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Abstract

Real-time navigation systems are increasingly used to provide optimal driving routes
together with accurate travel time predictions that reflect dynamic urban traffic condi-
tions. Recent advances have focused on integrating structured traffic data from traditional
APIs with unstructured, context-rich information extracted via semantic crawling of news
websites and social media platforms. This survey reviews state-of-the-art approaches that
combine these heterogeneous data sources to improve route planning and travel time
estimation, with special attention to the challenges posed by incident detection, event
extraction, and multimodal data fusion. We discuss core methodologies including natural
language processing techniques for event recognition, machine learning models for traffic
prediction, and graph-based routing algorithms, highlighting their advantages and limita-
tions. Finally, we outline open research directions for building context-aware navigation
systems able to adapt to real urban mobility conditions.

Keywords: context-aware navigation systems; real-time traffic prediction; time-dependent
vehicle routing; graph neural networks; social media mining; natural language processing;
systematic literature review

1. Introduction
The rapid expansion of urban populations and vehicle density has made real-time,

traffic-aware navigation systems indispensable for modern mobility management. Urban
mobility demand has increased by more than 30% in the last two decades worldwide,
placing growing pressure on road infrastructures [1]. Modern navigation platforms are no
longer expected to deliver only the shortest path; they must also provide reliable travel
time predictions that adapt to highly dynamic conditions such as congestion, accidents,
extreme weather, and socio-political disruptions. Recent studies emphasize that unreliable
travel time predictions frustrate users and also lead to systemic inefficiencies in freight
logistics and emergency response [2,3].

Traditional services such as Google Maps (https://www.google.com/maps, accessed
on 17 May 2026), HERE (https://www.here.com, accessed on 17 May 2026), or TomTom
(https://www.tomtom.com, accessed on 17 May 2026) rely heavily on structured API data
to report congestion levels and incident updates. Only recently have some navigation
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systems and apps attempted to incorporate events such as roadblocks, strikes, concerts,
sports games, political rallies, and other local disruptions to adjust Expected Time of
Arrival (ETA) predictions [4]. However, most of these systems are limited to issuing delay
warnings near event locations—such as stadiums during games or large concerts. Notably,
crowdsourced navigation platforms like Waze (https://www.waze.com, accessed on 17
May 2026) showcase the potential benefits of integrating user-generated content, but they
remain constrained by participation bias and inconsistent data quality [5]. To address
these shortcomings, recent research has focused on exploiting semantic crawling and event
extraction techniques to transform noisy, unstructured textual streams from the web and
social media into usable information [6]. These approaches detect and classify real-world
events in real time and estimate their potential impact on traffic conditions. This supports
more accurate travel time estimates and dynamic adjustments to driving directions.

Unlike existing surveys that focus separately on routing algorithms, traffic predic-
tion [7,8], or social media mining for transportation [9], this work makes the follow-
ing contributions:

1. Unified scope. It jointly addresses time-dependent routing, travel time prediction
using both structured and unstructured data, and NLP-driven event extraction within
a single review. To the best of our knowledge, no previous survey has covered these
three areas together.

2. End-to-end pipeline perspective. Rather than treating each component in isolation, this
review follows the data flow from acquisition (traffic APIs, web and social media
crawling) through event extraction and predictive modelling to context-aware route
optimization, highlighting how these stages interact and depend on one another.

3. Cross-disciplinary bridge. The surveyed literature spans three research communities:
operations research (routing and shortest-path algorithms), machine learning (traffic
forecasting models), and natural language processing (event detection from text).
These communities typically publish in separate venues and rarely cite one another.
By synthesizing their contributions, this review offers a reference point accessible to
researchers in all three fields.

4. Critical analysis of deployment challenges. Beyond methodological advances, this survey
examines practical barriers to real-world adoption, including data latency, event
severity quantification, cross-city transferability, ethical concerns related to social
media mining, and compliance with data protection regulations.

In this survey we use “context-aware” in a narrow, event-driven sense, consistent with
the PRISMA search protocol described in Section 2. A navigation or travel time prediction
system is context-aware when it integrates information about discrete events (accidents,
road closures, weather disruptions, public gatherings, socio-political disturbances) with
the more traditional inputs of historical traffic data and real-time sensor or API readings.
Event information is extracted from structured or unstructured sources, typically news
outlets and social media. We use “event severity” for the magnitude of a detected event’s
impact on travel times, from a local delay to wider congestion propagation on the network.
Other forms of context-awareness relevant to navigation, including road geometry (grade,
curvature), dynamic tolls, air quality, driving style, driver fatigue, point-of-interest (POI)
data, and multimodal transfer planning, were not part of the thematic queries defined in
Section 2 and therefore fall outside the scope of this review. They represent complementary
research directions.

The remainder of this paper is organized as follows. After presenting the methodology
used to select, screen, analyse and classify the various referenced papers (Section 2), in
Section 3 we describe how the problem of determining point-to-point routing directions is
modelled in the literature and report the most relevant contributions. In Section 4 we give
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an overview of the usage of the main commercial and governmental traffic data APIs in
enabling real-time traffic analysis, followed by a description of the principal approaches
to travel time prediction. Then, in Section 5 we review web and social media crawling
techniques for extracting traffic-related events, followed by an analysis of travel time
prediction methods that integrate such event-based data with traditional sources. Finally,
some conclusions and suggestions for future research directions are reported in Section 6.

2. Research Methodology
The literature reviewed in this paper was identified following the PRISMA (Preferred

Reporting Items for Systematic reviews and Meta-Analysis) 2020 guidelines [10]. A sys-
tematic search was conducted across three academic databases (Scopus, Web of Science,
and IEEE Xplore), complemented by Google Scholar for supplementary identification. Four
search queries were designed to cover the three thematic areas of this review:

• Query A (time-dependent routing) defined by combining terms such as “time-
dependent”, “time-varying”, “shortest path”, “vehicle routing”, “travel time”,
and “road network”;

• Query B (traffic prediction) defined by combining the terms “traffic flow prediction”,
“traffic forecasting”, “travel time prediction” with “deep learning”, “neural network”,
“graph neural”, “LSTM”, “spatio-temporal”;

• Query C1 (social media and traffic) fixed by combining “social media”, “Twit-
ter”, “Waze”, “crowdsourcing” with “traffic incident”, “traffic accident”, “traf-
fic congestion”;

• Query C2 (natural language processing-NLP and traffic) defined by combining “NLP”,
“natural language processing”, “text mining”, “geoparsing” with “road traffic”, “traffic
accident”, “traffic event”.

For full reproducibility, the Boolean expressions adopted in Scopus (and adapted to
the syntax of each other database while preserving the same terms and logical operators)
are reported in Appendix A.

All database queries were restricted to papers published during the period 2000–2025.
Citation tracking was not subject to date restrictions, allowing the inclusion of seminal
earlier works in the field. The search yielded a total of 23,094 records (16,593 from Scopus,
5589 from Web of Science, and 912 from IEEE Xplore). After removing 6098 duplicates,
the remaining 16,996 records were screened by title and abstract against predefined inclu-
sion and exclusion criteria. In particular, to efficiently handle the large volume of data,
the screening phase was facilitated by automated keyword-based filtering.

This automated pre-screening step is explicitly provisioned by the PRISMA 2020
statement [10], whose standard flow diagram includes a dedicated field (“Records marked
as ineligible by automation tools”) for exactly this type of workflow; manual eligibility
assessment was then performed by the authors on all candidate records that passed the
automated filter, as detailed below.

Records were excluded if they were unrelated to transportation networks, not written
in English, or outside the three thematic areas above defined by the search queries. This
process resulted in the exclusion of 9646 records. The resulting 7350 candidate records were
then sought for retrieval and assessed for eligibility by the authors through a sequential
evaluation of titles, abstracts, and full texts. An additional 7 papers, not indexed in the
above databases, were identified through Google Scholar and citation tracking. A total
of 86 studies, directly addressing the three thematic areas defined by the search queries,
were included in the final review. Beyond these, the reference list cites additional sources
for methodological and contextual support that were not part of the systematic selection
process. The complete PRISMA flow diagram is reported in Figure 1.
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Figure 1. PRISMA 2020 flow diagram of the systematic literature search process.

The reference list of this paper cites 89 works in total: the 86 studies selected through
the systematic search above, plus three foundational methodological references that are not
subject to the thematic search—the PRISMA 2020 statement [10], the K-means clustering
algorithm [11], and Affinity Propagation [12]. Among the 86 thematic citations, five
references were added during the peer-review process on explicit reviewer suggestion,
as authorised by the MDPI editorial policy: Cai et al. (2025) [13], Zhang et al. (2025) [14],
and Lin et al. (2025) [15] after the first review round; Yuan and Li (2021) [16] and Pan et al.
(2025) [17] after the second review round. These additions are cited as complementary
supporting studies and do not alter the outcome of the PRISMA-based selection.

3. Computing Driving Directions
Computing driving directions entails efficiently identifying optimal point-to-point

paths within large-scale, time-dependent transportation networks. These networks are
characterized by dynamic factors such as fluctuating traffic conditions, road closures,
and varying speed limits, which impact travel times and routing decisions. Depending
on the specific application or user preferences, the optimization objective may vary. Com-
mon goals include minimizing overall travel duration to ensure timely arrivals, reducing
fuel consumption to lower operational costs, or decreasing CO2 emissions to promote
environmentally sustainable travel. In many cases, modern navigation systems seek to bal-
ance multiple criteria simultaneously, requiring sophisticated multi-objective optimization
techniques that account for trade-offs between efficiency, cost, and environmental impact.

Ideally, traffic forecasts for road travel times should integrate a wide range of informa-
tion sources to improve accuracy and responsiveness. This includes historical congestion
patterns that capture typical traffic behaviors, real-time sensor and GPS data reflecting
current conditions, and unstructured data such as social media reports and event notifica-
tions that may indicate incidents or disruptions. Incorporating these heterogeneous data
streams allows routing algorithms to generate more reliable and context-aware travel time
predictions. Figure 2 displays an effective scheme of a travel time prediction and driving
direction system based on structured traffic information and unstructured web/social
media data.
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Figure 2. Block diagram of the travel time prediction and driving direction system. Structured
inputs (historical and real-time traffic data) and unstructured inputs (web and social media content,
processed through crawling and event extraction) feed the prediction module, which outputs travel
time estimates used by the route optimization stage.

As illustrated in Figure 2, the system is organized as a multi-stage pipeline with
two parallel input streams. The structured stream combines historical traffic patterns
and real-time traffic APIs into a unified representation; the unstructured stream extracts
traffic-relevant events from web and social media content through a dedicated crawling
and event-extraction module. The prediction module fuses the two streams and outputs
travel time estimates for the road network, which are then consumed by the routing module
to compute driving directions. In an operational setting the pipeline is iterative: the travel
time observations collected while executing a route update the real-time traffic stream and,
indirectly, the prediction module, so that subsequent predictions are refined on the fly.

Once accurate travel times have been estimated, the fundamental task of point-to-
point routing can be formulated as a Time-Dependent Quickest Path Problem (TD-QPP) [18].
Formally, this problem is defined on a directed road network graph G = (V, A), where
V represents the set of nodes (e.g., intersections or junctions) and A the set of arcs (road
segments connecting nodes). Each arc (i, j) ∈ A is associated with a time-dependent travel
time function τij(t), which specifies the time required to traverse the arc when departing at
time t. The goal of the TD-QPP is to determine the optimal path from a given origin to a
destination that minimizes total travel time, taking into account the temporal variations
encoded in the τij(t) functions. Given a start time t and a route p = (s = v1, v2, . . . , vk = d)
from an origin node s ∈ V to a destination node d ∈ V, its traversal time zp(t) is defined
recursively as

z(v1,...,vi)
(t) = z(v1,...,vi−1)

(t) + τ(vi−1,vi)
(t + z(v1,...,vi−1)

(t)), (1)

with the initialization z(v1,v2)
(t) = τ(v1,v2)

(t). If the objective is to optimize path duration,
the TD-QPP aims to find a path p = (s = v1, v2, . . . , vk = d) that minimizes zp(t) as defined
in Equation (1).

The TD-QPP is solvable in polynomial time on FIFO (First-In-First-Out, i.e., depart-
ing earlier results in arriving earlier) networks [19], but becomes NP-hard on non-FIFO
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networks [20]. While time-invariant shortest path algorithms can be adapted for TD-QPP
in principle, they are impractical in web applications that demand real-time responses
on large-scale networks. This has led to specialized algorithms that incorporate road
network features such as street hierarchies. For a comprehensive overview up to 2009,
see [21]. A bidirectional A∗ search using lower-bound arc costs to limit the search space
was proposed in [22], achieving significant speed-ups over Dijkstra’s algorithm. A different
approach based on highway hierarchies for efficient, exact path computation in continental-
scale networks was developed in [23]. Calogiuri, Ghiani and Guerriero, in their paper [24],
demonstrated that under specific conditions, the TD-QPP can be reduced to a time-invariant
problem using appropriately defined constant travel times. If these conditions do not hold,
their approach yields a heuristic with a bounded approximation ratio. They also integrated
an accurate lower bound [25] into a unidirectional A∗ search, achieving reduced compu-
tation times on large metropolitan graphs. In public transportation networks, timetables
define services as time-expanded graphs. For very large public transportation networks,
Ref. [26] proposed effective models and developed algorithms capable of producing routes
on graphs with up to 500 million arcs, yielding millisecond-scale query times. A shortest
path problem in non-FIFO networks was addressed in [27] where the authors introduced a
modified Dijkstra’s algorithm that handles discontinuities effectively. On the other hand,
Ref. [28] tackled shortest paths in multi-modal time-dependent networks under regular
language constraints, proposing the State-Dependent ALT algorithm, which outperformed
existing methods, while Ref. [29] developed a dynamic programming-based algorithm for
solving the multi-criteria shortest path problem with time windows in multimodal, sched-
uled networks. Their method decomposes the problem into sub-problems solved using
backward labelling, showing good performance on real-world scenarios. Heuristic adapta-
tions of Dijkstra’s algorithm for cost-minimizing paths in networks with time-dependent
congestion and tolls were proposed in [30]. Their results showed significant cost sensitivity
to traffic conditions and congestion pricing schemes.

3.1. Time-Dependent Least Consumption Path Problem

In the paper [31], the authors considered a setting where vehicle speed and fuel
consumption vary based on peak traffic conditions. Each customer node has a time window
and a fixed service time, with waiting allowed upon early arrival. Travel times are modeled
using a two-phase speed function: a congested phase followed by a free-flow period.
The goal is to minimize the total fuel and wage costs. They showed that for a fixed
customer sequence, the problem is solvable in polynomial time.

3.2. Stochastic Time-Dependent Quickest Path Problem

Routing in stochastic time-varying networks can be approached in two ways: as a
fixed path or as a dynamic routing policy. A fixed path, also known as static routing, is a
pre-defined sequence of arcs, to be followed regardless of traffic realizations. This policy
is generally suitable for small networks which rarely changes. A dynamic routing policy,
in contrast, allows real-time decisions based on observed conditions, specifying the next
arc to take based on current time and network state. This policy is used for large and very
complex networks, characterized by frequent changes.

Under stochastic conditions, optimal routes are better represented as adaptive policies
rather than fixed paths [32]. A dynamic programming approach was proposed in [33] for
acyclic networks with exponential arc travel times and environmental conditions modelled
by continuous-time Markov processes. Vehicles can wait for better environmental states
before proceeding. The least expected time path problem, assuming independent, stochastic
travel times, was addressed in [34,35]. They proposed a label-correcting algorithm with
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exponential worst-case complexity, but near-linear performance in sparse networks. Time-
adaptive policies were further examined in [36] where the authors proposed a heuristic
algorithm that is guaranteed to be optimal when the heuristic provides an underestimate
of the cost-to-go. The adaptive routing problem was investigated also in [37], where the
authors proposed an algorithm to solve the problem in signalized stochastic, time-varying
networks, where the signal timing plan and actual timings are known only probabilistically.

Optimal routing policy problems in stochastic time-dependent networks were ana-
lyzed in [38], proposing exact and approximate algorithms with a focus on computational
efficiency. Finally, Ref. [39] developed a method for the a priori shortest path problem,
which can be extended to compute the K shortest paths. Their algorithm demonstrated
robustness and efficiency under realistic traffic distributions.

3.3. Centralized Driving Directions to Minimize Infrastructure Congestion and Risk

An alternative line of research addresses the challenge of centralized, intelligent traffic
planning by dynamically diverting vehicles in real-time to reduce both localized risks and
overall network congestion. The goal is to develop traffic management systems in which
a central planner optimizes vehicle routes to protect vulnerable infrastructure, such as
bridges, while simultaneously minimizing congestion across the monitored road network.

Major contributions in this field include [40] that developed a real-time optimization
model that assigns vehicle paths to minimize risk to sensitive road structures. If vehicles
are diverted, the algorithm seeks paths that lessen congestion elsewhere in the network.
Computational experiments with real data confirmed the model’s efficacy in preventing
dangerous situations while managing overall congestion. A comprehensive review of
methods bridging user equilibrium and system optimum in static traffic assignment was
provided in [41], detailing approaches where a central coordinator assigns optimal paths to
minimize road congestion. The paper offers algorithms and models relevant to centralized
re-routing for congestion management, aligning with the need to balance individual and
system-level routing objectives.

4. Travel Time Prediction Based on Structured Data
In this section, a review of the major commercial and governmental traffic data APIs is

first proposed, highlighting the types of information they provide and their relevance for
real-time traffic analysis. Then, a survey of the main travel time prediction techniques is
presented, discussing the underlying methodologies, data requirements, and applicability
to dynamic routing scenarios.

4.1. Structured Traffic Data APIs

Commercial and governmental traffic data APIs form the backbone of most real-time
navigation systems. These services typically provide structured information such as current
traffic speeds, congestion levels, incident reports, and estimated travel times. Data are
generally collected from probe vehicles, road sensors, and crowd-sourced user reports,
ensuring relatively high coverage and temporal resolution. Some of the most commonly
used APIs are provided by Google Maps. For example, Ref. [42] used Google Maps APIs to
collect real-world, recent speed data across defined geographic areas, enabling the study of
urban traffic behavior and speed estimation based on both time of day and day of week.
Their study, validated in Boston (MA, USA), identified congestion clusters and provided
managerial insights for improving network efficiency. Similarly, Ref. [43] employed the
Google Maps Distance Matrix API for real-time incident detection by continuously analyz-
ing traffic data and identifying anomalies through a mathematical model that compared
current, regular, and historical traffic flows. In [44], the authors used travel time data from
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the Google Maps API to study temporal and spatial congestion patterns in Jeddah, Saudi
Arabia (a city with narrow, high-traffic corridors and limited public transit). They defined
a real-time congestion index to quantify traffic flow.

Another widely adopted platform is Waze, which relies on crowd-sourced reports
from its large community of users. The Waze API was used in [45] for a spatio-temporal
analysis of congestion patterns in Casablanca (Morocco), applying clustering algorithms to
classify areas into congestion categories, and a Naïve Bayes classifier to examine land-use
factors (e.g., residential density, industrial areas, and tramways) influencing congestion.
Waze traffic speed data were used in [5] and compared with remote traffic microwave
sensors, showing that Waze speeds were more reliable during congested conditions due to
higher observation density. The reliability and coverage of Waze data against the advanced
traffic management system in Iowa (USA) were evaluated in [46], demonstrating that
Waze provides broad and timely incident coverage, making it a valuable complement to
traditional monitoring systems. Crowdsourced Waze user reports were further analyzed
in [47] for secondary crash detection on I-40 in Knoxville, showing that Waze reports could
distinguish primary and secondary crashes, some of which were missed by traditional
speed contour methods.

Beyond APIs, IoT sensors represent another essential data source for urban mobility.
Ref. [48] emphasized their transformative role in transport management, as sensors em-
bedded in traffic, environmental, vehicular, and infrastructure systems provide real-time
information on traffic patterns, air quality, road conditions, and parking availability. These
data support accident prediction, congestion monitoring, and optimization of traffic signals.
Within the PRONTO project, Ref. [49] demonstrated that data from on-board vehicle sensors
(GPS, noise, temperature, acceleration, CAN bus/FMS interface) can be analyzed to detect
anomalies and threats in vehicles, supporting data fusion, machine learning, and event
recognition in public transport contexts.

Travel Time Modelling

In this section we briefly describe how arc travel time functions τij(t) can be modelled.
A dominant approach in the literature is the Ichoua, Gendreau, and Potvin (IGP) model [50].
The planning horizon is divided into discrete time intervals [Th, Th+1], and the speed
on arc (i, j) during interval h is assumed constant and denoted vijh. Here, travel time
functions τij(t) are computed by simulating vehicle movement through each interval with
an iterative procedure that updates the remaining distance, time, and speed slot until the
arc is completely traversed. As a result, the IGP travel time functions are continuous and
piecewise linear. It has been shown in [51] that any continuous piecewise linear function
that satisfies the FIFO property can be accurately represented within this model. Moreover,
the parameters of the IGP model can be efficiently computed by solving a set of linear
systems, making it both expressive and computationally tractable for time-dependent
routing applications.

4.2. Speed-Based Prediction Pipeline

Several prediction methods exploit the variability exhibited by traffic conditions
due to periodic (e.g., hourly, weekly) and random (e.g., weather, accidents) effects [52].
The process is typically made up of three phases: (1) predicting speeds; (2) computing
arc travel times; (3) querying quickest paths (i.e., estimating travel times between given
origin–destination pairs).

4.2.1. Speed Prediction

Speed prediction relies on long-term GPS data, which include timestamps, vehicle IDs,
locations, and speeds. The process consists of three main stages:
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• Data Preparation: GPS points are mapped to road arcs using map-matching algo-
rithms [53]. Abnormal or parking-related points are filtered out. A complete daily
speed profile can require over 100 million speed patterns [54].

• Size Reduction and Clustering: Inadequate patterns (e.g., less than 5% data coverage)
are removed. Speed patterns are aggregated (e.g., 15-min intervals grouped into
one-hour bins). Clustering techniques, such as K-means followed by Affinity Propaga-
tion [11,12], are used to classify arc behavior.

• Prediction: Methods are categorized into:

– Naive: Simple averages, low accuracy.
– Parametric: Use models like ARIMA, Kalman Filters.
– Non-parametric: Data-driven models like SVMs, ANNs, RNNs, and LSTMs.

Table 1 provides a comparative overview of the main categories of prediction methods
discussed above, summarizing their data requirements, typical accuracy, computational
complexity, and key limitations. Note that, for each time prediction approach, a qualitative
assessment (low, moderate, good, high) of accuracy and complexity is furnished.

Table 1. Comparative overview of travel time prediction approaches.

Approach Data Requirements Accuracy Complexity Key Limitations

Naive (averages) Historical speed profiles Low Very low Cannot capture
temporal dynamics

ARIMA Time-series speed/flow data Moderate Low
Assumes stationarity;
limited for
non-linear patterns

Kalman Filters Sequential observations with
state model Moderate Low–moderate Sensitive to

model assumptions

SVM Feature-engineered traffic
data Moderate–good Moderate Requires careful feature

selection; limited scalability

ANN Historical traffic features Good Moderate Prone to overfitting on
small datasets

RNN/LSTM Sequential time-series data Good–high High Training time; vanishing
gradient in long sequences

GNN Graph-structured road
network + traffic data High High

Requires explicit graph
construction;
computationally intensive

Transformer Large-scale
spatiotemporal data High Very high Data-hungry; high

computational cost

4.2.2. Computing Travel Times

Two primary query types are relevant:

• Travel Time Queries: Compute Φij(t), arrival time at node j from arc (i, j) at departure
time t, using

Φij(t) =
{

x
∣∣∣∣ ∫ x

t
vij(t′)dt′ = dij

}
, (2)

where dij is the length of arc (i, j). Vidal et al. [55] proposed storing Φij(t)
in Equation (2) as closed-form piecewise-linear (PL) functions, allowing O(1) or
O(log H) access.

• Quickest Path Queries: Compute earliest arrival Γij(t) from i to j, considering time-
dependent paths. Vidal et al. (2021) [55] avoid the inefficiency of repeated shortest
path queries via preprocessed closed-form Γij(t) functions.

Despite the theoretical exponential complexity [56], practical instances exhibit few
breakpoint changes, making storage and computation feasible.
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4.2.3. Approximating Travel Times for Routing

Approximate travel times can accelerate optimization algorithms. For instance, in [57]
the authors estimate delay penalties for local route modifications. A notable method is
based on the speed decomposition by [58], which factors speeds as follows:

vijh = u0
ijb

0
hδ0

ijh, (3)

where u0
ij is the arc’s max speed, b0

h is the time-dependent congestion factor, and δ0
ijh is

a degradation factor. In Equation (3), if all arcs have δ0
ijh = 1, the network exhibits path

ranking invariance, i.e., path order is constant over time. This approximation is improved
in [59] by selecting greater uij values and recalculating bh(u) and δijh(u), leading to a new
lower bound:

vijh = uijbh(u)δijh(u), (4)

where u is a vector of uij.
In Equation (4), the trade-off is between decreasing duration and increasing congestion

penalties. A further refinement of this approach is proposed in [60] by selecting time
intervals where the approximation τij(t) equals the true τij(t) at least once, yielding tighter
lower bounds.

5. Travel Time Prediction Based on Web and Social Media Events
In this section, we begin by reviewing techniques used for crawling the web and social

media to automatically detect events that can impact traffic conditions (e.g., accidents, road
closures, public gatherings, protests, or severe weather). We highlight the types of informa-
tion these sources provide, such as location, time, severity, and event category, and discuss
their relevance for real-time traffic analysis and incident-aware routing. We then present a
survey of the main travel time prediction techniques that exploit such event-based data, ex-
amining their underlying methodologies, data requirements, and effectiveness in capturing
the dynamic and often unpredictable nature of urban traffic. Particular attention is given to
the integration of unstructured textual information with traditional traffic data, and the
challenges associated with event extraction, temporal reasoning, and spatial alignment.

5.1. Semantic Crawling of Web and Social Media for Event Identification and Classification

To complement structured APIs and IoT sensors, semantic crawling techniques [61]
are increasingly employed to gather unstructured but context-rich information from on-
line sources such as news outlets, traffic authority websites, and social media platforms
(e.g., X/Twitter, Facebook, or online forums). These sources often provide early warnings of
accidents, protests, weather-related disruptions, or special events that may not yet appear
in structured API data. Effective crawlers must implement filtering and prioritization
strategies to handle the high volume and heterogeneity of textual streams, ensuring that
only relevant and geo-specific information is retained.

Several studies demonstrate the value of social media for traffic event detection.
A cost-effective method for incident detection by mining tweets was proposed in [62],
filtering them using keyword-based features, classifying them as incident-related or not,
geocoding locations, and categorizing incidents into five types. A framework for real-time
incident detection using Twitter data was introduced in [63], where sentiment and emotion
analysis were adopted to capture user perceptions. The works in [64,65] focused on Saudi-
Arabic tweets, presenting machine learning and big-data frameworks that detect accidents,
closures, weather disruptions, and public celebrations with high accuracy. The same idea
was extended in [66] to Spanish-language tweets, extracting accident locations in Bogotá
(Colombia) via Named Entity Recognition (NER) and geocoding. A social network-based

https://doi.org/10.3390/futuretransp6030119

https://doi.org/10.3390/futuretransp6030119


Future Transp. 2026, 6, 119 11 of 21

framework for traffic accident detection and condition analysis from Twitter and Facebook
was developed in [4], extracting structured traffic information from unstructured posts.
Moreover, an automated framework was designed in [67], using NLP for traffic monitoring
that mines social media data to detect relevant events and issue timely alerts. A fine-
tuned BERT (Bidirectional Encoder Representations from Transformers) model filtered
and classified the data, while a Question-Answering module extracted key details such as
location, time, and event type.

Other works highlight large-scale applications. In particular, the authors in [68]
processed 120,000 geo-tagged traffic tweets and six million non-traffic tweets from the U.S.,
building classification models and performing spatio-temporal analyses that showed social
media reflects real traffic patterns. Also, in [69] a huge amount of user-generated Twitter
data was investigated and a novel latent Dirichlet allocation (LDA) approach (“tweet-
LDA”) was proposed for instant traffic alert generation and geocoding. On the other
hand, the authors in [70] used text mining and NER on Indonesian tweets to monitor road
conditions, evaluating classifiers with Bag-of-Words and TF-IDF features, while Ref. [71]
presented an NLP approach based on Support Vector Machines for incident detection in
the UK, and Ref. [72] combined deep learning and sentiment-weighted Kernel Density
Estimation on Chinese microblogs (Sina Weibo) to map accident- and congestion-prone
areas. Deep learning techniques were also implemented in [73] to develop a novel traffic
management approach. The model was specifically applied to Twitter data to notify
relevant authorities about critical issues such as road accidents and traffic congestion
within the Chandigarh tri-city region.

While the studies above reviewed predominantly rely on Twitter/X as the primary
social media source, the digital landscape for real-time event reporting has evolved con-
siderably. Platforms such as TikTok, Telegram, and Reddit are increasingly used to share
information about traffic disruptions. TikTok presents unique challenges due to its video-
first format, which requires computer vision techniques rather than traditional NLP for
event extraction. Telegram hosts dedicated channels for traffic alerts in several cities, of-
fering relatively structured and timely information [74]. Reddit, through location-specific
subreddits, provides community-sourced accounts of local traffic conditions. Similarly,
Facebook has been exploited for accident event detection in non-English contexts [75].
Overall, the maturity of transportation-analytics use differs significantly across these plat-
forms: Twitter/X and Waze have a consolidated body of published applications, Facebook
and Telegram have been used in specific and relatively recent case studies [74,75], while
TikTok and Reddit remain largely at the stage of emerging potential, with few systematic
transportation studies available to date. However, restricted API access and the heterogene-
ity of content formats across these platforms remain significant barriers to their systematic
integration into traffic monitoring systems.

The use of social media data for traffic monitoring also raises important ethical con-
cerns [76,77]. Mining user-generated content involves privacy risks, as individuals may
not be aware that their posts are being used for traffic surveillance purposes [78]. Algo-
rithmic bias may emerge in areas with lower social media penetration, leading to uneven
monitoring coverage across socio-economic groups and neighborhoods [79]. Furthermore,
compliance with data protection regulations such as the European General Data Protection
Regulation (GDPR) imposes constraints on the collection, storage, and processing of per-
sonal data in transportation contexts [80]. Addressing these concerns is necessary before
social media-based traffic monitoring can be deployed at scale.

One aspect of this literature that is rarely quantified is end-to-end detection latency.
Many of the frameworks cited above claim to be “real-time” systems and rely on streaming
infrastructures such as the Twitter Streaming API (v1.1) or Apache Spark (v2.4–v3.x)
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pipelines. Their evaluations, however, focus on offline metrics (precision, recall, F1-score,
accuracy) computed on historical datasets, with little reporting of the time elapsed between
an event occurring and its detection by the system. In navigation applications, routing
decisions must be made within seconds; without comparable latency benchmarks, it is
difficult to assess which of these methods actually meet the real-time requirements they
claim. We list this gap among the open research directions in Section 6.

5.2. Event-Based Travel Time Prediction

Recent advances in travel time prediction employ various integration strategies to
merge event-based data from web and social media with traditional traffic datasets. These
methods aim at capturing the dynamic disruptions observed in urban environments caused
by accidents, protests, and weather events. In this section, we examine four prominent cate-
gories of integration, graph neural network architectures, attention mechanisms, sequence-
to-sequence temporal models, and hybrid frameworks, with emphasis on their methodolo-
gies, data fusion approaches, and effectiveness.

For a broader methodological overview of spatio-temporal traffic prediction, see the
survey by Yuan and Li (2021) [16].

5.2.1. Graph Neural Network Architectures

Graph Neural Networks (GNNs) [81] have the potential to represent the complexity
of traffic dynamics by mapping event reports (extracted from unstructured web or so-
cial media text) directly onto nodes and edges of a graph via geotagging and NLP-based
location inference. GNNs allow multi-modal data fusion from traffic sensors, weather
feeds, and textual event streams by encoding each heterogeneous source as a distinct
class or type of node/edge. Event impacts can be rapidly propagated across the net-
work, enabling prediction models to capture both localized and distributed disruptions.
The spatial context means that a single incident can affect connected segments, with con-
currency priors and network-wide inference enhancing predictive accuracy. See [82] for
a recent study that proposes a spatio-temporal fusion graph convolutional network for
traffic prediction, incorporating weather factors. A further example is the physics-guided
stepwise GNN framework of Pan et al. (2025) [17], which targets traffic flow prediction at
urban intersections.

Taken together, GNN-based approaches are well suited to settings where the road
network topology is known and multi-modal features (sensor readings, weather, event
reports) can be attached to nodes or edges. Their main strengths are the explicit modelling of
spatial dependencies and the ability to propagate event impacts across connected segments.
The main limitations are the computational cost on very large networks, the need for
substantial labelled data, and the difficulty of interpreting the effect of specific inputs
on predictions.

5.2.2. Attention Mechanisms in Spatiotemporal Fusion

Attention mechanisms embedded in deep learning architectures enable selective focus
on events, road segments, and time windows most influential for traffic prediction. Multi-
modal attention networks dynamically weigh the importance of incoming clusters of events,
traffic sensors, and weather patterns in both the spatial and temporal domains, amplifying
the effect of incidents with outsized impact. Sparse and hierarchical attention allows these
models to prioritize data sources, isolating network bottlenecks during critical disruptions,
which is vital for context-aware forecasting. See [83,84] for two recent contributions in
this field.

Attention-based approaches are attractive when the relative importance of events,
road segments, and time windows changes across contexts, because they adjust their input
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weighting dynamically. A secondary benefit is a degree of intrinsic interpretability through
the inspection of attention weights. The main drawbacks are sensitivity to hyperparameter
tuning, a tendency to overfit on sparse event streams, and a computational cost that scales
super-linearly with sequence length.

5.2.3. Sequence-to-Sequence Temporal Reasoning

Sequence-to-sequence (S2S) models process detected event sequences from web and
social media, which often have incomplete or noisy temporal information. Using compo-
nents like multi-head and additive (Bahdanau) attention, these models infer the temporal
dynamics of event impacts (start time, duration, cascading effects) and predict correspond-
ing traffic fluctuations. The integration of NLP-driven time inference allows S2S models
to convert fragmented reports into coherent temporal disruptions, enabling temporally
aligned traffic predictions that reflect real-world evolutionary patterns (see, e.g., [85]).

Sequence-to-sequence models fit naturally when the temporal evolution of an event
(onset, peak, dissipation) is the primary predictive signal and inputs have variable length.
They are well suited to reasoning about cascading effects across time, but are harder to
parallelize than attention-only models, can struggle with very long temporal horizons,
and depend heavily on accurate alignment between event reports and sensor signals.

5.2.4. Hybrid Fusion Frameworks

Hybrid fusion frameworks combine GNN, attention, and sequence-based reasoning
in unified end-to-end systems. These architectures integrate structured sensor data, un-
structured text (event reports, web news, social feeds), geospatial metadata, and historical
traffic records. Multi-source fusion Graph Convolutional Networks, for example, process
sensor readings alongside event-extracted spatial features and environmental conditions.
These models tend to be more tolerant of noisy inputs and better able to adapt to sudden
disruptions, outperforming single-source or traditional time-series models, particularly in
event-rich environments (see [86] for a recent contribution in this area).

Recent contributions have further advanced spatiotemporal traffic forecasting through
specialized deep learning architectures. Cai et al. [13] proposed JointSTNet, a joint
pre-training framework that employs graph capsule modules to capture complex spa-
tial dependencies across urban road networks. Zhang et al. [14] introduced a two-
way heterogeneity model based on dynamic graph convolution, which explicitly han-
dles anomalous events such as traffic accidents by modelling both spatial and tempo-
ral heterogeneity. Lin et al. [15] developed GSA-KAN, a hybrid model that combines
Kolmogorov–Arnold Networks with a Gravitational Search Algorithm for short-term
traffic forecasting, demonstrating improved accuracy over conventional approaches.

Overall, hybrid frameworks tend to perform best in event-rich environments with
heterogeneous data sources, because they can exploit the complementary strengths of
graph structure, attention, and sequential reasoning. The trade-off is higher architectural
complexity, longer training times, and more hyperparameters to tune. Overfitting becomes
a practical concern when the event data are sparse or imbalanced across the network.

Table 2 provides a classification of the event-based prediction studies reviewed in
this section, organized by integration approach, forecasting target, data sources, and
key contribution.

A related concern is the interpretability of these event-based models. Attention-based
approaches, including those by [83–85] offer a first form of intrinsic interpretability: their
attention weight matrices can be inspected to reveal which time steps, sensors, or event
types drive a given prediction. The authors in [15] further argue that their KAN-based
architecture, with spline-parametrized univariate functions along the network edges, is
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more interpretable than a standard multilayer perceptron. Post-hoc techniques such as
LIME, SHAP, and counterfactual analysis for traffic prediction are discussed in the recent
survey by [8]. Earlier, Ref. [7] framed deep neural traffic models as “black-box” and
identified interpretability as an open gap. The systematic use of explainable AI in event-
aware travel time prediction, however, remains limited; we include it in the future research
directions of Section 6.

Table 2. Classification of event-based travel time prediction approaches.

Category Reference Forecasting Target Data Sources Key Contribution

GNN [81] GNN survey
(methodological)

Multi-modal (sensors, text,
weather)

Comprehensive
GNN survey

GNN [82] Weather-aware traffic flow Sensors + weather Spatio-temporal fusion GCN

GNN [14] Incident-aware traffic flow Sensors + events Two-way heterogeneity with
dynamic graph conv.

Attention [83] Long/short-term traffic flow Multi-modal traffic data Multi-modal attention for
long-short term correlation

Attention [84] Spatial-temporal traffic flow Traffic sensors Hierarchical
attention mechanism

S2S [85] Multistep traffic speed Time-series + events Multi-step
temporal reasoning

Hybrid [86] Urban traffic flow
(multi-source) Sensors + text + spatial Multi-source fusion GCN

Hybrid [13] Spatio-temporal traffic
forecasting Spatiotemporal traffic Joint pre-training with

graph capsules

Hybrid [15] Short-term traffic flow Short-term traffic data KAN + gravitational
search algorithm

Remarks

Traditional routing algorithms face significant scalability limitations when applied to
contemporary large-scale urban networks. While time-invariant shortest path algorithms
can theoretically be adapted for the TD-QPP, they are impractical in web applications that
demand real-time responses on large-scale networks. Moreover, whereas the TD-QPP is
solvable in polynomial time on FIFO networks, it becomes NP-hard on non-FIFO networks,
making traditional methods difficult to scale when network conditions violate the FIFO
property. Scalability is further hampered by the sheer volume of data required to achieve
accurate modelling. For instance, generating a complete daily speed profile for an urban
network can require processing over 100 million speed patterns, necessitating significant
data preparation, filtering, and clustering to remain computationally tractable. To address
these limitations, several specialized techniques have been developed:

• Heuristics and Hierarchies: Algorithms using highway hierarchies or bidirec-
tional searches with lower-bound arc costs achieve significant speed-ups over stan-
dard approaches;

• Pre-processed Functions: Storing travel times as pre-processed closed-form piecewise-
linear functions allows for O(1) or O(log H) access times, avoiding the inefficiency of
repeated shortest path queries;

• Public Transit Optimization: For extremely large networks, such as public transporta-
tion systems with up to 500 million arcs, the use of transfer patterns and time-expanded
graphs enables millisecond-scale query times.

The scaling of complex deep learning models for online deployment remains a primary
challenge. Moving beyond simple local delay warnings toward robust, city-wide adaptive
systems will require further progress in data extraction pipelines and interpretable learning
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architectures. In this context, centralized traffic management, where a central planner
optimizes routes to minimize overall network congestion rather than just individual travel
times, is gaining increasing attention as a viable approach to urban-scale routing.

6. Conclusions and Future Research Directions
This survey has examined recent developments in real-time navigation systems, trac-

ing the shift from traditional methods based on structured data to advanced deep learning
approaches that integrate both structured traffic data and unstructured contextual infor-
mation from sources like news and social media. Only recently have some navigation
systems and apps begun incorporating local events—such as strikes, concerts, sports games,
and political rallies—into their ETA predictions. However, these systems typically go no
further than issuing delay warnings near venues, like stadiums during major events. This
paper reviews key methodologies in the field, including both well-established approaches
and recent innovations. It covers techniques ranging from natural language processing for
event extraction, to machine learning for traffic forecasting, and graph-based algorithms
for efficient routing, highlighting their respective strengths and limitations.

By jointly covering time-dependent routing, structured and unstructured traffic data,
and NLP-based event extraction within a unified framework, this survey connects three
research communities that have historically worked largely independently of one another.
The end-to-end pipeline perspective adopted throughout the paper highlights the interde-
pendencies among data acquisition, predictive modelling, and route optimization, offering
a reference point for researchers across operations research, machine learning, and natural
language processing.

The surveyed literature also grounds these methodologies in concrete real-world ap-
plications. Structured-API studies have been applied to Boston, MA [42], and Jeddah, Saudi
Arabia [44]; Waze-based analyses cover Casablanca, Morocco [45], Knoxville, TN [5,47],
and Iowa [46]; Twitter-based event detection has been demonstrated on Arabic [64,65],
Spanish [66], English-language [4,67], and Indian [73] corpora. This spread of settings, lan-
guages, and data sources shows that the techniques reviewed here are not only conceptual
but already tested in operational conditions, although often in isolated case studies rather
than in integrated navigation systems.

Policy Implications

The methodologies surveyed in this paper have direct implications for smart-city stake-
holders, transport agencies, and urban planners. First, fusing structured traffic data with
unstructured textual streams can support evidence-based decision making, for example by
enabling data-driven prioritization of incident response and of information dissemination
to commuters. Second, the use of social media data for traffic monitoring requires explicit
regulatory frameworks that balance operational utility with privacy protection, notably
under the GDPR in the European context. Third, context-aware routing algorithms can
be used to implement congestion-pricing and low-emission zone policies that adapt to
actual network-wide conditions rather than to static rules. Finally, the deployment of such
systems calls for coordination between municipal traffic authorities, software providers,
and civil-society stakeholders, so that the benefits of data-driven navigation translate into
concrete improvements in urban mobility.

Several limitations still affect current traffic-aware navigation systems. Data latency
remains a persistent issue, as API refresh rates and the inherent delays of social media
reporting hinder real-time adaptability. Closely related is the challenge of event severity
quantification: while many models can detect the occurrence of an incident, determining
whether it significantly impacts travel times remains largely unresolved. Scalability poses a
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major barrier as well, since semantic crawlers must operate across multiple languages and
cities without degradation in accuracy. Furthermore, systems calibrated in a specific urban
environment often fail to transfer effectively to other contexts with different infrastructures
and mobility dynamics, limiting their generalization capacity [8].

Related to this, the event-detection literature rarely reports end-to-end detection
latency as an evaluation metric, making it difficult to compare methods on the real-time
performance they often claim.

Practical deployment challenges also deserve attention. The interoperability between
legacy traffic management systems and modern data-driven platforms is often limited,
creating integration bottlenecks in real-world scenarios. The computational and energy
costs associated with large-scale real-time processing raise sustainability concerns that are
frequently overlooked in the smart mobility literature. Additionally, ethical considerations
surrounding the mining of social media data for traffic monitoring, including privacy
risks, algorithmic bias in areas with lower social media penetration, and compliance with
regulations such as the GDPR [77,80], must be addressed in the design of future systems.

We group the main future research directions into three categories: (i) methodological,
including multimodal fusion frameworks, cross-city transferable models, and explainable
AI for traffic prediction; (ii) computational, including scalable online deployment of deep
learning models, geolocating ambiguous event mentions, and energy-aware processing;
and (iii) deployment-oriented, including interoperability with legacy traffic management
systems, user feedback loops, privacy-preserving mechanisms, and integration with smart
mobility ecosystems. In the following paragraphs we elaborate on each of these strands.

Future research should focus on geolocating ambiguous event mentions, resolving
temporal uncertainty in social data, and scaling complex models for online deployment.
To this aim, gazetteer-based methods and services such as OpenStreetMap Nominatim
provide broad geographic coverage, while machine learning-based geoparsing frame-
works [87–89] offer improved disambiguation capabilities for informal text. Error-handling
mechanisms, including confidence scoring and spatial validation against known road
networks, are essential for ensuring the reliability of geocoded event locations extracted
from noisy social media streams. In addition, further developments should prioritize
the design of scalable multimodal fusion frameworks capable of balancing accuracy and
computational efficiency [7,9], together with the development of cross-city transferable
models that generalize across heterogeneous urban infrastructures. The integration of user
feedback loops to continuously refine predictions and routing decisions, the embedding of
privacy-preserving mechanisms into data pipelines, and the advancement of explainable AI
methods to increase trust in system outputs should also be explored. In particular, attention-
weight visualization, SHAP-based feature attribution, and counterfactual explanations
tailored to event-aware traffic models deserve systematic investigation. On a broader scale,
real-time reinforcement learning and the integration of navigation with smart mobility
ecosystems, including electric vehicle charging optimization and multimodal transport
planning, are yet to be fully addressed.
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Appendix A. Full Boolean Search Expressions
This appendix reports the full Boolean expressions adopted for the systematic

search in Scopus. The queries were adapted to the syntax of Web of Science and IEEE
Xplore while preserving the same terms and logical operators. All queries were re-
stricted to the 2000–2025 publication window through the filter PUBYEAR > 1999 AND
PUBYEAR < 2026.

• Query A (time-dependent routing): TITLE-ABS-KEY((“time-dependent” OR “time-
varying”) AND (“shortest path” OR “vehicle routing” OR “quickest path” OR “fastest
path” OR “travel time” OR “arc routing” OR “route planning” OR “road network”)).

• Query B (traffic prediction): TITLE-ABS-KEY((“traffic flow prediction” OR “traffic
forecasting” OR “traffic speed prediction” OR “travel time prediction” OR “traffic
congestion prediction”) AND (“deep learning” OR “neural network” OR “graph
neural” OR “machine learning” OR “LSTM” OR “attention” OR “spatio-temporal”
OR “spatiotemporal”)).

• Query C1 (social media and traffic): TITLE-ABS-KEY((“social media” OR “Twitter” OR
“Waze” OR “crowdsourc*”) AND (“traffic incident” OR “traffic accident” OR “traffic
event” OR “traffic congestion” OR “road incident” OR “road accident”)).

• Query C2 (NLP and traffic): TITLE-ABS-KEY((“NLP” OR “natural language processing”
OR “text mining” OR “geopars*” OR “toponym”) AND (“road traffic” OR “traffic
accident” OR “traffic incident” OR “traffic congestion” OR “traffic event” OR “traffic
monitoring” OR “urban traffic”)).
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