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Abstract. The concept of "small orifice flow" describes the movement of a fluid through a tiny 
hole or orifice. This is a typical occurrence in engineering and fluid mechanics. In machine 
learning, linear regression is a fundamental and extensively used technique for modelling the 
connection. In this research, an analysis of the influence of the variables H1, H2 and Q was carried 
out on the output value of the discharge coefficient (Cd). Model evaluation is done by calculating 
calibration parameters like the coefficient of determination. R square (R2), also known as the 
coefficient of determination, describes the extent to which dependent data can be described by 
independent data. There are a total of 47 datasets that will be included in the development of linear 
and multilinear models. In this study, 90% (42) of the training data and 10% (5) of the total test 
data were used. Based on simple linear model, Q parameter having a stronger linear relationship 
with the Cd parameter compared to the H1 and H2 parameters with a strong multiple R value of 
0,754 and moderate R2 correlation value of 0.569. There is a significant influence between the 
variables Q and Cd based on significant F value. The multilinear regression method was chosen 
because of its statistical data handling capabilities and ease of creation, implementation, and 
operation. the multilinear regression model with H1, H2 and Q values as independent variables 
can explain the Cd value as the dependent variable very well with the higher value of multiple R 
and R2, and small error value. 
Introduction 
Small orifice flow refers to the flow of a fluid through a small orifice or hole. This is a common 
phenomenon in fluid mechanics and engineering, often encountered in applications such as: 
• Flow Measurement: Orifices are frequently used as flow meters to measure the rate of fluid 

flow. By knowing the pressure difference across the orifice and the geometry of the orifice 
itself, the flow rate can be calculated using various equations (such as the Bernoulli equation 
or specific empirical formulas). 

• Control Valves: Orifices can act as control valves in hydraulic and pneumatic systems. By 
adjusting the size of the orifice or the pressure conditions, the flow rate of the fluid can be 
controlled to achieve desired operational conditions. 

• Cavitation: In some cases, small orifices can lead to cavitation—a phenomenon where rapid 
changes in pressure cause the formation of vapor bubbles within the fluid. This can potentially 
damage equipment or reduce the efficiency of the system. 

• Noise Generation: Flow through small orifices can generate noise due to turbulence and 
pressure fluctuations. In engineering design, minimizing such noise is often a consideration. 

 

The behavior of fluid flow through a small orifice is influenced by factors such as the size and 
shape of the orifice, the properties of the fluid (density, viscosity), and the pressure conditions 
upstream and downstream of the orifice. Mathematical models and empirical relationships help in 
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predicting and understanding the characteristics of small orifice flow in different applications. The 
flow through the hole in the vessel has its own characteristics including discharge calculation, 
discharge coefficient, speed, flow, and vessel emptying time. In field applications, the flow 
through this hole is an analogy of leaks/seepage in water reservoirs, whether ponds, reservoirs or 
other forms of storage. 

Machine learning models are effective models used for phenomena/cases that have a lot of 
empirical data. In machine learning, linear regression is a fundamental and widely used technique 
for modeling the relationship between a dependent variable (often denoted as 𝑦𝑦 and one or more 
independent variables (denoted as 𝑥𝑥). The goal of linear regression is to find the best-fitting linear 
relationship that predicts the dependent variable based on the independent variables. The aim of 
this research is to develop a machine learning model for flow through small holes using Simple 
Linear Regression (SLR) and Multiple Linear Regression (MLR) methods. The data for this 
research comes from flow experiments through small holes in the laboratory (Figure 1). 

 
Linear regression is versatile and widely used across various fields, including: 
• Predictive Modeling: Predicting outcomes based on historical data, such as predicting sales 

based on advertising expenditure. 
• Economic Analysis: Modeling relationships between economic variables. 
• Engineering: Predicting system behavior based on input parameters. 
• Social Sciences: Analyzing relationships between variables in sociological studies. 

 
The application of linear regression and multi-linear regression methods in the field of water 

resources has been developed in several studies, including: coordination analysis between marsh 
vegetation and hydrology change [1], water quality prediction [2], soil erodibility estimation [3] 
and non-revenue water prediction [4]. 
 

Figure 1. Small orifice flow experimental 
Research Methodology 
Machine learning (ML) is a machine that was developed to be able to learn by itself without 
direction from the user. Machine Learning is machine learning aimed at understanding and 
building a method that utilizes data to improve performance and is developed to be able to obtain 
various information independently[5]. The implementation of machine learning has been 
developed for several fields, including: traffic, economics, engineering, health and etc[6][7]. The 
machine learning model with a simple linear method uses each factor and analyzes its relationship 
with the output variable, namely the flow rate through the hole. Apart from that, multiple linear 
models are also used to analyze the influence of all factors together on output variables. The model 
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built will also be analyzed for accuracy using calibration parameters and using several training 
data and test data scenarios. Linear regression models are useful for the following reasons [8]: 
• Descriptive - determining the strength of the relationship between the outcome (dependent 

variable) and predictor variables. 
• Adjustment - It includes the effects of covariates or confounders. 
 
In general, the stages of this research is shown in the Figure 2, consist of: 

• Data preprocessing 
The fundamental and first stage in transforming unprocessed data into information that is usable 

is data preparation or data preprocessing. Raw data can generally be noisy, redundant, or 
incomplete. All of those issues can be fixed and used to create machine learning models[9]. Data 
preprocessing consists of data preparation, data cleaning (outlier and duplicate data), data training 
and testing. 

 
• Develop linear regression model 

A linear regression model when the dependent variable (Y) is approximated by the independent 
variable (x) and the intercept value (i), has an equation of the form such as: 

𝑌𝑌 = 𝑎𝑎𝑎𝑎 + 𝑖𝑖 

• Develop multi linear regression model 
While multi-linear equations approach a dependent variable with several independent variables 
(x1, x2…), such as: 

𝑌𝑌 = 𝑎𝑎𝑎𝑎1 + 𝑏𝑏𝑏𝑏2 + ⋯ + 𝑖𝑖 

 

Figure 2. Research step 
In this research, an analysis of the influence of the variables H1, H2 and Q was carried out on 

the output value of the discharge coefficient (Cd). H1 is the initial depth of water, H2 is the final 
depth of measurement and Q is water discharge. Model evaluation is carried out by calculating 
calibration parameters such as the coefficient of determination. R square (R2) is also called the 
coefficient of determination which explains how far dependent data can be explained by 
independent data. The coefficient of determination (R2) is used to assess the goodness of fit in the 
linear regression model[10]. R square has a value between 0 – 1 with the better condition that the 
closer to one with R2 interpretation as shown as Table 1. 
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Table 1. R2 interpretation 

Interpretation R2 value [11] R2 value [12] 
Very strong influence ≥0.7 ≥0.82 

Strong influence 0.4-0.69 0.49-0.81 
Moderate influence 0.3-0.39 0.17-0.48 

Weak influence 0.2-0.29 0.05-0.16 
 

Linear machine implementations can use various software used to process data, such as 
Microsoft Excel, SPSS, Python, R and others. In this research, data processing software was used 
by Google Collaboratory with the Python programming language. All processing was tested using 
Google Collaboratory by utilizing libraries that support linear regression such as Pandas, 
Matplotlib, and Seaborn. Functions and benefits of the libraries used include the Pandas library 
used for data analysis that will be used. 
Result and Discussion 
Data preprocessing 
Data set preparation was carried out by collecting experimental data, especially small orifice flow. 
Apart from that, data set preparation was carried out by changing the file format to CSV. Data 
preprocessing consists of the process of checking duplicate data for the same time, missing data/no 
data, outlier data that is different from the trend of the majority of data and data visualization. 
Based on the total practical data collected, there are a maximum of 6 data sets which will be 
eliminated in the initial data processing because they are outside the trend of other data (outliers) 
(Figure 3). There are a total of 47 datasets that will be included in the development of linear and 
multilinear models. 
 

Table 2. Statistical parameter 
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Figure 3. Boxplot distribution of parameter model 

 

Dataset and training 
The processing process in machine learning requires data that becomes training data, learning or 
training and data that is used for learning as training data (training set). The machine learning 
process will divide the processed dataset into 2 parts, namely data that becomes training data and 
test data[13][14]. The amount of training data when added to the testing data will be the total 
dataset. The number of percentages in the training data will later be determined based on 
repetitions of the cross-validation process[15]. In this study, 90% (42) of the training data and 
10% (5) of the total test data were used. The value of training and testing data is shown in Figure 
4 and Table 3. 
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Table 3. Training and Testing Data 
H1 H2 Q Cd 
47 46 23.667 0.6699 
47 46 22.6757 0.6419 
50 49 23.8 0.6294 
49 48 25.4545 0.6805 
50 49 23.5087 0.6121 

 

Simple Linear Regression Model 
Regression models state that the dependent variables are predicted by the independent variables 
[16]. A case model with a single independent variable is known as simple linear regression [17]. 
Simple regression modeling with a total of 42 data resulted in the Q parameter having a stronger 
linear relationship with the Cd parameter compared to the H1 and H2 parameters with a strong 
multiple R value of 0,754 and moderate R2 correlation value of 0.569. Based on the significance 
value of F, there is a significant influence between the variables Q and Cd with a significant F 
value of 7.81608E-09. Table 4 presents regression statistics result for simple linear regression. The 
simple linear regression equation for the relationship of each variable Q, H1 and H2 to the discharge 
coefficient Cd is shown in Table 5. 

Table 4. Regression statistics result for simple linear regression 

Regression Statistics H1 H2 Q 
Multiple R 0.311868 0.311868 0.754633358 
R Square 0.097261 0.097261 0.569471505 

Standard Error 0.03367 0.03367 0.023252342 
Observations 42 42 42 

Significance F 0.044368 0.044368 7.81608E-09 
Table 5. Regression coefficient for simple linear regression 

Regression Coefficients H1 H2 Q 
Intercept 1.076975 1.068174 0.186493115 

x -0.0088 -0.0088 0.019559729 
 
Multi Linear Regression Model 
Sometimes a single independent variable yields insufficient results. This indicates that insufficient 
information from a single independent variable is needed to forecast the appropriate amount of the 
dependent variable. We may overcome this issue by using more independent variables and 
developing a multi linear regression analysis to obtain a meaningful connection [18]. Multilinear 
regression is the regression model using one dependent variable and more than one independent 
variables [19]. The multilinear regression method was chosen because of its statistical data 
handling capabilities and ease of creation, implementation, and operation[20]. Based on 
multilinear regression analysis with 42 datasets, we obtained very good R2 and multiple R2 values 
close to 1, with very small significant error and F values. Therefore, the multilinear regression 
model with H2 and Q values as independent variables can explain the Cd value as the dependent 
variable very well. Regression statistics result and equation coefficients for multiple linear 
regression is shown in the Table 6. 
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Table 6. Regression statistics result and equation coefficients for multiple linear regression 

Regression Statistics 
Multiple R 0.979753586 
R Square 0.95991709 
Standard Error 0.00718527 
Observations 42 
Significance F 5.10054E-30 

Coefficients 
Intercept 0.930049102 
H1 0 
H2 -0.01889717 
Q 0.025797796 

 

Data Testing for Simple and Linear Regression Model 
The multilinear regression equation with the coefficients in table 4 is then applied to the previously 
selected data test. The cd value of the data and the resulting model is not significantly different 
with a small absolute value of total error of 0.019. In more detail, the model error calculation and 
comparison of Cd values are shown in Table 7 and Figure 5. 
 

Table 7. Error calculation for Cd value with multilinear regression 

H1 H2 Q Cd Cd model abs error 
47 46 23.667 0.670 0.671 0.001 
47 46 22.676 0.642 0.646 0.004 
50 49 23.800 0.629 0.618 0.011 
49 48 25.455 0.681 0.680 0.001 
50 49 23.509 0.612 0.611 0.002 

  total error   0.019 
 

 

Figure 5. Comparison of Cd data and Cd multilinear regression model 
Conclusion 

Small orifice flow refers to the flow of a fluid through a small orifice or hole. Simple regression 
modeling with a total of 42 data resulted in the Q parameter having a stronger linear relationship 
with the Cd parameter compared to the H1 and H2 parameters with a strong multiple R value of 
0,754 and moderate R2 correlation value of 0.569. Based on the significance value of F, there is a 
significant influence between the variables Q and Cd with a significant F value of 7.81608E-09. 
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The multilinear regression method was chosen because of its statistical data handling capabilities 
and ease of creation, implementation, and operation. Based on multilinear regression analysis 
with 42 datasets, we obtained very good R2 and multiple R2 values close to 1, with very small 
significant error and F values. Therefore, the multilinear regression model with H2 and Q values 
as independent variables can explain the Cd value as the dependent variable very well. 
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