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Abstract 

Quantum computing is revolutionizing the landscape of data science by offering computational capabilities that 

extend far beyond the limits of classical machines. As the demand for faster, more efficient data analysis grows, 

particularly in domains that require real-time decision-making, integrating quantum computing with machine 

learning (ML) is emerging as a game-changing approach. This paper explores how quantum computing can be 

effectively integrated with machine learning to process real-time data streams, with a specific focus on binary 

classification tasks. Using a live weather sensor dataset as a case study, we simulate real-time data ingestion and 

evaluate the performance of a Quantum Support Vector Machine (QSVM) against a classical Support Vector 

Machine (SVM). The experimental setup utilizes Qiskit for quantum simulations and Python-based tools for 

classical implementations. Our results demonstrate that while classical models currently outperform quantum 

models in terms of latency and accuracy, quantum approaches offer considerable advantages in terms of 

scalability and potential computational efficiency. These findings suggest that as quantum hardware matures, it 

may enable a new generation of real-time, intelligent systems. 
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1. Introduction 

In the age of big data and intelligent automation, the ability to process and analyze data in real-time has become 

a cornerstone of modern machine learning systems. Applications ranging from autonomous vehicles and 

financial markets to health monitoring and weather forecasting rely on real-time analytics for accurate, timely 

decision-making. However, as data complexity and volume continue to increase, traditional computing models 

are approaching their performance limits. This creates a pressing need for novel computational paradigms that 

can handle large-scale, dynamic datasets more efficiently. 
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Quantum computing offers a promising alternative. Based on the principles of quantum mechanics, it leverages 

phenomena such as superposition and entanglement to perform complex calculations at speeds unattainable by 

classical systems. In recent years, the convergence of quantum computing and machine learning termed Quantum 

Machine Learning (QML) has emerged as a new frontier for AI research. QML aims to enhance traditional 

learning algorithms using quantum information processing to enable faster training, improved generalization, 

and more efficient data encoding. 

This paper investigates the feasibility and potential advantages of quantum computing for real-time machine 

learning tasks. We focus on a practical use case involving binary classification of real-time weather data, 

comparing a Quantum Support Vector Machine (QSVM) with a classical Support Vector Machine (SVM). Our 

methodology involves simulating real-time data ingestion, preprocessing the data, and training both quantum 

and classical models using open-source frameworks such as IBM Qiskit and Scikit-learn. The goal is to identify 

not only the current limitations but also the future promise of QML in operational environments. 

2. Literature Review 

The integration of quantum mechanics with machine learning has opened new avenues of research and 

application: 

 Schuld et al. (2015) laid the foundational principles for Quantum Machine Learning (QML), describing 

the theoretical advantages of combining quantum computing with classical learning models. 

 Havlíček et al. (2019) introduced quantum-enhanced feature spaces, which use quantum states to encode 

classical data in a way that makes it easier to classify. 

 Recent efforts by IBM and Google have brought QML into practical reach, offering platforms like Qiskit 

and TensorFlow Quantum for developing hybrid algorithms. 

 While the current state of quantum hardware is still developing, quantum simulations and hybrid models 

have shown promising results for supervised learning, clustering, and regression tasks. 

The challenge remains in bridging the gap between quantum theory and real-world application, particularly in 

the domain of live, streaming data a gap this paper addresses. 

3. Methodology 

3.1 Dataset and Streaming Simulation 

The dataset used in this study includes real-time weather attributes temperature, humidity, wind speed, and 

atmospheric pressure. This data was sourced from a Kaggle repository and simulated for streaming using Python-

based time delays to mimic the ingestion of real-time sensor data. 
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3.2 Data Preprocessing 

Preprocessing steps were essential to prepare the dataset for both classical and quantum models: 

 Normalization: All numerical features were scaled between -1 and 1. 

 Labeling: The target variable was converted into a binary class (1 = Rain, 0 = No Rain). 

 Feature Encoding: For the QSVM, the data was encoded using a quantum feature map suitable for multi-

dimensional inputs. 

3.3 Model Architecture 

 Classical SVM: Implemented using Scikit-Learn’s SVC() with an RBF kernel. Model was trained on 

historical data and tested on streamed records. 

 Quantum SVM: Developed using Qiskit Machine Learning’s QuantumKernel and ZZFeatureMap, with 

execution on IBM’s Aer simulator. 
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4. Experimental Results 

4.1 Metrics for Comparison The models were evaluated on Accuracy, Latency, Precision, Recall, and F1 Score: 

 

4.2 Graphical Comparison 

Bar charts and confusion matrices were generated to visualize the model performances. Despite the QSVM’s 

lower accuracy, its performance improved with higher dimensional inputs showcasing its scalability. 

4.3 Analysis 

 Performance: Classical SVM had better latency and overall accuracy. 

 Scalability: The QSVM handled feature-rich data with more efficiency as complexity increased. 

 Feasibility: Real-time processing using quantum simulators is currently viable for low-dimensional 

problems. 
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5. Discussion 

Quantum computing presents unique advantages such as exponential speedup for specific algorithms and 

complex optimization tasks. However, several limitations currently hinder its widespread applications which are 

as follows: 

 Hardware Constraints: Current quantum devices suffer from decoherence, limited qubit counts, and 

gate noise which leads the development into new emerging trends. 

 Data Loading Bottleneck: Efficient encoding of classical data into quantum states remains an active 

area of research. 

 Interpretability: Quantum models are more challenging to interpret compared to classical ML models. 

Despite these challenges, hybrid models offer a practical bridge. For example, classical preprocessing followed 

by quantum classification has shown promise in various studies. Moreover, real-time analytics in fields such as 

finance, healthcare, and autonomous systems could benefit immensely from quantum speedups once stable 

quantum devices become commercially available. 

A dedicated table showing differences in architecture, complexity, training time, scalability, and limitations 

could offer a quick glance for readers. 
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6. Conclusion 

This research demonstrates the potential of quantum computing as a viable tool for real-time machine learning 

applications, particularly in scenarios that involve complex and high-dimensional datasets. By comparing a 

Quantum Support Vector Machine (QSVM) with a classical SVM on a simulated real-time weather dataset, we 

observed that classical models currently retain an edge in terms of accuracy, latency, and ease of implementation. 

However, the scalability and flexibility of quantum algorithms make them particularly well-suited for future 

applications as quantum hardware continues to evolve. 

While today's quantum devices are limited by factors such as noise, short coherence times, and constrained qubit 

availability, the progress in quantum error correction, circuit design, and cloud-based quantum services is 

encouraging. Hybrid models that combine classical preprocessing with quantum inference are already showing 

promise as a transitional step toward full-scale quantum deployment. 

The study concludes that quantum computing, when integrated thoughtfully with classical ML systems, could 

significantly transform the landscape of real-time data analytics. It holds the potential to enable faster insights, 

more adaptive learning algorithms, and broader applicability in domains such as finance, healthcare, 

cybersecurity, and climate science. As the technology matures, the fusion of quantum mechanics with artificial 

intelligence may very well redefine what's computationally possible. 
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