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Abstract 

The rapid advancement of humanoid intelligence systems has created an increasing demand for intelligent, transparent, 

and computationally efficient decision-making frameworks capable of operating in complex real-world environments. 

Conventional deep learning-based humanoid architectures often suffer from high computational complexity, limited 

interpretability, scalability constraints, and the black-box nature of autonomous decisions. Simultaneously, Quantum 

Machine Learning (QML) has emerged as a transformative paradigm that exploits quantum superposition, 

entanglement, and parallel computation to enhance learning efficiency and optimization capabilities. This paper 

proposes an Explainable Hybrid Quantum–Classical Deep Learning Framework for Intelligent Humanoid 

Systems (EHQCDL-IHS) that integrates Quantum Neural Networks (QNNs), Variational Quantum Circuits (VQCs), 

classical deep learning models, and Explainable Artificial Intelligence (XAI) mechanisms into a unified decision-

making architecture. The proposed framework employs quantum-enhanced feature representation, hybrid optimization 

strategies, and explainability modules to improve prediction accuracy, transparency, adaptability, and robustness in 

Noisy Intermediate-Scale Quantum (NISQ) environments. Furthermore, SHAP- and LIME-based explanation modules 

provide interpretable insights into humanoid perception, reasoning, and action-selection processes. Experimental 

evaluation demonstrates superior performance compared with conventional Artificial Neural Networks (ANNs), 

Convolutional Neural Networks (CNNs), and standalone Quantum Neural Networks (QNNs), achieving an accuracy 

of 98.8%, precision of 98.6%, recall of 98.7%, and F1-score of 98.65%. The proposed framework provides a scalable 

and trustworthy foundation for next-generation humanoid intelligence systems in healthcare, autonomous robotics, 

smart manufacturing, defense, and smart city applications. 
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1. Introduction 

 

The rapid evolution of Artificial Intelligence (AI), robotics, and intelligent automation has significantly transformed 

the development of next-generation humanoid systems capable of performing complex cognitive and physical tasks in 

dynamic environments. Humanoid robots are increasingly being deployed in healthcare assistance, industrial 

automation, smart manufacturing, autonomous transportation, defense operations, education, customer service, and 

smart city infrastructures. These systems are designed to mimic human behavior, perception, reasoning, learning, and 

decision-making capabilities while interacting naturally with humans and their surroundings. As humanoid 

intelligence becomes more sophisticated, there is a growing demand for computational frameworks that can provide 

accurate, adaptive, transparent, and real-time decision-making while maintaining operational reliability and 

safety.Recent advances in Deep Learning (DL) have significantly enhanced the capabilities of intelligent systems in 

areas such as computer vision, speech recognition, natural language processing, autonomous navigation, and robotic 
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control. Architectures including Convolutional Neural Networks (CNNs), Recurrent Neural Networks (RNNs), Long 

Short-Term Memory Networks (LSTMs), and Transformer-based models have achieved remarkable success in 

extracting meaningful patterns from large-scale datasets. These techniques have enabled humanoid systems to 

recognize objects, understand speech, interpret human emotions, and perform autonomous actions with increasing 

accuracy. Despite these achievements, conventional deep learning approaches continue to face several critical 

challenges. The training of large neural networks often requires substantial computational resources, extensive 

memory, and high energy consumption. Furthermore, many deep learning models operate as black-box systems, 

making it difficult to understand the rationale behind their decisions. This lack of transparency creates concerns 

regarding trustworthiness, accountability, and safety, particularly in applications involving human interaction and 

critical decision-making.The emergence of Quantum Computing (QC) has introduced a revolutionary computational 

paradigm capable of addressing several limitations of classical computing systems. Unlike traditional computers that 

process information using binary bits, quantum computers utilize quantum bits (qubits), which exploit the principles of 

superposition, entanglement, and quantum interference. These properties enable quantum systems to process multiple 

states simultaneously and solve complex optimization problems more efficiently than classical approaches. Quantum 

computing has demonstrated significant potential in cryptography, optimization, material science, drug discovery, and 

machine learning. As quantum hardware continues to mature, researchers have increasingly explored the integration of 

quantum computing techniques with artificial intelligence to develop more powerful and efficient intelligent 

systems.The convergence of quantum computing and machine learning has led to the emergence of Quantum Machine 

Learning (QML), a rapidly growing interdisciplinary field that combines quantum computational advantages with 

advanced learning algorithms. QML techniques such as Quantum Neural Networks (QNNs), Variational Quantum 

Circuits (VQCs), Quantum Support Vector Machines (QSVMs), Quantum Kernel Methods, and Quantum 

Reinforcement Learning have shown promising capabilities in feature representation, optimization, classification, and 

predictive analytics. By leveraging quantum-enhanced feature spaces and parallel computation, QML has the potential 

to significantly improve learning performance and computational efficiency in complex intelligent systems. However, 

the practical deployment of fully quantum machine learning systems remains challenging due to the limitations of 

current Noisy Intermediate-Scale Quantum (NISQ) devices, which are affected by decoherence, gate errors, limited 

qubit availability, and hardware instability.To address these challenges, researchers have proposed Hybrid Quantum–

Classical Learning Architectures, which combine the strengths of classical deep learning models and quantum 

computational modules. In these architectures, classical computing is typically used for data preprocessing, feature 

extraction, and optimization, while quantum circuits are employed for advanced representation learning and decision-

making tasks. Such hybrid approaches provide a practical pathway for exploiting quantum advantages without 

requiring fully fault-tolerant quantum computers. Recent studies have demonstrated the effectiveness of hybrid 

quantum-classical frameworks in healthcare diagnostics, image analysis, financial forecasting, cybersecurity, and 

autonomous systems. Nevertheless, most existing hybrid models focus primarily on improving predictive performance 

and computational efficiency while paying limited attention to interpretability and transparency.One of the most 

significant challenges in modern intelligent systems is the lack of Explainable Artificial Intelligence (XAI).  

Explainability refers to the ability of a model to provide understandable and transparent explanations for its predictions 

and decisions. In humanoid intelligence systems, explainability is particularly important because autonomous 

decisions directly affect human safety, trust, and ethical considerations. Black-box decision-making models can hinder 

user acceptance and make it difficult to diagnose system failures or biases. Consequently, there is a growing need for 

intelligent frameworks that not only achieve high performance but also provide interpretable and trustworthy 

explanations of their behavior. Techniques such as SHAP (Shapley Additive Explanations), LIME (Local Interpretable 

Model-Agnostic Explanations), attention visualization, and feature attribution have been successfully applied in 

classical machine learning; however, their integration with quantum-enhanced learning systems remains largely 

unexplored. 

Furthermore, intelligent humanoid systems must process and integrate information from multiple modalities, including 

visual perception, speech recognition, motion sensing, environmental monitoring, and contextual reasoning. Managing 

such high-dimensional and heterogeneous data requires scalable learning architectures capable of efficient information 

fusion and real-time decision-making. Existing approaches often struggle to simultaneously achieve scalability, 

explainability, robustness, and computational efficiency. Additionally, current quantum learning models are 

susceptible to quantum noise and optimization difficulties, limiting their effectiveness in real-world 

environments.Motivated by these challenges, this paper proposes an Explainable Hybrid Quantum–Classical Deep 
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Learning Framework for Intelligent Humanoid Systems (EHQCDL-IHS). The proposed framework integrates 

Quantum Neural Networks, Variational Quantum Circuits, classical deep learning architectures, and Explainable 

Artificial Intelligence techniques into a unified intelligent decision-making model. The framework is designed to 

leverage quantum-enhanced feature learning while maintaining the interpretability and reliability required for 

humanoid applications. A hybrid optimization strategy is incorporated to mitigate the effects of quantum noise and 

improve model robustness in NISQ environments. Additionally, explainability mechanisms provide transparent 

insights into humanoid perception, reasoning, and action-selection processes, enabling trustworthy autonomous 

decision-making. 

 

The primary contributions of this research are summarized as follows: 

1. Development of a novel Explainable Hybrid Quantum–Classical Deep Learning Framework for intelligent 

humanoid systems. 

2. Integration of Quantum Neural Networks and Variational Quantum Circuits for enhanced cognitive learning and 

decision-making. 

3. Incorporation of Explainable AI techniques to improve transparency, accountability, and user trust. 

4. Implementation of noise-aware hybrid optimization mechanisms for robust quantum learning. 

5. Support for multimodal sensory data processing and real-time autonomous decision-making. 

6. Comprehensive evaluation of the proposed framework using accuracy, precision, recall, F1-score, explainability, 

and computational efficiency metrics. 

 

The proposed EHQCDL-IHS framework provides a promising foundation for the development of trustworthy, 

adaptive, scalable, and quantum-enhanced humanoid intelligence systems capable of addressing the complex 

requirements of future autonomous environments. By combining the strengths of deep learning, quantum computing, 

and explainable AI, the framework aims to advance the state of the art in intelligent humanoid decision-making and 

contribute to the realization of next-generation human-centered artificial intelligence. 

 

Figure 1. Proposed EHQCDL-IHS Framework Architecture 
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Decision Engine 
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Humanoid Action Generation 

 Figure 1. Architecture of the proposed Explainable Hybrid Quantum–Classical Deep Learning Framework for 

Intelligent Humanoid Systems (EHQCDL-IHS). 

 

Figure 2. Detailed System Flowchart 
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2. Literature Review 

 

The development of intelligent humanoid systems has been significantly influenced by advancements in Artificial 

Intelligence (AI), Deep Learning (DL), Quantum Computing (QC), Quantum Machine Learning (QML), and 

Explainable Artificial Intelligence (XAI). Recent research has focused on enhancing the cognitive capabilities of 
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humanoid robots through improved perception, reasoning, learning, and decision-making mechanisms. While 

conventional AI approaches have achieved remarkable success in numerous applications, emerging challenges related 

to computational complexity, interpretability, scalability, and real-time adaptability have motivated the exploration of 

hybrid quantum-classical learning frameworks. This section reviews the major contributions in Quantum Machine 

Learning, Hybrid Quantum–Classical Architectures, Explainable AI, and Intelligent Humanoid Systems while 

identifying the limitations that motivate the proposed research. 

 

 A. Evolution of Quantum Machine Learning 

 

Quantum Machine Learning has emerged as one of the most promising research areas at the intersection of quantum 

computing and artificial intelligence. Schuld et al. introduced the fundamental concepts of quantum machine learning 

and demonstrated how quantum systems can improve computational efficiency through quantum superposition and 

entanglement. Their work established the theoretical foundation for applying quantum computing principles to 

classification, regression, and optimization problems.Biamonte et al. provided one of the earliest comprehensive 

reviews of Quantum Machine Learning and highlighted the potential advantages of quantum algorithms in solving 

large-scale learning problems. Their study demonstrated that quantum systems could process complex data structures 

more efficiently than conventional machine learning approaches. Similarly, Dunjko and Briegel discussed the 

integration of artificial intelligence with quantum computation and proposed future directions for developing 

intelligent quantum systems capable of autonomous learning and decision-making.Further advancements were 

presented by Schuld and Petruccione, who developed supervised learning methodologies using quantum computers 

and established mathematical frameworks for quantum-enhanced classification and regression. These studies 

collectively demonstrated the potential of quantum computing to revolutionize machine learning by improving 

computational speed, optimization efficiency, and feature representation capabilities.Despite these advantages, most 

early Quantum Machine Learning approaches were largely theoretical and faced practical implementation challenges 

due to limitations in available quantum hardware. The emergence of Noisy Intermediate-Scale Quantum (NISQ) 

devices subsequently motivated researchers to develop hybrid quantum-classical architectures that could exploit 

quantum advantages while remaining compatible with current hardware constraints. 

 

 

B. Quantum Neural Networks and Variational Quantum Circuits 

 

Quantum Neural Networks (QNNs) represent one of the most widely investigated approaches in Quantum Machine 

Learning. Inspired by classical neural networks, QNNs employ parameterized quantum circuits to learn patterns from 

data while leveraging quantum computational properties.Farhi and Neven proposed one of the earliest Quantum 

Neural Network architectures for classification tasks using near-term quantum processors. Their work demonstrated 

the feasibility of implementing learning algorithms on NISQ devices and inspired extensive research into quantum-

enhanced neural architectures.Abbas et al. investigated the expressive power of Quantum Neural Networks and 

demonstrated that QNNs can represent highly complex decision boundaries that are difficult for conventional neural 

networks to learn efficiently. Their findings suggested that quantum-enhanced learning may provide superior 

performance for high-dimensional data analysis and intelligent decision-making tasks.Beer et al. extended this concept 

by developing deep Quantum Neural Networks capable of hierarchical feature learning. Their work demonstrated that 

multiple quantum layers could improve representation learning and classification accuracy while maintaining 

computational efficiency. Similarly, Benedetti et al. proposed parameterized quantum circuits as machine learning 

models and established a flexible framework for implementing trainable quantum learning systems.Variational 

Quantum Circuits (VQCs) have become particularly important because they are compatible with current NISQ 

hardware. Peruzzo et al. introduced the Variational Quantum Eigensolver (VQE), which laid the foundation for 

variational quantum learning. McClean et al. later developed the theoretical framework for variational hybrid 

quantum-classical algorithms and demonstrated their applicability to optimization and machine learning problems. 

More recently, Cerezo et al. provided a comprehensive review of Variational Quantum Algorithms and highlighted 

their importance in near-term quantum computing environments.Although QNNs and VQCs have demonstrated 

promising performance improvements, their practical deployment remains challenging due to quantum noise, 
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decoherence, and optimization difficulties such as barren plateaus. These limitations continue to motivate the 

development of more robust hybrid learning frameworks. 

 

 C. Hybrid Quantum–Classical Learning Frameworks 

 

Hybrid Quantum–Classical Learning Frameworks have emerged as a practical solution for overcoming the limitations 

of current quantum hardware. These architectures combine the strengths of classical machine learning and quantum 

computing to improve learning performance while maintaining feasibility in NISQ environments.Moll et al. 

demonstrated the effectiveness of hybrid optimization techniques for quantum learning and showed that classical 

optimization algorithms can be integrated with quantum circuits to improve convergence performance. Their work 

highlighted the practical importance of hybrid architectures for real-world machine learning applications.Mari et al. 

proposed transfer learning strategies for hybrid quantum-classical neural networks and demonstrated that quantum 

circuits can complement classical deep learning models by providing enhanced feature representations. Henderson et 

al. introduced Quanvolutional Neural Networks, which integrate quantum circuits into convolutional neural network 

architectures for image recognition. Their results showed improved feature extraction capabilities and enhanced 

classification performance.Recent studies have extended hybrid quantum-classical learning to various application 

domains. Khan et al. applied hybrid deep learning models to intelligent healthcare systems and demonstrated 

improvements in diagnostic accuracy. Kumar and Sharma proposed quantum-enhanced neural architectures for smart 

city analytics, while Zhang et al. developed hybrid quantum-classical reinforcement learning frameworks for 

intelligent decision-making systems.Although these studies demonstrate the effectiveness of hybrid learning, most 

existing frameworks focus primarily on prediction accuracy and computational performance. Limited attention has 

been given to explainability, transparency, and trustworthy decision-making, particularly in humanoid intelligence 

systems. 

 

D. Explainable Artificial Intelligence and Intelligent Decision-Making 

Explainable Artificial Intelligence (XAI) has emerged as a critical research area due to the increasing adoption of AI 

systems in safety-critical applications. Traditional deep learning models often operate as black boxes, making it 

difficult to understand the reasoning behind their decisions. This limitation reduces user trust and complicates model 

validation and regulatory compliance.Several explainability techniques have been developed to address this challenge. 

SHAP (Shapley Additive Explanations) provides feature importance analysis based on cooperative game theory, while 

LIME (Local Interpretable Model-Agnostic Explanations) generates local explanations for individual predictions. 

Attention-based visualization techniques have also been widely used to improve transparency in deep learning 

systems.Ahmed et al. introduced Explainable Quantum Machine Learning approaches for autonomous systems and 

demonstrated the importance of interpretability in quantum-enhanced decision-making. Their work highlighted the 

need for integrating explainability mechanisms into quantum machine learning frameworks to improve trustworthiness 

and accountability.Recent contributions by Rao et al. have further advanced explainable AI through interpretable 

healthcare diagnostics, multimodal learning frameworks, and physics-guided intelligent systems. These studies 

emphasize the importance of transparency and human-understandable reasoning in next-generation AI 

applications.Despite these advances, research on Explainable Quantum Artificial Intelligence remains limited. Existing 

studies often treat quantum learning and explainability as separate research areas, creating a significant gap in the 

development of unified explainable quantum-classical learning systems. 

 

 E. Intelligent Humanoid Systems and Autonomous Learning 

Humanoid robots require advanced cognitive capabilities including perception, contextual reasoning, adaptive learning, 

decision-making, and human–robot interaction. Deep learning techniques have significantly improved humanoid 

perception and control systems; however, challenges related to scalability, adaptability, and interpretability 

persist.Recent research has explored reinforcement learning, multimodal learning, and autonomous decision-making 

for humanoid robots. However, most existing approaches rely entirely on classical computing architectures and 

struggle to process large-scale multimodal data efficiently. Furthermore, autonomous humanoid systems require 

transparent decision-making processes to ensure safety, trust, and ethical compliance.Hybrid quantum-classical 

learning provides a promising solution by enabling efficient feature learning and optimization while supporting 

advanced cognitive capabilities. Nevertheless, few studies have investigated the integration of Quantum Neural 
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Networks, Variational Quantum Circuits, Explainable AI, and Deep Learning within a unified humanoid intelligence 

framework. 

 

 F. Summary of Literature Findings 

The literature demonstrates significant progress in Quantum Machine Learning, Quantum Neural Networks, 

Variational Quantum Algorithms, Hybrid Quantum–Classical Learning, Explainable AI, and Intelligent Humanoid 

Systems. However, several critical limitations remain unresolved: Limited integration of explainability mechanisms 

into quantum learning models. Lack of unified frameworks combining QNNs, VQCs, Deep Learning, and XAI. 

Insufficient research on quantum-enhanced humanoid intelligence systems. Scalability challenges associated with 

multimodal sensory data processing. Quantum noise sensitivity and optimization difficulties. Limited support for 

trustworthy and transparent autonomous decision-making.These limitations highlight the need for a comprehensive 

framework capable of integrating quantum-enhanced learning, deep neural architectures, explainability mechanisms, 

and robust optimization strategies. Therefore, this research proposes an Explainable Hybrid Quantum–Classical Deep 

Learning Framework for Intelligent Humanoid Systems (EHQCDL-IHS) to address these challenges and advance the 

state of the art in trustworthy humanoid intelligence. 

 

3. Research Gap and Motivation 

 

The rapid advancement of Artificial Intelligence (AI), Deep Learning (DL), Quantum Computing (QC), and 

Explainable Artificial Intelligence (XAI) has significantly enhanced intelligent decision-making capabilities across 

diverse application domains. Recent studies have demonstrated the effectiveness of Quantum Machine Learning 

(QML), Quantum Neural Networks (QNNs), Variational Quantum Circuits (VQCs), and Hybrid Quantum–Classical 

Learning frameworks in improving computational efficiency, feature representation, and predictive performance. 

Similarly, Explainable Artificial Intelligence techniques have emerged as powerful tools for improving transparency, 

trustworthiness, and accountability in AI-driven systems. Despite these advancements, several critical challenges 

remain unresolved, limiting the deployment of intelligent humanoid systems in complex real-world environments.One 

of the most significant limitations of existing research is the lack of explainability in quantum-enhanced learning 

systems. Most hybrid quantum-classical models primarily focus on maximizing prediction accuracy and computational 

efficiency while providing limited insights into how decisions are generated. As a result, these models often function 

as black-box systems, making it difficult for users to understand, validate, and trust autonomous decisions. In 

humanoid environments, where robots interact directly with humans and perform safety-critical tasks, explainability 

becomes an essential requirement. Although Explainable AI methods such as SHAP and LIME have been extensively 

applied in classical machine learning, their integration with quantum learning architectures remains largely 

unexplored.Another important research gap is the limited application of quantum machine learning techniques in 

humanoid intelligence systems. Existing studies predominantly focus on healthcare diagnostics, financial forecasting, 

image classification, and optimization problems. Very few investigations have examined how quantum-enhanced 

learning can support perception, contextual reasoning, adaptive learning, and autonomous decision-making in 

humanoid robots. Consequently, the potential benefits of quantum intelligence for next-generation humanoid systems 

have not yet been fully realized.Current hybrid quantum-classical frameworks also suffer from scalability challenges. 

Most experiments are conducted using relatively small benchmark datasets and limited quantum circuits due to the 

hardware constraints of Noisy Intermediate-Scale Quantum (NISQ) devices. However, intelligent humanoid systems 

continuously generate large volumes of multimodal data from cameras, microphones, motion sensors, environmental 

sensors, and human interaction modules. Existing architectures lack efficient mechanisms for processing and 

integrating such high-dimensional heterogeneous data while maintaining computational efficiency and real-time 

responsiveness.Quantum hardware limitations introduce additional challenges. Quantum Neural Networks and 

Variational Quantum Circuits are highly sensitive to quantum noise, decoherence, gate errors, and measurement 

uncertainties. Although several optimization methods have been proposed, most studies do not provide comprehensive 

noise-aware learning strategies capable of maintaining robustness and reliability in practical deployment scenarios. 

This limitation significantly affects the applicability of quantum learning systems in autonomous humanoid 

environments where stable decision-making is crucial.Furthermore, there is a noticeable absence of unified 

frameworks that simultaneously integrate Deep Learning, Quantum Neural Networks, Variational Quantum Circuits, 

Explainable Artificial Intelligence, and Noise-Aware Optimization mechanisms. Existing approaches often address 
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these technologies independently, resulting in fragmented solutions that fail to fully exploit their combined potential. 

A comprehensive framework capable of integrating these components into a single intelligent architecture has not 

been adequately investigated. 

 

 Motivation 

The motivation behind this research arises from the growing demand for intelligent humanoid systems that are not 

only accurate and adaptive but also transparent, trustworthy, and computationally efficient. Future humanoid robots 

must operate autonomously in dynamic environments, interact safely with humans, process multimodal information, 

and provide interpretable explanations for their actions. Traditional deep learning systems alone are insufficient to 

meet these requirements due to computational limitations and lack of explainability, while existing quantum learning 

approaches face challenges related to noise, scalability, and practical deployment.Therefore, this research proposes an 

Explainable Hybrid Quantum–Classical Deep Learning Framework for Intelligent Humanoid Systems (EHQCDL-IHS) 

that integrates quantum-enhanced learning, deep neural architectures, explainability mechanisms, and noise-aware 

optimization strategies within a unified decision-making framework. The proposed approach aims to bridge the 

identified research gaps by providing improved accuracy, enhanced interpretability, better scalability, robust learning 

performance, and trustworthy autonomous decision-making. Ultimately, the framework seeks to advance the 

development of next-generation humanoid intelligence systems capable of supporting healthcare assistance, 

autonomous robotics, smart manufacturing, defense operations, and smart city applications. 

 

 4. Proposed Framework Architecture 

 

 4.1 Overview of the Proposed EHQCDL-IHS Framework 

The proposed Explainable Hybrid Quantum–Classical Deep Learning Framework for Intelligent Humanoid Systems 

(EHQCDL-IHS) is designed to address the limitations of existing humanoid intelligence architectures by integrating 

the computational advantages of Quantum Machine Learning (QML), the representation learning capabilities of Deep 

Learning (DL), and the transparency offered by Explainable Artificial Intelligence (XAI). The framework enables 

intelligent humanoid systems to perform perception, reasoning, learning, and autonomous decision-making in complex 

and dynamic environments while maintaining high levels of accuracy, interpretability, scalability, and robustness.The 

architecture combines classical and quantum computational components in a unified learning environment. Classical 

deep learning models perform data preprocessing, feature extraction, and optimization tasks, whereas quantum 

modules exploit superposition, entanglement, and quantum parallelism to enhance feature representation and decision-

making performance. Additionally, explainability mechanisms provide transparent interpretations of humanoid 

decisions, thereby improving trustworthiness and human acceptance.The proposed framework consists of eight 

interconnected layers: 

 

1. Data Acquisition Layer 

2. Data Preprocessing Layer 

3. Deep Feature Extraction Layer 

4. Quantum Feature Encoding Layer 

5. Variational Quantum Neural Network Layer 

6. Hybrid Quantum–Classical Learning Layer 

7. Explainable AI Layer 

8. Intelligent Decision-Making Layer 
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 4.2 Architecture of EHQCDL-IHS 

 

 System Flow 

 

Multimodal Sensor Inputs 

(Vision, Audio, Motion, Environment) 

│ 

▼ 

Data Acquisition Layer 

│ 

▼ 

Data Preprocessing Layer 

(Cleaning, Normalization, 

Noise Filtering, Scaling) 

│ 

▼ 

Deep Feature Extraction Layer 

(CNN, LSTM, Transformer) 

│ 

▼ 

Quantum Feature Encoding 

(Quantum Embedding) 

│ 

▼ 

Variational Quantum Neural Network 

(QNN + VQC Processing) 

│ 

▼ 

Hybrid Quantum–Classical Learning 

│ 

▼ 

Explainable AI Module 

(SHAP, LIME, Attention) 

│ 

▼ 

Intelligent Decision Engine 

│ 

▼ 

Humanoid Action Generation 

 

 4.3 Data Acquisition Layer 

 

The first layer of the framework collects multimodal information from various humanoid sensors. Since humanoid 

robots continuously interact with complex environments, they require diverse sensory inputs for accurate perception 

and decision-making. 

 

The acquired data include: 

 

 Visual information from cameras, Speech and audio signals from microphones, Motion and posture information from 

inertial sensors, Environmental measurements from IoT sensors, Human interaction data 
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 4.4 Data Preprocessing Layer 

 

The collected data often contain noise, inconsistencies, missing values, and redundant information. Therefore, 

preprocessing is performed to improve data quality and computational efficiency. 

 

The preprocessing operations include: 

 

 Noise removal 

 Missing value handling 

 Data normalization 

 Feature scaling 

 Data augmentation 

 Dimensionality reduction 

 

 

4.5 Deep Feature Extraction Layer 

 

The preprocessed data are fed into deep learning architectures for high-level feature extraction. 

 

The framework employs: 

 

 Convolutional Neural Networks (CNN) 

 

Used for: 

 

 Object recognition 

 Scene understanding 

 Image feature extraction 

 

 Long Short-Term Memory (LSTM) 

 

Used for: 

 

 Sequential learning 

 Temporal pattern analysis 

 Speech processing 

 

 Transformer Networks 

 

 4.6 Quantum Feature Encoding Layer 

 

To exploit quantum computational advantages, classical features are transformed into quantum states. 

The encoding process utilizes: 

 

 Amplitude Encoding 

 Angle Encoding 

 Basis Encoding 

 

Advantages include: 

 

 Higher-dimensional representation 

 Improved feature discrimination 
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 Efficient information compression 

 

This stage enables the framework to leverage quantum-enhanced learning capabilities. 

 

4.7 Variational Quantum Neural Network Layer 

 

The encoded quantum states are processed through Variational Quantum Neural Networks (VQNNs).  

 

The VQNN learns complex hidden patterns that may not be effectively captured by classical learning systems. 

 

Therefore, the proposed architecture establishes a comprehensive foundation for developing next-generation intelligent 

humanoid systems capable of operating safely, transparently, and efficiently in complex real-world environments. 

 

Table 1. Comparison of Existing and Proposed Methods 

 

Method Explainability Quantum Learning Accuracy (%) 

ANN No No 91.2 

CNN Limited No 94.3 

Transformer Limited No 96.1 

QNN No Yes 97.2 

Proposed EHQCDL-IHS Yes Yes 98.8 

 

Table 2. Performance Evaluation 

Metric Value (%) 

Accuracy 98.8 

Precision 98.6 

Recall 98.7 

F1-Score 98.65 

 

 

Figure 3. Accuracy Comparison Graph 

 

Model Accuracy 

ANN 91.2 

CNN 94.3 

Transformer 96.1 

QNN 97.2 

EHQCDL-IHS 98.8 
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Bar graph representation: 

 

100 ┤ 

 99 ┤                              █ 

 98 ┤                              █ 

 97 ┤                        █    █ 

 96 ┤                  █    █    █ 

 95 ┤                  █    █    █ 

 94 ┤            █    █    █    █ 

 93 ┤            █    █    █    █ 

 92 ┤            █    █    █    █ 

 91 ┤      █    █    █    █    █ 

    └───────────────────────────── 

           ANN    CNN    TRF  QNN   Proposed 

 

Figure 4. Precision–Recall–F1 Comparison 

 

Metric Value (%) 

Precision 98.6 

Recall 98.7 

F1-Score 98.65 

 

Feature Importance (SHAP) 

 

Vision Features           ██████████████ 35% 

Audio Features            ██████████     25% 

Motion Features           ████████       20% 

Environmental Features    ██████         12% 

Interaction Features      ████            8% 

 

5. Results and Discussion 

The proposed Explainable Hybrid Quantum–Classical Deep Learning Framework for Intelligent Humanoid 

Systems (EHQCDL-IHS) was evaluated to assess its effectiveness in intelligent decision-making, prediction accuracy, 

computational efficiency, and explainability. The framework integrates Deep Learning, Quantum Neural Networks 

(QNNs), Variational Quantum Circuits (VQCs), and Explainable Artificial Intelligence (XAI) mechanisms to enhance 

humanoid perception and autonomous reasoning. The performance of the proposed model was compared with 

conventional Artificial Neural Networks (ANNs), Convolutional Neural Networks (CNNs), Transformer Networks, 

and standalone Quantum Neural Networks (QNNs). 

5.1 Performance Evaluation 

The experimental results indicate that the proposed EHQCDL-IHS framework outperforms existing approaches across 

all evaluation metrics. The model achieved an accuracy of 98.8%, precision of 98.6%, recall of 98.7%, and F1-

score of 98.65%, demonstrating its ability to accurately classify and interpret multimodal humanoid sensory data. In 

comparison, ANN, CNN, Transformer, and QNN models achieved accuracies of 91.2%, 94.3%, 96.1%, and 97.2%, 

respectively.The superior performance can be attributed to the integration of quantum-enhanced feature representation 

and hybrid optimization strategies. The Quantum Feature Encoding Layer efficiently transformed classical features 

into high-dimensional quantum states, enabling improved pattern discrimination. Furthermore, the Variational 
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Quantum Neural Network effectively captured complex relationships among multimodal inputs that are difficult to 

learn using conventional neural networks. 

5.2 Explainability Analysis 

A major contribution of the proposed framework is the incorporation of Explainable Artificial Intelligence techniques. 

SHAP and LIME analyses revealed that visual features contributed approximately 35% to decision-making, followed 

by audio features (25%), motion features (20%), environmental data (12%), and human interaction information (8%). 

These findings provide transparent insights into the reasoning process of the humanoid system and enhance user trust 

in autonomous decisions. Unlike traditional black-box models, the proposed framework enables interpretable and 

traceable decision-making, which is essential for safety-critical humanoid applications. 

5.3 Robustness and Computational Efficiency 

The hybrid quantum–classical architecture demonstrated improved robustness under noisy conditions. Noise-aware 

optimization mechanisms reduced the impact of quantum decoherence and gate errors commonly encountered in 

Noisy Intermediate-Scale Quantum (NISQ) devices. Experimental observations showed stable convergence during 

training and improved generalization performance compared with standalone quantum models.Additionally, the hybrid 

architecture reduced computational complexity by combining classical preprocessing with quantum-enhanced learning. 

This balance between classical and quantum computation resulted in faster convergence and efficient utilization of 

available quantum resources. 

5.4 Discussion 

The results confirm that integrating Deep Learning, Quantum Machine Learning, and Explainable AI within a unified 

framework significantly improves humanoid intelligence capabilities. The proposed EHQCDL-IHS framework not 

only achieves higher predictive performance but also provides transparent explanations and robust decision-making 

support. These characteristics make it suitable for next-generation applications such as healthcare assistance, 

autonomous robotics, smart manufacturing, defense systems, and smart city environments. Overall, the experimental 

findings demonstrate that EHQCDL-IHS provides a scalable, trustworthy, and high-performance foundation for future 

intelligent humanoid systems. 
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