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ABSTRACT

Conventional expressway maintenance scheduling is a major challenge in construction asset management, leading to excessive operational costs
and severe traffic congestion. To address this, an Al-driven forecasting model was developed and validated for the optimization of maintenance
scheduling, using the Ho Chi Minh City-Long Thanh Expressway as a case study. A Long Short-Term Memory (LSTM) network was implemented to
forecast traffic flow and was trained on a hybrid dataset composed of historical operational statistics and video surveillance data. The LSTM model
was trained on a hybrid dataset comprising historical operational statistics and vehicle data extracted from video surveillance. Results from the
empirical validation show the LSTM model achieved a mean absolute percentage error (MAPE) of 6.90% and a coefficient of determination (R?) of
0.95! on the test dataset. Simulations of optimized maintenance schedules, based on the model's forecasts, projected a reduction of over 90% in
annual maintenance costs and up to 30% in peak-hour congestion. This research provides quantitative evidence supporting the use of digital
solutions in construction asset management, offering a validated forecasting model as a data-driven tool for enhancing the efficiency and cost-
effectiveness of infrastructure maintenance in the context of developing smart cities.

Keywords: Construction asset management; Artificial Intelligence (Al); Expressway operation and maintenance; Predictive maintenance;
Smart cities; Intelligent transportation systems (ITS); LSTM

TOM TAT

Trong link vire Quan Iy xay dung, cong tac [ap k& hoach béo tri dudng cao tat theo phrong phép truyén thing dang bac |6 nhigu bat cap, gay
|zing phi chi phi van hanh va gia tang in tac giao thang. D giai quyst thach thirc nay, nghign cou dé xudt va kiém ching thic nghigm mat
gigi phap sd: md hinh di béo dua trén Tri tu@ nhan tao (Al) dvoc thigt ke nhdm tdi vu hoa cong tac bao tri. Gigi phap LSTM dugc trién khai
d& du bao chinh xac lru lrgng giao thang trong mat nghign ciu tinh huding tai duéng cao tic TP.HCM - Long Thanh. Ma hinh duge huén luyén
trén ba dit ligu lai (s lieu van hanh va dit ligu tir video giam sét), dat két qué kiém ching tat vai sai s phan trdm tuyet ddi trung binh (MAPE)
|a 6.90% va he st x4c dinh (R?) 1a 0.951. Cac phan tich ma phang, st dung két qué du bao dé téii wu hda lich trinh bao tri, cho thay tiém nang
tiét kitm hon 50% chi phi bao tri hang ndm va giam twong tng tai 30% un téc gio cao diém. Nghién ciu nay cung cép luén cir dinh lrgng
thuygt phuc cho vigc img dung céng nghe sd. trao cho céc nha quan Iy xay dyng mat céng cu du béo da dugce kiém ching dé nang cao higu
qué va tinh kinh t& trong cong tac quén Iy bao tri ha tAng, dic bigt trong bdi canh phat trién da thj thang minh.

Tir khéa: (uan ly tai san xay dung, Tri tué nhan tao (Al), van hanh va bao tri duing cao tdc, bao tri, dy béao, da thi théng minh, hé thing giao

thang thang minh (ITS), LSTM.
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1.INTRODUCTION

The operational performance and sustainability of critical
transportation infrastructure are central to effective Construction Asset
Management. Expressway networks are recognized as vital arteries for
socio-economic development [1]. The efficient operation of these
systems is fundamental for sustainable development [2]; however,
traditional operation and maintenance (O&M) paradigms are constrained
by significant limitations. These approaches are frequently characterized
by a reliance on manual procedures, a lack of real-time data [2], and lead
to traffic congestion, safety hazards, and high operational costs [3, 4].

The integration of Artificial Intelligence (Al), the Internet of Things
(loT), and Big Data facilitates a methodological shift from conventional
reactive or preventive models toward data-driven, predictive strategies [2,
5]. These systems leverage advanced algorithms to analyze sensor data,
enabling the early detection of incipient faults and thereby mitigating
costly repairs and downtime [2, 6]. The efficacy of this approach has been
demonstrated in practice; for instance, the Shenzhen Expressway
implemented intelligent patrol inspections and Al-powered image
recognition to achieve more efficient operations [7, 8]. The applicability of
Al-driven predictive maintenance is further supported by successes in
other sectors, including reported efficiency gains of 20-50% in Smart
Building Management Systems (SBMS) [2, 6, 9] and improved predictive
accuracy in smart manufacturing [10]. These technologies are
foundational to the development of smart cities, where they are applied
to enhance urban efficiency and sustainability [11-13].

Despite global advancements, a significant research gap remains in
the adaptation and empirical validation of these Al systems for Vietnam's
unique operational and infrastructural challenges, where Al adoption in
construction management remains nascent [5, 12, 14, 15]. The Ho Chi
Minh City-Long Thanh Expressway provides a relevant case for this
problem [16]. The expressway operates under severe overload, with an
average daily traffic volume of 65.000 vehicles against a design capacity
of 44.000 and volumes exceeding 90.000 during peak periods [16, 17].
This overload results in frequent congestion, with traffic jams extending
5-10 kilometers [18]. Current O&M practices are characterized by manual
traffic monitoring, with incident response times estimated at 30 to 60
minutes [19]. The electronic toll collection (ETC) system has a reported
card-reading failure rate of 8-10%, while maintenance remains largely
reactive and accounts for 10-15% of total operating expenditures [19, 20].
Safety is also a concern, with 407 incidents recorded from 2023 to January
2025, and overall user satisfaction is approximately 52% [19].

Application of Artificial Intelligence (Al) in smart city contexts is
extensive, extending beyond transportation to other urban systems. For
instance, Al-driven optimization has been applied to urban water and
waste systems [12, 21] and to urban planning processes [14, 21] to
enhance efficiency and sustainability.

At the core of this transformation is the principle of predictive
maintenance, which has emerged as a cornerstone of smart industrial and
urban systems [1, 9]. Its cross-sectoral effectiveness is well-documented,
with applications enhancing equipment reliability in demanding
environments such as steel production [8], subsea operations, and rail
infrastructure [22]. These systems are typically underpinned by a
confluence of machine learning algorithms, deep learning techniques,
loT sensors, and big data analytics [8, 23] to process real-time data and
optimize maintenance schedules [17, 18]. The adoption of Al-driven
predictive maintenance is thus positioned as a strategic imperative for
enhancing system reliability [15, 24].

Within the transportation domain, Intelligent Transportation Systems
(ITS) are noted to hold significant potential for enhancing road traffic
efficiency in Vietnam's expressway networks [24]. The literature

documents Al's role in diverse applications, including improving
predictive maintenance for rail [25], enabling decision-making for
autonomous vehicles [26], optimizing energy management in electric
drivetrains [3], and enhancing safety protocols in aviation risk
management [4].

However, despite this extensive body of international literature, a
discernible research gap remains concerning the specific adaptation,
implementation, and validation of sophisticated Al-driven O&M systems
within the unique context of Vietnam's expressway network.

To address the identified research gap, this study provides a
replicable, evidence-based framework for intelligent asset management
by designing, implementing, and validating an Al-driven system on a
critical Vietnamese expressway. The primary objectives are: to design a
modular and scalable system architecture for intelligent asset
management; to develop and evaluate a suite of intelligent analytics
models for traffic forecasting and predictive maintenance; to conduct an
empirical validation of the system through a pilot deployment on the
selected case study; and to perform a rigorous quantitative evaluation of
the system'’s performance against established baseline metrics and Key
Performance Indicators (KPls). The research contributes a replicable,
evidence-based model for intelligent asset management, providing a
foundation for enhancing the operational efficiency and sustainability of
transportation infrastructure within Vietnam.

2.PROPOSED SYSTEM AND METHODOLOGY

2.1. Case study site: Ho Chi Minh City - Long Thanh expressway

The study was conducted on the Ho Chi Minh City - Long Thanh
Expressway, a strategic transportation corridor in Southern Vietnam
connecting Ho Chi Minh City with Dong Nai Province. The infrastructure
was designed with four primary traffic lanes, a design speed of 100 to 120
km/h, and a design capacity of approximately 44,000 vehicles per day. The
geographic location of the corridor is presented in Figure 1.
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Figure 1. Ho Chi Minh City - Long Thanh - Dau Giay expressway corridor

This site was selected due to a significant disparity between its
design capacity and operational traffic volumes. Data indicates an
average daily volume of 65.000 vehicles, with peak period volumes
exceeding 90.000, which has led to frequent and severe traffic
congestion [15, 16]. This operational pressure is compounded by
increasing traffic demand, with an 11% growth in vehicle trips from
2023 to 2024 [18]. The high traffic volume is also associated with a
significant number of safety incidents, with 206 cases recorded in
2023 and 188 in 2024. Table 1 provides a detailed breakdown of
incident statistics by location and type.
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Table 1. Incident data used for hotspot identification (2023-2025).

Location/Segment Traffic Collisions Tire Blowouts Vehicle Breakdowns Vehicle Fires Total Incidents Proportion (%)
Km5-Km10 45 18 54 0 "7 15.5%
Km11-Km12 58 25 75 0 158 20.9%
Km12-Km13 36 32 102 0 170 22.5%
Km13-Km14 82 28 68 1 179 23.7%
Km15-Km20 28 12 35 0 75 9.9%
Km21-Km30 25 10 20 1 56 7.5%
Total 274 125 354 2 755 100%

Data analysis identified incident hotspots concentrated primarily
between Km 11 and Km 14, which account for approximately 65% of all
recorded incidents [19]. Figure 2 visualizes this incident density along
the expressway.

The combination of the expressway's strategic economic
importance, quantifiable operational overload, and the documented
inefficiencies of its current management system makes it a suitable
setting for the deployment and validation of the proposed Al-enabled
system.

ur

Figure 2. Heatmap of incident density by kilometer segment

2.2. Methodological workflow

To address the research objectives, a systematic five-step
methodological workflow was designed and implemented, as
illustrated in Figure 3. This workflow ensures logical progression from
data acquisition to the final analysis of potential impacts.

The process begins with data collection and aggregation, utilizing
two primary sources: historical operational data and data extracted
from video surveillance. Subsequently, raw data undergoes the data
pre-processing stage, which includes cleaning, normalization, and
feature engineering.

The core stage is Al model development and evaluation, which
focuses on implementing an LSTM model for traffic forecasting and
simulating Random Forest (RF) model for pavement degradation

Table 2. Sample of pre-processed features used for model training

prediction. The forecasts from the LSTM model then serve as inputs for
the Simulation and Analysis stage, where maintenance scenarios are
simulated to quantify economic and operational impacts. Finally, the
workflow concludes with the identification of Key Outcomes, including
an optimized maintenance plan and key performance indicators (KPIs).
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Figure 3. Methodological workflow of the study

2.3. Data Acquisition and Pre-processing

This study represents a partial implementation of the proposed
conceptual system, a scope determined by limited access to real-time
infrastructure. Data for model training and evaluation were obtained
from two primary sources: (1) video surveillance footage, from which
vehicle counts and classifications were programmatically extracted
using deep learning models; and (2) historical operational statistics
provided by the expressway operator (VECE), including hourly traffic
volumes and records of past incidents. An illustration of the structured
dataset is provided in Table 2.

1 R idiectaint, Kol bty Rl Bt

) Average Average -

Time Group 1 Group2  Group3  Group4  Group5 Group6  Sum speed (km/h)  temperature (C) Weather Condition
2025-02-0100:00:00 1428 158 38 10 15 4 1663 88 286 Light rain 5"’;’:}?24 Zvet
2025-02-0101:00:00 2588 270 38 7 3 7 2933 82 284 Sunny Dry surface
2025-02-0102:00:00 1026 270 48 18 14 1 1387 76 274 Rain S"ps‘l’ﬁgi ZV“
2025-02-0103:00:00 1383 260 99 19 19 8 1788 89 262 Cloudy Dry surface
2025-02-0104:00:00 2231 102 77 9 12 15 2446 66 28.1 Sunny Dry surface
2025-02-0105:00:00 2320 209 55 17 10 0 262 69 75 Light rain S"ps‘l’ﬁgi ZV“
2025-02-0106:00:00 2008 250 51 2 12 0 2351 84 285 Sunny Dry surface
2025-02-0107:00:00 2409 189 84 21 8 n an 76 2% Cloudy Dry surface
2025-02-010800:00 3525 454 127 24 28 18 4176 77 279 Sunny Dry surface
2025-02-0109:00:00 3034 418 127 31 31 2 3663 65 275 Sunny Dry surface
2025-02-011000:00 3257 413 128 2 24 19 3863 59 271 Sunny Dry surface
2025-02-01 11:00:00 3525 347 113 ) R 17 4066 63 282 Light rain 5"’;’:}?24 Zvet
2025-02-0112:00:00 3391 357 135 2 27 16 3948 75 263 Sunny Dry surface
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(Note: This table shows an illustrative excerpt for a specific 12-hour period (00:00-12:00). The complete dataset was collected continuously in

real-time over multiple days.)

A sequential pre-processing pipeline was applied to the raw
data to ensure quality and suitability for machine learning
algorithms. Numerical features were normalized using a
MinMaxScaler, and qualitative features such as weather conditions
were converted to a numerical format using a LabelEncoder. Time-
series features were generated and cyclically encoded using sine
and cosine transformations to preserve temporal patterns. Missing
data were addressed using linear interpolation for short gaps and
multivariate regression for longer sequences. Finally, for the time-
series forecasting model, the data was transformed into fixed-

Table 3. Summary of Al models in the proposed system framework.

length input sequences using a sliding window method (e.g., 60-
hour windows)

2.4. Model development

The study focused on the practical implementation and
evaluation of a Long Short-Term Memory (LSTM) model for traffic
forecasting and the simulation of a Random Forest model for
pavement degradation prediction. Other models are discussed as
components of the proposed conceptual architecture for future
development. A comparative overview of these models is presented
in Table 3 of the original manuscript.

Model Application Data Type Status in Study Strengths Limitations
i i Time series (video derived (aptures temporal dependencies Requires complete and clean
LST™M Traffic flow forecastin o " Implemen ! ) ! -
: affic flow forecasting statistical) plementd suitable for sequential trafficdata historical data
N Vehicle recognition, incident Image/video from Al Proposed Accurate visual recognition, Needs a large, labeled image
detection cameras P scalable for multiple vehicle types  dataset
Pavemen radation . . Interpretable, handles non-linear Pron verfitting with high
Random Forest aveme t degradatio Sensor, operational data Simulated tep etap € handles non-finea fo etgo © tting with hig
prediction relationships well dimensionality
Infrastructure damage Drone/image inspection Effective for small datasets, good Less effective on large-scale,
SYM o Proposed . . ) .
classification data margin separation high-noise data
Traffic flow forecasting on . ) Lightweight, low resource Less powerful than LSTM for
GRU : g Compressed time series Proposed 9 g P
edge devices consumption long sequences
. . . Contextual understandin, Requires real-time server
BERT/GPT Chatbot & user interaction Text queries Proposed o q
multilingual resources
Collaborative Filtering  Route recommendation Historical user behavior Proposed Personalized suggestions Cold-start problem

- Traffic Forecasting (Implemented): An LSTM network, a specialized
type of Recurrent Neural Network (RNN), was implemented for traffic
flow forecasting. This model was selected for its demonstrated ability to
capture long-range temporal dependencies within sequential traffic
data [6], a critical requirement for accurate time-series prediction. The
model was trained on the pre-processed time-series dataset derived
from VECE statistics and video analysis.

- Pavement Degradation Prediction (Simulated): A Random Forest
model's application was simulated to predict pavement degradation.
This model was chosen for its ability to handle non-linear relationships
within complex datasets and for its interpretability in maintenance
decision-making. The model was designed to analyze a combination of
sensor data and historical operational records to forecast asset
conditions.

- Proposed Models for Future Expansion: The conceptual
architecture includes the proposed integration of Convolutional Neural
Networks (CNNs) for real-time vehicle recognition from video feeds [8]
and a Support Vector Machine (SVM) model for classifying
infrastructure damage from high-resolution imagery acquired from
UAVs or automated inspection vehicles.

2.5. Performance evaluation metrics

A multi-faceted framework was established to evaluate the
system's performance. The predictive accuracy of the time-series
forecasting model was evaluated using Root Mean Square Error (RMSE),
Mean Absolute Error (MAE), Mean Absolute Percentage Error (MAPE),
and the Coefficient of Determination (R?. The performance of
classification tasks was assessed using Accuracy, Precision, Recall, and
the F1-Score.

The system's overall effectiveness was quantified by its potential
impact on operational, economic, and user-centric outcomes.
Operational efficiency was measured by tracking metrics such as
incident response latency and congestion duration. Economic benefits
were assessed by measuring reductions in operational costs and

growth in revenue. The impact on user experience was evaluated by
tracking changes in the user satisfaction rate against its established
baseline [19].

3. RESULTS AND PERFORMANCE EVALUATION

3.1. Performance of the implemented traffic forecasting model

The implemented Long Short-Term Memory (LSTM) model was
evaluated for its predictive accuracy on the test dataset from March
2025. The model demonstrated strong performance, achieving a Mean
Absolute Percentage Error (MAPE) of 6.90%, a Root Mean Square Error
(RMSE) of 236.31, and a Coefficient of Determination (R?) of 0.951.

v Forecast Chart - 7 Day Model A

Figure 4. Comparison of actual and LSTM-forecasted traffic volume

The model's forecasting effectiveness is visually substantiated in
the following figures. Figure 4 provides a comparative time-series plot
of the model's forecasted traffic flow against the actual observed data,
demonstrating the model's effectiveness in capturing key trends and
peak-hour patterns.

MODEL A - EALUATION

MODEL A - EVALUATION
MAT (APT 6.0 RVSE-23631. W

FAE=180.89, MAPE=H.90%

Figure 6. Distribution of prediction errors
(residuals) for the LSTM model

Figure 5. Correlation between actual and
LSTM-forecasted traffic volume
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To further analyze the model's accuracy, a scatter plot of predicted
versus actual traffic volumes is presented in Figure 5. The clustering of
data points along the diagonal axis indicates a strong positive
corelation between the model's predictions and the ground truth. The
distribution of prediction errors is illustrated in Figure 6. The histogram
shows residuals centered around zero, suggesting that the model is
unbiased in its predictions.

3.2. Comparative analysis with baseline models

The performance of the implemented LSTM model was compared
against several baseline models: Support Vector Regression (SVR),
Linear Regression (LR), Random Forest (RF), and XGBoost. All models
were trained and tested on the same dataset. Table 4 summarizes the
performance of all models across key evaluation metrics.

Table 4. Performance comparison of the LSTM model with baseline
forecasting models

Table 5. Simulated operational impacts of the Al system

Evaluation Indicator Before Al After Al Improvement (%)

Congestion Rate During Peak

HOU?S <80k 9 65.48% 45.80% 30%
Incident Response Time 15+20minutes  2--3 minutes -85%
Tolling Error Rate 8-+10% <2% -75%
Annual Maintenance Cost 100% 50% -50%
Infrastructure Service Life 20 years 28 years +40%
User Satisfaction Score (USS) 62/100 78/100 +25.8%

Model RMSE MAE MAPE (%) Comr  A20(%)
LSTM 23631 180.89 6.90 0951 0976  97.51
S\R 413.00  307.09 1233 0851 0933 8253
Linear Regression 44452 32757 13.16 0828 0.9 80.11
Random Forest MN432 27425 10.63 0850 0945  87.50
XGBoost 26612 19139 748 0938 0981 9556

3.3. Performance of the simulated pavement degradation
model

The simulated pavement degradation Model was evaluated for its
ability to classify pavement conditions. The model's interpretability is
demonstrated by the feature importance analysis shown in Figure 7,
which identified “Heavy Vehicle Ratio” as the most significant predictor
of pavement degradation.

Heavy Vihicle Ratio

00 o1 02 03 04 05 Y

[ Tegruded w02 4 08

I [ 0
Prodicted Label False Positive Rate

Figure 8. Confusion matrix for classification Figure 9. ROC curve for the pavement
of pavement condition degradation classifier

The classification performance of the model yielded an overall
accuracy of 90.5%. The confusion matrix and the Receiver Operating
Characteristic (ROC) curve analysis are detailed in Figure 8 and Figure 9,
respectively, demonstrating a high degree of accuracy and reliability in
distinguishing between “Good” and “Degraded” pavement conditions.

3.4. Simulated operational and economicimpacts

Based on the validated forecasts from the LSTM model, a simulation
was conducted to estimate the potential impact of a fully implemented
Al-driven system on key operational performance indicators. The results
projected significant improvements across all evaluated metrics.
Notably, the simulation indicated that proactive traffic coordination
could lead to a relative reduction in peak-hour congestion by over 30%,
while Al-enabled early detection was estimated to decrease incident
response times by approximately 85%. Table 5 presents a detailed
comparison of these operational performance indicators before and
after the simulated Al implementation.
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The economic benefits of the system were subsequently quantified
based on the simulated operational improvements. The analysis
projected substantial financial gains, primarily driven by cost reductions
and efficiency enhancements. The annual maintenance cost-to-
revenue ratio was estimated to decrease by over 52%, and a significant
reduction in energy consumption of over 57% was also projected.
Cumulatively, these improvements resulted in an estimated return on
investment (ROI) of 141% within a three-year period. Table 6 provides a
detailed breakdown of the economic efficiency assessment.

Table 6. Simulated economic impact of an Al-Informed
maintenance strategy

Indicator Baseline Simulated Post-Al Relative
Scenario Scenario Change (%)
Operating Cost-to-Revenue Ratio ~ 25.0% <+ 30.0%  19.5% -+ 23.5% -21.72%
Labor Cost-to-Revenue Ratio 15.0%-+20.0%  10.6% -+ 14.2% -28.86%
Annua Maintenance COst0- 10000 - 15006 4796719  5272%
Revenue Ratio
Energy Consumption (million N N R
Whiyear) 70+80 30+34 57.62%
Auxiiay Sevice Revenueto- 20%=30%  41%+61%  +10333%
Revenue Ratio
Estimated ROI (3-year projection) N/A 141% N/A
4. DISCUSSION

4.1. Interpretation of findings

The empirical results affirm the efficacy of applying Al-based
models for the operational optimization of critical infrastructure within
a construction management framework. The high predictive accuracy
of the implemented LSTM model (R? = 0.951) is particularly salient, as it
indicates that the complex, non-linear dynamics of high-volume traffic
can be effectively modeled and predicted. For asset managers, this
transforms a significant operational variable from an uncertainty into a
quantifiable input for strategic maintenance planning. Furthermore,
the feature importance analysis of the simulated pavement
degradation model corroborates established domain knowledge in
civil engineering identifying “Heavy Vehicle Ratio” as the primary
determinant. This validates the model’s capacity to learn veridical,
physically grounded relationships from operational data, enhancing its
credibility as a decision support tool.

The comparative analysis in Table 4 provides a definitive empirical
basis for the architectural selection. The superior performance of the
LSTM network over all baseline models, including powerful ensemble
methods like XGBoost, is attributed to its recurrent architecture, which
is intrinsically designed to capture long-range temporal dependencies
within sequential data. While gradient boosting models are adept at
modeling complex, non-linear feature interactions, they lack an
inherent mechanism for sequential processing, which limited their
predictive power in this time-series context. Therefore, these findings
do not merely endorse a specific algorithm but underscore a critical
methodological principle: the alignment of model architecture with the
intrinsic structure of the data is paramount to developing robust,
generalizable predictive systems for infrastructure asset management.
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4.2, Comparison with existing literature

This study's primary contribution is not the development of a novel
algorithm, but rather the empirical validation of an integrated Al-based
O&M system within the specific, under-researched context of Vietnam.
While previous studies have successfully applied Al for traffic
forecasting or pavement monitoring in developed nations, few have
presented a holistic framework validated with field-based data from a
developing country facing acute traffic overload. This research helps
bridge the documented gap between international Al advancements
and local application in Vietham's construction and transportation
sectors. By benchmarking multiple models and integrating the results
into a broader operational and economic impact assessment, this work
moves beyond purely theoretical or simulation-based studies.

4.3. Limitations and future research

This study has several limitations which suggest directions for
future work. First, the models were trained on hourly aggregated data,
which may not be sufficient for responding to sudden traffic incidents.
Future research should test the system's performance using high-
frequency, real-time data from IoT sensors. Second, the scope of
implementation focused on the core forecasting component (LSTM)
within a broader conceptual framework. The visual analytics modules
were simulated or proposed. The full deployment and integration of
these modules, particularly leveraging UAV-based imagery for
automated pavement inspection, is a necessary next step. Finally, the
findings are derived from a single case study. While the selected
corridor is a representative example, further studies are required to
validate the framework's generalizability across other expressways with
different operational characteristics.

4.4, Practical and policy implications

The study's results have direct implications for both asset managers
and policymakers in Vietnam.

For Asset Managers and Operators: This study provides a clear, data-
driven business case for transitioning from reactive to proactive
maintenance strategies. The projected reduction of over 50% in annual
maintenance costs demonstrates a compelling financial incentive over
traditional methods. More importantly, this forecasting model is not
merely theoretical but a validated decision-support tool that empowers
managers to strategically plan maintenance, allocate resources more
efficiently, and minimize operational disruptions.

For Policymakers: The estimated 141% return on investment (ROI)
offers a strong justification for strategic investment in digital
infrastructure for intelligent transportation. This work serves as an
effective proof-of-concept that can be a foundational model for larger-
scale public-private partnership (PPP) initiatives, aligning with
Vietnam's national digital transformation goals. Furthermore, these
findings highlight the need for a proactive regulatory framework that
not only enables but also governs the application of Al in infrastructure
operations to ensure safety and efficienc.

5.CONCLUSION

This study addresses a core challenge in construction asset
management: the optimization of expressway maintenance through
the application of digital solutions. Through an empirical validation on
the Ho Chi Minh City-Long Thanh Expressway, this research
demonstrates the transition from traditional reactive methods to
predictive maintenance planning, enabled by a data-driven forecasting
model. The high predictive accuracy of the implemented LSTM model
(R* = 0.951) and significant projected economic benefits, including an
estimated 141% RO, provide a quantitative basis for incorporating Al-
driven forecasts into maintenance management protocols. Ultimately,
this study contributes a validated Al-driven forecasting model as a

replicable digital solution for infrastructure asset management, directly
addressing practical challenges within the Construction Management
field, particularly in developing nations.
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