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Abstract: This study analyzes the comparison between a pretrained transformer
model (Chronos) and conventional models in predicting industrial machine
downtime using time series data to achieve greater accuracy and efficiency for
companies. More specifically, this research focuses on early detection before
downtime occurs to reduce company losses in terms of both costs and product
quality, and to ensure that Key Performance Indicator targets are met.
Design/methodology/approach: The research methodology includes primary data
collection, data preprocessing, and sequential data splitting (80% training, 10%
validation, 10% testing) to prevent potential data leakage. Model evaluation is
measured using the Mean Absolute Error loss function, focusing on the “handling
machine” category, which yields 4,069 to 4,101 data rows after the preprocessing
stage. Research showed that the conventional XGBoost model with tuning
performed best, with the lowest Mean Absolute Error among the other models.
XGBoost proved to be highly effective and was capable of outperforming advanced
transformer-based models (such as Chronos), particularly when applied to a limited
dataset of 4,069 data points. Conversely, transformer architectures like Chronos
performed poorly on small datasets because they were designed for massive datasets.
This study focuses on the application and evaluation of modern artificial intelligence
technologies, specifically transformer architectures such as the Chronos model.
Although previous similar studies have successfully predicted downtime accurately
using conventional models (such as ARIMA, Random Forest, Support Vector
Machine, and autoencoders), those earlier studies have not tested the effectiveness
of transformer architectures in detecting machine downtime.
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INTRODUCTION

Most manufacturing companies (82%) face the problem of sudden production shutdowns, which result in
financial losses estimated at up to $50 billion per year.1-3 Failures in rotating machinery are one of the main
causes of these incidents (Yorston et al., 2025). Essentially, downtime is defined as a period during which a
component fails to operate or is not in optimal condition, ultimately resulting in a complete halt of system
operations (Sihombing, 2023). Both the manufacturing and service industries share the same goal: to continually
strive to maximize productivity, which is the backbone of every business. However, in efforts to improve
productivity, challenges often arise due to various factors, such as disruptions in the production process caused by
equipment breakdowns and extremely high operating costs. One of the main challenges in the industry is that
downtime leads to a decline in production and can even result in significant losses. This situation calls for
technology designed to provide an early-warning system that can quickly and accurately detect potential downtime
before it occurs. This study focuses on a comparative analysis of conventional models and pretrained transformer
models using time series data to detect potential downtime in advance, thereby reducing corporate losses in terms
of costs, product quality, and the achievement of Key Performance Indicators (KPIs).
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LITERATURE REVIEW

Research on machine downtime detection systems designed to mitigate losses has been conducted by various
researchers using a variety of approaches. Research by (Kim et al., 2022) using an ARIMA model with an error of
328.33 + 9.4 and Mean Absolute Percentage Error (MAPE) as the evaluation metric, applied to a medical linear
accelerator. Then, research by (Back & Kim, 2023) which utilizes multivariate time series data using a
convolutional autoencoder and then classifies failure modes in semiconductor equipment. A similar study was
conducted by (Arya et al., 2026) using Random Forest and Support Vector Machine (SVM) to predict machine
downtime, the evaluation results showed an accuracy of 97%.

Table 1. Summary of Previous Studies on Downtime Machine

Study Method Dataset Metric
(Kim et al., 2022) ARIMA Medical Accelerator MAPE
(Baek & Kim, 2023) Autoencoder Semiconductor Accuracy
(Arya et al., 2026) RF +SVM Industrial Machine Accuracy

Although these three studies were able to achieve accurate detection, they have not yet tested or utilized new
modern artificial intelligence technologies such as transformer architectures. However, transformer-based
detection models generally require more data and perform significantly worse on small datasets (Wang et al.,
2022).

According to (Ansari et al., 2024) chronos is a simple yet effective framework for pre-trained probabilistic
time series models. Chronos tokenizes time series values by scaling and quantizing them into a fixed vocabulary,
and trains existing transformer-based language models on the tokenized time series using a cross-entropy loss
function. Fine-tuning the Chronos model using domain-specific data has been shown to yield better performance
than the zero-shot approach of its pre-trained model. This fine-tuned Chronos model consistently outperforms the
baseline model under limited training data conditions (below 60%) for all prediction ranges. However, in scenarios
with sufficient training data (>80%), models such as LSTM yield comparable or even superior results, particularly
for data sequences with low to moderate complexity (Zheng et al., 2026). Chronos models have been validated on
very limited training data and are more flexible because they do not require training; they are often referred to as
pretrained models. Pretrained models—models that have been trained beforehand—are gaining increasing
attention in the field of time series analysis thanks to their exceptional performance in image processing and natural
language processing (Ma et al., 2024). This innovative approach often leverages pre-trained or fine-tuned base
models to harness general knowledge tailored to time series applications (Liang et al., 2024). In other words,
pretrained models use a variety of samples that contain existing knowledge (He et al., 2022). Not only that, but the
pre-trained time series models have enabled the development of an inference-based forecasting system that
generates accurate predictions without the need for task-specific training (Ansari et al., 2025). Therefore, by using
the Chronos model, there is no need for training you simply make predictions on new data based on real-world
problems.

Although previous studies have successfully applied ARIMA, Random Forest, SVM, and deep learning
techniques for machine downtime prediction, most existing research focuses on conventional forecasting
approaches. Few studies have investigated the effectiveness of modern foundation models, particularly Chronos,
for industrial machine downtime forecasting. Moreover, existing studies generally evaluate a single model family
rather than conducting a comprehensive comparison between pretrained transformer models and conventional
forecasting methods using the same industrial dataset. Consequently, the practical benefits and limitations of
foundation models in real-world industrial downtime prediction remain unclear. Therefore, this study addresses
this gap by conducting a comparative evaluation of Chronos and conventional forecasting models, including
ARIMA, LSTM, and XGBoost, using real industrial machine downtime data. The objective is to assess whether
recent transformer-based foundation models can outperform conventional approaches in limited-data industrial
environments.

METHOD

This study uses a primary dataset obtained from the company’s production logs through an official permit,
consisting of 692,353 rows and 27 columns. The data preprocessing process begins with data cleaning to remove
missing values and inconsistent data. Then, the effective lag length is determined using the Autocorrelation
Function (ACF) and the Partial Autocorrelation Function (PACF), which help the model understand the cause-
and-effect relationship over time (time series). The difference between the ACF and the PACEF is that the ACF
shows a gradual decline, whereas the PACF exhibits a sharp decline at a specific lag (Ekara & Usoro, 2025). Then,
normalization is performed to ensure a fast training process and balanced data distribution. Normalization maps
data to a fixed range between 0 and 1, the advantage of normalization is that this process does not require any
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assumptions about the data distribution. It simply adjusts the scale of the data based on its minimum and maximum
values. Next, each model was built using the specified hyperparameters, and then each model underwent training
and evaluation, with the model selection process based on the Mean Absolute Error (MAE) metric as the evaluation
metric.
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Fig. 1 Research Stages

Data Preprocessing
In this study, the category of handling machines will be used as an example to test the capabilities of the
Choronos model against conventional models, with the aim of keeping the scope of this study focused.
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Fig. 2 Machine Categories in the Dataset

The dataset initially consisted of 692,353 records after removing inconsistent and empty records through
Exploratory Data Analysis (EDA), the final dataset contained 565,240 records. Then, filtering by the handling
machine category resulted in 96,035 records. Finally, aggregation was performed on the “shift start time” column
because machine downtime is predicted for the next shift; therefore, each shift consists of 8 working hours
(morning, afternoon, and night). As a result, the dataset was reduced from 692,353 data points to 4,101 data points
for ARIMA and Chronos, and 4,069 data points for LSTM and XGBoost. The difference in these figures is due to
the effect of the nth feature extraction lag, which requires the removal of three missing values, given that in this
study feature extraction was performed up to lag-3 specifically for the multivariate model.
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Fig. 3 Flowchart Data Preprocessing

Models that support multivariate analysis, such as LSTM and XGBoost, can perform feature extraction on the
target variable to incorporate additional information into the model. This feature extraction can include rolling
window averages, standard deviations, holiday shifts, and determining the number of lags using autocorrelation.

Table 2. Sampel Feature Extraction
Shift Start  Downtime_Duration_Hours Rolling mean_3 Rolling std 3 Is holiday Lag 3

Timestamp d d

2021-12-13  8.35 8.783333 4.864497 0 13.95
16:00:00

2021-12-14  0.34 7.513333 6.793750 0 4.15
00:00:00

2021-12-14  4.68 4.456667 4.009667 0 13.85
07:30:00

2021-12-14  7.40 4.140000 3.560843 0 8.35
16:00:00

2021-12-15  9.65 7.243333 2.488701 0 0.34
00:00:00

From the initial 27 columns the process of selecting the top 10 features in this study employed an embedded
feature selection approach using the built-in feature importance values from the XGBoost algorithm. Feature
importance was determined based on a frequency metric that measures how often a feature is used to create
branches in the entire decision tree. The features were then ranked by score, from highest to lowest. The reason is
that this integrated feature selection process reduces noise and improves the model's reliability (Cheng, 2024).
Unlike non-embedded feature selection which is univariate in nature that is it evaluates features independently of
the target variable.

Feature importance

rolling_mean_3d 548.0
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rolling_std_3d 347.0
lag_2 3190
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Fig. 4 Feature Selection
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Modelling

The three main parameters of the ARIMA model are (p, d, q), where each parameter represents the order
of the AR component, the number of differentiations required to transform the time series into a stationary time
series, and the MA component (Sirisha et al., 2022). The letter p stands for regression, d stands for differentiation,
and q stands for moving average (Kobiela et al., 2022). The pre-training process involved steps such as
decomposition, Auto-Correlation Functions (ACF), and Partial Auto-Correlation (PACF), resulting in the
following hyperparameter settings: p =2, d =1 (usually 1-step differencing), and q = 3.
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Fig. 6 Partial Auto Correlation Function (PACF)

The XGBoost model was configured using the objective function reg:absoluteerror to directly optimize the
Mean Absolute Error (MAE) metric. Unless otherwise specified, the remaining hyperparameters were kept at their
default settings, including n_estimators = 100, max_depth = 6, learning rate = 0.3, subsample = 1.0, and
colsample bytree = 1.0. A random seed of 42 was used to ensure experimental reproducibility.

Table 3. Hyperparameter XGBoost

Hyperparameter Value

objective reg:absoluteerror
n_estimators 100

max_depth 6

learning_rate 0.3

subsample 1.0

colsample bytree 1.0

random_state 42

The LSTM architecture is designed to be simple in order to avoid overfitting with a limited amount of training
data. The model consists of an input layer with a window size of 300, meaning it requires 300 data points, and 128
neurons as the output of the first layer. Then there is one hidden LSTM layer (64 neurons) and one fully connected
layer (9 neurons) that are used to predict downtime for the next 9 shifts (equivalent to 3 days). The LSTM model
was trained using the Adam optimizer with a learning rate of 0.001. The training process was conducted for 100
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epochs with a batch size of 32. Mean Absolute Error (MAE) was employed as the loss function to ensure
consistency with the evaluation metric used throughout the study.

Table 4. LSTM Model Architecture

Layer (type) Qutput Shape Param #
Istm 2 (LSTM) (None, 300, 128) 75,264
Istm 3 (LSTM) (None, 64) 49,408
dense 1 (Dense) (None, 9) 585

This study uses the large variant of the pretrained Chronos model (amazon/chronos-t5-large). The key
advantage of this architecture is its ability to perform zero-shot predictions on new data without requiring fine-
tuning. The hyperparameters are set to a prediction_length of 9 horizons (9 shifts) and a num_samples of 10 to
keep the median prediction value stable.

Table 5. Parameter Chronos Large Model
Hyperparameter Value
context input variabel target

prediction length 9
num_samples 10

Training and Evaluation

This study involves dividing the data into subsets, including training data, validation data, and testing data.
The data split will be allocated as follows: 80 percent for training data, 10 percent for validation data, and 10
percent for testing. One of the main issues to consider especially in the case of time series data is that the data
should not be split randomly this is because time series data must be ordered chronologically. If split randomly,
the patterns in the historical data will be disrupted, which could lead to potential data leakage. Data leakage is a
common problem in classical machine learning that occurs when information outside the training data is
inadvertently used during the model training process. To prevent data leakage both features and target values are
scaled separately, so that scaling is applied only to the training data. Preventing data leaks in time series data is
crucial as most time series data rely on the order and timing of observations. Therefore, the data in this time series
is not divided randomly but in sequence. The result of this data split is 3,255 training data points, 407 validation
data points, and 407 test data points.

Oata Spie: Traen, Vadabion, Test

Fig. 7 Data Splitting

Experimental Environment

All experiments were conducted using Python 3.12 in the Google Colab Pro environment. The implementation
utilized several libraries, including Pandas and NumPy for data processing, Statsmodels for ARIMA modeling,
TensorFlow/Keras for LSTM implementation, XGBoost for gradient boosting models, and the Chronos
Forecasting framework for transformer-based forecasting. The experiments were executed on a Tesla T4 GPU
with 25 GB RAM. Model performance was evaluated using the Mean Absolute Error (MAE) metric on the testing
dataset.

RESULT

*name of corresponding author
This is anCreative Commons License This work is licensed under a

Creative Commons Attribution-NonCommercial 4.0 International
BY WC License. 1282


https://doi.org/10.33395/sinkron.v10i3.16039

. Sinkron : Jurnal dan Penelitian Teknik Informatika
S mnm kron Volume 10, Number 3, July 2026 e-ISSN : 2541-2019
s EPAIC R CRRALN DOI : https://doi.org/10.33395/sinkron.v10i3.16039 p-ISSN : 2541-044X

The ARIMA model demonstrated limited capability in predicting downtime events exceeding 4 hours. As
illustrated in Figure 8, the predicted values tend to remain within a relatively narrow range and fail to accurately
capture several high-downtime observations. Although the confidence interval extends beyond 4 hours, the model
still struggles to identify patterns associated with significant downtime events. This limitation may be attributed
to the limited number of extreme downtime observations available in the dataset, suggesting that additional data
could improve the model's ability to forecast rare but critical downtime occurrences.
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Fig. 8 ARIMA Evaluation

The XGBoost model demonstrated superior forecasting capability compared to ARIMA, particularly for high-
downtime events. As shown in Figure 9, XGBoost successfully captured downtime observations exceeding 4 hours
and was able to follow several extreme downtime patterns reaching approximately 10 hours. This indicates that
the model can effectively learn nonlinear relationships within the data and better represent complex downtime
behavior.
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Fig. 9 XGBoost Evaluation

The Chronos model also generates probabilistic forecasts represented by confidence intervals. As illustrated in
Figure 10, the model tends to underestimate several high-downtime observations and produces predictions
concentrated within a relatively narrow range. Although the upper confidence bound extends beyond 5 hours, the
median predictions remain close to the average downtime level. This behavior suggests that the pretrained Chronos
model may require a larger and more diverse dataset to effectively capture rare downtime events.
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Fig. 10 Chronos Evaluation
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To compare the forecasting performance of different models, Mean Absolute Error (MAE) was employed as
the evaluation metric. MAE measures the average absolute difference between actual and predicted values and is
defined as follows (KOCAK, 2024):

MAE = 3%y = 9. M

Where N is the number of samples in the data y; is the actual value and ¥, is the predicted value (Li et al., 2023;
Murtopo et al., 2024; Shuvo et al., 2024).

DISCUSSIONS

Selection of the Best Model

The experimental results indicate that XGBoost achieved the best forecasting performance among all evaluated
models, obtaining the lowest MAE value of 0.257576. In comparison, Chronos-T5-Large, LSTM, and ARIMA
achieved MAE values of 1.820590, 2.022377, and 2.503665, respectively. These results demonstrate that XGBoost
was the most effective model for predicting machine downtime in the available dataset. One possible explanation
for this superior performance is XGBoost’s ability to capture complex nonlinear relationships among multiple
features through gradient boosting decision trees. Unlike ARIMA, which assumes linear temporal relationships,
XGBoost can effectively model interactions among engineered features such as lag variables, rolling averages,
and rolling standard deviations. Furthermore, the built-in feature selection mechanism helps reduce noise and
prioritize the most informative predictors, thereby improving forecasting accuracy (Esmailizade et al., 2024). The
findings also suggest that dataset size plays an important role in determining model performance. After
preprocessing, the original dataset was reduced from 692,353 records to only 4,069 observations. Under these
conditions, conventional machine learning approaches such as XGBoost appear to be more suitable than
transformer-based foundation models. Although Chronos provides the advantage of zero-shot forecasting and does
not require additional training, its performance remained considerably lower than that of XGBoost. This result is
consistent with previous studies indicating that transformer architectures generally require larger and more diverse
datasets to fully exploit their representation learning capabilities (Wang et al., 2022). To further improve
forecasting accuracy, hyperparameter tuning was applied using Grid Search. This approach systematically
evaluates multiple combinations of hyperparameter values to identify the configuration that minimizes forecasting
error. The tuned XGBoost model achieved the best overall performance, confirming that proper hyperparameter
optimization can significantly enhance prediction quality in industrial machine downtime forecasting tasks.

Table 6. Evaluate All Models

Model Name MAE
mae_xgboost grid 0.257576
mae_xgboost 0.389100

mae_chronos t5 large  1.820590
mae chronos bolt base 1.820590
mae Istm 2.022377
mae arima 2.503665
mae chronos t5 small  2.675660

CONCLUSION

This study compared the performance of conventional forecasting models (ARIMA, LSTM, and XGBoost)
and transformer-based foundation models (Chronos) for industrial machine downtime prediction using time series
data. The experimental results demonstrated that the tuned XGBoost model achieved the best forecasting
performance, obtaining the lowest Mean Absolute Error (MAE) of 0.257576, outperforming Chronos-T5-Large
(1.820590), LSTM (2.022377), and ARIMA (2.503665). The findings indicate that XGBoost is highly effective
for limited-data industrial environments, particularly after extensive preprocessing reduced the dataset size from
692,353 records to 4,069 observations. In addition to handling small datasets efficiently, XGBoost supports
multivariate analysis and can capture complex nonlinear relationships among features, making it suitable for
machine downtime forecasting. In contrast, the Chronos model showed relatively poor performance on the
available dataset. Although Chronos offers the advantage of zero-shot forecasting and does not require additional
model training, its transformer-based architecture is generally designed for large-scale datasets. Consequently, the
limited amount of available training data restricted its ability to capture rare and extreme downtime patterns
effectively.

For future work, larger and more diverse datasets should be investigated to further evaluate the capabilities of
transformer-based foundation models in industrial forecasting applications. Future studies may also compare
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Chronos with other modern time-series foundation models and explore fine-tuning strategies to improve
forecasting accuracy under limited-data conditions.
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