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ABSTRACT

Modern-day industrial environments impose significant pressure on manufacturers to ensure product
quality, minimize unforeseen breakdowns, and maintain continuous control over key performance
indicators. These requirements have driven industries toward more advanced operational and
maintenance strategies. In this context, Overall Equipment Effectiveness (OEE) has emerged as a widely
adopted metric for assessing manufacturing efficiency. However, conventional OEE primarily provides a
retrospective evaluation based on availability, speed, and defect-free output, offering limited insights into
the underlying machine health and operational dynamics. This limitation becomes particularly critical in
plastic extrusion plants, where operating conditions can vary rapidly, and nominal operation may abruptly
transition into degradation without visible external symptoms. To address these challenges, the present
study introduces the Condition-based Health Intelligence to Neural Monitoring and Analytics Yield
(CHINMAY) framework as a novel, predictive extension of traditional OEE. Conceptualized as a
cognitively enhanced framework, CHINMAY incorporates additional contextual dimensions, including
machine functional health and stakeholder-driven operational requirements. The framework integrates
machine learning and deep learning models to enable proactive diagnostics and early anomaly detection,
thereby reducing unexpected disruptions and improving operational continuity. The proposed approach is
validated using real-time experimental data obtained from a Plastic Extrusion Machine (EX06),
demonstrating its applicability in an actual industrial environment. Through this implementation, the
study aims to move beyond episodic and reactive evaluation practices toward a comprehensive Predictive
Maintenance (PdM) paradigm. The CHINMAY framework facilitates early detection of equipment
anomalies, leading to reduced material wastage and enhanced system reliability. Overall, CHINMAY
allows transitioning from conventional reactive maintenance approaches to intelligent, proactive, and
sustainable smart manufacturing practices.

Keywords-CHINMAY (Condition-Based Health Intelligence for Neural Monitoring and Analytics Yield);
TOEE (Traditional OEE); MOEE (Modified OEE); POEE (Predictive OEE); Data Driven Decision Making
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quality and operational performance continue to rise. Industries
are required to deliver consistent output, reduce production
throughput time, minimize lead times and downtimes, and
maximize resource utilization. Such stringent requirements
have compelled organizations to transition from conventional
reactive maintenance strategies toward predictive, intelligent,
and data-driven approaches [1]. This transition aligns with the
broader objectives of smart manufacturing under the Industry
4.0 paradigm.

The most common indicator of the manufacturing
performance is Overall Equipment Effectiveness (OEE) [2-4].
OEE is based on the principles derived through Total
Productive Maintenance (TPM) and oriented towards
availability, performance, and quality [5]. However, OEE is
mostly a retrospective and descriptive indicator that provides
weak predictive potential regarding future equipment
performance or the emergence of process anomalies [6, 7].

Research more often connects OEE with Maintenance 4.0,
Industry 4.0, and smart manufacturing [1], and the broader
digital transformation activities found in manufacturing [2].
Traditional OEE calculations, their combination with
Lean/TPM methodologies, and case-based assessments have
been thoroughly reported [8], whereas studies on real-time
OEE monitoring, Al-based improvements, and digitalization
are comparatively limited [9]. This gap highlights the
inadequacy of analytical frameworks capable of unifying
performance measurement and Predictive Maintenance (PdM).

Existing OEE models lack analytical sophistication for
modern industrial settings. They fail to capture dynamic loss
patterns, rapid product variation, and digital transformation
requirements [10, 16]. Implementing PdM also faces
significant organizational and technological constraints,
including the cost of infrastructure, data complexity, and
resistance to automation-driven maintenance innovations [11].
Extrusion-based production datasets, in particular, tend to be
rough, sparse, noisy, and unsuitable for direct use with machine
learning algorithms without significant preprocessing and
feature engineering [12]. Overall, the literature indicates a
transition from descriptive performance monitoring toward
predictive and prescriptive analytics, and from manual
judgment toward intelligent, automated decision-making [14].

In response to these challenges, the present study introduces
the Condition-based Health Intelligence to Neural Monitoring
and Analytics Yield (CHINMAY) framework. CHINMAY is a
data-driven extension of traditional OEE, designed to support
intelligent monitoring and predictive performance evaluation.
The framework enhances the conventional OEE structure by
incorporating situational indicators such as operational
readiness and variations in demand. Furthermore, CHINMAY
employs machine learning and deep learning techniques to
forecast machine-related faults, downtime occurrences, and
efficiency deviations [3, 13]. The CHINMAY framework is
developed both conceptually and mathematically and is
validated using real operational data obtained from an actively
running plastic extrusion plant.

II. MATERIALS AND METHODS

The proposed strategy combines real-time data collection, a
sophisticated formulation of OEE, PdM modeling, deep-
learning-based prediction, and decision-support analytics.
Based on this, the co-created framework aligns with modern
smart-manufacturing  practices and the objectives of
Maintenance 4.0 [12, 13, 17, 18].

The dataset used in this study is sourced from Radhan
Plastics, a manufacturing company located in Pirangut, Pune,
India. The company specializes in plastic extrusion products
such as films, tubing, and packaging materials. The dataset
consists of real-time industrial data with the following
characteristics:

e Data Type: Time-series sensor and production data

e Primary Source: Temperature sensors (RTD — Pt100) and
proximity sensors

e Sampling Rate: 1 Hz

e Duration: Approximately 3 months

e Dataset Size: 263,146 rows

e Number of Sensors: 4 temperature sensors
The dataset includes three major categories.

e Sensor data:

o Continuous temperature monitoring (range: —200°C
to 850°C capability)

o Used to detect machine states (normal, warning,
critical)

e Production and Machine Data:
o Roller count, output quantity, waste generation
o Machine status (running, loaded, completed)
e Operational Data:
o Shift timings and durations
o Planned and unplanned downtime
o Customer demand and cycle time

Additionally, the dataset incorporates event-based logs with
timestamps capturing machine activity, enabling time-based
analysis such as shift efficiency and downtime evaluation.

The data were stored in CSV format and further processed
using MATLAB for analysis, feature extraction, and MOEE
computation.

This dataset is unique in that it represents real-time
industrial conditions, rather than simulated or publicly
available benchmark datasets, thereby enhancing the practical
relevance and applicability of the proposed MOEE framework.

The conceptual architecture of the proposed CHINMAY
framework (Figure 1) depicts how the data were taken and,
through system engineering processes, converted into
equipment-related status. The primary source of data in this
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investigation is the Plastic Extrusion Machine (EX-06), chosen
for its continuous operation, sensitivity to changing process
parameters, and strong industrial applicability [19]. The
information collected includes real-time machine logs,
production counts, downtime entries, event timestamps,
temperatures, and quality outputs, forming a dataset for
productivity assessment, machine health tracking, and
predictive failure modeling, emphasizing the importance of
sensor-based analytics in modern manufacturing [20].

The CHINMAY information framework initiates by getting
data from a plastic extruder machine. Then, it selects the most
useful features (operational parameters (shift duration,
operating time, running time), downtime variables (planned
and unplanned downtime), production-related variables
(number of rollers, good rollers, waste), process parameters
(ideal cycle time, total output), customer demand, and
temperature data), creates a target variable, and cleans and
merges the data (utilizing techniques such as missing value
labeling, threshold-based outlier detection, invalid row
removal, and dataset merging.). After feature selection, the
framework is divided into two parts: OEE and PdM. At first, a
calculation of the whole OEE is conducted, and a predictive
model is made. The PAM part divides the time series data,
selects a model, and adjusts the settings of the model to identify
what the issues are, and predict when something will fail.
Finally, useful results, such as the chance of failure, trends in
OEE, and alerts for maintenance, are all outputted from the
framework.

CHINMAY Framework }

[

SRR (e

Plastic Extruder
Machine
{ Feature Selection Predictive

Target Variable || Data Merging &
Creation ) Cleaning Basert
i C Sd)

3. OEE Calculation | 4. Predictive
Maintenance

5. Prediction

[ & Alert
OEE=AxPxQxUxC —
| Time Series

R P— | s VU
A ———————] i .
' f

4. Predictive M(OEE)

Predicted
Failure Probability

Model Selection || | | Predictive OEE
| Trend
i

l I Model Selection ‘ i.: %
e ———— Hyperparameter |
| Tuning

|

l Maintenance Alen.‘

Fig. 1. The CHINMAY framework.

Figure 2 shows the Part A-OEE workflow, where data
preprocessing begins after acquiring raw extruder data. The
obtained dataset is often inconsistent, noisy, incomplete, and
heterogeneous, an issue well reported in industrial data
research [21]. To address these challenges, the preprocessing
phase includes:

e  Selecting relevant machine parameters contributing to
machine-warning prediction.

e Merging datasets,
standardizing formats.

aligning  timestamps, and

e Treating missing values
interpolation.

using forward-fill and

e  Scaling and outlier correction.

These steps convert unstructured raw logs into structured
data suitable for OEE computation and ML model
development.

Figure 3 demonstrates that after preprocessing, OEE is
calculated in an extended manner, integrating Availability (A),
Performance (P), Quality (Q), Usability (U), and Customer
demand (C). This enhanced structure remedies several
limitations of traditional OEE [22].

POEE=A*P+xQ+xU=x*C (1)

The resultant OEE metric is computed using MATLAB
R2023b [23] to automate plant-level dashboards and ensure
efficient monitoring of operational indicators [1].

Plastic Extruder Part A: OEE Calculation workflow
Machine

T

Step 1 Feature Extraction

Step 2 Data & Parameter Selection
!

Step 3 Dynamic DataPreparation

TotalShift ~ Unplanned DownTime Ideal CycleTime RunninTime
T

Step 4 QEE Calculation -
'

Step 5  Visualization Availability ~ Performance Customer Demand

|

'

Step6 Maintenance &
Corrective Actions

Fig. 2. Part A - OEE calculation workflow.

Step 4 : OEE Calculations (ALQUC) ..coeuvuens [60,63]
Parameters :

1. Availability(i) = Total_runing_time / shift_in_minutes;

2. Performance(i) = (num_rollers * ideal_cycle_time) / Total_runing_time;

3. Usability(i) = Total_runing_time / shift_in_minutes;

4. Quality(i) =num_good_rollers / num_rollers;

5. Customer Requirement Rate(i) = (Customer_demand * ideal_cycle_time) / Total_runing_time;

% T_OEE = (Availability(i) * Performance(i) * Quality(i)) * 100; wne.1.ces Tasseonsose

% M_OEE = (Availability(i) * Performance(i) * Usability(i) * Quality(i) * Customer_Requirement_Rate(i)) * 100; wee. v et weasesote

Algorithm Calculate OEE Metrics From CSV File:
»  Input: CSV file path ("AllinOne_data_results_261223.csv")
7 Output: Displayed OEE metrics, save results @Final_Data_Calculations.csv

This improved system offers better insights into machine
performance, customer-centric productivity expectations, and
general efficiency, addressing multiple gaps identified in recent
OEE literature [24].

[oletise  Costmer Gomant  wiglmnot Smntime  Total ruaieg tise | Aailoillly  ferfermince  OMBLITY  NaLily  (ustomer Remiresest late

Fig. 3. Modified OEE calculation.
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Part B: PdM Workflow
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Fig. 4. Part B — PdM workflow.

Figure 4 depicts the Part B-PdM workflow. A parallel
predictive pipeline models machine behavior and forecasts
future OEE patterns. The dataset is split chronologically to
preserve operational order and avoid data leakage, after which
models are trained and optimized. The PdAM workflow begins
by gathering data from the plastic extruder machine. Next, it
gets the important features selected and identifies the important
parameters. Then, the data undergo various cleaning and
preprocessing steps to enable their consistency and reliability
for modeling. After the data are ready, they are used for
prediction and corrective analysis to identify the possibility of
failure and performance problems. The end result is a
combination of Part A (the OEE analysis) and process
predictions to provide a one-way approach to better
maintenance planning and operational efficiency.

Deep learning techniques—particularly Artificial Neural
Networks (ANN) and Long Short-Term Memory (LSTM)
networks—are selected for their ability to model temporal
dependencies and non-linear interactions typical in machine
degradation [24, 25]. With optimized hyperparameters (epochs,
hidden layers, learning rate), the classification performance
improves, resulting in stronger failure detection and
generalization across operating conditions [18]. The predictive
maintenance model outputs are: Future anomaly probabilities,
Warning-state detection, Predicted downtimes, Predicted OEE
downtrends, Proposed intervention windows. This overcomes
reactive maintenance weaknesses and enhances decision-
making, aligning with Industry 4.0 predictive strategies [12,
13]. A real-time OEE + PdM dashboard visualizes machine
performance, emerging anomalies, efficiency loss, and
projected trends. Such visualization strengthens shop-floor
transparency, operator awareness, and managerial decisions’
core principles in smart factory implementations [12, 13]. The
CHINMAY framework improves operational continuity,
reduces maintenance costs, enhances reliability, and
strengthens maintenance planning in extrusion environments.

II. RESULTS AND DISCUSSION

A. OEE Performance Assessment

The updated version of the OEE formulation demand can
be a fine picture of machine productivity as compared to the

conventional three-parameter model. The related OEE
dashboard provides complete insights about effectiveness rates,
downtimes, and quality variations. This real-time external view
allows operators to focus on the root cause of recurring losses,
which are mostly linked to speed-related inefficiencies, thermal
instability, and material waste, and are not always detectable in
reports made periodically [5].

Figures 5 and 6 illustrate the impact of individual
parameters on OEE. Simply targeting one variable, i.e.,
unplanned downtime, there is a slight improvement in A, P,
and U parameters. Similarly, as depicted in Figure 6, targeting
one more variable (waste), a slight improvement in the Q
parameter is acquired. These findings highlight the importance
of constant OEE monitoring, which will improve operational
visibility and allow for corrective interventions to be applied
quickly, ultimately leading to a more responsive production
floor.
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Performance improvement using A, P, and U parameters.
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Fig. 6. Performance improvement using the Q parameter.

B. Effectiveness of Data Preprocessing

Data merging, careful alignment of timestamps, and
systematic handling of missing values greatly enhanced the
suitability of the dataset for predictive modeling. Through this
preprocessing pipeline, diverse machine logs were converted
into structured, cleaner datasets with reduced noise,
underscoring the importance of strong data-engineering
practices in any industrial Al application [17]. The process also
reinforced a practical observation often encountered in factory
environments: raw operational data rarely support deep
learning directly and must be thoughtfully prepared before
meaningful modeling can take place.

C. Predictive Maintenance Model Performance

Several predictive models were developed and tested with
the objective of identifying early warning states. The three
output classes represent different warning levels: Class 1
corresponds to the normal condition, Class 2 corresponds to
Warning 1 (intermediate alert), and Class 3 corresponds to
Warning 2 (critical - potential failure conditions from the
operating cycle). Traditional neural network architectures
offered only marginal improvements, whereas sequence-
oriented deep learning models demonstrated significantly better
performance. Among these models, the LSTM achieved the
highest accuracy, highlighting its effectiveness in capturing
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temporal temperature variations and the underlying dynamics TABLE IL CONFUSI%T/K%?TIICOEI\? FOR BPNN MODEL
of machine behavior [24, 25]. As shown in Table I and Figure
7, with careful hyper-parameter tuning, the LSTM model True Predicted
became stable, converged smoothly, and exhibited improved Class 1 Class 2 Class 3
generalization behavior across different operating scenarios. Class 1 5105 0 7
The results obtained from the confusion matrix, Table II, Class 2 10 15 3352
. . . . . Class 3 4497 42 6651
further confirmed reliable prediction for normal and high-alert
gondltloqs; however., some misclassification pe.r51sted for.the TABLE IIL CONFUSION MATRICES FOR BILSTM MODEL
intermediate  warning class. The confusion matrices EVALUATION
demonstrate that the proposed model achieves high _
classification performance, with a strong concentration of True Predicted
- . ) Class 1 Class 2 Class 3
correctly classified instances along the diagonal. The model
ith 100 hidden 1 hibits the b of howi Class 1 4601 0 511
wit idden layers exhibits the best performance, showing Class 2 5 517 2853
improved class-wise prediction accuracy and reduced Class 3 2084 140 8466
misclassification compared to other configurations. This
limitation is primarily attributed to the imbalance present in the TABLEIV.  CONFUSION MATRICES FOR LSTM MODEL
dataset [18]. EVALUATION
True Predicted
TABLEL  HYPERPARAMETER TUNING OF THE LSTM Class 1 Class 2 Class 3
Class 1 4470 0 642
Trial Hidden layers Epochs Accuracy Elapsed time Class 2 6 1398 1973
1 30 1000 59.82 1 min Class 3 2085 459 8646
2 300 1000 70.55 68 min 54 sec
3 100 1000 73.75 11 min 57 sec
Training Progress (08-Jan-2024 11:52:21) RS
Validation accuracy: N/A
100}~ Training finished: Max epochs completed
90 Training Time
20| Start time: 08-Jan-2024 11:52:21
Elapsed time 11 min 57 sec
)
= Training Cycle
% 60 Epoch 1000 of 1000
£ 5 Iteration: 1000 of 1000
5 wl Iterations per epo h 1
Maxi iterations 1000
300
Val.aati-n
20§ Tre uency NIA
10~ O her 1f_nua .n
100 200 300 400 500 600 700 800 900
0 1 1 1 1 1 1 1 1 1 [ +@luware resource Single CPU
0 100 200 300 400 500 600 700 200 900 1000 Leaming rate schedule: Constant
lteration
Learning rate 0.01
2
15
§ 1 L Accuracy
- Training (smoothed)
05 Training
— @& — - Validation
100 200 300 400 500 600 700 800 900 .
0 Loss
1] 100 200 300 400 500 600 700 800 900 1000
Iteration Training (smoothed)
Training
Fig. 7. Training performance graph (accuracy vs. iterations and loss vs. iterations).

D. Integration of MOEE and PdM Insights

With the incorporation of POEE forecasting and predictive
maintenance alerts, a unified decision support framework was
achieved. The framework is able to predict future OEE
degradation paths, emerging machine-health hazards, define
up-to-optimum maintenance intervals, and give probabilistic
failure indicators. These joint predictive layers are a promising
innovation compared to retrospective OEE assessments
existing in the past [21]. The framework reduces the occurrence

of downtimes by shifting current practices to a more proactive
data-driven approach, which strengthens overall operational
planning. The results reveal that the constant manufacturing
settings, specifically extrusion-based ones, have a number of
potentially significant benefits [7]. The early notification
minimizes production losses, material and energy usage, and
optimizes production capacity. All these enhancements
contribute to the strengthening of data-driven decision-making
in the administrative level. The CHINMAY framework
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facilitates the Industry 4.0 practices and contributes to the
implementation of ML, real-time monitoring, and automated
analysis of daily plant activities [1, 12, 13].

IV. CONCLUSION

The Condition-based Health Intelligence to Neural
Monitoring and Analytics Yield (CHINMAY) framework,
combining a next-generation OEE architecture and Predictive
Maintenance (PdM) based on deep learning in a plastic
extrusion environment, is presented in this paper. The proposed
strategy was successful in transforming raw machine data into
real and valuable insights to enable more efficient operation,
improve equipment reliability, and enhance productivity-
related decision-making.

The proposed system offers predictive capability and
foresight to anticipate performance deviations by strategically
expanding the scope of conventional OEE, which is
traditionally confined to descriptive and backward-looking
evaluation. The framework further incorporates additional
indicators that support predictive rather than reactive
assessment, including usability and diverse customer demand.

Experimental analysis demonstrates that LSTM-based
models perform particularly well in recognizing early warning
states and predicting degradation trends in extrusion
machinery. The joint utilization of CHINMAY framework
outputs and PdM outcomes enables informed production
planning, reduces unplanned shutdowns, and facilitates
improved production continuity.

Overall, the proposed framework presents a viable and
scalable approach toward the implementation of Maintenance
4.0. The framework enhances operational visibility, enhances
interpretation of machine behavior, and supports responsive
manufacturing processes. The system shows strong potential
for application in other continuous-process industrial
environments due to its adaptable nature.
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APPENDIX
ABBREVIATIONS:
Condition-Based Health Intelligence for
CHINMAY Neural Monitoring and Analytics Yield
PdM Predictive Maintenance
POEE Predictive Overall Equipment Effectiveness
TOEE Total Overall Equipment Effectiveness
MOEE Machine Overall Equipment Effectiveness
A Availability
P Performance
Q Quality
U Usability
C Customer Requirement Rate
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