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1. Introduction

Serial production lines form the backbone of modern manufacturing industries, facilitating the efficient mass
production of goods through a sequence of interconnected processes. The design and operation of serial production
lines are essential to achieving optimal productivity, cost-efficiency, and product quality in industries (Hon, 2005),as
they represent a tightly coupled sequence of processing stations where workpieces are processed sequentially, this
sequential nature introduces complexities due to the interdependence of stations and the potential for blocking and
starving (Liu et al., 1996). In an increasingly competitive global market, the ability to optimize serial production lines
has become a key differentiator for manufacturers. Inefficiencies in these systems can lead to bottlenecks, excessive
idle times, and resource wastage, directly impacting production costs and delivery timelines. Conversely, well-
optimized production lines can significantly enhance throughput, minimize downtime, and reduce operational costs,
providing a competitive edge to manufacturers. Traditional methods for evaluating serial production lines have
included analytical approaches, which often involve simplifying assumptions and can struggle with real-world
complexities, particularly for systems with more than two machines (Kim et al., 2024). Most of these analytical models
assume idealized machine behavior, often ignoring critical interactions such as buffer blockage and starvation, which
significantly affect system performance in practical settings. Our approach addresses this limitation by modeling
machine states along with buffer dynamics, capturing the real-world effects of upstream and downstream
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dependencies. This research focuses on utilizing machine learning algorithms to analyze and optimize serial
production lines by addressing these complexities. By building multioutput regression using tree-based models. These
models are powerful tools for analyzing structured data due to their ability to model complex, nonlinear relationships
by using decision Trees as their basis (Hu & Li, 2022). This work aims to predict key metrics namely, average
throughput, throughput variability, and buffer levels under different production scenarios. These predictions can help
identify potential bottlenecks, enhance decision-making, and improve system reliability. The tree-based regression
models take the parameters of the production system as inputs and compute scalar values representing key
performance metrics, such as average throughput, throughput variability, and buffer levels. Since each model has
unique strengths in handling structured data and capturing nonlinear relationships, this work employs and compares
several algorithms: Random Forest (RF), Extra Trees (ET), Gradient boosting decision tree (GBDT), XG Boost, and
Light GBM. These models are chosen for their proven performance in predictive tasks and their ability to handle the
complexities of serial production line evaluation. This article focuses on evaluating synchronous serial production
lines, where machine efficiency is represented as a general Markovian system (Assaf et al., 2014) and the system
have a finite buffer size. Tree-based regression models are developed and trained for a fixed number of machines
within the production line. The training and testing datasets are generated using discrete-event simulations conducted
under steady-state conditions. The production system parameters for these simulations are randomly sampled from
predefined ranges to ensure a comprehensive analysis of system behavior. The main contributions of this article are
as follows:

1. Development of a robust framework for evaluating synchronous serial production lines, incorporating
machine efficiency and finite buffer size.

2. Implementation and comparison of advanced tree-based regression models to evaluate the performance of
serial production line.

3.  Establishing a methodology that can be extended to evaluate production lines with varying configurations
and parameters, ensuring applicability across a wide range of manufacturing systems.

4. Publishing the data sets used for training and testing the models to enable future researchers to validate and
extend the findings of this study.

2. Related Work

The evaluation of serial production lines is crucial for optimizing performance, identifying bottlenecks, and
improving both quantity and quality of production. Two prominent methods used for this purpose are decomposition-
based methods and aggregation-based methods. Below, provide a summarized overview of these approaches and their
applications in analyzing and improving serial production lines (Wang et al., 2014). Decomposition-based methods
simplify the analysis of long production lines by dividing them into smaller segments, typically consisting of two
machines and a buffer in between (Le Bihan & Dallery, 2000). These smaller segments are analyzed using Markov
chains to model the Work-In-Progress (WIP) level and the operational states (up or down) of the machines. The
insights gained from these short lines are then used to evaluate the performance of the entire production line (Wang
et al.,, 2014). Key developments in decomposition-based methods include the work of Gershwin and Berman
(Gershwin & Berman, 1981), who developed probability balance equations for two-machine short lines, providing
closed-form solutions for steady-state probabilities and enabling the evaluation of average production rate and WIP
levels. Tolio et al. extended the analysis to lines with multiple failure modes (Colledani & Tolio, 2005), deriving
analytical performance evaluations. Tan and Gershwin proposed a general Markovian model for continuous-flow
systems with multiple quality-related states (Tan & Gershwin, 2011). Building on this foundation, Gershwin
introduced the first decomposition-based algorithm for evaluating long lines with identical machine processing times
and finite buffer sizes (Gershwin, 1987). Aggregation-based methods evaluate production lines by recursively
combining segments either backward or forward until convergence. This approach has been proven effective for
analyzing and improving production line performance (Wang et al., 2014). Notable advancements in aggregation-
based methods include Yishu Bai's development of a novel algorithm designed to evaluate production lines with
unreliable machines and limited buffer capacities (Bai et al., 2021). This algorithm improves upon traditional methods
by more accurately modeling machine-buffer interactions, demonstrating consistent convergence in numerical
evaluations, and achieving greater precision in key performance metrics. Additionally. Kuo et al. identified bottlenecks
by evaluating machine blockage and starvation probabilities without calculating production rate sensitivity (Kuo et
al., 1996). Chiang et al. proposed new techniques to identify downtime, uptime, and cycle-time bottlenecks through
blockage and starvation probabilities (Chiang et al., 2000). The Equivalent Machine Method (EMM) offers another
analytical approach, simplifying production lines by replacing entire subsystems with equivalent machines that
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preserve input-output behavior. While these classical methods are useful for benchmarking, their reliance on
simplifying assumptions often makes them unsuitable for complex, large-scale, or highly variable systems. Evaluating
the average throughput of a production line is essential for understanding and optimizing its efficiency. Throughput
reflects the number of finished products generated over a specific period, providing a direct measure of the system's
productivity (Tan & Gershwin, 2009). By analyzing throughput, managers can identify bottlenecks that limit
production capacity, assess the impact of reliability and processing times, and implement strategies to streamline
operations. For instance, Gershwin highlights that understanding throughput dynamics allows for the development of
decomposition algorithms to evaluate and improve production performance (Gershwin, 1987), particularly in lines
with limited buffers and variable processing times. Tracking the standard deviation of a production line's periodic
output provides insights into its efficiency and consistency, it helps identify trends, assess the impact of process
changes, and benchmark performance across different lines or facilities. A decrease in standard deviation following
process improvements indicates enhanced consistency and effectiveness, while an increase suggests potential issues
requiring further investigation. Additionally, comparing standard deviations across production lines allows businesses
to identify best practices and target areas for improvement, ultimately driving overall productivity and efficiency. In
a production line, machines are connected in series, separated by buffers, and parts are processed sequentially. Buffers
are essential for reducing idle time caused by machine failures and variable processing times, thereby minimizing
starving and blocking. However, buffer allocation is often constrained by physical and budgetary limitations, requiring
efficient allocation to optimize production line performance (Demir & Koyuncuoglu, 2021). Evaluating buffer size
and capacity is critical for mitigating variability, ensuring smooth production flow, minimizing delays, and enhancing
throughput. Proper sizing balances the trade-off between performance and cost, as excessive buffers raise inventory
costs, while insufficient buffers lead to frequent disruptions (Li et al., 2009). Effective evaluation is key to achieving
optimal efficiency and system reliability. The most relevant work related to our study is the research conducted by
kim S, where a neural network model was developed and trained using synthetic data generated through simulations
of serial production lines (Kim et al., 2024). Their model effectively approximated the average throughput, with
machine efficiency modeled using a Weibull distribution characterized by high variability in machine uptime and
downtime. In contrast, our research adopts an exponential distribution for machine efficiency. A key aspect of our
study involves comparing the performance of tree-based regression models with their neural network approach to
highlight the differences and evaluate the effectiveness of the two methodologies. Recent literature highlights the
potential of Al-driven optimization and hybrid modeling in manufacturing. For example, (Samee et al., 2022)
discusses metaheuristic-based optimization for complex industrial tasks, while (El-Kenawy et al., 2022) focuses on
machine learning for operational efficiency modeling. Hybrid frameworks combining machine learning with
simulation, as seen in, (El-kenawy et al., 2021) have shown strong performance in predictive maintenance and control.
More recently, (Elshabrawy, 2025) and (Khaled & Singla, 2025) explore multi-objective optimization and Al-based
predictive frameworks for enhancing production system efficiency. Boosting and bagging are two ensemble learning
techniques commonly used to improve the performance of tree-based models. Bagging (Bootstrap Aggregating)
focuses on reducing variance by training multiple decision trees independently on different bootstrap samples of the
data and averaging their predictions. Models like Extra trees and Random Forest leverage bagging to enhance
robustness and prevent overfitting. In contrast, boosting aims to reduce bias by sequentially building trees where each
subsequent tree corrects the errors of its predecessor. Models like Gradient Boosting, Light GBM, and XG Boost
utilize boosting to create a strong predictive model by combining weak learners in a weighted manner. While bagging
excels in reducing overfitting, boosting is more effective in handling underfitting, but may be prone to overfitting if
not carefully regularized (Dey, 2024; P. Bruce et al., 2020). Tree-based models have demonstrated significant potential
across various industries, offering interpretable and efficient solutions for response surface modeling. These models
frequently outperform traditional methods such as linear regression and support vector machines in capturing complex
relationships and nonlinear interaction (Dasari et al., 2015), six different tree-based models were applied in a study to
Hardgrove Grindability Index (HGI) (Chen et al., 2025), a critical metric for assessing coal grindability, with
implications for improving production efficiency and economic profitability in the coal industry. Similarly, another
study employed three tree-based models to analyze the elevated temperatures on the tensile strength of composite
materials (Machello et al., 2024). In the manufacturing sector, tree-based models have been widely adopted for
predictive tasks. For example, a Random Forest model was developed to diagnose the causes of variations in a
production line (Wong & Chu, 2021). Another study employed Random Forest model to predict tool wear (Wu et al.,
2017), while Light Gradient Boosting was utilized to forecast setup time in electronic production lines (Chen et al.,
2024). These applications underscore the ability of tree-based models in addressing diverse challenges in industrial
and manufacturing environments.
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3. Serial Production Line Description
3.1 Overview of the Serial Production Line

A serial production line consists of M machines and M — 1 buffers, as shown in figure. 1, where machines are
connected through buffers. Each machine operates independently and is modeled using a single-failure-mode
approach, represented by a Markov chain matrix that characterizes the machine's uptime and downtime, following a
geometric distribution. Buffers serve as storage for work-in-progress (WIP) items between machines and have finite
capacities. All machines in the production line are assumed to operate synchronously, meaning they share identical
cycle times. A more detailed description of the system can be found in (Assaf et al., 2014).

m, b, m, b, b My

I——) e e e EEEEnN

(e;.F) N, (e;, B ) N, Ny (ep - By )
Figure 1: Serial production line with M machines (circles) and M — 1 buffers (rectangles).

System Description:
1.  Number of Machines: M machines are included in the system.
2.  Number of Buffers: M—1buffers are present between the machines, each with a finite capacity (N).
3. Processing Cycle Time: The system operates with a constant processing cycle time, scaled so that one cycle
equals one time unit.
4. Machine States: Each machine can be in one of two states: Operational (Up): The machine is functioning
normally, Failure (Down): The machine is non-operational.
5. Transition Probability Matrix (Markov chain): the transitions between the two states of a machine are
represented using a probability matrix (P) which follows a geometric distribution, a visual representation of
Puu pU,D]
Pou DPobp
In the matrix Py, y represent the Probability of remaining in an up state, Py, p is the Probability of transitioning
from up to down state, Pp, y Probability of recovery from a down state to up, and Pp, p is the Probability of remaining
in a down state.

the transitions between statis shown in figure. 2. The matrix is defined as: P = [

L.D
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Figure 2: Transitions Between Statis
6. Machine Efficiency: Each machine in the system has a unique efficiency calculated using equation 1:

_ Pp,u
Pp,u t Pup

Therefore, a serial line with M machines have 6M -1 parameters. We denote this parameter set as an input.

Input X = (P1 P, ...Pu e e ...em Ni Nz ...Nmi )

The evaluation of serial production lines focuses on three primary metrics. The first is average throughput, which
measures the mean number of items produced per unit of time and serves as an indicator of overall production
efficiency. The second is the standard deviation of throughput, which quantifies the variability in the number of items
produced per unit of time, providing insight into the consistency and reliability of the production process. Lastly,
buffer levels represent the average number of items stored in each buffer, highlighting the system's storage utilization
and the flow balance between machines.

3.2 Data Generating

The data for the models are obtained through discrete-event simulations of various serial production lines.
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The parameter of these lines is selected from the following ranges: M € {2, 3, 4}, N € [2, 50], e € [0.65, 0.99], and
Pp,u € [0.1, 0.4]. A total of 30 000 production lines is simulated for generating the training data (10 000 lines,
respectively, for each M =2, 3, 4). The detailed procedure for determining line parameters for each M is as follows:

1) Randomly select the efficiency ei from the range [0.65,0.99],i=1,2, ..., M.

2) Randomly select the buffer size N; from the range [2, 50], j=1, 2, ..., M-1.

3) Randomly select the Ppu, from the range [0.1, 0.4]

4) Calculate Ppp;ifrom 1 = Ppp;i+ Ppu;

5) Calculate Pyp; from equation 1.

6) Calculate Py,uifrom 1 = Pyp,;i+ Puu,

The simulation procedure begins by initializing the system parameters, including the number of machines, buffer
capacities, transition probabilities, and machine efficiency. The production line is then simulated for each set of
parameters, during which machine states, buffer levels, and transitions are recorded. Throughput metrics and buffer
utilization are calculated, and results are aggregated across multiple replicates to ensure statistically significant
outputs. For each selected production line, ten discrete-event simulations are performed. The output variables for a
given parameter set are obtained by averaging the results from these ten simulations. Each simulation starts with empty
buffers, and the throughput gradually increases from zero during a transient period. To ensure accurate steady-state
measurements, the transient period is excluded when calculating the output variables.

4. Methods
4.1 Multioutput Regression

Multioutput regression is a type of supervised machine learning designed to predict multiple target variables
simultaneously. Unlike traditional regression, which focuses on predicting a single target variable based on input
features, multioutput regression extends this capability to handle multiple numerical targets at once. This approach is
particularly useful in real-world scenarios where multiple dependent variables need to be modeled together, especially
when they are interrelated. In this research, we implement a multioutput regression model using the Scikit-learn library
("MultiOutputRegressor, Scikit-learn," 2024). In Scikit-learn, multioutput regression is achieved by leveraging
wrappers that extend single-output regression models to handle multiple targets as illustrated in figure. 3. The wrapper
trains a separate regression model for each target variable while sharing the same set of input features. This approach
allows any regression model in Scikit-learn to be adapted for multioutput tasks, enabling flexibility and consistency
across different types of models.

MultiOutputRegressor

|—»{Regressor model for Y4 = average throughput ———» Y1 pred

Input X Ap{ Regressor model for Y = Std throughput }——){ Yo pred |

Regressor model for Yy, = buffer
levels

[~ ——> Ypq_pred

Figure 3: Multioutput Regressor
4.2 Tree-based Machine Learning Models

Tree-based models are widely used due to their simplicity, interpretability, and ability to handle both numerical
and categorical data. Decision trees, initially developed by Leo Breiman and others in 1984, are effective methods for
classification and regression tasks. One of their key advantages is interpretability, as the tree structure provides a clear
visualization of decision-making processes. Additionally, decision trees are resilient to missing values and less
sensitive to outliers compared to other machine learning algorithms. However, advanced tree-based models, improve
performance by combining multiple decision trees using techniques like bagging or boosting. While these models, are
highly effective, they are often considered "black-box" methods due to their complexity. As a result, they require
careful hyperparameter tuning to optimize performance and reduce the risk of overfitting (P. Bruce et al., 2020).
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4.2.1 Random Forest (RF)

The random forest algorithm, proposed by L. Breiman in 2001 (Breiman, 2001) is an ensemble learning method
that builds multiple decision trees during training and combines their predictions to improve accuracy and robustness.
It works by using bagging technique, where different subsets of the training data are randomly sampled with
replacement for each tree. Additionally, at each split in the tree, only a random subset of features is considered to
ensure diversity among the trees. The final prediction is made by averaging the outputs for regression or voting for
classification. This approach reduces overfitting, improves generalization, and handles high-dimensional data
effectively, making it a versatile and reliable model (Biau & Scornet, 2016; Chen & Ishwaran, 2012).

4.2.2  Extra Trees (ET)

Extra Trees, or Extremely Randomized Trees, is an ensemble method similar to Random Forest but introduces
more randomness during tree construction. While Random Forest selects the best split from a subset of features, Extra
Trees splits randomly within that subset, reducing the reliance on the data's fine details (Galelli & Castelletti, 2013).
This increased randomness results in simpler trees and often improves generalization. Like Random Forest, it
aggregates predictions from multiple trees through averaging for regression or voting for classification. Extra Trees is
computationally faster than Random Forest because it doesn’t compute the optimal split, making it suitable for large
datasets with high-dimensional features (Geurts et al., 2006; Wehenkel et al., 2006).

4.2.3  Gradient Boosting Decision Tree (GBDT)

Gradient Boosting is an iterative ensemble method that builds decision trees sequentially, where each tree corrects
the errors of its predecessor. It minimizes a loss function, such as mean squared error, by training each tree to predict
the residuals from the previous iteration. Unlike Random Forest, Gradient Boosting emphasizes the contribution of
poorly predicted instances, making it highly effective for capturing complex patterns. While it achieves high accuracy,
it can be sensitive to overfitting and requires careful hyperparameter tuning. Gradient Boosting works well for
structured data and is widely used in competitive machine learning tasks (Li et al., 2018; Natekin & Knoll, 2013).

4.2.4 XGBoost

XGBoost (Extreme Gradient Boosting) is an optimized implementation of Gradient Boosting that introduces
enhancements to improve speed, scalability, and accuracy (Kavlakoglu & Russi, 2024). It uses techniques such as
regularization to reduce overfitting, parallel computation for faster training, and efficient handling of missing data.
XGBoost builds trees iteratively, with each tree focusing on minimizing the residual errors of the previous trees. It
also supports advanced features like column sampling, monotonic constraints, and early stopping during training.
These features make XGBoost a powerful and flexible tool for both regression and classification tasks, widely favored
in machine learning competitions and real-world applications (Chen & Guestrin, 2016).

4.2.5 LightGBM

LightGBM (Light Gradient Boosting Machine) is a highly efficient gradient boosting decision tree algorithm
developed by Microsoft for machine learning tasks (Ke et al., 2017),which is another implementation of Gradient
Boosting designed for efficiency and scalability on large datasets. Unlike traditional Gradient Boosting, LightGBM
grows tree leaf-wise, splitting the leaf with the highest loss reduction, resulting in deeper and more efficient trees. It
also uses histogram-based binning, reducing memory usage and speeding up computation. LightGBM supports
categorical features directly and handles sparse data efficiently. While it excels in speed and accuracy, it can overfit
on small datasets without proper tuning. LightGBM is widely used in applications requiring fast training and prediction
times, such as real-time systems and large-scale datasets (NA, 2024).

4.3 Hyperparameter Optimization and Evaluation Metrics

For hyperparameter optimization, we will use Bayesian Optimization (BO), a probabilistic model-based method
that efficiently tunes hyperparameters in machine learning models. Unlike traditional methods like grid search or
random search, BO builds a surrogate model, typically using Gaussian Processes, to approximate the objective
function. It balances exploration, by testing new hyperparameter combinations, and exploitation, by focusing on
promising areas of the hyperparameter space. This method is particularly effective for optimizing expensive black-
box functions (Nguyen, 2019), often achieving better results with fewer evaluations compared to default settings or
random search (Galuzzi et al., 2020). BO-based approaches provide an efficient and reliable solution for
hyperparameter tuning across various machine learning tasks (Wu et al., 2019). In this study, hyperparameter
optimization was performed using Bayesian Optimization with the Scikit-Optimize library, aiming to minimize the
Mean Absolute Percentage Error (MAPE) during cross-validation. The hyperparameter search space was defined
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based on prior experience and relevant literature (Chen et al., 2025) , as shown in Table 1, A total of 50 iterations
were conducted for each model, with each iteration evaluated using 5-fold cross-validation to ensure result reliability
and stability. The accuracy of the models is evaluated by calculating the mean absolute percentage error (MAPE) and
the coefficient of determination (r?) between the predicted outputs obtained from the tree-based models and the
simulated outputs using the following formula:

n
1 C— . . — )2
MAPE=—><Z|y‘ yl| ’ 2 O y_l)2
noo Ll 0=y

In the formulas, n represents the total number of samples, y; is the i-th actual value, §; is the i-th predicted value
and ¥ is the mean for the samples data.

4.4 Model Construction

The construction process of the tree-based models for the generated data is as follows, with multioutput regression
applied to each model to predict multiple output variables simultaneously (see figure 4.):

1. For each production line, the dataset is randomly divided into a training set and a test set in a 4:1 ratio.

2. The hyperparameter search space is defined for five tree-based machine learning models. The mean absolute
percentage error (MAPE) from cross-validation is used as the fitness metric. To ensure a balance between training
time and model evaluation stability, 5-fold cross-validation is employed. In each iteration, the training set is divided
into five equal parts: four are used for training, and one is used for validation, with each fold serving as the validation
set in turn. The average MAPE across the five folds is calculated as the fitness value. Bayesian Optimization,
implemented via Scikit-Optimize, is used to perform 50 iterations to identify the optimal hyperparameter combination
for each model.

3. Each machine learning model is trained using its optimized hyperparameters with multioutput regression
applied to predict all target variables simultaneously. Predictions are made on both the training and test sets, and
evaluation metrics are computed. The predictive performance of the models is compared to determine the most
effective model for predicting the output variables.

Bayesian optimisation Random forest |

process
—_—
5-fold CV sampling initial hyperparameter
validation - valuss Extra Trees
training fold
fold < i
i+ iteration 1 - ~ \ P
(—p [mmmeData | . teration2 [ MM | | 1 > TreeModelTraining |eg| Loutoumput e 1 | Cradient
80% : Regression boosting decision free
\ { dteration3 [ 1 NN [ | i : J
derationd [ 1 | M | (
N ( 1 _— XGBoost
ecaions [T T | W o |
L LigntGBM |
Updating hyperperameter [
line perameters —  Simulation | valuss
== )
Prediction model with
optimal performance
Test Data Model evaluation

|

Compare Models performance
(MAPE)

I

Determine the optimal
Predection model

Figure 4: Models Construction Process

5. Result and Discussions
5.1 ML Models Comparisons
5.1.1 Prediction Models Results

As mentioned earlier, the hyperparameters of the machine learning algorithms were first needed to be tuned in
order to obtain optimal prediction models. figure. 5 shows the minimum values of the objective functions, which imply
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the loss in the cross-validated fit of RF, GBDT, ET, XGBOOST, LightGMB models during 50 steps of Bayesian
optimization.
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Figure 5: Hyperparameter Tuning Process of the Machine Learning Models: (a) M =2, (b) M =3, (c) M =4.

Best points for each model for each system represent the set of values in the hyperparameter space by which the
objective function converges to a minimum value. It is seen that the minimum CV error (MAPEwmor) for most of the
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models for each system is after 30 iterations, we noticed that the Rf and ET have the highest error and the GBTD,
XGBOOST, and LightGMB have the lowest error with not a very significant difference. The list of hyperparameters
with their optimal values obtained at the best points is presented in Table 1, for each prediction model for each system.
In Table 2, The n_estimators parameter defines the number of trees in the ensemble, balancing model complexity and
computational cost. Max_depth controls the maximum depth of each tree, preventing overfitting by limiting the
growth of the trees. The min_samples_split parameter specifies the minimum number of samples required to split an
internal node, while min_samples leaf ensures that each leaf node contains at least a minimum number of samples,
aiding in regularization. For boosting algorithms, the learning_rate governs the contribution of each tree to the overall
model, with smaller values typically requiring more trees to achieve optimal performance. The subsample parameter
determines the fraction of training samples used for fitting each tree, introducing randomness to reduce overfitting.
Additionally, colsample bytree defines the fraction of features sampled for each tree, promoting diversity among
trees. Parameters such as min_child weight and min_child samples further control tree growth by specifying the
minimum sum of instance weights and minimum number of samples in child nodes, respectively, ensuring the model
is robust to noise and small datasets.

Table 1: Hyperparameter Search Ranges for ML Models.

M Hyperparameter Range ML Model
RF GBDT ET XGBoost LightGMB
2 n_estimators 50-500 500 433 500 285 491
max_depth 1-50 13 30 15 50 45
min_samples_split 2-10 2 10 2 - -
min_samples_leaf 1-10 1 10 1 - -
learning_rate 0.01-0.5 - 0.021 - 0.18 0.062
subsample 0.5-1 - 0.52 - 1 0.92
colsample bytree 0.5-1 - - - 1 0.94
min_child weight 1-10 - - - 9 10
min_child samples 1-20 - - - - 1
3 n_estimators 50-500 500 500 500 463 500
max_depth 1-50 31 23 50 39 10
min_samples_split 2-10 2 10 2 - -
min_samples_leaf 1-10 1 10 1 - -
learning_rate 0.01-0.5 - 0.012 - 0.055 0.071
subsample 0.5-1 - 0.5 - 0.735 0.5
colsample bytree 0.5-1 - - - 1 1
min_child weight 1-10 - - - 9 7
min_child samples 1-20 - - - - 6
4 n_estimators 50-500 500 249 408 347 481
max_depth 1-50 36 20 45 22 37
min_samples_split 2-10 2 7 2 - -
min_samples_leaf 1-10 1 8 1 - -
learning_rate 0.01-0.5 - 0.054 - 0.039 0.079
subsample 0.5-1 - 0.614 - 0.651 0.771
colsample bytree 0.5-1 - - - 1 1
min_child weight 1-10 - - - 10 5
min_child samples 1-20 - - - - 6

In order to further analyze the multioutput regression performance of the tree-based models, two metric values,
mean absolute percentage error (MAPE) and goodness of fit (r?) were used in this study. The formulations of these
metrices are presented as:

MAPEavg—throughput + MAPEstd—throughput + 294:_11 MAPEj

MAPEMOR = M T 1

2 2 M-1_2
ravg—throughput + rstd—throughput + Zj=1 7}

M+1

Figure 6. Shows the MAPE (test) for the five different tree-based models. The yellow bars represent the MAPE
when using the RF model, the blue bars correspond to the ET model, and the orange, green and grey bars represent

2 _
TMor =

Evaluating the Performance of Serial Production Lines Using Tree-Based Machine Learning .... (Ramiz Assaf)



36 ) ISSN: 2683-5894

the results from the GBDT, XGBOOST and LightGMB models, respectively. Across all models, it is observed that
the MAPE increases with an increasing number of machines in the production line. The GBDT, XGBOOST and
LightGMB model demonstrates the best performance among the considered models, while the RF and ET model

exhibits the poorest.

10% = GBDT

% LGVB
6%

RF

4%

o, = XGB
0%

2 3 4

Number of Machines

Figure 5: Multioutput Regressors MAPE (Test) With Five Different Tree-Based Models

MAPE
]
R X X

N
®

Table 2 presents a comparison of the prediction performance of tree-based models, evaluated on training and test
data across three multioutput regression tasks (2-machine system, 3-machine system, and 4-machine system). The
average results across all systems were considered for better comparison. For the training data, ET achieves the highest
12 score of 0.987 with a MAPE of 0.012, indicating strong fitting to the training set. The other models show slightly
lower 12 values, ranging from 0.942 (LightGBM) to 0.978 (GBDT), with MAPE values between 0.029 and 0.059.
These results suggest a good balance between accuracy and generalization during training. On the test data, ET,
XGBoost, and GBDT achieve the highest 1 values of 0.826, 0.826, and 0.825, respectively, with moderate MAPE
values ranging from 0.100 to 0.118. RF has the lowest r? (0.822) and the highest test MAPE (0.121), suggesting
slightly less accurate predictions compared to the other models. LightGBM and GBDT exhibit similar performance
with r? values of 0.825 and MAPE values of 0.100 and 0.108, respectively. Overall, the boosting models (GBDT,
LightGBM, and XGBoost) perform competitively on test data, achieving relatively lower errors while maintaining
good generalization. However, all models show some degree of overfitting, as indicated by the gap between training
and test performance. Further analysis is needed to assess individual output performance across different regression
tasks to better understand the observed discrepancies in the metrics.

Table 2: (a) Multioutput Regressors Performance Metric Values of Different Tree-Based Models

M ML Model Training Data Test Data
MAPE 2 MAPE 12
2 ET 0.036 0.961 0.090 0.809
GBDT 0.035 0.967 0.087 0.796
LightGMB 0.063 0.911 0.091 0.804
RF 0.053 0.934 0.094 0.806
XGBoost 0.049 0.924 0.093 0.795
3 ET 0 1 0.111 0.832
GBDT 0.040 0.968 0.093 0.834
LightGMB 0.055 0.950 0.102 0.829
RF 0.043 0.977 0.115 0.827
XGBoost 0.029 0.962 0.094 0.833
4 ET 0 1 0.154 0.837
GBDT 0.013 0.999 0.118 0.844
LightGMB 0.060 0.964 0.131 0.843
RF 0.058 0.977 0.155 0.833
XGBoost 0.031 0.972 0.113 0.849
Average ET 0.012 0.987 0.118 0.826
Result Across GBDT 0.029 0.978 0.100 0.825
All Systems LightGMB 0.059 0.942 0.108 0.825
RF 0.051 0.963 0.121 0.822
XGBoost 0.036 0.953 0.100 0.826
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5.1.2  Average Throughput Result

From figure. 7, regressions scatter plot, there are no significant differences in the performance of various models
on the training (blue O) and test (red X) sets. The simulation versus prediction results for different models in figure.
7 shows that machine learning predictions are mostly located at a very small range of the Average Throughput
simulation. Comparing the dispersion of pairs of data for each model in figure. 7 shows that all models are very good
at predicting the Average Throughput on the test and training data sets. Table 3. presents the results of the average
throughput prediction using tree-based models, evaluated on both training and test datasets. All models achieved
perfect r>= 1 on the training data, indicating a complete fit to the training set. However, this raises concerns about
overfitting, as the models capture the training data without errors. On the test data, GBDT, LightGBM, and XGBoost
demonstrate the highest 12 scores of 0.993, 0.994, and 0.993, respectively, with low MAPE values of 0.0065, 0.0061,
and 0.0067. This indicates strong generalization and high accuracy in predicting average throughput. ET also performs
well, achieving an 12 of 0.9836 and a slightly higher MAPE of 0.01, showing competitive performance but slightly
lower predictive accuracy than the boosting-based models. RF, while still performing well with an 12 of 0.9824 and
MAPE of 0.01, lags slightly behind the other models, indicating slightly less precise predictions. Overall, GBDT,
LightGBM, and XGBoost stands as the best-performing models for predicting Average Throughput, offering a balance
between low error rates and high generalization. ET provides strong but slightly less accurate results, while RF shows
the highest error among the models, suggesting room for improvement.

Table 3: Average Throughput Performance Metric Values of Different Tree-Based Models

M ML Model Training Data Test Data
MAPE r? MAPE r’
2 ET 0.0011 1 0.0052 0.996
GBDT 0.0012 1 0.0034 0.998
LightGMB 0.0018 1 0.0032 0.998
RF 0.0022 1 0.0056 0.996
XGBoost 0 1 0.0041 0.998
3 ET 0 1 0.0098 0.986
GBDT 0.0024 1 0.0062 0.994
LightGMB 0.0027 1 0.0061 0.995
RF 0.0039 1 0.0104 0.984
XGBoost 0 1 0.0066 0.993
4 ET 0 1 0.0153 0.967
GBDT 0.0007 1 0.0098 0.986
LightGMB 0.0036 1 0.0089 0.989
RF 0.0056 1 0.0153 0.966
XGBoost 0 1 0.0094 0.987
Average Result Across ET 0 1 0.01 0.983
All Systems GBDT 0.0014 1 0.0065 0.993
LightGMB 0.0027 1 0.0061 0.994
RF 0.0039 1 0.01 0.982
XGBoost 0 1 0.0067 0.993
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Figure 7: Scatter Plot Regression of Average Throughput Results: (a) M =2, (b) M =3, (c) M =4.
5.1.3  Throughput Standard Deviation Results

Table 4. summarizes the performance of tree-based models in predicting the Standard Deviation of Throughput,
revealing significant shortcomings in the models’ accuracy and generalization. Unlike the performance observed in
predicting the average throughput, all models struggle with the standard deviation prediction, both in terms of the
mean absolute percentage error and the coefficient of determination. For the training data, ET achieves the highest r?
score of 0.961 and the lowest MAPE of 0.032, indicating superior performance relative to the other models during
training. However, its performance significantly deteriorates on the test data, where 1> drops to 0.379 and MAPE
increases to 0.224, suggesting poor generalization. Similarly, boosting-based models like GBDT, LightGBM, and
XGBoost exhibit consistently lower 12 scores, ranging from 0.345 to 0.354, with MAPE values between 0.227 and
0.228 on the test data. RF also struggles, with r>=0.371 and MAPE = 0.224, reflecting minimal predictive accuracy.
These results indicate that none of the models effectively capture the variability in throughput. The poor predictions
for the standard deviation of throughput significantly impact the overall multioutput regression results, as this target
variable introduces substantial errors. While the models performed well in predicting average throughput, their
inability to generalize for standard deviation highlights a major limitation. This discrepancy suggests that the models
struggle to learn the underlying patterns of throughput variability, which is critical in this context. Addressing this
issue may require feature engineering, model regularization, or alternative modeling approaches to improve
generalization. From figure. 8, the regression scatter plot further illustrates these issues. It is evident that there are
significant differences in the models' performance on the training (blue O) and test (red X) sets. The simulation versus
prediction results show that machine learning predictions for standard deviation of throughput are widely dispersed
and fail to align closely with the simulated values. Comparing the dispersion of data points for each model in figure.
8 underscores that all models perform poorly in predicting standard deviation throughput on both the training and test
datasets. These findings emphasize the need for more advanced modeling techniques approaches to improve the
predictions of standard deviation of throughput and, consequently, improve the performance of the multioutput
regression models as a whole.
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Table 4: Standard Deviation Throughput Performance Metric Values of Different Tree-Based Models

M ML Model Training Data Test Data
MAPE 2 MAPE 12
2 ET 0.097 0.882 0.218 0.430
GBDT 0.090 0.901 0.224 0.391
LightGMB 0.154 0.733 0.219 0.415
RF 0.134 0.804 0.218 0.426
XGBoost 0.146 0.773 0.226 0.391
3 ET 0 1 0.225 0.376
GBDT 0.096 0.875 0.227 0.364
LightGMB 0.126 0.804 0.230 0.337
RF 0.083 0.914 0.227 0.362
XGBoost 0.111 0.850 0.229 0.357
4 ET 0 1 0.227 0.331
GBDT 0.019 0.994 0.232 0.293
LightGMB 0.118 0.827 0.233 0.284
RF 0.086 0.905 0.227 0.326
XGBoost 0.104 0.863 0.226 0.315
Average Result Across ET 0.032 0.961 0.224 0.379
All Systems GBDT 0.068 0.923 0.228 0.349
LightGMB 0.133 0.788 0.227 0.345
RF 0.101 0.875 0.224 0.371
XGBoost 0.120 0.829 0.227 0.354
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Figure 8: Scatter Plot Regression of Standard Deviation Throughput Results: (a) M =2, (b) M =3, (c) M =4.
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5.1.4  Average Buffer Level Results

Since the number of buffers keep increasing with the number of machines meaning the 2-machine system have 1
buffer, the 3-machine system have 2 buffers, and the 4-machine system have 3 buffers. We are going to calculate the
MAPEguser by taking the average value of the MAPE; across all buffers in each system. The following equation
represents it. where j represents the number of buffers j=1,2, ... M- 1.

M-1 M-1 p2
M1 MAPE; o2 _ YR
M _ 1 ) Buffer M _ 1

The results in Table 5 present the performance of tree-based models in predicting the average buffer level, for the
training data, all models achieve a perfect 2 score of 1.000, indicating that they perfectly fit the training data, though
this may also suggest overfitting. The MAPE values for training range from 0.003 (ET) to 0.046 (LightGBM),
indicating that the models are highly accurate on the training set. However, on the test data, the models show some
variance in performance. GBDT demonstrates the best generalisation with the lowest MAPE of 0.073 and the highest
R2 0f 0.99, closely followed by XGBoost (R2=0.99, MAPE = 0.079). ET achieves a strong > of 0.982 and a moderate
MAPE of 0.108, but its performance slightly lags behind the boosting models. LightGBM (r*= 0.99, MAPE = 0.092)
and RF (2= 0.978, MAPE = 0.116) also perform reasonably well, though their higher test errors indicate reduced
predictive accuracy. The results highlight that while the models perform well overall in predicting the average buffer
level, the increasing number of buffers introduces complexity, making the task more challenging. Boosting-based
models (GBDT, LightGBM and XGBoost) consistently demonstrate better generalization compared to other methods,
as reflected by their lower test MAPE and higher r? values. These findings highlight the advantage of boosting
algorithms in handling more complex prediction tasks, particularly when there is an increasing variability due to
additional buffers in the system.

MAPEB‘LLffeT =

Table 5: Average Buffer Level Across Each System Performance Metric Values of Different Tree-Based Models

M ML Model Test Data
MAPE 2 MAPE 2
2 ET 0.009 1 0.046 0.997
GBDT 0.013 1 0.034 0.998
LightGMB 0.033 1 0.050 0.998
RF 0.023 1 0.057 0.995
XGBoost 0.000 1 0.048 0.996
3 ET 0 1 0.104 0.984
GBDT 0.030 1 0.069 0.992
LightGMB 0.045 1 0.087 0.991
RF 0.042 1 0.111 0.981
XGBoost 0.002 1 0.070 0.992
4 ET 0 1 0.175 0.963
GBDT 0.015 1 0.116 0.979
LightGMB 0.059 1 0.138 0.980
RF 0.067 1 0.178 0.959
XGBoost 0.016 1 0.110 0.981
Average Result Across ET 0 1 0.108 0.982
All Systems GBDT 0.019 1 0.073 0.990
LightGMB 0.046 1 0.092 0.990
RF 0.044 1 0.116 0.978
XGBoost 0 1 0.076 0.990

5.1.5  Statistical Hypothesis Test

To evaluate the predictive performance of various machine learning models across systems of differing
complexity, the Wilcoxon Signed-Rank Test was employed to compare the predicted outputs against the actual
observed values for each output individually. This non-parametric statistical test was selected because it does not
assume normal distribution of the data and is particularly well-suited for comparing paired, continuous outcomes
making it ideal for evaluating model performance across multiple regression targets. Moreover, it is robust against
outliers and can handle asymmetric error distributions (Trawinski et al., 2012), which are often present in multi-output
regression tasks involving throughput and buffer level predictions. The models were tested on systems with 2, 3, and
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4 machines, and performance was assessed using three key metrics average throughput, standard deviation of
throughput, and average buffer level. An “Average Result across all Outputs” score was computed for holistic
comparison as shown in Table 6. Among all tested models, LightGBM consistently outperformed others, achieving
the highest average results across outputs in systems with M =2 (0.33), M =3 (0.51), and M =4 (0.34), with an overall
average of 0.39 across all systems. XGBoost followed with a mean score of 0.25, while Random Forest (RF) and Extra
Trees (ET) yielded minimal predictive capability, particularly in systems with M = 3, where both showed near-zero
performance across all metrics. The statistical significance obtained from the Wilcoxon Signed-Rank Test confirmed
that the differences between predicted and actual values were non-random for most configurations, particularly for
models with higher aggregated scores such as LightGBM and GBDT. These findings suggest that LightGBM offers
superior generalization performance and robustness across different system sizes, particularly in capturing complex
throughput and buffer dynamics. Conversely, ET and RF models appear inadequate for capturing the nuances of such
multi-output regression tasks, especially as system complexity increases.

Table 6: P Values Result for Different Models (95% Confidence Level)

M ML Model Avg Throughput Std Throughput  Avg buffer level Average Result
Across all
Outputs
2 ET 0.00 0.16 0.00 0.05
GBDT 0.15 0.57 0.18 0.30
LightGMB 0.18 0.37 0.45 0.33
RF 0.00 0.17 0.65 0.27
XGBoost 0.68 0.34 0.19 0.40
3 ET 0.00 0.00 0.00 0.00
GBDT 0.49 0.00 0.01 0.17
LightGMB 0.83 0.00 0.69 0.51
RF 0.00 0.00 0.00 0.00
XGBoost 0.18 0.00 0.01 0.06
4 ET 0.00 0.00 0.22 0.07
GBDT 0.23 0.00 0.33 0.19
LightGMB 0.60 0.00 0.41 0.34
RF 0.00 0.00 0.14 0.05
XGBoost 0.48 0.00 0.33 0.27
Average ET 0.00 0.05 0.07 0.04
Result GBDT 0.29 0.19 0.17 0.22
Across All LightGMB 0.54 0.12 0.52 0.39
Systems RF 0.00 0.06 0.26 0.11
XGBoost 0.45 0.11 0.18 0.25

5.2 Comparison with Other Models

When comparing the performance of the average throughput prediction model for the 2-machine system in this
study with kim S, similar research that utilized neural network architectures, several key differences and observations
arise, (Kim et al., 2024) as shown in Figure. 9 The primary difference lies in the dataset size and complexity. The
other research used a significantly larger dataset, comprising 70,000 rows per system, compared to this study’s dataset
of 10,000 rows per system. However, the complexity of their data was also higher, as they represented machine
efficiency using a Weibull distribution with a coefficient of variation greater than one, capturing greater variability
and randomness. In contrast, our dataset defines machine efficiency using an exponential distribution, which is
comparatively simpler. These differences in dataset size and complexity largely balance each other, with the larger
dataset in the other research compensating for its added complexity, making the comparison relevant. Figure 9 shows
the MAPE result on the test data where the blue bars represent the result for the neural network models and the orange
bars represent the result for the tree-based models. Note that only the LSTM (MAPE = 0.24%) outperformed the tree-
based models in terms of predictive accuracy. Tree-based models such as GBDT (MAPE = 0.34%), LightGBM
(MAPE = 0.32%), and XGBoost (MAPE = 0.41%) achieved comparable results, trailing the LSTM by a narrow
margin. However, the other neural network models, including GRU (MAPE = 0.58%), RNN (MAPE = 0.66%), and
MLP (MAPE = 2.18%), exhibited worse performance than the tree-based models, with much higher MAPE values.
Traditional models such as ET (MAPE = 0.52%) and RF (MAPE = 0.56%) also outperformed the GRU, RNN, and
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MLP. These findings indicate that while LSTM's ability to handle sequential data makes it highly effective for this
task, other neural network architectures may struggle with similar datasets. Tree-based models in our study not only
provide competitive performance, but outperform the majority of neural network models except for LSTM,
highlighting their suitability for this application

LSTM
LightGMB I
GBDT
XGBoost NN

ET

Model

RF
GRU
RNN
MLP

0.0% 0.5% 1.0% 1.5% 20%

MAPE

Figure 6: Average Throughput Results Tree-Based Models’ Comparison with Neural Networks Models

6. Conclusion

This research demonstrates the practical value of tree-based machine learning models in evaluating the
performance of serial production lines. Among the models tested, LightGBM showed superior accuracy and
efficiency, followed closely by CatBoost and XGBoost. These models effectively captured complex production
dynamics and provided reliable predictions for decision-making in manufacturing environments. The study confirms
the feasibility of integrating intelligent predictive tools into production planning and monitoring systems. Future work
could explore the application of deep learning methods and real-time data integration to further enhance predictive
accuracy and adaptability in dynamic industrial settings.
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