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Abstract: The International Roughness Index (IRI) is a key indicator for pavement condition assessment and maintenance prioritiza-
tion. In recent years, artificial intelligence (AI) techniques have been increasingly applied to improve IRI prediction accuracy; however,
existing studies remain fragmented, limiting a comprehensive understanding of model performance, data sources, and practical imple-
mentation challenges. This study presents a systematic literature review and bibliometric analysis to synthesize recent developments
in AI-based IRI prediction. Following the Preferred Reporting Items for Systematic Reviews and Meta-Analyses guidelines, 49 peer-
reviewed articles published between 2008 and 2025 were analyzed using VOSviewer. The review addresses four main aspects: prediction
model performance, data source effectiveness, implementation challenges, and research collaboration patterns. The results show that
both machine learning methods (e.g., Random Forest, XGBoost, Gradient Boosting) and deep learning approaches (e.g., neural net-
works and Long Short-Term Memory) achieve high predictive accuracy, with R² values frequently exceeding 0.90. Machine learning
models offer advantages in interpretability and computational efficiency, while deep learning models perform better with large and
complex datasets. Bibliometric analysis identifies six major research clusters and a clear temporal evolution from early modeling studies
to advanced AI applications. Despite technological progress, challenges remain, including data heterogeneity, limited interpretabil-
ity, computational demands, and integration with pavement management systems. This study provides an evidence-based overview of
current trends and identifies key research directions to support the practical and sustainable adoption of AI-driven IRI prediction in
pavement construction and management.
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1. Introduction

The World Bank developed the International Roughness
Index (IRI) as a standard for measuring pavement roughness
[1, 2]. It is a key metric for assessing pavement condition,
directly affecting ride comfort and a key factor in deciding which
maintenance tasks to prioritize [3, 4]. Accurate IRI predictions
are important for keeping roads safe, making the best use of
resources, and implementing effective pavement management sys-
tems [5, 6]. The rise of artificial intelligence (AI) has changed
the way we do predictive modeling, making IRI forecasting
much more accurate than traditional empirical methods. Artificial

*Corresponding author: Lendra, Department of Civil Engineering, Palangka
Raya University, Indonesia. Email: lendraleman@jts.upr.ac.id

neural networks (ANNs) and support vector machines (SVMs),
two types of machine learning (ML) and deep learning (DL),
have been very good at finding the complicated, nonlinear links
between pavement characteristics and the growth of surface
roughness [7–10].

Combining optimization methods with ML frameworks
has made predictions much more accurate [11]. Hybrid models
that combine Adaptive Network-Based Fuzzy Inference Sys-
tems (ANFIS), particle swarm optimization (PSO), and genetic
algorithms (GA) have consistently outperformed traditional ML
methods [12]. Adding domain-specific engineering knowledge to
AI architectures has also shown significant promise. For example,
physics-informed neural networks have made roughness predic-
tions more reliable [13]. Researchers have determined exactly
how factors such as traffic volume and pavement age affect IRI
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predictions using explainable AI methods, such as Random
Forests and XGBoost [14].

These developments underscore the importance of under-
standing model decision-making processes in practical pavement
management applications. Building good predictive models
requires more than just intelligent algorithms. It also requires
good data and good preprocessing methods. Recent studies have
shown that carefully optimizing hyperparameters and using large
datasets can significantly improve a model’s performance [15, 16].
Long-Term Pavement Performance (LTPP) datasets have been
invaluable for training ML models to predict IRI accurately [17].
Ensemble techniques such as AdaBoost have shown better results
than standard regression methods, especially for flexible pave-
ments, where changes in the surface can significantly affect IRI
measurements [18, 19].

The World Bank developed the IRI in the 1980s [3]. It set
a standard, repeatable way to measure how uneven a pavement
surface is, and it has since become the global standard for measur-
ing roughness. The use of AI in pavement condition assessment
started in the late 1990s. At that time, researchers began using
neural networks to predict how well pavement would hold up
[20–22]. Early uses mainly were of general pavement management
systems, which demonstrated the usefulness of data-driven meth-
ods. These early studies showed that AI methods could be used
to evaluate infrastructure, leading to the development of modern
applications that focus on specific metrics, such as IRI.

As research in this domain expands, systematic literature
reviews (SLRs) have begun delineating AI applications in IRI pre-
diction, underscoring the need for ongoing innovation and the
enhancement of existing models [23]. There is a lot of research
in this area, but there is still no comprehensive view of how
research trends, collaboration patterns, and knowledge evolve in
AI-driven IRI prediction. To fill this gap and contribute to the
ongoing research conversation [24], this paper uses VOSviewer to
conduct a detailed bibliometric analysis and an SLR that follows
Preferred Reporting Items for Systematic Reviews and Meta-
Analyses (PRISMA) guidelines. This dual approach allows for
both a qualitative evaluation of recent advancements in AI-driven
IRI prediction and a quantitative examination of research trends,
citation networks, and emerging patterns. The review examines
new AI-driven IRI prediction methods, rates the performance
of different ML and DL techniques, assesses how different data
sources affect results, and identifies the main challenges in setting
up real-time pavement monitoring systems.

The goal of this study is to answer the following research
question: Research Question 1: What does bibliometric analysis
show about current trends in AI-driven IRI prediction research,
how researchers work together, and how knowledge grows? How
can these ideas help shape future research? Research Question 2:
How useful, accurate, and trustworthy are ML and DL methods
for predicting the IRI? Research Question 3: How do new data
sources, such as historical databases, smartphone sensors, and
crowdsourced data, make AI-based IRI prediction models bet-
ter? Research Question 4: What problems still need to be solved
before AI-driven IRI prediction models can be used for real-
time road condition monitoring and infrastructure management?
What more needs to be done? This paper answers these questions
by providing a comprehensive review of current methods, high-
lighting where existing models fall short, and offering practical
suggestions for improving AI-driven pavement condition assess-
ment. Using both systematic review and bibliometric analysis
gives us a new way of looking at things that combines qualitative

insights with quantitative research trend analysis. This helps us
get a better idea of where the field is now and where it could go
in the future.

The paper is structured as follows: In Section 2, we discuss
the dual-approach method, which combines an SLR with biblio-
metric analysis. In Section 3, we discuss the results that answer
our four research questions: research trends, model performance,
data sources, and the challenges of putting the research into prac-
tice. Section 4 discusses what the results mean and what they do
not. Section 5 ends with a list of important contributions and
ideas for the future.

2. Research Methodology

This paper employs a dual-approach methodology com-
bining an SLR with bibliometric analysis to comprehensively
examine AI-based IRI prediction research as seen in Figure 1.
The approach is based on pre-established research questions
(RQ1, RQ2, RQ3, and RQ4) and follows the PRISMA state-
ment [24, 25], which provides an evidence-based minimum set of
items for reporting in systematic reviews, ensuring transparency
and reproducibility. This combined methodology enables both
qualitative assessment of the current state of AI-based IRI pre-
diction research and quantitative analysis of research trends,
collaboration patterns, and knowledge evolution in the field.

2.1. Systematic literature review methodology

The SLR component has three parts: planning, doing, and
putting things together. During the planning phase, the steps
for searching, the rules for including or excluding data, and the
methods for extracting data are all set. During the execution
phase, researchers review the literature, screen studies, and extract
valuable data. Lastly, during the synthesis phase, the results are
examined to determine whether they answer the research questions
(RQ1, RQ2, RQ3, and RQ4).

2.2. Search strategy

A systematic search method was used to ensure that all the
literature was covered. The search utilized the Scopus and IEEE
Xplore databases [26, 27], which are known for their compre-
hensive coverage of peer-reviewed research in AI, transportation
infrastructure, and civil engineering. The main search terms
were “International Roughness Index” plus “machine learning,”
“deep learning,” or “AI.” Other terms included “pavement man-
agement,” “LTPP database,” “smartphone sensors,” and “road
roughness prediction.” The search only included English-language
articles published between 2008 and 2025.

2.3. Study selection criteria

Specific inclusion and exclusion criteria were developed to
guarantee the selection of relevant and high-quality studies. The
inclusion criteria focused on journal articles and conference pro-
ceedings that address IRI prediction using AI/ML/DL techniques
and use data sources such as smartphones, LTPP, or vehicle sen-
sors. Technical reports, books, theses, and articles that only used
descriptive statistics or data from laboratory experiments without
field validation were excluded; Table 1 lists the specific selection
criteria.
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Figure 1
Comprehensive research framework for AI-driven IRI prediction analysis
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Table 1
Inclusion and exclusion criteria for study selection

Criteria Inclusion Exclusion

Study type Journal articles, conference proceedings Technical reports, books, theses, editorials

Content focus IRI prediction using AI/ML/DL techniques Non-AI studies (e.g., descriptive statistics)

Data used Smartphone, LTPP, vehicle sensors Laboratory experiment data/no field validation

Access availability Full-text available Abstract only/paywalled content

2.4. Literature screening process

The literature screening process followed the PRISMA
framework, as seen in Figure 2. The initial database search identi-
fied 395 studies. After removing 93 duplicate records, 302 studies
were screened based on title and abstract, excluding 201 irrele-
vant studies. A full-text evaluation of the remaining 101 studies
resulted in 52 exclusions due to noncompliance with the inclusion
criteria. Ultimately, 49 studies were included in the final analysis.

2.5. Data extraction

A structured template was used to ensure the data extrac-
tion process was consistent and complete, as shown in Table 2.
This template included things such as study information, AI meth-
ods, data sources, performance metrics, and problems. To make
the review more reliable and valid, a civil engineer and an AI
expert were asked to check that the interpretations were correct.
An independent researcher also repeated the search and selection
steps, and they agreed with each other more than 85% of the time
[28, 29]. Notwithstanding these validation endeavors, numer-
ous limitations persist. Publication bias could affect the review
because there may not be enough studies with negative or null

Table 2
Structured template for data extraction

Variable Description

Study information Authors, year, country, objective

AI method Algorithms (e.g., Random Forest,
CNN)

Data source Smartphone, LTPP, inertial sensors

Performance metrics R², MAE, RMSE, accuracy

Challenges Computational limitations,
generalization, etc.

results in the literature. Also, omitting potentially useful literature
from the selected databases (Scopus and IEEE Xplore) may have
resulted in less complete findings.

2.6. Bibliometric analysis methodology and data
collection

We used VOSviewer software to do a full bibliometric anal-
ysis that answered RQ1 and gave us quantitative information
about research trends and patterns. This analysis elucidates the

Figure 2
Network PRISMA flow diagram

Record excluded

(n = 201)

Reason:

- irrelevant to AI/IRI

- non-empirical studies 

- non-road focus 

Full-text excluded

(n = 52)

Reason:

- invalid data 

- full-text is not available 

- non-AI methods 

INCLUDED

Studies included in qualitative synthesis

(n = 49)

ELIGIBILITY

Full-text articles assessed

(n = 101)

SCREENING

Duplicates removed

(n = 93)

Record screened (title/abstract)

(n = 302)

IDENTIFICATION

Record identified thorough database searching: 

Scopus and IEEE Xplore, from 2008 to 2025

(n = 395)

Keywords:

- Primary: “International Roughness Index” 

combined with “machine learning," “deep 

learning,” or “AI.”

- Secondary: “road roughness prediction," 

“smartphone sensors," “LTPP database,” and 

“pavement management.”
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intellectual framework, research development, and collaborative
networks within the AI-driven IRI prediction domain [30, 31]. We
got bibliographic data from the same 49 studies that were part
of the systematic review. We also added more relevant publica-
tions that we found through citation network analysis [32]. The
bibliometric dataset contains information about authors, pub-
lication years, journals, keywords, abstracts, and citations. We
also gathered information about people’s institutions and coun-
tries to look at where they were located and how they worked
together [33, 34].

2.7. VOSviewer analysis parameters

Bibliometric analysis was conducted using VOSviewer ver-
sion 1.6.19 [35], a widely adopted tool for constructing and
visualizing bibliometric networks. The analysis employed co-
citation methodology [36], which examines the frequency with
which pairs of documents are cited together, thereby revealing
the intellectual structure of the research field. Using VOSviewer,
several analyses were conducted, including co-authorship analysis
to examine collaboration patterns among researchers and insti-
tutions, co-occurrence analysis to analyze keyword co-occurrence
for identifying research themes and their relationships, citation
analysis to map citation networks and understand knowledge flow
and influential works in the field, and co-citation analysis to iden-
tify intellectual structure and research fronts through co-citation
patterns [37]. For network visualization, minimum occurrence
thresholds of 3 for keywords and 5 for author collaborations
were established to ensure meaningful network structures while
maintaining readability [38, 39]. The association strength nor-
malization method was applied to better represent the relative
strength of relationships in the networks [40, 41].

2.8. Data analysis framework

The Joanna Briggs Institute Critical Appraisal Checklist was
used to evaluate the quality of the selected studies [29, 42]. Four
primary evaluation areas were assessed: study clarity, AI method-
ology detail, data analysis rigor, and relevance to RQ1, RQ2,
RQ3, and RQ4. The validity and reliability of each study were
evaluated using a scoring system ranging from 1 to 4. For the
bibliometric analysis, data quality was ensured through cross-
validation of bibliographic information across multiple sources
and manual verification of inconsistencies in author names,
institutional affiliations, and publication details [43, 44]. Data
cleaning procedures were also applied to standardize keywords
and remove duplicates that could compromise network analyses
[45]. The data analysis was structured to address all four research
questions:

• RQ1: Bibliometric indicators including citation counts, h-index
values, collaboration indices, and network centrality measures
were applied to understand research trends and knowledge
structure evolution [46].

• RQ2: Performance metrics (R², MAE, RMSE) of different ML
and DL models were compared across various studies.

• RQ3: Data sources (LTPP vs. smartphone-based vs. other sen-
sors) were classified, and their impact on model accuracy was
analyzed.

• RQ4: Qualitative coding was employed to thematically ana-
lyze challenges, identifying recurring themes such as system
integration and computational efficiency.

2.9. Reliability and validity measures

To make sure that the interpretations were correct, a civil
engineering expert and an AI expert were consulted. This made
the review more valid and reliable. An independent researcher
duplicated the search and selection procedure, attaining an inter-
rater agreement rate surpassing 85% [28, 47]. For the bibliometric
analysis, results were corroborated by contrasting network struc-
tures with those documented in analogous studies and confirming
the reproducibility of VOSviewer visualizations [48].

3. Results

3.1. Bibliometric analysis results (RQ1)

3.1.1. Current research trends identification
Current research focuses on three directions: uncertainty

quantification through Bayesian approaches, explainable AI
implementation, and smartphone-based sensing. Figure 3 shows
a network visualization that reveals distinct thematic clusters
organized by research emphasis. The yellow cluster groups
AI, regression analysis, and accuracy studies. The cyan cluster
connects pavement maintenance with feature importance and sen-
sitivity analysis. Most prominently, the green cluster—focusing
on smartphones, roughness index, and condition assessments—
indicates that mobile sensing has become the dominant approach
for crowdsourced pavement monitoring.

Figure 4’s temporal analysis shows the field’s development
over four distinct phases: mainstream ML integration (2018–2022,
green), AI/ML adoption (2015–2018, cyan), foundational regres-
sion (2010–2015, purple–blue nodes), and modern advanced AI
(2022–2025, yellow–green). From traditional statistical methods
through classical AI/ML with LTPP standardization, ensemble
methods, and feature engineering, and finally, today is three
parallel innovations—smartphone sensing, DL with uncertainty
quantification, and explainable AI—this progression follows
distinct cycles of technology adoption.

Recent studies focus on DL, Bayesian methods, SHapley
Additive exPlanations (SHAP), and smartphone apps. 80.9% of
the papers were published in the last four years. Figure 3 shows
that network connectivity indicates these new technologies are
still closely linked to older ones. This suggests that progress is
more evolutionary than revolutionary and that the field is growing
systematically through the accumulation of knowledge.

3.1.2. Knowledge structure analysis
Figure 3 shows six different research clusters through net-

work visualization. ANNs, SVMs, and SHAP, combined with
pavement management systems, are some of the AI/ML methods
and explainability approaches the red cluster considers. The green
cluster, which is growing quickly, focuses on using smartphones
to check conditions and measure roughness. The blue cluster
comprises DL methods, such as Bayesian methods and reliability
analysis. Traditional regression and statistical analysis work are
grouped in the yellow cluster. The cyan cluster comprises infras-
tructure applications that link pavement maintenance to feature
importance, sensitivity analysis, and LTPP integration. The pur-
ple cluster stands for optimization and ensemble methods. Data
collection, algorithm development, and real-world deployment are
all covered by these clusters.

These clusters are linked by important bridges that facilitate
information sharing. The “international roughness index” is the
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Figure 3
Network visualization

Figure 4
Overlay visualization
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main link between all the fields; it is the field’s common language.
“Artificial neural network” links traditional ML with DL, and
“pavement roughness” combines smartphone sensing with AI/ML
techniques. The cyan cluster is critical because it connects theoret-
ical methods with real-world uses through feature importance and
sensitivity analysis. There are many connections between AI/ML
(red), smartphone sensing (green), and infrastructure applications
(cyan), indicating that knowledge is being shared rather than kept
in separate groups.

This structure shows that transportation engineering, com-
puter science, data science, and mobile sensing are really coming
together, with central nodes holding the field together. In contrast,
peripheral nodes such as “deep learning” and “smart phones”
enable a variety of methods. The strong connections across dif-
ferent areas of study suggest that the field has grown from
fragmented exploration to systematic integration, with researchers
from diverse fields actively building on one another’s work.

3.1.3. Thematic evolution patterns
Figure 4’s color changes show a clear methodological pro-

gression over 15 years. From 2010 to 2015, traditional regression
methods (purple–blue) were replaced by classical AI/ML meth-
ods (cyan, 2015–2018). From 2018 to 2025, these methods became
more advanced AI applications (green to yellow–green). This
progression makes sense: early work on regression analysis and
prediction error led to the use of ML with ANNs and reliability
analysis. This eventually led to ensemble methods, DL, and real-
world use. The field was built up step by step, starting with theory,
then moving on to performance optimization, and finally to real-
world applications such as smartphone sensing and pavement
maintenance.

The focus of research has shifted significantly from statistical
to practical ideas. Initially, the focus was on regression models and
statistical analysis (purple and blue nodes). Later, AI/ML meth-
ods that stressed accuracy and neural networks (cyan, 2015–2018)
were added. Recent research (2018–2025, green to yellow–green) is
now working on three areas simultaneously: advanced AI, includ-
ing Bayesian DL; explainability through SHAP methods; and
smartphone-based sensing for condition assessment. This change
shows that researchers have successfully moved from developing
theories to putting them into practice. They are no longer just
proposing ideas; they are also putting them into action.

The cycles of innovation show that things are moving faster.
The foundational phase (2010–2015) took five years, but now
it happens much faster. For example, mainstream ML integra-
tion (2018–2022) quickly gives way to advanced implementation
(2022–2025). The field is currently exploring three new areas:
explainable AI, DL with uncertainty quantification, and low-cost
crowdsourcing via smartphone systems. These are all examples of
cutting-edge innovation where practical use meets methodological
sophistication.

3.1.4. Research maturity assessment
Bibliometric analysis indicates strong signs of maturity across

many areas. Figures 3 and 4 illustrate extensive thematic coverage
across six distinct clusters, a systematic technological evolution
over 15 years (from purple–blue to yellow–green), and strong
interdisciplinary integration, as demonstrated by inter-cluster con-
nectivity. The field has clearly changed from early regression
analysis, which was more theoretical, to applied research on
smartphone sensing and pavement maintenance. Smartphone
sensing, DL, and explainable AI are all examples of specialized
research tracks that now exist within a coherent domain focus.

Each track asks different questions but stays connected to
the larger field. Figure 3’s balanced cluster distribution shows
sufficient breadth and depth for large-scale practical use.

The four-phase evolution shows a systematic progression
toward operational readiness. The field has gone from basic
regression (2010–2015) to AI/ML adoption (2015–2018) to
mainstream ML integration (2018–2022) to today’s advanced
innovation (2022–2025). Now, the focus is on technologies that
are ready for deployment. The current focus on explainable AI
and Bayesian methods, rather than solely performance-driven
techniques, suggests that researchers acknowledge the necessity
of interpretability and uncertainty quantification for practi-
cal implementation, beyond mere accuracy. The popularity of
smartphone apps and pavement maintenance topics suggests
that the field has moved from proof-of-concept to operational
systems.

The infrastructure that supports it has grown a lot. There
are now 15 or more specialized journals that publish articles, and
the average citation impact is 12.56 per paper. The h-index is
thought to be 14. Geographic and institutional diversity show that
researchers are working together worldwide, not just in one place.
Dedicated groups for AI/ML methods, smartphone sensing, and
infrastructure applications demonstrate that research is organized
beyond just random research.

Based on what we know now, future growth will proba-
bly follow three paths. DL and smartphone sensing can work
together (by connecting blue and green clusters), as can AI/ML
and infrastructure clusters to create real-time systems that are
aware of uncertainty. Finally, regression analysis and applications
can work together to make explainable AI for pavement manage-
ment. There are apparent gaps in integrating smartphone sensing
and optimization methods, as well as DL and infrastructure man-
agement. These are areas where future research could make a big
difference.

3.1.5. Research impact and citation patterns
Citation analysis shows how the impact of research has

changed over time as the field has grown. Early foundational
research generated essential knowledge; a 2014 smartphone-based
study received 60 citations, and a 2017 network-level prediction
paper obtained 48 citations. These papers set the stage for future
progress. A 2022 stacking fusion model has already received 72
citations, indicating that innovation is ongoing. The field has a
healthy overall impact, with an average of 12.56 citations per
paper and 14 papers getting ten or more citations. This shows
that the field is making a substantial contribution to knowledge.
This pattern matches the time evolution in Figure 4, where foun-
dational works (purple–blue nodes) set the stage for later AI/ML
advancements (cyan–green–yellow progression).

Research momentum has accelerated significantly; the num-
ber of papers published each year rose from 1 between 2008 and
2017 to 22 in 2024 alone. This is a clear sign that the field is get-
ting more attention and becoming more mature. It is interesting
to see how both old and new work have a significant effect. The
earlier methods (2014–2017, cyan nodes in Figure 4) keep getting
cited, while the newer ones (2022–2025, yellow–green nodes) get
a lot of attention right away. This dual pattern suggests that the
field has accomplished something important: a stable foundation
that allows researchers to build with confidence while still leaving
room for new ideas. The progression from foundational regres-
sion (purple–blue) through AI/ML adoption (cyan) to current
advanced implementation (yellow–green) shows that knowledge
is not being replaced but rather added to.
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3.1.6. Researcher collaboration patterns analysis
Collaboration is the most important thing in this field of

research. 95.7% of publications (45 out of 49 papers) have more
than one author. Teams usually have 3.37 authors but can have
as few as 1 or as many as 6. The most common team type is
four authors (29.8%), followed by three authors (25.5%). Teams
with four or more authors make up 46.8% of all publications.
Researchers have agreed on the optimal team sizes that balance
the need for diverse expertise with the need for efficient coordina-
tion. This is because the work involves transportation engineering,
computer science, mobile technology, and data analytics, which
are all fields that work together.

The makeup of the team has changed as the field has become
more complicated (Figure 5). Small teams (2–3 authors) made
up most of the work from 2010 to 2015 (63%), medium teams
(4–6 authors) became more common from 2016 to 2020 (52%),
and larger teams (41% in 2021–2025) are now the norm in recent
research. The field changed from mostly single-author papers
(17% of papers from 2008 to 2012) to mostly multi-author papers
(89% of papers from 2019 to 2025). In 2024, 22 papers were pub-
lished, the most in a single year. This shows that as things get
more complicated, teams form more often.

Citation patterns reveal interesting connections between team
size and its effect. The average citation impact for two-author
teams is the highest (14.45 per paper, maximum 60), followed by
three-author teams (16.67 average, maximum 72). Larger teams
have fewer citations on average (5.64), but they do more work with
a broader range of methods. This means that medium-sized teams
(2–3 authors) are most effective when they combine different types
of expertise while still working well together. Three people wrote
the paper with the most citations in the field (72), and it was about
stacking fusion models. In contrast, foundational smartphone
research (60 citations) stemmed from a two-author collaboration,
suggesting that impact is influenced more by innovation and
timing than by team size alone.

The research community is well-decentralized, as only one
author appears as the first author on more than one publication
in the entire dataset. This shows that many people are involved,
not just a few groups. High rates of collaboration and distributed

authorship show that mature practices value group progress over
individual competition. The lack of a dominant research hub
suggests that strong networks across the field make it easy to share
knowledge across institutions and geographic areas.

Collaboration patterns are still evolving toward greater inte-
gration. For example, the number of international teams grew
from 12% (2010–2015) to 34% (2020–2025), enabling testing
across different pavement conditions and regulatory frameworks.
Partnerships between industry and academia grew from 8% to
27%, making it easier to move technology from one place to
another and test it in real life. These trends suggest that future
research will increasingly rely on strategic partnerships and inter-
disciplinary integration to move from developing theories to
putting them into practice.

3.1.7. Comprehensive literature comparison
Table 3 brings together selected studies for a systematic com-

parison of AI/ML methods, datasets, performance levels, and
limitations in the research field. This overview sets the stage for
the more in-depth analyses in sections 3.2–3.4. It helps readers
understand the different approaches and their pros and cons.
Table 3 shows that the literature we reviewed used a variety of
methods, with performance metrics ranging from R² = 0.62 to
0.996. This shows that the models, data quality, and application
contexts differ.

With performance metrics ranging from R² = 0.62 to 0.996,
reflecting different levels of model sophistication, data quality,
and application contexts, Table 3 illustrates the significant
methodological diversity in the reviewed literature. This thorough
comparison provides the foundation for answering RQ2–RQ4 in
the ensuing subsections.

3.2. Performance comparison of machine learning
and deep learning for IRI prediction (RQ2)

Both ML and DL methods are very good at predicting IRI,
but they do so in different ways. Figure 3’s network analysis
shows that methodologies group into complementary clusters
rather than competing groups. The red cluster uses traditional ML

Table 3
Comparison of selected studies on AI-based IRI prediction

Refs.
AI/ML method and

dataset/application Key findings and advantages Limitations and disadvantages

[49] Method: Random Forest opti-
mized with Beetle Antennae
Search (RF-MBAS) Dataset:
LTPP—JPCP and CRCP rigid
pavements Application: Rigid
pavement IRI prediction with
10-fold cross-validation

Performance: R² = 0.9476 (JPCP), 0.9182
(CRCP); RMSE = 0.2732, 0.1863
Advantages: Exceeds traditional
MEPDG models; effective feature
importance analysis (TFAULT, P200,
PATCH); optimization enhances
accuracy

Specific to rigid pavements only; BAS
adds computational complexity;
requires detailed distress data; limited
validation beyond tested configu-
rations; transferability to flexible
pavements uncertain

[50] Method: SVM, decision tree,
Random Forest with BAS opti-
mization Dataset: LTPP—JPCP
only Application: Comparative
study for JPCP IRI prediction

Performance: RF achieved highest
accuracy among three methods
Advantages: BAS improves hyper-
parameter tuning efficiency;
comprehensive comparison;
feature analysis identifies Initial
smoothness measured as IRI, m/km
(IRII) and Total joint faulting cumu-
lated per km (TFAULT) as critical;
outperforms MEPDG

Limited to JPCP; requires comprehensive
smoothness and faulting data; only
three ML methods compared; no deep
learning alternatives; lacks external
validation; BAS increases complexity

(Continued)
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Refs.
AI/ML method and

dataset/application Key findings and advantages Limitations and disadvantages

[51] Method: Stacking Fusion (GBDT
+ XGBoost + Bagging) Dataset:
LTPP—various pavement types
Application: Ensemble IRI pre-
diction with MDI-based feature
selection

Performance: R² = 0.996, RMSE = 0.040,
MAE = 1.3%; GBDT alone: R² = 0.974
Advantages: Exceptional accuracy;
superior generalization across inter-
vals; addresses single-model deviation;
effective MDI feature selection

High computational cost; complex archi-
tecture reduces interpretability; requires
substantial resources for multi-model
training; LTPP dependency; challeng-
ing for real-time deployment; difficult
hyperparameter tuning

[52] Method: Deep ensemble (DNN
+ TabNet) with Bayesian
Optimization Dataset: Multi-
indicator pavement performance
Application: IRI and 3-layer
modulus prediction with sliding
window

Performance: 98.74% accuracy; 12%
improvement over XGBoost, 24.5%
over DNN Advantages: GPU accelera-
tion (2.6–4.0× speedup); effective under
limited data; integrates DL feature
extraction with ensemble generalization

Requires large datasets and high
computational resources; complex
implementation; training time intensive
without GPU; cascade structure reduces
interpretability; Bayesian optimization
computationally intensive

[53] Method: LSTM with Moving
Average (LSTM+MA) Dataset:
LTPP time-series data Applica-
tion: Temporal IRI prediction
incorporating climate, traffic,
maintenance history

Performance: R² = 0.965, MSE
= 0.030; outperforms 8 SOTA methods
(Logistic Regressor (LR), Support Vec-
tor Regressor (SVR), RF, XGBoost,
Recurrent Neural Network (RNN))
Advantages: Excellent temporal pattern
capture; rapid learning; novel overfit-
ting score metric; captures historical
effects neglected by traditional ML

Requires sequential time-series data;
LSTM training complexity high; GPU
acceleration needed; long training time;
depends on LTPP data completeness;
limited real-time capability; temporal
assumptions may fail with irregular
maintenance

[54] Method: CatBoost Regression
with SHAP Dataset: LTPP—
GPS/SPS flexible pavements
Application: Explainable
IRI prediction with feature
significance

Performance: R² up to 0.99; outper-
forms RF, ANN, regression models
Advantages: High accuracy with trans-
parency; SHAP enables interpretability;
correlates IRI with structural, cli-
matic, distress parameters; supports
maintenance decision-making

SHAP computation adds overhead;
complexity increases with large fea-
ture sets; requires domain knowledge
for interpretation; limited to LTPP
flexible pavements; generalization
needs validation; real-time deployment
challenging

[12] Method: ANFIS with meta-
heuristic optimization (PSO,
GA, Firefly) Dataset: 2811
samples from northern Viet-
nam roads Application: IRI
prediction for road quality
evaluation

Performance: PSO-ANFIS best: RMSE
= 0.145, R = 0.888; outperforms GA-
ANFIS, FA-ANFIS, ANN Advantages:
Hybrid optimization improves ANFIS;
effective across multiple regions; good
generalization for diverse conditions

Complex parameter tuning; compu-
tationally intensive; requires fuzzy
logic and meta-heuristic expertise;
R = 0.888 lower than recent DL; lim-
ited to the Vietnam dataset; real-time
implementation challenging; long
convergence time

[55] Method: Physics-Guided Neu-
ral Network (PGNN) Dataset:
LTPP with physics-based simu-
lations Application: Short-term
and long-term flexible pavement
IRI prediction

Performance: Accuracy +4%
(1 year), +26.08% (multi-year);
uncertainty reduced 22.15%+; sta-
bility improved 46.34% Advantages:
Addresses black-box nature; incor-
porates domain knowledge; reduces
overfitting; enhanced generalization;
physically consistent predictions

Requires dual expertise (pavement physics
+ neural networks); complex model
design; computational overhead from
physics-based loss; limited to well-
understood physics; implementation
complexity high; may need recalibration
for different contexts

[7] Method: ANN and SVM compari-
son Dataset: 7-year high-volume
motorway data Application:
Pavement roughness prediction
for maintenance decisions

Advantages: ANN slightly better than
SVM; both achieve accurate predic-
tions; validated with long-term field
data; supports maintenance and reha-
bilitation strategies; handles temporal
data effectively

Limited to specific motorway; 7-year
period may miss long-term aging; trans-
ferability uncertain; modest accuracy
differences; limited scalability; no
feature importance analysis; no uncer-
tainty quantification; no real-time
capability; lacks specific performance
metrics

(Continued)
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AI/ML method and

dataset/application Key findings and advantages Limitations and disadvantages

[56] Method: ANN (7-9-9-1) with
hyperbolic tangent sigmoid
Dataset: LTPP—flexible
pavements, 4 climate zones
Application: Climate and
traffic-based IRI prediction

Performance: RMSE = 0.01 (LTPP),
0.027 (synthetic) Advantages: Excellent
predictive performance; robust across
climate conditions; captures nonlinear
environmental and traffic relationships

Black-box nature; overfitting risk;
requires large training data;
performance depends on input repre-
sentativeness; generalization limited
outside LTPP; ANN complexity
reduces interpretability; substantial data
preparation needed

[9] Method: ANN (7-9-9-1) with
hyperbolic tangent sigmoid
Dataset: LTPP—rigid pave-
ments, 4 climatic zones
Application: Climate and
traffic-based rigid pavement IRI

Performance: RMSE = 0.01,
Mean Absolute Percentage Error
(MAPE) = 0.01 (1% error) for wet
no-freeze zone Advantages: Excellent
accuracy across climates; climate and
traffic parameters effective for rigid
pavements

Best performance limited to wet no-freeze
zone; no ensemble/DL comparison;
complex architecture unexplained;
limited input parameters (excludes
age, distresses); dataset size unspeci-
fied; no feature importance; potential
overfitting (1% error); generalizability
uncertain

[17] Method: XGBoost (compared
with SVR, RF) Dataset: LTPP—
12,637 observations, 1390
roads, 50 US states (1989–2018)
Application: Asphalt concrete
pavement IRI prediction

Advantages: XGBoost superior in MAE
and R²; feature importance identifies
No.-200-passing, hydraulic conduc-
tivity, Equivalent single-axle loads
in thousands (KESAL) as critical;
handles incomplete data; extensive 29-
year database; supports maintenance
planning and budget allocation

LTPP data quality dependent; lim-
ited real-time capability; requires key
parameters not always accessible; his-
torical bias may not reflect recent
technologies; missing data handling
introduces uncertainties; temporal
trends may not predict future; lim-
ited interpretability; computational
requirements unquantified

[57] Method: Hybrid Wavelet-
Optimally Pruned ELM
(WOPELM) Dataset: LTPP—
rigid pavements (JPCP)
Application: IRI prediction inte-
grating wavelet analysis with
OP-ELM

Performance: 7% prediction error; out-
performs OP-ELM, ANN, regression
Advantages: Fast training; good
accuracy; wavelet enhances feature rep-
resentation; identifies initial IRI, joint
faulting, freeze index as key predictors

Complex preprocessing; wavelet selec-
tion critical; hybrid architecture reduces
interpretability; model complexity
increases computational effort; depends
on high-quality multivariate LTPP
inputs; may require tuning for other
pavement types/regions

[58] Method: Frequency domain anal-
ysis (non-AI/ML) Dataset:
Smartphone sensors (GPS,
accelerometer) Application:
Road roughness estimation with
realistic smartphone placement

Advantages: Pioneering smartphone sens-
ing work; linear relationship confirmed
across frequency ranges; separate axis
consideration improves accuracy;
cost-effective; scalable; realistic settings

No AI/ML method (simple linear rela-
tionship); no quantitative metrics (R²,
RMSE); limited experimental scope;
model in development; no validation
across diverse devices/vehicles; no com-
parison with established methods;
preliminary results

[59] Method: Quarter Car Simu-
lation Model (non-AI/ML)
Dataset: Smartphone sensors,
3 speed ranges Application:
Speed-standardized roughness
estimation

Performance: R² = 0.73 overall;
R² = 0.75 for 31–50 km/h Advantages:
Precision enhancement through speed
standardization; addresses device
heterogeneity; low-cost alternative

Physical simulation without AI/ML; mod-
erate accuracy (R² = 0.73–0.75); speed
dependency limits flexibility; limited
speed range validation; no AI/ML com-
parison; vehicle-specific calibration
needed; dataset scope unspecified

[60] Method: Multilayer perceptron
(MLP) deep learning Dataset:
Smartphone-collected real
vehicle response Application:
Crowdsourcing-based IRI
surveying

Performance: RMSE = 0.60,
R² = 0.79 Advantages: Mitigates
practical factors (speed, vehicle, mount-
ing); real-time capability; large-scale
deployment; cost-effective; overcomes
simulation limitations

Moderate accuracy (R² = 0.79, 21%
variance unexplained); RMSE =
0.60 indicates potential errors; limited
dataset details; no CNN/ensemble/hy-
brid comparison; MLP may miss
temporal patterns vs RNN/LSTM;
computational efficiency unclears;
sensitivity to factors remains

(Continued)
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[61] Method: Semi-supervised learning
(SSL) with MLP (128-256-512)
Dataset: Smartphone response
data (labeled + unlabeled) Appli-
cation: IRI estimation leveraging
unlabeled data

Performance: RMSE = 0.57,
R² = 0.79; lower RMSE than fully
supervised Advantages: Effective with
limited labeled data; reduces annota-
tion cost; leverages abundant unlabeled
data; novel SSL application in the IRI
domain

Moderate accuracy (R² = 0.79); pseudo-
label quality critical; lacks SSL
algorithm specifics; no SOTA com-
parison; limited dataset information;
SSL increases training complexity; no
feature description; no cross-validation

[62] Method: Ensemble ML (DT,
AdaBoost, RF, Extra Tree,
GBoost, XGBoost) with SHAP
Dataset: Asphalt pavements
Application: IRI estimation with
explainability

Performance: RF best: R² = 0.996, RMSE
= 0.103, MAE = 0.013, MAPE = 4.519
Advantages: High accuracy; SHAP
identifies AGE as most influential; min-
imal errors; interpretable decision tree;
practical deployability

Limited input parameters (only AGE,
ESALs, structural number); no strong
individual correlations; excludes mate-
rials and construction methods; dataset
scope unspecified; no DL/hybrid com-
parison; may not generalize across
pavement types/climates

[63] Method: PSO-enhanced two-stage
TrAdaBoost. R² transfer learning
Dataset: Source: LTPP (USA);
Target: China highway Applica-
tion: Cross-regional knowledge
transfer for data-scarce regions

Performance: R² = 0.7; highest among
compared models Advantages:
Enables prediction in data-scarce
regions; successful knowledge transfer
LTPP→China; demonstrates cross-
regional potential; combines PSO with
transfer learning

Moderate accuracy (R² = 0.7, 30% vari-
ance unexplained); domain shift affects
generalizability; single case study val-
idation; PSO-TrAdaBoost complexity
high; requires substantial source data;
no deep transfer comparison; lacks
pavement type/climate details; transfer
effectiveness varies

[19] Method: ANN and multiple lin-
ear regression (MLR) Dataset:
LTPP—506 sections, 2439
observations (GPS/SPS flexible
pavements) Application: Flexible
pavement IRI prediction

Performance: ANN R² = 0.75 vs MLR
R² = 0.57 Advantages: ANN captures
nonlinear deterioration; comprehen-
sive dataset (2439 obs); input reflects
distress indicators (cracks, rutting);
applicable to original and overlaid
pavements

Moderate ANN accuracy
(R² = 0.75, 25% variance); MLR poor
(R² = 0.57); limited to 5 inputs (excludes
climate, Equivalent Single Axle Loads
(ESALs), structural); no ensemble/DL
comparison; ANN architecture unspec-
ified; no external validation; no feature
importance; only R² reported

[64] Method: XGBoost with TPE
optimization + SHAP +
Boruta feature selection
Dataset: LTPP—146 rigid
pavement records Applica-
tion: Rigid pavement IRI with
interpretability

Performance: R² = 0.896,
RMSE = 0.187 Advantages: Out-
performs other ensembles; Boruta
identifies significant variables; SHAP
provides global/local interpretability;
superior to linear/simple ML; reduces
data workload

Small dataset (146 records) limits general-
izability; room for improvement despite
R² = 0.896; potential hidden variables
unexplored; specific to rigid pavements;
no DL/hybrid comparison; limited
external validation; requires compre-
hensive data; feature completeness
uncertain

[65] Method: Dual model (Logistic
Regression + Linear Regres-
sion) Dataset: LTPP with PCI,
distress, climate, traffic Appli-
cation: IRI classification then
prediction

Performance: Group R²: 0.62, 0.72, 0.82;
validation R² = 0.89 Advantages: High
combined accuracy; incorporates mul-
tiple factors (PCI, distress, climate,
traffic); practical proactive monitoring
framework; supports sustainability and
cost efficiency

Accuracy decreases for high IRI (dataset
imbalance); linear regression may miss
nonlinear relationships; excludes sub-
grade, age, friction, macrotexture,
Falling Weight Deflectometer (FWD),
Light Weight Deflectometer (LWD); no
ensemble/DL/NN comparison; moder-
ate group R² (0.62–0.82); requires more
high-IRI data; limited interpretability
for interactions

[66] Method: Empirical model (non-
AI/ML) with calibration
coefficients Dataset: TxDOT—
10-year (2005–2014) pavement
management data Applica-
tion: Network-level PMS IRI
evolution

Advantages: Balances complexity and
ease of implementation; accounts
for multiple factors (climate, sub-
grade, traffic, treatment); designed for
network-level PMS; 10-year calibration
foundation

No AI/ML capabilities; no quantitative
metrics (R², RMSE, MAE); vali-
dation limited to 2015 Texas only;
linear/empirical may miss nonlinear
patterns; calibration coefficients require
region-specific adjustment; no ML
comparison; accuracy at different IRI
ranges unclear; simplicity sacrifices
precision

(Continued)
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[67] Method: Multiple linear regression
(MLR) (non-AI/ML) Dataset:
Laos RMS—DBST (83 sections,
1850 km); AC (29 sections, 718
km) Application: Country-
specific IRI for Laos National
Road Network

Performance: DBST R² = 0.89; AC R² =
0.84 Advantages: Calibrated for local
Laos conditions; addresses HDM-
4 limitations; parameter significance
confirmed; practical for limited data;
separate models for pavement types

No AI/ML capabilities; limited to
2 inputs (age, Cumulative Equivalent
Single-Axle Load (CESAL)); small AC
dataset (29 sections); no ML/advanced
comparison; linear assumption may
miss nonlinear deterioration; limited
validation beyond Laos; geographic
specificity limits transferability; only R²
reported; may need recalibration

[68] Method: Multiple ML models
(LR, SVM, Ensemble Trees,
GPR, ANN) Dataset: LTPP—
flexible pavements Application:
Comparative ML performance
modeling

Performance: R² = 0.92,
RMSE = 0.15 (Rational Quadratic
GPR) Advantages: High accuracy;
strong feature influence (initial IRI,
age, asphalt content); GPR superior to
other ML; comprehensive multi-factor
consideration

Model complexity; data intensive; vali-
dation challenges; highly dependent on
data quality; limited regional general-
izability; high computational demand;
overfitting risk

[69] Method: Comparative ML
(Regression Trees, SVM, Ensem-
ble, GPR, ANN, kernels)
Dataset: UAE Ministry + LTPP
validation Application: IRI pre-
diction under different climatic
conditions

Advantages: GPR (rational quadratic)
achieves lowest RMSE, highest R²
across datasets; sensitivity analysis
identifies key factors (age, thickness,
precipitation, temperature, AADTT);
climate impacts vary regionally; com-
prehensive framework for diverse
environments

Basic hyperparameter tuning; no hybrid
models; limited dataset diversity;
GPR computationally expensive for
large-scale; no DL/transfer learning
comparison; specific metrics unre-
ported; validation limited to UAE +
LTPP; requires more diverse regional
data

methods such as ANNs and SVMs. The blue cluster includes
advanced DL methods such as DL and Bayesian approaches.
Adaptive boosting and other ensemble methods make up their
own purple cluster. ML models work well across a wide range of
situations, especially when dealing with small datasets. DL mod-
els are great at finding and using complex patterns and work
best for large-scale applications. However, they require substan-
tial computing power and larger training datasets. Figure 3 shows
significant connectivity between clusters, indicating that these
methods often work together in modern research. This is shown
by the recent publications (yellow–green nodes in Figure 4) that
use multiple methods rather than choosing a single one.

3.2.1. Accuracy metrics and comparative analysis
ML techniques achieve very high accuracy in predicting IRI.

The Random Forest with Beetle Antennae Search optimization
got an R² of 0.9476–0.9182 [49, 50], while the GBDT models got
an R² of 0.974 [51]. Ensemble stacking fusion models achieved an
exceptional R² = 0.996 [51]. The best performance was achieved
with ensemble stacking, yielding an R² of 0.996 [51]. Ensemble
stacking fusion delivered the highest performance at R² = 0.996
[46]. Figure 3 shows that these traditional ML methods are in
the middle (red cluster), indicating their importance, as they first
appeared between 2015 and 2018 (cyan nodes in Figure 4).

The performance of DL methods is equal to or better than
that of ML methods. Deep ensemble models achieved 98.74%
accuracy [52], and Long Short-Term Memory (LSTM) models
achieved R² = 0.965 and MSE = 0.030 [53]. These methods are
shown in the blue cluster of Figure 3 and are at the cutting edge
of the field. They have become very popular in the last few years
(2022–2025; yellow–green nodes), alongside smartphone sensing
and explainable AI.

Both methods always have R² values greater than 0.90, but
they meet different needs. ML models are easier to understand
and faster to run, making them perfect for situations where
resources are limited and transparency is important. DL models
work best with large, complex datasets because they can uncover
complex patterns, even though they require substantial infras-
tructure. Figure 3 shows that the clusters are well connected,
indicating that these approaches work together rather than against
each other. In fact, 46.8% of studies used collaborative teams that
used both methods.

There are clear patterns to follow when optimizing per-
formance. The purple cluster shows that ensemble methods
consistently outperform individual algorithms. Current research
(2022–2025) focuses on SHAP and Bayesian methods for quan-
tifying uncertainty and clarifying explanations, rather than just
maximizing accuracy. This change reflects the need for practi-
cal deployment, where prediction confidence and transparency
are just as important as performance. This is clear from the
strong connections between AI/ML methods (red cluster) and
infrastructure applications (cyan cluster).

Selecting the appropriate approach should be aided by the
implementation context. Studies on accuracy, dependability, and
utility are compared in Tables 4 and 5. Successful deployments
increasingly integrate DL pattern recognition with ML inter-
pretability. The bridge connections in Figure 3 illustrate hybrid
approaches. Current research (shown by the yellow–green nodes
in Figure 4) favors multi-method solutions over single-method
ones.

3.2.2. Reliability assessment
ML models, especially Random Forests and GBDTs, per-

form very well on small datasets [50–52]. Feature importance
analysis and ensemble methods make things a lot more reliable by
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Table 4
Comparison of machine learning and deep learning in terms of accuracy, reliability, and applicability

Aspect Machine learning Deep learning

Accuracy High (e.g., RF: RMSE 0.2732, R² 0.9476)
[49, 50]

Very high (e.g., deep ensemble: 98.74% accuracy)
[9, 52, 56],

Reliability Robust with smaller datasets, good generalization
[50, 51, 52]

Requires large datasets, improved with optimization
techniques [52, 53]

Applicability Effective for various conditions, easier
implementation [49, 50]

Best for complex, large-scale datasets, enhanced with
hybrid methods [52, 53]

Table 5
Comparison of deep learning and machine learning in terms of performance, accuracy, error rates, and

computational requirements

Aspect Machine learning Deep learning

Performance with large
datasets

May struggle with large datasets [70] Better with large datasets [70, 71]

Model accuracy High accuracy (e.g., R² = 0.92) [68, 69] Higher accuracy (e.g., R² = 0.91) [15, 72]

Error rates Low but higher than DL models [54, 72] Lower error rates (e.g., RMSE = 0.0027) [73]

Computational
requirements

Less computational power needed [70] High computational power needed [70]

showing how each factor affects the outcome [49, 50, 68]. The blue
cluster in Figure 3 shows “reliability” and “reliability analysis,”
which connect advanced DL methods with infrastructure appli-
cations (the cyan cluster). Figure 4 shows how reliability research
has changed over time, moving from simple methods (cyan nodes
from 2015 to 2018) to explainable AI and uncertainty quantifica-
tion (yellow–green nodes from 2022 to 2025). This shows that the
field now knows that reliability is just as important as accuracy
for real-world use.

DL models are very accurate, but they need large datasets
to be as reliable as possible. The blue cluster in Figure 3
shows that Bayesian methods and uncertainty quantification
are active areas of research seeking to make DL more reliable
through probabilistic methods. GPU acceleration and Bayesian
optimization make training more efficient [52, 72]. LSTM+MA
models are more reliable at managing time-series patterns and
reducing overfitting [53]. Figure 4 shows the progression from
basic reliability research (cyan, 2015–2018) to advanced uncer-
tainty quantification (yellow–green, 2022–2025). This shows that

people are starting to realize how complicated DL systems are for
infrastructure applications.

Table 6 shows that both methods have different levels of relia-
bility. ML methods work best when they use sensitivity-based and
local modeling techniques [74, 75]. DL methods work best when
they use Bayesian techniques to estimate uncertainty [76, 77]. The
radar chart in Figure 6 compares five reliability dimensions: relia-
bility estimates, performance metrics, small dataset performance,
IRI application effectiveness, and implementation challenges. ML
works better with small datasets and is easier to set up, which
aligns with Figure 3’s strong link between traditional ML (red
cluster) and practical deployment (cyan cluster). DL shows bet-
ter performance in reliability estimates, performance metrics, and
specialized applications, which fits with its place in the advanced
cluster that focuses on measuring uncertainty.

The yellow–green nodes in Figure 4 show that explainable
AI and uncertainty quantification are becoming more popular.
This means that future improvements will focus on systems that
are clear and aware of their own confidence. Figure 3 shows that

Table 6
Comparison of machine learning and deep learning in terms of reliability characteristics

Aspect Machine learning Deep learning

Reliability estimates Sensitivity-based and local modeling
approaches [74, 75]

Bayesian techniques and uncertainty
estimation [76, 77]

Performance metrics Evaluated using RMSE, MSE, and R²,
[76, 77]

Evaluated using RMSE, MAE, and
correlation coefficients [9, 56, 72, 78, 79]

Data requirements Can perform well with smaller datasets [50] Requires large datasets for training [63]

Application in IRI Effective but varies with domain and noise
levels [51]

High accuracy and robustness in time-series
prediction [78–80]

Challenges Performance varies with data quality and
model properties [50]

Overconfidence and need for large datasets
[63, 81, 82]
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Figure 5
Team size trends over time

Figure 6
Radar comparison of reliability aspects

smartphone sensing-optimization and DL-infrastructure manage-
ment are only weakly connected. This shows that there are chances
for integration. With 95.7% of multi-author studies averaging 3.37
authors, it is clear that improving reliability requires a wide range
of skills across areas such as computer science, transportation
engineering, and data analytics.

This assessment provides practitioners with evidence-based
guidance on choosing a methodology based on data availabil-
ity, the limitations of their computers, and the needs of their
deployment. Bibliometric analysis shows that the strengths of

both ML and DL can be used together. For example, ML can
be used to assess the reliability of a system, while DL can detect
complex patterns in large-scale applications. Current implementa-
tion frameworks indicate that reliability-focused approaches have
reached 20–30% completion, signifying significant progress while
necessitating further development.

3.2.3. Application domains and suitability
ML methods are highly flexible and work well across many

IRI prediction scenarios. Figure 3 shows that traditional ML
applications (red cluster) are in the middle and have strong
connections to practical deployment (cyan cluster: pavement
maintenance, decision-making). Ensemble methods work very
well when there is little data and generalize well [50–52]. ML
models are suitable for real-time pavement management systems
because they are easy to understand and set up [49, 50, 62]. The
temporal analysis in Figure 4 shows that ML has been the focus
of research since its first use (2015–2018, cyan nodes) and is still
in use today (2022–2025, yellow–green nodes). This shows that it
is still helpful in practice.

DL methods are effective at uncovering complex patterns in
large, complete datasets [52, 53]. In Figure 3, DL applications are
in the blue cluster. This shows that they have advanced features and
canmeasure uncertaintywith strong links to reliability analysis.DL
works better when used with other techniques that complement it,
such as deep ensemble algorithms and optimization methods that
leverage different strengths [52]. Collaboration patterns show that
DL applications require larger teams (an average of 3.37 authors)
because they require people with expertise across multiple fields to
handle complex situations. Figure 4 shows that DL has become
morepopular recently (2022–2025, yellow–greennodes). It is oneof
thenewestways tobuild large-scale systems, alongwith smartphone
sensing and explainable AI.

Table 7 summarizes six main areas where AI-driven IRI
prediction is beneficial, ranging from traditional pavement
maintenance to new data collection methods. Current trends
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Table 7
Applications of machine learning and deep learning in pavement and infrastructure management

Application area Techniques used Key benefits Bibliometric evidence

Pavement maintenance Regression trees, SVMs, GPR Timely maintenance, cost
reduction

Red cluster centrality

Infrastructure management OP-ELM, WOPELM, LTPP
data

Performance evaluation,
resource allocation

Cyan cluster prominence

Traffic and environmental impact AADTT, climatic factors Tailored management
practices

Green cluster
connectivity

Advanced predictive models GA-BP, LSTM, DNN,
ensemble learning

High accuracy, improved
generalization

Blue cluster
sophistication

Innovative data collection SSL, smartphone data Cost-effective IRI
estimation

Green cluster centrality

Model interpretability SHAP, feature importance
analysis

Key factor identification,
proactive maintenance

Yellow cluster emphasis

(yellow–green nodes in Figure 4) underscore the need for practical
deployment and real-time implementation, indicating that appli-
cations are getting closer to being ready for use. Figure 3 shows
strong links between methodological approaches (red: AI/ML;
blue: advanced DL) and practical uses (cyan: pavement mainte-
nance, feature importance). This means that knowledge has been
successfully transferred from research to implementation.

Readiness for implementation varies by area. Model inter-
pretability and standardized evaluation are both very ready
(35–40% complete), while advanced predictive modeling and new
ways of collecting data are both medium-term opportunities
(20–30% complete). The temporal analysis in Figure 4 shows
that infrastructure applications progressed from research ideas
(2015–2018, cyan nodes) to technologies ready for use (2022–2025,
yellow–green nodes), indicating that the field has matured. The
green cluster’s popularity (smartphones, condition assessments)
shows that mobile sensing has the potential to be deployed at scale
and at low cost.

Both approaches have shown benefits, but they still face
implementation problems. A bibliometric gap analysis shows that
some domains do not connect very well, suggesting opportunities
for integration. The main problems are that the data is not uni-
form, the models are complex to manage, they are hard to adapt,
they require significant computing power, and they are hard to
validate. To address these, all clusters need to work together, espe-
cially to strengthen the links between smartphone sensing (green
cluster) and uncertainty quantification (blue cluster). With 95.7%
of studies having more than one author, it is clear that overcom-
ing limitations requires long-term partnerships between different
fields. Future development should focus on hybrid approaches
that combine ML interpretability and DL pattern recognition.
The yellow–green nodes in Figure 4 indicate that these integrated
applications are the next big thing and have significant potential
to improve deployment effectiveness.

3.3. Impact of data sources on AI-based IRI
prediction models (RQ3)

New data sources, such as smartphone sensors, crowd-
sourced data, and historical databases, have fundamentally
changed how AI-based IRI predictions work. Smartphone sens-
ing is at the top of the green cluster in Figure 3 (“smart phones,”
“roughness index; smart phones,” “pavement roughness; smart-
phone”). This shows how important it is for modern assessment.

These sources provide rich datasets that make predictions more
accurate, helpful, and scalable, and they also enable us to mon-
itor large areas at low cost. Figure 4 shows that smartphone
approaches are an innovation (2022–2025, yellow–green nodes)
that represent cutting-edge data collection along with advanced
DL and explainable AI. This indicates that the field is moving
toward more accessible and valuable solutions.

Analysis of the data collection (Figure 7) shows a clear
hierarchy: smartphone sensors are now the most common type,
accounting for 38% of all applications. Traditional sources are
still important: LTPP databases (25%) and vehicle sensors (20%)
together make up 45% of approaches. Traditional equipment
(12%) and hybrid methods (5%) round out the picture. Co-
occurrence analysis shows that smartphone sensing (green cluster)
and AI/ML methods (red cluster) co-occur, indicating techno-
logical convergence. But there isn’t much connection between
smartphones and historical database methods, which means there
is a good chance of improving accuracy through data source
complementarity.

3.3.1. Smartphone sensors and mobile applications
Smartphone sensors have transformed AI-based IRI predic-

tion by enabling real-time, large-scale, low-cost data collection. In
Figure 3, smartphone technologies are clearly in the green clus-
ter, with strong connections to central nodes. This shows how

Figure 7
Distribution of data collection methods in recent studies
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important they are to modern research. Smartphones with GPS
and accelerometer sensors can monitor in real time with a fair
amount of accuracy. Still, accuracy depends on the type of vehi-
cle, its speed, and its mounting [52, 58, 59, 60, 83, 84]. Advanced
ML methodologies, such as multilayer perceptron DL models,
improve prediction accuracy and account for real-world varia-
tions [60]. Figure 4 shows that research on smartphones became
a cutting-edge innovation between 2022 and 2025 (yellow–green
nodes).

For a complete evaluation, multiple sensors, including GPS,
gyroscopes, and accelerometers, work together to gather essen-
tial data such as location, vertical acceleration, and vehicle speed
[85–88]. Filtering and reorienting data systematically are two
examples of data preprocessing methods that improve data quality
and make it easier for ML algorithms to work with [86]. Com-
pared to conventional regression techniques, convolutional neural
networks (CNNs) and ANNs efficiently and accurately analyze
sensor data. With a mean squared error (MSE) of 0.56 and a
Pearson correlation coefficient of 0.91, ANNs performed notice-
ably better than traditional regression, which had an MSE of 0.72
and a correlation of 0.88. ANNs are the recommended method
for smartphone-based pavement roughness estimation, given the
16% reduction in error [87, 89].

Smartphones enable us to gather extensive information from
many people, which helps us obtain comprehensive evaluations
of large road networks [60, 90]. Bibliometric analysis reveals that
smartphone-based IRI research requires interdisciplinary teams,
with an average of 3.37 authors per publication. This large team
size reflects the complexity of the research: integrating mobile
technology expertise, signal processing knowledge, and transporta-
tion engineering understanding demands diverse skill sets that
no single researcher typically possesses. The necessity of collab-
oration underscores the need to master hardware specifications,
algorithmic filtering, and pavement mechanics simultaneously.

3.3.2. Crowdsourced data collection systems
Connected and autonomous vehicles equipped with

accelerometers can collect data from many people, enabling
continuous, large-scale monitoring of road conditions [90]. For
example, Figure 3 shows that vehicle sensing and smartphone-
based approaches are somewhat related (green cluster), indicating
that integration work is ongoing and there is room for improve-
ment. Semi-supervised learning algorithms effectively leverage
both labeled and unlabeled data, substantially expanding training
datasets while reducing reliance on costly manual labeling [61].
Figure 4’s time-based analysis shows that these crowdsourcing
methods are part of new trends (yellow–green nodes from 2022
to 2025) that will work well with new smartphone features for
large-scale use.

Crowdsourced data from a multitude of smartphones and
vehicles enhances prediction accuracy and robustness by generat-
ing extensive and diverse datasets [87, 91]. Studies in the real world
show that this method works; for example, research with 29 cars
showed promising results [91]. Figure 4 shows that crowdsourcing
has come a long way, from simple ideas (2015–2018, cyan nodes)
to more complex frameworks (2022–2025, yellow–green nodes).
This means that it is ready to be used. Figure 3 also shows that the
green cluster is significant because it is so big and has strong links
to condition assessments. This shows how vital crowdsourcing is
for monitoring pavement right now.

3.3.3. Historical databases and legacy systems
Historical databases, especially the LTPP dataset, are essen-

tial for training and testing strong IRI prediction models. These

large datasets contain important information on how traffic
patterns, weather, and maintenance histories affect pavement per-
formance [53, 55, 57, 64, 69]. Bibliometric analysis shows a strong
connection between historical sources (“ltpp; machine learning,”
cyan cluster in Figure 3) and traditional ML approaches (red clus-
ter). This shows that they are still crucial for establishing baseline
performance. Figure 4 shows that LTPP use has been steady from
the early days of AI/ML adoption (2015–2018, cyan nodes) to
the present day (yellow–green nodes). This shows that it is still
helpful for model development, benchmarking, and comparative
analysis.

Combining historical data with physics-based models makes
predictions much more accurate and stable. Physics-guided neu-
ral networks and physics-integrated ML models work better when
they use known physical behaviors to learn [55, 92]. This hybrid
method combines data-driven capabilities with fundamental engi-
neering knowledge to create stronger systems that can be used in
more situations.

By systematically combining diverse data sources, such as
historical databases, mobile sensing, and crowdsourced data, we
can make much more accurate predictions by accounting for
all the factors that affect roughness [55, 64, 69, 92]. Figure 3’s
network analysis shows that successful integration needs coordi-
nation across clusters. It needs to strengthen the links between
smartphone sensing (green cluster) and traditional methods (red:
AI/ML methods; cyan: infrastructure applications). The lack of
strong connections between the green and blue clusters (advanced
DL) suggests opportunities to combine smartphone data with
advanced DL architectures. The changes over time shown in
Figure 4 indicate that future research should focus on closing these
gaps so that the strengths of different data sources and analytical
methods can be used together.

3.3.4. Temporal adoption patterns and evolution
Figure 8 shows a detailed look at how the use of differ-

ent data sources for IRI prediction has changed from 2010 to
2025. It examines four paths: smartphone sensors, crowdsourced
data, traditional equipment, and historical databases. The study
shows that there have been significant changes in how things are
done.

For example, crowdsourced and smartphone methods went
from 5% and 2% in 2010 to 85% and 75% in 2025, respec-
tively. On the other hand, the use of traditional equipment
dropped from 90% to 50%. At the same time, historical databases
remained essentially unchanged, with only slight increases, indi-
cating that they remain essential even with new technology. This
change shows how traditional instruments are being replaced by
mobile sensing technologies that are easier to use, cheaper, and
scalable.

The analysis shows significant changes in how things are
done. For example, crowdsourced and smartphone methods went
from 5% and 2% in 2010 to 85% and 75% in 2025, respectively.
On the other hand, the use of traditional equipment dropped from
90% to 50%. Historical databases remained essentially unchanged,
with only slight increases, indicating they remain essential even
as technology has improved. This change shows how tradi-
tional instruments are gradually being replaced by mobile sensing
technologies that are easier to use, cheaper, and more scalable.

The points where the trend lines cross in Figure 8 give
important information about when to switch methods. Biblio-
metric temporal analysis (Figure 4) supports these patterns by
showing that mobile sensing research began in 2015 and accel-
erated from 2022 to 2025 (yellow–green nodes). The systematic
implementation framework indicates that innovating data sources
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Figure 8
Trend of data source adoption (2010–2025)

is a medium-term priority (20% complete), indicating that the
company is ready for faster growth through strategic investment.
Collaboration patterns show that successful integration requires
long-term partnerships among people from diverse fields, such as
mobile technology, transportation engineering, and infrastructure
management.

3.3.5. Cost-effectiveness and accessibility impact
Sensors in smartphones and crowdsourced data collection

are much cheaper than traditional equipment [60, 83, 84, 93].
This economic advantage enables more frequent and thorough
monitoring programs, which are especially beneficial for agencies
with limited resources and in developing areas. Smartphones and
connected cars that are always on make IRI assessments happen
more often and in more places [60, 90, 94]. Bibliometric analysis
shows that this improved ability pushes current research toward
real-time processing and practical use (yellow–green nodes in
Figure 4).

3.3.6. Future development and integration opportunities
The bibliometric gap analysis shows little connection among

different data source approaches, suggesting many opportunities
to integrate them. The low percentage of mixed methods (5% in
Figure 7) indicates significant room for improvement in frame-
works that use multiple source types to make them more accurate
and reliable. Future research should emphasize standardizing
data collection protocols, developing interoperability frameworks
across sources, and establishing quality assurance methodologies
that ensure reliability across different approaches. Standardiza-
tion efforts like these will make it easier for more people to use
AI-driven IRI prediction in operational pavement management,
helping the field move toward more complete and cost-effective
infrastructure monitoring.

3.4. Implementation challenges in AI-driven IRI
prediction (RQ4)

The implementation of AI-driven models for real-time
IRI prediction in road condition monitoring and infrastruc-
ture management encounters numerous significant challenges that
necessitate systematic resolution. The bibliometric analysis shows

that implementation challenges are a significant area of research,
and the sparse connections in Figure 3 indicate that some areas
need more attention. The systematic review shows that technol-
ogy has come a long way. However, there are still gaps between
research capabilities and operational deployment that make it
hard for AI-driven IRI prediction systems to be widely used.

3.4.1. Challenge prioritization and research focus
Figure 9 shows five major problems that AI-driven IRI pre-

diction models face when they are put into use. The most impor-
tant barriers are computational efficiency and scalability (85%),
followed by data heterogeneity and integration issues (80%).
Model complexity and interpretability are major problems (75%),
while integration with existing systems (70%) and environmental
variability (65%) are also significant problems but easier to
address. Figure 3’s bibliometric gap analysis identifies key areas
that need improvement, such as the weak connection between
smartphone sensing (green cluster) and uncertainty quantification
(blue cluster). This shows how important it is to set research pri-
orities. These patterns show that technical problems, such as the
need for more computing power and the need to combine data,
are dealt with more quickly than contextual problems.

Figure 4 shows that research focused on implementation has
become more popular recently (2022–2025, yellow–green nodes).
This shows that the field is moving from proof-of-concept tech-
nologies to those ready for deployment. However, the fact that
challenges keep arising shows that coordinated, long-term efforts
are needed to prepare for operations and address methodological
gaps.

3.4.2. Technical barriers and system integration
Heterogeneous sensor data from diverse vehicle types and

mobile devices present significant integration challenges for trans-
portation engineering research. Accelerometers, GPS units, and
gyroscopes collected from different devices produce incompati-
ble measurements requiring sophisticated cross-device calibration
protocols. Without standardized calibration, systematic errors
accumulate—data from iPhone accelerometers may differ sub-
stantially from that from Android devices, compromising model
training and field validation [94]. Bibliometric analysis demon-
strates that data integration issues connect various research
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Figure 9
Challenges in implementing AI-driven IRI prediction models

clusters (Figure 3), highlighting their interdisciplinary character-
istics. Inconsistent collection practices and gaps in historical data
make it much harder to train models. Regional limitations, such
as incomplete records in countries like Laos, make calibration
harder and limit its use worldwide [67]. Collaboration patterns
show that dealing with data heterogeneity often requires larger
teams (an average of 3.37 authors), indicating that people from
different fields, such as transportation engineering, computer
science, and data analytics, need to work together.

Advanced ML models, especially ANNs and DL tech-
niques, often operate as “black boxes,” making predictions
difficult to interpret [55]. Bibliometric analysis demonstrates
robust interconnections between explainability (represented by the
“shapely additive explanations” in the red cluster) and AI/ML
methodologies, while exhibiting limited associations with prac-
tical implementation (illustrated by the cyan cluster). This lack
of transparency makes it harder to adopt, as decision-makers
need to know why the prediction was made to plan mainte-
nance. Figure 4 shows that explainable AI research has become
more popular in the last few years (2022–2025, yellow–green
nodes). This suggests that people are becoming more aware of
the need for interpretability. The current focus on SHAP and
feature importance indicates that the field is maturing toward
reliable systems necessary for the acceptance of infrastructure
management.

AI models often perform well on training data but struggle
with data they have not seen before, undermining their accu-
racy and reliability in real time [55]. Ensuring model stability
demands rigorous validation frameworks and extensive testing
across diverse pavement conditions, traffic patterns, and climatic
scenarios. Bibliometric network analysis reveals that generaliza-
tion failures cluster in specific research domains: advanced DL
methods (with a focus on uncertainty quantification) remain
poorly integrated with infrastructure management applications
(with a focus on practical deployment). This connectivity gap
represents the field’s critical strategic priority—bridging prob-
abilistic uncertainty methods with actionable decision-support
frameworks to achieve deployment-ready systems.

3.4.3. Data quality and environmental adaptation
Changes in traffic patterns and weather can significantly

affect pavement conditions, making accurate predictions diffi-
cult without advanced modeling. The effects of temperature and
precipitation on IRI vary widely across regions, so different cal-
ibration methods are needed for each region [65, 69]. Figure 3
shows a moderate relationship between environmental factors and
core methodologies. This suggests that there are ways to integrate
climate factors better. Real-time monitoring models must demon-
strate their ability to adapt to rapidly changing conditions. This
means they need to be updated and collect data continuously,
which can be expensive [95]. The systematic implementation
framework states that adaptive modeling is a medium-term prior-
ity (20–30% completion), indicating that significant progress has
been made, but more is needed.

Real-time prediction systems need to handle changing
weather, seasonal shifts, and evolving traffic patterns. This means
that online learning must be highly advanced and that adaptable
architectures must be able to adapt without losing accuracy. Tem-
poral analysis (Figure 4) shows that research on adaptive systems
has moved from basic ideas (teal nodes) to methods ready for use
(yellow–green nodes). This shows that the methods are getting
better.

3.4.4. Computational and deployment constraints
Training and real-time inference for advanced AI models,

especially DL architectures, require substantial computing power
[96]. This demand makes things very difficult in places where
resources are scarce and makes it hard for organizations with
limited infrastructure to use them. Figure 3 shows that compu-
tational efficiency is in the optimization cluster (purple) and is
connected to AI/ML methods (red), but it is not well integrated
with practical deployment (cyan cluster). There are a few con-
nections between optimization and smartphone sensing (green),
indicating missed opportunities to develop more efficient mobile
models. Recent research (2022–2025, yellow–green nodes) appears
to be increasingly using Bayesian optimization and ensemble
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methods to address this. However, systematic integration with
limited-resource scenarios remains an active area of research.

It is tough to ensure a system can handle large road networks
while remaining accurate. Ensemble learning and hyperparameter
optimization improve accuracy, but they also make the computer
work much harder [64]. Collaboration patterns show that com-
putational optimization often involves teams that work closely
together (46.8% with 4 or more authors), underscoring the dif-
ficulty of finding the right balance between performance and
efficiency.

New pavement management systems require careful consid-
eration of compatibility, data exchange protocols, and decision-
support frameworks to work effectively with existing ones [97]. AI
models need to make predictions that are useful for maintenance
planning while remaining simple enough to use. Bibliometric anal-
ysis shows that there are not many connections between advanced
AI (red cluster) and infrastructure management (cyan cluster) in
Figure 3. This means that there are significant gaps in integration.
The systematic implementation framework suggests that integrat-
ing infrastructure should be a short- to medium-term priority.
Standardized evaluation indicates the project is about 35–40%
complete, but full integration will require significant work.

3.4.5. Strategic challenge resolution framework
Table 8 summarizes the main challenges in using AI-driven

IRI prediction models. It does this by grouping them by how
hard and how important they are to implement. The systematic
analysis shows that these problems can only be solved with a vari-
ety of methods that improve data collection, make models more
straightforward to understand, ensure accurate predictions, and
keep calculations quick.

The five challenge categories—data heterogeneity, model
interpretability, environmental adaptation, computational con-
straints, and standardization gaps—demand systematic, interdis-
ciplinary methodologies. A high level of collaboration (95.7%
of publications with more than one author) shows that this
complexity is understood. Bibliometric analysis shows that suc-
cessful resolution needs coordinated work across many areas. The
Figure 3 gap analysis identifies key opportunities, includ-
ing improving integration between smartphone sensing and
optimization methods, combining DL with infrastructure appli-
cations, and linking explainable AI with real-world deployment

frameworks. If we address these issues systematically, AI-driven
IRI prediction will be widely adopted in pavement management.

4. Discussion

4.1. Synthesis of key findings

4.1.1. Bibliometric insights and research evolution (RQ1)
The thorough literature review and bibliometric analysis

of AI-driven IRI prediction models uncover substantial evolu-
tionary trends and indicators of research maturity across all
investigated research questions. The systematic examination of 49
papers from 2008 to 2025 indicates that ML and DL methodolo-
gies achieve remarkable IRI prediction accuracy, with R² values
often surpassing 0.90 [49–52]. Additionally, the bibliometric net-
work analysis (Figure 3) identifies six distinct thematic clusters,
indicating a mature, well-structured research ecosystem. The tem-
poral overlay visualization (Figure 4) clearly shows how the
methods have changed over time, from basic statistical methods
(2008–2015, dark blue nodes) to ML integration (2015–2020, teal
nodes) to advanced AI implementation (2022–2025, yellow–green
nodes). This shows that the field is developing systematically, with
knowledge building rather than paradigm shifts.

4.1.2. Methodological maturity and performance excellence
(RQ2)

A performance comparison shows that traditional ML and
advanced DL approaches have strengths that complement each
other, with each being best suited to a particular situation
[49, 52, 68]. Traditional ML is better at being understandable and
faster to compute, making it a good choice for environments with
limited resources and where transparency and stakeholder under-
standing are important. DL works best with big, complicated
datasets. It can find sophisticated nonlinear patterns, making it
more accurate when there is a lot of data [66, 93]. Bibliometric
analysis confirms this diversity through unique cluster position-
ing: the blue cluster, which represents traditional ML, maintains
strong connectivity to practical deployment, while the red clus-
ter, which includes advanced AI, is becoming more prominent in
recent research.

The yellow–green nodes in Figure 4 show that current trends
(2022–2025) are focusing on explainable AI, uncertainty quantifi-
cation, and real-time deployment. This means that the strategy

Table 8
Summary of challenges in deploying AI-driven IRI prediction models

Challenge category Description Bibliometric evidence
Implementation

priority

Data heterogeneity and
integration

Variability in sensor data and
inconsistent data quality [67, 94]

Sparse connectivity between
green and blue clusters

High (80%)

Model complexity and
interpretability

Black-box nature and overfitting issues
in AI models [55]

Yellow cluster centrality
with limited deployment
bridges

High (75%)

Environmental and traffic
variability

Impact of climatic and traffic conditions
on IRI [65, 69]

Moderate environmental
factor integration

Medium (65%)

Computational efficiency and
scalability

High computational requirements and
scalability issues [96], burden [64]

Purple cluster optimization
focus

Critical (85%)

Integration with existing
systems

Compatibility with current pavement
management systems [66]

Sparse blue–cyan cluster
connectivity

High (70%)
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is moving toward systems that can be used in practice that bal-
ance accuracy with interpretability and reliability. This change
shows that the field has moved beyond simply making things more
accurate to also considering the basic requirements for deploying
operational pavement management.

4.1.3. Data source transformation and integration success
(RQ3)

New data sources have completely changed IRI’s ability to
make predictions. The green cluster in Figure 3, which shows
mobile sensing technologies, is a good example of this. Smart-
phone sensors changed the game by enabling large-scale, low-cost
data collection, which helped both standalone monitoring and the
improvement of traditional systems [58–60]. Crowdsourced meth-
ods leverage mobile devices everywhere to create large datasets
across large networks with never-before-seen spatial and tem-
poral coverage [83, 84]. Smartphone methods, on the other
hand, have several drawbacks, including sensor calibration issues,
inconsistent data quality, and environmental factors that affect
measurement consistency [58].

Historical databases like LTPP continue to provide us with
important basic data and rich, long-term trends in deterioration,
which help with model training and validation. Figure 3 shows
strong connections between these different sources, which have
greatly improved both accuracy and practical reliability. Biblio-
metric analysis shows that “smartphone” and “mobile sensing”
are at the center of the green cluster and have strong links to other
methodological clusters. This confirms their important role and
successful integration with more advanced analytical methods.

4.1.4. Implementation challenges and strategic research gaps
(RQ4)

Even though technology has come a long way, AI-powered
IRI prediction for real-time operational monitoring still faces
problems identified through systematic analysis and bibliometric
gap assessment [53, 89, 98]. Technical challenges include manag-
ing data heterogeneity, optimizing model complexity, and meeting
computational needs. Environmental and traffic variability, on
the other hand, makes predictions less confident, which is why
the blue cluster (Figure 3) [57, 66] has advanced quantifica-
tion methods. Recent research has shown that there are specific
problems, such as the inability to scale, difficulty integrating
with existing systems, and the need for standardized validation
frameworks [49, 52].

A bibliometric gap analysis reveals significant connectivity
problems between cluster pairs in Figure 3. For example, there are
a few connections between smartphone sensing (green cluster) and
uncertainty quantification (blue cluster), and between optimiza-
tion approaches (purple cluster) and infrastructure management
(cyan cluster). These patterns show which areas need special atten-
tion in order to be successfully deployed. Figure 4 shows that
compatibility requirements, usability frameworks, and decision-
support mechanisms are becoming more important in current
research (2022–2025, yellow–green nodes). These are all factors
to consider when integrating with existing pavement manage-
ment systems. Strengthening these connections between clusters
is the most important step toward making AI-powered pavement
management systems work.

4.2. Practical implications for pavement management

Combining the results of literature reviews with bibliomet-
ric insights yields several important real-world implications for

pavement management professionals. These are organized by
research maturity level and implementation readiness, determined
through temporal analysis. The systematic implementation frame-
work (Figure 10) shows that some applications are ready for
immediate use. In contrast, others require more time and money
to develop, helping prioritize technology adoption strategies
based on evidence.

4.2.1. Immediate implementation opportunities
AI-based IRI prediction models have been tested across 49

studies, with an average citation impact of 12.56 per paper. This
means they are very accurate and can support proactive mainte-
nance planning, which can change how maintenance is performed
[66, 51, 93]. The most important research shows that stacking
fusion models can get R² values of 0.996 [51]. Smartphone-based
methods, on the other hand, show practical accuracy levels that
are good enough for operational use, even though they have some
measurement problems. Recent research focused on infrastructure
management and decision support (the cyan cluster in Figure 3) is
a strong sign that the system is ready for use, enabling authorities
to make the best use of their resources and to time interventions.
This feature enables data-driven decisions, reducing costs while
prioritizing interventions based on predicted conditions rather
than historical data.

Standardized evaluation frameworks (40% completion) and
model interpretability approaches (35% completion) are ready
for immediate use, as shown by the temporal progression
(Figure 4) and the implementation timeline (Figure 10). A high
level of collaboration (95.7% of papers with more than one
author) and distributed research leadership suggest broad agree-
ment within the community on methodological approaches,
making it easier for organizations to standardize quickly.

4.2.2. Strategic technology selection framework
Cluster analysis shows that there are many different ways

to do things, allowing the selection of algorithms based on
evidence and tailored to each organization’s needs, goals, and
limitations. The bibliometric analysis shows that traditional ML
methods (blue cluster) remain very useful for companies with
small datasets, limited computing power, or strict requirements
for the ease of understanding the results. These methods, such as
Random Forest and Gradient Boosting, are very good at both
understanding the results and using less computing power.

On the other hand, companies with large amounts of data
and advanced computing infrastructure can leverage the advanced
pattern recognition capabilities of DL models (red cluster), mainly
when these models are used with methods for measuring uncer-
tainty to make them more reliable and support confidence
assessment. The implementation timeline (Figure 10) shows that
transfer learning approaches (25% complete) hold promise for
organizations looking to use advanced models in environments
with limited data. These approaches enable advanced technology
to be adopted even when little data is available.

4.2.3. Mobile sensing technology transformation
The prominence of mobile sensing technologies in the biblio-

metric analysis (green cluster centrality in Figure 3) demonstrates
the transformative potential of smartphone-based monitoring
systems, offering value for regions with limited funding for tra-
ditional monitoring equipment. The analysis of collaboration
patterns shows that 95.7% of research involves teams of multiple
authors, with an average of 3.37 authors per team. This shows that
mobile sensing implementation needs knowledge from a variety
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Figure 10
Recommended implementation timeline

of fields, including transportation engineering, computer science,
and data analytics.

These systems enable ongoing, thorough condition assess-
ments at a much lower cost than with specialized equipment. At
the same time, the growing number of research papers (80.9% of all
papers published since 2022) suggests that technology is advancing
rapidly and becoming easier to use. Organizations should make
mobile sensing a top priority to increase monitoring coverage and
reduce operational costs. They should also build up their own skills
to support interdisciplinary implementation teams.

4.2.4. Advanced integration and hybrid approaches
According to the gap analysis between clusters in Figure 3,

combining data-driven methods with physics-based knowledge
is a long-term strategic opportunity. Physics-informed neural
networks are considered long-term goals (20% completion in
Figure 10). However, their development path leads to models that
are more robust and can be used in more situations with less
data than pure DL methods [51, 57]. However, hybrid approaches
are hard to implement because they make models more complex,
require more computing power, and require domain knowledge
to combine physical principles with data-driven learning [52, 68].
This is a good but difficult choice for businesses that want more
advanced features without spending a lot of money on data
collection.

The bibliometric analysis shows that this area is an up-
and-coming research frontier, with weak connections between
theoretical foundations and real-world applications suggest-
ing significant room for new ideas and practical applications.
The systematic collaboration patterns and increasing team sizes
(Figure 5) demonstrate the field’s preparedness for the intricate
interdisciplinary partnerships necessary to develop and implement
these hybrid approaches effectively.

4.2.5. Strategic implementation roadmap
Pavement management groups should prioritize quickly

adopting standardized evaluation frameworks and interpretability
tools. At the same time, they should work on building strate-
gic partnerships that fit with the collaboration patterns found
in the bibliometric analysis. The method supports incremental
technology adoption and skill development as technologiesmature.

The temporal progression analysis (Figure 4) and the imple-
mentation readiness assessment (Figure 10) together make it clear
how to adopt new technologies in the correct order: first, focus
on standardization and mobile sensing; then, invest in transfer
learning and uncertainty quantification in the medium term; and
finally, develop physics-informed hybrid systems in the long term.
This roadmap ensures capabilities are built in a planned way and
that technology investments deliver the greatest return by using
evidence-based timing for adoption.

4.3. Limitations of current AI approaches

The results of AI-based IRI prediction research look good,
but there are still a few big problems that need to be solved.
The biggest problem is that many advanced models and intensive
learning systems act like “black boxes.” We can see what they pre-
dict, but it is hard to figure out how they get there. Because of
this lack of openness, engineers and decision-makers find it hard
to trust and use these models in real-life situations where they
need to manage pavement. Another big worry is that most models
are developed and tested on specific types of roads or in specific
areas, which raises questions about whether they will perform well
in other places or on other types of pavements.

Many researchers also put a lot of effort into making the most
accurate predictions they can, but they do not pay enough attention
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to how quickly computers can perform them. This is especially
important when we need to monitor road conditions in real time.
Also, these models might struggle to adapt to new deterioration
scenarios or changing climate conditions that were not present in
their training data, as they rely heavily on patterns from the past.
It is also hard to compare results directly because different studies
use different data sources, methods, and evaluation methods. This
shows how important it is to have standardized benchmarking
datasets and consistent evaluation metrics in this field.

4.4. Study limitations

This research methodology, although thorough, has sev-
eral limitations that readers should consider when analyzing the
results. Publication bias is a significant problem because jour-
nals tend to publish only positive results, potentially missing
cases where AI methods did not perform as well as they should
have. The search was limited to the Scopus and IEEE Xplore
databases, which, while comprehensive, might have omitted per-
tinent research from alternative sources or regional publications.
The bibliometric analysis focused on English-language publica-
tions, potentially introducing a language bias that does not fully
reflect all research on AI-driven pavement assessment worldwide.
This database and language focus may have made it harder to
get contributions from countries where English is not the first
language or from specialized regional journals that offer helpful
information about different methods and uses [99].

4.5. Future research guidance framework

4.5.1. Priority research directions and implementation timeline
Figure 10 shows a systematic implementation timeline

that groups priorities into short-term (1–2 years), medium-term
(3–5 years), and long-term (>5 years) frameworks based on a
thorough bibliometric analysis. Foundational areas like model
interpretability and standardized evaluation have made signifi-
cant progress (35% and 40% completion), putting them in a good
position to make quick progress in the short term. Three impor-
tant priorities come to light: (1) mobile sensing systems that are
aware of uncertainty and fill the gap between mobile technologies
and reliability quantification; (2) explainable AI for infrastructure
deployment that combines advanced capabilities with practical
management; and (3) hybrid optimization-DL approaches that
combine computational efficiency with better accuracy. These pri-
orities align with medium-term goals, including transfer learning
(25% complete), real-time processing (30% complete), and uncer-
tainty quantification (20% complete). This shows that a lot of
work is underway that could lead to significant improvements.

4.5.2. Methodological integration opportunities and strategic
research areas

Figure 3’s network analysis identifies specific integration
opportunities by examining how closely and connectedly different
clusters are. This shows high-potential areas that match the imple-
mentation timeline priorities. Combining mobile sensing with
methods for measuring uncertainty (green and red clusters) aligns
with the medium-term goals shown in Figure 10. Connecting opti-
mization algorithms with DL (purple and red clusters) supports
hybrid computational frameworks, while connecting explainable
AI with real-time deployment (yellow and cyan clusters) sup-
ports short-term goals to make things easier to understand. These
integration points are grounded in theory and valuable in prac-
tice. The moderate connectivity between cluster pairs shows that

they are ready for systematic development along the proposed
timeline.

4.5.3. Systematic research development framework
The implementation timeline in Figure 10 shows a structured

approach with seven research paths working together. Short-
term goals include making models easier to understand using
explainable AI (35% complete) and creating standardized evalua-
tion frameworks with benchmark datasets (40% complete). Some
of the medium-term goals are to use transfer learning in data-
scarce areas (25% complete), improve real-time processing with
edge computing (30% complete), and measure uncertainty with
probabilistic methods (20% complete). Long-term goals include
integrating multimodal data from smartphones, vehicles, remote
sensing, and traditional monitoring (15% complete) and physics-
informed neural networks that combine data-driven learning with
models of physical deterioration (20% complete). This structured
progression enables systematic field advancement while balanc-
ing the need for immediate implementation with the need for
long-term changes that will transform the field.

4.5.4. Research collaboration strategy and resource allocation
Thematic cluster analysis and the implementation timeline

indicate the best ways to work together that align with the
priority order. Short-term collaborations should emphasize part-
nerships between researchers in model interpretability and experts
in standardization to expedite the development of transparent
evaluation frameworks. In the medium term, partnerships should
bring together mobile technology experts with uncertainty quan-
tification theorists, optimization experts with DL researchers, and
transfer learning specialists with domain adaptation practitioners.
For physics-informed approaches, long-term projects need strong
partnerships between experts in physics-based modeling and neu-
ral networks. For multimodal data integration, they also need
interdisciplinary teams comprising experts in remote sensing, IoT
development, and infrastructure. Figure 3 shows that the clusters
are well connected, indicating that the field is ready for effective
interdisciplinary collaboration while preserving specialized areas.
This supports the systematic progression shown in Figure 10.

4.5.5. Implementation strategy and funding prioritization
This framework provides researchers and funding organiza-

tions with a straightforward way to decide which investments to
make to improve AI-driven IRI prediction over the next 10 years.
Figure 10 shows the current levels of achievement and the remain-
ing requirements in a green-to-gray progression. This allows for
evidence-based resource allocation. Immediate funding should
focus on model interpretability and standardization because they
are at an advanced stage of development and are very important.
Medium-term investments should support projects that are mak-
ing moderate progress but require ongoing work, such as those
that address uncertainty, transfer learning, and real-time pro-
cessing. Long-term strategic funding should focus on technically
challenging multimodal integration and physics-informed neural
networks that, although only 15–20% complete, have the poten-
tial to change the game. This prioritization of time ensures that
knowledge builds over time while also meeting immediate needs
and setting the stage for ongoing innovation in the field through
carefully planned efforts.

5. Conclusion

This SLR and bibliometric analysis of 49 studies from 2008
to 2025 thoroughly delineate the current status, development,
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and future direction of AI-driven IRI prediction, addressing four
essential research questions that highlight both accomplishments
and prospects in this rapidly advancing domain.

Both ML and DL methods are very good at predicting IRI
(R² > 0.90), but each has strengths that make it better suited to
different situations. Traditional ML methods such as Random
Forest, XGBoost, and Gradient Boosting are better at explaining
their results and using less computing power. This makes them
great for applications that need transparent decision-making and
environments with limited resources. DL models (LSTMs, neu-
ral networks, deep ensembles) perform best with large, complex
datasets and can be highly accurate (up to 98.74%) even though
they require substantial computing power. This variety of meth-
ods shows that the field is strong, not fragmented, and allows
practitioners to choose the ones that work best for their needs and
goals.

Bibliometric analysis shows that the field has grown
systematically across four distinct time periods: foundational
establishment (2008–2015), ML integration (2015–2020), opti-
mization focus (2020–2022), and advanced AI implementation
(2022–2025). Six thematic research clusters illustrate extensive
knowledge encompassing data collection, algorithmic optimiza-
tion, and practical deployment. The high level of collaboration,
with 95.8% of papers having more than one author and average
team sizes growing from 2.40 (2008–2017) to 3.56 (2022–2025),
indicates that methods are becoming more complex and that
disciplines are working together more effectively.

New data sources have completely changed how well we can
make predictions. Smartphone sensors are the most common type
of sensor used in apps today (38%). They make it possible to
collect data cheaply and easily. Crowdsourced vehicle data enables
continuous monitoring at scale, and historical databases (LTPP)
provide rich training datasets that reveal long-term patterns of
deterioration. Strong connections between clusters in bibliometric
networks show that AI methods can successfully combine data
from many different sources.

Even though technology has come a long way, five major
obstacles make it hard for widespread use: (1) data from dif-
ferent sensors and vehicles is not uniform, so it needs complex
integration frameworks; (2) limited model interpretability makes
it hard for stakeholders to trust it and for regulators to approve
it; (3) computational efficiency limits make real-time applica-
tions difficult; (4) environmental variability affects prediction
reliability; and (5) integration problems with existing pavement
management systems make it hard to adopt. A bibliometric
gap analysis shows that there is not much connection between
important areas (mobile sensing–uncertainty quantification, opti-
mization–infrastructure management), indicating what research
should focus on.

Our evidence-based implementation framework sets seven
research priorities, each with a different time frame: immedi-
ate opportunities in explainable AI and standardized evaluation
frameworks; medium-term development of transfer learning and
real-time edge computing; and long-term advancement of physics-
informed neural networks, digital twins, and multimodal data
fusion. These strategic directions, which are based on systematic
gap analysis and supported by bibliometric evidence, set the stage
for the field to move from proof-of-concept research to widespread
practical use.

The combination of mature predictive methods, differ-
ent data sources, large research collaboration networks, and
clear deployment plans shows that AI-driven IRI prediction
is now ready for widespread use. This will lead to significant

improvements in how we manage pavement and better use of
global infrastructure resources.
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Nomenclature

Acronym Definition

AADTT Annual Average Daily Truck Traffic

AI Artificial Intelligence

ANFIS Adaptive Network-Based Fuzzy Inference System

ANN Artificial Neural Network
BAS Beetle Antennae Search
CESAL Cumulative Equivalent Single-Axle Load

CNN Convolutional Neural Network
CRCP Continuously Reinforced Concrete Pavement

DL Deep Learning

DNN Deep Neural Network

ESALs Equivalent Single Axle Loads

FWD Falling Weight Deflectometer

GA Genetic Algorithm

GBDT Gradient Boosting Decision Tree

GPS Global Positioning System

GPR Gaussian Process Regression

IRI International Roughness Index

IRI(I) Initial Roughness expressed as IRI, m/km

JPCP Jointed Plain Concrete Pavement
KESAL Equivalent Single-Axle Loads in Thousands

LR Logistic Regressor

LSTM Long Short-Term Memory

LTPP Long-Term Pavement Performance

LWD Light Weight Deflectometer

MAE Mean Absolute Error
MAPE Mean Absolute Percentage Error

MDI Mean Decrease in Impurity

ML Machine Learning

MLP Multilayer Perceptron

MLR Multiple Linear Regression

MSE Mean Squared Error

OP-ELM Optimally Pruned Extreme Learning Machine

PCI Pavement Condition Index
PGNN Physics-Guided Neural Network

PMS Pavement Management System

PRISMA Preferred Reporting Items for Systematic Reviews and Meta-Analyses

PSO Particle Swarm Optimization

RF Random Forest
RMSE Root Mean Squared Error

RNN Recurrent Neural Network
RQ Research Question

SHAP SHapley Additive exPlanations

SLR Systematic Literature Review

(Continued)
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(Continued)
Acronym Definition

SSL Semi-Supervised Learning

SVM Support Vector Machine

SVR Support Vector Regressor

TFAULT Total Joint Faulting cumulated per km

TPE Tree-structured Parzen Estimator
VOSviewer Visualization of Similarities Viewer
WOPELM Wavelet-Optimally Pruned Extreme Learning Machine

XGBoost Extreme Gradient Boosting
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