.245 4.01 0.0706 1.02%

Residual 0.6724 11 0.0611
Cor Total 29.58 19

By adopting the backward elimination procedure to reduce the non-significant terms, the
resulting fit statistics and ANOVA for the reduced 2FI model are shown in Tables 10 and 11,
respectively. Equation (10) provides the final equation for the PBP in terms of coded factors.

PBP = 12.43 + 1.08A− 0.43B + 0.80C− 0.70AC (10)

Table 10. Fit statistics.

Statistical Parameter Value

R2 0.9612
Adjusted R2 0.9492
Predicted R2 0.8606

Adeq Precision 33.2568
Std. Dev. 0.2721

Mean 12.38
C.V.% 2.2

Table 11. ANOVA for the reduced 2FI model.

Source Sum of Squares Degree of Freedom Mean Square F-Value p-Value Contribution

Block 4.78 2 2.39
Model 23.83 4 5.96 80.48 <0.0001

A-PV plant size 11.66 1 11.66 157.55 <0.0001 48.93%
B-Reduction in

PEM capital cost 1.85 1 1.85 24.98 0.0002 7.76%

C-Electrical energy
purchasing cost 6.4 1 6.4 86.45 <0.0001 26.86%

AC 3.92 1 3.92 52.95 <0.0001 16.45%
Residual 0.9624 13 0.074
Cor Total 29.58 19

Plotting the perturbation factors allows for comparing all factors’ effects at a particular
point. Figure 5 shows all factors’ effects at the design space’s midpoint. As the value of the
PV plant size (A) and the electrical power purchase cost (C) increase, the PBP consequently
increases. Conversely, the increasing reduction in PEM capital cost (B) decreases the
response PBP. As expected, the remotion of the interaction terms AB and AC improved
the model’s accuracy by reducing the difference between the Adjusted R2 (94.92%) and
Predicted R2 (86.06%) to 0.0886 in Table 10. The R2 of the model indicates it can explain
98.12% of the variation in the response variable around its mean. Adequate precision in
Table 10 is a signal-to-noise ratio that contrasts the predicted values range at the design
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points with the average prediction error. As ratios above 4 indicate adequate model
discrimination, 33.257 suggests an adequate signal.
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In Table 11, the high model F-value (80.48) and the model p-value of less than 0.05 con-
firm the model’s statistical significance. The contributions of the kept terms increased to
the following values: PV plant size (A: 48.93%), reduction in PEM capital cost (B: 7.76%),
electrical energy purchasing cost (C: 28.86%), and the interaction between electrical energy
purchasing cost and PV plant size (AC: 16.45%). Besides the linear terms, the interaction
term AC was anticipated to contribute significantly to the PBP, given the strong correlation
between the amount of energy consumed from the grid and PV plant size, which impacts
production costs subject to electricity prices. Interestingly, its contribution is even higher
than the linear term B, indicative of its relevance to the PBP, over and above the PEM’s
capital cost reduction variable. These results suggest that methanol production costs are
impacted by hydrogen generation cost trends, dominated by energy generation costs,
followed by the costs of electrolysis systems [33]. Even though the statistical evaluation
suggests the model’s goodness of fit, it is necessary to check the residual plots to discard
unwanted residual patterns.

Residuals account for the difference between observed and fitted values predicted
by a regression model and verify the model’s sufficiency. Smaller residuals correlate to
more accurate regression models. Figures 6 and 7 are plots of the normal probability of
the residuals and the residuals versus the predicted response. The normality assumption
states that the mean sampling distribution is normal. A check on Figure 6 displays that
the residual values generally fall on a straight line, implying that residuals of the response
value are distributed normally. In other words, the normal assumption is fulfilled.
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The assumption of the independence of errors means there is no relationship between
the residuals of our model and the response variable (PBP). In the residuals versus predicted
plot, Figure 7, the residuals seem randomly scattered, and the correlation is around zero.
Therefore, this assumption is satisfied. The homogeneity of variance assumption states that
independent groups must have the same or similar variance. Figure 7 indicates no apparent
pattern or unusual structure, which means that the residues are randomly distributed. The
residual analysis suggests no reason to suspect any violation of the constant variance or
independence assumption. Consequently, the proposed model is sufficient to explore the
design space.
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6.2.2. Response Surface Analysis

Three-dimensional and their corresponding contour plots based on the regression
model were generated to illustrate how the factors affect the PBP. These curves can represent
the interaction between the combinations of factors, visually revealing their influence on
the PBP response. Drawing on the statistical analysis results that point out the influence of
electrical energy purchasing cost, the size of the PV plant, and the interaction of both factors
on the PBP, the response surface analysis focuses on the regression surface generated by
both independent variables.

Figure 8 illustrates the three-dimensional surface adjacent to their two-dimensional
estimated contour plots of the combined effect of PV plant size (A) and electrical energy
purchasing cost (C) on the PBP at a PEM capital cost reduction (B) of (a) 0%, (b) 20%, and
(c) 40%. The interaction term means that the regression surface is not flat but represents
a bend that, in this case, accentuates the reduction in the PBP as the PV plant size and
the purchase cost of electricity decrease. Likewise, the minor influence of the reduction in
PEM capital cost is confirmed by showing that when it varies from 0% (Figure 8a) to 20%
(Figure 8b) and finally to 40% (Figure 8c), the regression surface displaces slightly along
the PBP axis, without altering the surface form substantially. PEM reductions above 14.4%
already generate PBP values equal to 10 years at electrical energy purchasing costs of USD
0.1150 per kWh and a PV plant size of 200 kW. When the maximum reduction in PEM
capital cost is reached (Figure 8c), values equal to or less than 10 years of PBP are generated
from values lower than USD 0.12146 per kWh and 280 kW. The plots reveal that both factors
have considerable influence on the PBP but that only in a reduced region of the design
space are values found that meet the threshold of 10 years for plant economic viability.
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6.2.3. Optimum Condition

Desirability functions are a method to optimize models. Optimization objectives may
be set to minimize, maximize, or obtain the response’s target value. Desirability function
values lie between 0 and 1. A value of 0 indicates that the factors provide an undesirable
response, while 1 indicates that they perform optimally. The desirability function plots
of this model are given in Figure 9. The desirability of 0.961 is achieved at a 200 kW PV
plant size, a reduction in the PEM capital cost of 40%, and USD 0.115 per kWh of electrical
energy purchasing cost, resulting in a PBP of 9.4 years (Figure 9c).
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7. Study Limitations

The investment performance measurement that evaluates the economic viability of
the proposed design is the simple payback period (PBP). Businesses that tend to make
relatively small investments and have constant cash flows will find the PBP particularly
useful. However, the payback period has two drawbacks: (1) the net cash inflows are not
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adjusted for the time value of money, and (2) it does not assess cash flows after the payback
period. Considering the time value of money, early cash flows received by a project get a
better weighting than later cash flows. Additionally, the most significant cash flows may
not materialize until after the payback period has finished for some projects. Consequently,
their returns on investment may be higher than those from projects with shorter payback
times. In these instances, the payback method could dismiss profitable configurations
that generate higher cash flows outside the threshold of 10 years. The first deficiency
may be remedied by discounting future cash flows and recognizing the time value of
money. Nevertheless, our primary concern is assessing how the significant factors affect
the system’s economic viability, achieved even without regard to a discount rate. Another
shortcoming stems from the input data not considered for the economic evaluation, such
as interest rate, inflation, and taxation. These parameters could further diminish the design
space where projects are economically viable. Even though including these parameters
would provide a more precise mapping of the design space, we have omitted them to
simplify our analysis.

8. Conclusions

This study investigated the economic viability at the pre-feasibility level and on a
small-scale plant producing methanol and methane based on biogas coupled to a PV
power plant and a PEM electrolyzer using the Response Surface Methodology approach.
Given that the aim was to provide clean fuels for the cooking sector in Uganda and due
to scarce information on costs and the implementation of these fuels, fuel sales prices
were assumed as equivalent to the price of LPG cooking gas. First, a preliminary analysis
of the reference case was conducted to identify the components’ costs that most impact
the plant’s economic viability. This reference case consisted of a 25 Nm3/h anaerobic
digestor undergoing cleaning and upgrading to produce methane and a 140 kW PEM
electrolyzer-based methanol plant powered by a 200 kW PV plant and grid power. Based
on this configuration and electricity price of USD 0.1150 per KWh, the PBP obtained was
higher than the threshold of 10 years of PBP for plant economic viability. Later, sensitivity
analysis with the RSM approach led to assessing the influence of the three main design
variables—PV plant size, electrical energy purchasing cost, and reduction in PEM capital
cost—on the PBP response.

Around 750 households in Uganda could be supplied throughout the year with
33.3 tons of methanol and 70.1 tons of biomethane. The PV power plant and the PEM
electrolyzer are the most influential components in capital costs, representing 50% and
25%, respectively. Meanwhile, the biogas upgrading, anaerobic digestor, and methanol
synthesis units resulted in a marginal value, representing 25% of the total cost. Due to its
impact on capital cost and importance in ensuring the plant’s continued operation, the
size of the PV plant was a factor to be considered in the sensitivity analysis. Given the
close dependence between PV plant size and energy purchased from the grid to meet the
proposed plant’s energy demand, the electricity price variation was part of the sensitivity
analysis. In addition, PEM electrolyzer capital costs and their potential reduction were also
important considerations for its inclusion.

The effect of PV plant size was the most considerable factor associated with the PBP
response, followed by electrical energy purchasing cost, the interaction between both
factors, and finally, the PEM electrolyzer capital cost reduction. These findings point to
energy generation costs as the major factor impacting the economic viability of these small-
scale designs, even more than the PEM’s capital cost reduction variable. The response
surface analysis revealed that only in a reduced region of the design space are values found
that meet the threshold of 10 years for plant economic viability. Specifically, values equal to
or less than 10 years of PBP are generated from PEM reductions above 14.4% at electrical
energy purchasing costs of USD 0.1150 per kWh and a PV plant size of 200 kW maximum,
a reduction in PEM capital cost of 40%, and values lower than USD 0.1215 per kWh and
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280 kW. The minimum PBP value of 9.4 years can be obtained in an optimal combination
of factors.

Research on small-scale decentralized methanol and methane production based on
biogas has uncovered economic viability, albeit in a small region of the design space. To-
wards this end, advancing the modularity and flexibility of the proposed plant components
could, in the future, provide benefits of generating clean biogas-based fuels for upgrading
or transforming into synthetic fuels that are accessible to populations in LMICs.
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