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Abstract  

Tars are one of the main barriers for the implementation of biomass gasification at industrial scale. 

Among the considerable number of models to predict gas composition, there is a lack of models 

predicting tar generation in gasification processes, as tar concentration data is far more difficult 

to collect and analyze. This study makes use of artificial neural networks (ANNs) to predict tar 

generation in gasification processes carried out in lab-scale bubbling fluidized bed reactors 

operating with silica sand and woody biomass. An exhaustive review of the existing literature and 

the different tar collection and analysis methods is conducted to create a consistent database for 

the ANNs to train on. The model integrates different tar data coming from different sampling 

protocols and analysis methods (tar protocol and gas chromatography, tar protocol and 

gravimetric method, and solid phase absorption). The predicted results show good accuracy (R2 

> 0.97), concluding this generalized predictive novel model is a useful tool for tar prediction in 

gasification. The model results are in agreement with the literature, verifying how tar content in 

the product gas behaves when equivalence ratio (ER) and temperature are varied. The predicted 

versus experimental values are also compared with previous models for tar prediction. ANN 

modelling shows a higher accuracy than other models, demonstrating this data-driven modelling 

can be a good approach for tar content prediction. 
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1. Introduction 

The current energy scheme based on the combustion of fossil fuels is increasing the temperature 

of the planet and hacking the ecosystems with greenhouse gas emissions, being carbon dioxide 

the greater contributor. With several ecosystems at risk, and entire populated areas threatened 

by climate change, finding clean energy alternatives must be a priority in every political agenda 

across the world. Additionally, the depletion of fossil fuels is also a major concern in the energetic 

policies. One of the most accessible and practical renewable energy sources is the use of fast-

growing crops or useless organic matter, all of them included in the biomass concept. Biomass 

captures carbon dioxide, water, sunlight and nutrients, storing plenty of chemical energy that can 

be used with zero net carbon emissions. This way, bio-energy can produce sustainable fuel 

compatible with the current technologies as it can be directly used as a substitute of fossil fuels 

like natural gas or diesel. 

Different routes can be used to transform biomass into a useful fuel, being gasification one of the 

most studied and developed technologies. In this process, a gaseous fuel is obtained mainly 

composed of H2, CO, CO2, CH4 and light hydrocarbons. However, the implantation at large scale 

needs to solve the main drawback of gasification: tar. The definition of this gasification sub-

product is still under discussion, with several interpretations [1–3]. The most accepted definition 

was proposed by Milne et al. who defined tars as “organics produced under thermal or partial-

oxidation regimens of any organic material and generally assumed to be largely aromatic” [1]. In 

a practical point of view, tar is a thick and black viscous liquid which condenses on cold surfaces 

and clogs downstream equipment. In addition, tar can polymerize into more complex structures 

[4].  



The end use of the product gas usually requires a small or no amount of tar at the exit of the 

gasifier. An important research has been carried out in recent years in order to get a product gas 

with a reduced amount of tar. Two different methods are available for such objective: in situ tar 

removal, avoiding tar generation within the gasifier; and ex situ gas cleaning once the product gas 

with tars is already produced. The former includes the use of specific catalytic materials (olivine, 

dolomite, metal based catalysts…) and/or operation conditions inside the reactor (high reaction 

temperatures) [5–9]. The latter employs a secondary reactor where the tar content in the produced 

gas is reduced downstream [10–13]. 

Both in situ and ex situ methods require a proper tar sampling technique to compare the results 

obtained. There are different tar quantification methods which are not comparable at all, being 

this task a major technical challenge. A tar protocol (TP) was established to homogenize this task 

[14]. This procedure consists in passing part of the product gas through a series of impinger 

bottles filled with isopropanol which are placed in both a hot and cold bath. Tar compounds are 

trapped by the solvent which is later analyzed. The tar protocol method is widely used although it 

requires a long sampling time. An easier and less time consuming option, solid phase adsorption 

(SPA), was developed by the Royal Institute of Technology (KTH) in Sweden [15]. The 

fundamental principle of SPA is trapping tar compounds in a sorbent material by flowing the 

product gas through it. Afterwards, tar compounds are extracted from the sorbent using chemical 

solvents. Recently, online methods are being developed to obtain the tar production in real time 

[16–18]. In addition to the different sampling methodology, there are also various analysis 

techniques such as GC-MS, GC-FID or gravimetric determination whose results can be difficult 

to compare. In the case of GC analyses, large tar compounds cannot be detected [19], while for 

gravimetric analysis, the most volatile compounds might be lost during the evaporation of the 

solvent [20]. 



To obtain experimental data is time consuming and expensive, so alternatives should be used to 

obtain reliable information about the gasification process. A tar prediction model can be a good 

starting point when selecting the biomass or operating conditions, before starting with the 

experimental campaign in order to reduce costs. Few models concerning tar prediction have been 

addressed in the published literature [21–23] in contrast to the numerous amount of studies 

regarding gasification modelling towards gas composition [24–28]. These models are based on 

kinetic and equilibrium approaches [21,22] which are complex methods that require high 

computational time and have low statistical performance when simulation and experimental 

results are compared. A different approach to predict tar generation is to use artificial neural 

networks (ANNs) in the same way they have been used to predict gas composition and other 

gasification parameters [29,30]. ANNs allow a considerable reduction of complexity, increasing 

prediction accuracy and achieving more generalized and flexible models without the need of an 

extensive understanding of the process [31]. It is necessary to note that these types of 

machine learning models should not be presented as substitutes of theory-based models. 

ANNs will extract a pattern from the collected data, but hardly provide any helpful insights on 

the physical reality of the tar generation problem. The extracted pattern describes a highly 

specific set of data from tar samples and it can easily deviate from the physical nature of the 

tar generation problem due to the use of low amounts of data or poor-quality data.  

In this work, the ANN concept is applied to obtain a model for tar generation prediction in biomass 

gasification, using different network configurations in order to find the best model. None of the 

previous studies using ANNs integrate the prediction of tar generation, mainly because collecting 

enough data with tar samples is difficult, as most experiments use different collection and analysis 

methods. Additionally, there is a lack of models to predict tar content in product gas. The novelty 

of this model relies on the use ANN approach to predict tar content in the gasification product 

gas, being able to distinguish between tar samples obtained from different sampling methods, in 



order to get a simple tool to predict the tar generation in a biomass gasification process. The 

expectations of this work fall in the creation of a useful out of the box tar prediction model, 

validating the results with existing experimental analysis.  

2. ANN design and data collection 

One of the most important aspects of ANN modelling is the selection of data to be used in the 

training, validation and testing steps. These data can be divided into three categories: meta-data, 

input data and target data. 

Tar generation depends on several factors: type of reactor, biomass composition, bed 

material/catalyst, operation conditions (ER, pressure, temperature…), gasifying agent… [4]. All 

gasification experiments collected for this study share a set of gasification parameters that are 

constant across all data samples. These common constant parameters to every experiment, 

called meta-data, are the foundation of the neural network. In this work, the meta-data of the 

gasification samples collected are the reactor type (BFB), the size of the reactor (diameter 

between 50 and 300 mm), silica sand as bed material, atmospheric pressure, air as gasifying 

agent, and tar sampling after reaching equilibrium. Any data sample outside this space should 

not be introduced in the network, as the tar content for fixed bed or pressurized reactors, for 

a different bed material or gasifying agent would produce very different tar content. Besides 

the meta-data defined, there are other gasification parameters related to the hydrodynamics of 

the reactor bed, heat transfer conditions, biomass flow rate or chemistry reactions that are known 

to have an influence on the overall gasification process and consequently in tar generation [3,21]. 

These are assumed to be constant for all lab-scale BFB gasifiers for simplicity reasons. When 

using industrial reactors, the thermochemical process would be greatly affected by these factors 

and the model developed in this work would be of no utility. 



Target data selection is clearly indicated by the objective of the research. In this work, the 

target is the total tar concentration, including benzene, expressed in gtar/Nm3, where N 

accounts for normal conditions (NTP: 293.15 K and 101325 Pa). Due to the different sampling 

techniques available for tar data as described in the introduction section, the comparison 

between different experimental results can be challenging and should be done carefully. In 

order to satisfy this requirement, three different ANNs are studied for each of the tar sampling 

methods: tar protocol analyzed by GC (GC), tar protocol analyzed by the gravimetric method 

(GRAV) and SPA. Additionally, a fourth and more completed network is also proposed, 

integrating all the previous datasets from the different sampling techniques (ALL). In this last 

case, a new input is included to differentiate between the different sampling methods, 

providing only one ANN model for all sampling techniques. Tar samples accounted for in this 

analysis are taken after the gasification process has reached equilibrium, where both the gas 

output and the rest of the operational conditions are assumed to be constant or under steady 

state. This is included as a sample collection parameter in the meta-data. Note that tar generation 

can be strongly dependent on time, during a transient reactor operation. Integrating time 

sensibility to the model is an interesting task for further work on the topic. 

Input variables have an impact on the process being studied, and its selection is crucial for the 

utility of the network. In this work, seven input variables are selected, covering the biomass 

properties: carbon (C), hydrogen (H), oxygen (O), moisture (MC) and ash (Ash) contents; the 

process parameters: equivalence ratio (ER) and reaction temperature (T) [29]. ER is defined as 

the ratio between the air flowrate introduced into the gasifier and the stoichiometric air flow needed 

for the complete combustion of biomass. The reaction temperature is the same reported by the 

experimental published works in the literature used in this study. In the case all data is included, 

an additional eighth input is used to parametrize tar sampling techniques (Sampling). 



In accordance with this information, an extensive literature review is carried out in order to find 

appropriate data to train the ANN [3,9,16,32–44]. In total, 120 datasets are selected for this work, 

being 56 for tar protocol samples, 47 for gravimetric samples and 17 for SPA samples. Among all 

tar published data, only these 120 datasets provide enough information for comparison and 

belong to the meta-data defined for this study. In order to avoid the excessive influence of large 

magnitude data, all datasets are normalized between 0 and 1, using the maximum and minimum 

values for each input. 

Tar content is conditioned to measurement errors due to the sampling protocol and analysis 

determination [45–47]. Errors in training data propagate in the model and will affect the accuracy 

of the predictions. Additional datasets including measurement errors could be used for data-driven 

models like as ANNs to improve accuracy. Unfortunately, the data extracted from the literature 

does not show the magnitude of the analysis errors, being not possible to include them into this 

study. 

MATLAB R2019a Neural Network Toolbox is used to design, train and validate the results of this 

study. A multi-layer feed forward neural network with one or two hidden layers and different 

number of neurons in each layer is chosen for this study. Levenberg-Marquardt algorithm is used 

for training the network since it is fast and reliable for defined patterns. It combines Newton’s 

method to find convergence near a local or global minimum rapidly, with gradient descent, which 

assures data convergence [48]. Three different transfer functions for each hidden layer are used: 

hyperbolic tangent sigmoid (tansig), logarithmic sigmoid (logsig) and linear (purelin). The details 

of the ANN architecture are shown in Table 1. 

Table 1. Details of the ANN models. 

Characteristic Specifications 
Network type Feed Forward 



Training function/algorithm Levenberg-Marquardt backpropagation 

Adaption learning function Gradient Descent with Momentum Weight and Bias 

Performance function Mean Square Error 

Transfer functions Hyperbolic Tangent Sigmoid (tansig) 

Logarithmic Sigmoid (logsig) 

Linear (purelin) 

Data division Random: 70/15/15 

Number of input layer neurons 7/8 

Number of output layer neurons 1 

Number of hidden layers 1 and 2 

Number of neurons in the hidden layer From 1 to 30 

Number of epoch (Learning cycle) 2000 iterations 

 

The training of a neural network is based on random variations and always leads to a different 

model, as there are infinite possible combinations of weights and biases for every configuration. 

Thus, finding the best fitting model with MATLAB’s toolbox requires trying several times to train 

the network until a good enough model is found. Then a structured process to train the neural 

network and collect reliable information to make a rational assessment of the best architecture is 

mandatory. To train the network, the dataset is randomly divided into training data and 

test/validation data (70 % for training, 15 % for validation and 15 % for testing). 100 trainings 

are carried out for every ANN configuration, evaluating the performance of every training and 

configuration using the mean squared error (MSE) and the coefficient of determination (R2), 

this way, the best model can be addressed as indicated by Pandey et al. [30]. 

3. Results and discussion 

3.1. Single hidden layer models 

In this first set of simulations, 270 network configurations are tested for each of the four datasets 

explained above (GC, GRAV, SPA and ALL), taking each calculation 45 minutes. The results 

show that tansig and purelin transfer functions in the hidden layer give a very poor performance. 



Only the logsig function in the hidden layer seems to find some correlation between input and 

target data. However, in the output layer, the tansig function (in combination with logsig function 

in the hidden layer) give the best results for GC and GRAV data, while logsig function in the output 

layer produces the best results for SPA data. The number of neurons in the hidden layer for these 

models are 28, 25 and 23 for GC, GRAV and SPA datasets, respectively. Figure 1 shows the 

predicted versus the target values for the four ANNs developed, one per sampling method (Figure 

1a-c) and a fourth for the network considering all sampling methods (Figure 1d), which produced 

the minimum MSE value. Results for training, validation and test are presented with their 

respective coefficient of determination (R2) for each configuration. The R2 between the targets 

and the predicted outputs are quite near to 1. This parameter is not only high in the training 

process, where the network adjusts its weights during the training algorithm when the same data 

is repeatedly introduced to the network. During the validation and testing steps, the R2 also gives 

values close to unity. In these cases, the data has never been seen by the network before, 

indicating that the ANN is able to establish a relation between inputs and output to predict with 

high accuracy the tar generation in a gasification process. GC and GRAV models show a higher 

deviation is observed between predicted and experimental values when comparing to SPA 

samples. SPA samples are collected under highly controlled conditions from the same set of 

experiments [3,44] while GC and GRAV samples come from a more heterogeneous experiments. 

The more homogeneous the data the easiest for the network to find a more accurate relation 

between inputs and outputs, even though a more limited number of samples are used. Despite 

such differences both GC and GRAV models perform quite good as indicated by the 

corresponding R2.  





adjust the weights and biases to predict tar data for all sampling techniques, the results are very 

promising with a R2 higher than 0.97 for validation and test. The relative error between predicted 

and experimental values is, for most of the samples, below 20 %, and it is similar to those 

observed in previous studies using ANNs [30,49,50]. The configuration for this ANN employs 

logsig and purelin functions in the hidden and output layers, respectively, with 27 neurons in the 

hidden layer and using the Levenberg-Marquardt training algorithm. 

3.2. Double hidden layer models 

Two hidden layer models are also studied. These models are more sophisticated with the 

introduction of an additional hidden layer and then, only 15 neurons in each hidden layer are 

tested [30], leading to 6075 possible network configurations for each dataset. In this case, each 

calculation is performed in 18 hours. Looking at the time consumed to create, train, validate and 

test each configuration, it is quite similar time to the time consumed in the one hidden layer 

models, being no difference in the computation time for this case. Contrary to the results obtained 

with one hidden layer, the double hidden layer models produce rather similar results for most of 

the configurations in terms of transfer functions and number of neurons. Figure 2 shows the 

results of the predictions for the different sampling techniques for configuration with the minimum 

MSE. The model for the gravimetric tar sampling method shows the more dispersed results 

among the different sampling techniques, even higher than the ANN where all methods are 

included. The model involving all sampling systems provides rather good results during the 

evaluation on unseen sets of data (validation and test data). In all cases, the results are similar 

than for one hidden layer models as it can be observed from the R2 value. This indicates that 

more complex models do not necessarily generate better results. Only one hidden layer is needed 

to accurately determine total tar content in the gasification product, effectively differentiating 

between the existing tar sampling techniques. Therefore, analyzing the previous results where no 

significant differences has been observed in terms on hidden layers and computing time, only one 







by the simplistic approach. The analysis to understand the behavior of tar generation as a function 

of the main gasification parameters is focused on temperature and ER. Given a set of biomass 

conditions, these two variables can be independently adjusted to optimize the gasification 

process. To analyze the model and extract material information besides the out of the box 

prediction, it is possible to conduct a sensibility analysis of the variables to study how temperature 

and ER affect the total generation of tar according to the neural network approach. 

The sensibility analysis is conducted by evaluating how predictions respond to variable changes. 

To guarantee that the predictions are coherent with the physical nature of the model, the 

parameters are selected using experimental data from the literature as reference, allowing a good 

comparison of the simulations against experimental results (Table 2). The experiments of Andres 

et. al [35–37] and Gredinger et. al [16] are used as reference in this case to select the biomass 

composition parameters, mainly because they provide experimental data for a wide range of 

temperature and ER settings.  

Table 2. Selected values for the sensitivity analysis using the ANN model. 

 Sim #1 Sim #2 Sim #3 Sim #4 Sim #5 Sim #6 Sim #7 Sim #8 Sim #9 

C [%wt. db] 27.3 27.3 27.3 32.1 32.1 27.3 27.3 27.3 50.2 

H [%wt. db] 4.8 4.8 4.8 5.4 5.4 4.8 4.8 4.8 7.2 

O [%wt. db] 18.9 18.9 18.9 14.4 14.4 18.9 18.9 18.9 42.2 

Moisture [%. wt]  7.0 7.0 7.0 8.7 8.7 7.0 7.0 7.0 4.7 

Ash [%wt. db] 44.0 44.0 44.0 41.7 41.7 44.0 44.0 44.0 0.42 

Temperature [ºC] 700 – 900 700 – 900 700 – 900 700 – 900 700 – 900 750 800 850 700 – 950 

ER [–] 0.2 0.3 0.4 0.3 0.3 0.2– 0.4 0.2 – 0.4 0.2 – 0.4 0.2 – 0.4 

Sampling method GRAV GRAV GRAV GRAV GC GRAV GRAV GRAV GC 

 

Sensibility analysis for temperature is shown in Figure 4a along with experimental data [35–37] 

for comparison. The analysis determines that increasing temperature at constant ER has a strong 

influence over tar generation. Generally, existing literature reflects a direct reduction in total tar 



concentration as temperature increases [9]. The ANN model describes a similar behaviour with 

temperature increase for all curves. The results for simulation #2 reach negative tar 

concentrations for temperatures higher than 850 ºC. In the case of simulation #4 and #5, a slightly 

increase of tar generation at high temperature is observed. This is related to the quality and 

number of data points in high temperature ranges, indicating the model needs to be better trained 

in such region with more experimental datasets. Overall, there is a satisfactory agreement 

between simulated and experimental data in this context. The tar generation problem is highly 

complex considering the different tar classes, which have all different responses to temperature 

changes. Class 1 tars, only measured in gravimetric tar samples, are reduced with the increase 

of temperature.  Class 2 tars are decomposed almost entirely after reaching 850 ºC, while Class 

3 tars have maximum concentrations around 800 ºC and then decrease in concentration. Class 4 

and 5 tars increase with T increase [3]. Katsaros et al. [53] also found different temperature 

response for different tar classes and compounds, with a decrease of secondary tars and an 

increase of tertiary polycyclic aromatic hydrocarbons. The holistic interpretation of the ANN model 

presents the hypothesis that the increase of class 4 and 5 tars with the increase of temperature 

can result in an increase of the total tar concentration under certain gasification conditions as it is 

shown in simulations #4 and #5.  





composition, common patterns can be extracted. Commonly described in the literature and the 

ANN model, there is an aggressive decrease in tar generation while decreasing ER from 0.25 to 

0.3. After an ER of 0.3, experimental data shows that increasing ER still causes a decrease in tar 

generation, but considerably subtler, while the ANN model describes an increase in tar 

generation. This might be the cause of using few data points or poor-quality data within a high ER 

range, indicating that more datasets for training the network are needed to get reliable predictions 

in such range. The discrepancy also hints that the present ANN model is not able to extract the 

patterns of behaviour of high ERs maintaining temperature constant. The physical reality of the 

gasification process results in higher temperatures with higher ER. 

Figure 4c presents a graphical description of the combined effect of temperature and ER over tar 

generation. Data points from the experimental results [16] fall near the surface plot generated by 

the ANN predictions, validating the simulations. As expected, maximum tar generation occurs at 

lowest temperature with lowest ER. There is an abrupt behaviour of the surface plot for high 

temperatures and low ERs. As mentioned above, modelling these conditions in which not enough 

data are available to train the network accurately, create a context that differs considerably from 

the physical nature of the gasification process and the proposed ANN proves to not be reliable 

for that scenario. This highlights the need to use sufficient experimental data in order to get 

acceptable predictions in all the range of the model. The present model behaves very good in 

most of the operating conditions but it should be improved near the boundaries. 

3.4. Comparison of ANN modelling with existing literature models 

In order to analyze the performance of ANNs in the task of tar prediction, a review of the existing 

tar prediction models in the published literature is conducted assessing statistical performance. 

Very few works tackle the development of tar prediction models, in contrast with gas composition 

prediction models which are highly available in the literature. Those models that present a 



comparison of experimental versus simulated data are analyzed. For comparison purposes, the 

data obtained from the literature is also normalized according the maximum and minimum values 

from each experimental set of data. This way, ANN results and literature models are both 

compared between 0 and 1. It is worth to mention that all these gasification models are elaborated 

under specific constraints and are not necessarily comparable to the ANN model. However, the 

objective of this section is to compare statistical performance in the context of each work. The 

comparison of the predicted results versus the experimental values are shown in Figure 5 for all 

published models for tar prediction. 

Stark et al. developed a 1-D reactor network model to predict syngas and tars in a fluidized bed 

gasifier [21]. The model was validated with literature data using two different datasets, and it was 

able to predict the tar concentration as a function of the temperature. However, the relative error 

of the predicted versus the observed values was, in some cases, near 75 %. Figure 5 shows the 

results of this model compared with the experimental values. The coefficient of determination for 

this predictive model results in a negative value, indicating the prediction is worse than the mean 

value. Sridhar [54] proposed a global chemistry model modifying the model developed by Stark 

et al. in order to reduce the differences between the predicted and experimental values. The 

results were also compared with the detailed model developed by the CRECK group from the 

Politecnico di Milano, using the same literature data employed by Stark et al. The predictions of 

the modified global model improved those obtained from Stark et al. In this case, the coefficient 

of determination rises to 0.1840, still quite far from a good prediction. The simulation using the 

CRECK model results in a better agreement with experimental data, with a R2 = 0.5458. Wojnicka 

et al. have recently developed a model for biomass gasification with steam in a dual fluidized bed 

[55]. The model uses a pseudo-equilibrium approach that is able to predict the gas composition 

and process parameters. Nevertheless, as highlighted by the authors, the models are not able to 

foresee the tar content in the product gas, resulting in a negative R2 value. The model proposed 





et al. [55]; ► Hejazi et al. [56]; ○ Rameshkumar and Mayilsamy [58]. Dotted and dashed lines 

correspond with a relative error of 10 and 20 %, respectively. 

Benedikt et al. [23] proposed a tar prediction methodology based on the product gas composition. 

The different gas species were correlated with the tar content to get the total tar concentration in 

real time. The results of this approach cannot be used in the present comparative as they do not 

analyze the results using the proposed correlation versus experimental results. However, it might 

be an interesting method to be used in experimental campaigns and to complete other models 

which are only focused on gas composition or in which the tar prediction is not very accurate. 

Different works based on online tar monitoring have been found [16,18], although the approach 

is different to the one showed in this study. These studies are focused in a measurement 

technology rather in a predictive tool. 

All in all, ANN modeling shows the best coefficient of performance (R2
validation = 0.9846 and R2

test 

= 0.9769) among the other tar prediction models. However, this result should be carefully 

considered. ANN modelling is an oversimplified approach in comparison with kinetics models. 

Then, there are several factors considered in kinetic models that are omitted by the ANN. For 

instance, heat and mass transfer effects are assumed to be constant for all the experiments 

selected, although depending on the reactor geometry, gas velocity, catalytic effect, and other 

reactor parameters the results would be slightly different. The obtained ANN with one hidden layer 

is restricted to the meta-data defined in section 2, all other parameters are assumed to be 

constant. 

4. Conclusions 

The use of ANN modeling to predict tar generation in a biomass gasification process shows a 

good accuracy between predicted versus experimental values, being a useful tool to study the tar 

generation problem. The network considers the effect of tar sampling and analysis methods, 



successfully identifying the methods and reflecting their effect in the predicted results. No 

significant differences are observed between one and two hidden layer models, concluding that 

a simpler model with only one hidden layer and 27 neuros shows good predictive performance 

with a coefficient of determination R2 > 0.97. The ANN is able to reproduce properly the trends 

observed experimentally when varying ER and reaction temperature. Biomass composition has 

a strong influence over tar prediction (> 45%), while operating conditions and tar sampling 

technique have a bit lower impact (30 and 8%, respectively). Compared to other more complex 

models published in the literature, the ANN model shows the best predictive capacity. However, 

due to the simplicity of the data-driven approach, the ANN does not hold meaningful information 

on the physical relations of the gasification process, in contrast to the other models built on theory-

based correlations which allow a good interpretation of the physical processes. 

The present model reveals the utility of the ANN approach for the prediction of tar, even when 

using highly heterogeneous data, although there are evident flaws that need to be improved with 

more experimental data to train the network. Further work to reach the full potential of ANN 

technology for tar prediction should include the use of high-quality data in large amounts, coming 

from a homogeneous source such as a unique gasification reactor, and integrating tar classes in 

the output in a MIMO (Multiple Input – Multiple Output) model.  

Supplementary information 

Supplementary data associated with this article can be found. 
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