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Abstract

This study addresses the challenge of accurate short-term bus travel time prediction in data-
constrained urban environments. While many existing models rely on extensive external
data, we propose a data-efficient spatiotemporal framework that integrates sequential deep
learning with multi-relational graph modeling using only standard operational transit
data. The approach is implemented through a multi-relational graph spatio-temporal
bidirectional LSTM (MRG-ST-BiLSTM) model, which captures temporal dependencies
while preserving the physical topology of the road network. A real-world case study
was conducted using GTFS-based data from bus operations in the Greater Sydney Area,
covering five routes and more than four million stop-level records. In the real road network
test, numerical experiments demonstrated that the proposed model achieved improved
prediction accuracy compared to baseline methods. Specifically, it achieved an MAE of
15.82 s and RMSE of 31.38 s, outperforming the conventional LSTM (MAE 26.70, RMSE
45.61), Hybrid-BiLSTM (MAE 17.24, RMSE 32.73) and GCN-LSTM (MAE 17.27, RMSE
32.61). The proposed framework provides a scalable and interpretable practical solution
for transit agencies.

Keywords: bus travel time prediction; graph-enhanced BiLSTM; intelligent transportation
system (ITS); spatio-temporal public transit modeling; data-efficient deep learning

MSC: 68T07; 90B06; 05C90; 62M10

1. Introduction
Within the framework of intelligent transportation systems (ITSs), providing accurate

bus travel and arrival time estimates is no longer just a convenience for passengers, but
a prerequisite for dynamic fleet management and congestion control. While short-term
prediction remains a critical challenge for modern transportation management, the recent
proliferation of complex deep learning models has introduced new handles. Many of these
architectures function as “black boxes” dependent on high-resolution data that municipal
transport authorities often lack [1]. Moreover, existing methods frequently overlook the
physical topology of bus networks, necessitating a shift toward data-efficient models
that maintain high accuracy using only standard operational records while providing the
interpretability required for urban planning.
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Recent advances in graph neural networks (GNNs) have fundamentally reshaped
spatiotemporal forecasting. For instance, while some studies demonstrate the effectiveness
of multi-task dynamic attention in aviation environments, others emphasize integrating
external factors through specialized attention modules [2,3]. In the context of public transit,
graph attention networks (GATs) have been utilized to model congestion propagation
between stops, significantly outperforming classical sequence models [4]. Further research
has highlighted the importance of segment-level granularity and decoupled interactive
learning to improve forecast stability [5,6].

Despite these contributions, existing frameworks typically rely on computationally
prohibitive architectures or multi-source data that are unavailable in many municipal
settings. Crucially, many models fail to exploit the multi-relational nature of bus net-
works, such as the distinction between physical adjacency and shared route overlaps. This
study addresses these gaps by proposing a data-efficient spatiotemporal model specifically
designed for short-term forecasting using only standard operational transport records
(GTFS). By preserving the physical network topology, the proposed approach aims to
bridge the gap between complex algorithmic outputs and the functional requirements of
urban transport planning.

The primary objective of this paper was to develop a spatiotemporal modeling frame-
work for short-term bus travel time prediction that integrates sequential deep learning with
multi-relational graph modeling, relying exclusively on operational transit data. To achieve
this, the study addresses the following research questions:

RQ1. To what extent can bus segment travel times be accurately predicted using only
GTFS-derived operational records in the absence of external contextual variables?

RQ2. How does the integration of multi-relational spatial dependencies between route
segments affect prediction performance compared to purely temporal models?

The primary contributions of this research include the following:

• We formalize bus travel time forecasting as a segment-level spatiotemporal task that
explicitly integrates temporal dynamics with the physical topology of the transit network.

• Unlike existing models that rely on external variables, our framework utilizes only
standard operational transit data. This approach significantly enhances the LSTM’s
scalability and its potential for deployment in resource-constrained environments.

• We introduce a lightweight graph-enhanced hybrid BiLSTM architecture. This model
uniquely combines categorical transit feature embedding with BiLSTM-based temporal
modeling and graph-based spatial aggregation, ensuring both predictive precision
and operational interpretability.

• We empirically validated the framework using real-world bus operational data.

The remainder of this paper is structured as follows. Section 2 reviews the relevant
literature on spatiotemporal forecasting and graph-based transit modeling. Section 3 details
the proposed graph-enhanced hybrid BiLSTM architecture and the data preprocessing
workflow. In Section 4, we present the experimental results and a comparative performance
analysis. Finally, Section 5 discusses the implications of our findings and outlines potential
avenues for future work.

2. Literature Review
Numerous methods have been proposed for the bus travel time prediction, incorporat-

ing a range of techniques and algorithms. Early studies relied on statistical and traditional
machine learning methods such as historical averages [7–9], Kalman filter (KF) [10–14],
ARIMA [15–17], support vector regression (SVR) [18–22], and artificial neural networks
(ANNs) [20]. However, these models typically assume stable travel patterns and therefore
struggle to capture the complex and highly dynamic nature of urban traffic conditions.
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With the advancement of deep learning, researchers have demonstrated that bus travel
time prediction can be significantly improved by using deep learning architectures such
as long short-term memory (LSTM) networks, which effectively capture temporal depen-
dencies [23–25]. Compared to traditional machine learning models, LSTMs have shown
superior performance in modeling sequential data, making them particularly suitable for
bus arrival time estimation [25,26]. For instance, the authors of [25] demonstrated that an
LSTM model outperformed baseline approaches such as ANN, SVR, ARIMA, and historical
averages in predicting transit bus arrival time irregularities using GPS and weather data
from the Toronto Transit Commission. Moreover, Hou and Edara [26] predicted link travel
time using an LSTM model and demonstrated its superiority over a convolutional neural
network (CNN) model. However, despite their advantages, standalone LSTM models often
struggle with capturing spatial dependencies.

A number of LSTM-based studies also rely on detailed vehicle-level operational
datasets collected through onboard sensors and telematics systems [20,27,28]. These
datasets typically include operational parameters such as vehicle speed, acceleration pat-
terns, braking behavior, engine diagnostics, fuel consumption, and passenger occupancy
levels. Such data are obtained through onboard vehicle sensors, telematics platforms, or
automated fare collection systems. For example, Yu et al. [20] collected operational data
including bus running time, arrival time, and timestamps from automatic toll tag readers to
train and evaluate several predictive models. Similarly, other studies have used large-scale
operational datasets containing numerous attributes describing driving states, mechanical
conditions, and GPS locations of buses. While these data-rich approaches can signifi-
cantly improve the prediction accuracy, they require specialized sensing infrastructure and
extensive data collection systems that are not available in many cities.

Several studies have attempted to improve the prediction performance by incor-
porating additional operational and passenger-related information. In particular, some
approaches integrate passenger demand data to implicitly account for dwell time variations
and link travel time delays caused by passenger boarding and alighting activities [23,26,29].
Other studies rely on the General Transit Feed Specification (GTFS) data [30–33]. Com-
pared with estimated operational data, GTFS allows researchers to model real-world transit
operations more accurately. A widely adopted approach is to segment bus routes according
to bus stop locations and estimate the travel time for each segment separately. For exam-
ple, Gal et al. [31] partitioned bus routes into segments between stops and estimated the
travel time using data from multiple bus lines traversing the same segment. Wu et al. [32]
further incorporated attention-based convolutional LSTM architectures to model travel
time across route segments using spatio-temporal features derived from transit operations.
Ratneswaran and Thayasivam [33] proposed a multi-model ensemble framework designed
to improve travel time prediction under heterogeneous traffic conditions. Although such
approaches provide improved spatial granularity, they often do not explicitly consider
passenger waiting times or delays associated with route transfers.

To better capture spatial dependencies between bus stops and route segments, more
recent studies have explored hybrid deep learning architectures that combine LSTM models
with convolutional or graph-based neural networks. Convolutional LSTM models have
been proposed to jointly model spatial correlations between route segments and the tem-
poral dynamics of travel time sequences [34]. For instance, Lee et al. [35] developed a
Geo-convLSTM model that integrates convolutional layers for spatial feature extraction
with LSTM layers for temporal modeling. The model incorporates multiple datasets in-
cluding smart card passenger transactions, road speed data, weather information, and
operational variables. Liu et al. [36] proposed an ANN–LSTM architecture that extracts
spatial features from route segments, while LSTM layers capture temporal travel time
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variations. Similarly, Jiang et al. [37] introduced a deep learning framework capable of
handling incomplete datasets by combining multiple data sources.

More recently, graph-based neural networks have been introduced to represent trans-
portation systems as structured networks where nodes correspond to bus stops or road
segments and edges represent the connectivity between them. These approaches allow
models to capture spatial interactions between neighboring locations more effectively. For
example, Li et al. [38] proposed a sequence and network embedding approach for bus
arrival time prediction using GPS trajectory data, learning both temporal and network-
level representations of bus movement patterns. Huang et al. [39] introduced the GT-TTE
framework, which models trajectories as graphs and uses advanced neural architectures
to capture spatial and temporal relationships within trajectory sequences. Other recent
frameworks integrate attention-based recurrent neural networks and graph convolutional
networks to model complex interactions across multiple routes and stops [40,41]. To
provide a structured overview of the current landscape, Table 1 summarizes key recent
developments in the field, contrasting their methodological focus with the requirements of
operational efficiency.

Table 1. Summary of related work.

Ref. Methodology Data
Requirements Spatial Awareness Key Contribution

[35] CNN + LSTM

Rich features set
beyond AVL: road

speed features, driver
identifiers, weather

variables.

Route-local spatial
modeling via

geo-convolution over
adjacent stops, augmented
with stop-to-stop distance.

Proposes a stop-sequence
convolution approach

intended to avoid grid-size
artifacts.

[37] LSTM/GRU/Bi-LSTM

Hybrid smart-card
(ESC) and GPS streams

to derive
arrival/departure

times.

Sequence-only:
stop-to-stop time series

along a route (no explicit
network/graph).

Hybrid ESC + GPS improves
error versus single-source

baselines.

[38]

SGE-net: sequence
embedding (Echo State

Network +
Auto-Encoder +

k-means) + network
embedding + fusion via
parallel GRU networks.

GPS trajectories only. Graph/topology-explicit:
node2vec over stops.

Provides a GPS-only,
data-accessible framework.

[39] GT-TTE a
graph-transformer.

GPS points with
temporal ordering.

Graph/topology-explicit:
graph over trajectory nodes

and region adjacency.

Addresses the challenge of
extracting regional spatial

information from trajectory
formats. Reports improvement

compared with other graph
transformers and statistical

models.

[33]

Multi-model stacked
generalization

ensemble: ConvLSTM +
XGBoost.

Standard operational
data, weather features,

smart-card/ESC,
APC/passenger-flow,
and traffic-flow sensor

inputs.

No explicit
network/graph.

Improves next-stop
arrival-time accuracy in
heterogeneous traffic by
stacking ConvLSTM and

XGBoost over a running/dwell
decomposition.

[30] Hybrid-BiLSTM Standard operational
only

Sequence-only (route-level
segmentation), no explicit

network/graph

LSTM models using
operational variables can
improve bus arrival time

prediction without complex
external features.
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Table 1. Cont.

Ref. Methodology Data
Requirements Spatial Awareness Key Contribution

[40]

PMLNet: LSTM +
MDARN calibrates via

four real-time traffic
impact factors.

Requires both
operational and public
databases: local (AVL
data, traffic flow) and

macro factors
(weather/temperature/air

quality).

No explicit
network/graph.

Introduces attention-based
recurrent architecture to model

interactions across multiple
bus routes.

[41] FEN-MRMGCN

Comprehensive
multi-source dataset
including passenger

flow, traffic conditions,
weather, bus IDs,

inter-stop distances,
and arrival times.

Multi-relational graph
convolution.

Multi-relational Graph
Convolutional Network (GCN)

capturing inter-route spatial
dependencies with temporal

models, improving prediction
accuracy.

This Study Graph Hybrid BiLSTM Standard operational
only

Route-level segmentation
with topology-preserving

Data efficient, interpretable,
scalable

This research contributes to the existing body of literature by introducing a mathemat-
ically consistent framework that embeds the physical topology of the transport network
directly into a spatiotemporal learning architecture. Specifically, we formalized bus travel
time prediction as a segment-level task where spatial dependencies are resolved through
graph-enhanced aggregation and temporal dynamics are captured via a lightweight Hy-
brid BiLSTM. Unlike computationally intensive ‘black-box’ models that rely on external
variables, the proposed approach utilizes only standard operational records. By prioritizing
data efficiency and structural stability, this study provides a unified analytical foundation
for forecasting that effectively bridges the gap between high-level architectural complexity
and the functional requirements of real-time transit management.

3. Materials and Methods
3.1. Problem Description

The study addresses the problem of short-term bus travel time prediction, where bus
trips are modeled as ordered sequences of segments. A segment refers to the directional road
section between two consecutive bus stops along a route. Let a trip consist of an ordered
sequence of stops . . . , i, i + 1, . . . For each segment t, connecting stop i − 1 to stop i, let Arri

denote the arrival time at stop i and Depi−1 denote the departure time from stop i − 1.
The run time of segment t, representing the in-motion travel time between two consec-

utive stops, is defined as:

run_time t = Arri − Depi−1. (1)

The dwell time associated with segment t is defined at the upstream stop as:

dwell_time t = Depi−1 − Arri−1. (2)

representing the time the vehicle remains stopped at stop i − 1 before departing toward stop i.
Accordingly, the target variable travel time t is defined as:

yt = travel_time t = run_time t + dwell_time t. (3)
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Given historical observations from previous segments within a trip, the objective is
to predict yt for the current target segment. Figure 1 illustrates the formulation of the bus
travel time prediction problem at the stop-to-stop segment level.

Figure 1. Formulation of the bus travel time prediction problem at the stop-to-stop segment level.

3.2. Data Description
3.2.1. Bus Arrival and Departure Time Dataset for Greater Sydney

The proposed model was evaluated using a real-world public transport dataset derived
from the study [42]. The dataset is based on GTFS-Realtime Trip Updates provided by
Transport for New South Wales (TfNSW) and contains processed stop-level arrival and
departure time information for bus services operating in the Greater Sydney Area.

For this study, a subset of the original dataset was extracted covering 5 routes
(2459_423, 2459_428, 2435_802, 2435_804, and 2435_806) over the period from 1 January
2021 to 1 May 2021. Selected routes contained the largest volume of observations and the
highest number of shared intersection stops, as illustrated by the stop-level network graph
in Figure 2. The dataset comprises 4,200,641 stop-level trip update records derived from
5160 vehicles. The distributions of run time between consecutive stops and dwell time at
stops are illustrated in Figure 3.

Figure 2. Stop-level network graph of the selected bus routes (white nodes indicate intersection stops).
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(a) (b) 

Figure 3. Distributions of (a) run time between consecutive stops and (b) dwell time at stops across
the selected bus routes.

3.2.2. Data Preprocessing

To transform the stop-level GTFS-Realtime records into a segment-level dataset suit-
able for our predictive modeling, a multistage preprocessing procedure was applied. First,
only essential attributes describing trips, vehicles, stop sequences, and timestamps were
retained. All time fields were converted to datetime format, and records with missing or
invalid timestamps were removed to ensure temporal consistency. It should be noted that
the trip_id field in the original dataset corresponds to a scheduled trip identifier and does
not uniquely identify individual executed trips. Therefore, to distinguish real executions
of scheduled trips, a unique trip instance identifier was created by combining vehicle
ID and trip start time. Records were then chronologically ordered within each trip, and
consecutive stops were paired to form stop-to-stop segments. For each segment, dwell
time at the upstream stop, run time to the downstream stop, and total travel time were
computed according to Equations (2)–(4).

Temporal identifiers were additionally introduced to capture systematic variations in
bus operations across different days of the week. In particular, a day-of-week indicator was
included as a categorical feature to account for differences between weekday and weekend
traffic conditions. As illustrated in Figure 4, the average segment travel times exhibited notice-
able variation across days, especially during peak hours, reflecting differences in passenger
demand and traffic congestion patterns. Incorporating this temporal context allows the model
to better capture recurring operational patterns in the public transport system.

Figure 4. Average bus travel time (seconds) by hour of day across weekdays and weekends.
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Finally, unrealistic observations were filtered to remove noise and errors. The over-
all data preprocessing procedure is summarized in Algorithm 1, while Table 2 lists the
corresponding explanations of variables and symbols.

Algorithm 1. Construction of the segment-level dataset from stop-level GTFS records

Input: Raw stop-level dataset Draw containing route identifiers, scheduled trip
identifiers, vehicle identifiers, stop sequence, stop identifier, arrival time,
departure time, trip start time, and delay-related fields.
Output: Clean segment-level dataset Dseg for travel time prediction.

// Preprocessing of stop-level records:
1 Select essential attributes from Draw:

(route_id, trip_id, vehicle_id, stop_sequence, stop_id, Arr_i, Dep_i,
trip_start_time, arrival_delay_i, departure_delay_i).

2 Convert all temporal fields to datetime format.
3 Remove records with missing, duplicated, or invalid timestamps.
4 Construct a unique executed trip identifier:

trip_instance_id = vehicle_id ⊕ trip_start_time.
5 Sort all records by (trip_instance_id, stop_sequence).

// Construction of stop-to-stop segments:
6 for each trip_instance_id k in D_raw do
7 for each consecutive stop pair (i, i + 1) within trip k do
8 Define start_point = stop_id_i;
9 Define end_point = stop_id_{i + 1};
10 Define segment index = position of pair (i, i + 1) in trip k;
11 Compute dwell time at the upstream stop as in Equation (2);
12 Compute run time between consecutive stops as in Equation (1);
13 Compute total segment travel time as in Equation (3);
14 Extract service date:

date_i = date(trip_start_time);
15 Extract day-of-week:

day_of_week_i = weekday(date_i);
16 Extract trip start time only:

trip_start_time_only_i = time(trip_start_time);
17 Store one segment-level observation:

(trip_instance_id, route_id, segment, date_i, day_of_week_i,
trip_start_time_only_i, start_point, end_point,
dwell_time_i, run_time_i, travel_time_i).

18 end
19 end

// Cleaning of segment-level observations:
20 Remove observations with:

dwell_time_i < 0,
run_time_i ≤ 0,
travel_time_i ≤ 0.

21 Remove extreme outliers:
travel_time_i > Q_99 (travel_time) predefined upper bound.

22 Return the resulting clean segment-level dataset D_seg.

The resulting dataset comprises 3,655,384 records derived from 70,275 trips across five
routes. A detailed description of all variables included in the dataset is provided in Table 3.
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Table 2. The explanation for Algorithm 1 variables and functions.

Symbol/Variable Explanation

D_raw Raw stop-level dataset

D_seg Final clean segment-level dataset

trip_id Scheduled trip identifier

vehicle_id Unique vehicle identifier

trip_start_time Start time of the executed trip

trip_instance_id Unique identifier of an executed trip, formed by concatenating
vehicle ID and trip start time

i Stop index within a trip

t Segment index between two consecutive stops

stop_id_i Identifier of stop (i)

Arr_i Arrival time at stop (i)

Dep_i Departure time from stop (i)

arrival_delay_i Arrival delay recorded at stop (i), if available in the original data

departure_delay_i Departure delay recorded at stop (i), if available in the original data

start_point Upstream stop of a segment

end_point Downstream stop of a segment

dwell_time_t Time spent at the upstream stop before departure

run_time_t In-motion time between two consecutive stops

travel_time_t Total segment travel time, equal to dwell time plus run time

date_t Service date of the trip

day_of_week_t Day-of-week category derived from service date

trip_start_time_only_t Time-of-day component of the trip start time

⊕ Concatenation operator

Q_99 99th percentile

Table 3. Description of variables in the segment-level dataset.

Variable Description

trip_id Unique identifier of the trip.

route_id Identifier of the bus route to which the trip belongs.

segment Stop-to-stop segment number within the trip sequence.

date Service date when the trip was executed.

day_of_week
Categorical variable indicating the day of the week
(Monday–Sunday), introduced to capture weekly variations in traffic
conditions and passenger demand.

trip_start_time_only Departure time of the trip from the first stop, representing the
temporal context of the trip.

start_point Identifier of the starting stop of the segment.

end_point Identifier of the next stop defining the end of the segment.

run_time_in_seconds Time required for the bus to travel between two consecutive stops.

dwell_time_in_seconds Time spent at the stop for passenger boarding and alighting.

travel_time Total segment travel time computed as the sum of run time and dwell
time.
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3.3. Proposed Predictive Modeling Framework

The proposed framework formulates bus segment travel time prediction as a graph-
enhanced sequence-to-one regression problem. For each target segment t, the model
estimates its travel time yt using:

• a fixed-length historical window of preceding segments within the same trip;
• categorical and continuous operational features describing each segment;
• cyclical temporal context;
• and graph-based stop representations learned from the underlying transport network.

Formally, the prediction task can be written as

ŷt = fθ (Wt, xt, rt; A, B), (4)

where Wt denotes the historical input window associated with target segment t, xt denotes
temporal features, rt denotes the route context, A denotes the co-route similarity graph,
B denotes the sequential stop adjacency graph, and fθ is the proposed graph-enhanced
BiLSTM model parameterized by θ. The overall architecture of the framework is illustrated
in Figure 5.

Figure 5. General framework of the proposed MRG-ST-BiLSTM model.

3.3.1. Input Features Representation

For each target segment t, a fixed-length historical window of preceding segments is
used to construct the model input:

Wt = {t − L + 1, ..., t}, (5)

where L denotes the window size.
Each segment i ∈ Wt is described by the following categorical segment level variables:

https://doi.org/10.3390/math14091503
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• start stop identifier as si ∈ S;
• end stop identifier as ei ∈ S;
• segment identifier as gi ∈ G (ordered start and end stops pair);
• position index within the trip qi;
• route identifier ri ∈ R.

All categorical variables are mapped into integer indices using label encoders and
embedded into dense vector representations using trainable embedding matrices.

In addition to categorical variables, each segment i is associated with continuous
operational variables:

r (run)
i = run_time i, (6)

d (dwell)
i = dwell_time i. (7)

To prevent information leakage during prediction, the current-step run and dwell
times are masked for the segment being predicted. A binary indicator variable is introduced
to identify the target position:

mi =

{
1, i f i = t,
0, otherwise.

(8)

The masked r (run)
i and d (dwell)

i are then defined as:

∼
ri =

{
0, i f i = t,

r (run)
i , otherwise.

(9)

∼
di =

{
0, i f i = t,

d (dwell)
i , otherwise.

(10)

Thus, each step i has a continuous feature vector

ui =

[
∼
ri,

∼
di, mi

]
∈ R3. (11)

Temporal data are encoded using cyclical transformations of time:

xt = [sin(2πh/24), cos(2πh/24), sin(2πd/7), cos(2πd/7)], (12)

where h and d denote the hour of day and day of week, respectively. This encoding
preserves the periodic structure of temporal variables and avoids artificial discontinuities
between adjacent cyclical values.

3.3.2. Graph-Enhanced Stop Representation

Travel time depends not only on temporal dynamics within a trip, but also on the
topology and structural organization of the transport network. To incorporate these
spatial dependencies, we introduced a network-aware stop representation module that
leverages structural relationships between stops to learn enriched embeddings prior to
sequence modeling.

Let S denote the set of bus stops, with | S |= N. Each stop s ∈ S is initially represented
by a learnable embedding vector, and collecting all stop embeddings yields the matrix:

E ∈ RN×ds .

where ds denotes the stop embedding dimension.
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However, standalone embeddings cannot capture network connectivity. Therefore,
we constructed two complementary graphs from the training data: (i) weighted co-route
similarity graph A, and (ii) sequential adjacency graph B.

Co-route similarity graph A captures the functional similarity between stops. Stops
frequently served by the same routes tend to share demand patterns and traffic conditions
even if they are not consecutive along a route. A stop-route incidence matrix M ∈ RN × |R|

is constructed with entries:

Ms, r =

{
1, i f stop s appears on route r,

0, otherwise.
(13)

The stop similarity matrix is then computed as:

S = M MT . (14)

where Sij indicates the number of shared routes between stops i and j. The matrix is
subsequently symmetrized to obtain an undirected graph.

To preserve sparsity and avoid constructing noisy connections, only the top-k most
similar neighbors per stop are retained. Specifically, for each node i, the k stops with the
largest values of Sij are selected, and the corresponding edges are preserved with weights
equal to the shared route counts. Let Nk(i) denote the set of top-k neighbors of stop i
according to Sij.

The final adjacency matrix A is then symmetrized and used as a weighted graph
representing route-level similarity between stops.

Aij =

{
1, i f i ∈ Nk(i) ,

0, otherwise.
(15)

Sequential adjacency graph B models physical route continuity. Stops that appear
consecutively within the same route are connected. Formally, for each route r, if stop i is
followed by stop j, the entries Bij and Bji are set to 1:

Bij =

{
1, i f stops i and j are consecutive on a route ,

0, otherwise.
(16)

The resulting matrix B ∈ RN × N therefore captures the local structural topology of
the transportation network by linking neighboring stops along routes.

To illustrate the construction of the proposed graphs, consider a simplified example
consisting of three bus routes and seven stops, as in Figure 6. The routes are defined as:

• R1: A → B → C → D;
• R2: E → F → C → D;
• R3: A → B → G → D.

Several stops are shared across multiple routes. For instance, stops A and B appear
in routes R1 and R3, stop C appears in routes R1 and R2, and stop D appears in all three
routes. Other stops (E, F, and G) are unique to a single route.

Based on these routes, two graphs are constructed. In the co-route similarity graph A
(see Figure 7a) the pair (B, C) appears in routes R1 and R2 and therefore receives weight 2,
while the pair (C, D) appears in routes R1 and R3 and receives weight 2. In the sequential
adjacency graph B (see Figure 7b), edges A–B, B–C, and C–D are created from route R1,
while edges E–F and F–C originate from route R2, and edges B–G and G–D originate from
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route R3. This graph therefore captures the local topology of bus routes. All other pairs
that share only one route receive weight 1.

Figure 6. Example of bus routes with shared stops used to illustrate graph construction.

 
(a) (b) 

Figure 7. Graph representations derived from the example routes: (a) weighted co-route similarity
graph A; (b) sequential adjacency graph B. Nodes that appear in all three routes are highlighted in
red, nodes shared by two routes are shown in orange, and nodes unique to a single route are shown
in blue.

The adjacency matrices corresponding to the example routes are:

A =



0 2 1 2 0 0 1
2 0 1 2 0 0 1
1 1 0 2 1 1 0
2 2 2 0 1 1 1
0 0 1 1 0 1 0
0 0 1 1 1 0 0
1 1 0 1 0 0 0


, B =



0 1 0 0 0 0 0
1 0 1 0 0 0 1
0 1 0 1 0 1 0
0 0 1 0 0 0 1
0 0 0 0 0 1 0
0 0 1 0 1 0 0
0 1 0 1 0 0 0


Before graph convolution, both adjacency matrices are then symmetrically normal-

ized as:
Â = D−1/2

A (A + I)D−1/2
A ,

B̂ = D−1/2
B (B + I)D−1/2

B .
(17)
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where DA and DB denote the corresponding degree matrices and I is the identity matrix. I
is added to the adjacency matrix to introduce self-loops, allowing each node to preserve its
own information during graph convolution.

A two-layer GCN is then applied to both relations in order to propagate information
between connected stops. The same weight parameters are shared across the two relation
types to reduce model complexity. The propagation process can be written as:

HA = Â σ
(

Â EsW1
)
W2, (18)

HB = B̂ σ
(

B̂ EsW1
)
W2, (19)

where Es ∈ RN×d represents the initial stop embedding matrix, W1 and W2 are learnable
weight matrices, and σ(·) denotes the nonlinear activation function.

Finally, the graph-enhanced stop embedding matrix is obtained through residual fusion:

Zs = E + HA + HB.

This design allows the model to jointly capture local route continuity, global route
similarity, and residual identity information.

3.3.3. Sequential Modeling Using BiLSTM

After obtaining graph-enhanced stop embeddings, the prediction task is formulated
as a sequence-to-one regression problem. A long short-term memory (LSTM) network is an
advanced variant of the recurrent neural network (RNN), specifically designed to address
the challenges associated with long-term dependency learning, particularly the issues of
gradient vanishing and explosion encountered in traditional RNNs.

The inner structure of an LSTM cell is shown in Figure 8. The memory cells facilitate
the selective retention and removal of information through a gating mechanism composed
of three key components: the input gate (it), forget gate ( ft), and output gate (ot). The
forget gate regulates the retention of previous cell state information (ct−1), ensuring that
only relevant data are preserved. The input gate determines the new information to be
integrated into the cell state, while the output gate governs the information passed to the
next time step or network layer. This gated structure allows the model to effectively learn
temporal dependencies in transportation time-series data, where current travel conditions
are influenced by previous segment dynamics.

Figure 8. The inner structure of an LSTM cell.
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Mathematically, given the input at time step i, denoted by xt, the hidden state from
the previous time step hi−1, and the previous cell state (ci−1), the update equations for an
LSTM cell are defined as follows:

fi = σ
(

W f xi + U f hi−1 + b f

)
, (20)

ii = σ(Wixi + Uihi−1 + bi), (21)

oi = σ(Woxi + Uohi−1 + bo), (22)
∼
c i = tanh(Wcxi + Uchi−1 + bc), (23)

ci = fi ⊙ ci−1 + ii ⊙
∼
c i , (24)

hi = oi ⊙ tanh (ci) , (25)

where σ denotes the sigmoid activation function, tanh denotes the hyperbolic tangent
function, W and U are weight matrices corresponding to the input and hidden state,
respectively, b represents the bias vectors, which are learned during the training process,
and ⊙ denotes the element-wise (Hadamard) multiplication.

To better exploit contextual dependencies from both earlier and later positions within
the historical window, this study employed a bidirectional long short-term memory (BiL-
STM) network. Unlike standard LSTMs that operate solely in a forward temporal direction,
BiLSTMs utilize two parallel LSTM layers (see Figure 9): one processes the input from past
to future (forward direction), while the other operates from future to past (backward direc-
tion). This bidirectional structure allows the model to utilize contextual information from
both preceding and succeeding bus stops, thereby enhancing its ability to learn temporal
dependencies within the route.

Figure 9. Schematic representation of the BiLSTM network, where the input sequence is processed by
two LSTM layers: a forward layer (denoted by A) and a backward layer (denoted by A′).

At each time step i, outputs from the forward and backward LSTM layers are combined
via concatenation to form the final representation:

pi = p f
i + pb

i , (26)

where p f
i and pb

i denote the forward and backward hidden representations, respectively.
For the proposed model, each step i ∈ Wt, the input feature vector is constructed by

concatenating all relevant representations into a unified embedding vector defined as:

zi =
[
Z[si], Z[ei], Eg[gi], Eq[qi], ui

]
, (27)
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where

• Z[si], Z[ei] denote the rows of the graph-enhanced stop embedding matrix correspond-
ing to the start and end stops of segment i;

• Eg[gi] denotes the embedding of the segment identifier;
• Eq[qi] denotes the embedding of the segment position within the trip;
• ui is the continuous feature vector defined in Equation (11).

The resulting historical input sequence for target segment t is defined as:

Zt = {zt − L + 1, ..., zt}. (28)

The sequence Zt is subsequently processed by a BiLSTM network.
Formally, the BiLSTM processes each step representation zi and produces a sequence

of hidden representations:

hi = BiLSTM(zi), i ∈ {t − L + 1, ... , t}, (29)

where hi denotes the hidden representation generated at sequence position i. Each hidden
state summarizes the encoded contextual information of the corresponding segment after
integrating both forward and backward temporal dependencies within the window.

The resulting sequence of hidden states is therefore:

Ht = {h t−L+1, ..., ht
}
= BiLSTM(Zt). (30)

The final hidden state corresponding to the last step is used as the sequence representation:

h∗t = ht (31)

The sequence representation is augmented with global contextual features describing
the prediction time as:

ct = [ xt, Ert ] (32)

where Ert represents the embedding of the route associated with the target segment.
The final prediction vector is obtained by concatenating the sequence representation

with the contextual features:
h′t = [ ht, ct] (33)

This vector is then passed through a multilayer perceptron (MLP):

ŷt = fMLP(h′t), (34)

where ŷt is the predicted travel time for segment t, as in Equation (1).
The model is trained using the mean absolute error (MAE):

L =
1
N

N

∑
t=1

∣∣yt − ŷt
∣∣.

3.4. Baselines

To evaluate the effectiveness of the proposed graph-enhanced sequential modeling
framework (multi-relational graph spatio-temporal bidirectional LSTM, MRG-ST-BiLSTM),
its predictive performance was compared against three baseline models: a conventional
LSTM, a Hybrid-BiLSTM [30], and a GCN-LSTM model.
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The LSTM baseline models the problem as a sequence-to-one regression task using
a unidirectional recurrent structure. The input at each time step consists of continuous
operational features, complemented by basic categorical embeddings such as segment
and route identifiers. The sequence is processed by an LSTM layer, and the final hidden
state is passed to a fully connected layer to produce the predicted travel time. It captures
temporal dependencies but does not incorporate explicit spatial information about the
transport network.

The Hybrid-BiLSTM extends the previous model by using a richer input represen-
tation and bidirectional temporal modeling. At each time step, the input additionally
combines continuous and temporal features. These representations are processed by a
bidirectional LSTM, allowing the model to capture dependencies in both forward and
backward directions. The concatenated hidden states are then passed to a prediction layer.
While this model improves temporal representation, it does not explicitly model spatial
relationships between stops.

The GCN-LSTM incorporates spatial dependencies by introducing a graph-based
representation of the transport network. A graph is constructed where nodes correspond to
stops and edges represent observed adjacency between consecutive stops. A two-layer GCN
is applied to learn spatially enriched stop embeddings. These graph-enhanced embeddings
are used in place of the original stop embeddings within the input sequence, which also
includes segment, positional, continuous, and temporal features. The resulting sequence is
then processed by a unidirectional LSTM, and the final hidden state is used for prediction.
This model captures both spatial and temporal dependencies but relies on a single graph
structure and forward temporal modeling.

The proposed MRG-ST-BiLSTM model extends the GCN-LSTM framework by intro-
ducing both multi-relational spatial modeling and bidirectional temporal encoding. The
conceptual differences between the evaluated models are summarized in Table 4.

Table 4. Comparison of the baseline and proposed models.

Model Input Representation Spatial Modeling Temporal Modeling

LSTM Continuous + basic categorical embeddings – LSTM

Hybrid-BiLSTM Continuous + temporal + richer embeddings – BiLSTM

GCN-LSTM Full features + graph-enhanced stop embeddings Single graph (adjacency) LSTM

MRG-ST-BiLSTM Full features + multi-relational graph embeddings Multi-relational graph
(co-route + adjacency) BiLSTM

3.5. Model Parameter Configuration

The model was trained using 70/10/20 split training, validation, and testing subsets
to avoid temporal data leakage and to simulate real-world prediction conditions. The splits
were applied based on timestamps and are summarized in Table 5.

Table 5. Data split distribution.

Split Date Range Number of Records

Training set <23 March 2021 2,474,071

Validation set 23 March 2021–7 April 2021 427,003

Test set >7 April 2021 754,310

The model parameter settings are presented in Table 6. While core hyperparameters
are shared across all models for consistency, the proposed MRG-ST-BiLSTM incorporates
additional parameters.
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Table 6. Model parameter settings for the baselines and proposed approach.

Parameter Value Description

Sequence length 4 Number of historical segments used as
input

Batch size 256 Number of samples per training batch

Number of epochs 20 Maximum training epochs

Learning rate 0.001 Initial learning rate for optimizer

Optimizer Adam Optimization algorithm

Loss function MAE (L1 Loss) Objective function for regression

Early stopping patience 5 Number of epochs without improvement
before stopping

Minimum delta 0.01 Minimum improvement threshold for
validation MAE

Random seed 42 Ensures reproducibility

LSTM hidden size 64 Hidden dimension of LSTM layers

GCN layers 2 Number of graph convolution layers

GCN hidden dimension 32 Hidden size of GCN

Co-route graph top-k * 8 Number of strongest neighboring stops
retained based on shared route similarity

* Only applicable to the proposed model.

3.6. Evaluation Metrics

In this study, the following metrics were used: mean absolute error (MAE), root
mean square error (RMSE), mean absolute percentage error (MAPE), symmetric mean
absolute percentage error (SMAPE), and the coefficient of determination (R2) as in
Equations (35)–(39). These metrics measure the deviation between the predicted travel
times and actual observed values from different perspectives, enabling a comprehensive
assessment of model accuracy and robustness.

Mean absolute error (MAE) measures the average magnitude of prediction errors:

MAE =
1
z

z

∑
i=1

∣∣Ti − T́i
∣∣, (35)

Root mean square error (RMSE) emphasizes larger prediction errors due to the square
operation:

RMSE =

√(
1
z ∑z

i=1

(
Ti − T́i

)2
)

. (36)

Mean absolute percentage error (MAPE) expresses prediction error as a percentage of
the true values:

MAPE =
1
z ∑z

i=1

∣∣∣∣Ti − T́i
Ti

∣∣∣∣·100. (37)

Symmetric mean absolute percentage error (SMAPE) reduces the bias caused by very
small true values:

SMAPE =
1
z ∑z

i=1

∣∣Ti − T́i
∣∣(

|Ti| +
∣∣T́i

∣∣)/2
·100. (38)

https://doi.org/10.3390/math14091503

https://doi.org/10.3390/math14091503


Mathematics 2026, 14, 1503 19 of 28

Finally, the coefficient of determination (R2) evaluates how well the predicted values
explain the variance of the true observations:

R2 = 1 − ∑z
i=1

(
Ti − T́i

)2

∑z
i=1

(
Ti − T̂

)2 , (39)

where T = {T1, T2, . . . , Tz} denotes the true travel time sequence, T́ =
{

T́1, T́2, . . . , T́z
}

i
denotes the predicted travel time sequence, z represents the number of samples in the
dataset, and T̂ represents the mean value of the true observations.

4. Results
4.1. Main Results

This section presents the experimental evaluation results that demonstrate the effec-
tiveness of the proposed multi-relational graph spatio-temporal modeling framework in
improving travel time prediction accuracy. The training dynamics, illustrated in Figure 10,
show that all models exhibited a gradual reduction in error during the early training stages,
indicating successful learning of temporal patterns. However, the proposed MRG-ST-
BiLSTM model consistently achieved the lowest validation MAE and maintained a smaller
gap between the training and validation curves compared to the baseline models.

Figure 10. Train and validation loss by epoch.

The quantitative evaluation on the test dataset, as summarized in Table 7, further vali-
dated these observations. The conventional LSTM model showed the weakest performance,
with an MAE of 26.70 s and an RMSE of 45.61 s, indicating substantial prediction errors. In
contrast, the Hybrid-BiLSTM significantly improved performance, reducing MAE to 17.24 s
and RMSE to 32.73 s, demonstrating the benefit of incorporating bidirectional temporal
dependencies. The GCN-LSTM model also demonstrated competitive performance compa-
rable to the Hybrid-BiLSTM, achieving an MAE of approximately 17.27 s. The proposed
MRG-ST-BiLSTM model achieved the best results across all evaluation metrics, with an
MAE of 15.82 s and RMSE of 31.38 s. Additionally, it attained the highest coefficient of
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determination (R2 = 0.662), indicating that a larger proportion of variance in travel time is
explained by the model.

Table 7. Overall test performance.

Model MAE (s) RMSE (s) MAPE (%) SMAPE (%) R2

LSTM 26.70 45.61 55.97 44.36 0.286

Hybrid-BiLSTM 17.24 32.73 31.84 28.23 0.632

GCN-LSTM 17.27 32.61 31.66 28.19 0.644

MRG-ST-BiLSTM 15.82 31.38 27.54 24.95 0.662

The overall performance comparison across models is further illustrated in Figure 11.

Figure 11. Radar chart illustrating the comparative performance of the models across the evalua-
tion metrics.

A more detailed analysis at the route level, presented in Table 8 and visually illustrated
in Figure 12, revealed consistent improvements across different transportation routes.

Figure 12. Route-level performance comparison.
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Table 8. Per-route comparison of LSTM, Hybrid-BiLSTM, GCN-LSTM, and MRG-ST-BiLSTM models
(best in bold).

Route Model MAE (s) RMSE (s) MAPE (%) SMAPE (%) R2

2435_802

LSTM 25.91 43.43 66.99 48.77 0.191
Hybrid-BiLSTM 15.74 28.19 37.27 30.24 0.659

GCN-LSTM 15.67 27.83 37.26 30.25 0.664
MRG-ST-BiLSTM 14.12 26.83 30.99 26.06 0.691

2435_804

LSTM 25.73 44.86 59.67 48.05 0.180
Hybrid-BiLSTM 15.43 29.80 32.54 29.22 0.638

GCN-LSTM 15.43 29.62 32.38 29.23 0.641
MRG-ST-BiLSTM 13.94 28.71 27.73 25.39 0.664

2435_806

LSTM 25.43 44.20 61.92 48.83 0.119
Hybrid-BiLSTM 25.27 28.70 33.60 29.39 0.629

GCN-LSTM 15.19 28.35 33.26 29.34 0.636
MRG-ST-BiLSTM 13.91 27.72 29.51 25.91 0.653

2459_423

LSTM 28.55 48.17 45.57 36.67 0.341
Hybrid-BiLSTM 20.02 38.06 27.73 25.50 0.588

GCN-LSTM 20.22 38.25 27.50 25.48 0.604
MRG-ST-BiLSTM 18.66 36.29 24.39 23.03 0.626

2459_428

LSTM 29.22 48.38 38.70 34.28 0.327
Hybrid-BiLSTM 22.40 41.14 26.22 24.13 0.514

GCN-LSTM 22.34 40.86 26.27 25.28 0.546
MRG-ST-BiLSTM 21.24 39.45 24.19 23.79 0.553

To assess the computational overhead of the evaluated models, we compared them
in terms of parameter count, model size, training time, inference latency, and memory
consumption. As shown in Table 9, the LSTM was the most lightweight and fastest at
inference (0.043 ms/sample) but had the weakest predictive performance. The Hybrid-
BiLSTM significantly increased complexity, with over four times more parameters and
the highest inference latency (0.067 ms). Furthermore, the GCN-LSTM provided a more
balanced trade-off, incorporating spatial information with moderate computational cost
and near-baseline inference speed (0.047 ms). The proposed MRG-ST-BiLSTM had the
highest complexity in terms of parameters and memory, however, it maintained efficient
inference (0.046 ms) and achieved the lowest total training time (3635.3 s).

Table 9. The computational overhead of all compared models.

Model Parameters Average Epoch
Time (s)

Total Training
Time (s)

Inference
(ms/Sample)

Model
Size (MB)

CPU Memory
(MB)

LSTM 25,241 166.6 4470.8 0.043 0.096 1967
Hybrid-BiLSTM 103,433 318.9 3872.2 0.067 0.395 3775

GCN-LSTM 68,083 225.3 4506.7 0.047 0.260 3606
MRG-ST-BiLSTM 104,457 242.3 3635.3 0.046 0.398 3921

Overall, despite the increased model complexity, the proposed model preserves low
inference latency while delivering superior predictive performance.

4.2. Error Analysis Across Peak Periods and Irregular Traffic Conditions

To better understand model behavior beyond aggregate test metrics, we conducted an
additional error analysis across peak and off-peak time periods and irregular traffic condi-
tions, using a temporally separated test set not seen during training. Following the opera-
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tional characteristics of urban bus services, weekday records were divided into peak hours
(07:00–09:00, 15:00–17:00) and off-peak hours, while weekends were analyzed separately.

Table 10 presents the comparative error metrics across different settings. It shows
that all models exhibited higher errors during peak periods than during off-peak periods.
However, the proposed MRG-ST-BiLSTM consistently achieved the lowest MAE across all
temporal subsets. Specifically, its MAE was 17.95 s during peak hours, outperforming LSTM
(30.03 s), Hybrid-BiLSTM (24.00 s), and GCN-LSTM (25.21 s). Under off-peak conditions, it
achieved an MAE of 15.09 s, compared to 25.46 s for LSTM, 21.11 s for Hybrid-BiLSTM, and
19.45 s for GCN-LSTM. Similarly, during weekends, the proposed model obtained an MAE
of 16.04 s, while the corresponding errors for LSTM, Hybrid-BiLSTM, and GCN-LSTM
were 25.96, 22.12, and 20.60 s, respectively.

Table 10. Comparison of model performance across temporal periods (peak, off-peak, and weekend)
in terms of MAE, RMSE, and MAPE.

Model Period MAE (s) RMSE (s) MAPE (%)

LSTM
Peak 30.03 52.66 51.81

Off-peak 25.46 42.58 55.72
Weekend 25.96 44.74 61.90

Hybrid-BiLSTM
Peak 24.00 42.83 24.83

Off-peak 21.11 35.45 27.18
Weekend 22.12 38.39 32.85

GCN-LSTM
Peak 25.21 43.04 28.79

Off-peak 19.45 33.32 31.03
Weekend 20.60 37.30 36.63

MRG-ST-BiLSTM
Peak 17.95 36.58 24.87

Off-peak 15.09 29.39 27.08
Weekend 16.04 31.75 32.47

The results are further illustrated in Figure 13.

Figure 13. Comparison of model performance peak, off-peak, and weekend in terms of MAE, RMSE,
and MAPE metrics.

In addition, to examine model robustness under non-periodic conditions, we identified
an irregular subset using a residual-based criterion, where samples with absolute error
greater than the period-specific threshold of µ + 2σ were treated as high-error cases. Table 11
summarizes the error characteristics for both regular and irregular subsets.
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Table 11. Prediction errors under regular and irregular traffic conditions.

Model Period Irregular (%) Regular MAE (s) Irregular MAE (s)

LSTM
Peak 4.13 23.36 184.78

Off-peak 4.04 20.35 146.51
Weekend 3.53 20.99 161.73

Hybrid-BiLSTM
Peak 3.30 19.76 149.26

Off-peak 3.10 18.05 117.73
Weekend 2.60 19.09 136.69

GCN-LSTM
Peak 3.26 21.07 148.05

Off-peak 3.09 16.35 116.65
Weekend 2.47 17.49 143.52

MRG-ST-BiLSTM
Peak 3.29 13.75 141.30

Off-peak 3.09 12.03 111.07
Weekend 2.64 13.06 126.12

Across all models and temporal subsets, irregular samples accounted for approxi-
mately 2.5–4% of observations, indicating that such events are relatively infrequent, but
they lead to a substantial increase in prediction error. Specifically, MAE under irregular
conditions was approximately 6–10 times higher than under regular conditions across all
models, indicating that prediction errors are highly concentrated in a limited number of
high-variance events.

Moreover, the proposed MRG-ST-BiLSTM consistently achieved the lowest MAE
in both regular and irregular subsets across all temporal periods. For example, under
peak conditions, it reduced the irregular MAE from 184.78 s (LSTM) to 141.30 s while
also maintaining the lowest error under regular conditions. This trend was consistently
observed for the off-peak and weekend scenarios. Overall, these results demonstrate
that the proposed model not only improves the prediction accuracy under typical traffic
conditions but also exhibits greater robustness to anomalous and non-periodic events.

4.3. The Ablation Study

An ablation study was conducted to analyze the effect of the graph size and historical
window size on model performance. Table 12 reports the results of the ablation study on the
graph size parameter (top-k), evaluating both predictive performance and computational
efficiency. The k = 2 configuration produced the weakest results, with the highest errors
(MAE = 20.01 s, RMSE = 35.08 s, MAPE = 34.55%) and the lowest explanatory power
(R2 = 0.628). This confirms that an overly sparse graph (3727 edges) is insufficient to model
spatial dependencies between stops. Increasing the graph size to k = 8 significantly im-
proved the performance across all while also maintaining relatively efficient computation
(average epoch time = 242.3 s, inference = 0.046 ms/sample). This configuration achieved
the best trade-off between accuracy and efficiency. Further increasing the graph size to
k = 20 resulted in a much denser graph (29,119 edges) and substantially higher computa-
tional cost (epoch time = 365.5 s; total training time = 7311.2 s) while yielding no meaningful
improvement in accuracy. The results suggest that excessive connectivity may introduce
noise and reduce generalization.

The historical window is defined as the number of previous time steps (sequence
length) used as input for prediction. To evaluate its influence, the sequence length was
varied from 1 to 5, and the performance of all models was assessed using MAE, RMSE, and
SMAPE, as presented in Figure 14.
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Table 12. Ablation study on the graph size parameter.

Top-k MAE
(s)

RMSE
(s)

MAPE
(%) R2 Edges

(A Graph)
Avrg Epoch

Time (s)
Inference

(ms/Sample) Parameters
Total

Training
Time (s)

Model
Size
(MB)

CPU
Memory

(MB)

2 20.01 35.08 34.55 0.628 3727 331.2 0.062

104,457

3643.4

0.398

3917

8 15.82 31.38 27.54 0.662 12,521 242.3 0.046 3635.3 3921

20 15.84 31.46 27.63 0.660 29,119 365.5 0.072 7311.2 3926

 

Figure 14. Performance comparison of models under varying historical window sizes.

Increasing the historical window from 1 to 2 led to a substantial reduction in metrics.
Further increasing the sequence length resulted in more moderate improvements, with
most models achieving their best performance at a window size of 4. Beyond this point,
extending the sequence length to 5 did not yield additional gains and in some cases slightly
degraded the performance, suggesting the introduction of redundant or less informative
temporal signals. Across all configurations, the proposed model consistently achieved the
best performance compared to the baselines.

5. Discussion and Conclusions
In contrast to data-intensive approaches, the proposed model is formulated as a spa-

tiotemporal learning problem defined over a structured transportation network, where
temporal dynamics are captured through sequential modeling and spatial interactions are
represented via a multi-relational graph. From the standpoint of the research questions,
the results provide clear answers. For RQ1, the model achieved strong predictive accuracy
using only standard operational data, indicating that such data contain sufficient informa-
tion to approximate short-term system dynamics when properly modeled. Furthermore,
the reliance on the universal GTFS standard ensures high portability, allowing the frame-
work to be deployed in any urban transit system with standard operational feeds. For
RQ2, the improvement observed when introducing multi-relational graph dependencies
confirmed that spatial interactions between route segments and their explicit mathematical
representation leads to measurable gains in performance. Critically, this graph-based for-
mulation offers topological resilience; unlike fixed-grid models, our framework allows for
‘plug-and-play’ updates to the adjacency matrix when routes are modified or segments are
temporarily closed, without requiring full retraining of the model.

The findings of this research offer several practical insights for transit agencies and
urban transport planners. First, it demonstrates that effective travel time prediction does
not necessarily require investments in costly sensor networks. For many agencies, the oper-
ational data already collected through automatic vehicle location and scheduling systems
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are sufficient to build high-performing predictive models. This lowers the barrier to entry
for implementing intelligent transportation systems in resource-constrained environments.
Second, the graph-enhanced approach provides a degree of structural interpretability that
is often absent in ‘black-box’ deep learning models. By explicitly modeling the network
topology, predictions can be traced back to spatial relationships between route segments.
For instance, if a delay is predicted on a particular segment, operators can examine the
state of its neighboring segments to understand the potential propagation path. This trans-
parency is crucial for building trust in automated forecasting systems and for supporting
human-in-the-loop decision-making in fleet management.

While this study makes significant contributions, it is not without limitations. Al-
though the reliance exclusively on operational data was a deliberate design choice to ensure
data efficiency, it means that the model does not account for exogenous factors that can sig-
nificantly impact travel time, such as special events, traffic incidents, or real-time passenger
demand. While the proposed framework allows for rapid topological updates via GTFS,
its current version still relies on historical patterns to weight these connections. Therefore,
the model’s performance may degrade during periods of extreme disruption that are not
well-represented in the historical operational data. Furthermore, while the multi-relational
graph captures fixed and sequential similarities, it does not yet incorporate dynamic edge
weights that could reflect real-time link capacity variations.

Building on the findings and limitations of this study, several avenues for future
research emerge. A primary direction is the expansion of the model to a large-scale, city-
wide network. Another promising direction is to develop a flexible modular framework that
allows for the integration of stochastic external variables and different data sources. While a
key contribution of this work is its data efficiency, a natural extension is to develop a flexible
framework that can optionally incorporate external variables when they are available. This
would allow the model to maintain its core data efficiency while potentially improving
accuracy during non-recurrent congestion events. Finally, integrating an attention-based
mechanism to dynamically adjust graph weights in response to real-time anomalies remains
a key objective for future work.

In conclusion, this study contributes to the field of transportation modeling by propos-
ing a topology-aware spatiotemporal framework that combines sequential learning with
graph-based representation of network structure. The results demonstrate that accurate and
scalable prediction can be achieved through principled mathematical modeling, without
reliance on extensive external data sources. This work provides a step toward bridging the
gap between data-driven methods and formal transportation system modeling.
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