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Abstract

The forecasting of road surface conditions is a pivotal component for intelligent trans-
portation systems, in terms of supporting maintenance planning, safety and mobility
management. The increasing availability of large-scale monitoring data, collected from
passenger vehicle fleets, enables the development of data-driven forecasting approaches.
However, systematic comparisons between classical time-series models and machine-
learning methods in this context remain limited. The proposed benchmarking framework
evaluates direct road surface roughness forecasts at 1-, 7-, 14-, 30-, and 90-day horizons
using multi-year vehicle-derived data collected across heterogeneous road segments. Daily
roughness indicators are derived from raw measurements and modeled following a consis-
tent, segment-wise experimental protocol. The proposed analysis involves the evaluation
of multiple machine-learning regressors including Ridge, Random Forest and Gradient
Boosting which are trained on lagged observations and rolling statistics. Performance
of the models is assessed using two error metrics: unweighted and uncertainty-aware
weighted. Findings indicate significant variations in predictive accuracy and robustness
across models and segments, emphasizing the influence of feature-based learning strategies
and data-quality weighting. The research provides a scalable and transparent methodology
for evaluating forecasting models on vehicle-based road monitoring data, contributing
practical guidance for the deployment of artificial intelligence in Intelligent Transport
Systems (ITSs).

Keywords: road maintenance; machine learning; intelligent transport systems

1. Introduction
The surface quality of road networks is a paramount important factor and key deter-

minant of transport system performances [1]. Therefore, its assessment is a core concern in
pavement management systems and Intelligent Transportation Systems (ITSs) [2,3]. The
presence of surface irregularities (e.g., cracks, potholes, roughness, etc.) mainly affects
driver safety [4–6] and generally reduces reliability [7] since rougher or deteriorated pave-
ments can influence vehicle stability [8], braking behavior [9], and crash occurrence or
severity [10].

Furthermore, it exhibits a broad set of operational, economic, environmental, and
driver comfort outcomes [11–13]. Poor pavement condition is associated with higher vehicle
dynamic loads [14], reduced driving comfort [15] and increased operating costs [16].
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Due to these wide-ranging effects, continuous road condition monitoring is essential
for effective infrastructure asset management. At the network level, agencies typically
track a combination of functional indicators, including roughness, rutting, cracking, surface
distress, skid resistance and bearing capacity in order to support maintenance prioritization
and resource allocation [17–19]. Among functional indicators, road roughness is one of
the most widely adopted [20] because it directly reflects pavement serviceability and
can be measured comparatively efficiently over large networks. In addition, it is widely
utilized by road agencies to select the treatment type of pavement sections [21,22]. The
International Roughness Index (IRI) is an established longitudinal roughness metric, which
has become the global reference standard for quantifying longitudinal unevenness [23]. IRI
is a dimensionless indicator (mm/m or km/m) computed from a measured longitudinal
profile through a quarter-car model [24,25]. It expresses the accumulated suspension motion
of a reference vehicle per unit distance traveled. Due to the fact that IRI is characterized by
standardization, interpretability, and a robust correlation with ride quality, it is employed
extensively in pavement management systems and condition surveys on a global scale.

Despite its central role, common pavement monitoring remains constrained by im-
portant operational limitations. Conventional survey methodologies are predicated on
the utilization of specialized inspection vehicles (i.e., inertial profilers, laser-based sys-
tems, dedicated field campaigns, etc.) that are costly, logistically demanding, and often
necessitate manual data collection [26]. Especially on secondary and lower-volume roads,
full-network inspections cannot usually be performed at the frequency because the extent
of these networks and the cost of conventional surveys limit continuous monitoring [27].
Historically, pavement-condition data have often been collected at annual or multi-annual
intervals, with some agencies also relying on partial or sample-based surveys to reduce
costs. While these practices can provide useful insights of network condition, their tem-
poral resolution is generally insufficient for time-sensitive maintenance decisions and for
tracking short-term changes in pavement performance. As a result, early deterioration
trends, seasonal variability and localized abnormal conditions may remain undetected
until they become more severe [28,29].

These shortcomings are particularly significant in the context of future ITSs, where
infrastructure monitoring is increasingly moving toward continuous, networked, and
scalable sensing architectures [30]. The emergence of connected vehicles, embedded
sensors, smartphones, and fleet-based telematics is transforming the way to monitor
road conditions [31–33]. This transition enables a move from episodic surveying to quasi-
continuous monitoring and opens the possibility of real-time infrastructure awareness.
Recent work on connected-vehicle and floating car data (FCD) shows that vehicle-derived
observations can support network-level estimation of pavement roughness and related
indicators at much finer spatial and temporal granularity than traditional surveys [34–36].

Forecasts of future surface roughness can support preventive maintenance planning
and budget allocation by identifying intervention needs [37]. Indeed, pavement preserva-
tion actions can reduce user costs and environmental impacts by maintaining smoother
surfaces and avoiding more severe deterioration [38]. In this respect, connected vehicles
and FCD data are particularly promising because they provide repeated observations
over time on the same segments, thereby creating the conditions for time-series modeling
and data-driven forecasting [39,40]. As connected fleets expand and multi-year archives
accumulate, segment-level condition trajectories can be analyzed not only to infer the
present state of the network but also to anticipate future deterioration patterns. This shift
from descriptive monitoring to predictive intelligence is fully consistent with the broader
evolution of ITSs toward proactive and adaptive infrastructure management.
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The present study contributes to the literature by proposing a unified benchmark-
ing framework for daily road surface roughness forecasting based on multi-year vehicle-
derived observations collected over heterogeneous road segments. The study compares
multiple machine-learning regressors trained on lagged values and rolling statistics. By
adopting a consistent segment-wise experimental design and evaluating model perfor-
mance through several error metrics, the paper aims to clarify how different forecasting
paradigms behave under realistic ITS monitoring conditions. In doing so, it addresses the
need for transparent and scalable evidence on the comparative value of time-series and
machine-learning models for predictive pavement analytics using connected vehicles data.

2. Materials and Methods
NIRA Dynamics AB provided the dataset used in this study, derived from a fleet

of connected vehicles equipped with original equipment manufacturer (OEM) sensors.
The company currently operates a network of more than 2 million vehicles across Europe
and North America, continuously collecting information on road pavement conditions.
In particular, the dataset included an IRI-related roughness estimation supplied directly
by NIRA Dynamics AB. While this indicator is not derived from the standard IRI calcula-
tion procedure based on profilometric measurements, it represents a reliable surrogate for
pavement roughness. To support this the substantial body of literature reports significant
correlation between connected-vehicle-based response measures and conventionally mea-
sured IRI. For instance, in a study of 2022, Mahlberg et al., [23] conducted a comparative
study between IRI values obtained from inertial profilers and crowdsourced FCD data,
employing a linear correlation model. The results of this study highlight a significant linear
correlation between the two clusters (R2 = 0.79 and p-value < 0.001), thereby substantiating
their reliability and validity.

To avoid confusing the reader, the term “IRI” will be replaced in the manuscript
with “crowdsourced_IRI,” which refers specifically to the surrogate identifier provided by
the provider.

Data acquisition, aggregation and anonymization were performed by NIRA Dynamics
AB in compliance with the General Data Protection Regulation and current European Union
regulations. The connected-vehicle data considered in this work were recorded daily from
21 September 2021 to 23 June 2024.

The proposed methodology was implemented in Python (v. 5.12) and developed as
a unified benchmarking framework for daily road surface roughness forecasting at the
road-segment level using FCD observations. The methodological objective was not limited
to forecast generation alone, but rather to provide a transparent and reproducible basis
for comparing different predictive paradigms under identical experimental conditions.
Specifically, the framework was designed to assess if daily pavement roughness can be
more effectively predicted through a classical seasonal time-series model or supervised
machine-learning approaches driven by temporal, reliability-related and calendar-based
predictors. The motorway network presented here has a total length of approximately
130 km, which is further subdivided into five sections. This network is hereinafter referred
to as Route_ID. Table 1 presents the reference length of each section and the number of
lanes. It is imperative to note that the number of lanes is a crucial factor in this configura-
tion, as the crowdsourced_IRI data is presented in discrete units of measurement termed
‘sub_segment_id’, with a length of 25 m; in addition, the roads are geometrically subdivided
into ‘segment_id’, where each of them is made of a certain number of sub_segments and
their length depends on characteristics of the single road and of the element (i.e., junction,
road between junctions, etc.). However, in the case of a road with multiple lanes, no
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distinction is made between them and an overall crowdsourced_IRI value is provided for
the entire section, which is 25 m long and of variable width.

Table 1. Road-segment description.

Segment_ID Number of Sub-Segments of 25 m Length Number of Lanes

1 25 3
2 25 3
3 20 2
4 30 4
5 30 4

The workflow comprised four main stages: (i) loading and harmonizing multi-
file monitoring data, (ii) constructing regular daily time series for each road segment,
(iii) transforming each daily series into a supervised forecasting dataset through engi-
neered predictors, and (iv) comparing competing models through both unweighted and
reliability-aware weighted evaluation metrics. The workflow is visually represented in
Figure 1 and this structure was selected to ensure methodological consistency across het-
erogeneous road segments and to support computationally scalable application to large
connected-vehicle archives.

Figure 1. Methodological workflow representation.

2.1. Forecasting Formulation

The forecasting task was formulated as a direct multi-horizon daily prediction problem
and was conducted independently for each road segment. Let yi,t denote the daily rough-
ness value associated with road segment (i) at forecast origin (t). For each forecasting hori-
zon h = (1, 7, 14, 30, 90) days, the objective was to estimate the future roughness value ŷi,t+h

using only information available at or before the forecast origin. A separate supervised fore-
casting dataset was therefore constructed for each road segment and forecasting horizon.

For each segment, the daily series was ordered chronologically and divided into
training and test subsets using an 80/20 temporal split, which is a commonly adopted
splitting ratio in the forecasting literature [24]. More specifically, the first 80% of the daily
series defined the calibration period, whereas the remaining 20% defined the out-of-sample
validation period. To prevent temporal leakage in the multi-horizon setting, training cases
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were retained only when their corresponding target date (t + h) fell within the training
period. Conversely, test cases were defined as those for which the target date fell within the
holdout period. This procedure reproduced a realistic forecasting setting in which future
pavement conditions were predicted exclusively from previously available information.

Before constructing the supervised datasets, only road segments containing at least
180 daily observations were considered (no segments were discarded). After feature gener-
ation, an additional consistency check was applied separately for each forecasting horizon
and only segment–horizon combinations containing at least 50 supervised training sam-
ples and 10 supervised test samples were retained (no segments were discarded). These
thresholds were introduced to reduce the risk of unstable model calibration and unreliable
performance evaluation for short effective time series.

For the machine-learning models, the target variable of each supervised dataset was
the roughness value yi,t+h, while the explanatory variables described the condition and
reliability of the available observations at the forecast origin. Since a direct forecasting
strategy was adopted, each horizon was treated as an independent prediction problem
rather than being obtained recursively from shorter-term predictions.

The predictor space was designed to represent multiple dimensions of roughness
evolution. The first family consisted of autoregressive predictors derived from roughness
values lagged by 1, 2, 3, 7, 14, 21, 28, 56, and 90 days. These variables were introduced to
represent short-, medium-, and longer-term temporal dependence under the assumption
that the recent history of the pavement-condition indicator contains information relevant
to its future evolution.

The second predictor family comprised rolling-window statistics calculated exclusively
from historical roughness observations. Specifically, the 7-day and 28-day rolling means
and standard deviations were included. All rolling statistics were temporally shifted before
their calculation so that the value being predicted could not contribute to its own predictors.
These descriptors summarized the recent local level and variability of the roughness signal,
thereby extending the information provided by individual lagged observations.

A third predictor family represented data availability and observation support through
the number of connected-vehicle observations contributing to the daily estimate. When
available, the current coverage value at the forecast origin, its values lagged by 1, 7, 14, and
28 days, and its 7-day and 28-day rolling means were included. These variables allowed
the models to account for temporal changes in the empirical support underlying the daily
roughness estimate.

A fourth predictor family described estimation uncertainty. The current roughness-
state variance, its values lagged by 1, 7, 14, and 28 days, and its 7-day and 28-day rolling
means were included when available. Additional state-estimation variables, including
the estimated roughness level and its associated variance, were also represented through
their current values and lagged values at 1, 7, 14, and 28 days. These predictors were
introduced because connected-vehicle-derived roughness observations may have similar
nominal values while differing substantially in their statistical reliability.

Coverage and variance were therefore used in two complementary ways. First, they
were included among the predictors so that the forecasting models could learn whether
the reliability and availability of the observations were associated with future roughness
values. Second, they were used to derive the uncertainty-aware sample weights employed
during model calibration and weighted performance evaluation.

Finally, calendar predictors were included to represent possible periodic patterns in
connected-vehicle data availability and roughness estimation. These consisted of the day
of the week, month of the year, and a binary weekend indicator. Although these variables
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do not directly describe pavement deterioration, they may capture systematic temporal
variations in traffic coverage and measurement conditions.

The resulting predictor families and the direct multi-horizon forecasting formulation
are summarized in Figure 2.

Figure 2. Visual representation of predictors and predicted variable.

Once the predictors were defined, three forecasting approaches were benchmarked:

• Ridge Regression;
• Random Forest (RF);
• Gradient Boosting (GB).

These models were selected to represent distinct modeling philosophies and increasing
levels of flexibility.

Ridge regression was selected as a regularized linear model capable of handling
multicollinearity among lagged and rolling predictors while preserving stability and in-
terpretability. Random Forest and Gradient Boosting were instead adopted as nonlinear
methods capable of modeling more complex interactions and non-additive relationships
among predictors. Model hyperparameters were selected separately for each road segment
and forecasting horizon using grid-search cross-validation. To preserve the chronological
structure of the observations, an expanding-window time-series cross-validation procedure
with five sequential folds was applied exclusively to the training dataset. The final 20%
chronological holdout period was excluded from hyperparameter selection and retained
only for out-of-sample performance evaluation.

The candidate configurations were evaluated using RMSE as the cross-validation
criterion. For Ridge regression, the regularization parameter α was evaluated over the
values 0.01, 0.1, 1, 10, and 100. For Random Forest, the search considered 100, 300, or
500 trees; maximum depths of 3, 5, 10, or no predefined limit; and minimum leaf sizes of
1, 5, or 10 observations. For Gradient Boosting, the investigated configurations included
100 or 300 estimators; learning rates of 0.03, 0.05, or 0.1; maximum depths of 2, 3, or 5; and
minimum leaf sizes of 1, 5, or 10 observations. After identifying the configuration with
the lowest mean cross-validation RMSE, the corresponding model was refitted using the
complete training dataset and evaluated on the untouched holdout period. A fixed random
seed was adopted for the ensemble models solely to ensure reproducibility.
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A key methodological component of the framework was the adoption of a sample-
weighting strategy for model fitting and performance assessment. The implemented
methodology allowed three alternative weighting formulations based on daily observation
count, inverse variance or a combination of both. In the current configuration, the selected
scheme was the combined weighting strategy, defined as Equation (1):

wi,t =

√ci,t

vi,t + ε
, (1)

where ci,t denotes the daily number of contributing observations, vi,t denotes the daily
state-estimation variance, and ε = 10−6 is a small numerical stabilization term. The resulting
weights were then normalized to the unit mean before use.

The rationale for this weighting strategy lies in the nature of connected-vehicle monitor-
ing data. Unlike conventional profilometric surveys, probe-based estimates are generated
under varying observation support and heterogeneous confidence conditions.

The introduction of weighted performance metrics was motivated by the intrinsic
heterogeneity of connected-vehicle observations. Unlike traditional pavement surveys,
where each observation is typically acquired under controlled and standardized conditions,
connected-vehicle-based roughness estimates are derived from varying numbers of vehicle
passages and may therefore exhibit different levels of statistical reliability. In particular,
days characterized by a large number of contributing observations are expected to provide
a more robust estimate of the underlying pavement condition, whereas days with limited
vehicle coverage are inherently more uncertain. Similarly, the state variance associated
with the roughness estimate can be interpreted as an indicator of estimation uncertainty,
with larger variance values reflecting lower confidence in the inferred road condition.
Consequently, treating all observations as equally reliable may lead both model training
and performance assessment to be disproportionately influenced by noisy or weakly
supported measurements.

To account for this aspect, an uncertainty-aware weighting strategy was introduced.
The adopted weighting scheme assigns greater importance to observations supported by a
larger number of connected-vehicle measurements and lower estimated uncertainty, while
reducing the influence of observations characterized by sparse data availability or high
variance. The objective is not to alter the underlying prediction task, but rather to evaluate
forecasting performance in a manner that better reflects the confidence associated with
each roughness estimate. This approach is consistent with reliability-based data fusion
and uncertainty-aware modeling principles, where observations associated with higher
confidence are given greater influence during both model calibration and evaluation.

2.2. Performance Evaluation

Model performance was assessed through both segment-wise and pooled analyses.
For each segment and each model, standard error metrics were computed, namely: Root
Mean Square Error (RMSE), Mean Absolute Percentage Error (MAPE), symmetric Mean Ab-
solute Percentage Error (sMAPE) and Bias. Their weighted counterparts, namely wRMSE,
wMAPE, wsMAPE and wBias, were also calculated using the reliability-aware sample
weights, which are described above. These metrics were selected because RMSE is more
sensitive to large errors, MAPE expresses prediction error on a relative scale, sMAPE pro-
vides a more symmetric percentage-based error measure while Bias identifies systematic
overestimation (if Bias > 0) or underestimation (if Bias < 0) tendencies. Unlike RMSE, Bias
is not a pure magnitude-based error metric because positive and negative residuals may
compensate each other; it was therefore used as a complementary diagnostic indicator
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of systematic model tendency. For the model evaluation, the unweighted metrics were
computed as Equations (2)–(5).

RMSE =

√
1
N ∑N

t=1(yt − ŷt)
2, (2)

MAPE =
100
N ∑N

t=1

∣∣∣∣yt − ŷt

dt

∣∣∣∣, (3)

sMAPE =
100
N ∑N

t=1
2|ŷt − yt|

|y t|+|ŷt|+ ε
(4)

Bias =
1
N ∑N

t=1(ŷt − yt) (5)

where dt = yt when |yt| ≥ 10−9 and dt = 10−9 otherwise, in order to avoid numerical
instability when the observed approaches zero; yt, is the observed roughness value at day t,
while ŷt is the forecasted roughness value at day t.

The weighted metrics were introduced to account for the heterogeneous reliability of
connected-vehicle-derived roughness observations. In this context, not all daily roughness
estimates are equally informative, since some values are supported by a larger number
of vehicle passages and lower estimation uncertainty, whereas others may be based on
sparse observations or higher variance. The uncertainty-aware weighting strategy therefore
assigns greater influence to observations characterized by higher reliability, while reducing
the influence of noisier or less supported measurements.

The weighted metrics were computed as Equations (6)–(9).

wRMSE =

√
∑N

t=1 wt(yt − ŷt)
2

∑N
t=1 wt

, (6)

wMAPE = 100
∑N

t=1 wt

∣∣∣∣yt − ŷt

dt

∣∣∣∣
∑N

t=1 wt
, (7)

wsMAPE = 100
∑N

t=1 wt
2|ŷt − yt|

|y t|+ |ŷt|+ ε

∑N
t=1 wt

, (8)

wBias =
∑N

t=1 wt(ŷt − yt)

∑N
t=1 wt

, (9)

where (wt) is the reliability-aware weight associated with observation (t). The weighted
metrics were not intended to replace the unweighted evaluation, but to provide a comple-
mentary uncertainty-aware perspective on forecasting performance. In particular, wRMSE,
wMAPE, and wsMAPE quantify prediction errors after assigning greater importance to
more reliable observations, while wBias identifies whether systematic overestimation or
underestimation persists under reliability-weighted evaluation.

Two complementary aggregation strategies were then adopted, namely MacroMet-
ric (macro) and MicroMetric (micro), to summarize model performance across multiple
road segments.

First, macro-level evaluation was obtained by computing the metrics separately for
each segment (i) and then averaging them across all segments (S), thus assigning equal
importance to every road segment regardless of its number of observations, as shown
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in Equation (8). So, the usage of macro fits well when segments are characterized by
heterogenous features and the objective is to avoid the dominance of large segments.

MacroMetric =
1
S∑S

i=1 Metrici, (10)

Second, micro-level evaluation was obtained by pooling all test observations across
all segments (i) before computing the metrics, thereby assigning equal importance to each
individual test sample (Equation (10)). The usage of micro is instead preferable for use
when the objective is to assess the overall prediction accuracy and in the case of segments
with heterogenous size.

MicroMetric = Metric(
⋃S

i=1
{yi,t},

⋃S

i=1
{ŷi,t}) (11)

This dual perspective has been deliberately chosen to discriminate between segment-
wise robustness and overall network-level predictive accuracy.

Overall, the described methodology has been designed to be transparent, scalable,
and a reproducible benchmarking framework for daily road surface roughness forecasting
based solely on crowdsourced_IRI data. Its main purpose was to determine whether future
roughness trajectories are better captured by classical univariate time-series modeling or
by supervised machine-learning approaches that integrate temporal dependence, recent
variability, periodic effects, and reliability-related information. In practical terms, the
methodology supports the selection of forecasting models for predictive pavement monitor-
ing and provides a structured basis for integrating roughness forecasting into maintenance
planning and decision-support processes.

3. Results
For the sake of clarity, the discussion of model performance primarily focuses on

RMSE and wRMSE. RMSE was considered the main standard accuracy metric because
it is expressed in the same unit as the roughness indicator and penalizes larger forecast-
ing errors. The corresponding weighted metric, wRMSE, was used as a complementary
reliability-aware indicator, since it assigns greater influence to observations characterized
by higher connected-vehicle coverage and lower estimation uncertainty. The remaining
metrics, including MAPE, sMAPE, and Bias, (and their weighted counterparts) were used
as supporting indicators to verify the consistency of the observed model rankings.

However, Tables 1 and 2 provide an overview of all the metrics. It should be noted
that the values for the data not explicitly mentioned follow the same trend as those an-
alyzed. In particular, macro-level and micro-level results will be presented separately
(Sections 3.1 and 3.2 respectively) because, as previously mentioned, they are two comple-
mentary aggregation strategies.

3.1. Macro Results

The macro-level evaluation showed a marked dependence of forecasting performance
on the prediction horizon. The values reported in Table 2 represent the mean of the route-
specific macro metrics across the five investigated routes, while the corresponding standard
deviations reported in Table 3 quantify the between-route variability in model performance.

Ridge regression achieved the lowest mean macro RMSE at the 1-, 7-, 14-, and 30-day
forecasting horizons. More specifically, its mean RMSE increased from (0.0066 ± 0.0009) at
the 1-day horizon to (0.0275 ± 0.0111), (0.0386 ± 0.0089), and (0.0602 ± 0.0175) at the 7-, 14-,
and 30-day horizons, respectively. The corresponding wRMSE values were nearly identical,
amounting to (0.0066 ± 0.0009), (0.0275 ± 0.0112), (0.0385 ± 0.0091), and (0.0602 ± 0.0177).
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This close agreement indicates that the uncertainty-aware weighting procedure did not
substantially alter the model ranking. The superior short- and medium-term performance
of Ridge was therefore maintained after assigning greater importance to observations
characterized by higher connected-vehicle coverage and lower estimation uncertainty.

Prediction error increased substantially with the forecasting horizon. Considering the
best-performing model at each horizon, the mean macro RMSE was approximately 4.2 times
higher at 7 days, 5.9 times higher at 14 days, 9.1 times higher at 30 days, and 11.6 times
higher at 90 days than at the 1-day horizon. This pattern supports the interpretation that one-
day-ahead forecasting is strongly influenced by short-term temporal persistence, whereas
longer horizons provide a more demanding assessment of the models’ predictive capability.

The between-route standard deviations were also generally higher at medium and
long forecasting horizons. For Ridge, the RMSE standard deviation increased from 0.0009 at
1 day to 0.0111 at 7 days, 0.0089 at 14 days, 0.0175 at 30 days, and 0.0182 at 90 days. Although
this increase was not strictly monotonic, the larger variability observed at the longer
horizons indicates that the performance of the linear model became less homogeneous
across the investigated routes.

At the 30-day horizon, Ridge retained the lowest mean RMSE, although the differences
among the three models became limited. Ridge achieved an RMSE of (0.0602 ± 0.0175),
compared with (0.0638 ± 0.0108) for Gradient Boosting and (0.0642 ± 0.0125) for Random
Forest. The corresponding wRMSE values were (0.0602 ± 0.0177), (0.0641 ± 0.0108), and
(0.0644 ± 0.0125), respectively. Thus, while Ridge provided the lowest average error,
the ensemble models showed lower between-route variability. This suggests that Ridge
remained preferable on average, but its performance was less consistent across routes at
this forecasting horizon.

At the 90-day horizon, the model ranking changed. Random Forest achieved the low-
est mean macro RMSE, equal to (0.0764 ± 0.0050), and was closely followed by Gradient
Boosting with (0.0771 ± 0.0058). Ridge produced a higher mean error of (0.0867 ± 0.0182)
and showed substantially greater variability across routes. The corresponding wRMSE val-
ues followed the same pattern, with (0.0769 ± 0.0053) for Random Forest, (0.0778 ± 0.0060)
for Gradient Boosting, and (0.0874 ± 0.0188) for Ridge. Since the difference between Ran-
dom Forest and Gradient Boosting was small relative to their standard deviations, the two
ensemble models should be regarded as broadly comparable at the 90-day horizon rather
than as showing a clear superiority of one over the other.

The remaining error metrics were consistent with the RMSE-based interpretation.
Ridge showed the lowest relative errors at the short and medium horizons, whereas
Random Forest achieved the lowest MAPE and sMAPE values at 90 days. Bias values
remained small relative to the corresponding RMSE values, although the ensemble models
generally exhibited a slight tendency to underestimate the roughness indicator.

Overall, the macro-level results indicate that Ridge regression provides the lowest
average segment-level errors at short and medium forecasting horizons, suggesting that
much of the short-term evolution of the connected-vehicle-derived roughness indicator can
be represented through regularized linear temporal relationships. However, its advantage
decreased as the forecasting horizon increased, while the nonlinear ensemble models
became more competitive and showed greater consistency across routes. Longer-term
forecasting may therefore be more affected by route-specific dynamics and by explanatory
factors not explicitly represented in the current predictor set, such as traffic loading, weather
conditions, and maintenance history. Consequently, short-horizon forecasts appear more
suitable for continuous monitoring and anomaly detection, whereas the use of longer-
horizon forecasts for maintenance-oriented applications would require further validation
and the integration of additional explanatory variables.
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Table 2. Mean route-level macro performance metrics across the five investigated routes.

Horizon
Days Model RMSE MAPE% sMAPE% Bias wRMSE wMAPE% wsMAPE% wBias

1 Ridge 0.0066 0.2853 0.2851 0.0000 0.0066 0.2853 0.2851 0.0001
1 BG 0.0226 0.8700 0.8768 −0.0065 0.0224 0.8638 0.8702 −0.0062
1 RF 0.0253 0.9881 0.9955 −0.0071 0.0251 0.9811 0.9879 −0.0067
7 Ridge 0.0275 1.1432 1.1360 0.0019 0.0275 1.1441 1.1365 0.0023
7 BG 0.0413 1.7713 1.7717 −0.0044 0.0412 1.7678 1.7676 −0.0040
7 RF 0.0428 1.8259 1.8241 −0.0032 0.0426 1.8198 1.8174 −0.0028

14 Ridge 0.0386 1.6537 1.6395 0.0026 0.0385 1.6552 1.6404 0.0031
14 BG 0.0516 2.2539 2.2480 −0.0035 0.0515 2.2518 2.2452 −0.0030
14 RF 0.0519 2.2954 2.2848 −0.0010 0.0518 2.2902 2.2790 −0.0006
30 Ridge 0.0602 2.6423 2.5949 0.0044 0.0602 2.6481 2.6003 0.0048
30 BG 0.0638 2.8944 2.8767 −0.0070 0.0641 2.9144 2.8956 −0.0067
30 RF 0.0642 2.9213 2.9109 −0.0067 0.0644 2.9399 2.9288 −0.0064
90 Ridge 0.0867 3.8898 3.8236 −0.0027 0.0874 3.9215 3.8501 −0.0018
90 BG 0.0771 3.6217 3.5857 −0.0069 0.0778 3.6553 3.6186 −0.0071
90 RF 0.0764 3.5918 3.5569 −0.0051 0.0769 3.6155 3.5814 −0.0054

Table 3. Between-route sample standard deviation of the macro performance metrics across the five
investigated routes.

Horizon
Days Model RMSE MAPE% sMAPE% Bias wRMSE wMAPE% wsMAPE% wBias

1 Ridge 0.0009 0.0397 0.0398 0.0010 0.0009 0.0388 0.0389 0.0011
1 BG 0.0077 0.1823 0.1851 0.0029 0.0076 0.1760 0.1784 0.0025
1 RF 0.0079 0.1793 0.1827 0.0038 0.0077 0.1732 0.1759 0.0033
7 Ridge 0.0111 0.2387 0.2279 0.0075 0.0112 0.2455 0.2340 0.0078
7 BG 0.0123 0.3786 0.3782 0.0036 0.0122 0.3715 0.3710 0.0034
7 RF 0.0117 0.2807 0.2759 0.0027 0.0117 0.2754 0.2697 0.0028

14 Ridge 0.0089 0.1768 0.1673 0.0111 0.0091 0.1832 0.1720 0.0114
14 BG 0.0123 0.3786 0.3782 0.0036 0.0122 0.3715 0.3710 0.0034
14 RF 0.0112 0.4264 0.4218 0.0045 0.0111 0.4176 0.4131 0.0042
30 Ridge 0.0175 0.2455 0.2320 0.0192 0.0177 0.2538 0.2370 0.0196
30 BG 0.0108 0.4938 0.4994 0.0037 0.0108 0.4897 0.4938 0.0033
30 RF 0.0125 0.5147 0.5197 0.0032 0.0125 0.5142 0.5179 0.0029
90 Ridge 0.0182 0.3838 0.3814 0.0235 0.0188 0.4108 0.3976 0.0238
90 BG 0.0058 0.7443 0.7669 0.0117 0.0060 0.7348 0.7576 0.0115
90 RF 0.0050 0.9057 0.8973 0.0149 0.0053 0.8889 0.8815 0.0151

3.2. Micro Results

The micro-level evaluation also showed a marked dependence of model performance
on the forecasting horizon. For each route, the micro metrics were calculated by pooling
all test observations across the corresponding road segments before computing the perfor-
mance indicators. The values reported in Table 4 therefore represent the mean of the five
route-specific micro metrics, while the standard deviations reported in Table 5 quantify the
variability in pooled forecasting performance across routes.

Ridge regression achieved the lowest mean micro RMSE at the 1-, 7-, and 14-day fore-
casting horizons. Its mean RMSE increased from (0.0073 ± 0.0015) at the 1-day horizon to
(0.0285 ± 0.0109) and (0.0492 ± 0.0162) at the 7- and 14-day horizons, respectively. The cor-
responding wRMSE values were (0.0060 ± 0.0015), (0.0285 ± 0.0105), and (0.0492 ± 0.0167).
These results confirm that Ridge regression was particularly effective at capturing the short-
term temporal structure of the connected-vehicle-derived roughness signal. Its advantage at
these horizons was also preserved after accounting for differences in observation reliability.
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Table 4. Mean route-level micro performance metrics across the five investigated routes. For each
route, the micro metrics were calculated by pooling all test observations across road segments before
averaging the five route-specific values.

Horizon
Days Model RMSE MAPE% sMAPE% Bias wRMSE wMAPE% wsMAPE% wBias

1 Ridge 0.0073 0.2377 0.2376 0.0000 0.0060 0.2378 0.2376 0.0001
1 BG 0.0315 0.8700 0.8768 −0.0065 0.0311 0.8638 0.8702 −0.0062
1 RF 0.0339 0.9881 0.9955 −0.0071 0.0335 0.9811 0.9879 −0.0067
7 Ridge 0.0285 1.0267 1.0233 0.0005 0.0285 1.0272 1.0236 0.0009
7 BG 0.0533 1.7713 1.7717 −0.0044 0.0531 1.7678 1.7676 −0.0040
7 RF 0.0541 1.8259 1.8241 −0.0032 0.0539 1.8198 1.8174 −0.0028

14 Ridge 0.0492 1.6537 1.6395 0.0026 0.0492 1.6552 1.6404 0.0031
14 BG 0.0653 2.2539 2.2480 −0.0035 0.0651 2.2518 2.2452 −0.0030
14 RF 0.0643 2.2954 2.2848 −0.0010 0.0641 2.2902 2.2790 −0.0006
30 Ridge 0.0912 2.6423 2.5949 0.0044 0.0914 2.6481 2.6003 0.0048
30 BG 0.0853 3.0942 3.0768 −0.0090 0.0856 3.1127 3.0952 −0.0089
30 RF 0.0871 3.2197 3.2136 −0.0095 0.0873 3.2384 3.2319 −0.0093
90 Ridge 0.1325 3.7286 3.6542 0.0002 0.1344 3.7597 3.6810 0.0008
90 BG 0.1060 3.6217 3.5857 −0.0069 0.1071 3.6553 3.6186 −0.0071
90 RF 0.1033 3.5918 3.5569 −0.0051 0.1041 3.6155 3.5814 −0.0054

Table 5. Between-route sample standard deviation of the route-level micro performance metrics
across the five investigated routes.

Horizon
Days Model RMSE MAPE% sMAPE% Bias wRMSE wMAPE% wsMAPE% wBias

1 Ridge 0.0015 0.0397 0.0398 0.0010 0.0015 0.0388 0.0389 0.0011
1 BG 0.0118 0.1823 0.1851 0.0029 0.0115 0.1760 0.1784 0.0025
1 RF 0.0109 0.1793 0.1827 0.0038 0.0105 0.1732 0.1759 0.0033
7 Ridge 0.0109 0.1793 0.1827 0.0038 0.0105 0.1732 0.1759 0.0033
7 BG 0.0177 0.1857 0.1880 0.0033 0.0178 0.1806 0.1820 0.0029
7 RF 0.0227 0.2807 0.2759 0.0027 0.0228 0.2754 0.2697 0.0028

14 Ridge 0.0162 0.1768 0.1673 0.0111 0.0167 0.1832 0.1720 0.0114
14 BG 0.0232 0.3786 0.3782 0.0036 0.0233 0.3715 0.3710 0.0034
14 RF 0.0184 0.4264 0.4218 0.0045 0.0186 0.4176 0.4131 0.0042
30 Ridge 0.0533 0.2455 0.2320 0.0192 0.0539 0.2538 0.2370 0.0196
30 BG 0.0189 0.9185 0.9226 0.0054 0.0192 0.9126 0.9171 0.0054
30 RF 0.0104 0.5055 0.5152 0.0045 0.0107 0.5021 0.5125 0.0050
90 Ridge 0.0740 0.3595 0.2791 0.0193 0.0770 0.3881 0.2988 0.0200
90 BG 0.0242 0.7443 0.7669 0.0117 0.0252 0.7348 0.7576 0.0115
90 RF 0.0291 0.9057 0.8973 0.0149 0.0308 0.8889 0.8815 0.0151

Forecasting accuracy progressively decreased as the prediction horizon increased.
Considering the best-performing model at each horizon, the mean micro RMSE was ap-
proximately 3.9 times higher at 7 days, 6.7 times higher at 14 days, 11.7 times higher at
30 days, and 14.2 times higher at 90 days than at the 1-day horizon. This substantial increase
confirms that one-day-ahead forecasting is strongly supported by temporal persistence,
whereas medium- and long-term prediction constitutes a more challenging assessment of
the models’ actual forecasting capability.

At the 30-day horizon, the model ranking changed. Gradient Boosting achieved the
lowest mean micro RMSE, equal to (0.0853 ± 0.0189), followed by Random Forest with
(0.0871 ± 0.0104) and Ridge with (0.0912 ± 0.0533). The corresponding wRMSE values
showed the same ranking, being (0.0856 ± 0.0192), (0.0873 ± 0.0107), and (0.0914 ± 0.0539),
respectively. Although Gradient Boosting provided the lowest mean error, the difference
from Random Forest was limited. Moreover, Random Forest showed considerably lower
between-route variability, suggesting more consistent pooled performance across the five
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routes. By contrast, the large standard deviation associated with Ridge indicates that its
performance at the 30-day horizon was highly dependent on the investigated route.

At the 90-day horizon, Random Forest achieved the lowest mean micro RMSE, equal
to (0.1033 ± 0.0291), closely followed by Gradient Boosting with (0.1060 ± 0.0242). Ridge
produced a substantially higher mean error of (0.1325 ± 0.0740). The reliability-weighted
results confirmed the same pattern, with wRMSE values of (0.1041 ± 0.0308) for Random
Forest, (0.1071 ± 0.0252) for Gradient Boosting, and (0.1344 ± 0.0770) for Ridge. The small
difference between the two ensemble models relative to their between-route variability
indicates that their performance should be considered broadly comparable at this horizon.
Random Forest achieved the lowest average error, whereas Gradient Boosting showed
slightly greater consistency across routes. Ridge was both less accurate and substantially
more variable, indicating limited robustness for long-horizon forecasting.

The comparison between the macro- and micro-level evaluations provides additional
insight into model behavior. The macro analysis identified Ridge as the best-performing
model up to the 30-day horizon, whereas the micro analysis indicated that Gradient Boost-
ing achieved the lowest average pooled error at 30 days. This difference reflects the distinct
aggregation principles of the two evaluation strategies. Macro metrics assign equal impor-
tance to each road segment, while micro metrics give greater influence, within each route,
to segments containing a larger number of test observations. Consequently, Ridge appears
to provide stronger average segment-level robustness, whereas the ensemble methods
better capture the overall distribution of observations at longer forecasting horizons.

The similarity between RMSE and wRMSE was generally high and the reliability-aware
weighting procedure did not materially change the model rankings. This indicates that the
main findings were not artificially driven by the weighting scheme. Instead, the weighted
metrics provided a complementary assessment showing that the same performance patterns
remained evident when greater importance was assigned to observations characterized by
higher connected-vehicle coverage and lower estimation uncertainty.

Overall, the micro-level results indicate a progressive transition from the clear short-
term superiority of Ridge regression toward the greater competitiveness of nonlinear
ensemble models at medium and long horizons. Ridge appears particularly suitable
for short-term monitoring applications, where temporal persistence provides substantial
predictive information. Conversely, Gradient Boosting and Random Forest provided lower
average errors and greater cross-route stability at the 30- and 90-day horizons. These
findings suggest that longer-term roughness forecasting may involve more complex and
route-dependent relationships that are not fully represented by a regularized linear model.
Nevertheless, the direct use of these forecasts for maintenance planning would require
further validation and the integration of additional explanatory variables related to traffic
loading, weather conditions, and maintenance activities.

3.3. Comparison Between Macro and Micro Evaluation

The combined analysis of macro- and micro-level metrics provides complementary in-
formation regarding model performance. The macro metrics characterize average segment-
level robustness by assigning equal importance to each road segment, whereas the micro
metrics characterize pooled predictive accuracy within each route by giving greater influ-
ence to segments containing a larger number of test observations. Consequently, agreement
between the two approaches indicates that a model performs consistently across both indi-
vidual segments and the overall distribution of observations, while differences in ranking
reveal sensitivity to segment size and heterogeneity.

At the 1-, 7-, and 14-day horizons, the macro- and micro-level evaluations provided
the same model ranking, with Ridge regression consistently achieving the lowest RMSE
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and wRMSE. At the 1-day horizon, Ridge obtained a macro RMSE of (0.0066 ± 0.0009)
and a micro RMSE of (0.0073 ± 0.0015). At 7 days, the corresponding values were
(0.0275 ± 0.0111) and (0.0285 ± 0.0109), while at 14 days they increased to (0.0386 ± 0.0089)
and (0.0492 ± 0.0162), respectively. This agreement indicates that the short-term superiority
of Ridge was not restricted to either small or observation-rich segments, but represented a
consistent pattern across the investigated datasets. It also supports the interpretation that
short-horizon forecasting is largely governed by regular temporal dependence that can be
effectively represented by a regularized linear model.

Differences between macro and micro evaluations became more evident as the forecast-
ing horizon increased. At the 30-day horizon, the macro analysis identified Ridge as the best-
performing model, with an RMSE of (0.0602 ± 0.0175), compared with (0.0638 ± 0.0108)
for Gradient Boosting and (0.0642 ± 0.0125) for Random Forest. Conversely, the micro
analysis identified Gradient Boosting as the model with the lowest pooled RMSE, equal
to (0.0853 ± 0.0189), followed by Random Forest with (0.0871 ± 0.0104) and Ridge with
(0.0912 ± 0.0533). The substantially larger micro-level standard deviation obtained by
Ridge indicates that its pooled performance was highly variable across routes, despite
retaining the lowest average segment-level error. Therefore, Ridge appears to provide
stronger average performance across individual segments, whereas the ensemble models
are more effective and more stable when the complete distribution of test observations
is considered.

At the 90-day horizon, the two aggregation strategies converged again in identifying
Random Forest as the model with the lowest average RMSE. Random Forest achieved a
macro RMSE of (0.0764 ± 0.0050) and a micro RMSE of (0.1033 ± 0.0291). Gradient Boost-
ing showed closely comparable results, with corresponding values of (0.0771 ± 0.0058)
and (0.1060 ± 0.0242). Ridge produced higher errors in both evaluations, reaching
(0.0867 ± 0.0182) at the macro level and (0.1325 ± 0.0740) at the micro level. The consid-
erably higher micro-level variability of Ridge confirms that its long-horizon performance
was strongly dependent on route and segment characteristics. Although Random Forest
achieved the lowest mean error, the small difference from Gradient Boosting relative to
their standard deviations indicates that the two ensemble models should be considered
broadly comparable at this horizon.

The relative-error indicators generally supported the RMSE-based interpretation.
MAPE and sMAPE increased with the forecasting horizon for all models, confirming that
the loss of accuracy at longer horizons was evident in both absolute and relative terms.
The similarity between MAPE and sMAPE suggests that the overall interpretation was not
strongly affected by the asymmetry of the conventional MAPE formulation. An exception
emerged in the 30-day micro evaluation: although Gradient Boosting achieved the lowest
RMSE, Ridge retained the lowest MAPE and sMAPE. This suggests that Ridge produced
lower average proportional errors but was affected by a limited number of larger absolute
deviations, which were penalized more strongly by RMSE. This difference further supports
the use of RMSE as the primary metric while retaining percentage-based indicators as
complementary diagnostics.

Bias values were small relative to the corresponding RMSE values, indicating that
systematic overestimation or underestimation was limited compared with the overall
forecasting error. Ridge showed approximately unbiased predictions at the 1-day horizon
and a slightly positive Bias at the 7-, 14-, and 30-day horizons, indicating a modest tendency
to overestimate the roughness indicator. By contrast, Gradient Boosting and Random Forest
generally showed negative Bias values, particularly at the medium and long horizons,
indicating a slight tendency to underestimate roughness. However, the associated standard
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deviations demonstrate that these tendencies were not fully homogeneous across routes
and should therefore be interpreted cautiously.

The weighted metrics followed the same overall patterns as their unweighted counter-
parts. In particular, the comparison between RMSE and wRMSE did not materially change
the model ranking at any forecasting horizon. Similarly, wMAPE, wsMAPE, and wBias
remained close to the corresponding unweighted values. This consistency indicates that the
uncertainty-aware weighting scheme did not artificially drive the conclusions, but rather
confirmed that the observed performance patterns persisted when greater importance was
assigned to observations characterized by higher connected-vehicle coverage and lower
estimation uncertainty.

Overall, the comparison between macro- and micro-level evaluations (shown in
Table 6) shows that Ridge regression is the most robust model for short-term forecast-
ing, both at the individual-segment level and across pooled observations. At intermediate
horizons, however, the difference between the two aggregation strategies reveals that model
performance becomes more sensitive to segment size and route heterogeneity. Ridge retains
strong average segment-level performance, whereas Gradient Boosting and Random Forest
become more competitive when observation-rich segments exert greater influence. At the
longest horizon, both evaluations favor nonlinear ensemble models, suggesting that longer-
term roughness forecasting is less uniformly governed by linear temporal dependence and
may require more flexible models together with additional explanatory variables.

Table 6. Best model by horizon.

Horizon Best Macro Mode Best Micro Mode

1 day Ridge Ridge
7 days Ridge Ridge

14 days Ridge Ridge
30 days Ridge GB
90 days RF RF

4. Discussion and Conclusions
In recent years, the literature has increasingly emphasized the limitations of traditional

pavement survey methods. At the same time, the opportunities offered by connected-
vehicle and floating-car-data systems for more continuous and extensive road condition
monitoring are increasing. Within this broader evolution, forecasting is increasingly being
investigated as a complementary monitoring tool, as it may help road agencies iden-
tify emerging changes in pavement-condition indicators and support planning activi-
ties when the forecasting horizon and level of validation are aligned with operational
requirements [41].

The multi-horizon comparison showed that model performance depended strongly
on the forecasting horizon. Ridge regression achieved the lowest average errors at the
short forecasting horizons and remained the best-performing model in both the macro- and
micro-level evaluations up to 14 days. At the 30-day horizon, Ridge retained the lowest
macro-level error, whereas Gradient Boosting achieved the lowest micro-level error. At
90 days, Random Forest provided the lowest average error under both aggregation strate-
gies, although its performance was broadly comparable with that of Gradient Boosting.
These results suggest that regularized linear relationships are particularly effective for short-
term forecasting, while nonlinear ensemble models become increasingly competitive as the
prediction horizon increases. This interpretation concerns the predictive structure of the
connected-vehicle-derived roughness signal and should not be taken as evidence that the
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models reproduce the underlying physical mechanisms of pavement deterioration. The re-
maining performance indicators generally supported the same horizon-dependent pattern.

From a practical point of view, the results suggest that feature-based machine-learning
models, and especially regularized linear approaches such as Ridge, can offer a solid
basis for predictive pavement monitoring in ITSs. The proposed framework is relevant
for real-world applications because it provides a transparent and scalable way to compare
forecasting methods while also accounting for the variable reliability of connected-vehicle
observations through weighted performance measures. The weighted evaluation produced
results that were generally consistent with the unweighted metrics, suggesting that the
observed model ranking was not merely driven by low-confidence observations. This
finding supports the robustness of the proposed uncertainty-aware weighting strategy and
indicates that the superior performance of the best-performing models was maintained
even when greater importance was assigned to observations characterized by higher
measurement reliability.

From an implementation perspective, the forecasting module could be connected to an
agency’s existing pavement management system or geographic information system. Newly
available connected-vehicle observations could be aggregated at the road-segment level,
processed automatically and used to update the forecast trajectories at predefined intervals.
A map-based dashboard could highlight segments for which the observed roughness-
related signal departs substantially from the forecast, allowing technical staff to focus their
attention on a limited number of potentially critical locations rather than reviewing the
complete network manually.

In operational terms, such an approach could support maintenance prioritization,
improve the early identification of critical deterioration patterns, and contribute to a more
proactive and data-driven management of road infrastructure. However, the practical use
of the forecasts should be interpreted in light of the forecasting horizon considered in this
study. A one-day-ahead prediction is unlikely to directly trigger maintenance interventions,
which are typically planned over substantially longer timeframes. Rather than serving as a
standalone maintenance decision-support tool, short-term forecasts can be viewed as an
intermediate component within a continuous pavement monitoring framework, helping
agencies detect emerging anomalies, track rapid condition changes, and assess the short-
term evolution of roughness indicators derived from connected-vehicle data. For direct
maintenance planning applications, longer forecasting horizon would likely be required,
and future research should investigate whether the proposed framework maintains its
predictive capability under these more operationally relevant conditions.

Within maintenance-planning workflows, short-term forecasts could therefore operate
as a preliminary screening layer rather than as a direct treatment-selection mechanism.
A segment flagged by the forecasting system could first be checked against its current
condition classification, recent inspection results, traffic importance, previous maintenance
activities, and already scheduled works. If the forecast deviation is persistent and supported
by other condition indicators, the segment could then be transferred to a higher-priority
inspection list. Conversely, an isolated deviation associated with low vehicle coverage
or high estimation uncertainty could be retained for continued observation without im-
mediately triggering field activity. In this way, the forecasts could help agencies allocate
inspection resources more selectively while preserving the role of engineering assessment
in final maintenance decisions.

The operational relevance of the forecasts also depends on the prediction horizon.
Short-term forecasts at 1, 7, and 14 days are unlikely to directly determine maintenance
interventions, but they may provide useful support for continuous monitoring and short-
term condition verification. In particular, the predicted trajectory can serve as a model-
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based reference against which newly observed roughness values are compared. Substantial
deviations between the forecast and the observed trend may indicate an unexpected change
in pavement condition, a possible anomaly in the connected-vehicle data, or the need for
additional inspection.

This comparison may also be useful after a maintenance intervention. Once the
intervention has been completed, the observed short-term roughness evolution could be
compared with the forecast-based reference trajectory to assess whether the measured
response is consistent with the anticipated improvement or stabilization of the roughness
indicator. Similarly, the framework could support the early identification of rapid post-
intervention deterioration or an unexpectedly limited improvement. Nevertheless, such
an application should be interpreted as short-term performance monitoring rather than
as a causal assessment of maintenance effectiveness, unless maintenance records and an
appropriate counterfactual validation framework are explicitly incorporated.

More generally, 1-day forecasts may support anomaly screening and data-quality
control, while 7- and 14-day forecasts may help confirm whether an observed change
represents a persistent trend rather than an isolated fluctuation. These horizons could also
support the prioritization of targeted inspections following maintenance activities, extreme
weather events, sudden traffic changes or abrupt variations in the monitored roughness
signal. Forecasts at 30 and 90 days are closer to condition-management timescales, but their
direct use for intervention selection, budgeting or treatment scheduling would still require
integration with field inspections, maintenance history, condition thresholds, traffic and
environmental variables, economic constraints, and agency-specific decision rules. The
proposed framework should therefore be regarded as evidence of forecasting feasibility
and as a potential component of a continuous monitoring system, rather than as a fully
validated maintenance decision-support tool.

At the same time, several limitations should be acknowledged.
First, the analysis was conducted on five routes belonging to a specific real-world case

study, and the transferability of the results should therefore be evaluated on larger and
more diverse road networks.

Second, the predicted variable was a connected-vehicle-derived roughness indica-
tor rather than IRI measured through standard profilometric surveys. Although previous
studies support its relationship with pavement roughness, the present analysis does not pro-
vide direct validation against conventional pavement-condition measurements or against
observed physical deterioration mechanisms.

Third, although the revised framework considered forecasting horizons ranging from
1 to 90 days, even the longest horizon may remain shorter than the timescales typically
required for rehabilitation programming, budgeting, and long-term asset management.

Fourth, the models were mainly based on historical roughness and coverages, while
potentially relevant explanatory variables such as traffic loading, weather conditions, pave-
ment structure, construction characteristics, and maintenance history were not included
due to lack of data. Route-specific data availability and the procedures used to complete the
daily time series may also influence model performance and should be examined through
additional sensitivity analyses. In this regard, recent explainable-AI approaches demon-
strate the potential of feature-attribution methods for pavement roughness prediction [41].
Such analyses represent a relevant future extension of the present framework, particularly
because the current predictor set is dominated by correlated lagged and rolling temporal
variables and does not include several physical deterioration factors.

Fifth, a formal characterization of the autocorrelation, stationarity, spectral structure,
and effective complexity of the roughness time series was beyond the scope of the present
study and should be investigated in future work.

https://doi.org/10.3390/futuretransp6040136

https://doi.org/10.3390/futuretransp6040136


Future Transp. 2026, 6, 136 18 of 20

Future research should therefore validate the forecasts against independent profilo-
metric and maintenance datasets, investigate longer and operationally relevant prediction
horizons, assess the sensitivity of the results to the weighting and data-completion proce-
dures, and integrate additional explanatory variables. Interpretability analyses should also
be used to identify the variables on which the models rely, while avoiding causal interpre-
tations of purely predictive associations. Despite these limitations, the study demonstrates
that multi-year connected-vehicle observations contain exploitable temporal information
for forecasting the future evolution of a roughness-related signal. The results support the
potential use of such forecasts as a component of continuous pavement monitoring systems,
while their direct application to maintenance decision-making requires further external
and operational validation.
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sMAPE symmetric Mean Absolute Percentage Error
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