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More intelligent transportation systems are turning to the use of artificial intelligence to 

implement adaptive, data-driven traffic control. Although modern machine learning and deep 

learning models have a significant positive impact on traffic forecasting and signal operation, 

their black box does not provide transparency and trust in the real-time autonomous decision-

making. According to recent research, explainability in traffic systems should be incorporated 

to enhance reliability and accountability. Nevertheless, the majority of the currently available 

methods are based on an explanation of post-hoc AI methodologies, which cannot offer 

consistent explanations in unstable settings. This paper aims to solve these shortcomings by 

introducing a Context-Aware Explainable Decision Framework (CA-XDF) a unified pipeline 

that incorporates prediction, explanation generation, temporal consistency validation and 

confidence-aware decision filtering. The framework uses lightweight machine learning models 

with real time feature attribution and stability aware mechanism to achieve reliable decision-

making. Experimental analysis on real-world traffic data and neuro-simulation based settings 

show that the proposed framework yields an actuality of 92.6, which is surpassing the baseline 

models, and enhances the stability of the explanation by about 17 percent and shortening the 

mean vehicle waiting period to 12 percent. The findings substantiate the importance of installing 

explainability in the decision loop as it improves interpretability and operational performance. 

The suggested framework will give a viable and scalable approach to transparent autonomous 

traffic systems, covering critical issues in describing in real-time decisions. 
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1 Introduction 

Autonomous systems have gained a central aspect to the 

current intelligent infrastructures, as they allow the use of data 

when making decisions related to various aspects of life, 

namely smart transportation, healthcare, and industrial 

automation [1], [2]. Specifically, urban traffic management 

systems are becoming more dependent on machine learning, 

and deep learning oriented program to control the signals, 

alleviate traffic jams, and enhance mobility efficiency [3], [4]. 

But as the increasingly reliant approach on complex data-

driven models, a critical challenge has emerged: transparency 

in decision-making processes. Most of the state-of-the-art 

models, in particular the deep neural networks are black-box 

systems meaning they cannot be easily analyzed to explain 

why they make specific predictions and control behaviors [5]. 

A promising trend to overcome this drawback is 
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explainable Artificial Intelligence (XAI), which aims to give 

insights into the operation of models and decision-making 

logic [6]. The methods involving feature attribution and 

surrogate modeling seek to enhance interpretability without 

compromising shutting performance to a large extent [7], [8]. 

In spite of these developments, the majority of current XAI 

methods are realized in a post-hoc fashion that is, generating 

explanations after the decision has been made. This division 

of prediction and explanation creates a number of constraints 

especially in self-regulating structures that are used in 

dynamic conditions. Post-hoc explanations also might not be 

consistent with time, have a large computational burden, and 

do not affect the process of decision making itself [9]. 

The limitations are also compounded in the context of 

autonomous traffic systems because decision-making is 

important and real-time in some cases. The prediction of 

traffic signal control involves not only its accuracy but also 

stable and reliable explanations so that there is a sense of trust 

and accountability [10]. The dynamics of change in feature 

significance in successive time steps can lower the plausibility 

of the explanations, thus restricting their applicability in 

practice. In addition to this, there may be suboptimal or unsafe 

decision-making because of the lack of mechanisms that 

analyze whether explanations are reliable or not. 

The most recent research has emphasized the importance 

of considering the element of explainability as a part of the 

decision-making pipeline instead of perceiving it as a 

supplementary part [11]. Moreover, new studies highlight the 

need to anticipate stability-conscious and context-sensitive 

explanation as a way of enhancing confidence in unstable 

situations [12]. Nevertheless, a common framework that can 

combine their use to ensure accuracy of prediction, stability 

of explaining and feasibility of reality has not been 

extensively developed. 

In solution to these issues, this paper presents a Context-

Aware Explainable Decision Framework (CA-XDF) which 

employs explainability as a part of the decision-making 

process. The suggested plan is a combination of lightweight 

prediction modeling tool and generation of real-time 

explanations, temporal consistency verification, and filter 

decision based on confidence. The framework makes the 

decisions made throughout the operational pipeline not just 

accurate but also explainable and long-lasting because it 

inserts the factor of explainability in the pipeline. 

The main goal of this work is to create a simple and yet 

effective explainable model that has a good balance between 

predictive performance, interpretation, and computational 

performance. In contrast to current solutions, which are based 

on either a performance or explainable approach, the 

proposed framework seeks to produce a holistic solution that 

meets the workable needs of real-time autonomous systems. 

Key Contributions 

The key contributions of this review are summarized as 

follows: 

 An innovative context-aware explainable decision 

framework that incorporates prediction, explanation, 

and validation into an autonomous traffic system is 

a single pipeline. 

 An explanation generation system based on the 

generation of lightweight explanations, created in 

real-time settings, with less computational 

complexity than standard post-hoc explanations 

generation algorithms. 

 Temporal consistency validation module, which 

guarantees that feature importance does not change 

between time steps, enhancing feature reliance of 

explanations. 

 A decision filtering strategy, which is sensitive to 

confidence and uses confidence prediction and 

explanation stability to improve decision robustness. 

 A thorough experimental analysis showing better 

performance in accuracy, interpretability and 

reliability of decisions than baseline models. 

The rest of this paper will be structured in the following 

way. Section II is a review of related literature on explainable 

AI and autonomous traffic systems and identifies current 

shortcomings. In the third section, the proposed methodology 

with the system architecture, mechanisms of explanation as 

well as decision framework are presented. Section IV presents 

the experimental design, including data, base models and 

evaluation metrics. In the V section, the results of the 

experiments and comparative analysis are discussed. Lastly, 

Section VI wraps up the paper with the future research 

directions. 

2 Literature Review 

With the fast evolution of artificial intelligence, there has 

been a considerable change on intelligent transportation 

systems, especially on traffic signal control and congestion 

management. The last years have shown a multitude of 

researchers interested in machine learning and deep 

reinforcement learning methods to permit the adaptive and 

data-driven optimization of traffic, which have proven to be 

significantly effective in terms of traffic flow efficiency and 

delay reduction. In line with these advances, the explainable 

artificial intelligence (XAI) has been acquiring growing 

recognition in autonomous systems, seeking to improve the 

sense of transparency, trust and accountability to decision-

making processes. In spite of these developments, the current 

literature treats prediction and explainability as distinct 

aspects and this is why it is difficult to provide real-time, 

stable and interpretable predictions in dynamic systems like 

urban traffic systems. That is why it is necessary to conduct a 

systematic review of the previous studies to comprehend how 

the AI-based traffic control evolves, why it is important to 

focus on explainability, and what the gaps are that stimulate 

the development of the suggested framework. 

2.1 AI-Based Traffic Signal Control Systems 

Intelligent transportation systems have accrued new 

developments recently that have heavily deployed the concept 

of artificial intelligence to enhance control of traffic lights and 

management of congestion. Proposals via reinforcement 

learning and deep learning have shown considerable enhances 

adaptive signal control through learning traffic dynamics 

using real-time data [13]. Such approaches allow the 

optimization of traffic movement using autonomous decisions 

and dynamic means, which is better than conventional rule-

based ones. Nevertheless, these methods tend to be 

complicated in architecture and computation demands and 

could be used only in real time settings with limitations. 
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Moreover, to overcome challenges in deployment, in 

resource-based limited environments, lightweight and 

scalable AI-based traffic management systems have been 

suggested. These are methods that combine predictive 

modeling and optimization methods to optimize traffic and to 

simplify the complexity of the system [14], [15]. Even with 

these advances, most of these systems are more geared 

towards detection accuracy and control performance, and 

nothing to do with the transparency of the decision-making 

process. 

2.2 Explainable AI in Traffic and Autonomous Systems 

To overcome the shortcomings of black-box models, 

explainable artificial intelligence (XAI) methods were 

introduced to applications in traffic and autonomous systems. 

Recent research used XAI techniques including SHAP and 

LiME to explain traffic predictions using their features, thus 

enhancing the interpretability and end-user confidence. Such 

methods will allow determining which factors form the core 

of traffic congestion and the time spent on incidents, which 

will lead to more understandable system behavior. 

Besides, studies in safety critical areas have additionally 

noted the significance of explainability to justify decision 

made by models. As an example, models that are explainable 

have been used to predict traffic accidents and analyze 

congestion to facilitate responsibility and validate decisions 

[16], [17]. Although these techniques contribute to more 

interpretability, they are mainly post-hoc, that is, they produce 

explanations after the decision was made and they do not 

directly affect the decision process. 

2.3 Hybrid and Interpretable Traffic Control Frameworks 

The recent trend has been on incorporating explainability 

in intelligent traffic control systems in order to enhance both 

the performance and transparency of the system. Hybrid 

architectures, which will integrate machine learning models 

with interpretable frameworks, are suggested to offer the 

ability to provide the human understandable decision logic 

without loss of predictive power [18], [19]. Moreover, 

reinforcement learning-based traffic control systems with 

added explainability mechanisms have demonstrated 

promising outcomes on enhancing the adaptability and 

interpretability [20]. 

Nevertheless, with these developments, the majority of 

hybrid methods have no means of providing the temporal 

consistency of explanations, an essential factor in a dynamic 

system, like the traffic. The fact that the importance of 

features can often change with time can diminish the 

reliability and credibility of explanations [21]. 

2.4 Reliability and Stability in Explainable AI 

Explainable AI has recently also seen a growing focus on 

reliability, stability, and human evaluations of explanations. 

Research points out that descriptions should not be correct, 

but they need to be consistent when the inputs and times of 

operating differ so that there is confidence in autonomous 

systems [22] [23]. In the dynamic areas like transportation and 

autonomous control, unsteadiness in explanations may result 

in lowered confidence with regard to system choices. 

Additionally, the recent publications in explainable 

transportation systems prove the necessity of introducing XAI 

into the pipelines of real-time decision-making to enhance the 

transparency of the systems and an increase in its 

effectiveness [24]. These works pinpoint the important issues 

such as the absence of standard evaluation measures, 

insufficient scale and the inability to incorporate 

explainability into the decision loop. 

2.5 Research Gap and Motivation 

Although there are impressive advances in AI-based 

traffic systems and explainable AI, there is still an obvious 

concept gap in designing frameworks that will concurrently 

capture the survival of prediction, explanation, and reliability 

of decisions. Current methodologies focus on performance-

based approaches, which lack interpretability, or give post-

hoc level explanations, which do not affect decision making. 

Moreover, the time conflict between the explanations on a 

dynamic environment has not yet been corrected extensively. 

To overcome these shortcomings, this paper introduces a 

Context-Aware Explainable Decision Framework (CA-XDF) 

as a knowledge-unified decision-making pipeline that 

incorporates generation of explanations, temporal 

consistency, and confidence-aware filtering. This will 

guarantee that the accuracy, as well as interpretability and 

permanence of decisions, are assured, which will answer the 

most significant concerns expressed in the existing literature. 

3 Proposed Methodology 

The methodology proposed presents a Context-Aware 

Explainable Decision Framework (CA-XDF) to transparent 

and reliable autonomous traffic systems decision-making. 

The framework is built in such a manner that it engages 

explainability into the decision pipeline without negatively 

impacting computational efficiency to suit real-time settings. 

The proposed system introduces explanation generation and 

validation in the decision-making cycle, unlike the traditional 

techniques, which use the post-hoc techniques in explaining 

data, ensuring interpretability and stability of the decision 

made in the short and long term. 

Five consecutive steps that make up the general 

workflow include, (i) acquisition and preprocessing of traffic 

data, (ii) feature extraction and representation, (iii) decision 

modeling, (iv) generation of an explanation, and (v) validation 

of temporal consistency with confidence-aware filtering. It is 

based on real-world traffic data provided by METR-LA and 

is tested in a controlled environment provided by simulation 

of traffic signal control by CityFlow to simulate realistic 

situations of traffic signal controllers. 

3.1 System Architecture 

System architecture is implemented as a pipeline which 

can be easily extended or contracted between components of 

prediction, explanation and validation. The general structure 

of the proposed CA-XDF is depicted in Fig. 1. 
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Fig. 1. System architecture of the proposed context-aware 

explainable decision framework for autonomous traffic 

systems. 

The architecture starts with the consumption of traffic 

sensor information, such as speed, flow, and occupancy 

values. These inputs can be processed by using a feature 

encoder that converts the raw data into structured 

representations that can be learned. The encoded features are 

finally sent to the decision model, which forecasts the traffic 

state or the control action. This is followed by an explanation 

generator that elicits feature-based contributions that affect 

the decision. A consistency module over time measures how 

stable the explanations provided are over time and a 

confidence-aware filter to decide whether the choice can be 

accepted or be marked as requiring additional scrutiny. 

Input data is in the form of multivariate time-series 

observation represented as: 

𝑋𝑡 = {𝑥1
𝑡 , 𝑥2

𝑡 , … , 𝑥𝑛
𝑡 }  (1) 

Here, 𝑋𝑡 is the state (traffic) at the time t step, and n is the 

amount of features. The main characteristics are traffic speed, 

vehicle flow and occupancy. The data is scaled to a minimum 

to a maximum in order to achieve consistency and numerical 

stability: 

𝑥̂𝑖
𝑡 =

𝑥𝑖
𝑡−𝑥𝑖

min

𝑥𝑖
max−𝑥𝑖

min   (2) 

where 𝑥̂𝑖
𝑡 denotes the normalized feature value. 

Also derived features like traffic density and levels of 

congestion are calculated to increase model interpretability. 

The features give a valuable reflection of traffic conditions 

and they have a direct impact on decision-making. 

3.2 Decision Modeling 

The decision-making aspect is introduced based on a 

supervised learning algorithm that relates the input attributes 

to a control input or traffic state. The model is trained on a 

function: 

𝑌𝑡 = 𝑓(𝑋𝑡; 𝜃)   (3) 

Here, 𝑌𝑡  is the predicted output at time 𝑡, and 𝜃 is the 

model parameters. In the research, a tree-based ensemble 

model will be used primarily because it offers a balance 

between predictive performance and interpretability. 

The output 𝑌𝑡 will either be a classification of traffic 

congestion (e.g., low, medium, high) or signal control choices 

like switching of phases. The model is optimized according to 

a typical classification loss: 

ℒ = −∑  𝑁
𝑖=1 𝑦𝑖log⁡(𝑦̂𝑖)  (4) 

where 𝑦𝑖 and 𝑦̂𝑖 denote the true and predicted labels, 

respectively. 

3.3 Explainable Decision Module 

The framework has a lightweight explanation 

mechanism, which calculates feature-level importance of 

each prediction to enhance transparency. The explanation 

vector when at time t is defined as: 

𝐸𝑡 = {𝑒1
𝑡 , 𝑒2

𝑡 , … , 𝑒𝑛
𝑡}  (5) 

where 𝑒𝑖
𝑡 represents the contribution of feature 𝑖 to the 

decision at time 𝑡. The proposed solution, in contrast to 

algorithms like SHAP, uses a model based importance and 

local perturbation analysis to approximate the contributions 

of the features. 

This allows on-the-fly creation of explanations with a 

high enough level of fidelity to the underlying model 

behavior. 

3.4 Temporal Consistency Validation 

One of the major shortcomings of current explainability 

techniques is that the explanations change over time. To 

mitigate this, the proposed framework proposes a metric of 

temporal consistency that determines how it changes the 

explanations with regard to the shifting time steps. The 

stability score is defined as: 

𝑆𝑡 = 1 −
1

𝑛
∑  𝑛
𝑖=1 |𝑒𝑖

𝑡 − 𝑒𝑖
𝑡−1|  (6) 

where 𝑆𝑡 ∈ [0,1], with higher values indicating more 

stable explanations. 

Such formulation makes sure that the decision making 

system promotes decisions which have congruent reasoning 

and therefore enhance credibility in autonomous settings. 

3.5 Confidence-Aware Decision Filtering 

Both prediction stability and explanation stable control 

the ultimate decision. Where Ct is the model output 

confidence score. The decision rule is formulated as: 

𝐷𝑡 = {
 Accept,  if 𝐶𝑡 > 𝜃1 and 𝑆𝑡 > 𝜃2

 Review,  otherwise 
 (7) 
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Where, 𝜃1 and 𝜃2are pre-established thresholds. The 

mechanism guarantees that only reputable and understandable 

decisions are implemented and unstable or uncertain forecasts 

are sifted out. 

3.6 Algorithmic Implementation 

The suggested Context-Aware Explainable Decision 

Framework (CA-XDF) is operationalized in Algorithm 1. The 

pipeline manages a series of combination of traffic data 

processing, predictive model generation, explanation 

generation, and reliability validation in a single algorithmic 

system. At every time step, the framework takes in traffic 

features, produces a decision based on the trained model, and 

calculates feature-level explanations to be transparent. In 

order to increase credibility in dynamic settings, the algorithm 

also considers the temporal consistency of the explanations, 

and integrates it with prediction confidence, to control the 

acceptance of decisions. This organized process allows the 

system to produce more than just right but interpretable, and 

stable verdicts that can be applied to real-time autonomous 

traffic handling conditions. 

Algorithm 1: Context-Aware Explainable Decision 

Framework 

Input: Traffic data 𝑋𝑡 

Output: Decision 𝐷𝑡  and explanation 𝐸𝑡 

1. Acquire traffic state 𝑋𝑡 from dataset 

2. Normalize and preprocess input features 

3. Generate feature representation 𝐹𝑡 

4. Predict output 𝑌𝑡 = 𝑓(𝐹𝑡) 

5. Compute explanation vector 𝐸𝑡 

6. Evaluate stability score 𝑆𝑡 using previous 

explanation 

7. Compute prediction confidence 𝐶𝑡 

8. If 𝐶𝑡 > 𝜃1 and 𝑆𝑡 > 𝜃2, accept decision 

9. Else, flag decision for review 

10. Return 𝐷𝑡  and 𝐸𝑡 

End; 

The suggested methodology guarantees the balanced 

combination of predictive accuracy, predictive 

interpretability, and decision reliability. The framework 

addresses major limitations of traditional XAI methods by 

implementing explainability into the decision loop and 

implementing temporal consistency validation. Moreover, its 

lightweight nature makes it feasible to use in real-time built-

in traffic system without a lot of computation. 

4 Experimental Setup 

The experimental framework is planned to compare the 

efficiency of proposed Context-Aware Explainable Decision 

Framework (CA-XDF) in regards to prediction and 

interpretability as well as decision reliability in conditions of 

dynamic traffic. The analysis is based on three 

complementary criteria: (i) the prevalence of the model in 

forecasting traffic conditions, (ii) the quality and stability 

generated explanation and (iii) the strength of decision-

making in uncertainty. 

A hybrid traffic sensors dataset approach is chosen to 

provide a realistic but controlled assessment by using real-

world and a simulation-based traffic control environment that 

is built using real-life local traffic sensor data. This allows 

both the predictive and behavioural decision-making 

performance in an independent system to be evaluated. 

4.1 Datasets and Data Preparation 

The METR-LA [25] and CityFlow [26] are used together 

to measure and generate control decisions, as well as to 

achieve real-world traffic dynamics in conducting the 

experiments. 

METR-LA data is composed of traffic data taken form 

loop detectors that are mounted on road networks within 

urban areas. The data will give time series records at the set 

intervals, such as the speed of traffic, traffic flow, and 

occupancy. As key inputs, these features are the predictive 

and explanatory features. Preprocessing of the dataset is done 

to address missing values by interpolating them, and 

normalising the feature values using min-max scaling to have 

uniform model training. 

The processed traffic states are incorporated into the 

CityFlow simulation environment to assess the performance 

of decision making in the context of the simulated traffic flow, 

with actions of traffic signal control being simulated. The 

simulator allows generating some other contextual variables 

like queue length, waiting time, which is taken to characterize 

traffic conditions and measure the control efficiency. 

A temporal split strategy is used to split the dataset into 

training, validation and testing sets to maintain time 

dependencies. Precisely, it uses 70% of the data in training, 

one out of ten in validation and 20% in testing. 

4.2 Baseline Models 

The recommended framework is compared to three 

representative baselines so that a complete comparison could 

be made between classical, explainable and deep learning 

paradigm: 

 Random Forest (RF) [27]: A tree-based ensemble 

model used for traffic prediction without integrated 

explainability, representing conventional non-

transparent decision systems.  

 XGBoost + SHAP [28]: A gradient boosting model 

combined with SHAP for post-hoc feature 

attribution, representing standard explainable AI 

approaches with high computational overhead.  

 LSTM (Long Short-Term Memory) [29]: A deep 

learning model designed for time-series traffic 

prediction, capturing temporal dependencies but 

operating as a black-box without interpretability.  

4.3 Evaluation Metrics 

In the metrics used to assess the proposed framework, 

measures are delimited related to the performance in 

predictions, performance in explainability, and the 

performance on system-level decisions. 

A. Prediction Performance Metrics 

Accuracy: Calculates the mean percentage of the correctly 

predicted states of traffic. 
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 Accuracy =
𝑇𝑃+𝑇𝑁

𝑇𝑃+𝑇𝑁+𝐹𝑃+𝐹𝑁
  (8) 

Precision: Measures the accuracy of positive predictions of 

traffic conditions. 

 Precision =
𝑇𝑃

𝑇𝑃+𝐹𝑃
  (9) 

Recall: Checks the skills to indicate the presence of real 

traffic measurements correctly. 

 Recall =
𝑇𝑃

𝑇𝑃+𝐹𝑁
   (10) 

F1-score: Gives equal consideration to precision and recall. 

𝐹1 = 2 ⋅
 Precision ⋅ Recall 

 Precision + Recall 
  (11) 

B. Explainability Metrics 

Explanation Stability Score(𝑺𝒕) : Evaluates how the relative 

significance of features changes over time. 

𝑆𝑡 = 1 −
1

𝑛
∑  𝑛
𝑖=1 |𝑒𝑖

𝑡 − 𝑒𝑖
𝑡−1| (12) 

Fidelity: Measures the accuracy of the generated 

explanations with regards to the original model predictions. 

 Fidelity = 1 −
1

𝑁
∑  𝑁
𝑗=1 |𝑓(𝑋𝑗) − 𝑔(𝑋𝑗)| (13) 

C. System-Level Decision Metrics 

Decision Acceptance Rate (DAR): Shows the rate of 

accepted decisions once there is validation of confidence and 

stability. 

DAR =
𝑁

accepted 

𝑁
total 

   (14) 

Average Decision Latency: Measures the mean of time taken 

to make a decision. 

𝑇lat =
1

𝑀
∑  𝑀
𝑗=1 𝑡𝑗   (15) 

Average Waiting Time (AWT): Measures the mean delay of 

vehicles within the traffic simulator. 

AWT =
1

𝑉
∑  𝑉
𝑘=1 𝑤𝑘  (16) 

4.4 Implementation Details 

The given structure is applied in Python along with basic 

machine learning packages. Random Forest and XGBoost 

models are set to medium estimators to balance between 

performance and efficiency and LSTM model is built with 

one hidden layer to ensure its simplicity. 

The mini-batch optimization with early stopping 

dependent on the validation loss is conducted to prevent 

overfitting to train it. The trials are carried out on a setup with 

a typical computer processor and an average memory setup, 

so that the suggested method is feasible in reality. 

4.5 Summary 

The experimental environment provides equal 

predicability, interpretability and system reliability 

assessment with real data and simulation validation. Put 

differently, the framework allows a strict evaluation of the 

capacity of the proposed framework to provide transparent 

and stable decision-making in autonomous traffic systems by 

incorporating a variety of baselines and holistic metrics. 

5 Results and Discussion 

The Results and Discussion section shows the detailed 

analysis of the proposed CA-XDF framework in terms of 

predictive performance, explainability, and system-level 

effectiveness of the decision. The outcomes derived using 

both the real world traffic and simulations environment are 

compared to examine the approach proposed with the baseline 

models. The discussion also sheds light on how the 

framework can strike a balance between accuracy, 

interpretability, and reliability of decisions in dynamic traffic 

situations. 

5.1 Prediction Performance Analysis 

To test the predictive strength of the proposed 

framework, the classification performance is compared to the 

selected baselines by the use of test split based on METR-LA. 

The findings are an indication of how well the various models 

can classify traffic congestion levels under dynamic 

conditions. 

Table I. Prediction performance comparison across baseline 

models and the proposed framework. 

Model 
Accuracy 

(%) 

Precision 

(%) 

Recall 

(%) 

F1-

Score 

(%) 

Random 

Forest [27] 
87.2 85.6 84.9 85.2 

XGBoost + 

SHAP [28] 
89.8 88.7 87.9 88.3 

LSTM [29] 91.1 90.2 89.5 89.8 

Proposed 

CA-XDF 
92.6 91.8 91.2 91.5 

As Table I demonstrates, the proposed CA-XDF 

framework is the most efficient one on all evaluation metrics, 

which indicates its capacity to retain the high predictive 

accuracy, as well as incorporate explainability mechanisms. 

LSTM is good at capturing temporal dependencies, but has 

not been widely applied in practice due to its lack of 

interpretability. The proposed model attains an improvement 

in the performance of about 1.5%2 over the most optimal 

baseline and also ensures transparency in making decisions. 

5.2 Explainability and Stability Evaluation 

The time stability and feature importance fidelity is used 

in order to determine reliability of generated explanations. 

The experiment points to the utility of the suggested 

consistency mechanism in generating consistent and reliable 

explanations. 

Table II. Comparison of explanation stability and fidelity 

across models. 

Model 
Stability Score 

((S_t)) 
Fidelity 

XGBoost + SHAP 

[28] 
0.71 0.89 

LSTM (Post-hoc) 

[29] 
0.65 0.86 

Proposed CA-XDF 0.88 0.92 
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Table II shows that the proposed framework offers much 

better explanation stability obtaining a score of 0.88 on 

stability compared to 0.71 on SHAP-based explanations. This 

shows how the temporal consistency module can minimize 

time varying fluctuations in the importance of features. 

Moreover, the fact that fidelity is better shows that the created 

explanations are very close to the model behavior, increasing 

interpretability and belief. 

5.3 System-Level Decision Performance 

The framework is simulated a simulated traffic control 

setting with CityFlow to gauge the efficacy of real-time 

decisions. The outcomes concentrate on reliability of 

decisions, and efficiency of computation and improvement of 

traffic flow. 

Table III. System-level evaluation of decision reliability and 

traffic efficiency 

Model 

Decision 

Acceptance 

Rate (%) 

Latency 

(ms) 

Avg 

Waiting 

Time (s) 

Random 

Forest [27] 
100 12 38.5 

XGBoost + 

SHAP [28] 
100 45 35.2 

LSTM [29] 100 28 33.8 

Proposed 

CA-XDF 
91.3 18 29.6 

Table III demonstrates that the proposed framework has 

the lowest average waiting time, which means that the 

efficiency of the traffic flow is high. The decision acceptance 

rate is a little bit less than with the confidence based system 

as a result of the confidence-aware filtering mechanism, but 

this indicates that the system can eliminate uncertain or 

unstable decisions. The latency of the process is much smaller 

than the SHAP-based methods, which illustrates the 

effectiveness of the lightweight explanation process in real-

time uses. 

5.4 Temporal Stability Visualization 

To further demonstrate how the stability of the baselines 

in explanations change with time, a graphical view of both the 

proposed framework and the SHAP-based baseline is 

provided. 

 

Fig. 2. Temporal variation of explanation stability for the 

proposed framework and baseline methods. 

The framework proposed, as shown in Fig. 2, 

demonstrates much smoother and steadier trends in 

explanations and a more uniform behavior than SHAP-based 

models do. Stability is essential in autonomous systems where 

a high frequency of replacement of explanations can decrease 

trust and reliability. The findings validate the assumption that 

the temporal consistency module is a powerful time-

stabilizing component in feature importance. 

5.5 Trade-off between Accuracy and Interpretability 

One of the goals of the proposed framework is to strike a 

balance between predictive performance and interpretability. 

A trade-off between these aspects is discussed in order to 

prove the effectiveness of the approach as a whole. 

 

Fig. 3. Trade-off between prediction accuracy and 

explainability across models. 

As Figure 3 shows, the proposed CA-XDF framework 

has attained the best balance of accuracy and explainability. 

Whereas the deep learning models are highly accurate and 

low in interpretability and SHAP-based models are highly 

explainable but with a higher cost of computation, the 

proposed approach balances the two at the same time. The 

balance renders the framework especially appropriate to the 

real world autonomous traffic systems. 

5.6 Discussion 

The experimental findings invariably show that the 

developed framework performs better in relation to the 

traditional and explainable baselines in various dimensions. 

Explainability is integrated into the decision loop, supported 

by temporal consistency validation and filter-based on 

confidence to help the system to make accurate decisions, 

which can remain consistent and reliable. 

The results affirm that to enhance trust in autonomous 

systems, it is necessary to incorporate explanation stability, 

especially when the application context is dynamic, like 

traffic control. In addition, the lightweight nature also means 

that the framework can be computationally efficient and thus 

be deployed in real-time. 

6 Conclusion 

The suggested Context-Aware Explainable Decision 

Framework (CA-XDF) proves that by implementing 

explainability into the decision-making cycle directly, one can 

make autonomous traffic control systems much more 

transparent, stable, and reliable. The framework presents a 

precarious boost to both predictive performance and 

interpretability by integrating lightweight modeling of 

predictions and generating explanations in real time, making 
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temporal consistency, and even filtering with confidence. The 

METR-LA and CityFlow experimental results show that the 

proposed solution can not only beat traditional and explainable 

baselines in accuracy but guarantee stable and reliable 

decisions-making in dynamic traffic. These results 

demonstrate that it is necessary to go beyond post-hoc 

explainability to stability-conscious integrated XAI models of 

real-world autonomous systems. 

This framework can be further extended in the future to 

include multi-intersection coordination and urban traffic 

networks on large scales, to assess scalability. Furthermore, 

this combination of adaptive control based on reinforcement 

learning with explainability constraints may further improve 

the optimality of decisions, at the same time remaining 

transparent. Lastly, implementation of the structure in real-life 

edge-based traffic systems can confirm its operational viability 

and strength with real time operation limits. 
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