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Introduction 

Signalized intersections, as critical control points within 

road networks, play an important role in shaping traffic 

performance. Inefficient signal timing leads not only to 

increased delay and queue formation but also to 

unnecessary fuel consumption and emissions, reflecting the 

loss of system efficiency [1]. Recent advances in data-

driven modeling and artificial intelligence (AI) provide new 

opportunities to analyze traffic signal performance beyond 

traditional performance indicators. Machine learning (ML)-

based approaches can effectively represent nonlinear 

relationships between traffic flow, control parameters, and 

resulting delay [2]. The integration of interpretability into 

data-driven traffic signal models offers an opportunity to 

support more informed decision-making [3].  

This study proposes an explainable artificial intelligence 

(XAI) framework based on Explainable Boosting Machine 

(EBM) for traffic signal control. By modeling signalized 

intersection average control delay as an indicator of system 

inefficiency, the study aims to both predict intersection 

performance and reveal the underlying influence of key 

traffic and signal parameters. The use of EBM enables the 

decomposition of delay into additive and interaction effects 

within a glass-box framework, allowing transparent 

interpretation of variable contributions while maintaining 

predictive performance. Through global feature 

importance, shape functions, and pairwise interaction 

analyses, the proposed framework provides insights into 

how traffic demand and signal timing variables influence 

delay formation under varying operating conditions. This 

interpretability may support data-driven decision-making in 

urban traffic management by improving the understanding 

of model behavior. 

Literature Review 

Average control delay is a fundamental performance 

indicator in traffic engineering and is widely used to 

evaluate the operational efficiency of signalized 

intersections. It represents the cumulative effects of vehicle 

deceleration, stopping, queueing, and acceleration 

experienced during signalized control [4]. Traditional 

delay estimation approaches, including Highway Capacity 

Manual (HCM), [5], Webster’s formulation [6] and 

Akçelik’s model [7], relate delay to operational 

characteristics such as traffic demand, cycle length, green 

time ratio, and degree of saturation. Vehicle delay at 

signalized intersections has been the subject of numerous 

modeling studies [8-11]. These studies similarly highlight 

the strong influence of signal control parameters on delay 
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ABSTRACT 

 
Urban traffic signal control plays an important role in improving operational efficiency and reducing 

unnecessary delays in transportation networks. However, capturing the complex nonlinear relationships 
between traffic demand and signal timing parameters remains a major challenge under varying operating 

conditions. This study proposes an explainable artificial intelligence (XAI) framework for traffic signal 

delay analysis using scenario-driven operational data from a three-leg signalized intersection. An 
Explainable Boosting Machine (EBM) was developed to model the relationships between cycle time, 

phase split, arrival flow, and intersection delay, and was comparatively evaluated against Random Forest 

(RF) and XGBoost models using 5-fold cross-validation. The EBM model achieved high predictive 
performance (R2 = 0.89, RMSE = 1.94), while simultaneously providing transparent interpretation of 

variable effects through global importance analysis, shape functions, and pairwise interactions. The results 

indicate that cycle time and phase allocation are among the key factors influencing delay formation, with 
nonlinear interaction patterns observed under different traffic demand conditions. An interaction was 

observed between cycle length and Phase C allocation (north approach turning phase), suggesting a 

condition-dependent relationship with delay. Comparative analyses further demonstrated a general 
consistency between EBM and benchmark ensemble models in identifying influential operational 

variables. The proposed framework provides predictive capability and interpretable insights that may 

support data-driven traffic signal analysis and operational decision-making. 
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performance. However, the relationships among these 

variables are often nonlinear and vary across operating 

conditions, making it challenging to fully represent 

complex traffic dynamics [12, 13].  

Previous research on traffic signal control has evolved 

from analytical delay models toward machine learning-

based approaches, where early applications of artificial 

intelligence demonstrated the ability to capture nonlinear 

relationships between traffic conditions and delay. Murat 

[14] compared fuzzy logic and artificial neural network 

models for vehicle delay estimation and reported that both 

approaches provided satisfactory predictive performance 

under signalized traffic conditions. Similarly, Murat and 

Baskan [10] developed an artificial neural network-based 

framework for modeling vehicle delays at signalized 

junctions, highlighting the capability of AI techniques to 

capture nonlinear traffic relationships. These studies 

contributed to the development of AI-based delay 

modeling and provided a foundation for subsequent 

machine learning applications in traffic engineering. 

More recent studies have focused on improving both 

predictive performance and interpretability through 

advanced machine learning and explainable AI techniques 

[3]. EBM has been successfully applied in various 

engineering domains such as material strength prediction in 

concrete composites [15], compressive strength modeling 

of sustainable mortar [16], and environmental morphology 

studies [17], demonstrating both high predictive 

performance and interpretability. For travel time prediction 

studies, Ahmed, et al. [18] applied SHapley Additive 

Explanations (SHAP) analysis to explain the effects of 

spatio-temporal features on travel time estimations. Zhang 

[19] applied tree-based machine learning models to traffic 

flow prediction and evaluated their interpretability through 

feature importance analysis, showing consistency with 

observed traffic patterns. Alahmadi, et al. [20] employed an 

EBM to model work zone crash severity using crash data 

and demonstrated that EBM provides competitive 

performance relative to black-box models while offering 

global and interaction-level interpretations. Liu, et al. [21] 

introduced a genetic programming-based signal control 

algorithm that automatically generates descriptive rules for 

phase switching, advancing interpretable traffic signal 

control methodologies. Similarly, Santhiya, et al. [22] 

applied the local interpretable model- agnostic explanation 

(LIME) algorithm to traffic signal detection tasks to 

enhance the model decision tasks. Erten and Gürfidan [23] 

employed regression-based ensemble machine learning 

models to predict Marshall stability and flow values of hot-

mix asphalt mixtures. Model interpretability was enhanced 

through SHAP analysis, which identified key material and 

volumetric parameters influencing asphalt performance. 

While post-hoc interpretability methods have been widely 

used to analyze machine learning models [24], EBM 

provides an additive modeling framework that allows direct 

examination of individual feature effects and pairwise 

interactions, which can be advantageous for traffic signal 

performance analysis.  

While earlier studies demonstrated the effectiveness of ML 

techniques for traffic delay prediction, recent research has 

increasingly emphasized model interpretability in addition 

to predictive performance. In this context, the proposed 

framework combines delay prediction with an interpretable 

analysis of variable importance, and pairwise interactions 

using the EBM approach. 

Methodology 

The study presents a data-driven and explainable modeling 

framework to analyze traffic signal performance under 

varying demand and signal timing conditions. The overall 

workflow consists of (i) scenario generation for signalized 

intersection, (ii) modeling with SIDRA-based simulation to 

extract the operational performance indicators, (iii) 

calibration and validation, and (iv) development of an 

explainable machine learning model to quantify the 

influence of signal control and traffic-related parameters on 

delay prediction. 

Scenario Generation and Data Set 

A three-leg signalized intersection was modeled using 

SIDRA Intersection (version 6.1) software, a widely used 

traffic simulation and analytical software for evaluating 

intersection performance and assessing the impacts of 

alternative operational scenarios [25].  

A total of 50 scenarios were generated with traffic volumes 

ranging from 1400 to 3800 veh/h. The scenario set was 

designed to ensure a balanced distribution across low, 

medium, and relatively high demand levels. A reference 

traffic volume matrix was initially established based on 

representative traffic conditions at the analyzed signalized 

intersections. Using this reference matrix, traffic demand 

levels were changed to generate alternative operating 

scenarios. The resulting 50 scenarios were categorized into 

low, medium, and high demand conditions according to the 

total intersection traffic volume. Total traffic volumes 

between 1400-2500 veh/h were classified as low demand, 

volumes between 2500-3000 veh/h as medium demand, and 

volumes above 3000 veh/h as relatively high demand [1]. 

A base saturation flow rate of 1950 veh/h/lane [26] was 

adopted, consistent with the default SIDRA configuration 

and values reported in previous traffic engineering studies 

[9, 26, 27]. This assumption provides a basis for evaluating 

the effects of traffic demand and signal timing parameters 

on delay under different operating scenarios.  

Modeling with SIDRA Intersection 

SIDRA provides a widely used simulation-based 

framework for representing signalized intersection 

operations under controlled traffic conditions and is 

commonly used in traffic engineering studies for 

performance evaluation [28].  

The simulation outputs were organized into a structured 

dataset for XAI analysis. The dependent variable was 

defined as average control delay (s/veh), representing 

intersection performance. The input features include key 

explanatory variables commonly used in traffic 
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engineering, such as traffic volume, cycle length, arrival 

flows, and phase split ratios. Phase split in SIDRA refers to 

the allocation of the signal cycle among individual phases, 

defined by the green and intergreen times assigned to each 

phase. It is typically expressed as a proportion of the total 

cycle length [29]. 

The analyzed intersection geometry includes a short 

approach leg with an exclusive left-turn lane, as illustrated 

in Figure 1. This geometric configuration was considered in 

the scenario design, as it affects queue formation, signal 

phase allocation, and operational delay, which is referred to 

as the SIDRA-based model. 

 

Figure 1. Schematic layout of the analyzed three-leg 

signalized intersection of SIDRA-based model. 

The intersection operated under a three-phase fixed-time 

signal control scheme, with cycle lengths varying between 

50 and 120 seconds, as illustrated in Figure 2. Phase A 

represents the west-approach movements (through and left 

turn), Phase B controls through movements in both 

eastbound and westbound directions, and Phase C is 

dedicated to north approach, including north-to-east and 

north-to-west turning movements. 

 

Figure 2. Three-phase signal control structure used in the 

SIDRA-based model. 

The selected cycle length ranges and signal timing settings 

were determined based on commonly adopted traffic 

engineering practice, HCM framework, and previous delay 

studies at signalized intersections [1, 5, 30-32]. The 

generated scenarios were designed to represent varying 

traffic demand and operational conditions for delay 

analysis.  

The intergreen parameters were kept constant across all 

scenarios, with a yellow time of 4 s [33] and an all-red time 

of 2 s [26, 34] for each phase. These values were adopted 

from the default SIDRA settings and are consistent with 

commonly used signal timing practices reported in 

previous studies.  

Calibration and Validation 

In the SIDRA-based model framework, calibration and 

validation were performed using empirical traffic data from 

two intersections in Karşıyaka, İzmir, Turkey. The 

intersections share similar geometry and traffic 

characteristics and operate under actuated control with a 70 

s cycle time. The field observations were used solely to 

calibrate and validate the SIDRA simulation model, 

whereas the EBM model was trained and tested using the 

scenarios generated by the calibrated SIDRA model. 

Traffic data were extracted from video recordings under 

good weather conditions (clear visibility, no wind, and no 

weather-related disruptions) during the morning peak 

period (7:30-8:30 AM). Vehicle movements were recorded 

using two cameras at each intersection, and queue lengths 

were estimated at 5 min intervals based on the last vehicle 

position during the red phase, following the methodology in 

[35, 36].  

Local traffic flow parameters and observed signal timings 

were incorporated into the SIDRA-based model through 

calibration of the Area Type Factor (ATF), ranging from 0.1 

to 2 and was calculated using the empirical formulation 

(Equation (1)) proposed by Bozkurt and Çalışkanelli [37]. 

The ATF was applied to all approaches based on total traffic 

volume (𝑉𝑇𝑜𝑡𝑎𝑙), right-turn rate (𝑅𝑇), and left-turn rate (𝐿𝑇) 

[37, 38]. 

𝐴𝑇𝐹 = 0.0013 ∗ 𝑉𝑇𝑜𝑡𝑎𝑙 − 2.23488 ∗ 𝑅𝑇
− 22.8015 ∗ 𝐿𝑇 

(1) 

Model calibration and validation were conducted using 

field-observed traffic data and SIDRA simulation outputs in 

a comparison framework based on the Geoffrey E. Havers 

(GEH) statistic [39]. GEH is a widely used traffic 

engineering measure for evaluating the agreement between 

observed and modeled traffic volumes [25, 28, 34, 40]. 

GEH statistic, defined in Equation (2), evaluates the 

consistency between modeled traffic volumes (𝑀) and 

volumes obtained from simulation-based observations (𝑂) 

[41]. In traffic engineering applications, GEH values below 

5 are generally considered to indicate an acceptable level of 

agreement between observed and modeled traffic volumes 

[28].  

𝐺𝐸𝐻 = √
2(𝑀 − 𝑂)2

𝑀 + 𝑂
 (2) 

Table 1 summarizes the average GEH values for the 

morning peak hour. All approach-level GEH values were 

below the acceptable threshold of 5, with an average GEH 

of 1.89, indicating good agreement between simulated and 

observed traffic conditions. Regarding GEH evaluation, the 

westbound right (WBR), westbound left (WBL), 

northbound through (NBT), northbound right (NBR), 
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southbound through (SBT), and southbound left (SBL) 

movement approaches yielded GEH values below the 

acceptable threshold of 5.  

Table 1. GEH values according to the number of vehicles 

in a queue. 

Intersection No Approach GEH Statistic 

1 

 WBR 2.1518 

NBT 0.1094 

NBR 0.1094 

SBT 0.1407 

2 

WBL 3.8497 

WBR 3.1300 

NBT 2.1783 

NBR 2.9192 

SBL 3.8025 

SBT 0.4650 

The avg. value of GEH: 1.8856 

Machine Learning Models 

A data-driven modeling approach is adopted to capture the 

complex relationships between traffic demand, signal 

control parameters, and intersection performance. This 

approach uses machine learning techniques to learn system 

behavior from operational data [2]. EBM was employed to 

model the relationship between signal control parameters, 

traffic demand characteristics, and intersection delay.  

EBM is an interpretable, glass-box machine learning model 

built on generalized additive models (GAMs) [20]. The 

model represents the predicted outcome as a sum of 

individual feature effects and, when included, pairwise 

interaction terms [42]. This generalized additive model 

combines the predictive strength of ensemble learning with 

interpretable structure [20]. In addition to predictive 

accuracy, the model provides explanations of how each 

parameter contributes to delay formation through global 

feature importance [43] and shape functions [44]. Global 

explanation (feature importance plot) quantifies the overall 

contribution of each predictor to the model’s output across 

the dataset by averaging the effect magnitude of its learned 

function [45], while shape functions visualize how 

individual feature values relate to predicted outcomes, 

revealing the direction and strength of each variable’s 

influence [44].  

A sensitivity analysis was conducted to assess the 

effectiveness of the EBM model with respect to key 

hyperparameters [20, 42]. Three alternative configurations 

were tested in addition to the default model with testing 

learning rates from the literature [20], and keeping other 

settings constant. 

To provide a comparative evaluation of the proposed EBM 

framework, Random Forest (RF) and Extreme Gradient 

Boosting (XGBoost) models were additionally 

implemented as benchmark machine learning approaches. 

RF is an ensemble tree-based learning method [13] that 

improves prediction accuracy through aggregation of 

multiple decision trees [46], while XGBoost is a gradient 

boosting framework widely used for nonlinear regression 

problems and structured datasets [47]. Feature importance 

analysis was employed to quantify the relative contribution 

of each input variable to the predictive performance of the 

machine learning models [48]. Hyperparameter tuning for 

all models was conducted using GridSearchCV with 5-fold 

cross-validation (CV) based on parameter ranges 

commonly adopted in previous studies [13, 48-53].  

Model Evaluation and Explainability Analysis 

Model performance was evaluated using standard 

regression metrics, including the coefficient of 

determination (R2) (Equation (3)), root mean square error 

(RMSE) (Equation (4)), and mean absolute error (MAE) 

(Equation (5)), which measure the average deviation 

between predicted and observed values [12, 54]. In addition 

to predictive performance comparisons among the 

evaluated machine learning models, explainability analysis 

was conducted for the EBM framework through global 

feature importance scores and feature-specific shape 

functions [44]. In all equations, 𝑛 gives the number of 

observations, 𝑦𝑖  denotes the observed, 𝑧𝑖 shows the 

predicted delay values, and 𝑦̅ represents the mean observed 

delay [12]. 

𝑅2 = 1 −
∑ (𝑦𝑖 − 𝑧𝑖)

2𝑛
𝑖=1

∑ (𝑦𝑖 − 𝑦̅)2𝑛
𝑖=1

 (3) 

𝑅𝑀𝑆𝐸 = √
∑ (𝑦𝑖 − 𝑧𝑖)

2𝑛
𝑖=1

𝑛
 (4) 

𝑀𝐴𝐸 =
1

𝑛
∑(𝑦𝑖 − 𝑧𝑖)

𝑛

𝑖=1

 (5) 

Results and Discussion 

The proposed XAI model demonstrates strong predictive 

performance in estimating intersection delays based on 

traffic demand and signal control parameters. The results 

confirm the capability of data-driven approaches to capture 

the nonlinear and interactive effects in signalized 

intersection operations. 

Hyperparameter Tuning of ML Models 

Hyperparameter tuning for all machine learning models was 

conducted using a 5-fold cross-validation. All machine 

learning models were implemented in Python 3.13. A 

representative set of grid search parameter combinations 

was evaluated to ensure computational efficiency and 

methodological consistency across models [48]. 

The EBM model was tested under four learning rates (0.01 

as default, 0.03, 0.05, 0.1) with 𝑚𝑎𝑥_𝑏𝑖𝑛𝑠 of 32 (Table 2). 

The results indicate that the configuration with a 

𝑙𝑒𝑎𝑟𝑛𝑖𝑛𝑔_𝑟𝑎𝑡𝑒 of 0.1 provides the best balance between 

accuracy, achieving the highest R2 (0.886) and the lowest 

RMSE (1.937) and MAE (1.299). The other configurations 

showed slightly lower R2 and higher errors, confirming that 

the default parameters are suitable for the analysis. 
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For RF model, the tuning process was considered with the 
number of trees (𝑛_𝑒𝑠𝑡𝑖𝑚𝑎𝑡𝑜𝑟𝑠 = 100, 200) and maximum 
tree depth (𝑚𝑎𝑥_𝑑𝑒𝑝𝑡ℎ = 5, 10). The results of the 
hyperparameter combinations are presented in  

Table 3. 

Table 2. Hyperparameter tuning results of EBM. 

Model learning_rate max_bins RMSE MAE R2 

LR001 0.01 32 1.9669 1.3409 0.8830 

LR003 0.03 32 1.9680 1.3617 0.8828 

LR005 0.05 32 1.9539 1.3280 0.8845 

LR01 0.1 32 1.9369 1.2987 0.8864 

 

Table 3. Hyperparameter tuning results of RF. 

Model n_estimators max_depth RMSE MAE R2 

RF1 100 5 2.2943 1.6964 0.8407 

RF2 100 10 2.2420 1.6415 0.8479 
RF3 200 5 2.2403 1.6515 0.8481 

RF4 200 10 2.2063 1.6240 0.8527 

For the XGBoost (XGB) model, the tuning process included 

the number of trees (𝑛_𝑒𝑠𝑡𝑖𝑚𝑎𝑡𝑜𝑟𝑠 = 100, 200), and 

maximum tree depth (𝑚𝑎𝑥_𝑑𝑒𝑝𝑡ℎ = 3, 5) with a learning 

rate of 0.05 based on previous studies recommending values 

(0.01-0.1) for stable performance [48, 55]. The 

corresponding performance results are summarized in 

Table 4. The best-performing configuration for each model, 

highlighted in bold, was selected as the optimal set of 

hyperparameters based on the average cross-validation 

performance. 

Table 4. Hyperparameter tuning results of XGBoost. 

Model n_estimators max_depth RMSE MAE R2 

XGB1 100 3 2.0793 1.5147 0.8692 

XGB2 100 5 2.4607 1.9044 0.8168 

XGB3 200 3 2.0756 1.5384 0.8690 

XGB4 200 5 2.4782 1.9315 0.8142 

The optimal hyperparameter configurations for each model 

were selected based on the minimum RMSE criterion and 

used in subsequent predictive performance and 

explainability analyses (Table 5).  

Table 5. Selected optimal hyperparameters. 

Model Final Parameters 

EBM learning_rate = 0.1, max_bins = 32 
RF n_estimators = 200, max_depth = 10 

XGBoost n_estimators = 100, learning_rate = 0.05, max_depth = 3  

Predictive Performance Comparison of ML Models 

Model performances were assessed to evaluate the ability 

of the proposed framework and to predict signalized 

intersection control delay under varying traffic demand and 

signal timing conditions. Figure 3a-c presents the 

relationship between predicted and observed values for the 

EBM, RF and XGBoost models, respectively. The red 

dashed line indicates the 1:1 reference line. The EBM 

model achieved the highest predictive performance (R2 = 

0.886), followed by XGBoost (R2 = 0.869) and RF (R2 = 

0.853). The close agreement between predicted and 

observed values demonstrates that all three models captured 

the nonlinear relationships between signal timing 

parameters, traffic demand, and intersection delay. 
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(a) 

 
(b) 

 
(c) 

Figure 3. Predicted vs observed delay values for (a) EBM 

model, (b) RF model, and (c) XGBoost model. 

The RF and XGBoost models also exhibit good predictive 

performance, confirming that ensemble-based learning 

methods are capable of modeling nonlinear relationships 

between traffic demand, signal control parameters, and 

delay. However, EBM framework provides additional 

interpretability while maintaining comparable accuracy. 

Although the proposed models achieved satisfactory 

predictive performance, their generalizability to a wider 

range of traffic conditions would benefit from further 

validation, highlighting the need for larger and more diverse 

simulation datasets as well as real-world observations. 

Explainability Analysis of EBM Model 

The comprehensive interpretation of the EBM model allows 

for an assessment of the impact of individual traffic and 

signal control factors on the predicted intersection delays. 

Figure 4 presents the contribution of each predictor to the 

model represented with global feature importance rankings 

obtained from the EBM model. Cycle time was identified 

as the most influential variable affecting intersection delay, 

followed by Phase Split B and Phase Split C. These findings 

suggest that delay formation is influenced primarily by 

signal timing decisions than demand alone within the 

examined operating conditions. In particular, the cycle time 

plays a key role in balancing green utilization and vehicle 

waiting times across competing movements. Similarly, 

green allocation effects vary across phases, indicating 

phase-specific sensitivity in delay formation. The findings 

confirm the importance of phase split allocations, indicating 

that the distribution of green time among phases is a key 

determinant of intersection performance. The explainability 

results align with established traffic engineering principles 

while offering additional quantitative insights.  

 

Figure 4. Global importance of signal timing and demand 

variables obtained from EBM. 

To further assess the reliability of the EBM explanations, 

feature importance results were compared with those 

obtained from the RF and XGBoost models (Figure 5a and 

Figure 5b). A consistent pattern was observed between the 

EBM global importance rankings and the RF feature 

importance results, where cycle time and Phase Split B 

emerged as the dominant factors influencing delay. 

Although XGBoost assigned relatively greater importance 

to Phase Split C, indicating certain model-specific 

sensitivities to nonlinear traffic conditions, the overall 

ranking pattern remained broadly consistent across the three 
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models. Overall, the key factors identified by EBM are 

supported by alternative ensemble learning approaches. 

EBM-derived shape functions illustrate the marginal effects 

of each factor on average control delay. Shape functions 

capture nonlinear relationships between predictors and the 

response variable and visualize the threshold-based effects 

[56] of green split allocation on control delay, providing 

interpretable decision logic beyond the performance 

metrics. The shape function represents a one-dimensional 

relationship between a predictor variable and its 

corresponding contribution to the model output. Predictor 

values are shown on the horizontal axis, while the vertical 

axis represents the corresponding contribution scores [20], 

where positive and negative values represent increasing and 

decreasing effects on the predicted outcome, respectively 

[42]. Since the model output represents control delay, 

negative shape function scores indicate delay-reducing 

effects, whereas positive scores correspond to increased 

predicted delay. Values close to zero represent a reference 

effect with no substantial contribution relative to the 

average behavior. 

 
(a) 

 
(b) 

Figure 5. Comparison of variable importance rankings: (a) 

RF feature importance, (b) XGBoost feature importance. 

Figure 6 represents the EBM shape function for cycle time, 

illustrating its relationship with average control delay. Short 

cycle times (below approximately 70 s) exhibit a negative 

contribution score, indicating improved operational 

performance and lower delay levels. Cycle lengths 

exceeding approximately 90-95 s exhibit positive 

contribution scores, indicating that longer cycles may 

increase vehicle waiting times and reduce overall 

intersection efficiency. Rather than indicating a single 

optimum cycle length, the results suggest the existence of a 

favorable operating range in which delay remains relatively 

low.  

Figure 7 presents the effect of Phase A on control delay 

derived from the EBM model. Phase A exhibits a relatively 

limited impact on control delay compared to other phases. 

Green split ratios (below approximately 26% and above 

approximately 40%) are associated with lower predicted 

delay contributions under the observed operating 

conditions. Within the intermediate range (approximately 

35-38%), the effect remains close to neutral, suggesting that 

Phase A is not a critical phase under the examined demand 

conditions. This effect needs to be interpreted together with 

the interactions between phase allocation and cycle length.  

 

Figure 6. Shape function of cycle time on average control 

delay. 

 

Figure 7. Shape function of green split allocation for 

Phase A on average control delay. 

 

Figure 8. Shape function of green split allocation for 

Phase B on average control delay. 
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In contrast, Phase B (Figure 8) demonstrates a strong 

decreasing trend, where increasing green split ratios 

consistently reduces control delays. Lower green split 

allocations (below approximately 25%) significantly 

increase delay, while increasing the green split beyond 30% 

results in a delay reduction. This indicates that Phase B 

plays a dominant role in overall intersection performance 

and functions as the primary capacity-constraining 

movement group. Increasing green time allocation to the 

dominant east-west movements is generally associated with 

lower delay levels. 

For Phase C (Figure 9), delay decreases as the green split 

increases from approximately 25% to 45%, reaching its 

minimum contribution within this range, indicating 

improved operational performance. However, further 

increases beyond 45% reverse this trend and lead to rapidly 

increasing delay contributions. This pattern suggests the 

existence of an optimal allocation range, beyond which 

additional green time allocated to Phase C may reduce the 

service capacity available for other phases and increase 

overall delay. Finally, arrival flow effects (Figure 10) 

indicate that delay remains relatively insensitive to demand 

variations at lower arrival flow levels. However, a 

noticeable increase in contribution scores is observed 

beyond approximately 3000 veh/h, suggesting that the 

intersection becomes increasingly sensitive to additional 

demand under higher traffic volumes. This confirms that 

delay is sensitive to demand fluctuations under higher 

volume conditions. 

 

Figure 9. Shape function of green split allocation for 

Phase C on average control delay. 

 

Figure 10. Shape function of arrival flow on average 

control delay. 

EBM reveals context-dependent interaction mechanisms 

among traffic demand and signal control variables. In 

addition to main effects, pairwise interaction terms were 

incorporated into the model to capture the combined effect 

of traffic demand and signal control parameters. The 

interaction importance analysis, shown in Figure 11, 

revealed that interactions involving cycle time exhibited the 

strongest contribution to delay variability. Accordingly, 

interaction heatmaps were presented for the two most 

influential interaction terms identified by the importance 

analysis.  

 

Figure 11. Feature importance plot of pairwise 

interactions. 

To further investigate interaction structure among the most 

influential predictors, pairwise interactions identified by the 

EBM model were examined using two-dimensional 

heatmaps, as presented in Figure 12a-d. The color gradient 

from dark purple to bright yellow represents increasing 

interaction strength, reflecting a joint contribution of the 

corresponding variable pairs to the predicted control delay. 

Figure 12a illustrates that the effect of Phase Split C on 

delay is dependent on cycle length, indicating a clear 

interaction between phase allocation and signal timing. 

Under short cycle conditions, variations in Phase Split C 

have a limited impact on delay, whereas under long cycle 

conditions, the increase in green allocation results in more 

pronounced delay contributions. Increasing the green time 

for Phase C requires redistributing effective green time 

from the major arterial phases serving through movements. 

Since Phase C primarily accommodates turning movements 

from the north approach, excessive allocation to this phase 

may reduce the available capacity for dominant through 

traffic streams, resulting in higher overall control delay. In 

particular, delay increased substantially when cycle lengths 

exceeded approximately 105 s in combination with Phase C 

allocations above 45%, highlighting the importance of 

jointly considering cycle length and phase allocation. 

As shown in Figure 12b, unlike Phase C, increasing the 

green share allocated to Phase B generally reduces delay, 

particularly under long-cycle conditions. The interaction 

planes indicate that the highest delay contributions (bright 

yellow zones) occur when long cycle lengths (>105 s) 

combined with low green splits (<22%) correspond to 

operationally unstable conditions characterized by 

insufficient capacity for dominant east-west through 

movements. This can lead to rapid queue accumulation and 
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reduced discharge efficiency, suggesting that Phase B plays 

an important role in accommodating major traffic 

movements. 

 
(a) 

 
(b) 

 
(c) 

 
(d) 

Figure 12. Heatmap for the interaction of (a) cycle time and 

phase split C, (b) cycle time and phase split B, (c) cycle time 

and phase split A, and (d) cycle time and arrival flow. 

Figure 12c shows that control delay increases with both 

cycle time and Phase Split A. The observed behavior 

suggests that Phase A can serve a supporting role in 

balancing the westbound approach, where through and left-

turn movements operate simultaneously. Moderate 

increases in green time improve local discharge conditions 

and partially mitigate the increase in delay under longer 

cycle lengths. 

Figure 12d demonstrates the interaction between arrival 

flow and cycle length. The effect of cycle time becomes 

more pronounced under high demand conditions. 

Specifically, when arrival flow exceeds approximately 

3200 veh/h and cycle lengths exceed 105 s, higher delay 

levels are observed, resulting in reduced operational 

performance under high-demand and long-cycle conditions.  

Overall, the interaction pattern highlights the combined role 

of signal timing and traffic demand in shaping delay at 

signalized intersections, emphasizing the importance of 

jointly optimizing cycle length and phase split allocation in 

signal timing design. Furthermore, the direction and 

magnitude of the interaction vary according to the traffic 

movements served by each phase. While increasing green 

time for the major east-west movements (Phase B) 

generally reduce delay, excessive allocation to turning 

movements represented by Phase C tends to increase overall 

intersection delay. These findings confirm that delay at 

signalized intersections is primarily the outcome of 

interacting with operational parameters rather than the 

independent effect of any single variable. 

These interaction-based insights are effectively captured 

through the XAI-based modeling framework, which 

provides an understanding of the relationship between 

signal control parameters, traffic demand, and intersection 

delay. By treating traffic delay as a data-driven indicator of 

operational inefficiency, the model enables an assessment 

of which signal control parameters drive delay and 

efficiency and supports data-driven signal control strategies 

under varying demand conditions. 

Conclusion 

The proposed EBM-based framework captures nonlinear 

relationships between traffic demand, signal timing 

parameters, and intersection delay while providing 

interpretable insights into traffic performance. Compared 

with established benchmark models, including Random 

Forest and XGBoost, the EBM model achieves comparable 

predictive accuracy while offering enhanced interpretability 

through global importance, shape functions, and interaction 

analysis.  

The results indicate that cycle time and phase split 

allocation are among the primary influential factors 

affecting delay formation, while interaction effects reveal 

that their influence is strongly dependent on traffic demand 

conditions. Phase B (major east-west movements) generally 

reduces delay when adequately prioritized, whereas 

excessive allocation to Phase C (turning movements) may 

increase overall intersection delay. Moreover, the effect of 

cycle length becomes more pronounced under higher 
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demand levels, indicating distinct operational regimes 

rather than a single optimal signal timing setting. 

The findings also suggest that effective traffic signal control 

may be better represented through operational ranges rather 

than single optimal parameter values. Excessive green time 

allocation to one phase may reduce the efficiency of 

competing phases and increase delay, highlighting the need 

for balanced signal timing strategies under varying traffic 

conditions. Finally, the comparative analysis indicates that 

although RF and XGBoost provide good predictive 

performance, the EBM framework achieves a useful 

balance between prediction accuracy and interpretability, 

making it particularly suitable for traffic engineering 

applications.  

The interpretation results provided by the EBM model can 

offer practical decision support for transportation agencies 

and traffic engineers. By identifying the relative importance 

of traffic demand and signal timing variables, as well as 

their nonlinear effects and interactions on intersection 

delay, the proposed approach can assist in prioritizing 

signal timing adjustments, evaluating alternative timing 

strategies, and supporting more informed operational 

decision-making. 

The proposed approach was developed and evaluated based 

on SIDRA-generated scenarios for a three-leg signalized 

intersection. The scenario design covers a range of traffic 

demand and signal timing conditions under a controlled 

simulation environment with a constant base saturation 

flow rate. The results are interpreted within the context of 

the proposed framework. The analysis is based on 50 

generated scenarios, which provide a representative set of 

operational conditions for delay analysis. Future research 

may extend the proposed framework to different 

intersection geometries and field-observed datasets, as well 

as explore larger and more diverse scenario sets to further 

improve model generalizability. In addition, comparative 

studies with alternative machine learning approaches and 

real-time implementation within traffic management 

systems may enhance practical applicability. 
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