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Abstract

Accurate short-term traffic delay prediction is essential for effective intersection manage-
ment and real-time traffic control. Although deep learning models have shown strong
predictive capabilities in traffic forecasting, the influence of input feature configuration on
prediction performance remains insufficiently understood. This study investigates how
different feature groups affect short-term delay prediction at an urban roundabout using
high-resolution, approach-level traffic data collected at one-minute intervals. Five feature
scenarios are evaluated, ranging from temporal indicators only (S0) to a comprehensive
feature set combining historical delay, operational traffic indicators, demand measurements,
and temporal context (S4). Two recurrent neural network architectures, Gated Recurrent
Unit (GRU) and Long Short-Term Memory (LSTM), are examined under two forecasting
horizons (1-min and 5-min ahead). To ensure robustness, each configuration is trained
through repeated runs and evaluated using statistical significance analysis. Results show
that the temporal-only baseline produces the largest prediction errors (MAE ≈ 22.5 s),
while scenarios incorporating operational traffic indicators significantly improve prediction
accuracy. The full feature configuration (S4) achieves the best performance for the 1-min
horizon, reaching MAE values of 17.24 s and 17.22 s for GRU and LSTM, respectively. For
the 5-min horizon, prediction errors increase and performance differences between feature
scenarios become smaller. Additional experiments across multiple approaches confirm the
general consistency of the proposed framework, while hyperparameter sensitivity analysis
indicates limited dependence on model capacity. Overall, the findings highlight the impor-
tance of operational traffic indicators—particularly queue dynamics and stop patterns—for
reliable short-term delay forecasting and provide practical guidance for designing efficient
real-time traffic prediction systems.

Keywords: traffic delay prediction; intersection delay forecasting; recurrent neural networks;
GRU; LSTM; traffic feature selection; queue dynamics; intelligent transportation systems

1. Introduction
Urban traffic congestion has emerged as one of the most pressing challenges facing

cities worldwide as rapid urbanization continues to intensify. According to recent pro-
jections, approximately 68% of the global population is expected to reside in urban areas
by 2050, placing unprecedented strain on existing transportation infrastructure [1]. The
resulting traffic delays impose substantial economic costs, reduce quality of life, increase
fuel consumption and emissions, and undermine the efficiency of urban transportation
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systems. Addressing these challenges requires innovative approaches to traffic manage-
ment that leverage advances in data collection, computational capabilities, and predictive
modeling. Improving urban traffic efficiency is also closely aligned with the United Nations
Sustainable Development Goal (SDG) 11, which aims to make cities inclusive, safe, resilient,
and sustainable. Intelligent traffic management systems that reduce congestion, travel
delays, and vehicle emissions contribute directly to more sustainable urban mobility and
improved quality of life in rapidly growing cities.

In recent years, the proliferation of connected vehicles, roadside sensors, and floating
car data has created new opportunities for real-time traffic monitoring and prediction.
These data sources enable the collection of high-resolution traffic measurements at fine
temporal and spatial scales, providing detailed insights into traffic conditions at individual
intersections. Such granular data are particularly valuable for intersection-level traffic
management, where delays are often concentrated and where effective intervention can
yield substantial system-wide benefits. Accurate short-term prediction of traffic delay at
intersections is therefore essential for supporting adaptive traffic intersection dynamics,
dynamic route guidance, and real-time traveler information systems.

The development of deep learning methods has opened new avenues for traffic flow
and delay prediction, overcoming many limitations of traditional statistical and shallow
machine learning approaches. Recurrent neural networks, particularly Long Short-Term
Memory (LSTM) networks and Gated Recurrent Units (GRU) [2,3], have demonstrated
strong performance in modeling sequential traffic data due to their ability to capture long-
term temporal dependencies [4–6]. These architectures have been successfully applied
to various traffic prediction tasks, including traffic flow forecasting [7–10] and speed pre-
diction [11]. More recently, attention mechanisms and graph-based models have been
proposed to further enhance prediction accuracy by explicitly modeling spatial dependen-
cies and dynamic relationships in traffic networks [12,13].

Despite these advances in model architecture, a critical aspect that has received com-
paratively less attention is the role of input feature selection in shaping prediction per-
formance. Many existing studies focus primarily on developing more complex model
architectures, while the role of input feature selection is often treated as a secondary con-
sideration. However, the choice of input features—including which traffic measurements
to include, how to engineer derived features, and which temporal lags to consider—can
be significantly influential, particularly when data availability or computational resources
are constrained. Understanding which types of features contribute most to prediction
accuracy can inform more efficient data collection strategies, reduce model complexity,
and improve interpretability. This gap is particularly important at intersections, where
operational traffic dynamics such as queue formation and stop behavior strongly influence
short-term delay patterns.

At intersections and roundabouts, traffic delays arise from the complex interplay of
demand, capacity, signal timing, and queue dynamics. Conventional traffic engineering
approaches have long recognized the importance of queue length, vehicle stops, and traffic
intensity as key indicators of delay [14,15]. However, the relative importance of different
feature groups—such as historical delay values, operational state measurements (queue
length, stops), efficiency indicators (free-flow travel time ratios), and demand characteristics
(traffic volume)—remains an open question in the context of deep learning-based prediction.
Different feature groups may capture complementary or redundant information, and their
relative contributions may vary depending on the prediction horizon, traffic conditions,
and model architecture.

This study addresses this gap by conducting a systematic investigation of how dif-
ferent input feature configurations affect short-term traffic delay prediction at an urban
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intersection. Unlike prior studies that primarily focus on developing new prediction archi-
tectures, this work isolates the contribution of different feature categories under a controlled
experimental framework. Therefore, rather than introducing a novel model architecture,
we adopt a controlled experimental design in which the model architecture (GRU and
LSTM) and hyperparameters are held constant across multiple scenarios, while the input
feature set is varied systematically. This approach allows us to isolate the effect of input
features on prediction performance and to draw conclusions about the relative importance
of different traffic measurements.

We define five feature scenarios based on distinct groups of traffic characteristics:
a temporal baseline (S0), historical delay features (S1), operational state features (S2),
combined historical and operational features (S3), and a full feature configuration that ad-
ditionally incorporates demand measurements (S4). By comparing prediction performance
across scenarios that include different combinations of these feature groups, we aim to
quantify their individual and joint contributions to delay prediction accuracy. The analysis
is conducted using high-resolution approach-level data collected at one-minute intervals
from a roundabout in Jeddah, Saudi Arabia, providing insights relevant to similar urban
intersection environments.

The findings of this study have practical implications for the design and deployment
of traffic prediction systems. If certain feature groups are found to contribute little to
prediction accuracy, they can be deprioritized in data collection or excluded from models to
reduce computational burden. Conversely, identifying highly informative feature groups
can guide investment in sensor technologies and data collection infrastructure. Moreover,
understanding feature importance can aid model interpretability, helping traffic engineers
and operators understand which traffic conditions drive delay predictions and supporting
more informed decision-making.

The remainder of this paper is organized as follows. Section 2 reviews related work
on traffic prediction, delay modeling, and feature importance. Section 3 describes the study
site, data collection, feature engineering, and experimental design. Section 4 presents the
results of the controlled experiments. Section 5 discusses the implications of the findings
and study limitations. Section 6 concludes the paper.

2. Related Work
2.1. Traffic Prediction Using Machine Learning and Deep Learning

Traffic prediction has been an active area of research for several decades, with methods
evolving from traditional statistical approaches to sophisticated deep learning architectures.
Early work relied on time series models such as autoregressive integrated moving average
(ARIMA) and its variants, which capture linear temporal dependencies but struggle with
the nonlinear and dynamic nature of traffic flow, particularly during congested conditions
or in the presence of incidents [16].

Deep learning methods have transformed traffic prediction by enabling automatic
feature extraction from raw data and by providing powerful tools for modeling complex
spatiotemporal patterns. Recurrent neural networks and their variants—particularly LSTM
and GRU—have become dominant approaches for traffic flow and speed prediction due to
their ability to maintain memory of past states [2–8]. Studies have demonstrated that LSTM
and GRU models consistently outperform traditional methods across diverse datasets and
traffic scenarios [16,17].

Recent research has explored hybrid architectures that combine multiple deep learning
components. Convolutional neural networks (CNNs) are often integrated with RNNs
to capture spatial dependencies in traffic networks, with CNN layers extracting spatial
features and RNN layers modeling temporal dynamics [17,18]. Graph neural networks
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(GNNs) have been proposed to model traffic flow and assignment on road networks with
irregular topologies, treating road segments as nodes and connections as edges, enabling
richer spatial dependency modeling [13]. Attention mechanisms have been incorporated to
dynamically weight the importance of different time steps or spatial locations [12].

While much of the literature focuses on traffic flow or speed prediction on highways
and road networks, intersection-level delay prediction has received considerably less
attention. Intersections exhibit unique traffic dynamics due to traffic operations, stop-
and-go behavior, and queue formation and dissipation. Roundabouts present distinct
operational characteristics compared to signalized intersections, with continuous flow
subject to gap acceptance and circulating traffic priority. Recent studies have highlighted the
complexity of roundabout design and traffic behavior, emphasizing the need for accurate
performance evaluation tools [19–24]. To the best of the author’s knowledge, relatively few
studies have systematically compared the contribution of different traffic feature groups
for intersection-level delay prediction.

However, most of these studies focus on network-level traffic flow or speed prediction.
In contrast, intersection-level delay prediction presents unique challenges due to queue
dynamics, stop-and-go behavior, and localized congestion effects.

2.2. Traffic Delay and Congestion Indicators

The concept of delay is central to traffic engineering and has been extensively studied
in the context of intersection capacity and level of service analysis. The Highway Capacity
Manual defines control delay as the additional travel time experienced by vehicles due to
traffic control devices and traffic interactions, encompassing deceleration delay, stopped
delay, and acceleration delay [14]. Delay is influenced by multiple factors, including traffic
volume, signal timing, geometric design, and driver behavior.

Queue length is recognized as a fundamental indicator of congestion and delay at
intersections. When vehicle arrivals exceed the departure rate during red phases, queues
form and persist until the green phase allows discharge. Queue length measurements
can be obtained from various sources including loop detectors, video analytics, and probe
vehicle data [25,26]. The relationship between queue length and delay is well-established
in traffic theory, with longer queues generally corresponding to higher average delay per
vehicle, though the relationship is nonlinear and depends on signal timing.

The number of stops experienced by vehicles is another important measure of traffic
efficiency and delay. Stop-and-go driving not only increases travel time but also leads
to higher fuel consumption, emissions, and driver discomfort. Advanced traffic control
systems aim to minimize the number of stops through signal coordination and adaptive
timing [27]. In the context of prediction, the number of stops reflects the intensity of
congestion and the degree of signal interference experienced by approaching vehicles.

Traffic intensity and efficiency ratios provide normalized measures of congestion that
account for the relationship between actual travel time and free-flow travel time. The ratio
of actual travel time to free-flow travel time is commonly used in traffic assignment models
and can be related to volume-capacity ratios. These indicators are useful for comparing
congestion levels across different road segments and time periods, and for identifying
bottlenecks in traffic networks.

2.3. Feature Importance and Input Selection

Feature selection and feature engineering are critical steps in developing effective
machine learning models, yet they are often treated as preprocessing tasks rather than
central research questions. In traffic prediction, the choice of input features can significantly
impact model performance, but systematic studies comparing the contribution of different
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feature groups are relatively scarce. Most research focuses on including as many potentially
relevant features as possible, or relies on domain knowledge to select a standard feature set
without empirical validation [28–31].

Several approaches have been proposed for assessing feature importance in machine
learning models. Filter methods evaluate features based on statistical properties such
as correlation with the target variable, mutual information, or variance [32]. Wrapper
methods assess feature subsets by training and evaluating models with different feature
combinations, though this can be computationally expensive for large feature spaces.
Embedded methods incorporate feature selection into the model training process, as in
regularized regression or tree-based models that provide feature importance scores.

In the context of deep learning, attention mechanisms have been used to identify which
input time steps or spatial locations contribute most to predictions [12]. Model-agnostic
interpretation methods such as SHAP (SHapley Additive exPlanations) can quantify the
marginal contribution of each feature to model predictions; however, they provide instance-
level or feature-level importance scores rather than assessing the predictive value of entire
feature groups under controlled experimental conditions. The present study therefore
adopts a scenario-based approach that holds model architecture constant while systemat-
ically varying input feature groups, providing more operationally interpretable insights
for practitioners.

Some studies have examined the importance of temporal features, such as time of
day and day of week, for traffic prediction. These features capture recurring patterns in
travel demand, such as morning and evening peak periods and weekday versus weekend
traffic. However, the relative importance of temporal features compared to other feature
groups—such as real-time traffic measurements or historical delay values—is not well
understood [30,31].

A few studies have investigated the contribution of external factors such as weather
conditions, special events, and incidents to traffic prediction. While these factors can cause
significant deviations from typical traffic patterns, their impact may be localized in time
and space. Incorporating such features requires additional data collection and may not
always improve prediction accuracy, particularly for short-term forecasts where current
traffic state provides strong signals [30,31,33].

Despite these efforts, there remains a lack of systematic studies that isolate and com-
pare the contribution of different traffic feature groups to delay prediction at intersections.
Most existing research evaluates models using fixed feature sets or focuses primarily on
comparing different model architectures. Consequently, the relative contribution of distinct
feature categories—such as historical delay, operational state variables, demand character-
istics, and temporal context—remains insufficiently understood. To address this limitation,
the present study adopts a controlled experimental framework in which the model architec-
ture is held constant while the input feature groups are systematically varied. This design
enables a clearer assessment of how different traffic measurements influence short-term
delay prediction performance.

The following section describes the study site, dataset, and the experimental frame-
work used to evaluate these feature configurations.

3. Methodology
3.1. Study Site and Data Collection
3.1.1. Intersection Description

This study focuses on a major urban roundabout located in Jeddah, Saudi Arabia,
which consists of four approaches (Eastbound, Northbound, Westbound, and Southbound).

https://doi.org/10.3390/vehicles8030064

https://doi.org/10.3390/vehicles8030064


Vehicles 2026, 8, 64 6 of 19

The roundabout represents a typical high-demand urban traffic facility subject to recurrent
congestion during peak periods.

To ensure methodological clarity and controlled analysis, the present study concen-
trates on a single approach (Approach 2), which exhibits the highest congestion levels and
the largest delay variability during the observation period.

To verify the general applicability of the proposed modeling framework, the best-
performing configuration was additionally evaluated on the remaining three approaches.
Only summary performance statistics are reported for these approaches in order to maintain
a focused methodological analysis.

3.1.2. Data Source and Period

Traffic data were obtained from the TomTom Junction Analytics platform (TomTom
International BV, Amsterdam, The Netherlands), which provides high-resolution, approach-
level traffic performance indicators derived from floating car data.

• Study period: March 2025 (full month)
• Temporal resolution: 1-min intervals
• Total observations: 44,611 records for the selected approach

The study focuses on a single month (March 2025) to maintain consistent traffic
conditions and avoid seasonal variability, enabling a controlled comparison of feature
configurations. Moreover, the high temporal resolution enables short-term traffic delay
prediction suitable for real-time traffic management applications.

3.2. Data Description and Variables

Table 1 summarizes the traffic variables available for each minute.

Table 1. Traffic variables used in this study.

Variable Abbreviation Description Unit

Travel time TT Observed travel time seconds

Delay D Difference between observed and
free-flow travel time seconds

Usual delay UD Expected delay based on historical
traffic patterns seconds

Stops ST Average number of stops per vehicle count

Queue length QL Estimated queue length meters

Traffic volume V Estimated hourly traffic demand veh/hour

To further examine the relationships between key traffic variables, a pairwise correla-
tion analysis was conducted between delay, queue length, and traffic volume. The results
are illustrated in Table 2.

Table 2. Pairwise correlation between key traffic variables.

Variable Delay Queue Length Volume

Delay 1 0.25 0.24

Queue Length 0.25 1 0.61

Volume 0.24 0.61 1

The results show a moderate positive correlation between queue length and traffic
volume (r = 0.61), indicating that queue dynamics reflect variations in traffic demand. In
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contrast, the correlations between delay and the other variables are weaker (r ≈ 0.24–0.25),
suggesting that delay is influenced by multiple operational factors beyond traffic demand
alone. These findings support the interpretation that queue-related variables provide
valuable information about congestion dynamics in intersection environments.

The delay (D) variable is selected as the primary prediction target because it directly
reflects congestion severity and operational efficiency at intersections. Unlike travel time,
which may include variations unrelated to intersection performance, delay isolates the
additional time experienced by vehicles relative to free-flow conditions. As a result, delay
provides a more informative indicator for evaluating traffic control performance and
short-term congestion dynamics. Furthermore, delay is commonly used in intelligent
transportation systems (ITS) to evaluate intersection performance and guide adaptive
intersection dynamics strategies.

Although the predictive models in this study focus primarily on Approach 2, descrip-
tive statistics for all roundabout approaches are presented in Table 3. Providing statistics for
all approaches allows a quick comparison of the traffic characteristics across the intersection
and helps contextualize the prediction results discussed later in the paper.

Table 3. Descriptive statistics of traffic variables across the roundabout approaches.

Approach Delay Mean (s) Travel Time Mean (s) Queue Mean (m) Volume Mean (Veh/h) Stops Mean

Approach 1 38.08 55.05 126.83 424.68 2.22
Approach 2 29.81 47.54 382.44 2325.94 1.79
Approach 3 35.52 61.18 369.62 1102.25 3.00
Approach 4 31.00 56.26 253.24 1690.87 2.87

The statistics reveal noticeable differences in traffic demand and operational conditions
among the approaches. In particular, Approach 2 exhibits relatively high queue lengths and
substantial delay variability compared with the other approaches, indicating pronounced
congestion dynamics suitable for evaluating delay prediction models.

Approach 1, in contrast, shows significantly lower traffic volumes and shorter queues,
indicating more stable traffic conditions. Such characteristics typically result in smoother
traffic flow and lower variability in delay, which can make prediction tasks comparatively
easier. Meanwhile, Approaches 3 and 4 present higher traffic demand levels and larger
queue variations, reflecting more complex congestion patterns.

For these reasons, Approach 2 was selected as the primary modeling case in this study.
It provides a balanced traffic environment where congestion dynamics are sufficiently
pronounced to evaluate prediction models while still maintaining adequate data consistency
for training deep learning models. In addition, the similarity of key traffic indicators across
several approaches supports the general applicability of the proposed prediction framework
beyond a single approach.

3.3. Feature Engineering

Rather than using raw variables directly, the input features are organized into concep-
tually meaningful groups to analyze their relative contribution to prediction performance.
This grouping allows a structured investigation of how different sources of traffic informa-
tion, including temporal persistence, operational state variables, and demand indicators,
contribute to prediction accuracy.
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Feature Groups

Group A: Historical Delay Features
These features capture short-term temporal persistence in traffic conditions:

• Dt−1: delay at the previous minute;
• Dt−5: delay five minutes earlier;
• UDt: usual (historical baseline) delay.

Group B: Traffic Efficiency Indicators
This group reflects vehicle movement efficiency and delay intensity:

• STt: average number of stops.
• Travel efficiency ratio:

TTt − Dt

TTt

• Delay intensity:
Dt

TTt

Group C: Queue-Related Measurements
Queue dynamics are represented using:

• QLt: current queue length.
• Queue growth rate:

QLt − QLt−1

• Normalized queue length:
QLt

max(QL)

Group D: Demand-Related Features
Traffic demand characteristics are described by:

• Vt: traffic volume.
• Volume variation:

Vt − Vt−5

3.4. Temporal Context Features

To capture periodic traffic patterns, temporal features are included in all scenarios.
Temporal context variables include hour-of-day and day-of-week encoded using sine and
cosine transformations to capture cyclic temporal patterns. In addition, a binary peak-
period indicator was introduced to represent typical congestion periods, including the
morning peak (07:00–09:00) and evening peak (16:00–19:00).

These features allow the model to learn daily and weekly traffic regularities without
explicitly relying on calendar variables.

3.5. Prediction Target

The prediction task is formulated as short-term delay forecasting. Two prediction
horizons are examined: one minute ahead and five minutes ahead.

D̂t+h

where h represents the prediction horizon (h = 1 or h = 5 min).
This short prediction horizon is operationally meaningful for real-time traffic monitor-

ing and adaptive control strategies.
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3.6. Input Feature Scenarios

To systematically assess the impact of different input configurations, five feature
scenarios are designed as shown in Table 4.

Table 4. Description of the proposed input feature scenarios.

Scenario Feature Groups Included Description

S0 Temporal only Temporal baseline

S1 Group A + Temporal Historical baseline

S2 Groups B + C + Temporal Operational state model

S3 Groups A + B + C + Temporal Historical + operational features

S4 Groups A + B + C + D + Temporal Full feature set

This design enables controlled comparison between temporal, historical, operational,
and demand-driven information.

3.7. Recurrent Neural Network Models
3.7.1. Recurrent Neural Network Architecture

To model temporal dependencies in traffic delay dynamics, recurrent neural networks
are adopted. Specifically, both Gated Recurrent Unit (GRU) and Long Short-Term Memory
(LSTM) architectures are evaluated. These architectures are widely used in traffic prediction
because of their ability to capture sequential patterns in time-series data.

To ensure a fair comparison between architectures, both models follow the same
overall network configuration, differing only in the recurrent layer type.

The network structure is defined as follows:

• Input layer (scenario-dependent feature dimension);
• Recurrent layer (GRU or LSTM) with 32 hidden units;
• Dropout layer (rate = 0.1) to reduce overfitting;
• Fully connected layer with 16 neurons and ReLU activation;
• Output layer with a single neuron for delay prediction.

3.7.2. Training Configuration

The selected network configuration represents a moderate-complexity architecture
commonly adopted in short-term traffic prediction studies. To isolate the effect of input
features, all hyperparameters were kept constant across scenarios and model architectures:

• Lookback window: 10 time steps (10 min);
• Optimizer: Adam;
• Learning rate: 0.001;
• Batch size: 64;
• Loss function: Mean Squared Error (MSE);
• Early stopping based on validation loss.

3.8. Data Preparation
3.8.1. Cleaning and Filtering

Data preprocessing was conducted to ensure the reliability of the training dataset.
Missing observations were removed using a complete-case strategy. In addition, records
with extreme delay values greater than 300 s were excluded, as such values typically corre-
spond to abnormal traffic conditions or measurement noise. These extreme observations
represented less than 0.5% of the dataset and their removal did not materially affect the
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overall data volume. After these steps, only valid operational records were retained for
model training and evaluation.

3.8.2. Feature Scaling

All numerical features were standardized using z-score normalization, with scaling
parameters computed from the training set. To prevent information leakage and ensure
reproducibility in real-time deployment scenarios, all normalization parameters were
computed using the training set only. The same scaling parameters were then applied
to the validation and test sets. This approach ensures that no information from future
observations is used during model training.

3.8.3. Train–Validation–Test Split

A chronological split was applied to preserve temporal integrity:

• Training set: 75%;
• Validation set: 10%;
• Test set: 15%.

3.9. Evaluation Metrics

Prediction performance is assessed using:

• Mean Absolute Error (MAE):

MAE =
1
n ∑ | y − ŷ |

• Root Mean Squared Error (RMSE):

RMSE =

√
1
n ∑(y − ŷ)2

MAE provides an interpretable measure in seconds, while RMSE penalizes large errors
associated with congestion peaks.

3.10. Visualization and Analysis Framework

Model performance is analyzed through a multi-level framework that includes:

1. Aggregate MAE and RMSE comparison across feature scenarios (S0–S4) to evaluate the
contribution of temporal, historical, operational, and demand-related feature groups.

2. Relative improvement with respect to the historical baseline scenario (S1) to quantify
the practical benefit of adding operational and demand-related inputs.

3. Comparison across recurrent architectures (GRU and LSTM) to examine whether the
observed feature effects remain consistent under different model structures.

4. Comparison across prediction horizons (1-min and 5-min ahead forecasts) to assess
how the value of different feature groups changes with forecasting range.

5. Repeated-run analysis (10 runs) using mean and standard deviation of performance
metrics to evaluate result stability under stochastic training effects.

6. Statistical significance testing of pairwise scenario differences to determine whether
observed performance gains reflect genuine improvements rather than random variation.

7. Time-window comparison of observed and predicted delay for representative scenar-
ios to provide a qualitative view of temporal tracking behavior.

8. Residual analysis to examine prediction error distributions and identify systematic
under- or over-estimation patterns.
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9. Summary evaluation across the remaining three approaches using the best-performing
configuration to assess the general consistency of the proposed framework beyond
the main analyzed approach.

10. A hyperparameter sensitivity analysis to verify that the main findings are not highly
dependent on a specific hidden-layer size choice.

This multi-level framework enables quantitative comparison, statistical validation,
and practical interpretation of model behavior under different feature configurations,
model architectures, forecasting horizons, and traffic conditions. All experiments were
implemented using MATLAB R2025b (MathWorks, Natick, MA, USA).

4. Results
4.1. Overall Performance Comparison

Tables 5 and 6 summarize the prediction performance of all feature scenarios for both
the GRU and LSTM models under the two forecasting horizons considered in this study
(1-min and 5-min ahead prediction, respectively). The reported values represent the mean
and standard deviation obtained from 10 independent training runs, allowing assessment
of both prediction accuracy and result stability.

Table 5. Prediction performance across feature scenarios for the 1-min forecasting horizon
(mean ± standard deviation over 10 runs).

Model Scenario MAE (s) Mean MAE Std RMSE (s) Mean RMSE Std

GRU S0 22.454 0.115 30.196 0.061
GRU S1 20.867 0.046 28.807 0.036
GRU S2 17.38 0.056 25.433 0.045
GRU S3 17.331 0.049 25.44 0.056
GRU S4 17.24 0.071 25.346 0.034
LSTM S0 22.669 0.176 30.294 0.057
LSTM S1 20.971 0.123 28.892 0.047
LSTM S2 17.346 0.103 25.493 0.089
LSTM S3 17.322 0.065 25.473 0.035
LSTM S4 17.221 0.106 25.359 0.065

Table 6. Prediction performance across feature scenarios for the 5-min forecasting horizon
(mean ± standard deviation over 10 runs).

Model Scenario MAE (s) Mean MAE Std RMSE (s) Mean RMSE Std

GRU S0 22.518 0.143 30.208 0.065
GRU S1 21.918 0.146 29.607 0.049
GRU S2 21.925 0.084 29.442 0.04
GRU S3 21.948 0.109 29.511 0.074
GRU S4 21.843 0.114 29.412 0.079
LSTM S0 22.745 0.172 30.28 0.094
LSTM S1 21.925 0.188 29.678 0.092
LSTM S2 22.033 0.137 29.609 0.081
LSTM S3 22.034 0.205 29.586 0.085
LSTM S4 22.009 0.186 29.544 0.101

The results presented in Tables 5 and 6 reveal a clear hierarchy among the tested feature
configurations. As shown in Table 5, which corresponds to the 1-min forecasting horizon,
the temporal-only baseline scenario (S0) consistently produces the largest prediction errors
for both models, with MAE values exceeding 22 s. The relatively small standard deviations
observed across runs indicate stable model behavior despite stochastic training effects.
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Introducing historical delay information (S1) improves prediction accuracy compared
with S0. However, the improvement remains limited, with MAE values around 20–21 s.
This suggests that relying solely on short-term temporal persistence does not fully capture
the rapid dynamics of congestion formation at urban intersections.

A significant improvement emerges when operational traffic indicators are incorpo-
rated. As shown in Table 5, scenarios S2 and S3 reduce the MAE to approximately 17.3 s
for both GRU and LSTM models. These results confirm that operational indicators such
as queue length, stop frequency, and efficiency ratios provide highly informative signals
about the current traffic state.

The best overall performance for the 1-min horizon is achieved by the full feature
configuration (S4). The GRU model achieves a mean MAE of 17.24 ± 0.07 s, while the
LSTM model achieves 17.22 ± 0.11 s. Compared with the historical baseline scenario (S1),
this corresponds to an improvement of approximately 17% in prediction accuracy.

Another important observation is that the performance differences between scenarios
S2, S3, and S4 remain relatively small, and their standard deviations largely overlap.
This indicates that operational traffic variables already capture a large portion of the
predictive information, while the additional demand-related variables in S4 provide only
marginal improvement.

For the 5-min forecasting horizon, the results in Table 6 show that the overall prediction
errors increase and the differences between feature scenarios become smaller. For example,
the MAE values for the GRU model range from 22.52 s in S0 to 21.84 s in S4. This narrowing
performance gap indicates that the predictive advantage of richer feature sets decreases as
the forecasting horizon becomes longer.

Comparing Tables 5 and 6 therefore suggests that richer feature configurations are par-
ticularly beneficial for very short-term predictions, while their relative advantage decreases
for longer forecasting horizons.

Although both GRU and LSTM architectures were evaluated, the performance differ-
ences between the two models remain consistently small across all scenarios and horizons.
This indicates that both recurrent architectures are capable of effectively modeling the
temporal dynamics of traffic delay.

Given its simpler structure and lower computational complexity, the GRU architecture
may therefore be more suitable for real-time deployment scenarios where computational
efficiency is important.

To verify whether the observed differences between feature scenarios are statistically
meaningful, additional statistical significance testing was conducted. The MAE values
obtained from the 10 repeated runs were compared using paired t-tests. The results indicate
that the improvements observed when moving from the baseline scenarios (S0 and S1) to
the richer feature configurations are statistically significant for the one-minute forecasting
horizon. However, the differences among scenarios S2, S3, and S4 are relatively small and
not always statistically significant, confirming that operational features already capture
most of the predictive information.

4.2. Statistical Significance Analysis

To further verify whether the observed improvements between feature scenarios are
statistically significant, Table 7 presents a paired t-test that was conducted on the MAE
values obtained from the 10 independent training runs for each model, scenario, and
forecasting horizon.
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Table 7. Paired t-test results for selected scenario comparisons based on MAE across 10 runs.

Model Horizon Comparison p-Value Significant

GRU 1 S4 vs. S1 9.12 × 10−16 Yes
GRU 1 S4 vs. S0 2.51 × 10−15 Yes
LSTM 1 S4 vs. S1 2.05 × 10−13 Yes
LSTM 1 S4 vs. S0 2.09 × 10−14 Yes
GRU 5 S4 vs. S1 0.285 No
GRU 5 S4 vs. S0 5.75 × 10−7 Yes
LSTM 5 S4 vs. S1 0.391 No
LSTM 5 S4 vs. S0 1.87 × 10−5 Yes

The results indicate that for the 1-min forecasting horizon, the full feature configuration
(S4) significantly outperforms both the temporal baseline (S0) and the historical baseline (S1)
for both GRU and LSTM models (p < 0.001). This confirms that incorporating operational
and demand-related traffic indicators leads to a statistically meaningful improvement in
prediction accuracy.

For the 5-min forecasting horizon, S4 remains significantly better than S0 for both
models. However, the differences between S4 and the intermediate feature configurations
(S1–S3) are generally not statistically significant. This suggests that the relative advantage
of richer feature sets decreases as the prediction horizon increases, which is consistent with
the narrowing performance differences observed in Table 6.

Overall, the statistical analysis supports the conclusion that richer feature representa-
tions provide the greatest benefit for very short-term traffic delay prediction, while their
relative contribution becomes less pronounced for longer forecasting horizons.

4.3. Temporal Prediction Behavior

To better illustrate the qualitative prediction behavior of the models, Figures 1 and 2
present time-series comparisons between the observed delay and the predicted delay
produced by the models for a representative half-day time window.

 
Figure 1. Delay prediction comparison using GRU for scenarios S1 and S4 over a representative
half-day period.

Figure 1 shows the predictions obtained using the GRU model for the baseline scenario
(S1) and the full feature configuration (S4). It can be observed that both scenarios are able
to capture the general evolution of delay throughout the day. However, the predictions
produced by S4 follow the observed delay pattern more closely than those produced by S1.
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In particular, S4 better captures the magnitude of congestion peaks and the timing of rapid
delay changes.

 
Figure 2. Delay prediction comparison using LSTM for scenarios S1 and S4 over the same half-day period.

In contrast, the baseline scenario S1 tends to produce smoother predictions and often
underestimates high delay values during peak congestion periods. This behavior reflects
the limited information content of historical delay features alone.

A similar pattern can be observed for LSTM. The full feature configuration (S4) consis-
tently tracks the observed delay more accurately than the historical baseline (S1). However,
the difference between S1 and S4 appears slightly less pronounced for LSTM than for GRU,
which is consistent with the small performance gap observed in the quantitative metrics.

Overall, the time-series analysis confirms that incorporating operational and demand-
related features improves the model’s ability to follow rapid traffic dynamics.

4.4. Residual Distribution Analysis

To further analyze the prediction errors, Figures 3 and 4 present the residual distribu-
tions for scenarios S1 and S4 for both GRU and LSTM models. The residuals are defined as
the difference between the observed delay and the predicted delay.

 

Figure 3. Residual distribution comparison between scenarios S1 and S4 using the GRU model.
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Figure 4. Residual distribution comparison between scenarios S1 and S4 using the LSTM model.

The histogram shows that the residual distribution of S4 is more concentrated around
zero than that of S1. This indicates that the full feature configuration produces more stable
predictions and reduces the magnitude of large prediction errors.

A similar pattern is observed for the LSTM model, as shown in Figure 4.
In both models, the S4 residual distribution exhibits a narrower spread and fewer

extreme errors compared with the baseline scenario S1. This confirms that the richer feature
set helps the model better capture sudden changes in traffic conditions.

4.5. Cross-Approach Generalization

To further evaluate the generalizability of the proposed framework, the best-
performing configuration was tested across the remaining roundabout approaches.
Although the main experiments were conducted on the most congested approach
(Approach 2), the best-performing configuration was also evaluated on the remaining
three approaches to verify the general consistency of the proposed framework.

Table 8 summarizes the prediction accuracy obtained for each approach using the
S4 configuration.

Table 8. Prediction performance of the best configuration (S4) across different roundabout approaches.

Approach Samples Features MAE (s) RMSE (s)

Approach 1 44,467 16 8.17 14.25
Approach 3 44,611 16 16.63 27.47
Approach 4 44,614 16 16.83 27.30
Approach 2 44,615 16 17.39 25.47

The results show noticeable differences in prediction difficulty among the approaches.
Approach 1 achieves the lowest prediction error, with an MAE of approximately 8.17 s,
while the other approaches exhibit MAE values between approximately 16.6 and 17.4 s.

This difference is primarily related to the underlying traffic characteristics of each ap-
proach. As shown in the dataset summary statistics, Approach 1 exhibits significantly lower
queue lengths and traffic volumes compared with the other approaches. Consequently, the
traffic conditions at this approach are more stable and easier for the models to predict.
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It is also important to note that the preprocessing step removed observations with
delay values greater than 300 s. However, these extreme values represented less than 0.5%
of the dataset for all approaches. Therefore, their removal had a negligible impact on the
dataset size and does not explain the performance differences between approaches.

Overall, these results indicate that the proposed prediction framework remains ap-
plicable across different approaches, while the prediction difficulty is influenced by the
underlying traffic demand and congestion variability.

4.6. Hyperparameter Sensitivity Analysis

To evaluate the robustness of the model with respect to hyperparameter selection, a
sensitivity analysis was conducted by varying the number of hidden units in the GRU
network (16, 32, and 64 units) while keeping all other training parameters fixed.

Table 9 presents the prediction accuracy and training time obtained for each configuration.

Table 9. Sensitivity analysis of the GRU model with respect to the number of hidden units.

Hidden Units Features MAE (s) RMSE (s) Training Time
(s)

16 16 17.28 25.33 49.55
32 16 17.19 25.39 62.94
64 16 17.39 25.52 60.28

The results show only minor variations in prediction accuracy across the tested config-
urations. The best performance is obtained with 32 hidden units (MAE ≈ 17.19 s), while
configurations with 16 and 64 units produce MAE values of approximately 17.28 s and
17.39 s, respectively.

These small differences indicate that the proposed framework is relatively insen-
sitive to moderate variations in model capacity. In other words, the prediction perfor-
mance is primarily driven by the selected feature configuration rather than extensive
hyperparameter tuning.

5. Discussion
5.1. Operational Insights

The experimental results provide useful insights into the relative importance of differ-
ent feature groups for short-term intersection delay prediction. In particular, the strong
performance of scenarios incorporating operational variables highlights the critical role of
real-time traffic state indicators.

Queue length and the number of vehicle stops emerge as particularly informative
predictors. Queue length directly reflects the imbalance between demand and available
capacity, while stop frequency captures stop-and-go traffic behavior associated with con-
gestion. Together, these operational indicators provide an effective representation of the
current traffic state.

Interestingly, the improvement obtained by combining historical and operational
features remains relatively small. Although the combined scenario achieves the lowest
prediction error, the difference compared with operational-only features is marginal. This
suggests that operational measurements implicitly capture short-term traffic history, since
queue formation inherently reflects congestion accumulation over preceding minutes.

The limited contribution of demand-related variables also indicates that congestion
effects are more effectively represented through observable operational indicators than
through raw demand measurements alone. Queue dynamics integrate the combined effects
of demand and capacity, making them a more direct signal of traffic conditions.
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5.2. Practical Implications and Limitations

From a practical perspective, the results suggest that effective short-term delay pre-
diction can be achieved using a relatively compact set of operational features. This is
advantageous for real-time deployment because it reduces both data requirements and
computational complexity. Traffic monitoring systems may therefore benefit from prioritiz-
ing technologies capable of accurately measuring queue length and vehicle stops.

However, several limitations should be acknowledged. First, the analysis focuses
primarily on one approach at a single roundabout, which may limit the generalizability of
the findings to other intersection configurations. Although cross-approach experiments pro-
vide supporting evidence, further validation across multiple intersections would strengthen
the conclusions.

Second, the experiments employ a fixed model configuration in order to isolate the
effect of input features. Future research could examine whether similar feature importance
patterns hold across alternative architectures or training strategies.

Finally, the study focuses on one-step-ahead prediction. Longer prediction horizons
may exhibit different sensitivities to input feature configurations, particularly with respect
to demand-related variables. Extending the analysis to multi-step forecasting represents an
important direction for future research.

6. Conclusions
This study investigated the impact of input feature configurations on short-term

traffic delay prediction at an urban intersection using a controlled experimental framework.
Five feature scenarios were evaluated using two recurrent neural network architectures
(GRU and LSTM) and high-resolution, approach-level traffic data collected at one-minute
intervals from an urban roundabout in Jeddah, Saudi Arabia. The analysis considered two
forecasting horizons (1-min and 5-min ahead) and employed repeated training runs to
ensure the robustness of the results.

The experimental findings provide several important insights regarding the role of
different traffic features in intersection-level delay prediction. First, the temporal-only
baseline scenario (S0) consistently produced the largest prediction errors for both models
and forecasting horizons, confirming that temporal indicators alone are insufficient to
capture short-term variations in intersection congestion. Introducing historical delay
information (S1) improved prediction accuracy, but the improvement remained limited.

A substantial performance improvement emerged when operational traffic indicators
were introduced. Scenarios incorporating queue-related and efficiency variables (S2–S4)
significantly reduced prediction errors, highlighting the critical importance of real-time
traffic state measurements. These results indicate that variables such as queue length,
stop frequency, and efficiency ratios provide highly informative signals about current
congestion conditions.

Among the tested configurations, the full feature scenario (S4) generally achieved
the best performance for the one-minute forecasting horizon for both the GRU and LSTM
models. However, the performance differences between scenarios S2, S3, and S4 remained
relatively small, suggesting that operational indicators already capture most of the predic-
tive information required for short-term delay forecasting. In contrast, demand-related
variables such as traffic volume provided only marginal additional benefits when queue
dynamics were already included.

For the longer forecasting horizon (5 min), the overall prediction errors increased, and
the differences between feature scenarios became noticeably smaller. This result indicates
that the predictive advantage of richer feature sets diminishes as the forecasting horizon
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increases, which is consistent with the growing uncertainty associated with longer-term
traffic prediction.

The comparison between the GRU and LSTM architectures revealed very similar
prediction performance across all scenarios and horizons. This suggests that, for the
considered dataset and prediction task, the selection of informative input features plays a
more influential role than the specific recurrent architecture used.

Additional experiments across the remaining roundabout approaches demonstrated
that the proposed framework remains applicable under different traffic conditions. How-
ever, the prediction difficulty varied across approaches, largely due to differences in traffic
demand and queue characteristics. Approaches with lower traffic volumes and shorter
queues exhibited more stable traffic patterns and consequently lower prediction errors.

A hyperparameter sensitivity analysis further showed that moderate variations in
the number of hidden units produced only minor changes in prediction accuracy. This
indicates that the overall findings are relatively robust with respect to reasonable changes
in model capacity.

Overall, the results indicate that input feature configuration plays an important role in
short-term intersection delay prediction for the considered dataset and prediction task. The
findings further suggest that effective delay forecasting can be achieved using a relatively
compact set of real-time operational measurements, without requiring extensive historical
data or complex feature engineering.

Future research could extend this work by evaluating the proposed framework across
multiple intersections and network configurations, investigating multi-step forecasting
horizons, incorporating external factors such as weather and incidents, and exploring
interpretable learning methods that provide deeper insights into the relationship between
traffic dynamics and prediction performance.
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