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Abstract. This research focuses on the prediction of synthesis gas generation from biomass
through gasification and specifically estimates the syngas yield from rice straw from 2018 to
2020. The data of 2020 is visualized in the form of a colored world map A comprehensive
literature review is conducted to explore previous studies on syngas yield models and gasification
methods and the utilization of machine learning models. A machine learning model is built to
calculate the prediction of the syngas’ total yield generated from biomass gasification. The inputs
of the model include temperature, carbon content, hydrogen content, and oxygen content, with
the latter three representing different types of biomasses. The output of the model is the total
synthesis gas yield per kilogram of biomass. Subsequently, this model is utilized to predict the
amount of syngas obtained from rice straw, which has a carbon, hydrogen, and oxygen content
of 43.9%, 5.6%, and 32.1% respectively. From the model, an optimal gasification temperature
of 667 degrees Celsius and a maximum syngas yield of 4.71 Nm3/kg for rice straw is obtained.
Based on available data on rice straw production worldwide from 2018 to 2020, the amount of
rice straw utilized for biomass gasification is estimated. The syngas yield in different regions of
the world is calculated based on the maximum syngas yield and the mass of available rice straw.
Outcomes of the calculation are visualized into a global map displaying the distribution of syngas
yields which provides valuable insights into the potential for syngas production from rice straw
in different regions.

Keywords: Machine Learning Model, Syngas Yield Prediction, Biomass Gasification, Rice
straw, Machine Learning Model, ANNSs, Syngas Yield Prediction, MATLAB.

1. Introduction
Within the decades after industrialization, the majority of human industries and daily life are powered
by the energy generated from fossil fuels. Even nowadays, fossil fuel is still one of the main sources that

© 2024 The Authors. This is an open access article distributed under the terms of the Creative Commons Attribution License 4.0
(https://creativecommons.org/licenses/by/4.0/).
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support the energy consumption in the world. It accounts for more than 80% of energy consumption [1].
However, as global energy consumption keeps increasing, people will be facing a more severe shortage
of fossil fuels and an energy crisis in the next few decades. Meanwhile, the utilization of fossil-based
energy leads to the emissions of vast quantities of greenhouse gases that contribute to global warming.
Thus, it is vital to find sustainable and eco-friendly sources of energy as alternatives.

A favorable option being investigated for this is using biomass to produce synthesis gas (syngas). As
a renewable organic material rich in nature, biomass could regrow in a comparatively short period in
contrast to fossil fuel. The combustion of biomass does not release extra CO2 into the atmosphere.
Common types of biomasses are solid waste, agricultural products and so on which have different carbon
content [2]. Syngas is a gaseous mixture made up of varying amounts of hydrogen (H2) and carbon
monoxide (CO). It could be utilized as a resource for transportation fuels and hydrogen fuel cells or
other purposes [3]. It is regarded as a clean fuel having environmental benefits over other fossil fuels
since its carbon dioxide (CO2) and nitrous oxide (N20) emissions are considerably lower. Biomass
gasification is a popular technology to produce syngas from biomass. As a gasifying agent, oxygen or
oxygenates in the air are used to convert the combustible portion of biomass fuels into combustible gases
(mainly H2, CO and CH4) and a small number of noncombustible gases like CO2 under high-
temperature conditions [4]. Compared to the direct combustion method, biomass gasification technology
has a high thermal efficiency.

Even though biomass gasification is an efficient method to generate syngas, according to previous
literature, several factors during the production process would affect the yield from biomass gasification.
This research focuses on the impacts of temperature and types of biomasses on synthesis gas production.
We use the Rote learning method to fit the function of carbon content, hydrogen content, oxygen content
and temperature of the birth material on the output of synthesis gas generated by gasification through
MATLAB, where the unit of synthesis gas output is Nm3/kg.

Rice straw is a byproduct of rice harvesting. In the whole world, rice straw is produced at the amount
of about 800 to 1,000 million tons annually [5]. Therefore, the prediction model would be applied to
rice straw and the maximum syngas yield per unit mass of rice straw would be obtained. This per unit
maximum syngas yield outcome would be utilized to estimate the total syngas yield in different areas
around the world from rice straw. Different areas in the world have different focused industries. Not
every country is favorable for developing an industry of syngas generation from biomass due to the
limited availability of local biomass. Therefore, this project aims to find the distribution of syngas yields
from rice straw through gasification around the world to figure out the potential of each area to develop
the syngas production industry based on the estimation outcome. The world distribution map of syngas
generated from rice straw would help people to analyze the potential of different areas and make ideal
decisions about developing the syngas gasification industry. The final results are able to help to improve
the efficiency of syngas production from the biomass gasification industry all over the world which
would promote sustainable energy use and green economy. The results could be used as a reference for
countries on different continents to plan their own industrial development and fiscal expenditure on a
better basis. With a highly efficient syngas production method and well-planned future development, a
new way of life and economic model will be reshaped.

2. Literature Review

2.1. Research methods and models available in the literature for syngas yield prediction from
biomass gasification and Evaluation
Many researchers have worked on biomass gasification syngas yield prediction using a variety of
methods and models. The main methods that are able to be utilized to describe the gasification
procedures include thermodynamics, reaction kinetics, computational fluid dynamic (CFD) modeling,
and so on. The following are some of the common methods and models.

Equilibrium modeling can be used as a benchmark for constructing the gasifier to make reasonable
predictions on the ultimate composition, while also monitoring the process parameters like pressure [6].
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Numerous studies have discovered significant similarities between modeling and theoretical predictions
based on equilibrium models [7,8].

Kinetic models enable researchers to study plenty of factors that exceed the capability of equilibrium
models. These kinetically based models, which represent the chemical reactions that take place when
biomass is being gasified, are essential for the advancement, assessment, and enhancement of gasifiers.
In various studies, this modeling approach for biomass gasification has been attempted [9-12].

CFD models take into account information on mass conservation, matter momentum, energy flow,
hydrodynamics, as well as interactions among different gasifier stages [13,14]. The equations for the
CFD tool may be defined using the CFD element matrix, accounting for the fluxes of the aforementioned
quantities into and out of the control domain with appropriate boundary conditions.

ANN models are frequently used for modeling pyrolysis processes of biomass like agricultural
residues, domestic solid wastes, and organic wastes [15].

2.2. Potential for machine learning applications in the energy field

Machine learning has great potential for application in the energy field. The energy system involves a
large amount of data, including data from various parts of energy production, transmission, and
consumption. Machine learning algorithms can use these data to extract hidden patterns and rules,
thereby optimizing the operation of the energy system, predicting energy demand, optimizing energy
supply, and so on. In the field of biomass gasification, machine learning can be used to predict
gasification efficiency, optimize operating parameters, and improve the stability of the production
process.

2.3. Overview of machine learning applications for biomass gasification in the existing literature
Ren et al. developed a physical information-based neural network approach (PINN) to predict the
products, including CO, CO2, H2 and CH4 from the gasifying process [16].

Machine learning was used by Kim J. et al. to forecast the composition of synthesis gas production
under various circumstances. They conducted research to estimate the composition of syngas using three
techniques of machine learning methods: Support Vector Machine (SVM), Random Forest (RF), and
Artificial Neural Network (ANN) [17].

Yang et al. investigated the optimal machine learning model for the gasification process using a
hybrid database of ANN, decision tree, multiple linear regression, and support vector machine models
evaluated by seven regression evaluation metrics [18].

A paper published by George et al. in 2018 also simulates the biomass gasification process by
constructing a neural network using MATLAB, which takes into account more detailed elements and
also brings the simulation closer to reality [19].

Baruah et al. constructed a neural network with carbon, hydrogen, oxygen, residue, moisture and
reduction zone temperature as elements in 2018. The network proved to be effective, and its output
closely aligned with the experimental data, demonstrating a high degree of correlation with an R2 value
exceeding 0.98. [20].

In 2013, Puig-Arnavat et al. built an ANN model of the gasification process in two fluidized bed
reactors with elements of moisture, residue, equivalence ratio, CHO, injected steam ratio and
gasification temperature. However, due to the insufficient dataset, identical data were utilized for both
testing and validation, leading to overfitting problems. [21].

Simulating the gasification process through neural networks is simple and accurate, but it requires
huge data to support it, and if there is a lack of data there are many problems that can lead to poor
simulation.

3. Methodology
The methodology part is compromised with the following steps:

1. The ANNs machine learning model is built for the prediction of syngas yield with different types
of biomass and temperature conditions.
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2. Then the rice straw is selected as the target biomass and its maximum syngas yield capacity is
predicted from the model.

3. The data of total syngas yield from rice straw in different areas are visualized and displayed on a
world map.

3.1. ANNs machine learning model for prediction

According to previous research, several factors affect the total yield of syngas among which temperature
and types of biomasses are the relatively most significant ones. Therefore, the prediction model in this
research concentrates on the effects of those two factors. Due to the difficulty of the digitization of the
type of biomass, this factor is interchanged with the carbon, oxygen and hydrogen composition of certain
types of biomass. Therefore, inputs for the machine learning model are temperature, carbon content,
oxygen content and hydrogen content and the output is the total syngas yield per unit of weight of the
biomass mass. (Figure 1).

Input Hidden Layer Output
Layer Layer

Input #1 —
temperature

Input #2 —
carbon content

O— Output

O/ total syngas yield

Figure 1. The Logic of ANNs Machine Learning Model

Input #3 —
oxygen content

Input #4 —

hydrogen content

The data of syngas production from different components of biomass at different temperatures is
collected for machine learning. It contains the chemical elemental composition of different types of
biomasses and the syngas yield of each biomass per kilogram at different temperatures (Table 1). and
then used the nnstart function in MATLAB to conduct Rote learning, and finally derived its model.

Table 1. Syngas yield from different types of biomass with Carbon, hydrogen, oxygen content and
temperature [22].

Carbon Hydrogen Oxygen Temperature Gas Yield
(%owt.) (%wt.) (%owt.) (°C) (Nm*/kg)
43.73 4.62 40.96 472 1. 01
43.73 4.62 40.96 548 1.06
43.73 4.62 40.96 570 1.1
43.73 4.62 40.96 604 1.3
43.73 4.62 40.96 474 1.83
Wood 43.73 4.62 40.96 503 1.98
43.73 4.62 40.96 605 2.01
43.73 4.62 40.96 700 2.16
43.73 4.62 40.96 402 2.76
43.73 4.62 40.96 507 2.79
43.73 4.62 40.96 603 2.82

43.73 4.62 40.96 698 2.85
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43.9 5.6 32.1 453 1.55
43.9 5.6 32.1 547 1.6
43.9 5.6 32.1 636 1.63
43.9 5.6 32.1 691 1.66
HK 43.9 5.6 321 491 3.17
MSW 43.9 5.6 321 604 3.25
43.9 5.6 321 662 3.31
43.9 5.6 321 520 4.59
43.9 5.6 321 603 4.64
43.9 5.6 321 690 4.71
85.83 14.38 0 548 232
85.83 14.38 0 626 3.03
85.83 14.38 0 700 3.1
85.83 14.38 0 553 4.64
PE 85.83 14.38 0 650 5.17
Plastic 85.83 14.38 0 704 5.36
85.83 14.38 0 420 7.03
85.83 14.38 0 572 7.17
85.83 14.38 0 661 7.28
85.83 14.38 0 705 7.51

3.2. Syngas yield prediction from rice Straw

The machine learning model was applied to predict the ideal temperature required for producing syngas
from rice straw. Syngas's estimated carbon, hydrogen, and oxygen content is 43.9%, 5.6%, and 32.1%
respectively [22]. Thus, the independent variable now becomes the temperature of the gasification
process while the dependent variable is the total syngas yield per unit mass of rice straw burnt. The
independent variable, temperature, is modified to a range of 400 to 800 Celsius degrees. From the
machine learning model, a graph showing the relationship between the temperature and syngas is gained
as the other three variables, CHO content, are inputted. And the maximum yield of syngas per unit mass
of rice straw is 4.71 Nm3 at 667 Celsius degrees which means that using 1 kilogram of rice straw for
gasification could obtain syngas of 4.71 Nm3 (figure 2).
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Figure 2. The relationship between gasification temperature and the syngas yield per unit mass of rice

straw.

3.3. Data Processing and Visualization
The data on the dry ash produced from rice straw around the world from 2018 to 2020 was gathered

(Table 2).

Table 2. The remaining dry ash from rice straw combustion around the world [23].

Area wt. in 2020 (t) wt. in 2019 (t) wt. in 2018 (t)
Northern Africa 314530.7 3125254 209386.1
Southern Africa 768.35 771.1 774.95
Western Africa 5993126.15 6051111.55 6658620.1
Northern America 664845.5 551331 647707.5
Central America 161527.3 153423.6 153942.25
Caribbean 176810.7 196378.6 211157.65
South America 2245515.25 2203519.45 2327963.55
Central Asia 170463.15 170202.45 186812.45
Eastern Asia 18150281.05 17944145.45 18227066
Southern Asia 34573634.15 33736420.3 33853585.15
South-eastern Asia 24234053.25 24190911.8 25381994.55
Western Asia 126563.25 141955.55 71276.7
Eastern Europe 125661.25 122700.05 118226.35
Northern Europe 0 0 0

Southern Europe 217022.85 212064.05 211817.1
Western Europe 8145.5 8305 7304
Australia and New Zealand 2753.85 4191 33633.05
Melanesia 2306.15 2067.45 2310
Micronesia 52.8 52.8 52.8

To convert the weight of dry ash from rice straw to the weight of rice straw used for syngas

production through gasification, the equation is applied to each data listed below:

weight of rice straw =

weight of dry ash x 1000
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In this equation, the weight of dry ash times 1000 is to convert the unit of ton to kilogram. The
outcome of the previous step is divided by 10% which turns the weight of dry ash to the weight of total
rice straw available. The rice straw used for gasification is assumed to be 5% of the total; thus, the total
rice straw available is timed by 5%.

After every data from each year is processed, the weight of rice straw used for syngas generation by
gasification is obtained. The mass of rice straw times the maximum yield of syngas from a unit mass of
rice straw, that is 4.71 Nm3/kg, the total syngas yield from rice straw in different areas is acquired (Table

3).

Table 3. Syngas yields from rice straw by gasification from 2018 to 2020 around the world.
Area syngas yield in 2020 (Nm®) EI}\IIIE?)S yield in 2019 ?I}\Ilrf%s yield in 2018
Northern Africa 740719798.5 735997317 493104265.5
Southern Africa 1809464.25 1815940.5 1825007.25
Western Africa 14113812083 14250367700 15681050336
Northern America 1565711153 1298384505 1525351163
Central America 380396791.5 361312578 362533998.8
Caribbean 416389198.5 462471603 497276265.8
South America 5288188414 5189288305 5482354160
Central Asia 401440718.3 400826769.8 439943319.8
Eastern Asia 42743911873 42258462535 42924740430
Southern Asia 81420908423 79449269807 79725193028
South-eastern Asia 57071195404 56969597289 59774597165
Western Asia 298056453.8 334305320.3 167856628.5
Eastern Europe 295932243.8 288958617.8 278423054.3
Northern Europe 0 0 0
Southern Europe 511088811.8 499410837.8 498829270.5
Western Europe 19182652.5 19558275 17200920
Australia and New Zealand 6485316.75 9869805 79205832.75
Melanesia 5430983.25 4868844.75 5440050
Micronesia 124344 124344 124344

The data of different areas is divided into seven groups based on their syngas yield. For each group,
there is a color representing it, and the color displayed a trend from light to dark with the yield from low
to high. A map is made to show the data about the syngas yield from rice straw in 2020.
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4. Results and Discussion

E_UOEEN

Figure 3. The distribution of syngas generated from rice straw in 2020.

This map shows that in the whole world, southern and south-eastern Asia had the most syngas yield
from rice straw in 2020. Then the regions with relatively high syngas yield from rice straw are Eastern
Asia and Western Africa. The following regions are Northern America and South America. Caribbean,
Central Asia, Northern Africa, Central America, Western Asia, Southern Europe and Eastern Europe
have moderate syngas yield compared to those regions mentioned above. Western Europe, Australia and
New Zealand, Melanesia, Southern Africa, Micronesia have low syngas yield from rice straw in 2020.
Northern Europe, specifically, has 0 production of rice straw which leads to 0 syngas yield in 2020.

In the regions with high syngas yield, those countries are able to gain more profits while investing
less money since there is no need for them to import biomass from other countries which would be a
great expense. Thus, the regions with more syngas yield from rice straw in 2020 would be more capable
of developing the biomass gasification industry relying on rice straw. In this case, governments and
industry players in those regions should concentrate more on the development of biomass gasification
industries by investing more in research and advancement for biomass gasification technologies to
achieve the potential of renewable energy from rice straw and implementing favorable policies and
incentives to promote sustainable industrial development.

For the regions which have moderate or low syngas yield from rice straw, those differences in the
productivity of syngas might be due to the variety of climates and natural resources like water or soil in
different areas. For instance, western Asia is the driest region in Asia which has an annual precipitation
average of about or less than 220 mm [24]. Such low precipitation limits the growth of rice straws in
western Asia. In this case, it is essential for those regions to explore alternative biomass sources that are
abundant in specific areas. Governments and major industry players should invest more in the study of
locally available biomass resources for biomass gasification like wood pellets or food wastes. By
diversifying biomass sources, these regions can still utilize biomass to generate renewable energy
without relying solely on rice straw. Even in regions with unsuitable conditions for plant growth and
subsequently low biomass productivity, it is important to explore and utilize various renewable energy
sources such as solar and wind energy.

At the same time, cooperation between those regions with different rice straw availability can also
contribute to the development of the biomass gasification industry. Cooperative means like cooperative
platforms, joint research projects, and other cooperation would not only support regions with low syngas
production to increase syngas yield but also help countries that have reached the bottleneck of industrial
development to find a new development direction. In this case, the development of biomass gasification
technology can be promoted.
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5. Conclusion

In the research, a literature review is included about the past research on syngas yield model and method,
machine learning about biomass gasification, and MATLAB-specific machine learning model. Then, a
machine learning model is constructed to forecast the total syngas yield obtained from biomass through
the gasification process. The inputs are temperature, carbon content, hydrogen content, and oxygen
content among which the last three represent the different types of biomasses. The output is set to be the
total synthesis gas yield from every kilogram of biomass. This model is applied to predict synthesis gas
production from rice straw which has carbon, hydrogen, and oxygen composition at 43.9%, 5.6%, and
32.1% respectively. The optimal temperature is found to be 667 Celsius degree and the maximum syngas
yield per unit mass of rice straw is found to be 4.71 Nm3/kilogram. With the data on rice straw available
in different areas around the world from 2018 to 2020, the amount of rice straw used for the gasification
of biomass is obtained. The synthesis gas yield in different regions of the world is acquired based on the
maximum syngas yield and mass of available rice straw. The data on syngas yield in 2020 is visualized
and the map of the syngas yield distribution in the world is established which makes the capability to
produce syngas from rice straw more intuitive in different regions. The specific productivity and
potential to develop the biomass gasification industry in different regions are discussed. For the regions
with low syngas yield, some possible reasons are analyzed and some possible solutions for it are
proposed.

6. Evaluation and Reflection

The graph below shows the performance of our machine-learning model. The R-value, which means the
correlation between the model and the raw data, is about 0.75 which is relatively low compared to the
highly precise model (Figure 4.). This is due to the limited availability of data from the internet and
articles. It is reasonable to state that this is the outcome that we tried our best to get. In the future, if
there is more data available, the data could be added to the model established in this research to improve
the correlation between the prediction and raw data.

Training: R=0.75492 Validation: R=0.91389

e Data
5 it

0.88*Target+0.37

Output ~=057*Target+1

Qutput ~

s 4 6 8 7 1 2 3 :
Target Target

Testing: R=0.89242 All: R=0.75514

0.55*Target+0.99

3 { 5 6 7 2 3 _ 4 5
Target Target

Output ~=027*Target+1.4

Output ~

Figure 4. Model simulation performance

Meanwhile, there are many other types of biomasses like corn straw or wood residues. In the future,
those specific biomass types could be more possible research directions despite only focusing on rice
straw. And the output of our model is the total syngas yield. A more favorable output should include the
composition of different gases. This is also an aspect that can potentially be improved in the research
with more available data which include the portions of different gases.
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