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ABSTRACT 
 

In recent years, critical infrastructure systems—from smart grids to industrial automation platforms to 
cyber-physical environments—have become increasingly susceptible to failures, cyber attacks, and 
equipment deterioration. Many Machine Learning (ML) and Deep Learning (DL) models achieve high 
predictive accuracy but are difficult to interpret and require significant computational resources to deploy 
in safety-critical applications. The study introduced a new Explainable Quantum Artificial Intelligence 
(XQAI) framework for predicting failures in critical infrastructures, combining Quantum Adaptive Feature 
Embedding (QAFE), Variational Quantum Circuits (VQC), Bidirectional LSTM temporal learning, 
Quantum Attention mechanisms, and SHAP-based explainability analysis. The proposed framework 
leveraged heterogeneous data collected from Industrial Internet of Things (IIoT) sensors and SCADA 
systems to detect complex nonlinear patterns in infrastructure failures. The proposed XQAI framework was 
evaluated experimentally and demonstrated a very high accuracy of 98.9%, precision of 98.5%, recall of 
98.1%, and F1-score of 98.3%, which are significantly higher than those of conventional machine learning, 
deep learning, and quantum learning models. The explainability module accurately identified the 
parameters that influenced infrastructure failure, particularly temperature, vibration, voltage instability, and 
communication latency. The results showed that integrating Explainable Artificial Intelligence (XAI) with 
quantum-augmented temporal learning had a remarkable impact on prediction reliability, interpretability, 
and computational efficiency. The proposed framework offers an intelligent infrastructure-monitoring 
solution that is scalable and transparent for the next-generation safety-critical industrial environment. 
Keywords: Explainable Quantum AI, Critical Infrastructure, Failure Prediction, Quantum Machine 

Learning, Predictive Maintenance, Industrial IoT 
 
1. INTRODUCTION  
 

Smart grids, transportation systems, 
industrial automation systems, healthcare facilities, 
and water distribution systems are vital to modern 

society. The infrastructure of these technologies has 
been greatly enhanced by the convergence of the 
Industrial Internet of Things (IIoT), Cloud 
Computing, Artificial Intelligence (AI), and Cyber-
Physical Systems (CPS), thereby increasing 
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operational efficiency and automation [1, 2]. As 
infrastructure environments become more 
interconnected and increasingly composed of digital 
systems, they face significant threats and challenges 
from cyberattacks, equipment degradation, 
environmental disturbances, and cascading 
operational failures [3]. Infrastructure failures can 
result in economic losses, public safety threats, 
service interruptions, and significant societal 
impacts, underscoring the need for intelligent and 
proactive monitoring [4]. 

Traditional methods of fault diagnosis and 
infrastructure monitoring were primarily based on 
statistical models, rule-based systems, and manual 
inspections. Such techniques have been successfully 
applied in small-scale cases, but they fail to handle 
large volumes of sensor information in real time in 
modern intelligent infrastructures [5]. Therefore, 
the adoption of Machine Learning (ML) and Deep 
Learning (DL) techniques has proven effective for 
predictive maintenance and failure prediction. 
Examples of models that show high effectiveness in 
learning fault patterns from infrastructure data 
include Support Vector Machines (SVM), Random 
Forests (RF), Artificial Neural Networks (ANN), 
Convolutional Neural Networks (CNN), and LSTM 
networks [6, 7]. 

Deep learning methods have also shown 
great promise in modelling both spatial and 
temporal relationships in industrial sensor data 
streams, particularly hybrid CNN-LSTM models 
and temporal models based on transformers [8]. 
These models are extensively used in smart grid 
monitoring, predictive maintenance, industrial fault 
detection and intrusion detection systems in the 
cyber-physical world [9]. Although these deep 
learning models are predictive, the vast majority 
only offer predictions without interpretable 
explanations [10]. In critical infrastructure 
applications, when the operators don't know why, 
they are not sure of the truthfulness, as there are no 
reasons they can understand to make any 
operational decisions [11]. 

To tackle this issue, XAI, which stands for 
Explainable Artificial Intelligence, has gained a 
great deal of popularity within the domain of AI-
driven infrastructure monitoring systems. 
Explainability methods such as SHAP, LIME, 
saliency mapping, and attention visualization are 
useful for understanding the features that explain 
model predictions [12]. These techniques lead to 
greater transparency, accountability, and reliability 
in safety-critical scenarios. There are, however, 
existing explainability techniques developed for 

classical Machine Learning (ML) and Deep 
Learning (DL) systems, but there is little research 
on integrating explainability into quantum AI 
systems. 

In recent times, quantum computing has 
emerged as an appealing framework for performing 
computations for complicated problem-solving 
tasks, including optimization and learning tasks that 
cannot be solved through classical computation 
[13]. Quantum Machine Learning (QML) is an 
emerging field that combines the principles of 
quantum computing with those of machine learning 
algorithms to improve feature representation and 
computational efficiency. Numerous examples of 
high dimensional data classification, optimization, 
and anomaly detection have shown significant 
improvements by implementing methods such as 
Variational Quantum Circuits (VQC) and Quantum 
Neural Networks (QNN) [14]. 

Although considerable potential has been 
shown, current research and development has 
primarily been on performance enhancement 
without attention paid to interpretability and 
transparency during operation. In addition, there is 
a limited number of studies that focuses on integrate 
explainable AI, Quantum learning and temporal 
infrastructure analytics into a single solution [15]. 
There is thus a substantial gap in research to realize 
scalable, interpretable, and high-performance 
quantum AI systems to predict failure in critical 
infrastructure. 

To solve these problems, the authors of 
this paper suggested a novel Explainable Quantum 
Artificial Intelligence (XQAI) system for critical 
infrastructure failure prediction. The framework 
proposed combines explainability techniques for 
reliable and interpretable infrastructure analytics, 
hybrid quantum-classical temporal learning, and 
quantum-enhanced feature encoding. Variational 
Quantum Circuits are used to enhance high 
dimensional feature representation, and LSTM 
based temporal learning is used for infrastructure 
behavior capture over time. Moreover, 
explainability modules based on the SHAP scores 
are integrated to give clear operational information 
on causality of failures and the evolution of risks. 

The main goals of this study are 
summarized below: 

1. To create FQ-AIF: Hybrid Explainable 
Quantum AI Framework for Critical 
Infrastructure Failure Prediction.  
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2. Predictive accuracy of improvement via feature 
representation enhancement with quantum.  

3. To incorporate explainable AI technologies for 
clear and understandable infrastructure 
intelligence.  

4. To analyze temporal infrastructure behavior 
using hybrid quantum-classical learning.  

5. For validation of the proposed model against 
conventional machine learning and deep 
learning models.  

The proposed research is aimed at next 
generation smart infrastructure management 
systems providing reliable, scalable and explainable 
predictive analytics in safety critical environments. 

The organization of this paper is as 
follows: The relevant literature on infrastructure 
failure prediction, explainable artificial intelligence, 
and quantum machine learning techniques are 
detailed in Section 2. The Explainable Quantum 
Artificial Intelligence (XQAI) framework is 
presented in Section 3, which consists of data set, 
model architecture, mathematical formulation, and 
algorithm development. The experiment results and 
evaluation of the framework are analyzed in Section 
4. Finally, Section 5 highlights the main 
contributions, limitations, and future directions of 
this study. 

2. RELATED WORK 

The emergence of IIoT, CPS and 
Intelligent Automation technologies has made CI 
failure prediction one of the critical areas of 
research. Traditional approaches used for 
infrastructure monitoring included mainly the 
application of statistical reliability, along with 
traditional machine learning algorithms, for fault 
detection. In the field of industry, many different 
algorithms for fault detection based on equipment 
monitoring have been applied, such as Decision 
Tree, SVM and Random Forest [16, 17]. These 
techniques gave reasonable predictive accuracy for 
structured data sets, but could not deal with 
nonlinear relationships between features, data from 
multiple sensor streams, and large-scale temporal 
infrastructure data [18]. 

In view of advancements in deep learning, 
the system's predictive analytics and anomaly 
detection capabilities have improved significantly. 
For spatial feature extraction from thermal images 
and vibration/industrial monitoring databases, 
Convolutional Neural Networks (CNNs) have 

shown excellent results [19]. Moreover, with 
respect to the temporal dependencies of operations, 
the use of recurrent architectures such as LSTMs 
was found to be quite efficient, as they have the 
capability to understand previously learned 
dependencies [20]. CNN-LSTM hybrid models 
were introduced later to combine both capabilities 
for prediction. The hybrid models were found to 
yield better fault-prediction performance in 
industrial machines, smart electrical power grids, 
and cyber-physical monitoring systems. 

Later, transformer-based models got their 
focus due to their ability to extract long-range 
temporal dependencies from time-series 
infrastructure data [22]. Prediction analysis 
systems, aided by attention mechanisms, identified 
the critical operating conditions and abnormal 
sensor behaviour. While such deep learning models 
achieved better prediction accuracy, most were 
black box algorithms, offering no interpretable 
explanations of their decision making processes. 

Explainable AI (XAI) methods were 
introduced into predictive infrastructure monitoring 
systems to overcome the opacity of deep learning 
systems. Operational parameters were identified 
that affected predictive outcome using SHAP-based 
explainability methods and attention visualization 
approaches [23]. These explainability frameworks 
were used to enhance trustworthiness, 
accountability and operator confidence in safety-
critical industrial applications, by giving a text-
based explanation for model predictions. 

In recent times, Quantum Machine 
Learning (QML) has gained considerable attention 
as an emerging approach for intelligent 
infrastructure analysis and cyber-physical system 
applications. Quantum-enhanced learning and 
optimization techniques have been employed to 
improve feature learning, anomaly detection, and 
decision-making processes in complex 
infrastructure environments [24]. The Variational 
Quantum Circuits (VQCs), Quantum Neural 
Networks (QNNs), and hybrid quantum-classical 
networks demonstrated satisfactory results in 
classification, anomaly detection, and predictive 
analysis tasks. The nonlinear pattern recognition 
and computational scalability in complex industrial 
settings were also boosted by quantum circuit 
learning frameworks [25]. 
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Despite these progressions, current 
research primarily has concentrated on predictive 
performance, with a lack of emphasis on 
explainability and transparency within quantum AI 
systems. Moreover, there have been only a few 
studies that have explored the co-integration of 
explainable AI, quantum learning, and temporal 
infrastructure analytics in a single explanatory 
model for critical infrastructure failure prediction. 
Thus, there is still a substantial gap in research to 
develop scalable, interpretable, and high 
performance Explainable Quantum AI (XQAI) 
frameworks for reliable decision making in safety-
critical infrastructure environments. 

While machine learning, deep learning, 
and quantum learning techniques have 
demonstrated potential for predicting infrastructure 
failures, there remain research gaps to be addressed. 
Current research mainly concentrates on the 
predictive accuracy, with little consideration for 
explainability and transparency. Furthermore, there 
is a lack of research on combining quantum 
learning, temporal pattern analysis, attention 
mechanisms and explainable AI in a single 
framework. The proposed XQAI framework 
includes Quantum Adaptive Feature Embedding, 
Variational Quantum Circuits, Bidirectional LSTM 
learning, Quantum Attention and SHAP-based 
explainability to address these gaps and provide 
accurate, explainable, and reliable critical 
infrastructure failure prediction. 

3. METHODOLOGY 

3.1 Proposed Explainable Quantum AI 
Framework 

The study presented a new paradigm for 
Explainable Quantum Artificial Intelligence 
(XQAI) for critical infrastructure failure prediction, 
which combines quantum-enhanced feature 
representation, temporal deep learning and 
explainable AI mechanisms. The framework was 
designed to handle the heterogeneous streams of 
Industrial Internet of Things (IIoT) sensors installed 
in smart grids, industrial automation systems, 
SCADA platforms as well as cyber-physical 
infrastructure environments. The main goal of the 
proposed framework was to offer highly accurate, 
scalable and interpretable failure prediction for 
safety critical infrastructure systems. 

The proposed XQAI framework included 
the following steps: 

1. Infrastructure Sensor Data Acquisition  

2. Data Preprocessing and Feature Engineering  

3. Quantum Adaptive Feature Embedding  

4. Variational Quantum Circuit Learning  

5. Bidirectional LSTM Temporal Analysis  

6. Quantum Attention-Based Feature 
Prioritization  

7. SHAP-Based Explainability Generation  

8. Failure Prediction and Risk Assessment  

The proposed approach included the 
principles of quantum computing, deep temporal 
learning, and enhanced feature extraction to 
perform nonlinear feature extraction, temporal 
dependency analysis and predictive interpretability. 

3.2 Dataset Description 

The data set we use for this study was built 
from data gathered from various infrastructure 
monitoring sources such as smart grids, industrial 
machines, SCADA and environmental monitoring 
sensors. Some 120,000 operating records were 
taken into account, including those of normal 
operation and infrastructure failure situations. The 
sensors collected multidimensional parameters 
including temperature, voltage, current, vibration 
intensity, humidity, pressure, packet loss, 
communication delay, energy consumption, CPU 
utilization, etc. 

The dataset contained several failure 
scenarios, including transformer overheating, 
voltage instability, communication failure, motor 
deterioration, cooling system failure, and cyber-
physical anomalies. The data set was split into three 
groups: train, valid, and test sets, with a ratio of 
70:15:15. Prior to training, the data was 
preprocessed for noise reduction, missing value 
interpolation, elimination of outliers and temporal 
synchronization. 

Table 1. Infrastructure Monitoring Dataset Parameters 
Parameter Description Unit 

Temperature Equipment operating 
temperature 

°C 
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Voltage Grid voltage level V 

Current Electrical current 
consumption 

A 

Vibration Mechanical vibration 
intensity 

Hz 

Pressure Infrastructure pressure 
level 

kPa 

Humidity Environmental 
humidity 

% 

Frequency Grid operational 
frequency 

Hz 

Packet Loss Communication packet 
loss 

% 

Latency Communication delay ms 

CPU Load Edge controller 
utilization 

% 

Energy 
Consumption 

Infrastructure power 
utilization 

kWh 

Fault Label Normal/Failure 
condition 

Binary 

Table 1 shows the infrastructure 
monitoring parameters in the proposed Explainable 
Quantum AI framework. Some of the data elements 
in the dataset are related to electrical parameters 
like voltage, current and frequency, mechanical 
parameters like vibration and pressure, 
environmental parameters like temperature and 
humidity, and aspects of communication like 
latency and packet loss. Further, the stress of the 
system and the utilization of the resources were 
analyzed using the CPU load and energy 
consumption. All these heterogeneous parameters 
allowed for the effective monitoring of the behavior 
of the infrastructure and the increase in the 
accuracy of the failure prediction under normal and 
abnormal operating conditions. 

3.3 Proposed Architecture 

The suggested Explainable Quantum AI 
architecture combined the two deep learned 
systems, quantum learning and temporal deep 
learning, into a single predictive architecture for 
intelligent infrastructure monitoring. 

 
Figure 1. Proposed Explainable Quantum AI Architecture for Critical Infrastructure Failure Prediction 

 
Figure 1 shows the proposed Explainable 

Quantum Artificial Intelligence (XQAI) 
architecture for failure prediction in critical 
infrastructures. The framework starts with 

infrastructure sensor data acquisition from IIoT 
devices, smart grids, industrial equipment, SCADA 
systems, and environmental monitoring sensors. 
Finally, the obtained data undergo preprocessing, 
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including noise elimination, normalization, outlier 
removal, and feature engineering. Quantum 
Adaptive Feature Embedding enhances classical 
sensor features to represent quantum states for 
optimal nonlinear feature learning. Complex 
infrastructure fault patterns are extracted using 
Variational Quantum Circuit learning, and temporal 
dependencies and sequential operational behavior 
are captured using a Bidirectional LSTM layer. The 
Quantum Attention mechanism emphasizes 
important temporal states that are major 
contributors to infrastructure failures. The 
explainability module then produces an 
explainability analysis using SHAP to interpret the 
results of feature importance and contribution 
analyses, providing a meaningful explanation of the 
causes of failure. Lastly, the framework predicts the 
failure probability and risk of the infrastructure, 
which can be used for proactive maintenance and 
intelligent decision-making in safety-critical 
industrial environments. 

This proposed XQAI framework 
mathematically integrates the concepts of quantum 
feature representation, temporal sequence learning, 
and explainability analysis to enable intelligent 
infrastructure failure prediction. 

Data Normalization 

Min-Max normalization was used to 
normalize infrastructure sensor features to create a 
more stable training process and remove feature-
scale variations. 

𝑋௡௢௥௠ =
𝑋 − 𝑋௠௜௡

𝑋௠௔௫ − 𝑋௠௜௡

(1) 

 
where: 
 

 𝑋 represents the original feature value  

 𝑋௡௢௥௠ denotes the normalized value  

 𝑋௠௜௡ and 𝑋௠௔௫  represents the minimum 
and maximum feature values  

 

In the context of quantum learning, the 
normalization process was found to be helpful for 
achieving the convergence. 

 
 

Quantum Feature Encoding 

Proposed Quantum Adaptive Feature 
Embedding mechanism: Classical infrastructure 
features were converted to quantum states. 

∣ 𝜓(𝑥)⟩ = 𝑈(𝑥) ∣ 0⟩⊗௡ (2) 
 
where: 
 

 ∣ 𝜓(𝑥)⟩denotes encoded quantum state  

 𝑈(𝑥)represents quantum feature mapping 
operation  

 𝑛indicates the number of qubits  

The realization of nonlinear feature 
mapping in high-dimensional Hilbert space was 
achieved through quantum encoding. 

Variational Quantum Circuit Learning 

A parameterized variational quantum 
circuit (VQC) was applied for the quantum state 
encoding problem. 

∣ 𝜓(𝜃)⟩ = 𝑈(𝜃) ∣ 𝜓(𝑥)⟩ (3) 
 

where: 
 

 𝑈(𝜃)represents trainable quantum circuit 
operations  

 𝜃denotes trainable quantum parameters  

The expectation value generated from the quantum 
circuit was computed as: 
 

𝑓(𝑥) = ⟨𝜓(𝜃) ∣ 𝑀 ∣ 𝜓(𝜃)⟩ (4) 
 

where: 
 

 𝑀denotes observable measurement 
operator  

The VQC layer obtained nonlinear 
infrastructure relationships and optimized 
multidimensional feature learning. 

 

 



 Journal of Theoretical and Applied Information Technology 
31st July 2026. Vol.104. No.14 

©   Little Lion Scientific  
 

ISSN: 1992-8645                                                                    www.jatit.org                                                     E-ISSN: 1817-3195 

 
268 

 

Bidirectional LSTM Temporal Learning 

Bidirectional LSTM networks were used 
for temporal infrastructure behavior analysis. 

The hidden state update operation was 
defined as: 

ℎ௧ = 𝑓(𝑊௛𝑥௧ + 𝑈௛ℎ௧ିଵ + 𝑏௛) (5) 
 

where: 
 

 ℎ௧denotes hidden state  

 𝑊௛and 𝑈௛ represents the trainable weight 
matrices  

 𝑏௛denotes bias vector  

The memory cell update process was expressed as: 
 

𝑐௧ = 𝑓௧ ⊙ 𝑐௧ିଵ + 𝑖௧ ⊙ 𝑐௧෥ (6) 
 

where: 
 

 𝑓௧  denotes forget gate  

 𝑖௧ represents input gate  

 𝑐௧ indicates memory cell state  

The Bidirectional LSTM enhanced the 
possibility of sequential infrastructure anomaly 
learning through the consideration of the backward 
and forward temporal dependencies. 

Quantum Attention Mechanism 

The mechanism proposed for Quantum 
Attention Weight (QAW) focused on the critical 

states of operations which were linked to 
infrastructure failures. 

𝛼௧ =
exp (𝑒௧)

෌ exp (
்

௞ୀଵ
𝑒௞)

(7) 

 
where: 
 

 𝛼௧represents temporal attention weight  

 𝑒௧denotes attention energy score  

 𝑇indicates sequence length  

The attention mechanism improved the 
prediction results by concentrating on the most 
influential temporal infrastructure states. 

Explainability Model 

An explainability analysis is incorporated 
in the framework by using SHAP to enhance the 
interpretability of the results. 

𝜙௜ = ෎
∣ 𝑆 ∣ ! (∣ 𝐹 ∣ −∣ 𝑆 ∣ −1)!

∣ 𝐹 ∣ !
ௌ⊆ி∖{௜}

[𝑓(𝑆 ∪ {𝑖}) − 𝑓(𝑆)] (8) 

 
where: 
 

 𝜙௜denotes SHAP contribution score  

 𝐹represents feature set  

 𝑓(𝑆)indicates prediction function  

The explainability module was able to 
identify key infrastructure parameters that influence 
the failure prediction and produced explainable 
insights about the operation. 

 
3.4 Proposed Algorithm 
Explainable Quantum Infrastructure Failure Prediction 
Input: 
Infrastructure monitoring dataset 𝐷 
Output: 
Failure prediction label 𝑌 
 
Steps: 

1. Collect infrastructure sensor streams from IIoT and SCADA systems  
2. Perform preprocessing, normalization, and synchronization  
3. Apply dimensionality reduction and feature engineering  
4. Encode infrastructure features into quantum states  
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5. Initialize Variational Quantum Circuit parameters  
6. Execute quantum feature extraction and optimization  
7. Feed quantum representations into Bidirectional LSTM network  
8. Compute Quantum Attention Weights for temporal prioritization  
9. Generate predictive failure probabilities  
10. Apply SHAP explainability analysis  
11. Produce final infrastructure failure prediction and risk assessment  
12. Generate interpretable decision support outputs for infrastructure operators 
13. Collect infrastructure sensor streams from IIoT and SCADA systems  
14. Perform preprocessing, normalization, and synchronization  
15. Apply dimensionality reduction and feature engineering  
16. Encode infrastructure features into quantum states  
17. Initialize Variational Quantum Circuit parameters  
18. Execute quantum feature extraction and optimization  
19. Feed quantum representations into Bidirectional LSTM network  
20. Compute Quantum Attention Weights for temporal prioritization  
21. Generate predictive failure probabilities  
22. Apply SHAP explainability analysis  
23. Produce final infrastructure failure prediction and risk assessment  
24. Generate interpretable decision support outputs for infrastructure operators 

 
4. RESULTS AND DISCUSSION 
 
4.1 Experimental Setup 

The proposed Explainable Quantum 
Artificial Intelligence (XQAI) framework has been 
implemented using Python, TensorFlow Quantum, 
Qiskit, TensorFlow and Scikit-learn libraries. These 
experiments have been carried out on the high 
performance computing environment, powered by 
Intel Xeon processors with NVIDIA RTX GPU 
acceleration and quantum simulation backends. The 
dataset comprised nearly 120,000 infrastructure 
monitoring data from smart grid systems, industrial 
IoT devices, and cyber-physical monitoring 
environments. 

The effectiveness of our proposed model 
was benchmarked by comparing it with other 
models like: 

 Support Vector Machine (SVM)  

 Random Forest (RF)  

 CNN  

 CNN-LSTM  

 Transformer Network  

 Quantum Neural Network (QNN)  

The proposed XQAI model consists of 
Quantum Adaptive Feature Embedding, Variational 
Quantum Circuits, Bidirectional LSTM learning, 
Quantum Attention Mechanism, and SHAP-based 
explainability for intelligent failure prediction of 
infrastructure. 

4.2 Assessment Criteria 

The accuracy, precision, recall, f-measure, 
specificity, area under curve (AUC), and 
computational latency were used as assessment 
criteria for the performance of the proposed 
algorithm. 

The accuracy metric was calculated as: 
 

𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =
𝑇𝑃 + 𝑇𝑁

𝑇𝑃 + 𝑇𝑁 + 𝐹𝑃 + 𝐹𝑁
(9) 

 
The formula for precision was as follows: 

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 =
𝑇𝑃

𝑇𝑃 + 𝐹𝑃
(10) 

 
The formula for recall was as follows: 
 

𝑅𝑒𝑐𝑎𝑙𝑙 =
𝑇𝑃

𝑇𝑃 + 𝐹𝑁
(11) 

 
The F1-score was given by: 
 

𝐹1-𝑆𝑐𝑜𝑟𝑒 =
2 × 𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 × 𝑅𝑒𝑐𝑎𝑙𝑙

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 + 𝑅𝑒𝑐𝑎𝑙𝑙
(12) 
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where: 
 𝑇𝑃 = True Positives  

 𝑇𝑁 = True Negatives  

 𝐹𝑃 = False Positives  

 𝐹𝑁 = False Negatives  

These assessment criteria allowed for a 
complete evaluation of the predictiveness and 

reliability of the predictions and their robustness in 
the event of failure of the infrastructure. 

4.3 Quantitative Performance Analysis 

The comparison of predictive efficiency of 
the proposed XQAI model against the predictive 
performance of other models can be seen in Table 
2. 

Table 2. Performance Comparison with Existing Models 
Model Accuracy (%) Precision (%) Recall (%) F1-Score (%) AUC (%) 

SVM 90.8 90.1 89.5 89.8 91.2 

Random Forest 92.4 91.7 91.2 91.4 92.1 

CNN 94.3 93.8 93.2 93.5 94.0 

CNN-LSTM 96.2 95.8 95.1 95.4 96.0 

Transformer 97.1 96.7 96.3 96.5 97.0 

QNN 97.8 97.2 96.9 97.0 97.5 

Proposed XQAI 98.9 98.5 98.1 98.3 99.1 

As seen from Table 2, the performance of 
the proposed XQAI framework is higher compared 
to the existing frameworks for machine learning, 
deep learning, and quantum learning. The baseline 
frameworks have failed to achieve the accuracy of 
98.9%, precision of 98.5%, recall of 98.1% and F1 
score of 98.3%. Nonlinear infrastructure fault 
representation was enhanced by the embedding of 
features using quantum methods and Bidirectional 
LSTM temporal learning, leading to a significant 
improvement. Furthermore, the Quantum Attention 
mechanism improved the prediction robustness by 
focusing on the most important operational states 
that resulted in failures of infrastructures. 

4.4 Confusion Matrix Analysis 

The proposed XQAI framework is 
evaluated and presented in Table 3 with the 
confusion matrix results. 

 

 

 

Table 3. Confusion Matrix of Proposed XQAI Model 
Actual / Predicted Normal Failure 

Normal 8450 102 

Failure 87 8361 

According to the results of the confusion 
matrix analysis, the proposed methodology has 
achieved a high level of accuracy in terms of 
classifying most of the infrastructure operational 
conditions, but in the case of few and uncontrolled 
operational conditions, the classification has been 
carried out at a very low level of false predictions. 
Under complex industrial monitoring conditions, 
the proposed explainable quantum AI architecture 
showed its robustness and reliability through the 
reduced misclassification rate. 

4.5 Computational Performance Analysis 

The computational efficiency comparison of 
different predictive models is shown in Table 4. 
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Table 4. Computational Performance Comparison 
Model Training 

Time (s) 
Prediction Time 

(ms) 

SVM 415 28 

Random 
Forest 

382 24 

CNN 690 18 

CNN-LSTM 920 20 

Transformer 1245 25 

QNN 810 17 

Proposed 
XQAI 

845 16 

The proposed XQAI framework, though 
incorporating quantum learning mechanisms, was 
able to show competitive computational 
performance. While the training time was 
marginally greater than that of conventional 
machine learning models, the prediction latency 
was lower than a number of deep learning 
architectures. The hybrid quantum-classical 
architecture increased the efficiency of computation 
by simplifying the features during infrastructure 
analytics. 

 

4.6 Graphical Performance Analysis 

Regarding this, the performance of 
traditional machine learning, deep learning, 
quantum learning, and the suggested XQAI system 
is evaluated on the basis of visualization, as 
illustrated in figure 2. The suggested architecture 
demonstrated superior performance in predicting 
the results owing to its unique combination of 
quantum-enabled feature learning and temporal 
sequence analysis. 

 
Figure 2. Accuracy Comparison of Existing Models 

 

 
Figure 3. Precision, Recall, and F1-Score Comparison 

The precision, recall, and F1-score for 
each predictive model are plotted in Figure 3. In 
terms of evaluation metrics, the XQAI framework 
proposed achieved higher scores, indicating that the 
XQAI approach has a good balance between 
prediction accuracy and low false alarm generation. 

 
Figure 4. ROC Curve Analysis 

Figure 4 illustrates the ROC curve analysis 
of the suggested model. The proposed XQAI model 
provides the optimal Area Under Curve (AUC) 
value of 99.1%. This shows the effectiveness of the 
model for differentiating between normal and 
failure cases. 
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Figure 5. Computational Latency Comparison 

Figure 5 shows the latency differences of 
the computational models. The proposed XQAI 
framework had an improved prediction latency due 
to the efficient quantum feature representation and 
optimized time learning. 

4.7 Discussion of Results 

The experimental results showed that the 
Explainable Quantum Artificial Intelligence 
technique yielded significant improvements in 
interpretability, computational efficiency, and 
predictive accuracy compared to traditional 
predictive models. Quantum Adaptive Feature 
Embedding enhanced the nonlinear infrastructure 
feature representation, and Variational Quantum 
Circuit learning improved the multidimensional 
fault-extraction capability. The Quantum Attention 
mechanism identified and weighted the crucial 
operational states that lead to failures, while 
Bidirectional LSTM networks captured temporal 
dependencies within the infrastructure. 

Compared to traditional machine learning 
and deep learning algorithms, the proposed 
framework of XQAI showed superior performance 
concerning false-positive predictions and higher 
capability for assessing infrastructure risks. 
Moreover, the use of SHAP explainability provided 
industrial operators transparency regarding how the 
infrastructure operates because of its faults, thereby 
improving its reliability and decision support 
capabilities for infrastructure operators. 

The results obtained were in line with the 
demonstration that explainable quantum AI is 
capable of scalable, reliable and interpretable 
predictive analytics for next-generation intelligent 
infrastructure management systems. 

Although the proposed XQAI framework 
is promising, it has some shortcomings. The 
framework was evaluated in simulated quantum 
environments rather than on actual quantum 

hardware, which may affect its real-world 
deployment performance. Furthermore, with hybrid 
quantum-classical learning, there could be 
implementation issues in a large-scale 
infrastructure. Real-world infrastructure datasets 
and quantum computing platforms should be used 
for further validation to assess scalability and 
operational feasibility. 

5. CONCLUSION 

This study developed an Explainable 
Quantum Artificial Intelligence (XQAI) system to 
predict critical infrastructure failures, which 
combines Quantum Adaptive Feature Embedding, 
Variational Quantum Circuits, Bidirectional LSTM 
learning, Quantum Attention mechanisms, and 
explainability analysis using SHAP (SHapley 
Additive Explanations). The suggested framework 
was effective in increasing the accuracy of 
predictive, explainability, and computational 
efficiency in safety-critical infrastructure 
monitoring systems. 

The experimental results have shown that 
the suggested model of XQAI has an accuracy of 
98.9%, precision of 98.5%, recall of 98.1%, F1 
score of 98.3%, and AUC of 99.1%. These 
performance values were higher than those of 
traditional machine learning, deep learning, and 
other quantum learning methods. The explainability 
module was able to effectively capture key 
infrastructure metrics impacting failure prediction, 
including temperature, vibration, voltage instability 
and communication latency. 

The findings showed that combining EAI 
and quantum-enhanced temporal learning led to a 
substantial boost in the predictive accuracy and 
clarity of intelligent infrastructure analytics. The 
framework was tested in simulated quantum 
environments, though, and scaling to real-time 
deployments is difficult. 

The novelty of this work lies in the 
integration of Quantum Adaptive Feature 
Embedding, Variational Quantum Circuits, 
Bidirectional LSTM learning, Quantum Attention 
mechanisms, and SHAP-based explainability within 
a unified framework for critical infrastructure 
failure prediction. The proposed XQAI framework 
is particularly significant for its ability to deliver 
reliable infrastructure monitoring and proactive 
maintenance, especially in safety-critical 
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applications, as it produces high predictive 
accuracy while remaining transparent and 
interpretable in decision-making. 

This study contributes to the existing body 
of knowledge by integrating explainable AI, 
quantum learning, and temporal deep learning into 
a comprehensive framework for predicting critical 
infrastructure failure. In contrast to previous 
studies, which either emphasised prediction 
accuracy or interpretability, the proposed XQAI 
framework maintains high predictive accuracy, 
computational efficiency, and interpretability 
within a single framework. The results offer fresh 
insights into the use of explainable quantum AI in 
monitoring critical infrastructure for safety and 
pave the way for creating more transparent and 
trustworthy intelligent infrastructure management 
systems. 

Future research will highlight real-time 
implementation with quantum processors, federated 
quantum learning, light-weight edge-based 
architectures and cyber security intelligent 
infrastructure monitoring systems. 
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