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ABSTRACT 
 IBM SPSS Modeler was used to develop a noise prediction model for the wind power plant located 
in Nakhon Ratchasima province, Thailand.  Four individual models (CHAID, CART, Linear, and Neural network) 
and their ensemble were developed and compared. The model's inputs are distance, time, wind speed, wind 
direction, temperature, humidity, and pressure. The output is the equivalent sound pressure level. From the 
field measurement, the average sound level (43.0-47.8 dB(A)) was higher for the measurement point closer to 
the wind turbine. The measured sound at various times of the day shows higher sound levels in the morning 
and evening, indicating the effect of human activity.  The most suitable technique was the Ensemble model, 
where the cross-validation for training and testing provides RMSE (10.08%) and MAE (5.89%). 
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Introduction 
 It is well known that wind turbine generates a noise perceived as an annoyance by the residents 
nearby.  The noise can be noticeable and annoying when it exceeds the environmental background 
noise [1]. Studies on the noise disturbance generated by the wind turbine confirm the impact on sleeping 
problems that potentially affect human health, such as dizziness, anxiety, and depression [2]. In many 
countries, a noise impact assessment and mitigation measures are required before obtaining a wind farm 
permit.  A wind turbine and noise emission model are essential for environmental planning, especially 
for wind farms near noise-sensitive receivers [1]. Wind turbine noise prediction models are classified into 
three main types. The first type estimates the overall emitted sound power level as a function of turbine 
parameters such as the rotor diameter, rated power, and wind speed.  The second type considers 
different noise generation mechanisms, such as low-frequency noise, inflow turbulence noise, and airfoil 
self- noise.  The third type relates to noise generation mechanisms, source directivity, and surrounding 
atmospheric conditions. The third type can be used to understand the interaction between wind turbine 
operation, noise generation, and surroundings [3]. Data mining involves using data analysis tools to find 
patterns and relationships in large data sets to build a model and find hidden associations and features. 
It incorporates analysis and prediction using statistical models, machine learning, and mathematical 
algorithms, such as neural networks or decision trees.  Many researchers used a data mining approach 
for wind farm noise to develop a noise model [ 4] .  Several factors, including turbine parameters, wind 
speeds, background noise, and climate, influence the wind turbine noise that impacts receptors.  
 The IBM SPSS modeler was utilized in this study to apply several numerical analytic methods, 
including classification and regression tree (CART) , chi- squared automatic interaction detector (CHAID) , 
linear regression ( LR) , artificial neural networks ( ANNs) , and then applied models to construct an 
ensemble model. 
 Accordingly, the objectives of this work are the following:  1)  Use meteorology and noise data 
to develop a noise prediction model; 2) Compare the four individual models (CHAID, CART, Linear, and 
Neural network)  and their ensemble in developing a noise prediction model; 3)  Conduct initial 
performance assessment statistics; 4)  Validate the results by assessing the performance metric.  The 
software used is IBM SPSS Modeler, a multi- functional big data analytic tool.  The results are a noise 
prediction model for the wind turbine farm, where the model's inputs are distance, time, wind speed, 
wind direction, temperature, humidity, and pressure. The output is the equivalent sound pressure level 
in decibels (dB) (Leq). 
 

Methodology 
 A. Study area 
  The study area was a wind power plant and its vicinity.  The wind power plant was located in 
Nakhon Ratchasima province.  The study area was 400 m from the boundary of the wind power plant 
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and covered an area of 3. 25 sq.  km.  The surrounding area was rural, and agriculture was cultivated, 
including cassava, cane, and corn.  The area was flat, with little difference in elevation.  The majority of 
the area was unaffected by terrain features like hills, trees, and buildings that could activate sound 
propagation. The study area is shown in Figure 1. 

 
Figure 1 Study area and field measurement locations 

 

 B. Method and equipment  
  The sound level was measured with a calibrated PULSAR Model 44 S/ N 1864 Sound Level 
Meter. The sound level meter was set with a frequency weighting of “A” according to the international 
standard IEC 61672: 2003 [ 5]  to represent human hearing.  Meteorology ambient conditions, including 
wind speed, direction, temperature, humidity, and atmospheric pressure, were measured with the 
NovaLynx Anemometer. The geographical positions of the measurement points were determined using 
a Garmin eTrex 10 handheld GPS. ESRI’s ArcGIS 10.1 software was used to create the maps. 
 C. Data collection and data preparation 
  Field measurement data was taken in 5-min intervals for three days (From 1.00 pm, 20 February 
20th, 2023, to 1.00 pm, February 23rd, 2023), a total of 864 times per point. The measurement was taken 
at the minimum measurement frequency recommended by USEPA, fifty times per 10 minutes, to ensure 
sufficient data for modeling [6]. The measurement locations were at the northeast corner of the wind 
power plant. The sound level measurement was performed at four points with distances of 100 m 
intervals up to 400 m. Additionally, the meteorology ambient conditions were performed between these 
measurement points as shown in Figure 1. Measurement data was processed into a consistent and 
usable form. Data processing included data cleaning, data structuring, data transformation, and data 
filtering. 
 D. SPSS Modeler 
 SPSS Modeler is data mining and analytics software used to build a predictive model. This 
research applied various algorithms to predict sound levels using field measurement data, including 
sound levels, wind speed, wind direction, temperature, humidity, and atmospheric pressure. The field 
measurement data was divided into two datasets, with a ratio of 70% for training and 30% for testing.
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 The auto-numerical node was used to generate a variety of algorithms in a single modeling run. 
The node explores every possible model and ranks each candidate model based on the correlation 
between predicted and observed values for each model. CHAID, CART, Linear, and Neural network 
models were possible to automatically create, and compare default models of continuous numerical 
outcomes from the auto-numerical node. Default values were set in the auto-numerical node. Four 
models were individual constructs that were then applied to construct ensemble models that were 
proposed for increasing accuracy. The brief descriptions of the prediction models used here are as 
follows: 
 CHAID (Chi-squared Automatic Interaction Detection) is a decision tree algorithm that builds a 
decision tree by recursively splitting the data into subsets based on the most significant differences 
between the target variable and predictor variables. CHAID is a popular algorithm for categorical target 
variables. It is used to identify the most important predictors that determine the target variable. 
 CART (Classification and Regression Trees) is another decision tree algorithm that builds a 
decision tree by recursively splitting the data into subsets based on the predictor variables that best 
predict the target variable. CART is used for categorical and continuous target variables. It can also be 
used for classification and regression tasks. 
 Linear regression is a statistical method for modeling the relationship between a dependent 
variable and one or more independent variables. In SPSS Modeler, linear regression models can be used 
for simple and multiple linear regressions that depend on the number of independent variables. The 
dependent variable is continuous, and the independent variables can be either continuous or 
categorical. 
 Neural networks are a type of machine learning algorithm that is designed to recognize patterns 
in data. In SPSS Modeler, neural network models can be used for classification and regression tasks. The 
neural networks are particularly useful when the relationships between the predictor variables and 
target variables are complex and non-linear. The neural network model in SPSS Modeler allows for the 
customization of the number of hidden layers and neurons in each layer, as well as the activation 
function used in the model. 
 An ensemble model is a machine learning technique that combines multiple individual models 
to improve the overall performance of the prediction. The idea behind ensemble models is that by 
combining multiple models, the strengths of each model can be leveraged, and the weaknesses can be 
mitigated. 
 To evaluate the prediction accuracy of the individual models and ensemble models, the 
Predictor Importance Charts were produced to find the relative importance of each predictor in 
estimating the model. The most appropriate model was selected from 5 types of models by comparing 
the model’s performance. The results of five models were merged, The performance error of the 
developed model was evaluated using R-squared (R2), Root Mean Squared Error (RMSE), and the Mean 
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Absolute Error (MAE), which expresses the average model-prediction error in the units of the variable of 
interest [7]. The smallest error model was selected as a prediction model [8]. The expressions of these 
parameters are given in Eq. (1) – (3).  
 

     R2 = 1 −
∑ (𝑥𝑥−𝑥𝑥)𝑥

2

∑ (𝑥𝑥−𝑥𝑥̅̅ ̅̅ )𝑥
2   (1) 

 

    RMSE = √
1

𝑥
∑ (𝑥𝑥 − 𝑥𝑥)2𝑥
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    MAE  =  
1

𝑥
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𝑥=1    (3) 

Where  𝑥𝑥 = the measured values 

    𝑥𝑥 = the predicted values 

   𝑥̅𝑥 = the mean values 
   
 The gain chart is a visual representation of the performance of a predictive model. Gains are defined 
as the proportion of hits in each increment relative to the total number of hits in the tree [ 9] .  Finally, 
the gain charts were plotted to evaluate the performance of the model. 

 
Figure 2 SPSS modeler flow 

 
 The modeling steps can be graphically illustrated as SPSS modeler flow, as shown in Figure 2. 
Nodes in the IBM SPSS Modeler are represented by a specific shape to indicate their function [10]. The 
source node ( circle)  imports data into the modeler from a different format.  The operations node 
( hexagon)  modifies the data in some way and returns the modified data to the modeler stream.  The 
model builder node ( pentagon)  generates models from the data in the modeler.  The model applier 
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node ( gold diamond)  defines a container for the generated model that is returned to the modeler 
canvas. The graph node (triangle) generates a graph or report from the data in the modeler. The output 
node (rectangle) provides the means to obtain information about data and models. These node shapes 
work together to facilitate data processing and analysis in the IBM SPSS Modeler. 
 

Results 
 A. Field measurement data 
  The ranges and averages of the field measurements from four measurement points are shown 
in Table 1.  Comparing meteorological parameters between the field measurement and historical data 
obtained from the Thai Meteorological Department ( TMD)  of Nakhon Ratchasima province from 1990-
2019 reveals that the measurement data is within the range of the historical data.  The average sound 
level was higher at the measurement point closer to the wind turbine. A plot between sound level and 
time of the day for all measurement points over 72 hours is shown in Figure 3. 
Table 1 Field measurement data 

Parameters Units Field measurement data Historical data 
  100 m 200 m 300 m 400 m (1990-2019) 

Sound level  
(Mean±SD) 

dB(A) 
46.8 
±5.4 

47.8 
±6.3 

43.0 
±4.9 

43.6 
±4.6 

- 

Wind direction Degree 62.1±54.8 - 
Wind speed m/s 1.2±1.1 0.9–1.3 
Temperature ºC 28.5±2.7 24.4–30.1 
Humidity % 67.7±2.9 62.0–81.0 
Pressure hPa 998.5±0.4 997.7–1,013.8 

 

  
a) All measured data b) At different point 

Figure 3 Plots between sound level and time 
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 From Figure 3, the difference between the sound at various times of the day can be seen.  The 
higher sound level around morning and evening indicated the effect of human activity from the road 
and village nearby. The U.S. The Environmental Protection Agency (EPA) defines daytime sound levels 
as those that occur between the hours of 7. 00 am and 10. 00 pm, and nighttime sound levels as those 
that occur between 10.00 pm and 7.00 am [11]. The high noise levels in the daytime compared to the 
nighttime are typical for a quiet residential area. 
 The measured sound level, 33. 0– 61. 7 dB( A) , was lower than Thailand's standard, which sets an 
average level of 70 dB( A)  for 24 hours and a maximum level of 115 dB( A) [ 12] .  However, some 
measurements exceed the WHO's recommended value, 45 dB ( A) , for the wind turbine noise and the 
WHO's recommended value for community noise in outdoor living areas, 55 dB LAeq [ 2] .  This means 
that noise in the study area could potentially be harmful to human health.  Hence, the mitigation 
measures should be implemented to protect residents in the study area. 
 B. Data Preparation 
  The field measurement data used for model input was within a wind turbine’ s cut- in speed 
condition.  The cut- in speed is when the wind turbine blades start to rotate and generate power.  The 
wind turbines at the study site are the G114-2.0 MW model, which has a cut-in wind speed of 2.5 m/s. 
The remaining dataset (n = 576) was divided into training and testing.  A ratio of 70/30 for training and 
testing datasets was a popular ratio, and it was considered the best ratio for training and validating the 
models [13]. The number of training data was 399 (69.3%), and testing was 177 (30.7%). The distribution 
plot of the training and testing datasets with sound levels is shown in Figure 4. 

 
Figure 4 The distribution of the training and testing dataset 

 C. Modeling 
  The modified datasets were used to generate models from the auto- numerical node with 
default values. When an automated modeling node is executed, the node estimates candidate models. 
The model candidate provided four modeling methods: CHAID, CART, Linear, and Neural network. The 
ensemble model combines the other models to produce one optimal predictive model.  The default 
ensemble method is voting, the voting operates by counting how many times each potential predicted 
value is selected, and then choosing the value with the greatest cumulative count. 
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 D. Predictor Importance 
 The predictor importance chart helps indicate the relative importance of each predictor in 
estimating the model. In Figure 5, the predictor importance chart of the CHAID, CART, Linear, and Neural 
network models reveals that distance is the primary predictor, followed by temperature, time, and wind 
speed. 

 
Figure 5 Predictor importance chart 
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 E. Model performance evaluation 
 Table 2 shows the comparison of the statistical analysis for model evaluation. Considering the 
R- Squared ( R2) , the top 3 best performances were the Ensemble model ( 0. 613) , CHAID ( 0. 608) , and       
CART (0.608). Comparing the RMSE and MAE values of the models in Table 2 indicates the Ensemble as 
the premier model with the lowest values of 2. 919 and 2. 328, respectively.  Therefore, the Ensemble 
model was selected as a prediction model.  The ensemble model was further validated using cross-
validation, splitting a dataset into training and testing subsets. 
 The Ensemble model was further validated using cross-validation by splitting a dataset into training 
and testing subsets. In this paper, RMSE and MAE are utilized to assess the performance of the forecasting 
model. As shown in Table 3, The percentage difference between training and testing, RMSE (10.08%) and MAE 
(5.89%), is low. It indicates that the model is not overfitting [14]. Thus, the proposed model could forecast the 
sound level with a reasonable level of accuracy. The metrics RMSE and MAE also validate the effectiveness of 
the model. 

Table 2 Comparison of performance metrics of 5 models 
Model R2 RMSE MAE 

CHAID 0.608 2.871 2.437 
CART 0.608 2.871 2.564 
Linear 0.276 3.903 3.053 
Neural network 0.372 3.848 3.011 
Ensemble 0.613 2.919 2.328 

 
Table 3 Ensemble model validation performance metric 

Partition RMSE MAE 
Training 2.818 2.191 
Testing 3.134 2.328 
% Difference 10.08 5.89 

 
 The performances of the models were visually compared using the gain chart plots. The plot 
presents accumulated gains % to percentile for training and testing datasets. The gain chart in Figure 6 
indicates that the models are exemplary because the charts rise steeply toward 100% approximately 
and then level off. 
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Figure 6 Gain charts 

Discussion and Conclusions 
 The IBM SPSS Modeler was used to develop a noise prediction model, where the model's inputs are 
distance, time, wind speed, wind direction, temperature, humidity, and pressure. The outputs are the 
equivalent sound pressure level in A-weighting-network decibels (dBA) (Leq). The noise data from field 
measurements show the effect of the time of day and human activity from the road and village nearby.          
To minimize the noise pollution from traffic, mitigation measures are needed, including proper traffic 
management and strict enforcement of noise rules and regulations [15]. In addition, wind turbine noise 
mitigation techniques, e.g., installing noise barriers between wind turbines and nearby residences, operational 
controls that adjust blade rotation speed to wind conditions, and regular maintenance and monitoring of wind 
turbines can also help reduce noise levels [16].   
 Five data mining models were applied and compared. Field measurement data at four points 
measured at 5-minute intervals for 72 hours was used for the models, and it was proved that the data is 
adequate for the noise prediction model. A comparison study of five models in terms of the R2 shows that 
the three best performance models were the ensemble model, CHAID, and CART. Ensemble models showed 
the most suitable technique. The method involves weighing several individual models and combining them 
to improve predictive performance [17]. Many researchers observed a better classification performance of the 
Ensemble model over others [18]. SPSS Modeler is proven to be effective data mining and predictive analytics 
software that can be used for noise modeling. Similar conclusions were found in the applications of waste 
management [19] construction materials [20] communications [21] and health care [22]. 
 In addition, the cross-validation of the Ensemble model indicates that the model is not 
overfitting. Thus, using the proposed model yields satisfactory results and could forecast the sound 
level with a reasonable level of accuracy. Additional research on machine learning algorithms, e.g., 
AdaBoost, Random Forest, Extremely Randomized Trees, etc., is recommended for further research.  
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