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ABSTRACT 
 

Environmental monitoring is crucial in poultry farming, yet traditional reliance on manual 
inspection is often labor-intensive and inefficient. This study addresses these challenges 
by developing a comprehensive poultry production management system. The research 
utilized environmental data—specifically temperature, humidity, carbon dioxide (CO₂), 
and ammonia (NH₃)—from a guinea fowl population at the Biaoyu Husbandry Farm in 
Miaoli County. The core of the system is a Human-Machine Interface (HMI) developed 
in MATLAB App Designer, which provides real-time data visualization, trend analysis, 
and an alert system for abnormal conditions. The methodology focused on robust data 
preprocessing, beginning with filling missing values using Shape-Preserving Cubic 
Interpolation (PCHIP) and correcting outliers with the Moving Median method. 
Subsequently, 28 daily statistical features were generated from the four primary sensor 
inputs, and the resulting dataset was normalized using the Z-score method. Using these 
features, 28 different regression models were trained to predict the daily water intake of 
the guinea fowl, a key indicator of poultry health. The experimental results showed that 
a non-linear model, the Least Squares Regression Kernel model, yielded the best 
performance, achieving a Root Mean Square Error (RMSE) of 0.28094, a Mean Absolute 
Error (MAE) of 0.21467, and an R-squared value of 0.14 on the validation set. While the 
model successfully captured general trends, analysis revealed larger prediction errors at 
extreme values, indicating opportunities for future refinement. This research provides 
significant benefits for poultry management by automating data collection, enabling 
proactive environmental control, and offering predictive insights into flock welfare, 
ultimately supporting data-driven decision-making to reduce manual labor and enhance 
production stability. 
 
Keywords: Human-Machine Interface, Environmental Monitoring, Water-Intake 
Prediction, Regression Model. 
 
 

INTRODUCTION 
 
Environmental monitoring is a core technology in intelligent poultry farming, enabling 
real-time tracking of key variables inside poultry houses to maintain animal health and 
improve production stability. Traditional farm management relies heavily on manual 
inspections and paper records, which are inefficient and cannot meet the need for real-
time data and in-depth analysis. Recent advances integrate sensor networks and IoT 
technologies with predictive models to monitor environmental gases, forecast drinking 



 

and feeding behavior, and model growth. Data preprocessing, such as standardization 
and missing value imputation, significantly improves model accuracy and stability; for 
example, LSTM models have shown promising results in predicting CO₂ concentration 
in poultry houses. Human-Machine Interfaces (HMI) are widely used to visualize sensor 
data, simplify operations, and enhance on-site decision-making. Studies confirm that 
combining data preprocessing with regression models enhances management efficiency, 
and visual data interfaces allow rapid recognition of trends and anomalies, supporting 
smarter farming operations. 
This study focuses on pearl chickens and develops a human-machine interface system 
featuring trend analysis and data visualization. Using shape-preserving cubic 
interpolation, outlier detection, and Z-score normalization, a regression model predicting 
daily water consumption was established. Among various tested models, the Kernel 
regression model demonstrated the best performance with an RMSE of 0.28094, R² of 
0.14, and MAE of 0.21467 on validation data. The developed system integrates data 
processing, modeling, and visualization, providing a foundation for future automated 
monitoring and early warning systems to improve the accuracy and efficiency of 
intelligent poultry farming. 

MATERIALS AND METHODS  
 
Construction of a Human-Machine Interface System for Poultry Production 

Management 
 
The poultry production management system developed in this study is built on the 
MATLAB App Designer platform, designed with a Human–Machine Interface (HMI) 
featuring real-time monitoring and data visualization capabilities. The system was initially 
developed to assist farm managers in obtaining and interpreting changes in 
environmental parameters on-site in real time. Through a clear and intuitive user 
interface combined with dynamic visual aids, it aims to reduce the workload of daily 
inspections while enhancing the ability to quickly respond to and handle abnormal 
conditions. This, in turn, promotes the digital transformation and intelligent management 
of traditional farming operations. 
This system integrates four key sensor variables critical to the rearing environment: 
temperature (TEMP), relative humidity (RH), carbon dioxide (CO₂) concentration, and 
ammonia (NH₃) concentration. These environmental parameters serve as vital 
references for climate control within poultry houses and maintaining poultry health. They 
are also highly correlated with production indicators such as water intake, feed 
consumption, growth rate, and disease risk. Therefore, their real-time monitoring and 
trend analysis have a substantial impact on breeding management. 
 



 

  
 

Fig.1 (A) Sensor data displayed on the Human–Machine Interface; (B) Daily trend chart 
 

In Interface A of Figure 1, users can select a specific date and time using the date-time 
picker located at the upper left corner. After selection, the system automatically retrieves 
matching real-time data from the database for that time point and immediately displays 
it on the central dashboard of the interface, including values for temperature, relative 
humidity, carbon dioxide concentration, and ammonia concentration. The right-side area 
presents all the original historical data stored in the database for that selected date, 
allowing users to conveniently review the data. Users can also download all historical 
raw data via the download data function located at the upper right corner. Furthermore, 
when any sensor parameter exceeds the safety threshold set on the dashboard, the 
system automatically activates alert indicators, clearly showing warning icons and text 
prompts in the lower section of the interface to promptly notify managers of abnormal 
conditions and items requiring attention. 
Figure 1 B displays the system’s trend chart module, which presents daily variation 
trends for temperature, relative humidity, carbon dioxide, and ammonia through four 
separate line charts. The red asterisks on the charts mark the data points corresponding 
to the current queried time, making it easier to precisely grasp parameter information at 
specific time points. This assists in analyzing potential correlations between 
environmental fluctuations and poultry health and production efficiency. 
The development of this interface has also taken future integration needs into 
consideration. Therefore, the data structure is stored in a standardized format and retains 
data export functionality, enabling direct application for regression model training and 
predictive analysis in the future. It can also be integrated with on-site decision-making 
modules or IoT monitoring platforms. 
 
Data preprocessing and analysis 
 
The data downloaded from the Human–Machine Interface, as shown in Figure 2, is in 
CSV file format. It must first be converted into a table format using MATLAB and loaded 
into the Workspace before using MATLAB's Data Cleaner tool for data processing. The 
first step is to perform missing value interpolation. In this study, shape-preserving cubic 
interpolation (PCHIP) is used for imputation to ensure that the trend of the interpolated 
data curve remains consistent with the original data. 



 

 

 
 

Fig.2 Original data 
 
Next, outlier handling is performed to prevent abnormal data from misleading subsequent 
analysis and prediction results. Afterward, for the four factors—temperature (TEMP), 
relative humidity (RH), carbon dioxide (CO₂), and ammonia (NH₃)—daily statistics are 
calculated, including the mean, maximum, minimum, standard deviation (std), median, 
range, and interquartile range (IQR), producing a total of 28 feature items. 
The statistical feature aggregation process is as follows: first, data are grouped by date; 
then, the above daily statistical features are calculated using built-in MATLAB functions 
to create a daily summary table. 
Once the data summarization is completed, Z-score normalization is applied for data 
standardization.  
 

 
 

Fig.3 Extracted feature values following data processing 
 



 

Training of regression models 
 
This study used the Regression Learner tool provided by MATLAB to perform regression 
model training. The dataset consisted of 120 records of daily sensor statistical feature 
data, including 28 feature variables such as daily mean, maximum, minimum, standard 
deviation, median, range, and interquartile range, used to predict the daily water intake 
of chickens. 
The training data employed 5-fold cross-validation to validate the models, effectively 
reducing the risk of overfitting and improving the models' generalization 
ability.Additionally, 10% of the data was set aside as an independent test set for testing 
and evaluation after model training, to verify the model’s predictive performance and 
accuracy on real-world data. 
 

RESULTS & DISCUSSION 
This study used the MATLAB Regression Learner tool to train and validate 28 different 
types of regression models for predicting the daily water intake of chickens. After 
comparing the models based on their Root Mean Square Error (RMSE) during validation, 
it was found that the Kernel model (Least Squares Regression Kernel) performed the 
best, achieving an RMSE of 0.28094 and an R-squared value of 0.14. This indicates that 
the model demonstrates relatively better predictive accuracy and stability. 
 

 
 
Fig.4 (A) Scatter Plot of Kernel Model Predicted Values versus Actual Values; (B) Plot 
Comparing Kernel Model Predictions and Actual Observations; (C) Residuals Plot of 

the Kernel Regression Model 
 
Further analyzing the prediction results of the Kernel model, the distribution of actual 
versus predicted values shows that while the overall trend is reasonably captured, there 
remain relatively large errors at certain extreme values, especially in the regions of higher 
or lower actual daily water intake. Observations from the residuals plot reveal a certain 
linear trend between residuals and true values, suggesting that the model may still miss 
some nonlinear patterns or other latent interactions. Additionally, some observations 
exhibit considerable prediction errors, possibly due to data heterogeneity or the 
complexity of environmental factors, which limits the model’s performance in capturing 
extreme cases. 
Among other models, the Medium Gaussian Support Vector Machine (SVM) and 
Exponential Gaussian Process Regression also performed well in terms of RMSE, with 
values of 0.27976 and 0.28924 respectively, indicating these models can effectively 
capture the relationship between feature variables and the target variable. However, 
compared to the Kernel model, their R-squared values are lower, implying weaker 
explanatory power. 
On the other hand, linear regression type models (such as the Interactions Linear model 
with RMSE 2.3388) and neural network type models (such as the Narrow Neural Network 



 

model with RMSE 0.59151) performed significantly worse. This is likely because the 
dataset contains strong nonlinear relationships or complex feature interactions that 
simpler linear or structurally less complex models cannot effectively capture. 

CONCLUSIONS 
 
This study employed the MATLAB Regression Learner tool to compare and analyze 28 
regression models for predicting the daily water intake of chickens. The results showed 
that the Kernel model (Least Squares Regression Kernel) exhibited the best predictive 
performance (RMSE = 0.28094, R² = 0.14), effectively capturing the nonlinear 
relationship between sensor features and chicken water intake. Additionally, the Medium 
Gaussian Support Vector Machine (SVM) and Exponential Gaussian Process 
Regression models also demonstrated good predictive capabilities. 
However, the Kernel model showed larger prediction errors in extreme values—
specifically in regions with particularly high or low water intake—reflecting possible data 
heterogeneity or other latent factors not incorporated into the model. Based on these 
findings, future work is recommended to conduct more in-depth feature engineering or 
to include additional relevant variables, such as environmental management practices 
and physiological indicators of the chickens, to further improve the model’s accuracy and 
practical applicability. 
In summary, this study validates that nonlinear regression models are more suitable for 
poultry house production management systems. Going forward, such models should be 
prioritized as effective tools to enhance the precision and efficiency of agricultural 
management. 
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