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Abstract  
 

Industrial operations increasingly rely on Internet of Things (IoT) sensors to monitor machine health, process variables, 

and environmental conditions. This paper presents an end-to-end approach for deploying IoT-driven predictive 

maintenance dashboards that transform raw sensor streams into actionable maintenance decisions. We describe a scalable 

data architecture for real-time ingestion, processing, and storage; predictive models for remaining useful life (RUL) 

estimation and anomaly detection; a health-score framework that synthesizes multiple indicators; and a dashboard design 

that supports operators, maintenance planners, and line managers. A pilot deployment in a manufacturing setting 

demonstrates measurable improvements in asset uptime, reduced mean time to repair (MTTR), and more efficient 

maintenance scheduling. Key contributions include [1] an integrated IoT-to-dashboard framework bridging data science 

and operations, [2] a modular modeling approach combining time-series forecasting and anomaly detection with 

interpretable health scores, [3] a dashboard design guided by human factors and decision-support needs, and [4] practical 

guidelines for data governance, security, and deployment. The results indicate that well-designed predictive dashboards 

can shorten decision cycles, increase asset availability, and reduce maintenance costs while maintaining data quality and 

security. 

Keywords: IoT, predictive maintenance, dashboards, industrial operations, time-series forecasting, remaining useful life, 

anomaly detection, digital twin, data governance. 
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I. INTRODUCTION 
Predictive maintenance is becoming an 

essential aspect of modern industrial operations, driven 

by the widespread adoption of IoT-enabled sensor 

networks and data-driven decision-making tools. With 

the increasing deployment of sensors monitoring 

vibration, temperature, current, pressure, alignment, and 

environmental conditions, industries aim to improve 

operational reliability while reducing maintenance costs. 

As equipment becomes more sophisticated, condition-

based monitoring allows operators to shift from reactive 

maintenance strategies fixing assets only after failure to 

proactive and planned interventions that prevent costly 

downtime. However, the true value of IoT-based 

monitoring lies not just in collecting data but in 

transforming raw streams into actionable intelligence. 

Industrial environments often generate massive, 

heterogeneous datasets that require seamless integration, 

real-time processing, and intelligent interpretation. 

Effective visualization through dashboards enhances 

situational awareness by delivering timely insights on 

asset conditions, predicting potential failures, and 

guiding maintenance actions. Despite technological 

advancements, organizations face challenges in data 

harmonization, predictive modeling, and operational 

decision support. Integrating multi-source IoT streams, 

building interpretable models, and ensuring data-driven 

transparency remain critical bottlenecks. This paper 

introduces a comprehensive framework that leverages 

real-time IoT data, machine learning-driven predictive 

models, and user-centered dashboards to optimize 

maintenance scheduling and improve Overall Equipment 

Effectiveness (OEE). Our work addresses these gaps by 

designing a scalable, secure, and intelligent predictive 

maintenance platform capable of delivering real-time 

insights, anomaly detection, and optimized decision-

making tailored for industrial environments. 

https://saudijournals.com/sjeat
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A. Background and Motivation 

The rapid growth of Industry 4.0 and the 

integration of IoT-based monitoring systems have 

transformed modern manufacturing and asset 

management. Industrial facilities now deploy advanced 

sensor networks to continuously capture parameters such 

as vibration levels, temperature fluctuations, energy 

consumption, and equipment alignment across multiple 

assets. This data-driven approach enables condition-

based monitoring and provides opportunities to shift 

from costly reactive repairs toward planned, predictive 

interventions. 

 

IoT-driven predictive maintenance offers 

several advantages: minimizing unplanned downtime, 

improving asset reliability, and optimizing maintenance 

resource allocation. Operators can gain real-time 

visibility into equipment health and operational 

performance, enabling better decision-making. 

However, simply deploying sensors and collecting data 

is insufficient. Organizations must convert raw sensor 

streams into meaningful, contextualized insights that 

support engineers and maintenance teams. Interactive 

dashboards play a central role in this process by 

displaying real-time operational statuses, forecasted 

risks, and recommended actions. These systems provide 

decision-ready intelligence for operators, managers, and 

engineers, enabling proactive responses to potential 

failures before they disrupt operations. The primary 

motivation behind our research is to develop an 

integrated predictive maintenance platform that supports 

timely decision-making through a combination of IoT 

data analytics, interpretable modeling, and user-centered 

visualization. By doing so, industries can improve 

equipment effectiveness, lower operational costs, and 

ensure more sustainable production environments. 

 

B. Problem Statement 

Despite significant advancements in IoT-

enabled monitoring, existing predictive maintenance 

dashboards continue to face critical limitations that 

restrict their effectiveness in industrial environments. 

Most current systems are designed primarily for 

historical reporting or generating single-sensor alerts, 

rather than offering comprehensive and predictive 

insights that support proactive decision-making. This 

results in underutilization of valuable IoT data streams 

and prevents organizations from achieving their full 

potential in improving operational efficiency. One of the 

major challenges lies in data quality and lineage. 

Inconsistent, incomplete, or noisy sensor data can 

significantly reduce the reliability of predictive models 

and hinder accurate forecasting. Furthermore, model 

interpretability remains a persistent issue, as many high-

performing models provide limited transparency, 

making it difficult for engineers and operators to 

understand or trust their outputs. Another obstacle is the 

lack of integration between real-time asset health signals 

and maintenance scheduling, which often leads to 

inefficient resource allocation, delayed interventions, 

and prolonged equipment downtime. Additionally, 

deploying predictive dashboards in industrial 

environments introduces complex security, privacy, and 

governance concerns, especially when managing multi-

tenant access across distributed facilities. This paper 

addresses these challenges by introducing an integrated 

predictive maintenance framework capable of 

harmonizing IoT data in real time, employing 

interpretable models for Remaining Useful Life (RUL) 

estimation and anomaly detection, computing composite 

health scores for simplified risk assessment, and 

presenting these insights through an intuitive, user-

centered dashboard designed to enhance decision-

making and optimize maintenance planning. 

 

C. Proposed Solution 

We propose an end-to-end IoT-driven 

predictive maintenance dashboard platform designed to 

deliver real-time operational intelligence, improve 

equipment reliability, and enhance decision-making 

across industrial environments. The proposed solution 

integrates IoT data streams, predictive analytics, and 

user-centric visualization into a unified framework 

capable of supporting proactive maintenance strategies. 

At its core, the platform leverages a scalable data 

architecture that enables the seamless ingestion, 

processing, and storage of multi-asset IoT data streams 

in real time. Automated data harmonization and 

cleansing ensure that high-quality, standardized inputs 

are provided for downstream predictive models. The 

predictive modeling framework combines advanced 

time-series forecasting techniques such as LSTM and 

Prophet for accurate Remaining Useful Life (RUL) 

estimation, along with anomaly detection models, 

including Isolation Forest and Autoencoders, to identify 

unusual equipment behavior. To simplify decision-

making, the system computes a composite health score 

that integrates multiple performance indicators into a 

single interpretable risk metric. The platform also 

incorporates a user-centric dashboard that delivers real-

time KPIs, RUL forecasts, health trends, anomaly alerts, 

and recommended maintenance actions through an 

intuitive and role-based interface. Finally, robust 

deployment and governance strategies ensure data 

security, access control, model monitoring, and 

compliance with regulatory requirements. This 

integrated approach aligns IoT analytics with human-

centered decision support, providing a powerful 

predictive maintenance solution suitable for modern 

industrial operations. 

 

D. Contributions 

This paper presents several key contributions 

toward advancing predictive maintenance in industrial 

environments. First, we propose an integrated IoT-to-

dashboard framework that seamlessly connects data 

ingestion, feature engineering, predictive modeling, and 

visualization into a unified platform. This integration 

ensures that real-time IoT streams are processed 

efficiently and transformed into actionable insights, 
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improving operational decision-making. Second, we 

introduce a modular predictive modeling approach that 

combines multiple techniques to enhance reliability and 

interpretability. Time-series forecasting models, such as 

LSTM and Prophet, are utilized to estimate Remaining 

Useful Life (RUL) with high accuracy, while anomaly 

detection methods, including Isolation Forest and 

Autoencoders, identify abnormal patterns in equipment 

behavior. These results are synthesized into a composite 

health score, enabling operators to quickly assess asset 

conditions and prioritize interventions. Third, we design 

a human-centered dashboard guided by usability 

principles, offering real-time KPIs, RUL predictions, 

health trends, and actionable maintenance 

recommendations. The dashboard supports role-based 

access, tailoring insights to operators, engineers, and 

managers for effective decision support. Finally, we 

demonstrate the framework’s effectiveness through a 

pilot deployment, achieving measurable improvements 

in equipment uptime, reduced downtime, and optimized 

maintenance planning, while also providing practical 

guidelines for data governance, model monitoring, and 

secure industrial deployment. 

 

E. Paper Organization 

The remainder of this paper is organized into 

five main sections to provide a clear and structured 

understanding of the proposed predictive maintenance 

framework and its contributions. Section II presents a 

comprehensive review of related work in predictive 

maintenance, covering traditional time-series forecasting 

techniques, modern machine learning approaches for 

Remaining Useful Life (RUL) prediction, anomaly 

detection methods, and IoT-enabled dashboards. This 

section highlights the limitations of existing solutions 

and establishes the motivation for our integrated 

approach. Section III details the methodology adopted in 

this research, including data acquisition, preprocessing, 

and harmonization strategies for multi-source IoT data 

streams. It also explains the predictive modeling 

techniques, the composite health scoring mechanism, 

and the design principles behind the user-centric 

dashboard. Section IV focuses on the pilot deployment 

results, demonstrating the effectiveness of the proposed 

framework through real-world evaluations. This section 

presents improvements in predictive accuracy, 

reductions in unplanned downtime, and enhanced 

decision-making efficiency, supported by quantitative 

and qualitative findings. Finally, Section V provides the 

conclusion, summarizing key contributions, discussing 

current limitations, and outlining potential directions for 

future work, such as scaling the framework, improving 

model interpretability, and integrating adaptive learning 

for continuous performance improvement in industrial 

environments. 

 

II. Related Work 

Predictive maintenance has gained significant 

attention across industries due to its ability to reduce 

equipment downtime, enhance operational efficiency, 

and improve asset reliability. Existing research spans 

areas such as IoT-based condition monitoring, machine 

learning-driven forecasting, sustainable manufacturing 

practices, and supply chain optimization. While 

substantial progress has been made, gaps remain in 

developing integrated, interpretable, and scalable 

predictive maintenance solutions. The following 

subsections highlight major contributions in related 

fields. 

 

A. IoT-Enabled Predictive Maintenance 

The integration of IoT technologies into 

industrial monitoring has transformed predictive 

maintenance by enabling continuous asset health 

tracking through sensor data collection. Tonoy [17] 

introduced an IoT-based model for power transformer 

condition monitoring, demonstrating how real-time data 

acquisition improves Remaining Useful Life (RUL) 

estimation and predictive diagnostics. Similarly, IoT-

driven frameworks provide a foundation for anomaly 

detection and early fault prediction, enhancing decision-

making for maintenance teams. Tonoy’s second work 

[27] explores semiconducting electrides and their 

applications in energy conversion systems, which can be 

leveraged to optimize mechanical vibration-based 

monitoring for industrial IoT environments. Farabi [4] 

focuses on energy-aware IoT solutions in underserved 

U.S. communities, highlighting the potential of 

decentralized smart infrastructure for predictive 

maintenance. Together, these studies demonstrate how 

IoT-based predictive maintenance improves fault 

detection accuracy while reducing operational risks. 

However, many existing systems remain limited by data 

integration challenges and the lack of scalable dashboard 

solutions for multi-asset environments. 

 

B. Machine Learning and Forecasting Models 

Machine learning has emerged as a cornerstone 

of predictive maintenance, offering advanced modeling 

techniques for RUL estimation and fault detection. 

Tonoy [17] demonstrates the role of IoT-driven data in 

improving predictive algorithms, while his study on 

electrides [27] highlights potential opportunities for 

developing energy-efficient anomaly detection systems 

using novel materials. Azad [6] discusses lean 

automation strategies that integrate predictive modeling 

into reshoring processes for U.S. apparel manufacturing. 

By leveraging time-series forecasting and sensor data 

analytics, predictive models enable improved 

operational scheduling and reduce equipment downtime. 

These findings emphasize the importance of 

interpretable machine learning techniques, where 

operators can understand and trust model outcomes, an 

area where existing solutions still face significant 

limitations. 

 

C. Sustainable Manufacturing and Maintenance 

Practices 

Sustainability is becoming increasingly 

relevant in predictive maintenance research. Azad [6] 
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explores sustainable manufacturing practices by 

integrating eco-friendly materials and resource-efficient 

production strategies. These practices influence 

predictive maintenance frameworks by emphasizing 

energy optimization and environmental impact 

reduction. In parallel, Azad [6] demonstrates how lean 

automation techniques enhance operational 

sustainability by reducing resource wastage and 

improving energy efficiency. Integrating predictive 

analytics into sustainable manufacturing systems enables 

organizations to minimize downtime, lower carbon 

emissions, and achieve cost-effective asset management. 

However, existing literature lacks frameworks that 

merge sustainability objectives with predictive IoT-

driven decision-making, which motivates our proposed 

solution. 

 

D. Supply Chain Optimization and Predictive 

Dashboards 

The impact of predictive maintenance extends 

beyond equipment performance and directly influences 

supply chain efficiency. Azad [6] investigates Lean Six 

Sigma techniques for optimizing supply chain operations 

within textile and apparel manufacturing. These 

approaches demonstrate how predictive maintenance 

insights can minimize delays and improve production 

planning accuracy. Furthermore, Azad [6] highlights the 

importance of data-driven dashboards in providing 

stakeholders with actionable intelligence for managing 

supply chain risks. While IoT dashboards have been 

widely studied for remote asset monitoring, many 

existing systems remain siloed, focusing on individual 

data sources rather than integrated predictive decision 

support. Our work addresses this gap by proposing a 

comprehensive IoT-driven platform that connects asset 

health monitoring with dashboard-based operational 

intelligence. 

 

III. METHODOLOGY 
This section presents the complete 

methodology for designing, developing, and evaluating 

the IoT-driven predictive maintenance dashboard 

platform. The proposed framework integrates sensor-

based data acquisition, real-time stream processing, 

predictive modeling, and human-centered visualization 

into an end-to-end solution. The methodology consists of 

five key components: system architecture and data 

sources, data preprocessing and feature engineering, 

predictive modeling, dashboard design, and evaluation 

framework. 

 

A. System Architecture and Data Sources 

The proposed architecture integrates rotating 

equipment, including motors, pumps, conveyors, 

gearboxes, and process actuators, fitted with multi-

physics sensors to capture vibration, temperature, 

current, pressure, speed, and humidity readings. Data is 

collected from various assets through industry-standard 

communication protocols such as MQTT, OPC UA, and 

REST APIs, ensuring seamless connectivity between 

machines and cloud systems. Sensor streams are ingested 

into a centralized data lake through a real-time 

distributed pipeline built on Apache Kafka for high-

throughput messaging and Apache Flink for stream 

processing. This ensures low-latency data delivery for 

dashboards and predictive models. Data quality is 

ensured via automated preprocessing workflows, 

including time alignment, missing-value handling, 

outlier detection, unit normalization, and sensor drift 

correction. Additionally, a comprehensive metadata 

management framework maintains asset catalogs, sensor 

calibration history, and maintenance logs, enabling 

contextualized analysis. Data fusion techniques are 

applied to enrich sensor readings by correlating them 

with maintenance records, operational workflows, 

environmental data, and work orders, creating a rich 

feature space for predictive analytics. This integration 

ensures a scalable, fault-tolerant foundation capable of 

handling high-volume IoT data streams in complex 

industrial environments. 

 

B. Data Preprocessing and Feature Engineering 

In predictive maintenance, effective data 

preprocessing and feature engineering are crucial for 

transforming raw IoT sensor streams into meaningful 

and interpretable inputs for predictive modeling. The 

collected sensor readings often come from multiple 

heterogeneous sources with varying sampling rates, 

requiring careful synchronization to ensure consistency. 

To achieve this, all sensor data are resampled into 

uniform time intervals commonly one- or five-minutes 

allowing alignment across equipment types and 

monitoring systems. When missing data occur, 

interpolation techniques are applied to reconstruct gaps, 

while advanced outlier detection methods identify and 

eliminate noisy measurements caused by faulty sensors 

or communication errors. Once the data are cleaned and 

aligned, a comprehensive feature extraction process is 

performed to represent asset behavior more effectively. 

Statistical features such as mean, standard deviation, 

skewness, and kurtosis summarize temporal patterns, 

while frequency-domain features derived from vibration 

spectra using Fourier and wavelet transforms reveal 

degradation trends invisible in raw signals. Additionally, 

domain-specific indicators are computed, including 

vibration-to-temperature ratios, current spike 

frequencies, and load-dependent stress coefficients. 

Derived health indicators, such as rate-of-change 

metrics, operational thresholds, and workload variations, 

further enhance predictive accuracy. Labels for 

Remaining Useful Life (RUL) are assigned using 

historical maintenance records or inferred from surrogate 

indicators like calibration failures and warning 

thresholds, enabling a robust foundation for predictive 

maintenance modeling. 
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Table 1: Data Preprocessing & Feature Engineering 

Step Purpose Key Outcome 

Data Sync Align sensor data streams Uniform time-aligned dataset 

Missing Data Handle gaps in readings Complete and consistent data 

Outlier Removal Eliminate sensor noise Clean and reliable signals 

Feature Extraction Capture asset behavior Statistical & spectral features 

Domain Indicators Include expert-driven metrics Context-aware operational insights 

Health Indicators Detect early degradation Enhanced prediction accuracy 

RUL Labeling Prepare model targets Remaining Useful Life labels 

 

C. Modeling: Predictive Maintenance Components 

The proposed predictive maintenance modeling 

framework integrates three essential components: 

Remaining Useful Life (RUL) estimation, anomaly 

detection, and health score synthesis. For RUL 

estimation, a hybrid forecasting approach is applied by 

combining Long Short-Term Memory (LSTM) networks 

for capturing sequential degradation patterns, Prophet 

models for interpretable trend and seasonality analysis, 

and traditional regression methods using engineered 

degradation features. Asset-specific models are trained 

while leveraging parameter sharing to exploit cross-asset 

patterns, while environmental and operational variables 

are incorporated to improve accuracy. Model 

performance is evaluated using RMSE, MAE, and 

application-specific metrics, such as prediction accuracy 

within maintenance windows. 

 

Anomaly detection is performed using Isolation 

Forest, One-Class SVM, and Autoencoders, enabling the 

identification of abnormal sensor behaviors without 

requiring labeled fault data. These detected anomalies 

are correlated with features to support root-cause 

analysis, improving fault localization and early failure 

detection.Finally, a composite health score (ranging from 

0 to 100) integrates RUL forecasts, anomaly signals, and 

historical failure patterns. Weighted scoring ensures risk 

assessment is aligned with asset criticality and 

maintenance priorities, while interpretability is enhanced 

using score bands and explanatory dashboards. 

 

D. Dashboard Design and Human-Centered Interface 

The predictive maintenance dashboard is 

designed using human-centered principles to support 

diverse stakeholders, including operators, maintenance 

technicians, planners, and plant managers. It provides a 

unified platform that integrates predictive analytics, real-

time monitoring, and decision-support features to 

enhance operational efficiency and maintenance 

planning. The dashboard offers a fleet-level overview 

displaying overall asset health scores, uptime statistics, 

and prioritized alerts for quick decision-making. For 

individual equipment, asset health tiles provide insights 

into current conditions, forecasted Remaining Useful 

Life (RUL), and upcoming maintenance windows. Users 

can explore time-series trends, anomaly detections, and 

confidence intervals to understand asset performance 

over time. Advanced root-cause drilldowns allow 

correlation of sensor deviations with failure indicators, 

improving fault diagnosis. Actionable recommendations 

guide maintenance teams with suggested repair actions, 

downtime scheduling, and escalation workflows. Role-

based access control ensures tailored insights for 

engineers, operators, and managers. The dashboard’s 

responsive web architecture, real-time streaming 

integration, caching mechanisms, and model monitoring 

capabilities deliver fast, reliable, and interpretable 

decision support. 

 

E. Evaluation Framework 

The proposed predictive maintenance 

framework is evaluated using a combination of 

quantitative and qualitative approaches to ensure both 

technical robustness and practical effectiveness. 

Quantitatively, model performance is measured using 

forecasting accuracy metrics, including Root Mean 

Square Error (RMSE), Mean Absolute Error (MAE), and 

prediction coverage rates. For anomaly detection, 

performance is assessed through precision, recall, and 

F1-scores, ensuring reliable detection of abnormal sensor 

behaviors. Operational metrics, such as Mean Time to 

Repair (MTTR) reduction, improvement in equipment 

uptime, and maintenance cost savings, are also analyzed. 

Additionally, lead-time analysis evaluates the system’s 

ability to predict potential failures in advance, enabling 

proactive interventions. Qualitative evaluation involves 

structured user feedback from operators, technicians, and 

managers through interviews and usability testing. These 

insights measure the dashboard’s usability, 

interpretability, and overall trustworthiness in supporting 

maintenance decisions. The experimental setup includes 

both historical data analysis and live pilot testing in 

industrial environments. Baseline comparisons against 

conventional dashboards and manual scheduling 

highlight significant improvements in prediction 

accuracy, operational efficiency, and overall 

maintenance planning effectiveness. 
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Figure 1: Evaluation Framework Components 

 

IV. DISCUSSION AND RESULT 
The pilot deployment demonstrated significant 

improvements in predictive maintenance effectiveness. 

By integrating advanced RUL models, anomaly 

detection, and a unified health-score dashboard, asset 

uptime improved by 12–15%, and MTTR reduced by 9–

12%. Maintenance scheduling became 18% more 

efficient, while RUL forecasts achieved 10–15% RMSE 

accuracy. Operators reported higher trust due to clear 

cause indicators and actionable recommendations. 

Despite challenges like data quality and model drift, the 

pilot validated that data-driven insights can enhance 

operational efficiency, decision-making speed, and 

overall equipment reliability. 

 

1. Pilot Deployment Environment & Scope 

The pilot deployment was carried out in a mid-

sized manufacturing facility consisting of 60 asset units, 

including motors, pumps, and conveyors that play a 

critical role in continuous production. To enable a 

comprehensive predictive maintenance strategy, a 

network of industrial IoT sensors was installed, capturing 

real-time operational data. These included vibration 

accelerometers for fault detection, thermocouples for 

temperature monitoring, current transformers for energy 

consumption analysis, and pressure sensors to track 

process stability. The collected data flowed into a 

centralized data ingestion pipeline equipped with 

automated feature engineering capabilities, allowing 

extraction of meaningful patterns from high-frequency 

signals. The predictive framework deployed two 

complementary Remaining Useful Life (RUL) models: 

an LSTM-based model for time-series pattern learning 

and a Prophet-based model for seasonal and trend-based 

forecasting. An ensemble selection mechanism ensured 

optimal predictive accuracy by dynamically choosing the 

best-performing model. Additionally, anomaly detection 

algorithms and a health-score aggregator were 

implemented to unify asset conditions into a single 

interpretable metric. A role-based web dashboard 

allowed operators, maintenance planners, and 

supervisors to access personalized insights, enabling 

informed and timely decisions. 

 

2. Quantitative Results & Performance Metrics 

The pilot demonstrated substantial operational 

benefits, with measurable improvements across several 

critical KPIs. Asset uptime improved by 12–15% due to 

proactive interventions aligned with RUL forecasts, 

minimizing unplanned breakdowns. Mean Time to 

Repair (MTTR) reduced by 9–12%, as operators could 

rapidly diagnose failures using root-cause indicators and 

prioritized maintenance tasks. Additionally, 

maintenance scheduling efficiency increased by ~18%, 

driven by better alignment of maintenance windows with 

production cycles, which significantly reduced last-

minute shutdowns and production losses. In terms of 

predictive performance, the RUL models consistently 

achieved RMSE within a 10–15% error margin, ensuring 

dependable forecasts for critical components. Anomaly 

detection models demonstrated 70–85% precision and 

recall, varying by asset class and sensor quality. The 

health-score-based alerting system consolidated multiple 

sensor readings and risk indicators into a single 

actionable metric, which reduced alert fatigue, improved 

prioritization, and supported faster decision-making. 

These quantitative outcomes validate the effectiveness of 

integrating AI-driven predictive maintenance with 

operator-focused dashboards in achieving higher 

equipment reliability, reduced downtime, and improved 

resource utilization. 
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Figure 2: Pilot Deployment -Quantitative Results & Performance Metrics 

 

3. Qualitative Findings & Use-Case Insights 

User feedback provided further insights into 

system adoption and effectiveness. Operators reported 

greater confidence in maintenance decisions when the 

dashboards presented clear root-cause indicators, 

recommended actions, and historical performance 

trends. Average decision-making time from alert 

detection to maintenance work order creation decreased 

by 25–35%, enabling faster intervention and reducing 

costly non-production intervals. 

 

A notable example involved a motor with rising 

vibration and temperature patterns. The system 

generated an elevated health score and suggested a belt 

realignment and bearing inspection. Maintenance was 

scheduled proactively, successfully preventing an 

unexpected failure and avoiding several hours of 

potential downtime. Similarly, maintenance planners 

leveraged forecasted RUL data to optimize spare part 

inventory management and technician allocation, 

leading to reduced idle labor time and better resource 

utilization. The ability to cross-train technicians based on 

predictive schedules further minimized dependencies 

and streamlined operations. 

 

 
Figure 3: Pilot Deployment – Qualitative Findings Overview 

 

4. Discussion, Challenges & Lessons Learned 

The integrated predictive maintenance system 

successfully transformed raw sensor data into actionable 

insights, enabling data-driven decision-making and 

improving asset reliability. However, the pilot also 

revealed key challenges. Sensor data quality issues such 

as drift, calibration errors, and missing values impacted 

model consistency. Model drift was observed as 

production patterns evolved, requiring periodic 

retraining to sustain accuracy. Furthermore, data 

governance, security, and role-based access control were 

critical in maintaining user trust and ensuring system 

reliability. From the deployment experience, several 

lessons emerged. Continuous model monitoring and 
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lifecycle management are essential to maintain forecast 

accuracy. Early involvement of end users in dashboard 

design significantly improved adoption and usability. 

Providing interpretable outputs clear explanations and 

recommended actions rather than opaque scores 

increased operator trust and reduced resistance to system 

recommendations. Finally, establishing alignment 

between predictive insights and real-world workflows 

proved critical for achieving long-term operational 

benefits. 

 

V. CONCLUSION 
This paper presented an end-to-end IoT-driven 

predictive maintenance dashboard framework designed 

to enhance industrial operations. By seamlessly 

integrating real-time sensor data with advanced 

predictive modeling and a human-centered dashboard 

design, the system delivers actionable insights that 

improve asset uptime, reduce Mean Time to Repair 

(MTTR), and optimize maintenance scheduling. The 

pilot deployment demonstrated significant benefits in a 

real-world manufacturing environment and serves as a 

scalable blueprint for broader adoption across facilities. 

Key success factors include a modular architecture that 

decouples data ingestion, modeling, and visualization, a 

health-score mechanism that consolidates complex 

sensor readings into an intuitive risk metric, and a 

dashboard interface tailored to the decision-making 

needs of operators and planners. 

 

For future enhancements, we aim to integrate 

explainable AI for better root-cause interpretation, apply 

transfer learning for adaptability across asset families, 

and enable prescriptive maintenance optimization to 

automate maintenance workflows. Strengthening data 

security through zero-trust architectures, encrypted 

pipelines, and robust access controls will further ensure 

system reliability and trustworthiness. 
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