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 A B S T R A C T

Timely maintenance of heavy equipment is crucial in construction yet hindered by limited adoption of data-
driven methods. We introduce an integrated framework that links priority scoring, predictive analytics, and 
routing optimization. Our system achieves a 64.4% reduction in prediction error versus a naïve current-SMU 
baseline on a ten-machine evaluation set without specialized monitoring. Our machine learning models attain 
MAPE = 4.24% (labor cost) and 9.32% (service duration), substantially outperforming company baselines. 
We model routing as a Multi-Depot Capacitated Vehicle Routing Problem (MDCVRP) and solve it with a 
modified Cluster-First, Route-Second approach combining ALNS, 2-OPT*, and a novel SOM-based adaptation. 
Across varying instances, results show a 41.93% reduction in total time and a 43.86% improvement in high-
priority route position relative to current practice. Sensitivity analyses (priority weights, clustering, travel-time 
uncertainty) confirm robustness. The framework supports better availability and cost savings, and can be 
extended to multi-equipment and stochastic, real-time settings.
1. Introduction

The construction industry faces increasing equipment maintenance 
challenges amid urbanization and infrastructure expansion. A (United 
Nations Environment Programme, 2019) report predicts that the global 
building stock will double by 2050, escalating demand for maintaining 
construction machinery, including excavators, bulldozers, cranes, load-
ers, and dump trucks. Generating 15% of global GDP and employing 
10% of the workforce (Hilti Corporation, 2023), the sector is shifting to-
ward sustainability and safety, making effective maintenance essential 
for operational efficiency, cost reduction, and environmental impact 
reduction (Amrina & Aridharma, 2016).

However, maintenance is hindered by several factors including site 
mobility, diverse equipment needs, and seasonal work patterns (Abioye 
et al., 2021; Niu et al., 2016, 2017). These challenges lead to poor main-
tenance practices that increase costs, reduce productivity, and delay 
projects (Close & Tideswell, 2012). From a financial perspective, main-
tenance represents 20%–40% of operating costs and drives 30%–50% of 
equipment effectiveness losses (Armstrong et al., 2024). Furthermore, 
unplanned downtime costs up to $260 per hour per machine (Hicks, 
2019), with industry downtime rates reaching 20%–30%, leading to 
multi-million-dollar annual losses (Hill, 2021).

Beyond economic impacts, environmental considerations are equally 
consequential. The construction sector accounts for 37% of global CO2
emissions and 132 exajoules of energy consumption (UN Environment 
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Programme, 2024). Maintenance issues exacerbate this problem by 
increasing fuel use, emissions, and waste, whereas proper maintenance 
can substantially reduce fuel consumption by 6.6% and emissions 
by 20% (Aune et al., 2020; Hong & Lü, 2022). Additionally, well-
maintained equipment lasts 50%–60% longer, reducing premature 
replacements (Green, 2023).

Despite these clear benefits, the industry continues to lag in digiti-
zation, with only 1% annual labor productivity growth, below the 2.8% 
global average and 3.6% for manufacturing (Hovnanian et al., 2019). 
This digital gap stems from several barriers including fragmented data, 
lack of standardization, resistance to change, high implementation 
costs, and regulatory constraints (Sivanuja et al., 2024), with 72% of 
firms still relying on paper-based processes (Bluebeam Inc., 2024) and 
poor data management costing the industry $1.85 trillion globally in 
2020 (Autodesk Inc. & FMI Corporation, 2021).

While construction companies typically invest only 1%–2% of rev-
enue in technology (Blanco et al., 2023), organizations achieving digital 
transformation report 14%–15% productivity gains (Koeleman et al., 
2019). Nevertheless, the potential benefits are substantial data-driven 
approaches could reduce maintenance costs by 5%–10% and increase 
uptime by 10%–20% (Coleman et al., 2017). Moreover, analytics sup-
port better project decision-making in critical areas such as bidding, 
subcontractor evaluation, and risk management (Hovnanian et al., 
2019).
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Fig. 1. Conceptual Framework: Integrated approach for heavy equipment maintenance optimization.
To address these challenges, we propose a maintenance optimiza-
tion framework that integrates three components into a unified data 
processing pipeline (Fig.  1): (1) a predictive modeling system for main-
tenance variables, (2) a priority scoring mechanism for service urgency 
quantification, and (3) a routing optimization algorithm for resource al-
location. Unlike traditional approaches that treat these elements as iso-
lated processes, our framework establishes relationships between com-
ponents, allowing for data-driven optimization for improved resource 
allocation efficiency.

The framework operates through a sequential yet interconnected 
workflow. First, the Predictive Modeling component forecasts key 
maintenance variables (labor costs, service durations, spare parts costs, 
and Service Meter Unit readings). These predictions, particularly SMU 
forecasts directly feed into the Priority Scoring component, which 
quantifies service urgency using multiple operational indicators, as well 
as incorporating predicted SMU values for a future outlook on prioriti-
zation. These scores then serve as weighted inputs to the Routing Op-
timization component, which employs k-means clustering and priority-
based greedy construction to generate initial routes, subsequently re-
fined using advanced heuristic techniques including a novel adaptation 
of self organizing maps (SOM). Our key contributions include:

1. A flexible priority scoring system adaptable to business objec-
tives, eliminating the need for machine health metrics.

2. Accurate predictive models for key maintenance variables, inte-
grating SMU forecasts into priority scoring.

3. A MILP formulation of MDCVRP integrating priority-based rout-
ing with heuristic techniques.

4. To the best of our knowledge, this represents one of the first 
adaptations of Self-Organizing Maps (SOM) to MDCVRP in main-
tenance routing.
2 
5. Validation with real-world data, demonstrating performance im-
provements over industry practices.

The paper is structured as follows: Section 2 reviews related work. 
Section 3 details the priority scoring system. Section 4 discusses predic-
tive modeling. Section 5 presents the routing approach. Section 6 ex-
plores practical implications, limitations, and future research. Section 7 
concludes the study.

2. Literature review

This section reviews recent advancements in predictive mainte-
nance, prioritization strategies, and vehicle routing problems in main-
tenance scheduling. By identifying research gaps, we establish the 
foundation for our integrated approach.

2.1. Data-driven approaches and predictive maintenance

The construction industry is gradually adopting data-driven main-
tenance to replace traditional fixed-interval schedules. Abioye et al. 
(2021) emphasize AI’s potential to improve reliability and efficiency, 
though adoption remains slow due to fragmented data, lack of stan-
dardization, and organizational resistance (Chen & Ying, 2022). IoT and 
big data analytics have shown promise, as demonstrated by Him et al. 
(2019), who developed an IoT-based predictive maintenance system 
that reduced downtime. Predictive modeling enhances maintenance ef-
ficiency, with Cheng et al. (2020) integrating BIM and IoT for real-time 
condition monitoring.

Zhao et al. (2022) introduced a deep learning method for estimating 
the remaining useful life (RUL) of equipment, outperforming RNN and 
LSTM. Wang et al. (2024) further advanced this approach by develop-
ing multi-objective predictive maintenance models that integrate RUL 
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prediction with maintenance scheduling, using a deep learning ensem-
ble (CNN-BiLSTM) and mixed-integer linear programming to achieve 
over 40% reduction in both maintenance time and costs. Digital twins 
further advance predictive maintenance, with Joe Opoku and Zeeshan 
(2021) highlighting their ability to create virtual representations of 
assets for optimized interventions, though challenges remain in data 
integration and model accuracy.

2.2. Vehicle routing problems in maintenance

Optimizing maintenance technician routing is often modeled as a 
Multi-Depot Capacitated Vehicle Routing Problem (MDCVRP). Montoya-
Torres et al. (2015) reviewed MDCVRP variants, while Harikrishnaku-
mar et al. (2020) applied quantum annealing to improve computational 
efficiency. López-Santana et al. (2016) developed a Combined Mainte-
nance and Routing (CMR) model integrating preventive maintenance 
with routing optimization.

Machine learning further improves maintenance routing, as seen 
in Biteus and Lindgren (2017), which linked predictive modeling with 
operational planning. Zhang et al. (2020) employed multi-agent re-
inforcement learning for time-sensitive routing. López-Santana et al. 
(2023) combined preventive maintenance with technician routing op-
timization, balancing costs and failure probabilities. Toru and Yilmaz 
(2023) formulated an MDVRPTW model optimizing maintenance ser-
vice schedules, while Jbili et al. (2018) integrated vehicle routing with 
maintenance planning for long-distance transportation.

Table  1 synthesizes the maintenance optimization literature, show-
ing that existing approaches address components in isolation or achieve 
only partial integration. The predictive maintenance stream, as ob-
served by Cheng et al. (2020) and Zhao et al. (2022), focuses on 
equipment monitoring and failure prediction but neglects the spa-
tial routing challenges inherent in distributed maintenance operations. 
Conversely, the routing optimization stream, including Toru and Yilmaz 
(2023) and Jbili et al. (2018), treats maintenance requirements as 
static inputs rather than dynamically predicted variables. While Wang 
et al. (2024) successfully combines RUL prediction with maintenance 
scheduling for aircraft engines, their approach addresses only depot 
assignment without explicit routing sequences between service loca-
tions. Similarly, López-Santana et al. (2023) integrates routing with 
predictive maintenance planning but embeds priority merely as an 
opportunity-cost term rather than developing a comprehensive scoring 
system, and relies on synthetic data for validation.

Our study bridges these gaps by developing an integrated frame-
work that combines multi-factor priority scoring, predictive analytics 
for multiple maintenance variables and routing optimization through 
a novel SOM adaptation to MDCVRP. Unlike approaches requiring 
specialized IoT infrastructure, our method leverages readily available 
operational data, making it accessible to typical construction firms 
while allowing for fast optimization for urgent scheduling needs. This 
integration, validated with actual construction company data, repre-
sents a theoretical contribution and a practical solution for an industry 
that has historically lagged in digital transformation. Our integrated 
approach, detailed in the following sections, operationalizes this frame-
work through specific methodological innovations. With this research 
landscape established, we now present our priority scoring framework 
that forms the foundation of our integrated approach.

3. Priority scoring framework

This section introduces a priority scoring system that incorporates 
multiple factors beyond traditional metrics. We first review current 
industry practices and then present our new prioritization approach.
3 
3.1. Maintenance practices in heavy construction equipment

Maintenance in the construction industry is typically scheduled 
based on Service Meter Unit (SMU) readings, with preventive main-
tenance performed at 500 SMU intervals based on manufacturer rec-
ommendations and industry experience. Standard metrics used to track 
adherence include:

• Relative Pass (RP): A binary metric indicating whether mainte-
nance occurs within ±50 SMU of the expected relative interval.

• Absolute Pass (AP): A binary metric indicating whether main-
tenance aligns with specific SMU milestones within a ±50 SMU 
tolerance.

• Best Case Pass (BCP): Assigned 1 if either RP or AP is achieved, 
0 otherwise.

While these binary metrics are easy to implement, they lack nuance, 
failing to account for machine criticality, operational constraints, or 
predictive insights.

3.2. Priority score formulation

To address these limitations, we propose a continuous priority 
score incorporating multiple operational factors. To ensure balanced 
contribution from all components despite their different natural scales, 
we apply min–max normalization to each component before calculating 
priority scores. For each component 𝑋 ∈ {RPI, HPI, APS, PMU}, we 
compute the normalization using only the training window or current 
scheduling horizon to avoid data leakage: 

𝑋̃𝑚 =

⎧

⎪

⎨

⎪

⎩

𝑋𝑚−min𝑡𝑟𝑎𝑖𝑛𝑖𝑛𝑔 𝑋
max𝑡𝑟𝑎𝑖𝑛𝑖𝑛𝑔 𝑋−min𝑡𝑟𝑎𝑖𝑛𝑖𝑛𝑔 𝑋

if max𝑡𝑟𝑎𝑖𝑛𝑖𝑛𝑔 𝑋 ≠ min𝑡𝑟𝑎𝑖𝑛𝑖𝑛𝑔 𝑋

0 otherwise.
(1)

Note that when all values in a component are identical (e.g., all 
machines have the same score), we set the normalized value to 0 to 
avoid division by zero. The NCSS and BES components are already 
scaled to [0,1] through their definitions and are thus excluded from 
this additional normalization step. The normalized priority score is then 
calculated as: 
PS𝑚 = 𝑊1 ⋅ ̃RPI𝑚 +𝑊2 ⋅ ̃HPI𝑚 +𝑊3 ⋅NCSS𝑚 +𝑊4 ⋅ ̃APS𝑚 +𝑊5 ⋅ BES𝑚, (2)

where PS𝑚 is the priority score for machine 𝑚, and the weights 𝑊𝑖 are 
constrained by ∑5

𝑖=1 𝑊𝑖 = 1. Each component of this formula is designed 
to capture a specific aspect of maintenance prioritization.

3.2.1. Recent and historical performance components

RPI𝑚 = max(0.8 − Recent PM accuracy ratio𝑚, 0). (3)

The Recent PM Impact (RPI) component provides a short-term view of 
the machine’s recent maintenance performance, where the Recent PM 
accuracy ratio is calculated as the proportion of the last 3 preventive 
maintenance services that met the pass criteria (within ±50 SMU of 
target). Using a continuous scale rather than binary pass/fail metrics, 
this component can differentiate between machines with varying de-
grees of maintenance timeliness. The threshold of 0.8 represents an 
80% accuracy target, aligning with common industry standards while 
allowing for some flexibility. 
HPI𝑚 = max(0.8 −Historical PM accuracy ratio𝑚, 0). (4)

Similarly, the Historical PM Impact (HPI) quantifies long-term main-
tenance compliance, where the Historical PM accuracy ratio repre-
sents the proportion of all preventive maintenance services in the 
past 12 months that met the pass criteria. The parallel structure be-
tween RPI and HPI allows the model to balance immediate and long-
term maintenance patterns, both calibrated to the same 80% accuracy 
threshold.
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Table 1
Comparison of maintenance optimization approaches in the literature.
 Study Core components Implementation features Integration Domain  
 Priority Prediction Routing IoT-free Real-time Real data level  
 Cheng et al. (2020) × ✓ × × ✓ ✓ Low Building  
 Zhao et al. (2022) × ✓ × ✓ × ✓ Low Equipment  
 Wang et al. (2024) Partiald ✓ Partiala ✓ × ✓ Medium Aircraft  
 da Silva et al. (2021) ✓ × × ✓ × ✓ Low General  
 López-Santana et al. (2016) × × ✓ ✓ × × Low General  
 López-Santana et al. (2023) Partialb ✓ ✓ ✓ × × Medium General  
 Toru and Yilmaz (2023) × × ✓ ✓ × × Low Service  
 Jbili et al. (2018) × × ✓ ✓ × Partialc Low Transport  
 This study ✓ ✓ ✓ ✓ × ✓ Full Construction 
a ‘‘Partial’’ indicates depot assignment but no explicit travel-routing sequence.
b Priority embedded as opportunity-cost term, not an independent scoring system.
c Validation uses stylized demand calibrated to a single operator’s logbook.
d Priority level generated for each engine but not coupled to a dynamic queueing model.
3.2.2. Customer satisfaction integration

NCSS𝑚 =
maxCS − Average customer satisfaction score𝑚

maxCS −minCS , (5)

where minCS = 1 and maxCS = 10 for a 1–10 survey scale, yielding 
NCSS𝑚 = (10−score𝑚)∕9 ∈ [0, 1]. The Normalized Customer Satisfaction 
Score (NCSS) incorporates the often-overlooked factor of customer 
perception into maintenance prioritization. This component ensures 
that machines associated with less satisfied customers receive a higher 
priority, potentially improving overall service quality and customer re-
lationships. This component is properly normalized to [0,1] through its 
definition and thus excluded from additional min–max normalization.

3.2.3. Operational efficiency metrics

BES𝑚 =
Last labor date𝑚 −WO open date𝑚

max𝑚(Last labor date𝑚 −WO open date𝑚)
. (6)

The Booking Efficiency Score (BES) measures the responsiveness of 
the maintenance process by considering the time between work order 
creation and service completion. This component incentivizes efficient 
scheduling and execution of maintenance tasks, with longer booking 
times resulting in higher priority scores. Like NCSS, BES is already 
normalized to [0,1] through its definition. 

APS𝑚 =
[

1 + max (0,min (Absolute next target𝑚
− SMU𝑚,Relative next target𝑚 − SMU𝑚))

]−1 , (7)

where we clamp negative values (overdue machines) to 0. The APS 
returns 1 (maximum urgency) if either the absolute or relative target is 
overdue (i.e., when either target difference becomes negative); other-
wise, it decays smoothly with the distance to the nearer target. Finally, 
the Average Proximity Score (APS) introduces a forward-looking assess-
ment of maintenance urgency. The inverse relationship between APS 
and the minimum distance to the next maintenance milestone creates 
an urgency indicator that increases as equipment approaches its next 
scheduled service. By considering both absolute and relative targets, 
this component balances adherence to fixed maintenance intervals 
with equipment-specific usage patterns. Note that APS produces values 
in (0,1] and is subsequently min–max normalized along with other 
components for balanced contribution.

Together, these components create a score that captures various 
operational factors, offering a more nuanced approach to maintenance 
prioritization. Later in this paper, we build on this priority score by 
incorporating predictive elements to improve further its effectiveness 
in prioritizing maintenance tasks.
4 
Table 2
Priority score results for 𝑛 = 10 machines with equal component weighting 
(standardized values).
 Machine RPI HPI NCSS APS BES PS Rank 
 𝑚3 1.00 0.67 0.33 1.00 1.00 0.80 1  
 𝑚1 0.00 1.00 0.83 0.49 0.71 0.61 2  
 𝑚7 1.00 0.11 0.33 0.46 0.43 0.47 3  
 𝑚5 1.00 0.78 0.00 0.00 0.29 0.41 4  
 𝑚8 1.00 0.00 0.00 0.70 0.29 0.40 5  
 𝑚6 0.00 0.11 0.67 0.89 0.29 0.39 6  
 𝑚4 0.00 0.33 1.00 0.07 0.14 0.31 7  
 𝑚9 0.00 0.00 0.33 0.93 0.29 0.31 8  
 𝑚10 0.00 0.22 0.00 0.84 0.14 0.24 9  
 𝑚2 0.00 0.00 0.17 0.44 0.00 0.12 10  

3.3. Experimental evaluation and sensitivity analysis

We validate our system using a two-year dataset of ten machines, 
assuming equal weighting (𝑊𝑖 = 0.2 for all 𝑖) to provide a neutral 
starting point for evaluation. Table  2 presents the priority scores, 
ranking Machine 3 highest (0.80), indicating it requires the most 
urgent attention due to poor performance across multiple factors and 
illustrating the system’s ability to balance multiple factors.

In contrast, traditional pass metrics would have treated machines 1, 
4, 6, 9, and 2 identically due to their perfect recent PM accuracy (RPI 
= 0), despite clear differences in other factors. Our system reveals such 
subtleties. For instance, machines 𝑚5 and 𝑚8 achieve similar priority 
scores (0.41 and 0.40) despite having different underlying issues. Both 
show poor recent PM accuracy (RPI=1.00), but Machine 5’s urgency is 
driven by its poor historical record (HPI=0.78), whereas Machine 8’s is 
driven by its proximity to the next service target interval (APS=0.70), 
demonstrating the nuanced discrimination our multi-factor approach 
provides over binary metrics.

To further assess the robustness and flexibility of our priority scor-
ing system, we conduct a sensitivity analysis where we examine four 
distinct scenarios, each emphasizing different operational priorities: PM 
impact focus (𝑊1 = 𝑊2 = 0.35), Customer-centric focus (𝑊3 = 0.6), 
Efficiency focus (𝑊5 = 0.6), and Proximity focus (𝑊4 = 0.6). For 
each scenario, the remaining weight was equally distributed among 
other components. To quantify the sensitivity of machine rankings to 
these weight changes, we introduce a rank volatility metric 𝑉𝑚 for each 
machine 𝑚, as shown in the last column of Table  3: 

𝑉𝑚 =
4
∑

𝑠=1
|𝑟𝑚,𝑠 − 𝑟𝑚,0|, (8)

where 𝑟𝑚,𝑠 represents the rank of machine 𝑚 under scenario 𝑠, and 
𝑟𝑚,0 is the rank under equal weighting. A higher 𝑉𝑚 indicates greater 
sensitivity to weight changes. Table  3 presents the results of this 
analysis.
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Table 3
Sensitivity analysis results: machine rankings under different weighting scenarios.
 Machine Equal weights PM impact Customer-centric Efficiency Proximity 𝑉𝑚 
 𝑚3 1 1 5 1 1 4  
 𝑚1 2 4 1 2 5 6  
 𝑚7 3 2 6 3 3 4  
 𝑚5 4 3 10 4 10 13 
 𝑚8 5 5 9 5 3 6  
 𝑚6 6 10 3 6 2 11 
 𝑚4 7 9 2 8 9 10 
 𝑚9 8 8 7 7 6 4  
 𝑚10 9 7 8 8 7 6  
 𝑚2 10 6 4 10 8 12 
Our analysis revealed several insights. Machines with high priority 
scores maintained a top priority across most scenarios, reflecting the 
model’s ability to identify critical machines consistently. This capabil-
ity is particularly valuable for maintenance planning where address-
ing chronically problematic equipment is important for preventing 
breakdowns.

𝑚5 shows the highest volatility (𝑉𝑚 = 13), moving from 4th place 
with equal weights to 3rd under the PM Impact focus, while dropping 
to 10th under both the Customer-centric and Proximity scenarios. 
This volatility shows the system’s ability to dynamically recalibrate 
priorities in alignment with shifting operational objectives.

The efficiency focus correctly prioritizes machines with booking 
delays (e.g., 𝑚3 maintaining 1st place due to its maximum BES score) 
as the model accounts for process inefficiencies. This scenario could be 
particularly useful in periods of high demand or resource constraints. 
The proximity focus considerably reshuffles the rankings, elevating 
machines like 𝑚6 (from 6th to 2nd) and 𝑚8 (from 5th to 3rd) that are 
approaching their maintenance deadlines.

The average rank volatility across all machines was 7.6, providing 
a balance between weight-induced prioritization shifts and schedul-
ing stability. Unlike binary pass/fail metrics, our scoring framework 
therefore offers three key advantages. It firstly establishes a contin-
uous priority spectrum for finer discrimination between maintenance 
needs. Second, it permits deliberate component reweighting to match 
organizational objectives and lastly, it provides quantifiable metrics for 
resource allocation decisions. This flexibility is particularly valuable 
in construction environments where equipment criticality and resource 
constraints fluctuate throughout operational cycles.

With priority scores established, we next develop predictive models 
to forecast the maintenance variables that inform these priorities.

4. Predictive modeling for maintenance optimization

This section presents our approach to forecasting labor cost, service 
duration, spare parts cost, and Service Meter Unit (SMU) at repair. We 
discuss the first three metrics together due to their shared method-
ological approach and significance in operational planning, while SMU 
prediction is treated separately due to its distinct role in maintenance 
scheduling and integration with priority scoring.

4.1. Dataset description

Our dataset, spanning June 2022 to September 2023, includes over 
10,000 maintenance events with key attributes such as Service Meter 
Unit (SMU), service details, costs, estimated durations, and customer 
information (Table  4).

4.2. Labor cost, service duration and spare parts cost

Accurate forecasts of these variables enhance resource allocation 
and scheduling (Bevilacqua & Braglia, 2000; Muchiri et al., 2011). We 
employ a unified machine learning framework to capture interdepen-
dencies, consisting of data preprocessing, feature engineering, feature 
5 
selection, and model training/evaluation (Algorithm 1). By treating 
these prediction tasks under a unified framework, we aim to capture 
interdependencies and common patterns that might be overlooked in 
isolated analyses (Dekker, 1996). We use expanding window (rolling 
origin) cross-validation to prevent data leakage in our time series 
predictions.

Algorithm 1 High-Level Prediction Methodology
Require: Time series data 𝐗, target variable 𝐲, number of cross-

validation folds 𝑘
Ensure: Optimized model ∗, Predictions 𝐲̂
1: 𝐗clean, 𝐲clean ← PreprocessData(𝐗, 𝐲)
2: 𝐗features ← EngineerFeatures(𝐗clean)
3: 𝐗selected ← SelectFeatures(𝐗features, 𝐲clean)
4: 𝐗train,𝐗test, 𝐲train, 𝐲test ← TrainTestSplit(𝐗selected, 𝐲clean)
5: ∗ ← TrainModels(𝐗train, 𝐲train, 𝑘) ⊳ Using expanding window CV
6: 𝐲̂ ← EvaluateModels(∗,𝐗test, 𝐲test)
7: return ∗, 𝐲̂

The process begins with data preprocessing to ensure data quality 
and suitability for time series analysis. Algorithm 2 details this first 
step.

Algorithm 2 Data Preprocessing
1: procedure PreprocessData(𝐗, 𝐲)
2:  Remove outliers using IQR method
3:  Normalize data: 𝑧 = (𝑥 − 𝜇)∕𝜎
4:  Test stationarity (ADF and KPSS tests)
5:  Apply differencing if non-stationary
6:  return 𝐗clean, 𝐲clean
7: end procedure

This procedure removes outliers using the Interquartile Range (IQR) 
method (Tukey, 1977), normalizes the data, and ensures stationarity 
through testing (ADF Dickey & Fuller, 1979 and KPSS Kwiatkowski 
et al., 1992 tests) and differencing if necessary.

Following preprocessing, we move to feature engineering, an impor-
tant step in capturing temporal patterns and dependencies in the data. 
Algorithm 3 outlines this process.
Algorithm 3 Feature Engineering
1: procedure EngineerFeatures(𝐗)
2:  Create lag features: 𝑥𝑡−1, 𝑥𝑡−2,… , 𝑥𝑡−𝑛
3:  Compute rolling statistics: mean, std, min, max
4:  Generate date-based features: day of week, month, quarter
5:  return 𝐗features
6: end procedure

This procedure generates lag features to capture autoregressive 
patterns, computes rolling statistics to summarize recent trends, and 
creates date-based features to account for seasonal and cyclical pat-
terns (Hyndman & Athanasopoulos, 2018). These engineered features 
provide additional context for the predictive models, potentially im-
proving their accuracy and interpretability.
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Table 4
Key attributes of the maintenance dataset.
 Attribute Description  
 Service call ID Unique identifier for each service call  
 Equipment ID Unique identifier for each piece of equipment  
 SMU Service Meter Unit reading at the time of service  
 SMU last capture date Date of the most recent SMU reading  
 Contract type Type of service contract  
 Last labor date Date when the service was performed  
 Job description Detailed description of the maintenance task  
 Component Specific component serviced or replaced  
 Category Classification of service (e.g., PM at 500, 1000, 1500 SMU) 
 Recorded hours Actual time taken to complete the service  
 Estimated hours Predicted time for service completion  
 Customer details Information about the customer (anonymized)  
 Worker details Information about the service technician(s)  
 Labor cost Actual cost of labor for the service  
 Estimated labor cost Predicted cost of labor before service  
 Spare parts cost Actual cost of spare parts used  
 Estimated spare parts cost Estimated cost of spare parts before service  
With an enriched feature set, we then proceed to feature selection to 
identify the most relevant predictors. Algorithm 4 details this process.
Algorithm 4 Feature Selection
1: procedure SelectFeatures(𝐗, 𝐲)
2:  𝐅lasso ← LassoRegression(𝐗, 𝐲, 𝛼)
3:  𝐅rf ← RandomForestImportance(𝐗, 𝐲)
4:  𝐅step ← StepwiseRegression(𝐗, 𝐲)
5:  𝐗selected ← 𝐅lasso ∩ 𝐅rf ∩ 𝐅step
6:  return 𝐗selected
7: end procedure
This procedure combines Lasso regression (Tibshirani, 1996), Ran-

dom Forest feature importance (Breiman, 2001), and stepwise regres-
sion (Hocking, 1976) to select features. The final set of selected features 
is the intersection of features identified as important by all three 
methods, ensuring a thorough selection process.

With our data prepared and features selected, we move to the core 
of our methodology: model training and optimization. Algorithm 5 
outlines this process.

This procedure trains four different types of models: ARIMA (Box & 
Jenkins, 1970), SARIMAX (Brockwell & Davis, 2002), Prophet (Taylor 
& Letham, 2018), and XGBoost (Chen & Guestrin, 2016). For each 
model type, a grid search with k-fold cross-validation is performed 
to find the optimal hyperparameters (Bergstra & Bengio, 2012). The 
hyperparameter ranges were chosen based on a combination of do-
main knowledge, literature recommendations (Januschowski et al., 
2020), and preliminary experiments. This search ensures each model 
is well-tuned to the specific characteristics of our maintenance data.
Algorithm 6 Model Evaluation
1: procedure EvaluateModels(∗,𝐗test, 𝐲test)
2:  for each optimized model 𝑚∗ in ∗ do
3:  𝐲̂𝑚 ← Predict(𝑚∗,𝐗test)
4:  MAPE𝑚 ← 100%

𝑛
∑𝑛

𝑡=1 |
𝑦𝑡−𝑦̂𝑡
𝑦𝑡

|

5:  MSE𝑚 ← 1
𝑛
∑𝑛

𝑡=1(𝑦𝑡 − 𝑦̂𝑡)2

6:  RMSE𝑚 ←
√

MSE𝑚
7:  MAE𝑚 ← 1

𝑛
∑𝑛

𝑡=1 |𝑦𝑡 − 𝑦̂𝑡|
8:  end for
9:  𝑚∗ ← argmin𝑚MAPE𝑚
10:  return 𝐲̂𝑚∗

11: end procedure
Finally, we evaluate the performance of our optimized models on 

the test set, as detailed in Algorithm 6. This procedure computes vari-
ous performance metrics (MAPE, MSE, RMSE, MAE) for each optimized 
model on the test set (Hyndman & Koehler, 2006), as detailed in 
Algorithm 6.
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Algorithm 5 Model Training and Optimization
1: procedure TrainModels(𝐗train, 𝐲train, 𝑘)
2:  𝛩ARIMA ← {
3:  𝑝 ∈ {0, 1, 2, 4, 6},
4:  𝑑 ∈ {0, 1, 2},
5:  𝑞 ∈ {0, 1, 2, 4}
6:  }
7:  𝛩SARIMAX ← {
8:  𝑝 ∈ {0, 1, 2}, 𝑑 ∈ {0, 1}, 𝑞 ∈ {0, 1, 2},
9:  𝑃 ∈ {0, 1}, 𝐷 ∈ {0, 1}, 𝑄 ∈ {0, 1},
10:  𝑚 ∈ {12, 52} ⊳ For monthly and weekly seasonality
11:  }
12:  𝛩Prophet ← {
13:  changepoint_prior_scale ∈ {0.001, 0.01, 0.1, 0.5},
14:  seasonality_prior_scale ∈ {0.01, 0.1, 1.0, 10.0}
15:  }
16:  𝛩XGBoost ← {
17:  max_depth ∈ {3, 6, 10},
18:  learning_rate ∈ {0.01, 0.1, 0.3},
19:  n_estimators ∈ {100, 500, 1000},
20:  min_child_weight ∈ {1, 3, 5}
21:  }
22:  for each model type 𝑚 ∈ {ARIMA, SARIMAX, Prophet, XGBoost}

do
23:  ∗

𝑚 ← GridSearchCV(𝑚,𝛩𝑚,𝐗train, 𝐲train, 𝑘)
24:  end for
25:  return {∗

ARIMA,
∗
SARIMAX,

∗
Prophet,

∗
XGBoost}

26: end procedure

4.2.1. Model performance and comparative analysis
We now turn our attention to the performance of our models in 

forecasting labor costs, service durations, and spare parts costs, and 
compare these results with the company’s existing estimation practices.

The preprocessing stage, as detailed in Algorithm 2, was important 
in preparing our data for analysis. For labor cost, outlier removal 
using the IQR method reduced the maximum value from e60,051.25 to 
e1,272.39. Service duration data initially deviated from normality but 
achieved a normal distribution after outlier removal (Shapiro–Wilk test, 
𝑝-value: 0.1514), while spare parts cost required log transformation to 
address its right-skewed distribution.

Time series decomposition and feature engineering, following Algo-
rithm 3, showed distinct patterns for each prediction target. Labor cost 
showed a downward trend with regular monthly fluctuations, service 
duration fluctuated between 250-500 min with a notable decline near 
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Table 5
Performance metrics for prediction models across all tasks.
 Target variable Model MSE MAE RMSE Train MAPE (%) Test MAPE (%) 
 
Labor Cost

SARIMAX 2,849,401.33 1,329.40 1,687.40 2.73 4.24  
 Prophet 25,477,421.97 4,498.90 5,047.53 13.26 15.82  
 ARIMA 34,951,850.46 4,288.39 5,911.17 12.14 13.99  
 Baseline 52,555,250.85 6,583.39 7,249.42 – 22.01  
 
Service Duration

SARIMAX 5,268.04 56.75 68.93 7.48 9.32  
 Prophet 5,537.80 57.42 73.28 15.71 18.04  
 XGBoost 7,007.89 58.81 78.68 26.92 30.79  
 Baseline 16,302.74 112.04 126.79 – 37.76  
 
Spare Parts Cost

SARIMAX 15,624.32 98.56 125.00 10.68 12.45  
 Prophet 18,769.01 107.23 137.00 12.91 14.87  
 XGBoost 20,164.49 110.89 142.00 13.27 16.32  
 Baseline 42,436.81 162.34 206.00 – 28.76  
Fig. 2. Comparison of observed labor costs with forecasts from ARIMA, Prophet, SARIMAX models, and company estimates from June 2023 onwards.
the observation period’s end, and spare parts cost displayed cyclical 
patterns aligning with maintenance intervals.

Feature selection, implemented as per Algorithm 4, identified key 
predictors for each task. For labor cost, estimated and actual spare parts 
costs were most significant. Service duration was strongly influenced 
by the number of workers and estimated spare parts cost. Spare parts 
cost prediction relied heavily on equipment age, usage intensity, and 
historical maintenance records.

Table  5 presents the averaged results of the performance metrics for 
ARIMA, SARIMAX, Prophet, and XGBoost models across all five folds 
for the three prediction tasks, compared against the company’s baseline 
estimates.

For labor cost prediction, the SARIMAX model achieved the lowest 
error rates across all metrics, with a MAPE of 4.24%. Prophet and 
ARIMA models also improved upon the baseline estimates, with MAPEs 
of 15.82% and 13.99% respectively, compared to the baseline MAPE of 
22.01%. The train-test MAPE gaps ranging from 1.51 to 3.87 percent-
age points across all models suggest healthy generalization, as they are 
large enough to show the models are not memorizing training data, 
yet small enough to confirm they capture genuine patterns effectively. 
These results were validated using a Wilcoxon signed-rank test on abso-
lute errors (𝑝 < 0.01), confirming statistically significant improvements 
over baseline methods.

Fig.  2 compares model forecasts against actual labor cost values 
from June 2023 onward. SARIMAX closely aligns with observed data, 
confirming its superior accuracy (Table  5), while Prophet captures gen-
eral trends but misses key fluctuations, particularly the decline seen in 
September 2023. ARIMA shows less responsiveness, especially from late 
August onward. Company estimates, while consistently overestimating 
costs, capture some overall patterns, indicating room for refinement but 
lacking precision.

For service duration forecasting, SARIMAX achieved 9.32% MAPE, 
representing a 75.32% error reduction compared to baseline methods 
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(37.76%). Similarly, SARIMAX reduced spare parts cost prediction error 
to 12.45% MAPE, a 56.71% improvement over the baseline (28.76%).

Diagnostic validation confirmed SARIMAX model robustness. Labor 
cost predictions showed standardized residuals within the [−3,3] inter-
val, with normality verified through Q-Q plots, Jarque–Bera test (Jar-
que & Bera, 1980) (𝑝-value: 0.93), and Ljung–Box test (Ljung & Box, 
1978) (𝑝-value: 0.75). Service duration residuals generally ranged from 
−2 to 3, with minor Q-Q plot tail deviations suggesting potential areas 
for model refinement. Spare parts cost residuals showed a similar 
pattern, with slight heteroscedasticity at higher predicted values.

While SARIMAX outperforms traditional estimates, incorporating 
additional features or advanced models (e.g., LSTM, TCN) could fur-
ther capture non-linear dependencies and complex temporal patterns. 
Next, we focus on predicting SMU at repair, leveraging historical 
maintenance patterns to improve scheduling accuracy.

4.3. Predicting the next likely maintenance event

As discussed in Section 3, the heavy construction equipment indus-
try typically schedules maintenance at 500 SMU intervals. However, 
maintaining these intervals within the targeted ±50 SMU range is 
challenging due to operational factors such as variable worksite con-
ditions, operator behaviors, fluctuating project schedules, and equip-
ment availability constraints, which can delay maintenance and impact 
reliability.

We propose a machine learning approach using historical mainte-
nance data to improve maintenance timing predictions. This method 
captures individual excavator maintenance patterns without requiring 
additional machine health data, relying solely on past service records, 
yet still showing high accuracy.

Since SMU values naturally increase over time, a simple linear 
regression model for each machine can predict the next maintenance 
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Fig. 3. Example of a linear regression model fitted to a single machine’s 
historical maintenance data.

SMU based on historical trends. Fig.  3 illustrates such a model applied 
to a single machine.

The next three predicted values, shown as green crosses, are 13,105, 
13,662, and 14,219. To meet pass metrics targets, these SMU values 
should remain within ±50 SMU of 500 intervals. However, the forecasts 
from Fig.  3 result in AP scores of 0, 0, and 0, respectively.

While the regression model reflects historical maintenance perfor-
mance, it may not be useful for planning, as service companies need 
to know when and at which SMU maintenance should occur to meet 
targets and minimize downtime. Additionally, service targets based 
on AP, RP, and BCP metrics impact yearly performance and budgets. 
This creates a trade-off where models accurately reflecting historical 
patterns may perpetuate suboptimal maintenance timing rather than 
guiding improvement. Optimizing AP increases interval adherence but 
can worsen RP (or vice-versa); we target a balanced improvement 
measured by BCP.

To address this, we implement a custom loss function that penalizes 
predictions deviating from the 500 SMU target, with higher penalties 
for deviations beyond ±50 SMU. This aligns predictions with desired 
maintenance intervals, improving target achievement. The custom loss 
function is defined in Algorithm 4.3.
Algorithm 7 Custom Loss Function for SMU Prediction
1: Input: True SMU values 𝐲, Predicted SMU values 𝐲̂
2: Output: Custom loss value
3: for each 𝑖 in {1, 2,… , 𝑁} do
4:  Compute the next nearest multiple of 500 for 𝑦̂𝑖: 𝑛𝑒𝑎𝑟𝑒𝑠𝑡_500𝑖 =

500 × round(𝑦̂𝑖∕500)
5:  Compute the deviation: 𝑑𝑒𝑣𝑖𝑎𝑡𝑖𝑜𝑛𝑖 = |𝑦̂𝑖 − 𝑛𝑒𝑎𝑟𝑒𝑠𝑡_500𝑖|
6:  if 𝑑𝑒𝑣𝑖𝑎𝑡𝑖𝑜𝑛𝑖 > 50 then
7:  Compute the penalty: 𝑝𝑒𝑛𝑎𝑙𝑡𝑦𝑖 = (𝑑𝑒𝑣𝑖𝑎𝑡𝑖𝑜𝑛𝑖 − 50)3

8:  else
9:  𝑝𝑒𝑛𝑎𝑙𝑡𝑦𝑖 = 0
10:  end if
11: end for
12: Compute the custom loss: 𝐿𝑜𝑠𝑠 = 1

𝑁
∑𝑁

𝑖=1 𝑝𝑒𝑛𝑎𝑙𝑡𝑦𝑖
13: Return: 𝐿𝑜𝑠𝑠

The function calculates the deviation of the predicted SMU from 
the nearest multiple of 500 using round-to-nearest (0.5 up) conven-
tion. No penalty is applied within ±50 SMU, while a cubic penalty 
is imposed beyond this range. This ensures small deviations receive 
modest penalties while larger discrepancies face exponentially increas-
ing penalties, reflecting the rising risks and costs of poorly timed 
maintenance. The final loss is computed as the mean of these penalties 
across all data points, guiding model training to better align with the 
desired maintenance schedule.
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Table 6
Performance comparison of SMU prediction models.
 Model RMSE MAE AP Success RP Success BCP success 
 Observed – – 40% 40% 50%  
 ARIMA 152.6 118.3 20% 90% 90%  
 Average Slope 147.2 112.5 30% 80% 80%  
 Linear Regression 165.8 129.7 20% 90% 90%  
 LightGBM 89.4 67.2 60% 70% 90%  
 LSTM 93.7 71.5 60% 40% 70%  

We integrate the custom loss function into LightGBM and LSTM 
architectures, due to their ability to capture complex temporal patterns 
while accommodating custom training objectives.

For comparison, we include three additional models: ARIMA, Aver-
age Slope Projection, and Linear Regression with time features. ARIMA 
handles time series data, Average Slope Projection serves as a baseline 
using average SMU change, and Linear Regression incorporates tempo-
ral features like day of the week and elapsed time. We use an 80/20 
train-test split, with results in Fig.  4 from the test set.

The left plot in Fig.  4 shows observed vs. predicted SMU values, 
though overlapping predictions make model comparison difficult. The 
right plot highlights deviations over time, revealing an underestimation 
in August 2023 across all models, likely due to unexpected machine 
usage or maintenance patterns. ARIMA and Average Slope Projection 
produce similar results, initially accurate but overestimating SMU by 
late 2023.

The Linear Regression model initially deviates by up to −300 SMU, 
struggling with early temporal patterns but improving over time. Light-
GBM and LSTM, incorporating the custom loss function, perform simi-
larly, with small initial deviations (∼50 SMU) and a dip in August 2023, 
but with improved accuracy by early 2024.

While these forecasts show prediction accuracy, they do not indicate 
when maintenance should occur to meet pass metrics, reinforcing the 
need for the custom loss function. Table  6 compares models based 
on traditional error metrics (RMSE, MAE) and maintenance-specific 
success rates (AP, RP, BCP).

The LightGBM and LSTM models, incorporating the custom loss 
function, achieve the lowest RMSE and MAE values while attaining the 
highest AP success rate (60%), compared to 40% in the observed data. 
This suggests the custom loss function effectively aligns predictions 
with the ideal 500 SMU intervals. In contrast, ARIMA and Linear 
Regression show lower AP performance (20%), indicating difficulty in 
meeting absolute interval targets.

The RP metric, which measures maintenance within the ±50 SMU 
tolerance, highlights different model strengths. ARIMA and Linear Re-
gression achieve 90% RP success (vs. 40% observed), benefiting from 
stable SMU interval changes despite lower absolute accuracy. The 
Average Slope method follows with 80%, LightGBM with 70%, and 
LSTM with 40%, despite its strong AP performance.

For the BCP metric, which considers either AP or RP success, 
ARIMA, Linear Regression, and LightGBM achieve 90% success (vs. 
50% observed). The Average Slope method follows with 80%, while 
LSTM reaches 70%, indicating that different error profiles can still lead 
to similar scheduling success.

These findings give insight into trade-offs between prediction accu-
racy and maintenance scheduling. LightGBM balances low error metrics 
with high success rates, making it a strong overall choice. However, if 
precise SMU predictions are the priority, LightGBM or LSTM may be 
preferred. At the same time, ARIMA or Linear Regression may be better 
suited for maintaining consistent relative intervals despite higher RMSE 
and MAE values.
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Fig. 4. The left plot shows the observed versus predicted SMU values for different models for a single machine. The right plot shows the difference of the observed 
and predicted for different models over time.
4.3.1. Incorporation of SMU predictions into priority score
Building on the SMU prediction models from the previous sec-

tion, we now integrate these forecasts into the priority scoring system 
established in Section 3.2. This integration creates a forward-looking di-
mension that enhances scoring accuracy by considering both historical 
performance patterns and projected maintenance needs.

We formalize this approach by introducing the predicted mainte-
nance urgency (PMU) metric, which quantifies the temporal proximity 
to the next predicted maintenance event. Let SMUpred be the predicted 
next maintenance SMU and SMUcurr the current SMU. The PMU is 
computed using an exponential decay function that peaks at 1 when the 
machine is at its predicted maintenance point and decreases smoothly 
as the machine moves away from that point: 

PMU = exp
(

−
|SMUpred − SMUcurr|

𝑐

)

, (9)

where 𝑐 controls the decay rate. We set 𝑐 = 500 to align with the 
standard 500-SMU maintenance interval. This function ensures PMU = 
1 at the predicted maintenance point (SMUcurr = SMUpred) and decays 
symmetrically for machines that are either approaching or have passed 
their maintenance point.

It is important to note that APS measures closeness to the next fixed 
manufacturer-specified interval, while PMU reflects proximity to the 
model-predicted maintenance event. We retain both components to bal-
ance adherence to manufacturer intervals with data-inferred operating 
cadence. In our experiments, we set both weights equally (𝑊4 = 𝑊6 =
0.167) with the remaining weights distributed uniformly among other 
components, though these can be adjusted based on organizational 
priorities.

Building on Eq.  (2), we incorporate PMU into the updated priority 
score: 
PS𝑚 =𝑊1 ⋅ ̃RPI𝑚 +𝑊2 ⋅ ̃HPI𝑚+

𝑊3 ⋅ NCSS𝑚 +𝑊4 ⋅ ̃APS𝑚+
𝑊5 ⋅ BES𝑚 +𝑊6 ⋅ ̃PMU𝑚,

(10)

where 𝑊6 represents the weight assigned to the PMU component. The 
choice of 𝑊6 should reflect the importance of the predicted mainte-
nance urgency relative to the other components where the ∑𝑊𝑛 =
1.
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Table 7
Comparative analysis of priority scores across ten machines.
 Machine SMUcurr SMUpred SMUactual PSorig PSpred 
 1 8,523 8,800 9,015 0.35 0.42  
 2 12,342 12,620 12,754 0.27 0.33  
 3 6,789 7,075 7,098 0.42 0.47  
 4 10,054 10,250 10,503 0.30 0.36  
 5 9,204 9,970 9,712 0.33 0.40  
 6 11,598 12,020 12,043 0.29 0.34  
 7 8,802 9,160 9,306 0.36 0.41  
 8 7,612 8,230 8,109 0.38 0.43  
 9 10,245 10,370 10,689 0.31 0.38  
 10 11,010 11,730 11,543 0.32 0.37  

To assess the impact of SMU predictions, we compare the original 
(PSorig) and updated (PSpred) priority scores using the dataset from 
Section 3.3. We introduce the Predictive Maintenance Improvement 
(PMI) metric to quantify predictive accuracy: 

PMI = 1
𝑁

𝑁
∑

𝑖=1

(

|SMUactual,𝑖 − SMUpred|
|SMUactual,𝑖 − SMUcurr|

− 1
)

, (11)

where SMUactual,𝑖 is the actual maintenance SMU for machine 𝑖. Nega-
tive PMI values indicate improvement over the naive baseline, with the 
magnitude representing percentage reduction in prediction error. Table 
7 presents the results of the comparative analysis for a sample of ten 
machines.

The PMI value calculated from the data in Table  7 is −0.644, 
indicating a 64.4% improvement in predictive capability for these 
ten evaluation machines, suggesting that the updated priority scores 
(PSpred) are more effective in anticipating future maintenance needs 
compared to the original scores (PSorig).

To further validate the statistical significance of the improvement, 
we perform a paired t-test on the absolute deviations between the 
predicted and actual maintenance events for both the original and 
updated priority scores. The null hypothesis (𝐻0) states that there is 
no significant difference in the mean absolute deviations, while the 
alternative hypothesis (𝐻1) states that the mean absolute deviation is 
significantly lower for the updated priority scores.
𝐻 ∶ 𝜇 − 𝜇 = 0,
0 orig pred
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𝐻1 ∶ 𝜇orig − 𝜇pred > 0.

The paired t-test resulted in a t-statistic of 10.41 and a one-sided 𝑝-
value of approximately 1.28×10−6, indicating strong evidence to reject 
the null hypothesis in favor of the alternative. This result confirms that 
the incorporation of SMU predictions into the priority scoring system 
leads to a statistically significant improvement in predicting future 
maintenance needs.

Having developed accurate predictions for maintenance require-
ments, we now address the challenge of optimally routing technicians 
to service locations.

5. Routing model

While accurate prediction of maintenance requirements including 
labor costs, service duration, spare parts costs, and service urgency 
forms the foundation of optimization, efficient workforce deployment 
remains a critical challenge for service companies managing geographi-
cally dispersed equipment fleets. Strategic routing of maintenance tech-
nicians reduces travel time, minimizes equipment downtime, improves 
response rates, and ensures compliance with service level agreements.

This section introduces a routing optimization framework that lever-
ages optimization and heuristic approaches, including a neural network 
method not previously applied to maintenance routing problems. The 
model incorporates the predictive insights developed in earlier sec-
tions to enhance personnel allocation and scheduling decisions, thereby 
reducing operational costs while ensuring timely service delivery.

5.1. Problem definition

The maintenance routing problem involves efficiently scheduling 
technicians who begin and end their workdays at home locations 
while servicing multiple geographically dispersed equipment sites. This 
operational challenge requires minimizing total time (both travel and 
service) while respecting shift duration constraints. We therefore model 
this as a Multi-Depot Capacitated Vehicle Routing Problem (MDCVRP), 
where technicians’ homes function as depots, service locations repre-
sent customers, and shift durations constitute capacity constraints.

Fig.  5 illustrates an example MDCVRP solution for heavy equip-
ment maintenance. Hexagons (𝐷𝑖) represent mechanics’ homes (de-
pots), squares (𝑀𝑗) denote machine locations (customers), and colored 
routes indicate different mechanics’ paths. Service times (𝑠𝑗) and travel 
times (𝑑𝑖𝑗) are displayed along routes, reflecting maintenance duration 
and travel constraints.

To illustrate a solution, consider Mechanic 1’s route (blue). Starting 
at depot 𝐷1, the mechanic travels to 𝑀1 (𝑑𝐷1,1 = 49 min), performs 
maintenance for 𝑠1 = 81 min, then proceeds to 𝑀2 (𝑑1,2 = 67 min, 
𝑠2 = 44 min) and 𝑀3 (𝑑2,3 = 45 min, 𝑠3 = 101 min), before returning to 
𝐷1 (𝑑3,𝐷1 = 33 min). The total route time (𝑇1) is 420 min, with 194 min 
of travel and 226 min of service. Similarly, Mechanic 2 (orange) visits 
𝑀4 and 𝑀5, completing a 354-minute route (𝑇2). Mechanic 3 (green) 
services 𝑀6, 𝑀7, and 𝑀8, totaling 404 min (𝑇3).

The MDCVRP minimizes total route time (𝑇1 + 𝑇2 + 𝑇3), including 
travel and service durations, while adhering to shift limits. In this 
example, all routes satisfy this constraint, though Mechanic 3’s route 
approaches the limit. The next subsection formally defines the problem 
and its constraints.

5.2. Mathematical formulation

We formulate the maintenance routing problem as a mixed-integer 
linear programming (MILP) model with priority considerations. Let 
𝑁 = {1, 2,… , 𝑛} be the set of customer locations, and 𝐷 = {𝑛+1,… , 𝑛+
𝑚} be the set of depot locations. Let 𝑉 = {1, 2,… , 𝑣} be the set of 
vehicles (mechanics). Define 𝐴 = {(𝑖, 𝑗) ∶ 𝑖, 𝑗 ∈ 𝑁 ∪𝐷, 𝑖 ≠ 𝑗} as the set 
of all possible arcs. The binary decision variable 𝑥  equals 1 if vehicle 
𝑖𝑗𝑘
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𝑘 travels from node 𝑖 to node 𝑗 in its assigned shift, and 0 otherwise. 
The binary decision variable 𝑦𝑘 equals 1 if vehicle 𝑘 is used, and 0 
otherwise. The continuous decision variable 𝑢𝑖𝑘 represents the position 
of customer 𝑖 in the route of vehicle 𝑘 (per-vehicle MTZ formulation). 
The parameters of the model are as follows:

• 𝑑𝑖𝑗 ≥ 0: travel time from node 𝑖 to node 𝑗, ∀(𝑖, 𝑗) ∈ 𝐴
• 𝑠𝑖 ≥ 0: service time at node 𝑖, ∀𝑖 ∈ 𝑁 (with 𝑠𝑗 = 0 for depots 
𝑗 ∈ 𝐷)

• 𝑇𝑖𝑗 = 𝑑𝑖𝑗 + 𝑠𝑗 : total time (travel plus service at destination) from 
node 𝑖 to node 𝑗, ∀(𝑖, 𝑗) ∈ 𝐴

• 𝑀 > 0: maximum working hours for each vehicle (shift duration)
• 𝑑𝑒𝑝𝑜𝑡(𝑘) ∈ 𝐷: the assigned depot for vehicle 𝑘, ∀𝑘 ∈ 𝑉
• 𝑝𝑖 ∈ [0, 1]: normalized priority score of customer 𝑖 for 𝑖 ∈ 𝑁 , with 
𝑝𝑗 = 0 for depots 𝑗 ∈ 𝐷

• 𝜆 ∈ [0, 1]: weighting factor for priority scores (dimensionless, kept 
modest to ensure (𝑇𝑖𝑗 − 𝜆𝑝𝑗 ) > 0)

• 𝑃𝑚𝑖𝑛 > 0: minimum sum of priority scores per route

The MDCVRP can be formulated as follows:
min

∑

(𝑖,𝑗)∈𝐴

∑

𝑘∈𝑉
(𝑇𝑖𝑗 − 𝜆𝑝𝑗 )𝑥𝑖𝑗𝑘 (12)

s.t.
∑

𝑗∈𝑁∪𝐷

∑

𝑘∈𝑉
𝑥𝑖𝑗𝑘 = 1, ∀𝑖 ∈ 𝑁 (13)

∑

𝑗∈𝑁∪𝐷
𝑥𝑜𝑗𝑘 =

∑

𝑖∈𝑁∪𝐷
𝑥𝑖𝑜𝑘 = 𝑦𝑘, ∀𝑘 ∈ 𝑉 , 𝑜 = 𝑑𝑒𝑝𝑜𝑡(𝑘) (14)

∑

𝑖∈𝑁∪𝐷
𝑥𝑖𝑗𝑘 −

∑

𝑖∈𝑁∪𝐷
𝑥𝑗𝑖𝑘 = 0, ∀𝑗 ∈ 𝑁, 𝑘 ∈ 𝑉 (15)

𝑢𝑖𝑘 − 𝑢𝑗𝑘 + |𝑁| 𝑥𝑖𝑗𝑘 ≤ |𝑁| − 1, ∀𝑖, 𝑗 ∈ 𝑁, 𝑖 ≠ 𝑗, 𝑘 ∈ 𝑉 (16)

𝑢𝑖𝑘 ≤ |𝑁|

∑

𝑗∈𝑁∪𝐷
𝑥𝑖𝑗𝑘, ∀𝑖 ∈ 𝑁, 𝑘 ∈ 𝑉 (17)

𝑢𝑖𝑘 ≥
∑

𝑗∈𝑁∪𝐷
𝑥𝑖𝑗𝑘, ∀𝑖 ∈ 𝑁, 𝑘 ∈ 𝑉 (18)

∑

(𝑖,𝑗)∈𝐴
𝑇𝑖𝑗𝑥𝑖𝑗𝑘 ≤ 𝑀𝑦𝑘, ∀𝑘 ∈ 𝑉 (19)

𝑥𝑖𝑗𝑘 ≤ 𝑦𝑘, ∀(𝑖, 𝑗) ∈ 𝐴, 𝑘 ∈ 𝑉 (20)

𝑥𝑖𝑗𝑘 = 0, ∀𝑖, 𝑗 ∈ 𝐷, 𝑖 ≠ 𝑗, 𝑘 ∈ 𝑉 (21)
∑

𝑗∈𝑁
𝑥𝑑𝑗𝑘 = 0, ∀𝑘 ∈ 𝑉 , ∀𝑑 ∈ 𝐷 ⧵ {𝑑𝑒𝑝𝑜𝑡(𝑘)} (22)

∑

𝑖∈𝑁
𝑥𝑖𝑑𝑘 = 0, ∀𝑘 ∈ 𝑉 , ∀𝑑 ∈ 𝐷 ⧵ {𝑑𝑒𝑝𝑜𝑡(𝑘)} (23)

∑

𝑗∈𝑁∪𝐷
𝑥𝑖𝑗𝑘 ≤ 1, ∀𝑖 ∈ 𝑁 ∪𝐷, 𝑘 ∈ 𝑉 (24)

∑

𝑖∈𝑁∪𝐷
𝑥𝑖𝑗𝑘 ≤ 1, ∀𝑗 ∈ 𝑁 ∪𝐷, 𝑘 ∈ 𝑉 (25)

∑

𝑖∈𝑁
𝑝𝑖

∑

𝑗∈𝑁∪𝐷
𝑥𝑖𝑗𝑘 ≥ 𝑃𝑚𝑖𝑛𝑦𝑘, ∀𝑘 ∈ 𝑉 (26)

𝑥𝑖𝑗𝑘 ∈ {0, 1}, ∀(𝑖, 𝑗) ∈ 𝐴, 𝑘 ∈ 𝑉 (27)

𝑦𝑘 ∈ {0, 1}, ∀𝑘 ∈ 𝑉 (28)

0 ≤ 𝑢𝑖𝑘 ≤ |𝑁|, ∀𝑖 ∈ 𝑁, 𝑘 ∈ 𝑉 (29)

The objective function (12) minimizes the total route time while 
incorporating machine priority scores through a weighted approach. 
The term 𝑇𝑖𝑗 represents the combined travel and service time between 
nodes (with service time counted at the destination), while 𝜆𝑝𝑗 adjusts 
for priority, effectively reducing the perceived cost of visiting high-
priority machine 𝑗 (not leaving machine 𝑖). Since 𝑝𝑗 ∈ [0, 1] after 
normalization (with 𝑝𝑗 = 0 for depots), the parameter 𝜆 ∈ [0, 1]
controls the relative importance of priority versus time minimization 
while ensuring (𝑇𝑖𝑗 − 𝜆𝑝𝑗 ) > 0 for all arcs. In our main experiments, we 
use 𝜆 = 0.4 based on the sensitivity analysis presented in Section 5.3.2.
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Fig. 5. Illustration of an MDCVRP for heavy equipment maintenance. The figure shows three depots (𝐷𝑖), each servicing nearby machines (𝑀𝑗) with service 
times (𝑠𝑗) and travel times (𝑑𝑖𝑗). Example solution for three mechanics are displayed, each with their total route time (𝑇𝑘).
Constraint set (13) ensures each customer is visited exactly once. 
Constraint set (14) enforces that each vehicle departs from and returns 
to its assigned depot 𝑑𝑒𝑝𝑜𝑡(𝑘). Constraint set (15) maintains route con-
tinuity by ensuring each vehicle exiting a customer node also re-enters 
it. To prevent infeasible routes, constraint set (16) applies the Miller–
Tucker–Zemlin (MTZ) formulation with per-vehicle position variables 
𝑢𝑖𝑘, ensuring proper sequencing within each vehicle’s route. Constraint 
set (17) links these position variables to the routing decisions, and 
(18) strengthens the link by forcing 𝑢𝑖𝑘 to be strictly positive whenever 
customer 𝑖 is served by vehicle 𝑘 (and zero otherwise). Constraint set 
(19) limits total route time (𝑇𝑖𝑗) to the predefined shift duration 𝑀 , 
aligning with the 𝑇𝑘 values in the problem definition. Constraint sets 
(22)–(23) disallow visits to depots other than a vehicle’s assigned depot, 
preventing detours through non-assigned depots.

Additional constraints enforce feasibility: (20) links arc usage (𝑥𝑖𝑗𝑘) 
with vehicle usage (𝑦𝑘), ensuring only active vehicles traverse arcs; (21) 
prevents direct travel between depots; (24) and (25) enforce that each 
node has at most one outgoing and one incoming arc per vehicle. To 
ensure priority balance, constraint set (26) requires that each vehicle’s 
served customers meet a minimum sum of priority scores 𝑃𝑚𝑖𝑛, which 
enforces a minimum total priority workload per route rather than an 
average. Finally, (27) and (28) define the binary nature of decision 
variables 𝑥𝑖𝑗𝑘 and 𝑦𝑘, while (29) sets bounds for auxiliary variables 𝑢𝑖𝑘
in subtour elimination.

5.3. Solution approach

Solving the MDCVRP to optimality using exact methods is compu-
tationally challenging due to its NP-hard nature (Milan et al., 2017). 
The problem’s complexity grows exponentially with instance size, mak-
ing exact methods impractical for real-world maintenance scheduling 
scenarios. To address this limitation, we propose a heuristic-based 
solution framework that efficiently generates high-quality routes while 
incorporating priority information from our predictive models.

Our approach implements a modified cluster-first, route-second 
(CFRS) strategy that decomposes the original problem into manageable 
subproblems. The key innovation lies in integrating priority scores 
throughout both construction and refinement phases, ensuring critical 
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maintenance tasks receive timely service. These priority scores, de-
rived from Eq.  (10), directly incorporate both historical maintenance 
performance metrics and forward-looking SMU predictions, enabling 
maintenance scheduling that aligns with both immediate needs and fu-
ture equipment conditions. Algorithm 8 presents our two-stage solution 
methodology.

Algorithm 8 Modified CFRS approach
Require: Set of mechanics , mechanic capacity 𝑄, set of machines 

 , predicted priority scores  = {𝑝𝑖 ∣ 𝑖 ∈  }, number of clusters 
𝐾

Ensure: Set of routes  for all clusters
1: // Construction Stage
2:  ← KMeansClustering( , 𝐾)
3: for each cluster 𝐶𝑗 ∈  do
4:  𝑅𝑗 ← PriorityGreedyConstruction(𝐶𝑗 ,, 𝑄,)
5: end for
6: // Routing Stage
7:  ← SelectExploitationTechnique(ALNS, 2-OPT, SOM)
8: for each cluster 𝐶𝑗 ∈  do
9:  𝑅𝑗 ← ApplyExploitationTechnique(𝑅𝑗 ,  ,, 𝑄,)
10: end for
11:  ← CombineBestRoutes(, {𝑅𝑗 ∣ 𝐶𝑗 ∈ })
12: return 

In the construction stage, the algorithm partitions machines   into 
𝐾 clusters using KMeansClustering. For each cluster 𝐶𝑗 , PriorityGreedy-
Construction generates initial routes 𝑅𝑗 based on predicted priority 
scores  and mechanic capacity constraints, ensuring high-priority 
machines are served first while balancing workload distribution.

In the routing stage, the initial solution is refined using one of 
three exploitation techniques: Adaptive Large Neighborhood Search 
(ALNS), 2-OPT, or a modified Self-Organizing Maps (SOM) algorithm. 
The user selects a technique via SelectExploitationTechnique, which is 
applied to each cluster’s routes 𝑅𝑗 using ApplyExploitationTechnique, 
considering mechanics , capacity 𝑄, and priority scores  . These 
techniques explore neighborhood structures and local search moves to 
improve routing while maintaining priority constraints, as detailed in 
Section 5.3.2.
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Finally, CombineBestRoutes merges the best-found routes from each 
cluster, producing the final MDCVRP solution . The algorithm returns 
this optimized set of routes as the final output.

5.3.1. Construction stage
In the initial solution construction stage, we use a hybrid approach 

combining k-means clustering and a priority-based greedy insertion 
strategy. K-means clustering partitions machines into geographically 
compact clusters, reducing problem complexity and optimizing routes 
by minimizing inter-cluster travel times and distances.

Within each cluster, the priority-based greedy insertion strategy 
constructs initial routes, prioritizing high-priority machines to reduce 
downtime and maintain productivity. This method considers predicted 
priority scores and mechanic capacity constraints to generate feasi-
ble, optimized routes. The pseudocode for this stage is presented in 
Algorithm 9.
Algorithm 9 Construction Stage
Require: Set of mechanics , mechanic capacity 𝑄, set of customer 

locations  , predicted priority scores  = {𝑝𝑖 ∣ 𝑖 ∈  }, number of 
clusters 𝐾

Ensure: Set of routes  for all clusters
1:  ← ∅
2: Initialize empty clusters: 𝐶1, 𝐶2,… , 𝐶𝐾
3:  ← {𝐶1, 𝐶2,… , 𝐶𝐾}
4: 𝑐𝑒𝑛𝑡𝑟𝑜𝑖𝑑𝑠 ← InitializeCentroids(𝐾)
5: while not converged do
6:  for each location 𝑖 ∈   do
7:  𝑐𝑖 ← argmin𝑐∈𝑐𝑒𝑛𝑡𝑟𝑜𝑖𝑑𝑠 𝑑(𝑖, 𝑐)
8:  Assign location 𝑖 to cluster 𝐶𝑐𝑖
9:  end for
10:  for each cluster 𝐶𝑗 ∈  do
11:  𝑐𝑒𝑛𝑡𝑟𝑜𝑖𝑑𝑠[𝑗] ← 1

|𝐶𝑗 |

∑

𝑖∈𝐶𝑗
Location(𝑖)

12:  end for
13: end while
14: for each cluster 𝐶𝑗 ∈  do
15:  Sort locations in 𝐶𝑗 by descending priority score 𝑝𝑖
16:  𝑅𝑗 ← ∅
17:  for each location 𝑖 ∈ 𝐶𝑗 do
18:  𝑘∗ ← argmin𝑘∈ 𝑇depot(𝑘),𝑖
19:  if ∑(𝑙,𝑚)∈𝑅𝑗𝑘∗

𝑇𝑙𝑚 + 𝑇depot(𝑘∗),𝑖 ≤ 𝑄 then
20:  Append location 𝑖 to route 𝑅𝑗𝑘∗

21:  else
22:  Create new route for location 𝑖
23:  end if
24:  end for
25:   ←  ∪ {𝑅𝑗}
26: end for
27: return 

The construction stage takes as input the set of mechanics , 
mechanic capacity 𝑄, machines  , predicted priority scores  , and the 
desired number of clusters 𝐾. It initializes an empty set of clusters 
and randomly selects 𝐾 centroids. The k-means clustering algorithm 
iteratively assigns machines to the nearest centroid based on distance 
𝑑(𝑖, 𝑐) and updates centroids until convergence.

Once clusters are formed, priority greedy construction is applied 
within each cluster 𝐶𝑗 . Machines are sorted in descending order of 
priority scores 𝑝𝑖, directly incorporating the predictive maintenance 
urgency metrics developed in Section 4.3.1. This sorting ensures that 
machines with higher PMU values and overall priority scores receive 
scheduling preference regardless of their geographic position. For each 
machine 𝑖, the nearest mechanic 𝑘∗ is selected to minimize travel plus 
service time. If adding 𝑖 to mechanic 𝑘∗’s route (𝑅𝑗𝑘∗ ) does not exceed 
capacity 𝑄, it is assigned; otherwise, a new route is created. This 
process continues until all machines are assigned.
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The final set of routes , combining routes 𝑅𝑗 from all clusters, is 
returned as the initial solution.

5.3.2. Routing stage
The routing stage refines the initial solution by exploring better 

routing options within each cluster while preserving task priority. We 
apply three intensification strategies—Adaptive Large Neighborhood 
Search (ALNS), 2-OPT, and a modified Self-Organizing Maps (SOM) al-
gorithm. Each strategy targets specific aspects of solution improvement 
and is applied independently to the initial cluster routes.

• Adaptive Large Neighborhood Search (ALNS): ALNS improves 
the initial routes within each cluster by iteratively destroying and 
repairing the solution. Algorithm 10 presents the pseudocode for 
ALNS.

Algorithm 10 Adaptive Large Neighborhood Search (ALNS)
Require: Initial routes 𝑅𝑗 for cluster 𝐶𝑗 , set of mechanics , mechanic 

capacity 𝑄, predicted priority scores  = {𝑝𝑖 ∣ 𝑖 ∈ 𝐶𝑗}, iteration 
limit 𝐼𝑚𝑎𝑥

Ensure: Improved routes 𝑅∗
𝑗  for cluster 𝐶𝑗

1: 𝑅∗
𝑗 ← 𝑅𝑗 , 𝑖 ← 0

2: while 𝑖 < 𝐼𝑚𝑎𝑥 do
3:  𝑅′

𝑗 ← DestroyRepair(𝑅∗
𝑗 ,, 𝑄,)

4:  if 𝑓 (𝑅′
𝑗 ) < 𝑓 (𝑅∗

𝑗 ) then ⊳ 𝑓 (𝑅) calculates total time of routes
5:  𝑅∗

𝑗 ← 𝑅′
𝑗

6:  end if
7:  UpdateWeights(), 𝑖 ← 𝑖 + 1
8: end while
9: return 𝑅∗

𝑗

ALNS takes the initial routes 𝑅𝑗 , the set of mechanics , mechanic 
capacity 𝑄, predicted priority scores  , and the iteration limit 𝐼𝑚𝑎𝑥 as 
input. The DestroyRepair function removes a subset of service locations 
from the routes and reinserts them in a different order or assigns them 
to different mechanics, guided by adaptive weights. Soft constraints are 
incorporated by penalizing changes affecting the order of high-priority 
service locations. If the new solution 𝑅′

𝑗 has a better objective function 
value 𝑓 (𝑅′

𝑗 ) than the current best solution 𝑅∗
𝑗 , 𝑅∗

𝑗  is updated with 𝑅′
𝑗 . 

The UpdateWeights function adjusts the adaptive weights based on 
operator performance. The process continues until the iteration limit 
𝐼𝑚𝑎𝑥 is reached, and the improved routes 𝑅∗

𝑗  are returned.

• 2-OPT* (Inter-route Swap): The 2-OPT* algorithm performs 
customer swaps between different mechanic routes to explore 
potential improvements in the objective cost, given the solution 
maintains feasibility. Note that this inter-route swap variant dif-
fers from traditional intra-route 2-OPT. Algorithm 11 presents the 
pseudocode for 2-OPT*.

The algorithm takes the initial routes 𝑅𝑗 , the set of mechanics 
, mechanic capacity 𝑄, and predicted priority scores  as input. It 
iterates over each pair of distinct routes (𝑟1, 𝑟2) in 𝑅∗

𝑗 . For each pair of 
routes, it considers every possible combination of locations 𝑖 from 𝑟1
and 𝑘 from 𝑟2. The priority scores directly influence swap feasibility 
through the explicit condition 𝑝𝑖 ≥ 𝑝𝑘, which ensures that swaps only 
occur when the priority of location 𝑖 is greater than or equal to that 
of location 𝑘, preserving the preferential treatment of high-priority 
machines during the optimization process.

After each swap, if the new solution 𝑅∗
𝑗  has a better objective 

function value 𝑓 (𝑅∗
𝑗 ) than the current best solution 𝑓 (𝑅𝑗 ), 𝑅𝑗 is updated 

with 𝑅∗
𝑗 , and the 𝑖𝑚𝑝𝑟𝑜𝑣𝑒𝑑 flag is set to 𝑡𝑟𝑢𝑒. If the swap does not 

improve the solution, it is immediately reverted. The objective function 
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Algorithm 11 2-OPT* (Inter-route Customer Swap)
Require: Initial routes 𝑅𝑗 for cluster 𝐶𝑗 , set of mechanics , mechanic 

capacity 𝑄, predicted priority scores  = {𝑝𝑖 ∣ 𝑖 ∈ 𝐶𝑗}
Ensure: Improved routes 𝑅∗

𝑗  for cluster 𝐶𝑗
1: 𝑅∗

𝑗 ← 𝑅𝑗 , 𝑖𝑚𝑝𝑟𝑜𝑣𝑒𝑑 ← 𝑡𝑟𝑢𝑒
2: while 𝑖𝑚𝑝𝑟𝑜𝑣𝑒𝑑 do
3:  𝑖𝑚𝑝𝑟𝑜𝑣𝑒𝑑 ← 𝑓𝑎𝑙𝑠𝑒
4:  for each route pair (𝑟1, 𝑟2) ∈ 𝑅∗

𝑗 × 𝑅∗
𝑗 , 𝑟1 ≠ 𝑟2 do

5:  for each location 𝑖 ∈ 𝑟1 do
6:  for each location 𝑘 ∈ 𝑟2 do
7:  if 𝑝𝑖 ≥ 𝑝𝑘 and SwapFeasible(𝑟1, 𝑖, 𝑟2, 𝑘, 𝑄) then
8:  Swap locations 𝑖 and 𝑘 between 𝑟1 and 𝑟2
9:  if 𝑓 (𝑅∗

𝑗 ) < 𝑓 (𝑅𝑗 ) then ⊳ 𝑓 (𝑅) calculates total 
time of routes

10:  𝑅𝑗 ← 𝑅∗
𝑗 , 𝑖𝑚𝑝𝑟𝑜𝑣𝑒𝑑 ← 𝑡𝑟𝑢𝑒

11:  else
12:  Revert the swap
13:  end if
14:  end if
15:  end for
16:  end for
17:  end for
18: end while
19: return 𝑅∗

𝑗

𝑓 (𝑅) calculates the total time of the routes, including both travel and 
service times.

This process continues, examining all possible swaps between dis-
tinct routes, until no further improvements can be made (i.e., a full iter-
ation occurs without any successful swaps). At this point, the algorithm 
terminates and returns the improved routes 𝑅∗

𝑗 .

• Modified SOM: Lastly, we employ a modified version of the Self-
Organizing Map (SOM) algorithm tailored to solve the MDCVRP. 
Typically, SOMs are used for unsupervised learning, clustering, 
and visualization of high-dimensional data. In our approach, we 
adapt the SOM algorithm to optimize vehicle routes by represent-
ing each route as a circular array of neurons and introducing a 
decaying learning rate and neighborhood function. The circular 
array of neurons allows for a more natural representation of the 
VRP-like problem in the MDCVRP, facilitating the learning and 
optimization of the route sequence. The decaying learning rate 
and neighborhood function enable the SOM to initially explore a 
wide range of solutions and progressively focus on fine-tuning the 
best routes as the training progresses.
Our modified SOM incorporates benchmark routing data  from 
established MDVRP instances (Oliveira, 2024) for pretraining the 
neural network structure. These benchmark routes serve as train-
ing patterns that help the SOM learn general routing principles 
and structural patterns of good solutions, using only the struc-
tural patterns (relative positions, clustering patterns) rather than 
absolute coordinates to avoid any data leakage. This pretraining 
approach enhances the algorithm’s ability to generate efficient 
routes while respecting the specific constraints and priorities of 
the current problem instance. The pseudocode for the modified 
SOM is presented in Algorithm 12.

The algorithm initializes circular neuron arrays 𝑊𝑗 for each depot 
𝑗 ∈ 𝐷 with random weights 𝐰𝑖𝑗 (0), normalizing customer and depot 
coordinates. Each neuron represents a potential stop in the route. The 
main training loop runs for 𝐼max iterations, processing each benchmark 
route 𝐫 from dataset . For each benchmark route, we map it to the 
nearest depot 𝑗 based on the distance between the route’s centroid 
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Algorithm 12 Modified Self-Organizing Maps (SOM) for MDCVRP
Require: Initial routes 𝑅𝑗 for each depot 𝑗 ∈ 𝐷, set of vehicles 𝑉 , 

vehicle capacity 𝑀 , set of customers 𝑁 , predicted priority scores 
 = {𝑝𝑖 ∣ 𝑖 ∈ 𝑁}, benchmark routing data , number of iterations 
𝐼max, initial learning rate 𝛼0, learning rate decay 𝛼decay, initial 
neighborhood size 𝜎0, neighborhood decay 𝜎decay

Ensure: Improved routes 𝑅∗
𝑗  for all depots 𝑗 ∈ 𝐷

1: Initialize circular arrays of neurons 𝑊𝑗 for each depot 𝑗 ∈ 𝐷 with 
random weights 𝐰𝑗

𝑖 (0)
2: Normalize coordinates of customer locations and depots
3: for 𝑡 = 1 to 𝐼max do
4:  for each benchmark route 𝐫 ∈  do
5:  Map benchmark route 𝐫 to nearest depot 𝑗 based on centroid 
distance

6:  Find the winning neuron 𝑤 = argmin𝑖 |𝐫 − 𝐰𝑗
𝑖 (𝑡)| in 𝑊𝑗

7:  for each neuron 𝑛 in the circular array 𝑊𝑗 do
8:  Calculate the neighborhood function ℎ(𝑛,𝑤, 𝜎(𝑡)) =

exp
(

− |𝑛−𝑤|

2

2𝜎(𝑡)2

)

9:  Update the weight of neuron 𝑛: 𝐰𝑗
𝑛(𝑡 + 1) = 𝐰𝑗

𝑛(𝑡) + 𝛼(𝑡) ⋅
ℎ(𝑛,𝑤, 𝜎(𝑡)) ⋅ (𝐫 − 𝐰𝑗

𝑛(𝑡))
10:  end for
11:  end for
12:  Decay the learning rate: 𝛼(𝑡 + 1) = 𝛼(𝑡) ⋅ exp(−𝛼decay)
13:  Decay the neighborhood size: 𝜎(𝑡 + 1) = 𝜎(𝑡) ⋅ exp(−𝜎decay)
14: end for
15: for each depot 𝑗 ∈ 𝐷 do
16:  𝑅∗

𝑗 ← MapRoutesToModifiedSOM(𝑅𝑗 ,𝑊𝑗 , 𝑉 ,𝑀,)
17: end for
18: return 𝑅∗

𝑗  for all depots 𝑗 ∈ 𝐷

and each depot location, ensuring that benchmark patterns are applied 
to geographically relevant regions. The winning neuron 𝑤 is then 
determined as the neuron closest to the input route in depot array 𝑊𝑗 , 
representing the best-matching stop.

Neuron weights in 𝑊𝑗 are updated based on proximity to 𝑤 using 
the neighborhood function ℎ(𝑛,𝑤, 𝜎(𝑡)), which considers the current 
neighborhood size 𝜎(𝑡). Updates shift neurons closer to the input route, 
guided by the learning rate 𝛼(𝑡). Both 𝛼(𝑡) and 𝜎(𝑡) decay exponentially, 
allowing broad exploration initially before fine-tuning optimal routes.

The trained SOMs optimize initial routes 𝑅𝑗 via MapRoutesToModi-
fiedSOM, which adjusts routes based on learned patterns while ensuring 
feasibility with vehicle capacities 𝑀 and predicted priority scores  . 
The optimized routes 𝑅∗

𝑗  for all depots are returned. This modified 
SOM approach accounts for the multi-depot structure by maintaining 
separate neuron arrays per depot, associating benchmark routes with 
the nearest depot, and incorporating capacity constraints and priority 
scores to generate feasible, optimized routes.

5.4. Computational experiments

Our computational experiments utilize data from a major construc-
tion equipment service provider managing over 5000 excavators across 
Europe with 70 field technicians and annual service costs exceeding 
e6 million. To evaluate our framework’s scalability and performance, 
we extracted representative subsets from their operations, creating 
test instances that reflect real-world complexity while allowing for 
controlled experimentation. The instances range from small regional 
clusters (10 locations, 2 mechanics) to district-level operations (100 
locations, 10 mechanics), preserving the geographical distribution and 
service patterns of the full network.

To evaluate our routing model and solution approaches, we con-
duct computational experiments using realistic instances derived from 
historical data from a heavy construction equipment service company. 
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The goal is to assess the model’s effectiveness in minimizing total time 
(𝑇𝑖𝑗) while considering predicted priority scores and worker schedules.

We generate instances based on actual geographical locations of 
equipment and mechanics’ homes, covering small (10 locations, 2 
mechanics) to large (100 locations, 10 mechanics) cases. For each cate-
gory, we run ten instances, averaging metrics across 30 total instances 
(10 small, 10 medium, 10 large). Travel times are geocoded using 
Google Maps API, while service times are predicted using models from 
Section 4.2.

Experiments run on an Intel Core i7, 16 GB RAM, 64-bit OS, with 
the mathematical model implemented in IBM ILOG CPLEX 20.1 and 
heuristic approaches coded in Python 3.11. We evaluate and compare 
the performance of five solution methods across all instances.

• Exact Method: MILP formulation solved using a commercial 
solver with a 3600-second time limit.

• Modified CFRS Variants: Our proposed two-stage approach with 
three alternative intensification techniques:

(a) Adaptive Large Neighborhood Search (ALNS)
(b) 2-Opt* (inter-route swap)
(c) Modified Self-Organizing Maps (SOM)

• Baseline 1 (Current Practice): The company’s existing routing 
method based on historical data.

• Baseline 2 (Greedy Heuristic): A simple nearest-neighbor ap-
proach that assigns locations to mechanics based solely on prox-
imity.

The key performance indicators used to evaluate the solution meth-
ods are the total time (𝑇𝑖𝑗) which consists of travel time plus service 
time, the average route position of high-priority machines (𝑟̄𝐻 ), and 
the computational time required to obtain the solutions. 𝑟̄𝐻  assesses 
the effectiveness of the routing model in prioritizing and responding to 
machines with critical maintenance needs, as influenced by the priority 
scores used in both the mathematical formulation and the solution 
approach.

Let  ⊆   be the set of high-priority machines with predicted 
priority scores 𝑝𝑖 exceeding the 75th percentile threshold 𝜏 among all 
machines in  , i.e.,  = {𝑖 ∈  ∣ 𝑝𝑖 > 𝜏}. This threshold ensures that 
the top 25% of machines with the highest priority scores are classified 
as high-priority, aligning with the priority-based optimization in our 
model.

For each machine 𝑖 ∈ , let 𝑝𝑜𝑠𝑖𝑡𝑖𝑜𝑛𝑖(𝑅𝑗𝑘) denote the position of 
machine 𝑖 in route 𝑅𝑗𝑘 (1 for first visited, 2 for second, etc.). The 
average route position of high-priority machines is then calculated as:

𝑟̄𝐻 =
∑

𝑖∈ 𝑝𝑜𝑠𝑖𝑡𝑖𝑜𝑛𝑖(𝑅𝑗𝑘)
||

, (30)

where || denotes the cardinality of set , i.e., the number of 
high-priority machines. A lower 𝑟̄𝐻  value indicates that high-priority 
machines are visited earlier in their respective routes, demonstrating 
the effectiveness of our priority-based routing approach.

Table  8 presents the computational results across different problem 
sizes. The exact method achieves optimal solutions only for small 
instances within the 3600-second time limit. For medium and large 
instances marked with †, CPLEX returns the best incumbent solution 
found at timeout, which in these cases underperformed our heuris-
tic methods. All CFRS variants consistently outperform both baseline 
methods, with CFRS (SOM) demonstrating superior performance by 
reducing total time by an average of 41.93% compared to Baseline 
1. CFRS (ALNS) and CFRS (2-OPT*) show substantial average re-
ductions of 38.81% and 34.05%, respectively. The improvements in 
high-priority machine route position (𝑟̄𝐻 ) are even more pronounced, 
with CFRS (SOM) achieving a 43.86% improvement compared to Base-
line 1, meaning high-priority machines are visited much earlier in 
14 
their routes. CFRS (ALNS) and CFRS (2-OPT*) deliver improvements 
of 40.35% and 38.60%, respectively. Paired t-tests confirmed these 
improvements as statistically significant (𝑝 < 0.01) for all CFRS variants 
across both performance metrics.

Among the CFRS variants, the SOM-based implementation con-
sistently outperforms other techniques, particularly for medium and 
large problem instances, due to what we believe is its ability to learn 
spatial relationships and adapt to complex routing patterns. ALNS 
follows closely with strong performance through its adaptive destroy-
and-repair operations, while 2-OPT* provides the most computationally 
efficient option with reasonable solution quality. The computational 
run times shows expected scaling patterns, with 2-OPT* offering the 
fastest execution (1.8–125.9 s across problem sizes) and SOM pro-
viding the highest solution quality at increased computational cost 
(60.5–628.4 s). Nonetheless, it is clear that as problem size increases, 
the performance advantage of CFRS variants over baseline methods 
becomes more pronounced.

These computational improvements have implications for the ser-
vice provider’s operations. Extrapolating from our test results to their 
network of approximately 1400 customers, the observed 41.93% re-
duction in total service time could free capacity across their 70 field 
technicians. Published benchmarks indicate that labor constitutes about 
30% of construction-service costs (Liu & Ballard, 2008), unplanned 
downtime consumes roughly 5% (O’Brien, 2019), and premium or ex-
pedited freight represents around 5% of logistics spend (APQC, 2020). 
Together these cost drivers make up about 40% of the annual €6 million 
service budget (≈€2.4 million). Applying the 41.93% time saving to 
this variable portion (0.40 ×€6000000 × 0.4193) results in an ex-
pected annual saving of approximately €1 million, or about 17% of total 
service spend.

5.5. Sensitivity analysis

To assess the robustness and adaptability of our approach, we con-
duct a sensitivity analysis on three key factors: priority score thresholds, 
cluster numbers, and travel time variations.

5.5.1. Effect of priority score thresholds
We systematically vary the high-priority threshold from the 60th 

to 90th percentile (in 10% increments) to assess its impact on average 
route position (𝑟̄𝐻 ) and total time (𝑇𝑖𝑗). Fig.  6 shows that as the priority 
threshold increases, 𝑟̄𝐻  decreases across all methods, with CFRS (SOM) 
consistently demonstrating superior performance.

At the 90th percentile threshold, CFRS (SOM) achieves an aver-
age position of 1.8, meaning high-priority machines are typically the 
first or second visited in their routes, outperforming CFRS (ALNS) by 
11%, CFRS (2-OPT*) by 16%, and both baseline methods by approx-
imately 55%. As the threshold increases, fewer machines qualify as 
high-priority, allowing more focused resource allocation and reduced 
inter-machine travel time for critical maintenance tasks.

5.5.2. Impact of priority weighting parameter (𝜆)
The priority weighting parameter 𝜆 in the objective function

(Eq.  (12)) controls the trade-off between minimizing total route time 
and prioritizing high-urgency maintenance tasks. To understand its 
impact, we varied 𝜆 from 0 to 1.0 across medium-sized instances (50 
locations, 5 mechanics).

Fig.  7 shows a clear trade-off between competing objectives. As 𝜆
increases, high-priority route positions (dashed lines) decrease sharply 
where CFRS (SOM) achieves a 54% reduction from position 3.8 to 
1.7. However, this improvement comes at the cost of increased total 
route times (solid lines), which rise by 17% as mechanics deviate from 
geographically optimal paths to serve urgent equipment first.

The shaded region (𝜆 = 0.3–0.5) shows the operational sweet spot. 
Within this range, organizations can reduce high-priority route posi-
tions by 38%–42% while increasing total route time by only 2%–5%. 
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Table 8
Computational results for different problem sizes.
 Metric Method Small

(10 × 2)
Medium
(50 × 5)

Large
(100 × 10)

Avg.
improvement (%)b

 

 

𝑇𝑖𝑗 (min)

Exact 108.6 493.2† 1893.2† 16.45  
 CFRS (ALNS) 123.2 459.1 927.3 38.81  
 CFRS (2-OPT*) 131.8 489.6 985.8 34.05  
 CFRS (SOM) 116.4 433.2 890.5 41.93  
 Baseline 1 203.3 767.5 1423.7 –  
 Baseline 2 185.7 723.1 1274.3 8.31  
 

𝑟̄𝐻 (position)

Exact 1.3 2.2† 3.2† 47.37  
 CFRS (ALNS) 1.5 2.4 3.8 40.35  
 CFRS (2-OPT*) 1.6 2.5 3.9 38.60  
 CFRS (SOM) 1.4 2.3 3.5 43.86  
 Baseline 1 2.5 4.1 6.3 –  
 Baseline 2 2.3 3.9 5.8 8.77  
 

Computational
time (s)

Exact 15.2 3600.0† 3600.0a –  
 CFRS (ALNS) 15.3 104.6 424.7 –  
 CFRS (2-OPT*) 1.8 28.2 125.9 –  
 CFRS (SOM) 60.5 207.8 628.4 –  
 Baseline 1 – – – –  
 Baseline 2 1.2 12.6 45.3 –  
a Time limit reached; best incumbent solution reported (not optimal).
b 𝐴𝑣𝑔 𝑖𝑚𝑝𝑟𝑜𝑣𝑒𝑚𝑒𝑛𝑡 =

∑𝑛
𝑖=1

(

Baseline 1𝑖−Method𝑖
Baseline 1𝑖

)

×100

𝑛
.

Fig. 6. Effect of priority score threshold on average route position of high-priority machines (𝑟̄𝐻 ).
Fig. 7. Impact of priority weighting parameter (𝜆) on routing performance. Solid lines represent total route time 𝑇𝑖𝑗 (left axis) while dashed lines show average 
route position of high-priority machines 𝑟̄𝐻 (right axis). The shaded region indicates the recommended operational range.
15 
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Table 9
Performance metrics for CFRS variants under different cluster numbers (percentage of clusters = number of clusters/number of 
locations).
 Method Clusters (%) 𝑇𝑖𝑗 (min) 𝑟̄𝐻 (position) Comp. time (s) 
 
CFRS (ALNS)

10 958 3.9 407  
 20 928 3.8 452  
 30 907 3.7 523  
 
CFRS (2-OPT*)

10 988 4.1 129  
 20 967 3.9 142  
 30 941 3.8 164  
 
CFRS (SOM)

10 913 3.6 606  
 20 892 3.5 662  
 30 887 3.4 709  
Beyond 𝜆 = 0.5, the rate of efficiency loss accelerates without commen-
surate gains in route position, indicating diminishing returns. Nonethe-
less, CFRS (SOM) consistently outperforms the alternatives across all 𝜆
values. At 𝜆 = 0.4 (used in our main experiments), it achieves a total 
time of 433.2 min and priority position of 2.3, approximately 6%–12% 
better than ALNS and 2-OPT*.

5.5.3. Impact of cluster numbers
Next, we analyzed how partitioning machines into a different num-

ber of clusters affects performance. Table  9 presents performance met-
rics when varying the percentage of clusters from 10% to 30% of total 
service locations (e.g., for 50 locations, 10% = 5 clusters, 20% = 10 
clusters, 30% = 15 clusters). Larger numbers of clusters create smaller 
subproblems that are easier to optimize individually, improving both 
𝑇𝑖𝑗 and 𝑟̄𝐻 . For example, increasing cluster count from 10% to 30% 
allowed CFRS (SOM) to reduce total route times by nearly 3% and 
high-priority route positions by a similar margin.

However, this gain in solution quality comes at the expense of 
higher computational overhead, as the optimization procedure must 
allocate time to refine a growing number of clusters. Organizations with 
frequent, real-time scheduling needs may favor fewer clusters to reduce 
solution times, whereas those emphasizing route quality or serving 
especially critical machinery may accept slower computation to gain 
improved routing outcomes.

Nevertheless, relying on an overly strict threshold may leave moder-
ately important tasks underserved. Organizations must therefore choose 
thresholds that align with service-level objectives, balancing the need 
for swift attention to truly critical repairs against the risk of neglecting 
intermediate-priority machines.

5.5.4. Robustness to travel time variations
To simulate real-world uncertainties such as traffic or weather con-

ditions, we introduced random perturbations in travel times of ±10% 
and ±20%. We then evaluated how well each method performs under 
these variations.

Fig.  8 illustrates that while all methods experience increased vari-
ability in performance as travel time uncertainty increases, the CFRS 
variants, particularly CFRS (ALNS) and CFRS (SOM), maintain more 
consistent performance compared to the baseline methods. At 20% 
travel time variation, the interquartile range for CFRS (SOM) is ap-
proximately 30 min, compared to 50 min for Baseline 1 and 40 min 
for Baseline 2.

The robustness of CFRS variants to travel time variations can be 
attributed to their adaptive nature and the integration of priority 
scores in routing decisions. The ALNS algorithm’s destroy and repair 
operations allow continuous exploration of diverse solutions, making 
it more resilient to travel time changes. It adapts its routing decisions 
quickly based on the new travel times, maintaining solution quality 
under uncertainty.

More specifically, SOM’s robustness stems from its ability to learn 
and generalize routing patterns. As travel times vary, it can apply 
these learned patterns to maintain good performance, such as grouping 
nearby high-priority machines, a strategy that remains effective even 
as specific travel times change. The priority-based routing ensures that 
16 
high-priority machines are served promptly, minimizing the impact of 
travel time variations on the most critical tasks.

The 2-OPT* variant, while outperforming baseline methods, is more 
sensitive to travel time variations compared to ALNS and SOM. This 
is due to its local search nature, which may struggle to escape local 
optima with travel time changes, lacking the global exploration of ALNS 
or the pattern learning of SOM.

6. Discussion

This section examines the practical implications of our framework 
for the construction industry. We first present managerial insights and 
implementation strategies, including considerations for real-time de-
ployment and organizational change management. We then discuss the 
limitations of our current approach and identify promising directions 
for future research. 

6.1. Managerial insights and implementation strategy

The deployment of our framework requires careful consideration 
of both technical and organizational factors. Construction companies 
typically allocate only 1%–2% of annual revenue to technology invest-
ments (Blanco et al., 2023), yet industry research indicates that firms 
achieving full digital transformation realize average productivity gains 
of 14%–15% and cost reductions of 4%–6% (Koeleman et al., 2019). 
For our maintenance-optimization framework, the return on investment 
can be particularly compelling given that poor data management alone 
cost the construction industry an estimated $1.85 trillion globally in 
2020 (Autodesk Inc. & FMI Corporation, 2021).

The integrated nature of our framework (Fig.  1) creates value 
through component synergies that traditional siloed approaches miss. 
The flow from predictive modeling to priority scoring to routing opti-
mization means that improvements in any component automatically en-
hance overall system performance. For instance, when our SMU predic-
tions identify equipment approaching critical maintenance thresholds, 
this information immediately updates priority scores, which in turn in-
fluences routing decisions. This automation reduces the administrative 
burden while ensuring maintenance decisions remain data-driven and 
consistent with organizational objectives.

We recommend a phased implementation approach to minimize 
disruption and ensure sustainable adoption. Phase 1 (months 1–3) 
should focus on deploying the priority-scoring system using existing 
maintenance records and establishing baseline performance metrics. 
Phase 2 (months 4–6) introduces predictive modeling for labor costs, 
service durations, and spare-parts forecasting, leveraging historical data 
already captured in enterprise systems. Phase 3 (months 7–9) integrates 
routing optimization, beginning with the computationally efficient 2-
OPT* algorithm to demonstrate quick wins before transitioning to more 
sophisticated approaches. Finally, Phase 4 (months 10–12) implements 
full system integration including SOM-based optimization for maximum 
performance gains. A tiered roll-out of this kind is consistent with 
empirical evidence that phased implementation, coupled with early 
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Fig. 8. Effect of travel time variation on total time (𝑇𝑖𝑗).
wins, builds momentum and confidence in construction-technology 
projects (Lourenço et al., 2025).

Change management represents a critical success factor, as research 
indicates that 72% of construction firms still rely on paper-based pro-
cesses despite available digital alternatives (Bluebeam Inc., 2024). This 
resistance stems from psychological factors including status-quo bias 
and the comfort of familiar workflows (Maali et al., 2020). To address 
these barriers, organizations should implement training programs that 
show tangible benefits to frontline workers, such as reduced overtime 
through better scheduling and decreased emergency call-outs. Creating 
internal champions who can advocate for the system and providing 
continuous support during the transition period are essential for over-
coming the human elements of technological change (Lines et al., 
2015).

For organizations requiring real-time or near-real-time scheduling 
capabilities, our framework offers several adaptation strategies. While 
the SOM-based approach provides superior solution quality, its com-
putational requirements (60.5–628.4 s across problem sizes) may limit 
immediate deployment for frequent rescheduling. We propose a hybrid 
approach where the 2-OPT* algorithm generates rapid initial solu-
tions for urgent scheduling needs, with SOM refinement occurring 
during low-demand periods. Additionally, maintaining a library of 
pre-trained SOM models for common operational scenarios can help 
reduce response times for typical rescheduling requests. Organizations 
can further enhance real-time performance through parallel computing 
architectures or by developing lightweight machine-learning surrogates 
trained on historical SOM solutions. 

6.2. Limitations and future research

While our framework demonstrates considerable improvements in 
maintenance optimization, several limitations warrant consideration. 
First, our analysis focused exclusively on excavators within a single 
company’s operations. Construction fleets typically comprise diverse 
equipment types, bulldozers, cranes, loaders, each with distinct mainte-
nance requirements and operational patterns. Extending our framework 
to multi-equipment scenarios would require equipment-specific mod-
ifications to the priority scoring components and predictive models, 
particularly for the APS calculations where different equipment types 
may have varying optimal maintenance intervals.
17 
Second, our models assume deterministic travel and service times, 
yet construction environments are inherently uncertain. Weather con-
ditions, traffic patterns, and unexpected equipment failures can signifi-
cantly impact scheduling reliability. Future research should incorporate 
stochastic optimization techniques or robust optimization approaches 
that explicitly account for uncertainty in both travel times and service 
durations. Scenario-based planning or Monte Carlo simulations could 
provide more resilient scheduling solutions that maintain performance 
under various operational conditions.

The environmental dimension presents another avenue for enhance-
ment. As construction companies face mounting pressure to reduce 
carbon emissions, incorporating fuel consumption and emissions met-
rics into the routing optimization could transform our single-objective 
model into a multi-objective framework. This extension would require 
balancing traditional efficiency metrics with environmental impact, 
potentially using Pareto optimization techniques to identify solutions 
that optimize across multiple sustainability dimensions.

Finally, our current framework does not account for technician skill 
specialization, assuming all mechanics can service any equipment type. 
In practice, certain maintenance tasks require specialized certifications 
or expertise. Future iterations should incorporate skill-based assign-
ment constraints, potentially using mixed-integer programming formu-
lations that match technician capabilities with equipment requirements 
while maintaining routing efficiency.

7. Conclusion

This study advances heavy-equipment maintenance optimization by 
integrating three key pillars: priority scoring, predictive modeling, and 
routing heuristics. Our approach leverages routinely collected opera-
tional data to achieve a 64.4% reduction in prediction error versus a 
naïve current-SMU baseline (PMI = −0.644) based on our ten-machine 
evaluation set without requiring specialized sensors, while predictive 
models achieve MAPE of 4.24% (labor cost) and 9.32% (service dura-
tion), outperforming company baselines. The routing framework, com-
bining a modified CFRS strategy with metaheuristics (ALNS, 2-OPT*, 
and a novel SOM adaptation), delivers substantial operational gains, 
reducing total service time by 41.93% and improving high-priority 
route position by 43.86% compared to baseline.
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These results demonstrate that maintenance optimization is achiev-
able without specialized IoT infrastructure, making the framework 
accessible to typical construction firms. Sensitivity analyses also con-
firm robustness across varying operational conditions, from cluster 
granularity to travel-time uncertainty. Looking ahead, the model can 
be extended to accommodate multiple equipment types, real-time data 
streams, and skill-based labor assignments. Incorporating environmen-
tal metrics like fuel usage or emissions could also transform the ap-
proach into a multi-objective tool that balances operational and sus-
tainability goals. As the construction industry tries to embrace digital-
ization, our approach provides a foundation for adaptive, data-driven 
maintenance systems, paving the way for more efficient and sustainable 
infrastructure development.
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