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 Abstract: Gas emissions from power plants and gas turbines use fossil fuels as their energy source and have a detrimental effect on people and the 

environment, one of the harmful gases obtained by burning fossil fuels is Nitrogen Oxide which can have harmful effects on humans. This research boils 

down to the use of artificial intelligence algorithms from the scikit-learn library that can potentially predict future NOx values from a gas turbine. The 

research was conducted on a publicly available data set from a gas turbine in Turkey. Linear models Linear regression, Ridge, Stochastic gradient descent, 

ExtraTreesRegessor, GradientBoostingRegressor, and RandomForestRegressor were used, with the best result obtained using 

GradientBoostingRegressor, with R2 and MSE being 0.9 and 12.60. The conclusion is that a simple approach could not provide sufficient quality results for 

the use of the model.  
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1. introduction 

 

Electricity is one of the most important energies of today 

without which today's world would be unthinkable. 

Almost every company, household institution, etc. uses at 

least one electrical appliance, be it a computer or a light 

bulb, and of course, the question arises of electricity 

supply, ie what is a quality way of producing electricity 

that will meet the needs of today. There are various ways 

to produce electricity such as fossil fuel power plants, and 

renewable energy sources such as solar, wind, water, and 

biomass, but not all are effective and applicable 365 days 

a year.  Due to the unprofitability of investing in 

renewable energy sources, today's consumer world is still 

based on conventional fossil power plants on coal and gas, 

which of course emit a variety of harmful gases like 

Nitrogen Oxide (NOx) and Carbon monoxide (CO) that 

cause ozone holes and climate change [1]. Due to climate 

change, numerous studies are being done, so Mahmut 

Dirik in [2] uses a hybrid algorithm, in this case, an 

Adaptive neuro-fuzzy inference system combined with a 

genetic algorithm (ANFIS - GA) for the potential 

prediction of CO and NOx emissions where with a 

coefficient of determination he obtained results which 

varies between 0.79933 and 0.90363 for the data separated 

into test and training data with different rates. The 

minimum values for the metrics Mean squared error 

(MSE), Root mean square error (RMSE), the standard 

deviation of the error (STD), and mean absolute 

percentage error (MAPE) were 24.8379, 4.9838, 4.9839, 

and 5.1660 and the minimum errors, ie values in the test 

set were 6.5961, 5.1571, 5.157, and 5.3695, respectively 

[2]. Research made by Alan Rezazadeh [2], presents the 

K-Nearest-Neighbor (KNN) algorithm for potentially 

predicting NOx emissions from natural gas electrical 

generation turbines. The research indicates the importance 

of electricity itself and maintaining electrical plants 

because the age of individual elements and structures 

greatly affects the degradation of equipment quality. 

Research also indicates the importance of a quality dataset 

in this case KNN performed with accurate prediction rates 

with a comparably bigger dataset of this kind of problem. 

Derrick Adams at. El. in their research [3] developed Deep  

 

 

Neural Network (DNN) and Least Squares Support Vector 

Machine (LSSVM) algorithms for predicting Sulphur 

oxide and Nitrogen oxide (SOx-NOx) emissions in coal-

powered power plants. The results show that training 

without possible assumptions can improve the accuracy of 

the testing phase by a minimum of 10%, and the 

coefficient of efficiency can value up to 0.8925 and 0.994 

for SOx and NOx respectively.  

 

In this study, the aim is to try to find an approach simpler 

and more conventional than the computer-intensive 

algorithms for predicting NOx emissions. Several 

methods were used, of which the one that gave the best 

results in the elimination system was taken in the end.  The 

hypotheses of this paper are as follows: 

• is there a regression model that can accurately 

predict NOX emissions based on a given dataset, 

• whether the dataset depends on the outcome of 

the algorithm results and 

• is the obtained model used to predict the values 

of NOX and CO? 

 

2. Methodology 

 

This chapter covers the methodology used for this 

research. Machine learning (ML) is formulated as 

“minimizing the problem” of losing function versus a 

given set of examples (training set). This feature expresses 

the discrepancy between the values predicted by the model 

being trained and the expected values for each example 

case. The goal is to train a model with the ability to 

correctly predict a set of cases that are not present in the 

training set. The method by which it is possible to 

distinguish different categories of an algorithm is the type 

of result expected from a particular machine learning 

algorithm. Among the main categories it is possible to 

find: 

• classification: inputs are divided into two or 

more classes and the learning system must 

produce a model that can assign one or more 

classes among those available to the input. 

These types of tasks are usually solved using 
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supervised learning techniques. An example of 

classification is the assignment of one or more 

labels to an image based on the object or objects 

contained therein, 

 

• regression: conceptually like the classification 

with the difference that the output has a 

continuous and not discrete domain. It is usually 

managed under the supervision of learning. An 

example of regression is estimating the depth of 

a scene from a color image display. 

 

The domain of the output in question is almost infinite and 

is not limited to a certain discrete set of possibilities. Since 

regression models are required for prediction, they can be 

found in the Python software library scikit-learn, which 

offers multiple selections of regression methods [4]. An 

example of a regression line can be found in Figure 1.   

 

 
Figure 1. Example of a linear regression line for predicting future 

values in the dataset 

 

Figure 1 shows several elements of linear regression. The 

linear regression consists of the direction Ey shown in 

Equation 1, this direction passes through the smallest 

distance between mutually defined points from the data 

set. 

𝐸𝑦 = 𝑏0 + 𝑏1𝑥  (1) 

 

If Ey is a linear function of x, then the coefficient next to x 

b1 is the coefficient of the direction which is the graph of 

the function Ey. In other words, the direction can be 

written algebraically, in the form of equation (1). Where x 

is the argument of the function, b1 is the direction 

coefficient, and b0 is the segment on the y axis [4]. In 

addition to the linear regression, more complex regression 

methods combine higher-degree polynomials to better 

approximate the future values of previously given points. 

Furthermore, a polynomial regression from Figure 2 [5] is 

reported based on an unevenly distributed data set. Figure 

2 represents the process of minimizing the error by adding 

the degree of the polynomial when approximating the 

points, the figure shows 3 polynomials from the first to the 

third degree. The first degree (green dashed line) poorly 

approximates values, the second degree (blue dotted line) 

affects some values, but not enough for quality 

approximation, and the third degree (red solid line) affects 

almost completely without error all values of the data set 

[5]. 

 

 
Figure 2. Representation of polynomial regression  

 

The first degree (green dashed line) poorly approximates 

values, the second degree (blue dotted line) affects some 

values, but not enough for quality approximation, and the 

third degree (red solid line) affects almost completely 

without error all values of the data set [5]. The above 

methods are trivial, the conventional approach is shown in 

Figures 1 and 2, but more complex solutions are needed 

for some challenges. They are achieved using hybrid 

methods (merging multiple artificial intelligence (AI) 

algorithms into one). Thus, in the case of [6] Ivan Lorencin 

at. el. uses an approach to estimate power output in a 

power plant using a genetic algorithm (GA) and a 

Multilayer Perceptron (MLP). The research aimed to 

increase the performance of MLP compared to the 

heuristic algorithms used in previous research [6].  

 

This research was approached in the way that, as 

mentioned above, an attempt was made to try from the 

simplest method to a hybrid; ensemble method to obtain a 

regression model for the approximation of NOx emissions. 

A publicly available dataset [7] from the UCI Machine 

learning repository entitled “Gas Turbine CO and NOx 

Emission Data Set Data Set” was used in this study. The 

data set contains 36733 instances of 11 sensor measures 

aggregated over one hour, from a gas turbine located in 

Turkey to study flue gas emissions, namely CO and NOx. 

Measured values from the dataset are:  

• Ambient temperature (AT) [°C],  

• Ambient pressure (AP) [mbar],  

• Ambient humidity (AH) [%],  

• Air filter difference pressure (AFDP) [mbar],  

• Gas turbine exhaust pressure (GTEP) [mbar],  

• Turbine inlet temperature (TIT) [°C],  

• Turbine after temperature (TAT) [°C],  

• Compressor discharge pressure (CDP) [mbar],  

• Turbine energy yield (TEY) [MWH],  

• Carbon monoxide (CO) [mg/m3] and  

• Nitrogen oxides (NOx) [mg/m3]. 

 

A correlation heatmap in Figure 3. describes the 

relationships between values in each dataset. This means 

that it describes how one variable affects another, with a 
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value of 1 indicating that the reference value correlates 

with the target value, and -1 denoting the opposite effect. 

For example, TEY highly correlates with CDP which is 

obvious because with greater air intake turbine can yield 

more energy. If the vital values of CO and NOX are 

observed, no value directly correlates with other system 

variables, on the contrary, more variables do not correlate 

than correlate, which is a great challenge in predicting 

future NOX values. The data set needed to be scaled 

because of extreme peaks in values for almost every 

variable. This makes it easier for the algorithm to load data 

to predict future values in its training set, values are 

limited to -1 to 1 instead of hitherto unbalanced ratios. 

After performing the previous actions, the dataset is ready 

for implementation into AI regression algorithms. 

 

 

Figure 3. Correlation heatmap of all variables from a given dataset 

 

Dataset is scaled and adjusted with StandardScaler from 

the scikit-learn package. The last step in regression 

research is by using ensemble methods of regression. 

Ensemble methods aim to combine the prediction of 

several basic estimators built with given learning 

algorithms, thus improving the generalization of 

robustness relative to a single estimator. There are two 

categories of ensemble methods: The method comes down 

to taking two estimators and looking at the mean value of 

each. On average, a combined appraiser is usually better 

than any single base appraiser because its variant is 

reduced. Some examples are: RandomForestRegressor, 

ExtraTreeRegressor, and BaggingRegressor. In contrast, 

in reinforcement methods, basic estimators are built 

sequentially, and attempts are made to reduce the bias of 

the combined estimator. The motivation is to combine a 

few weak models to produce a powerful ensemble. A 

summary of the methodology is as follows: first 

conventional and trivial methods like linear regression 

were used, then variations on a linear method like Ridge 

regression were used, and then ensemble regression 

methods were used. 

 

3. Results and Discussion 

 

After a detailed training of the algorithms for adjusting the 

parameters, the results are obtained. The assumption is 

that the simplest methods will get the worst results, which 

is true in this case. While hope, that more complicated 

ensemble methods will get better metrics than similar 

linear models still exist. Specific metrics are used to 

display the results, in this case, R2 and MSE were used, 

which was defined in the introductory chapter of this 

article. At least 2 metrics need to be considered when 

calculating metrics. The reason for this is the 

"misconception" of the accuracy of the results, for 

example, R2 can be shown to be 1 or close to 1 if the trend 

of the curve is similar, i.e., the same as the movement of 

points but for example, can be completely dislocated in 

relation to the actual result. Starting from linear regression 

models, the results are as follows:  
• linear regression,  

• ridge linear model and  

• stochastic gradient descent (SGD) regression. 

 

After that, ensemble AI algorithms were used:  
• ExtraTreesRegressor,  

• GradientBoostingRegressor and  

• RandomForestRegressor. 

 

Table 1. shows the results for R2 and MSE for all used algorithms 

Algorithm R2 MSE CV 

Linear Regression 0.55 58.80 NO 

Ridge 0.54 58.79 NO 

RidgeCV -31.32 4318.13 YES 

SGD 0.56 58.90 NO 

ExtraTreesRegressor 0.62 12.74 YES 

GradientBoostingRegressor 0.90 12.60 YES 

RandomForestRegressor 0.88 15.44 YES 

 

Table 2. Hyperparameters used for best-given results 

Algorithm Best hyperparameters 

RidgeCV 

‘alphas’ : [ 1.0], 

‘fit_intercept’: [False], 
‘scoring’:[‘negative mean 

squared error’] 

ETR 

'criterion’: 

['squared_error'], 
'splitter': [16], 

'max_depth': [16], 

'min_sample_split': [6], 
'min_samples_leaf':[16], 

'n_estimators': [100], 

'criterion': ['mse'] 

GBR 

n_estimators':[250], 

'learning_rate': [0.05], 

'max_depth':[6], 

'min_samples_leaf’: [3,], 

'max_features’: [0.5]} 

RFR 

'n_estimators': [1000], 

'max_depth': [3], 
'min_samples_split': [3] 

 

It is possible to read some results from Table 1. Thus, 

starting from linear regression models, it is evident from 

the metrics that the results are not even close to 

satisfactory. Thus, for example, basic linear regression 

gives R2 of 0.55 and MSE of 58.80. This is a rather poor 

result since R2, i.e., the predicted regression line, shows 

50% different, i.e., wrong values than they should be. The 

mean square error is 58.80 in this case MSE for the line is 
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calculated as the average of the sum of squares for all data 

points. Ridge has similar results as linear regression. R2 is 

0.53 while MSE is 58.79. The reason for this is some 

similarities in each of the algorithms. Ridge with 

CrossValidation is the worst of all regression models 

offered by scikit-learn for solving this kind of problem. 

The R2 score is negative, which means that the complete 

approach to solving this challenge is just a waste of time. 

It does not predict any value from a given dataset and its 

square error value is very high. After that, the last in the 

trivial linear model’s SGD algorithm has a value of R2 and 

MSE in the amount of 0.56 and 58.90. The results are also 

unsatisfying and not usable in any way. By switching to 

ensemble methods, better results are achieved. For 

example, ExtraTreeRegressor (ETR) results in R2 and 

MSE of 0.62 and 12.74. The results compared to the linear 

models are better but further research is needed to improve 

the results and get a model satisfactory for NOX prediction. 

GradientBoostingRegressor (GBR) gets the best results of 

all the artificial intelligence algorithms used so far. R2 is 

0.9 while MSE is 12.60. However, it is evident from the 

square error that additional elaboration of the problem is 

needed, which would give even better results. The last in 

a series of algorithms used is RandomForestRegressor 

(RFR) which received R2 and MSE in the amount of 0.88 

and 15.44 which is high but not high enough for use as a 

real model prediction. All ensemble models were 

validated using 3 k-fold Cross Validation. 

 

4. Conclusion 

 

Emission emissions prediction is a major challenge that 

needs to be addressed as soon as possible. Emissions of 

harmful gases affect the harmony of life, and it is 

necessary to stabilize it as soon as possible. Based on 

research and the use of some AI models to attempt to 

predict NOX emissions, inadequate results have been 

obtained for real-world use and real-world problems. The 

best result was given by GBR in the amount of R2 and 

MSE 0.90 and 12.60, but the results should be even more 

accurate and of better quality, than obtained. As for further 

research, engineering scientists are invited to get better 

results than shown. The proposal is to redistribute the data 

set used in this paper. In this paper, a whole set of data of 

5 years was considered and a model was trained. The 

results can potentially vary from those obtained. In 

addition, it is recommended to take other similar 

algorithms and get even better results, for example, take 

the ExtreemeGradientBoost (XGBoosst) algorithm and 

train it with more diverse hyper parameters. Or use a 

different approach like Artificial Neural Network [9] or 

different ML and Evolutionary Computing methods to 

solve this challenge [10]. 
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