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ABSTRACT 

To tackle the increasing global energy demand the climate change problem, the integration of 

renewable energy and negative emission technologies is a promising solution. In this work, a novel 

concept called “negative emission hybrid renewable energy system” is proposed for the first time. 

It is a hybrid solar-wind-biomass renewable energy system with biochar production, which could 

potentially provide energy generation, carbon sequestration, and waste treatment services within 

one system. The optimization and the conflicting economic and environmental trade-off of such 

system has not yet been fully investigated in the literature. To fill the research gap, this paper aims 

to propose a stochastic multi-objective decision-support framework to identify optimal design of 

the energy mix and discuss the economic and environmental feasibilities of a negative emission 

hybrid renewable energy system. This approach maximizes energy output and minimizes 

greenhouse gas emissions by the optimal sizing of the solar, wind, combustion, gasification, 

pyrolysis, and energy storage components in the system. A case study on Carabao Island in the 

Philippines, which is representative of an island-mode energy system, is conducted based on the 

aim of achieving net-zero emission for the whole island.  For the island with a population of 10,881 

people and an area of 22.05 km2, the proposed optimal system have significant negative emission 

capability and promising profitability with a carbon sequestration potential of 2795 kg CO2-eq/day 

and a predicted daily profit of 455 US$/day. 

Keywords: Biochar; Gasification; Hybrid renewable energy system (HRES); Optimization; 

Pyrolysis; Negative emission technologies (NETs) 
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1 INTRODUCTION  

As a proactive measure to reduce the risk and impacts of climate change, the Paris Agreement 

targets to hold the increase of the global average temperature to well below 2°C compared with 

pre-industrial levels by the end of this century and pursues efforts to limit it to 1.5°C [1]. It can be 

translated into a target of limiting the atmospheric greenhouse gas concentration to a range of 430-

480 parts per million (ppm) equivalent carbon dioxide emissions (CO2-eq) [2]. The carbon dioxide 

emission generated from fossil fuel combustion and industrial processes accounted for 65% of 

global greenhouse gas emission in 2010, and the energy sector was found to be the largest source 

for greenhouse gas emission [3]. Although the penetration of renewable energies in the energy 

systems grows steadily in recent years [4], the energy sector is still a major contributor to global 

greenhouse gas emission [5] due to the continuous growth of energy demand and the high reliance 

on fossil fuels [6]. In the most recent assessment report published by IPCC, 65% of the carbon 

budget in keeping the 2°C target has been consumed [7]. With an increase of 1.4% after three years’ 

plateau, the global energy-related greenhouse gas emission (GHGe) reached its highest value of 

32.5 gigatonnes (Gt) in 2017 [8]. Therefore, substantial emission reductions in the energy system 

would be needed to meet the targets of the Paris Agreement [9].  

Under this context, there is an on-going transition of the energy system towards sustainable, low-

carbon, and affordable electricity derived from renewable energies. Renewable energy 

technologies, especially those utilizing solar, wind, and biomass resources, have been widely 

studied and developed as an alternative to fossil fuels for energy production. However, considering 

the rate of greenhouse gas emissions, the growth of energy demand, as well as the short of 

efficiency to promote emission mitigation strategies so far, it is challenging to meet Paris 

Agreement targets without Negative emission technologies (NETs) [10]. NETs are technologies 

that remove greenhouse gas from the atmosphere [11]. As summarized in Table 1, various NETs 

have been proposed, including afforestation and reforestation (AR), soil carbon sequestration 

(SCS), biochar for soil amendment, bioenergy production with carbon capture and storage 

(BECCS), enhanced weathering (EW), direct air capture (DAC) of CO2 from ambient air and 

storage, and ocean fertilization (OF) [12]. In the meanwhile, negative emission technologies 

(NETs) are also widely investigated in recent years along with the traditional mitigation methods 

such as renewable energies [13]. 

Table 1. Main features of the typical NETs. 

NETs 

Maximum 

Potential 

CO2 

removal 

capacity 

(Gt-CO2-

Technical 

Readiness 

level (TRL) 

[14] 

Maximum 

land 

requirement 

(Mha) [15] 

Water 

requirement 

(km3/yr) 

[15] 

Maximum 

energy 

requirement 

(1018 J/yr) 

[15] 

Estimated 

cost 

(USD/ t-

CO2-eq.) 

[14]  
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eq./yr) 

[14,15] 

BECCS 2.4-10 4-6 380-700 720 -170 70-250 

Biochar 0.7-3 4-6 40-260 0 -14 to -65 8-300 

DAC 3.3-10 3-6 Little 10-300 156 40-600 

EW 0.2-0.4 6-7 2-10 0.3-1.5 46 60-200 [16] 

FR 1.5-3 6-7 320-970 370-1040 Little 20-100 

OF 0-1 1-4    71-330 [17] 

 

Among the NETs, carbon sequestration by biochar is one of the most attractive options with high 

technical readiness, good carbon abatement potential, and moderate cost [18]. As a carbon-rich 

solid residue derived from gasification and pyrolysis, biochar has been recognized as an effective 

carbon abatement tool upon its application to soil. Since CO2 is absorbed during plant growth, 

there is a net zero emission of CO2 when biomass is combusted. Through converting biomass into 

biochar for soil application, a significant amount of carbon could be sequestrated, leading to a net 

removal of CO2 from the atmosphere. Additionally, biochar could also increase soil organic matter 

[19], microbial activity [20], water retention, and crop yields [21], while decrease fertilizer needs, 

soil greenhouse gas emissions, nutrient leaching, erosion, pollutant bioavailability and pollutant 

mobility [22–24], leading to an overall effect of indirect carbon abatement. 

To produce both biochar and electricity, two waste-to-energy technologies are commonly applied: 

gasification and pyrolysis. Gasification could convert a carbonaceous feedstock into heat, biochar, 

and producer gas, which mainly consists of CO2, CO, H2, CH4, and N2 in a high-temperature, 

oxygen-insufficient environment [25]. In the pyrolysis process, organic material decomposes 

mainly into pyrolytic gas, pyrolytic oil, and biochar in the absence of oxygen [26]. In these 

processes, heat contained in the gas phase can be used to generate electricity. When more biochar 

is produced, less energy is contained in the gas phase, leading to a lower electricity generation rate 

and vice versa. As the amount of electricity and biochar productions are negatively correlated, 

there is a trade-off between them, which further leads to a trade-off between economic profit and 

carbon sequestration. Another thermal chemical process, combustion, can be employed to increase 

the energy utilization efficiency of the biomass. Complementary power generation methods can 

also be incorporated to target higher carbon sequestration goals while meeting the electricity 

demand in a system level. As solar and wind resources are abundant, endless, and accessible with 

no cost [27], solar photovoltaic (PV) and wind energy are recognized as two promising and popular 

choices for renewable power generation.  

Therefore, it is important to select the most economical pathways and sizes of the system 

components to maximize the economic and environmental performance of the NEHRES while 

meeting the power supply requirements.  



 

4 

 

In order to effectively design a NEHRES that possesses carbon sequestration and cost-

effectiveness while ensuring reliable energy supply, optimization methods can be used. In this 

study, we aim to propose a decision-support framework for the optimal design of a NEHRES. A 

case study on a standalone rural island where solar, wind and biomass resources are available will 

be conducted to demonstrate the proposed framework and the feasibility of a negative emission 

hybrid renewable energy system.  

The remaining part of the paper is organized as follows. Section 2 presents a brief and general 

review of the state-of-the-art optimization methods for the design of renewable energy systems 

and the contribution of this work to the research field. A proposed stochastic multi-objective 

optimization framework for the design of the NEHRES is detailed in Section 3. The background 

of the case study will be introduced in Section 4. The results and discussion of the case study will 

be provided in Section 5 and the conclusions drawn in Section 6. 

2 LITERATURE REVIEW 

A problem of renewable energy is that it is highly dependent on the environment, which can lead 

to an intermittent and fluctuating power generation. This problem poses challenges for the energy 

system to provide a stable and reliable electricity supply. Two solutions to this problem, energy 

storage and HRES, have been proposed by the researchers. An energy storage system, such as a 

battery bank, can be used to store excess electricity for later use. It is currently a necessary 

component for renewable energy applications to ensure the reliability of the energy supply [29]. 

Further, the use of different energy sources in a HRES, can not only provide more flexible, reliable, 

and efficient electricity supply than a single renewable energy source but also reduce energy 

storage requirements [30].  

The design of a HERS is more complicated than a single renewable technology [31]. Since the 

financial investment, system operation, and supply-demand balance are dependent on the capacity 

of the system components of the HRES, how to achieve optimal sizing of the components in the 

HRES is a critical problem. Many studies have been conducted to investigate the optimization and 

sizing of HRES. Cost reduction, system reliability improvement, and environmental performance 

are typical optimization criteria. The optimization methods applied to the design of HRES can be 

categorized into conventional optimization methods (e.g. linear and non-linear 

programming, dynamic programming, multi-objective optimization, stochastic programming, and 

software such as HOMER, HYBRID2, HYBRIDS, RET Screen, TRNSYS and IHOGA [32]), 

artificial-intelligence-based techniques (e.g. ant colony, genetic algorithm, knowledge-based 

system, and particle swarm optimization), and hybrid techniques [33]. A detailed list of the recent 

research work on the optimization of HRES containing solar, wind, and biomass components is  



 

5 

 

provided in Table 2. 

 Table 2. Recent research work on the optimization of solar, wind, and biomass integrated HRES. 

 

Based on the literature review, it is found that few studies have looked into the incorporation of 

gasification and pyrolysis processes in the HRES, although a lot of research work has been carried 

out for solar-wind-biomass-integrated HRES. Moreover, there is a gap in understanding potential 

trade-offs between conflicting economic and environmental targets using a whole-system 

modeling and optimization approach not only for pyrolysis and gasification processes [42], but 

also for the NEHRES that contain these technologies.  

Authors and 

References 

Renewable energy 

sources 

NETs Methods Objective functions 

Pérez-Uresti et 

al., 2019 [28] 

Solar, wind, and 

biomass 

No Superstructure and 

mixed-integer nonlinear 

programming 

Total annual cost 

Meng et al., 2019 

[34] 

Solar, 

wind, biomass, and 

tidal 

No Multi-objective 

stochastic chance 

constrained 

programming  

Economic optimality, 

environmental friendliness, 

and energy exploitation and 

utilization efficiency 

Gonzalez et al., 

2018 [35] 

Solar, wind, and 

biomass 

 

No Genetic algorithm-

based multi-objective 

optimization 

Economic and 

environmental impact are 

minimized 

Ahmad et al., 

2018 [36] 

Solar, 

wind, and biomass 

No Homer Pro  Levelized cost of energy 

Hocine et al., 

2018 [37] 

Solar, 

wind, biomass, and 

tidal 

No A hybrid uncertainty 

goal programming 

approach proposed 

Investment costs, operating 

and maintenance 

costs, primary energy 

saving, realization time, 

sustainability of climate 

change, and job creation 

Martín and 

Grossmann, 2018 

[38] 

Solar, wind, and 

biomass 

No Mixed-integer linear 

programming  

Surrogate models 

Production cost 

Chauhan and 

Saini, 2017 [39] 

Solar, wind, micro-

hydro, and biomass 

No Integer linear 

programming 

Demand response 

Total annualized cost  

Chauhan and 

Saini, 2016 [40] 

Solar, wind, micro-

hydro, and biomass 

No Techno-economic 

Load shifting based 

demand-side 

management strategy 

has been suggested 

 Net present cost 

Singh et al., 2016 

[41] 

Solar, wind, and 

biomass 

No Evolutionary 

algorithms 

Annualized system cost  



 

6 

 

Therefore, the motivation of this work is to fill the aforementioned research gaps and identify 

potential renewable mix that could possibly address the energy, climate change, and waste 

management issues simultaneously. The contributions of this paper are summarized as follows: 

 Proposes a superstructure of biochar-integrated HRES that could achieve the goals of energy 

generation, carbon sequestration, and waste treatment services, as well as a novel concept of 

negative emission hybrid renewable energy systems for the first time. 

 Carries out detailed modeling of different components in the NEHRES and employed data-

driven models to depict the gasification and pyrolysis processes. 

 Develops a multi-objective stochastic decision-support framework for the optimal design of a 

NEHRES considering economic and environmental criteria.  

 Investigates the trade-off between carbon sequestration and economic benefit for a NEHRES, 

and demonstrates the system design and operation, sensitivity and robustness of the system 

subject to different scenarios, and the potential application of the NEHRES to different scales. 
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3 METHODOLOGY  

The proposed layout of the NEHRES is shown in Figure 1. In the system, gasification and pyrolysis 

are the key contributors to negative emission through biochar production and application, while 

solar PV, wind, and biomass combustion technologies serve as main sources for electricity supply. 

The producer gas undergoes several processes and enters the turbine for electricity generation. 

When gasification and pyrolysis processes are chosen for biomass conversion, the liquid and solid 

products undergo the separation process to obtained biochar, which would be finally applied for 

carbon sequestration and soil amendment. Electricity generated from the biomass, solar, and wind 

resources is controlled and regulated with an energy storage system to adapt to the load. The size 

of the biomass conversion technologies is determined by the capacity of the individual equipment 

while the PV and wind systems are dealt with as modular systems, meaning the size of the PV and 

wind systems is determined by the number of modules installed. Generation, storage, and 

discharge of electricity are also determined according to a control strategy that optimizes the 

objectives in the model. 

 

Figure 1. The schematic diagram of NEHRES. 

Based on the NEHRES scheme, the decision-support framework for the sizing of the NEHRES is 

demonstrated in Figure 2. The framework includes data collection and analysis, system modeling, 

optimization, and post-optimality analysis. 
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Figure 2. The decision-support framework for the design of the NEHRES. 

The first step in the proposed method is data compilation regarding local renewable energy 

resources which are usually featured by temporal fluctuations or seasonality for the stand-alone 

system. Then the input data are fed into the energy conversion models. In this case, wind speed 

and temperature are required to calculate the maximum potential of power generated from the wind. 

Solar radiation and temperature are used to estimate the maximum possible power generation 

derived from solar energy. The availability of biomass waste is utilized to assess the maximum 

production of electricity and biochar from different thermochemical processes. The maximum 

resource availability is used as the resource constraints in the optimization process. The actual 

electricity and biochar production is calculated by the conversion model using the number of wind 

turbines, solar panels, and the feeding rates of biomass as input. These input values are also the 

decision variables that determine the size of each component of the NEHRES.  

The outputs of the two major products of the NEHRES (i.e. electricity and biochar), the electricity 

demand data, the price and cost data, and the life-cycle greenhouse gas emission data serve as the 

inputs for the assessment of the economic and environmental performances of the system in the 

optimization model. Optimization solvers can be used to obtain the optimal system design and the 

corresponding economic and environmental performances. 

Finally, the optimal decision variables can be returned, and the results of the optimal sizing of each 

component and the corresponding economic and environmental performances of the NEHRES are 

obtained. TOPSIS analysis is used as a post-optimality analysis method to rank the Pareto solution 

based on the decision maker’s preferences. The results obtained from TOPSIS analysis can be used 

to assist the final decision making.  
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Details about the conversion and optimization models as well as the post-optimality analysis 

method are provided in the following subsections. The process of data collection and analysis is 

introduced in Section 3.1. The models of the components in the NEHRES is presented in Section 

3.2. The optimization model for the design of NEHRES is shown in Section 3.3. The post-

optimality analysis method for multi-objective optimization is described in Section 3.4. 

3.1 DATA COLLECTION AND ANALYSIS 

Data collection and analysis is the first step of system modeling. The electricity demand profile, 

the meteorological data, the biomass availability, unit capital and operating costs of the elements, 

and prices of electricity and biochar are needed to determine the optimum sizing of a hybrid 

renewable energy system. The electricity demand, the meteorological data, and the biomass 

availability data are obtained as time-series data on a daily (24-hour) basis. Linear interpolation is 

used to fill the gap of missing data in the time series. The costs and prices for the elements and 

processes as well as the interest rate can be obtained based on the local rates or the global average 

at the current year. By assuming that the climate pattern remains unchanged for a specific location, 

the average value of the meteorological data from the previous years is used to represent the yearly 

meteorological data throughout the lifespan of the NEHRES. The assumption of a similar pattern 

in the future years is also used to predict the value of other parameters throughout the lifespan of 

the NEHRES.  

3.2 SYSTEM MODELING 

The models for biomass conversion (combustion, gasification, and pyrolysis), solar energy 

conversion, wind energy conversion, and energy storage are illustrated in this section. 

3.2.1 Bioenergy conversion 

In this study, three different mathematical models were adapted to predict carbon sequestration 

potential and energy performance of combustion, gasification and pyrolysis process, respectively. 

For the combustion process, biomass feedstock is totally burnt into ashes while producing H2O 

and CO2. With the same biomass feedstock, combustion generally generates the largest amount of 

electricity with no biochar production, while pyrolysis produces the largest amount of biochar but 

least electricity, and gasification yields a moderate amount of electricity and biochar. 

Compositions (Yj) and higher heating value (HHV) of the feedstock are two major features for the 

three processes. As model inputs, features of the feedstock in each process are calculated by Eq. 

(1)-(2). 
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where Yj,p is the mass fraction of chemical composition j in process p, Fi,p  is the mass flowrate of 

each type of biomass i in process p, Yj,i is the amount of composition j in biomass i, HHVp is the 

higher heating value of feedstock in process p, and HHVi is the higher heating value of biomass i. 

3.2.1.1 Combustion 

In the combustion model, the input variables are the mass flowrate and higher heating value of 

feedstock fed into the combustion process. It is assumed the total energy contained in the feedstock 

is consumed to generate electricity in the combustion process. The only output of the combustion 

model is electrical power Pc, which is calculated as: 

 

3.6

c c c
c

HHV eff F
P

 
  (3)  

where HHVc is the higher heating value of feedstock in the combustion process, effc is the electrical 

efficiency of an incineration plant (the ratio of electricity output to the energy of feedstock), and 

Fc is the mass flowrate of total biomass waste.  

3.2.1.2 Gasification 

For the gasification process, a machine learning model based on artificial neural networks (ANN) 

[43] is adapted to predict the composition and production rate of both producer gas and biochar. 

This is a type of data-driven method which has various advantages. For one thing, when the first-

principle model of a system is unknown, data-driven methods such as machine learning can be 

used to build up a model to describe the relation of the input and output variables based on the 

available inputs and outputs information. For another, data-driven models (e.g. ANN) can 

potentially reduce the computational cost and fasten the optimization process compared with a 

first-principle model, which may consist of a series of differential equations.  

The gasification process in this study is simulated using five ANN models, one for each gas output 

(CO, CO2, H2, CH4, and total gas yield). Details about the ANN models and parameters can be 

found in the Supplementary Information. 

The electrical power P is generated from burning the producer gas in the internal combustion (IC) 

engine, which is calculated by the following equation:  

 

3.6

thermal WtoEHHV eff eff F
P

  
  (4)  

where HHV is the higher heating value of biomass fed into the process, effthermal is the thermal 

efficiency of IC engine (the efficiency of converting the energy of feedstock to mechanical work), 

effWtoE is the efficiency of converting mechanical work to electricity, and F is the mass flowrate of 

biomass fed into the process.  
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The total amount of fixed carbon M(C)g derived from gasification is calculated based on mass 

balance: 

 
2 4

, ,

2 4

( ) ( )CO C CO C CH C
gasification g feed C gas g gas gas

CO CO CH

Y M Y M Y M
M C F Y Y F

M M M


  
         (5)  

where Yc is the mass fraction of carbon in feedstock, Ygas is the producer gas yield predicted by the 

model, ρgas is the density of producer gas, YCO, YCO2, and YCH4 are the mass fraction of CO, CO2, 

and CH4 in the producer gas, respectively, and MCO, MCO2, MCH4, and MC are the molecular weights 

of CO, CO2, CH4, and carbon, respectively. 

3.2.1.3 Pyrolysis 

In the pyrolysis process, organic material decomposes mainly into pyrolytic gas, pyrolytic oil, and 

biochar in the absence of oxygen. This work adapted an empirical model of biomass pyrolysis to 

predict the production of biochar as well as gaseous and liquid biofuels [44]. The model inputs 

include peak pyrolysis temperature Tp, and the mass fraction of C, O, H and lignin on dry-ash-free 

(DAF) basis. The empirical correlations to calculate the yields of different products are 

summarized the Supplementary Information. 

Similar to the gasification model, the outputs for the pyrolysis model include electrical power and 

the total amount of fixed carbon. Pyrolytic gas is also burnt in the internal combustion engine to 

produce electrical power, which could be calculated using Eq. (4). On the other hand, the total 

amount of fixed carbon in the biochar could be calculated using the following equation: 

 
, ( )( ) pyrolysis p feed char C charM C F Y Y    (6)  

where Fp (kg/h) is the mass flowrate of total biomass waste fed to the pyrolysis process, Ychar is 

the yield of biochar, and YC(char) is the mass fraction of fixed carbon contained in biochar. 

For the biochar generated by the gasification and pyrolysis processes, the carbon sequestration 

performance of biochar can also be evaluated using a carbon stability factor (WCO2/C) [45], which 

indicates the amount of CO2 sequestrated for each unit of fixed carbon. Therefore, it ranges from 

zero to 3.66 g CO2eq/g biochar-C. It is calculated by: 

 1/2

2

ln(0.5)/

/ 3.66 (1 )
t TH

CO CW e


    (7)  

where t1/2 is the half-life of biochar in soil and TH is the time horizon of interest. 

3.2.2 Solar energy conversion 

Generally, the electrical parameters including the maximum power current and voltage and the 

maximum power points measured under the standard rating conditions (SRC) (1 kW/m2 irradiance, 

25 °C cell temperature) are provided in the datasheet of the photovoltaic modules [46]. However, 

the power output can be influenced by the incident solar radiation, cell temperature, solar incidence 

angle and load resistance in real operation [47]. Two commonly used models, the single and double 

diode models, can be used to describe the actual behavior of the solar generator systems [48]. 
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Among the two models, the single diode model is more widely used due to its simplicity and 

competent accuracy [49]. The formulation of the single diode model is shown in Eq. (8)-(9).  

 
{exp[ ( ) 1}  se

l d se

sh

U R I
I I U R I I

R


 
        (8)  

 

s I c

q

N n kT
   (9)  

where Il, Id, and I are the light-generated current, diode saturation current, and the output current 

in the cell, respective. U is the voltage of the cell, Rse is the series resistance, Rsh the shunt resistance, 

ε is the modified ideality factor, q is the elementary charge (1.602×10-19 C), and Ns is the number 

of cells in series, nI is the diode ideality factor, k is the Boltzmann’s constant (1.381×10-23 J/K), 

and Tc is the cell temperature. 

The existing methods used to solve the single diode model can be categorized into the analytical 

method, analytical plus optimization method, and optimization method [46]. In this study, the 

analytical plus optimization method proposed by De Soto et al. is used [47]. The power generated 

by the photovoltaic system (Ps) can be calculated by: 

 
sP U I   (10)  

3.2.3 Wind energy conversion 

The wind power generation depends on the mechanical power captured by a wind turbine. It can 

be described by a wind-speed dependent piece-wise function shown in Eq. (11). There are three 

characteristic speeds of the wind turbine operation: the cut-in speed (vci), at which the blades of 

the wind turbine overcome the friction and start rotation; the rated speed (vr), above which the 

wind turbine is operated at its rated power; and the cut-out speed (vco), which is set to bring the 

blades to rest to avoid damage from strong wind. When the wind speed is less than the cut-in speed 

(vci = 5m/s) or larger than the cutout speed (vco = 20 m/s), there will be no generation. When the 

wind speed is above the rated wind speed and below the cut-out wind speed, the blade pitch angle 

of the wind turbine would be controlled to generate a constant output power (Pr). When the rated 

wind speed falls in the range between the cut-in speed and cut-out speed, the power generation is 

affected by the air density (ρ), the wind speed (v), the swept blade area (Ar), and the coefficient of 

power (Cp) which is a function of λ (λ = rωm/v) and the blade pitch angle [50]. 

 

3
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 (11)  

3.2.4 Energy storage 

The energy storage component balances the mismatch between electricity generation and 

consumption. Based on the characteristic of the supply-demand curve, the capacity, discharge time, 
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and frequency of charging and discharging requirements of the energy storage system can be 

determined. With such information, the technically suitable energy storage technology can be 

screened out from various types of existing storage options for the subsequent economic and 

environmental optimization. The capacity, the maximum amount of energy that can be stored, is a 

major design parameter for the energy storage system. To determine this value, the state of charge 

(SOCt) of the energy storage system, which indicates the amount of energy storage at any time t, 

can be calculated by:  

 
, , , ,

1 1 1 1

(1 ) (1 )
( ) ( ) ( ) ( )

2 2

t t t t

t

t t t t

in t out t in t out tSOC t t t tS S S S
 

   

 
            

(12)  

where Sin is the amount of energy entering the energy storage system, Sout is the amount of energy 

flowing out of the energy storage system, t is time, Δt is the length of each time interval, and η is 

the round-trip efficiency. 

3.3 OPTIMIZATION MODEL FOR THE DESIGN OF NEHRES 

Following the modeling of system components in Section 3.2, the optimization model for the 

design of NEHRES is presented in this section. As the economic and environmental performances 

are two critical concerns for an energy system, it is aimed to design the NEHRES by maximizing 

the profit and minimizing the greenhouse gas emissions with various constraints. A multi-objective 

optimization method can be applied for this purpose. In order to determine the optimal capacity of 

the energy storage system, which is dependent on the daily generation and demand profile, the 

assessment and optimization of the NEHRES are carried out based on a 24-hour operation. 

Accordingly, the two objective functions in the optimization are expressed on a daily basis, which 

is, in the form of the daily net cash flow (NCF) and daily greenhouse gas emissions (GHGe). The 

formulation of the objective functions is shown in Section 3.3.1 and 3.3.2. The constraints for the 

optimization is shown in Section 3.3.3. Finally, the overall stochastic optimization model is given 

in Section 3.3.4.  

3.3.1 Economic objective: Daily Net Cash Flow 

Life-cycle cost (LCC) analysis is a conventional method for the assessment of the techno-

economic feasibility of a HERS. In this study, a life-cycle cost-benefit analysis is used as the basis 

to calculate the daily net cash flow of the system. To make the calculation consistent with the daily 

scope of the evaluation, the investment cost is annualized and considered as part of the fixed cost, 

which is further converted to a daily fixed cost (FC) by dividing the number of days under 

operation in a year (top). Therefore, one of the objective functions, the daily net cash flow (NCF) 

is calculated using the below equation:  

 23

0

( ( ))t t

t

NCF FC Revenue VC


     
(13)  

where FC is the daily fixed cost, Revenuet is the hourly revenue from the sales of the products of 

the NEHRES, and VCt is the variable costs. Their values are calculated by the following equations:  
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where CAPEX is the total capital investment cost of the NEHRES, CRF is the capital recovery 

factor, and FOM is the fixed operating and maintenance cost, which is assumed to be proportional 

to the capital cost by a factor of α. CCAPEX,k is the unit capital investment cost of the component in 

the NEHRES, Cstorage_CAPEX_P and Cstorage_CAPEX_E are the unit power and energy capital investment 

cost of the energy storage component, Pcapacity,k is the capacity of the component, Smax is the power 

capacity of the energy storage component, and SOCmax is the energy capacity of the energy storage 

component. r is the interest rate and T the lifespan of the NEHRES.  VOMt is the variable operating 

and maintenance cost of the NEHRES at time t. Fuel is the fuel cost, which refers to the cost of 

the biomass in this case. Cvom is the unit cost of the operation and maintenance of the power 

generation components, Cstorage is the unit cost of the operation and maintenance of the energy 

storage component, Cfuel is the unit cost of the fuel, F is the mass of biomass fed into the biomass 

conversion process p at time t, and Δt is the time interval which is one hour in this study. Celec is 

the unit selling price of electricity, Psell,t is the amount of electricity sold at time t, Cbiochar is the 

unit selling price of biochar, and mbiochar,t is the mass of biochar sold at time t.   

3.3.2 Environmental objective: Daily greenhouse gas emissions 

Life cycle assessment (LCA) is a typical method for the evaluation of the environmental impact 

of a process or plant. Particularly, greenhouse gas emission is an essential environmental indicator 

for an energy system [51]. Therefore, this study mainly focuses on the greenhouse gas emission of 

the NEHRES for environmental assessment. The daily greenhouse gas emissions, the second 

objective function of the optimization model, is quantified based on the LCA results. The 

calculation of daily GHGe is shown below: 
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where qGHG,k is the unit amount of greenhouse gas emission of component k based on LCA. Pk,t is 

the amount of power produced from component k at time t. WCO2/C is the carbon stability factor, 

and M(C)p,t is the amount of fixed carbon generated by process p at time t. 

3.3.3 Constraints 

In the real world, optimization problems are usually carried out under the constraints of physical 

mechanisms, standards and regulations, and limits of system operation. For the design of NEHRES, 

there are also various constraints involved in its optimization, including the energy balance, 

resource limit, and system operation boundaries. 

 Energy balance 

The energy balance, describing the relation of energy streams flowing in and out of different 

components in the NEHRES, is shown in the below equation: 

 
, , , , ,( )gen k t in t out t sell t

k

P S S P    (23)  

where Pgen,k,t is the amount of electricity generated by technology k at time t. Sin,t and Sout,t are the 

amount of electricity entering into and discharging from the energy storage system at time t. Psell,t 

is the amount of electricity sold to the consumers at time t. Because of the inevitable loss of 

electricity through its transmission, the net energy flowing out of all the system components 

(including the energy storage) at any time should be more than the amount of electricity sold to 

the grid. 

 Resource limit 

The available land area and the availability of solar, wind, and biomass resources set the limits of 

the scale of the system and the maximum amount of energy generated from the system. These 

constraints are formulated in the following equations: 

 
,k capacity totak

k

lP LA   (24)  

 
, , , ,gen k t resource k tP P  (25)  

where Ak is the unit footprint each component k. Pcapacity,k is the capacity of component k. Ltotal is 

the land area available for the establishment of the system. Pgen,k,t is the amount of electricity 

generated from component k at time t, and Presource,k,t is the maximum amount of electricity 

generated from component k at time t caused by the limitation of solar, wind, and biomass 

resources. 

 System operation boundaries 

In addition to the energy balance and resource limit constraints, the electricity flows in the 

NEHRES are also constrained by the following operation boundaries of the system: 
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where Pgen,k,t is the amount of electricity generated from component k at time t and Psell,t the amount 

of electricity sold to the consumers. Sin,t and Sout,t are the amount of electricity entering into and 

discharging from the energy storage system at time t, respectively. Pcapacity,k is the capacity of 

component k, Dt is the electricity demand at time t, and SOCt is the state of charge of the energy 

storage system. Δx is the change of power between the beginning and the end of one time interval 

and dx is the maximum allowable rate of change of power. 

3.3.4 Stochastic Optimization and the Overall Optimization Model 

Typically, an optimization can be carried out using Eq.(1)-(31) deterministically (i.e., deterministic 

optimization) when perfect information about the model parameters are known. However, it is 

hard to ensure perfect knowledge of all parameters, especially of the availability of the natural 

resources in the future, at the time of designing the NEHRES. As uncertainty exists, optimizing 

the design of the NEHRES in a deterministic manner may lead to suboptimal decisions [52]. 

Seasonal variations of the solar, wind, and temperature profiles would consequentially lead to the 

stochastic states of the system operation, the life-cycle costs, and carbon dioxide emission of the 

NEHRES. Therefore, the uncertainty of the energy generation caused by the temporal fluctuations 

or seasonality of solar and wind resources should be taken into account on top of the multi-

objective optimization. To take into account the uncertainties, a stochastic programming approach 

is incorporated in the optimization model. Specifically, the design of the NEHRES is modeled as 

a two-stage stochastic programming problem, where the 1st stage and 2nd stage variables stand for 

“here-and-now” and “wait-and-see” decisions, respectively. “Here-and-now” decisions should be 

made before the uncertainty is revealed, while “wait-and-see” decisions are determined afterward. 

Figure 3 illustrates a two-stage stochastic optimization with five uncertain scenarios. After the 

uncertainty is revealed, scenarios S1 to S5 may happen with probabilities π1 to π5. Although 

different scenarios have the same 1st stage decision, they have different 2nd stage decisions and 

therefore different economic and carbon sequestration performances. Since all these scenarios 

could happen, the stochastic optimization can be used to find out the optimal 1st stage decision 

variables that maximize the overall system profit and the carbon sequestration ability accounting 

for all the possible scenarios and their probability of realization. 
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Figure 3. Illustration of a two-stage stochastic optimization. 

For the design of a NEHRES, the 1st stage decision variables are the capacities of the system 

components. The 2nd stage decision variables are the amount of resource fed to each system 

component, the generation, storage and sales of electricity, and the production of biochar. 

Therefore, the model of the multi-objective stochastic optimization problem can be summarized 

below: 
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To obtain the Pareto optimal solutions for the multi-objective stochastic optimization problem, the 

nonlinear programming problem (NLP) is solved in GAMS using the Baron solver. 

3.4 POST-OPTIMALITY ANALYSIS 

In the absence of preference criteria provided by the decision-makers, the non-dominated solutions 

from multi-objective optimization, which are the points on the Pareto-curve, are not comparable 

since they are equally good by definition [53]. Although the decision space has substantially 

decreased after the optimization, it is still necessary to make the single final decision on the design 

of NEHRES among the set of Pareto solutions. Therefore, the post-optimality analysis should be 

used in the final step of the decision-making process.  

For the post-optimality analysis, the technique for order of preference by similarity to ideal 

solution (TOPSIS) is used [54]. This method relies on the user-defined ideal (desired) and non-

ideal (undesired) solutions. It takes into account the similarity of each Pareto solution to the ideal 

and non-ideal solutions.  

The TOPSIS analysis is carried out in the following three steps: 

1. Collect the preference information from the decision-maker (i.e. the user-defined ideal and 

non-ideal solutions, the value of which for this study will be given in the following 

description).  

2. Calculate the evaluation matrix Dm using the following equations: 
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where EDm
non-ideal is the Euler distance between the user-defined non-ideal solution and 

each Pareto solution m, while EDm
ideal is the Euler distance between the user-defined ideal 

solution and each Pareto solution m. fm,n is the value of objective function n of each Pareto 

solution m, fn
non-ideal is the non-ideal value of objective function n specified by the decision 

maker, and fn
ideal is the ideal value of objective function n specified by the decision maker. 

3. Obtain the “best solution” by ranking the Pareto solutions according to Dm. A Pareto 

solution with a larger Dm in the TOPSIS has a higher ranking. 

In this study, a net-zero-emission scenario for the whole island is defined by the decision maker 

as an ideal solution by assuming that greenhouse gas released from the other sectors (e.g., 

residential, transport, industrial) on the island is totally absorbed by the NEHRES (fGHGe
ideal = -
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3866 kg CO2-eq/day). Moreover, the profit of a NEHRES in the ideal case is assumed to be the 

same as a fossil fuel based energy system (fNCF
ideal =263 US$/day). On the contrary, the non-ideal 

solution has the maximal possible greenhouse gas emission released from the NEHRES by feeding 

all biomass into combustion (fGHGe
non-ideal = 4538 kg CO2-eq/day) and no profit generation (fNCF

 non-

ideal =0 US$/day), as illustrated in Figure 4.  

 

Figure 4. An example of TOPSIS analysis for the NEHRES design problem. 

 

4 CASE STUDY SCENARIO SETTING 

The NEHRES is suitable for an off-grid agriculture-based island, where there are abundant 

biomass resources in the form of agricultural residues throughout the year in addition to solar and 

wind resources. The application of the NEHRES concept and framework is examined using a case 

study based on Carabao Island (also called San Jose Island) in the Philippines.  

Carabao Island is a rural island with a population of 10,881 people and an area of 22.05 km2 [55]. 

Currently, the electricity supply on the island is only available from 2 pm to 6 am [56]. With the 

potential renewable resources on Carabao Island, it is possible to design a NEHRES to meet the 

local electricity demand in a green and self-sustained manner.  

Information about Carabao Island is collected as an input to determine the design of the NEHRES. 

The solar radiation, wind speed, and temperature information on Carabao Island are shown in 

Figure 5. Currently, there is a lack of specific data on the availability of agricultural residues and 

the electricity demand on the island. Rice, sugarcane, and coconuts are the three major crops 

produced in the Philippines. Since Carabao Island is a rural island planned for the development of 

eco-farming and eco-tourism, the amount of potential crop residues on the island is forecasted 

based on the annual yields of the agricultural wastes in the Philippines. The biomass availability 

and their compositions are listed in Table 3 [57].  The local electricity demand is estimated based 
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on capital electricity production from the Luzon area. The estimated daily electricity profile on 

Carabao Island is shown in Figure 6.  

 

Figure 5. The box plots and average profiles of the solar radiation, wind speed, and temperature 

on Carabao Island for 24 hours  [58]. 

0

0.1

0.2

0.3

0.4

0.5

0.6

0.7

0.8

0.9

0 4 8 12 16 20

S
o
la

r 
ra

d
ia

ti
o
n
 (

W
/m

2
)

Time (h)

0

1

2

3

4

5

6

7

8

9

0 4 8 12 16 20

W
in

d
 s

p
e
e
d
 (

m
/s

)

Time (h)

20

22

24

26

28

30

32

0 4 8 12 16 20

T
e
m

p
e
ra

tu
re

 (
°C

)

Time (h)

Box plot Average



 

21 

 

 

Figure 6. The estimated 24-hour electricity profile on Carabao Island [59]. 

Table 3. Compositions of different feedstock. 

 

Mass 

flowrat

e (kg/h) 

C1 

(w%) 

H1 

(w%) 

N1 

(w%) 

O1 

(w%) 

Ligni

n1 

(w%) 

MC2 

(w%) 

VM2 

(w%) 

FC2 

(w%) 

Ash2 

(w%) 

HHV 

(MJ/kg) 

Sugarcane 51.42 41.58 5.80 0.45 52.09 21.6 9.92 81.55 06.9 11.7 17.74 

Bagasse 51.42 49.86 6.02 0.16 43.89 11.21 10.39 76.72 10.71 2.44 17.16 

Rice Husk 30.16 39.60 6.00 0.70 53.7 16.02 11.22 48.31 22.2 20.6 10.29 

Rice Straw 41.25 49.15 6.23 1.59 42.13 36.1 11.73 57.92 12.56 20.15 13.71 

Coconut 

shell 

23.37 

51.20 5.60 0.3 43.10 30.1 4.40 67.40 25.24 3.1 18.2 

Coconut 

coir 

14.95 

42.1 5.5 0.2 34.6 33.5 9.4 69.6 13.2 17.2 18.89 

Coconut 

frond 

67.13 

42.3 5.7 4.4 45.6 29.4 4.4 67.4 25.3 8.4 19.24 

1 Mass fractions of C, H, N, O, and lignin listed on dry ash-free (DAF) basis. 

2 Mass fractions of moisture content (MC), volatile matters (VM), fixed carbon (FC) and ash listed 

on a wet basis. 

5 RESULTS AND DISCUSSION 

The proposed multi-objective stochastic optimization framework for the NEHRES design is 

applied to the case study on Carabao Island. In the first place, the Pareto optimal solutions are 

obtained for the case study. Table 4 shows the values of the daily net cash flow and greenhouse 

gas emissions, as well as the capacities for the power generation and storage components in the 

NEHRES for each Pareto solutions.  
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Table 4. Optimal solutions for the case study. 

No. NCF GHGe Solar Wind Combustion  Gasification Pyrolysis Energy storage 

 (US$/day) (kg CO2-eq/day) (kW) (kW) (kW)  (kW) (kW) (kW) 

1 455 -2795 184 162 257  49 4 77 

2 514 -2500 164 108 240  65 2 23 

3 549 -1750 110 82 243  65 0 25 

4 555 -600 139 67 298  0 5 34 

5 580 -500 101 33 286  14 1 50 

6 594 0 90 23 298  0 2 43 

7 603 363 95 4 298  0 0 47 

 

In order to further interpret the results, the Pareto curve for the multi-objective optimization will 

be presented in Section 5.1. To make the final decision based on the optimization and the 

preference of the decision maker, post-optimality analysis has been carried out, and the result is 

shown in Section 5.2. The design of the recommended solution selected based on the decision-

making framework is presented in Section 5.3. Since the input meteorology data is represented by 

twelve possible scenarios, there are twelve possible operation scenarios correspondingly. One of 

the possible operation scenarios for the recommended solution is shown in Section 5.4. The effects 

of constraints and uncertainty on the optimization result are discussed in Section 5.5 and 5.6. A 

comparison between the recommended NEHRES and other energy systems will be shown in 

Section 5.7. For general applications of the NEHRES to places with drastic differences in size (or 

population), a discussion on the scale of application is presented in Section 5.8 as further 

exploitation of the case study.  

In addition, interested readers can find more information about a demonstration of a weekly 

operation of the proposed NEHRES and a sensitivity and robustness analysis of the system in Part 

D and E of the Supplementary Information.  

5.1 PARETO CURVE FOR THE CASE STUDY 

To compare different effective solutions, the trade-off between the two objective functions is 

depicted by the Pareto curve shown in Figure 7. Points labeled with 1-7 in Figure 7 refer to the 

optimal Pareto solutions with the same number defined in Table 4. 
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Figure 7. The Pareto curve for the multi-objective stochastic optimization of the NEHRES for 

Carabao Island. 

From the Pareto curve, it can be found that there is no single solution of NEHRES design that can 

maximize the profit and minimize greenhouse gas emissions at the same time with the current set 

of parameters. As shown in Figure 7, the Pareto curve is monotonic, nonlinear, and nonconvex. 

For the optimal solutions of the NEHRES design, the net cash flow increases with increasing 

greenhouse gas emissions. The trend indicates that it is unable to increase the optimal net cash 

flow without worsening the total carbon sequestration ability of the system. Therefore, all the 

points on the Pareto curve are equally optimal. 

Moreover, changing the system design may have a more significant effect on carbon emissions 

than the profitability of the NEHRES on the whole. The changing slope of the Pareto curve 

indicates that increasing the same amount of net cash flow at a different starting point may lead to 

a different level of the decline of the carbon sequestration ability of the NEHRES. Overall, by 

varying the design of the NEHRES the optimal NCF could change from 455 US$/day to 603 

US$/day, while the GHGe would range from -2795 kg CO2-eq /day to 363 kg CO2-eq/day. 

5.2 POST-OPTIMALITY ANALYSIS AND DECISION-MAKING 

The results of TOPSIS analysis is shown in Figure 8, where each bar indicates the Dm value for 

the corresponding Pareto solution in Figure 7. A solution with a larger Dm value is preferred as it 

is further away from the non-ideal point and closer to the ideal point. In Figure 8, Pareto solution 

1 has the largest Dm value while Pareto solution 7 has the smallest. From solution 1 to solution 7, 

the Dm value decreases monotonically. 
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Figure 8. The result from the TOPSIS analysis of the points on the Pareto curve. 

According to the quantitative assessment, the solution that minimizes the GHGe objective 

individually (Pareto solution 1) is the most preferred choice for the design of a NEHRES based on 

the current set of decision-makers’ preferences. The relative position of the ideal point, non-ideal 

point, and the Pareto solutions of this case study can be represented in Figure 4. The recommended 

solution (Pareto solution 1) is the closest point to the user-defined ideal solution (263, -3866) and 

furthest from the user-defined non-ideal solution (0, 4538) among all Pareto solutions.  

Therefore, the recommended solution for the design of NEHRES has a daily net cash flow of 455 

US$/day and a greenhouse gas emissions of -2795 kg CO2-eq/day. It is both economically and 

environmentally attractive compared with the user-defined ideal solution. The recommended 

NEHRES outperforms the user-defined ideal solution by 73% in terms of daily profit. Although 

the carbon sequestration performance of the recommended NEHRES is not enough to achieve the 

ideal scenario of net-zero emission on the whole island defined by the decision maker, it is still 

attractive enough to offset 72% of the total greenhouse gas released from the other sectors 

(residential, transport, and industrial) on the island. To provide further insight into the 

recommended system, the design and the operation of the components in the NEHRES are 

discussed in the next two sections.  

5.3 DESIGN OF THE SYSTEM COMPONENTS 

Figure 9 shows the capacities of the components in the recommended NEHRES. 
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Figure 9. Capacities of the components in the recommended NEHRES. 

All the candidate components are contained in the recommended NEHRES. Combustion has the 

largest capacity (257 kW) among all the major components in the recommended NEHRES, 

accounting for 35% of the capacity of the whole NEHRES. The joint capacity of solar and wind 

power generation takes up nearly half of the total system capacity. The solar PV system is 162 kW, 

containing 1038 PV panels with panel size 1.5m×0.8m. The 184 kW wind power generation 

system includes 47 wind turbines, each of which has a rotor diameter of 7.2 m. The energy storage 

system is a vanadium redox battery (VRB) with a capacity of 77 kW. Last but not least, the 

gasification and pyrolysis systems have power capacities of 49 kW and 4 kW, respectively. 

Although these two processes generate less electricity than the other components, they produce all 

the biochar for the NEHRES. As the design of the NEHRES is tightly related to the system 

operation, the information on the operation of the NEHRES is needed to fully understand the result 

for the NEHRES design.  

5.4 OPERATION OF THE SYSTEM COMPONENTS 

After the realization of the uncertain meteorology scenarios, twelve optimal operation scenarios 

are generated. For the operation of the NEHRES, the amount of generation, storage, and sales of 

products are of major concern. One possible operation scenario of the recommended NEHRES is 

demonstrated here. Figure 10 shows the one possible scenario of the generation, storage, discharge 

and sales of electricity of the recommended NEHRES. Figure 11 shows the one possible scenario 

of the biochar generation from the NEHRES, which is further broken down into the amount of 

biochar derived from gasification and pyrolysis processes. 
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Figure 10. One possible scenario of the 24-hour electricity profile of the recommended 

NEHRES. 

 

Figure 11. One possible scenario of the 24-hour biochar production profile of the recommended 

NEHRES. 

Figure 10 is a stacked area plot that depicts the electricity flows in the NEHRES. The solar power 

generation starts at 6:00, peaks at 11:00, and decreases to zero at 20:00. Since there is no solar 

radiation before 6:00 or after 20:00, there is no electricity generation during these time intervals. 

Unlike solar power generation, electricity is generated from the wind and gasification continuously 

throughout the day. Combustion also generates a large amount of electricity in the day although 

there are two one-hour breaks for the combustion components seen at 11:00 and 13:00. Pyrolysis 

is under operation for 20 hours except for the period from 17:00 to 21:00. The energy storage 

component is working for an electric charge from 1:00 to 11:00, during 12:00, and from 14:00 to 
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16:00. The stored electricity is discharged from the energy storage component during 11:00, 13:00, 

and from 17:00 to 21:00. In this scenario, all the components installed in the NEHRES take part 

in the electricity generation or storage. 

With respect to biochar production, the amount of biochar derived from gasification is about 40 

kg/h throughout the day as shown in Figure 11. In the pyrolysis process, the biochar production 

rate is about 18 kg/h before 14:00, decreases to about 6 kg/h for 2 hours, turns to zero production 

for the following 4 hours, and gradually increases to 8.7 kg/h during the remaining 3 hours.  

The wind component generates the largest amount of electricity throughout the day, followed by 

combustion, gasification, solar, and pyrolysis. Since the recommended solution is the case where 

the GHGe emission is the minimum among all the possible designs of the NEHRES, pyrolysis is 

a preferable technology due to its highest carbon sequestration potential among all candidates. 

Gasification is the second top-ranking technology for carbon sequestration. For the remaining three 

technologies, combustion has a larger life-cycle greenhouse gas emission than wind energy 

systems whereas the solar PV system has an even higher emission value than combustion 

throughout its life cycle. Therefore, pyrolysis and gasification should be the most favorable choices 

for both the design and operation of the NEHRES. If there is no system or resource limitation, 

pyrolysis would be the only component in the system when the GHGe objective is minimized 

because it can produce the largest amount of biochar while generating electricity. However, for 

the recommended NEHRES, not all the generation duty is allocated to pyrolysis. This contradiction 

to the ideal design and operation is caused by the resource limit, which will be illustrated in the 

next section. 

5.5 EFFECT OF SUPPLY-DEMAND CONSTRAINTS 

The optimal design and operation of the NEHRES are not only affected by the objectives in the 

optimization, but also the constraints. Moreover, the design and operation of the NEHRES are 

interactive in the optimization. The possible operation of the NEHRES is constrained by the 

resource limit and the design capacity of the components in the system. In this section, the effect 

of the constraints on the design and operation of the recommended NEHRES is discussed. 

To demonstrate the effects of the resource limit constraint, three extreme scenarios are created 

based on two assumptions. Firstly, it is assumed that the solar and wind components of the 

recommended NEHRES are optimally operated to utilize the maximum available solar and wind 

resources, which is also the same as the operation scenario for the recommended NEHRES 

discussed in Section 5.4. Secondly, the capacities of the combustion, gasification, and pyrolysis 

components are set to be unbounded and all the biomass feedstock are fed into one of the three 

components for each extreme scenario. Figure 12 shows the three extreme scenarios when fully 

utilizing solar, wind, and biomass resources via different biomass conversion processes.   
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Figure 12. The electricity generation profiles with full utilization of the solar, wind, and biomass 

resources: (a) solar-wind-pyrolysis; (b) solar-wind-gasification; (c) solar-wind-combustion. 

In this study, meeting the electricity demand is a constraint for the NEHRES design. From Figure 

12, it can be found that feeding all the biomass feedstock to pyrolysis (shown in Figure 12(a)) or 

gasification (shown in Figure 12(b)) is unable to meet the electricity demand. The three biomass 

conversion technologies are competing for limited biomass resource. For the recommended 

NEHRES where the greenhouse gas emission is preferred to be minimized, pyrolysis has the 

priority to utilize the biomass feedstock due to its highest carbon sequestration potential among 

the three processes, followed by gasification, and lastly the combustion process. Because case (a) 

in Figure 12 cannot fulfill the electricity demand, a proportion of biomass would be redistributed 

to the gasification process and then the combustion process to satisfy the constraint. Therefore, the 

resource limit constraint determines the necessity of gasification and combustion component in 

the recommended NEHRES even though they have larger net greenhouse gas emission than 

pyrolysis, which explains the contradiction mentioned at the end of the last section (Section 5.4).   

In addition, due to the uncertain weather conditions, solar and wind resources can be far less than 

the current scenario. In order to satisfy the electricity constraint, the optimal design of NEHRES 

obtained by stochastic optimization should be able to deal with the worst-case scenario where there 

are little wind and solar resources. As a result, the capacity of the combustion component obtained 

from stochastic optimization would be higher than that obtained from the deterministic 

optimization under this specific weather scenario, which explains why the combustion component 

has the largest design capacity among all the components in the recommended NEHRES.  

5.6 EFFECT OF UNCERTAINTY 

To further understand the effects of uncertainty on the design of NEHRES, the same optimization 

procedure is carried out using a deterministic model, in which the mean value of each meteorology 

parameter is used to replace the set of different weather scenarios of the stochastic model. The key 

results of the deterministic optimization are shown in Figure 15.   
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Figure 13. Results for the deterministic optimization of the NEHRES: (a) Pareto curve; (b) 

Capacities of different components in the NEHRES. 

Figure 13 demonstrates that the consideration of uncertainty of weather conditions will lead to a 

more conservative design which has a larger combustion capacity and a larger capacity of the 

whole system to ensure secure electricity supply under all possible uncertain scenarios. This would 

also lead to less profit or more GHGe compared with the model that ignores uncertainties. Figure 

13 (a) shows the Pareto curve of the deterministic model is to the right of the stochastic model, 

indicating a higher profit resulted from the deterministic model than the stochastic model under a 

fixed GHGe value. Figure 13 (b) shows the total capacity of the NEHERS system obtained from a 

stochastic optimization is larger than that of a deterministic optimization. The solution obtained 

from the stochastic model has larger combustion, wind, and storage capacities and smaller solar, 

gasification, and pyrolysis capacities. As it is mentioned in Section 5.5, the larger capacity of the 

combustion component derived from a stochastic model attributes to the consideration of the 

worst-than-average weather conditions for electricity generation. Because wind and energy 

components are non-biomass-based technologies with smaller GHGe compared with combustion, 

the capacities of wind and energy storage components of the NEHRES also increase to mitigate 

greenhouse gas emission with expanded combustion capacity in a stochastic model.  

5.7 COMPARISON WITH OTHER ENERGY SYSTEMS 

In order to compare the performance of NEHRES with other energy systems, the levelized GHGe 

and the leverlized profit for different energy storage systems are calculated. The Asia-specific 

levelized cost and the GHGe data of a range of representative energy systems is a from the 

literature. The values for NEHRES is based on the proposed optimization results while the local 

electricity price together and the levelized cost data are used to estimate the levelized profit for 

other energy systems. Figure 14 and 15 show the levelized GHGe and levelized profit of the 

proposed NEHRES and the other energy systems. 
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Figure 14. The levelized GHGe of the proposed NEHRES and the other energy systems. 

 

Figure 15. The levelized profit of the proposed NEHRES and the other energy systems. 

Compared with other energy systems, the recommended NEHRES has greenhouse gas reduction 

(negative emission) potential while others do not. As shown in Figure 14, the recommended 

NEHRES has the potential to sequestrate 0.37 kg CO2-eq greenhouse gas for each kW of electricity 

generation. In contrast, other energy systems release greenhouse gas during electricity generation. 

Particularly, fossil fuels (lignite, coal, oil, and natural gas) release the largest amount of greenhouse 

gas (at least 0.5 kg CO2-eq /kW) among the energy systems. As an example of comparison, the 

recommended NEHRES is able to offset approximately half of the GHG released by a coal fire 

power system while producing the same amount of electricity.  
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In terms of economic performance, the recommended NEHRES has a competitive economic 

performance compared with other energy systems. As shown in Figure 15, the recommended 

NEHRES has a levelized profit lying between a single solar PV system and a single biomass power 

generation system. It is less profitable than the biomass, onshore wind, and hydroelectric power 

generation systems, however, it is more economical than a fossil-fuel based energy system in the 

long run due to the low cost of energy sources.  

Despite the economic feasibility and the environmental benefits of the NEHRES, the technical 

feasibility is a critical issue for its deployment. The proposed NEHRES is a hybrid system of solar, 

wind, combustion, gasification, and pyrolysis technologies. At the current stage, solar and wind 

are relatively mature technologies with a large scale of commercialization. Most of the energy 

storage technologies also have a high technology readiness level. However, the bottleneck lies in 

the gasification and pyrolysis technologies as they are still under the technology development and 

demonstration phase. To facilitate the realization of the NEHRES, more effort is needed for the 

development and commercialization of the gasification and pyrolysis technologies. 

5.8 APPLICATION OF THE NEHRES TO DIFFERENT SCALES 

Scalability is also a critical feature for the application of NEHRES. To validate the generalization 

of the NEHRES to places with drastic variations in size (or population), the Carabao case study is 

used as the base case, and several new scenarios are generated for an investigation of scale-up 

effect. The electricity demand and the maximum available solar, wind, and biomass resources of 

the new scenarios are assumed to be 2-6 times of those in the based case while other parameters 

remain the same. The same optimization procedure is conducted for the new scenarios. The result 

of the Pareto curves for the application of the NEHRES to different scales is shown in Figure 16. 

 

Figure 16. Pareto curves for different scales of applications of the NEHRES. 

Changing the scale of application of the NEHRES has an apparent effect on the daily NCF and 

daily GHGe. According to the optimization result, increasing the scale of application would 
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generally lead to a larger NEHRES, a larger daily profit, and a larger range of daily GHGe. In 

Figure 16 (a), the Pareto curve shifts to the right for a larger scale of application. In other words, 

the system could earn more daily profit under the same GHGe level (or sequestrate more carbon 

with the same daily NCF) for a larger scale of application.  

However, a different trend is observed when interpreting the two objective values in the unit of 

profit or GHGe per kW of electricity (i.e. levelized value). Figure 16 (b) shows the levelized NCF 

and levelized GHGe under different scales of applications. At first glance, it can be found that the 

levelized values are less sensitive to the scale of application compared with Figure 16 (a). 

Moreover, the small-scale NEHRES are generally more efficient than the larger ones in terms of 

levelized NCF and levelized GHGe. Therefore, the optimal NEHRES of a small-scale application 

can be designed as a basic module, and the optimal design of the NEHRES for a larger scale 

application under the same weather, market, and economic conditions can be achieved by simply 

multiplying the small-scale basic module. 

Practically, the basic NEHRES module can be designed in a community level which could be 

implemented with the microservices framework. In this concept, scaling up can be carried out by 

multiplying the module in the large-scale region to multi-communities level. For example, we can 

assume a standard community is based on 2000 households for a population of 10,000-15,000 

people, which is approximately equivalent to the base case of this study (Carabao case study). To 

design the NEHRES for a large-scale application such as a region with a population of one million, 

a community-level NEHRES can be first designed for the standard community using the proposed 

decision-support framework. Then the large-scale region can be split into 100 communities, each 

of which powered by the optimal community-level NEHRES module. With the generalization of 

optimal community-level NEHRES, we could cut down the investment of large power plants, get 

rid of the dependency of fossil fuels and loss of electrification due to long-distance transmission 

of electricity, and meanwhile cut down the investment of step-up power station to counter the long-

distance electrification loss. From this, we could maintain maximum carbon sequestration with 

biochar application to soil, as well as a maximum the energy utilization and cost efficiency with a 

harvest of hybrid renewable energy. 

6 CONCLUSIONS AND FUTURE WORK 

In this paper, the concept, system modeling, and optimal design and assessment of a negative 

emission hybrid renewable energy system (NEHRES, a hybrid PV-wind-biomass renewable 

energy system with biochar production) have been presented. A multi-objective stochastic 

decision-support framework has been developed to maximize the daily net cash flow and minimize 

the greenhouse gas emissions of the whole system. Through a case study on a stand-alone rural 

island, we investigated the trade-off between carbon sequestration and economic benefit for a 

NEHRES, demonstrated the system design and operation and sensitivity and robustness of the 

system subject to different scenarios, compared the performance of proposed system with general 
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energy generation benchmarks, and discussed the potential application of the system to different 

scales. The major findings of the study are summarized as follows: 

 The results show that for the island with a population of 10,881 people and an area of 22.05 

km2, a 162 kW solar power component (1038 PV panels), a 184 kW wind power 

component (47 wind turbines), a 257 kW combustion component, a 49 kW gasification 

component, a 4 kW pyrolysis component, and a 77 kW vanadium redox battery energy 

storage component constituted the optimal configuration of the negative emission hybrid 

renewable energy system.  

 The proposed solution has a daily net cash flow of 455 US$/day and a greenhouse gas 

emissions of -2795 kg CO2-eq/day. It is both economically and environmentally attractive 

compared with other energy systems and the user-defined ideal solution. Although a net-

zero emission of the whole island under study is challenging to achieve with the proposed 

system, it is still potential to offset 72% of the total greenhouse gas released from the other 

sectors (residential, transport, and industrial) on the island.  

 The sensitivity study about the effect of scale on the optimal design of NEHRES shows 

that a small-scale system can be more efficient than the larger ones in terms of levelized 

net cash flow and levelized greenhouse gas emissions. Therefore, when it comes to scaling 

up the system, a small-scale application can be designed as a basic module to be “numbered 

up” for a larger scale application under the same weather, market, and economic 

conditions.  

For future research, data-driven prediction of future renewable energy resource and demand profile 

can be incorporated into the data analysis step of the proposed framework to enhance and precision 

and the practical significance of the design. More detailed modeling of the systems, such as 

developing first-principle biomass conversion models, can be adopted to make the whole system 

more understandable and trustworthy. Surrogate optimization can also be employed to avoid a 

drastic increase in computational time caused by the use of more precise and complex first-

principle models. Apart from the economic and environmental objectives considered in this study, 

further studies incorporating other factors, such as social and ecological effects, can also be carried 

out by adding additional constraints and objectives to the model. To be more comprehensive, 

expending the possible energy mix to include geothermal and ocean energy is also feasible based 

on the current optimization framework. 
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NOMENCLATURE 

Acronyms 

AR Afforestation and reforestation 

BECCS Bioenergy production with carbon capture and storage 

CO2-eq Equivalent carbon dioxide emissions 

DAC Direct air capture 

DAF Dry ash free 

EW Enhanced weathering 

GHGe Greenhouse gas emission 

GHGe Greenhouse gas emission 

HHV Higher heating value 

HRES Hybrid renewable energy system 

IC Internal combustion 

LCC Life-cycle cost 

NCF Net cash flow 

NEHRES Hybrid renewable energy systems 

NETs Negative emission technologies 

OF Ocean fertilization 

PV Photovoltaic 

SCS Soil carbon sequestration 

SRC Standard rating conditions 

Symbols 

A Unit footprint component k (m2/kW) 

Ar Area swept by the rotor blades of the wind turbine (m2) 

Cbiochar Unit selling price of biochar (US$/kg) 

Celec Unit selling price of electricity (US$/kW) 

Cfuel Unit cost of fuels (US$/kg) 

CCAPEX Unit capital investment cost of the components (US$/kW) 
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Cp Wind power coefficient 

Cstorage_CAPEX_P Unit power capital investment cost of the energy storage component 

(US$/kW) 

Cstorage_CAPEX_E Unit energy capital investment cost of the energy storage component 

(US$/kWh) 

Smax Power capacity of the energy storage component (kW) 

SOCmax Energy capacity of the energy storage component (kWh) 

CRF Capital recovery factor 

Cstorage Unit cost of the operation and maintenance of the energy storage component 

(US$/kWh) 

Cvom Unit cost of the operation and maintenance of the power generation 

components (US$/kWh) 

Dm Evaluation matrix of the TOPSIS analysis 

Dt Electricity demand at time t (kW) 

EDi
ideal Euler distance between the ideal point and each Pareto solution 

EDi
non-ideal Euler distance between the non-ideal point and each Pareto solution i 

effc Electrical efficiency of an incineration plant 

effthermal Thermal efficiency of IC engine 

effWtoE Efficiency of converting mechanical work to electricity 

F Mass flowrate of the biomass (kg/h) 

FC Daily fixed cost (US$/day) 

fm,n Value of objective function n of each Pareto solution m 

fn
ideal Value of objective function n specified by the decision maker 

fn
non-ideal Non-ideal value of objective function n specified by the decision maker 

FOM Fixed operating and maintenance cost (US$/h) 

Fuel Fuel cost of the system (US$/h) 

GHGe Greenhouse gas emissions (kg CO2-eq/day) 

HHV Higher heating value (kJ/kg) 

I Output current of the solar panel (A) 

Id Diode saturation current (A) 



 

36 

 

Il Light current (A) 

CAPEX Capital investment cost of the NEHRES (US$) 

k Boltzmann’s constant (1.381×-23 J/K) 

Ltotal Land area available for the establishment of the system (m2) 

M(C)gasification Amount of fixed carbon derived from the gasification process (kg/h) 

M(C)pyrolysis Amount of fixed carbon derived from the pyrolysis process (kg/h) 

mbiochar Mass production rate of biochar (kg/h) 

MC Molecular weights of C (g/mol) 

MCH4 Molecular weights of CH4 (g/mol) 

MCO Molecular weights of CO (g/mol) 

MCO2 Molecular weights of CO2 (g/mol) 

NCF Net cash flow ($/day) 

nI  Diode ideality factor 

Ns Number of solar PV modules 

P Power  (kW) 

Pcapacity,k Capacity of component k  (kW) 

Pgen,k,t Amount of electricity generated by technology k at time t  (kW) 

Pk,t Amount of power produced from component k at time t  (kW) 

Pr Rated power of the wind turbine (kW) 

Presource,k,t Maximum amount of electricity generated from component k at time t 

caused by the limitation of solar, wind, and biomass resources (kW) 

Ps Power generated by the solar panel (kW) 

Psell,t Amount of electricity sold at time t (kW) 

Pw Power generated by the wind turbine (kW) 

q Elementary charge (1.602×-19 C) 

qGHG,k Amount of greenhouse gas emission of component k (kg eq CO2/kW) 

r Interest rate 

Revenuet Hourly revenue from the sales of the products ($/h) 

Rse Series resistance (Ω) 
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Rsh Shunt resistance (Ω) 

S1,2,3… Scenarios in stochastic programming 

Sin Amount of energy entering the energy storage system  (kW) 

SOCt State of charge of the energy storage system  (kWh) 

Sout Amount of energy flowing out of the energy storage system  (kW) 

T Lifespan of the NEHRES (y) 

t1/2 Half-life of biochar in soil (y) 

Tc Cell temperature of the solar PV module (K) 

TH Time horizon for the evaluation of the carbon stability factor (y) 

top Number of days under operation in a year 

Tp Pyrolysis temperature (K) 

U Voltage of the PV cell (V) 

v Wind speed (m/s) 

vci Cut-in wind speed of the wind turbine (m/s) 

vco Cut-out wind speed of the wind turbine (m/s) 

VCt Variable costs (US$/h) 

VOMt Variable operating and maintenance cost (US$/h) 

vr Rated wind speed of the wind turbine (m/s) 

WCO2/C Carbon stability factor 

Y Mass fraction 

YC(char) Mass fraction of fixed carbon contained in biochar 

YCH4 Mass fraction of CH4 in the producer gas 

Ychar Yield of biochar (%w of feed) 

YCO Mass fraction of CO in the producer gas 

YCO2 Mass fraction of CO2 in the producer gas 

Ygas Yield of producer gas (%w of feed) 

α Ratio of fixed operating and maintenance cost to capital cost 

Δt Time interval 
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Δx Change of power between the beginning and the end of one time interval 

ε Modified ideality factor 

η Round-trip efficiency 

π Probability 

ρ Air density (kg/m3) 

ρgas Density of producer gas (kg/m3) 

Subscripts 

i Set of biomass feedstock (i=sugarcane waste, sugarcane bagasse, rice husk, 

rice straw, coconut shell, coconut coir, coconut frond) 

j Set of chemical composition in biomass (j=C, H, O, N, Lignin, MC, VM, 

FC, Ash) 

k Set of system components (k= solar, wind, combustion, gasification, 

pyrolysis, energy storage) 

p Set of biomass conversion process (p=combustion, gasification, pyrolysis) 

t Set of time intervals (t=0,2,3…23) 
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