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ABSTRACT

In intensive industrial applications, such as cement manufacturing, the reliable operation of key equipment
is critical to ensure the equipment longevity and a continuous efficient production. This study focuses on
forecasting the mechanical vibrations in an Induced Draft (ID) fan used in a cement mill, where abnormal
vibration levels may indicate impending faults or performance degradation. Given the dynamic and
nonlinear behavior of such systems, accurate prediction is both challenging and essential for condition-
based maintenance. A hybrid forecasting framework is utilized in the current study, that integrates the
statistical accuracy of the Autoregressive Integrated Moving Average with Exogenous Variable (ARIMAX)
model with the nonlinear learning capabilities of Long Short-Term Memory (LSTM) networks. The
ARIMAX component captures the linear structure and exogenous influences, while the LSTM models
capture the residual nonlinearities providing a holistic approach to the vibration behavior. The proposed
hybrid model is benchmarked against three standalone approaches: ARIMAX, LSTM, and the Machine
Learning (ML)-based XGBoost algorithm. The experimental results demonstrate that the hybrid
ARIMAX-LSTM model significantly outperforms individual models in terms of prediction accuracy, as
measured by the RMSE, MAE, and R? statistical metrics. These findings highlight the potential of
combining classical time series models with Deep Learning (DL) architectures for advanced prognostics in
industrial rotating machinery.
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I.  INTRODUCTION

forecasting includes the presence of complex nonlinearities and

Monitoring and predicting the mechanical vibrations in
industrial rotating machinery is essential to ensure reliability,
prevent critical failures, and enable Predictive Maintenance
(PdM) strategies [1]. In cement manufacturing plants, ID fans
used in cement mill systems operate under harsh conditions and
are subject to varying mechanical and thermal stresses [2].
Unexpected fluctuations in vibration levels can lead to wear,
imbalance, or the onset of structural defects. Time series

the influence of exogenous operational variables, such as
speed, airflow, and winding temperatures. Traditional linear
models, such as the ARIMAX, have proven effective for
capturing temporal dependencies and incorporating external
inputs [3]. Nevertheless, their ability to model nonlinear
behavior remains limited.

LSTM networks have emerged as a particularly powerful
solution for time series data capturing intricate temporal and
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nonlinear relationships [4]. LSTM networks are well-suited to
learning long-term dependencies and adapting to dynamic
signal patterns, which are characteristic of industrial vibration
signals. This study presents a hybrid modeling approach of
ARIMAX and LSTM networks. The hybrid model first applies
ARIMAX to model linear trends and exogenous effects, then
feeds the residual errors into an LSTM model to capture the
remaining nonlinear components. To validate the performance
of this approach, a comprehensive comparison is conducted
against standalone models, including ARIMAX, LSTM, and
XGBoost [5].

PdM has the ability to anticipate equipment failures and
optimize maintenance schedules. ML and DL suggest
remarkable potential in capturing the complex patterns in
sensor data for fault detection and life estimation [6]. In [7],
XGBoost outperformed several ML models in classifying
machine failures from a real-world PdM dataset, demonstrating
its effectiveness even on unbalanced data. Meanwhile, authors
in [8] used XGBoost as a robust classifier to fuse empirical and
adaptively extracted features from a neural network, achieving
high fault classification accuracy and resilience to noise. These
findings confirm XGBoost’s capability to serve as a reliable
tool for PAM and intelligent fault diagnosis in complex
industrial settings.

Authors in [9] developed a LightGBM-based framework
for diagnosing faults in induction motors, presenting strong
performance even under unseen operating conditions. Their
method combines advanced feature selection using a modified
recursive elimination process, robust validation via leave-one-
loading-out cross-validation, and Bayesian optimization. Tests
on real datasets yielded up to 100% accuracy, confirming the
model’s effectiveness.

In addition to classification tasks, regression techniques
have been applied to estimate the Remaining Useful Life
(RUL) of critical components. One study employed a PCA-
SVR pipeline, where wavelet-based denoising is followed by
feature extraction and dimensionality reduction. The SVR
model trained on the reduced features is able to forecast the
residual lifespan of bearings with high precision [10].

In [11], condition monitoring in industrial production relies
heavily on manual vibration analysis, which is time-consuming
and expertise dependent. The research proposes a semi-
automated diagnostic system that uses Fast Fourier Transform
(FFT) spectra to extract energy features and apply ML for fault
detection. The system, utilizing Support Vector Machines
(SVM) and ensemble algorithms, provides accurate diagnostics
with minimal manual intervention and early warnings,
achieving over 90% accuracy in real-world conditions testing.

Authors in [12] propose a novel approach for predicting the
RUL of bearings, integrating a health indicator derived from
cumulative modified multiscale permutation entropy with an
LSTM model. A virtual health degree, modeled through an
exponential degradation function, is introduced as the
prediction target. The experimental results confirm the
method’s effectiveness, achieving better accuracy and lower
error rates than traditional techniques, thus enhancing the
reliability of the prognostic health management systems.

Collectively, these contributions underscore the growing
trend of integrating ML and DL models into PdM systems.
However, challenges, such as generalization to new
environments, model interpretability, and robustness against
noise, still demand further investigation, particularly in
industrial contexts where operational variability is significant.
The proposed hybrid architecture is applied to a real-world
dataset collected from a high-capacity fan operating in a
cement mill, with the results showing superior accuracy and
robustness in vibration prediction compared to the
aforementioned methods.

II. METHODOLOGY

This section outlines the methodological framework
adopted to develop the proposed hybrid forecasting model for
vibration prediction. The approach integrates ARIMAX, a
linear statistical model to extract the primary trends and linear
dependencies from the data. In addition it employs LSTM, a
DL model to capture the complex nonlinearities embedded in
the residuals of the statistical model. The complete
methodology is summarized in Figure 1.

Raw Data
Time series + Exogenous variables

Data Preprocessing & Feature Selection
PCA - Train / Test Split : Ytrain, Xtrain
L Z
ARIMAX Modeling
Ytrain(vector), Xtrain(matrix)
ARIMAX: p=2,d=1,q=2

Residuals calculation
residuals = Ytest — Ypred_arimax
residuals (vector)

LSTM sequence preparation
Sliding window : (sequence_length=10) X_Istm
(tensor), Y_Istm (vector)

LSTM Modeling
2 LSTM layers (100 units, activation = ‘relu’)
Dropout 30% after each LSTM layer
Optimizer = adam
learning_rate = 0,001

LSTM Training on Residuals
X_Istm (tensor)
residual_prediction

¥
Final Prediction
Y_pred_arimax +
residual_prediction=Y

¥

Performance Evaluation
RMSE, MAE, R? Score

Fig. 1. Flowchart of the proposed ARIMAX-LSTM hybrid approach.

The experimental validation is conducted on a real-world
dataset acquired from an ID fan operating in the grinding
section of a cement plant, as depicted in Figure 2.

Positioned downstream of the vertical mill, the fan plays a
pivotal role in maintaining the airflow and pressure balance,
ensuring stable and energy-efficient milling processes [13, 14].
Due to its continuous operation under fluctuating load
conditions, the ID fan is susceptible to mechanical degradation,
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making it an ideal candidate for PAM. The dataset consists of
18496 time-stamped entries recorded, encompassing sensor
measurements, such as current, speed, component
temperatures, airflow, and the target variable: vibration
intensity.

Table I provides a comprehensive overview of the dataset’s
key variables, including their descriptions and measurement
units as well as a statistical summary of the dataset.

A. Data Preprocessing and Feature Selection

The preprocessing phase involved outlier and missing value
removal in accordance with the knowledge and insights
provided by plant experts, to ensure that the dataset was
suitable for time series modeling.

Any entries with missing values in the target variable,
vibration, are removed to maintain the prediction accuracy and
model reliability. A total of 241 missing values were removed.
To guarantee physical coherence, the outlier filtering retained
only data points with vibration values between 0.4 mm/s and 7
mm/s and intensity values greater than 450 A to reflect
operationally relevant scenarios. Finally, during the feature
selection, to identify the most relevant variables for predicting
the vibration levels Principal Component Analysis (PCA) is
performed [15]. As illustrated in Figure 3, the first two
principal components accounted for a substantial portion of the
variance in the dataset, with the first component explaining
76.88% and the second 10.69%, resulting in a cumulative
variance of 87.57%. This indicates that the majority of the
information contained in the original feature space can be

Fig.2.  Schematic representation of the ID fan used in the experimental effectively represented in a lower-dimensional subspace.
setup.
TABLE L. DESCRIPTION AND STATISTICAL SUMMARY OF FEATURES
Feature Description Unit Mean Standard Deviation Min Max
Intensity Current drawn by the system A 853.13 449.94 0 1326.43
Speed Rotational speed of the equipment RPM 530.12 431.22 0 917.79
Winding 1 Temperature Temperature of electrical winding 1 °C 83.61 36.59 0 135.95
Winding 2 Temperature Temperature of electrical winding 2 °C 81.62 35.42 0 132.92
Winding 3 Temperature Temperature of electrical winding 3 °C 83.48 34.25 0 136.84
Bearing 1 Motor Temperature Temperature of motor bearing 1 °C 51.77 19.33 0 92.46
Bearing 2 Motor Temperature Temperature of motor bearing 2 °C 58.23 23.62 0 99.01
Vibration Vibration intensity measured mm/s 1.86 1.77 0 37.00
Bearing 1 Fan Temperature Temperature of fan bearing 1 °C 35.92 13.7 0 75.04
Bearing 2 Fan Temperature Temperature of fan bearing 2 °C 36.23 13.56 0 71.7
Air Flow Airflow rate within the system m%h 122234.18 100359.31 0 496975.59
Variance explained by each component
90% 1.00 Correlation circle - PCA
sow  76:88% fy
20% 4‘ 0.75
60% 0.50
50%
—
O 0.00 - '
20% Deo & S hmp pearing 2 Motor
10% 5,32% 2,64% 2,13% 1,50% 0,53% -0.25 "
0% ' ) -0.50
PC1 PC2 PC3 PC4 PC5 PC6 PC7
-0.75
Fig. 3. Variance explained by each principal component during PCA.
9900 075 -0.50 0.25 0.00 0.25 0,50 0.75 1.00
PC1

Based on the feature loadings on these components, the
following variables are identified as the most influential: speed,
winding 1 temperature, winding 2 temperature, air flow,
winding 3 temperature, bearing 2 motor temperature, and
bearing 1 motor temperature, as illustrated in Figure 4.

Fig. 4. PCA correlation circle.

B. ARIMAX Modeling

An ARIMAX model is employed to model the linear
temporal dynamics of the vibration signal while accounting for
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the influence of exogenous variables. The ARIMAX
framework extends the traditional ARIMA model by
incorporating additional covariates.

1) Stationarity Assessment

The Augmented Dickey-Fuller (ADF) test was conducted
to assess the stationarity of the vibration series [16]. The results
are presented in Table II.

TABLE II. ADF TEST RESULTS
e Critical Values
ADF Statistic | p-value 1% 5% 10%
-5.64 0.00001 | -3.43 | -2.86 -2.57

The test yielded a statistic of -5.64, which is significantly
lower than the 1%, 5%, and 10% critical values (-3.43, -2.86, -
2.57, respectively), with a p-value smaller than 0.00001. This
strongly suggests that the time series is stationary after first-
order differencing, thereby justifying the choice of d=1.

2) Model Selection via AIC/BIC

The present study evaluated several candidate ARIMAX
models with p,q €[0,2] and fixed d=1, computing both the
Akaike Information Criterion (AIC) and the Bayesian
Information Criterion (BIC) for model comparison. The results
in Table III and Figure 5 suggest that the ARIMAX(2,1,2)
model consistently achieved the lowest AIC (9743.98) and BIC
(9781.2) scores, outperforming alternative configurations, such
as ARIMAX(1,1,2), ARIMAX(2,1,1), and ARIMAX(1,1,1).
This indicates a better trade-off between the model fit and
complexity.

COMPARISON OF ARIMAX MODELS BY AIC AND BIC
10166,44

10200 10143,79
10100
10000 |
9900
9781,2 9781,46 9783,71 9789,75
9800 974398 9751,27 9753,52 9767,11
9700 | \ |
9600 ' .
9500
ARIMAX(2,1,2)  ARIMAX(1,1,2)  ARIMAX(2,1,1)  ARIMAX(1,1,1)  ARIMAX(0,1,2)
HAIC mBIC
Fig. 5. ARIMAX models ranked by AIC.
TABLE III. COMPARISON OF ARIMAX MODELS BY AIC
AND BIC
Model AIC BIC
ARIMAX(2,1,2) 9743.98 9781.2
ARIMAX(1,1,2) 9751.27 9781.46
ARIMAX(2,1,1) 9753.52 9783.71
ARIMAX(1,1,1) 9767.11 9789.75
ARIMAX(0,1,2) 10143.79 10166.44

3) Autocorrelation Diagnostic

The Autocorrelation Function (ACF) of the differenced
series exhibited slow decay beyond lag 1, while the Partial

Autocorrelation Function (PACF) demonstrated significant
spikes at lags 1 and 2. This pattern aligns with an
autoregressive component of order 2, thus justifying p=2 and
gq=2. Subsequently, ARIMAX(2,1,2) is the most robust and
parsimonious model for capturing the linear dependencies in
the vibration signal. The residuals from this model, which
encapsulate the unexplained non-linear components, were then
used as an input to the LSTM network in the proposed hybrid
forecasting architecture.

C. Residual Computation and Motivation for LSTM Modeling

To capture the nonlinear components in the residuals, an
LSTM network with two hidden layers is employed, each
comprising 100 units. Dropout layers are inserted between the
LSTM layers to mitigate overfitting, with a dropout rate of 0.3.
The model is compiled using Mean Squared Error as the loss
function and the Adam optimizer with a Learning Rate (LR) of
0.001. Training is conducted over 100 epochs with a batch size
of 32, and early stopping is enabled. The hyperparameters of
the LSTM model are identified through a comprehensive Grid
Search, which systematically assessed all potential
combinations of the parameter values, as presented in Table I'V.

TABLE IV. GRID SEARCH HYPERPARAMETER
COMBINATIONS FOR LSTM
Hyperparameter Values
Number of layers 1,2

Batch size 16,32, 64, 128
Optimizer Adam

Units 40, 50, 60, 100

LR 0.001, 0.0005

Epochs 20, 30,50, 100

This rigorous approach facilitated the optimal extraction of
temporal features. The selected optimal hyperparameters
resulting from this process are summarized in Table V.

TABLE V. BEST HYPERPARAMETERS FOR LSTM MODEL
Hyperparameter | Value
Layers 2
Units per Layer 100
Dropout Rate 0.3
LR 0.001
Batch Size 32
Epochs 100

The loss function curve depicted in Figure 6 offers valuable
insights into the model’s training dynamics [17]. As
anticipated, the curve exhibits a consistent decline in loss
across the training epochs, reflecting the LSTM model’s
effectiveness in minimizing the error and progressively
enhancing its performance.

This steady reduction indicates that the selected
hyperparameters support an optimally balanced training
process, successfully avoiding both underfitting and overfitting.
Moreover, the smooth trajectory of the curve underscores the
model's stability and reliability throughout the training phase.
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LSTM Training and Validation Loss
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Fig. 6. LSTM loss function curve.

D. Construction of the Hybrid Forecast

After training, the LSTM model is used to predict the
residuals over the test set. These predicted residuals are then
transformed back to their original scale via the inverse
transformation of the Min-Max-Scaler [18, 19]. The final
hybrid prediction is obtained by summing the ARIMAX
predictions and the LSTM-predicted residuals, as shown in:

~ Hybrid _ »~ ARIMAX | « LSTM
Ve =Vt + Ve n

E. Evaluation Metrics

To assess the performance of the proposed hybrid
ARIMAX-LSTM model, three standard evaluation metrics are
utilized: The Mean Absolute Error (MAE), the Root Mean
Squared Error (RMSE), and the Coefficient of Determination
(R?) [20]. These metrics provide complementary insights into
the accuracy and robustness of the predictions.

MAE measures the average magnitude of the errors
between the predicted and the actual values, without
considering their direction. It is defined in:

1 ~
MAE =~ ¥i_q |y = 9l @

where 7 is the number of observations, y; is the true value, and
¥ is the predicted value. A lower MAE indicates better model
accuracy.

RMSE measures the square root of the average of squared
differences between the predicted and actual values. It
penalizes larger errors more heavily, thus emphasizing
significant deviations. Lower RMSE values denote higher
predictive performance. It is given by:

1 ~
RMSE = |15, ~ 97 3)

The R? score quantifies the proportion of the variance in the
dependent variable that is predictable from the independent
variables [21]. It is computed by:

TP’
RZ =1-—=t 1ViTVi 4
S i-Y)? @)
where y represents the mean of the actual values. An R? score
closer to 1 indicates a strong explanatory power of the model.
Together, these three metrics allow for a comprehensive

evaluation of both the average and extreme predictive errors, as
well as the overall goodness-of-fit of the model.

III. RESULTS AND DISCUSSION

The predictive performance of the proposed hybrid
ARIMAX-LSTM model is evaluated against three baseline
models: standalone LSTM, XGBoost, and standalone
ARIMAX. Table VI and Figure 7 summarize the comparison
results.

Performance Comparison of Prediction Models
12
0,988

1 0,941
0,866 0,847
08
06
04
0,259 0,262
02 0115 0,191 0,194
! 0,069 0,075
, e ] ]
ARIMAX-LSTM LST™M XGBoost ARIMAX

WRMSE ® MAE mR?

Fig. 7. Performance comparison of prediction models.
TABLE VL PERFORMANCE COMPARISON OF PREDICTION
MODELS BASED ON RMSE, MAE, AND R?
Metrics
Model RMSE MAE R?

ARIMAX-LSTM 0.069 0.015 0.988

LSTM 0.075 0.119 0.941

XGBoost 0.191 0.259 0.866

ARIMAX 0.194 0.262 0.847

The hybrid ARIMAX-LSTM model consistently
outperformed all other approaches across all evaluation
metrics. It achieved an RMSE of 0.069 and an MAE of 0.015,
both significantly lower than those of the other models.
Moreover, its R? score of 0.988 indicates an exceptional ability
to explain nearly all the variance in the vibration data,
underscoring the model’s robustness and reliability. Compared
to the standalone LSTM, which already demonstrates a strong
R? score of 0.941, the hybrid model provides a substantial
improvement in both the error reduction and variance
explanation. This confirms that explicitly modeling the linear
components through ARIMAX before addressing the nonlinear
residual patterns with LSTM yields a superior performance
over purely data-driven approaches.

Furthermore, when comparing XGBoost and standalone
ARIMAX with R? scores of 0.866 and 0.847, respectively, the
advantages of the hybridization strategy are evident. XGBoost
struggled to capture the temporal dependencies inherent in time
series forecasting, resulting in larger errors. Similarly,
ARIMAX failed to adequately model the complex
nonlinearities present in the vibration signals.

Opverall, the results substantiate that the hybrid ARIMAX-—
LSTM model effectively combines the strengths of both
statistical and DL paradigms, leading to significant gains in
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prediction accuracy. Figures 8 illustrates the comparison
between the actual and predicted vibration values for each of
the four models, highlighting their respective predictive
performance.

Actual vs Predicted Vibration - Hybrid Model

£ 25
3 2.0
c
o
g15
2
=10 Actual Vibration
0.5 Predicted Vibration (ARIMAX + LSTM)
0 200 400 600 800 1000
Time Steps
(a)
Actual vs Predicted Vibration (LSTM only)
3.0 | 4.
2 YAl W \ W A WJ} " N Win A [N
£25 1 *TH T N1 n 'f\ 11
E | |
£ ‘\“‘\‘ MH(‘ RilABLIR il
=20 l [ ‘
S
® 15
&8
=10 ‘ Actual Vibration
0s Predicted Vibration (LSTM)
[ 200 400 600 800 1000
Time Steps
(b)
Actual vs Predicted Vibration (XGBoost)
3.0 ) t Y ) ‘
2 | "y I VP VL
£25 f |
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Fig. 8. Actual against (a) ARIMAX-LSTM, (b) LSTM, (c) XGBoost, and

(d) ARIMAX predicted vibration.

IV. CONCLUSION

This study focused on accurate vibration prediction in
rotating machinery. Leveraging the strengths of both statistical
and Deep Learning (DL) techniques, a hybrid Autoregressive
Integrated Moving Average with Exogenous Variable
(ARIMAX)- Long Short-Term Memory (LSTM) model is
proposed. Firstly, it captures the linear patterns and exogenous
influences through ARIMAX, and secondly, it models the
nonlinear residual components using LSTM networks.

The methodology was applied to a real-world dataset
acquired from an Induced Draft (ID) fan in a cement mill,
representative of the complex operating conditions and noise-
prone measurements. To assess the effectiveness of the
proposed approach, extensive experiments were conducted
comparing the hybrid model with standalone ARIMAX,
LSTM, and XGBoost models. The results demonstrated the
superior performance of the hybrid model across all evaluation
metrics, such as MSE, MAE, and R?, confirming its ability to
model the intricate temporal dependencies more effectively
than the conventional methods. Compared to previous studies

that relied solely on either statistical or Machine Learning
(ML) models, the current work provides a meaningful
advancement by combining the interpretability of ARIMAX
with the expressive power of LSTM. This fusion allows for a
more holistic modeling of industrial time series, especially in
scenarios involving both exogenous variables and nonlinearity.

In summary, the proposed ARIMAX-LSTM architecture
offers a robust and accurate solution for industrial vibration
forecasting, making it a promising candidate for Predictive
Maintenance (PdM) applications. Future work will focus on
extending this hybridization with attention mechanisms or
encoder—decoder frameworks, as well as deploying the model
in real-time monitoring systems to validate its operational
reliability and adaptability in dynamic  production
environments.
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