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Abstract 

Quantum Machine Learning is recently being considered an emerging area in predictive analyt-

ics, primarily due to the ability of quantum computing, which is presumed to process complex 

patterns more effectively and quickly than current traditional models. Most of these assumptions 

are yet to be validated using concrete data. For the purpose of this study, I assessed the perfor-

mance of two popular traditional models, Linear Regression and Random Forest, against the 

performance of the Quantum Circuit Regressor (QCR) model in the context of estimating the Re-

maining Useful Life (RUL) of batteries, which is an imperative parameter in scenarios involving 

electric cars and storing energy. The experiments were conducted using two different data 

sources, and the assessment of these models was done in similar settings. In the case of the first 

dataset, Random Forest performed outstandingly, with negligible prediction errors and an R² 

value of almost one, while Linear Regression performed moderately. In contrast, the quantum 

model struggled to fit the data and resulted in large errors along with negative R² values. A simi-

lar pattern was observed in the second dataset, where all models faced difficulties, but the quan-

tum approach again failed to show any advantage over the classical methods. These results sug-

gest that although quantum models are conceptually attractive, their practical benefits are not 

yet evident for this type of problem. In such a context, the Random Forest approach was the most 

accurate method for battery Remaining Useful Life prediction. The classical approach is, in fact, 

still a very reliable option, also considering the fact that, although it is a quantum approach, it is 

still hampered by hardware limitations, noise, or unrefined algorithms. The development of such 

a technology will, possibly, lead to an increasing role, but it is currently rather a complementary 

tool rather than a substitute. 

Keywords: Remaining Useful Life, Random Forest Regressor, Quantum Circuit Regressor, Pre-

dictive modelling 

 

Introduction 

Consider this: the world we live in 

is battery-powered. These energy storage 

devices are found in everything from 

electric cars to spacecraft to your phone. 

The trouble is that batteries don't last for-

ever, and when they do, it can be any-

thing from deadly to inconvenient. 

Remaining Useful Life (RUL) prediction 

can help with that In essence, I'm at-

tempting to answer a straightforward but 

essential question: how much life does 

this battery have left? If I get this right, it 

means maintenance can be planned before 

any failure occurs—potentially saving mil-

lions of dollars and even lives. As Ferreira 

and Gonçalves [3] remarked, the increased 

use of predictive maintenance has fostered a 

considerable interest in data-driven tech-

niques that can forecast Remaining Useful 

Life (RUL) in a variety of real-world scenar-

ios. 

If you believe that the battery life prediction 

should be simple, it should be  reconsidered. 
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Similar to erratic teens, battery behavior 

varies according to temperature, usage 

frequency, charging method, and even 

chemical composition. The degradation 

process is chaotic, unpredictable, and 

nonlinear. conventional methods that 

simply monitor a battery to reach a spe-

cific threshold? The modern world of 

complex systems and noisy data makes 

traditional methods as useful as a choco-

late teapot. I require advanced adaptable 

techniques which will help me under-

stand the chaotic situation. 

Researchers have been using traditional 

statistical approaches for decades. Con-

sider mathematical workhorses such as 

logistic regression and linear regression 

[5, 14]. They may not be ostentatious, but 

they are trustworthy and their actions are 

comprehensible. These traditional ap-

proaches may not be the most interesting, 

but the traditional methods lack excite-

ment but effectively complete their as-

signed work. These methods function as 

dependable companions who always 

show up exactly when needed. When 

working on simpler issues with relatively 

simple interactions between variables, 

they perform very well. 

Everything changed when machine learn-

ing emerged. All of a sudden, algorithms 

became available that could identify pat-

terns in data without requiring us to ex-

plicitly state every rule. Neural networks, 

Random Forests, and Support Vector 

Machines are like having an extremely 

intelligent detective that can identify pat-

terns that people would overlook. Re-

searchers began to see remarkable out-

comes. For instance, Alfarizi et al. [1] 

increased accuracy even further by em-

ploying optimal ensemble techniques, 

while Mathew et al. [7] demonstrated the 

effectiveness of Random Forests in fore-

casting turbofan engine RUL Random 

Forests have become extremely popular, 

and with good cause. These methods 

work well with the typical noisy data that 

appears in real-world applications. The 

Swiss Army knife of machine learning de-

scribes these methods because they provide 

dependable adaptability for practical appli-

cations. 

Although linear regression may not capture 

complex nonlinear processes, it is useful for 

identifying patterns and determining the 

significance of specific features. In busi-

nesses where safety and reliability are criti-

cal, I use logistic regression and proportion-

al hazards models [15] to make probabilistic 

estimation of the failure risk. Alfarizi et al. 

[1] demonstrated that when Random Forests 

is optimized and paired with advanced sig-

nal processing, they can outperform tradi-

tional methods in predicting bearing RUL. 

Okoh et al. [10] also stressed the importance 

of combining data-driven models with do-

main expertise to achieve the best results. It 

serves as a reminder that the model I chose 

should accurately reflect the degrading be-

havior of the system with which I am work-

ing. Then comes the intriguing twist: quan-

tum computing has entered the picture, 

bringing with it some really big claims. This 

is when things begin to get interesting. 

These quantum models make use of con-

cepts like entanglement and superposition—

don't worry if those sound like science fic-

tion—they actually do. According to the 

theory, quantum computers may be faster 

and more potent than classical computers 

because they can operate in high-

dimensional areas with fewer parameters. 

Even with small datasets, Tsurkan et al. [14] 

demonstrated some encouraging results with 

their Hybrid Quantum Recurrent Neural 

Network (HQRNN), which blends quantum 

circuits and classical RNNs. The ability of 

these models to capture intricate temporal 

connections that traditional algorithms could 

overlook is very promising. 

However, this is where we must apply a 

slightly higher braking pressure. The theo-

retical capabilities of quantum computing 
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are remarkable and sound amazing. The 

gap between theoretical concepts and 

their actual implementation remains sub-

stantial. The quantum hardware currently 

available is still somewhat noisy and lim-

ited. I have noticed that the simulated 

data used in most studies are significantly 

cleaner than what we actually encounter 

in the real world, which is a problem. 

What's even more frustrating is seeing 

researchers claim that quantum models are 

superior—often without conducting rigorous, 

side-by-side comparisons to back up those 

claims. I believe we need to challenge these 

assumptions with empirical evidence rather 

than just theoretical hype.  

It would be equivalent to asserting that a 

new sports vehicle is faster without actu-

ally putting it up against older models on 

the same course in the same circumstanc-

es. Many ML-based RUL studies, accord-

ing to Ferreira and Gonçalves [3], are 

opaque and unreproducible, which seri-

ously impedes their use in business. It is 

practically hard to determine whether 

reported improvements are due to im-

proved data preprocessing or the model 

architecture itself in the absence of estab-

lished evaluation methodologies. The 

necessity for RUL prediction methods 

that are not only precise but also scalable 

and resilient to changes in data quality—

conditions that are frequently encoun-

tered in industrial manufacturing set-

tings—was further highlighted by Pan et 

al. [11]. 

This study specifically addresses this 

issue. Rather than only presuming that 

quantum is superior, it fairly compares 

and contrasts quantum and classical mod-

els.A relatively new field called Quantum 

Machine Learning (QML) combines ma-

chine learning techniques with the ideas 

of quantum computing like superposition 

and entanglement. It explores how learn-

ing tasks like pattern recognition, classi-

fication, and clustering might be en-

hanced by quantum system.  The goal is to 

accelerate complex computations and open 

up new ways of processing large-scale data 

that go beyond the constraints of traditional 

algorithms [13]. Despite its potential, Quan-

tum Machine Learning faces significant dif-

ficulties. Current quantum hardware is still 

limited, with issues including noise, deco-

herence, and restricted qubit counts prohibit-

ing practical deployment. Furthermore, cre-

ating effective quantum algorithms and con-

verting classical data into quantum states are 

difficult tasks. These challenges emphasize 

the fact that, while QML provides great po-

tential, much work remains to be done be-

fore it can be used at scale to real-world 

situations [2]. 

No one is given preferential treatment; all 

data, preparation, and evaluation criteria are 

the same. Three methods are examined in 

the study: Quantum Circuit Regressor (the 

newest quantum hotshot), Random Forest 

(the machine learning favorite), and Linear 

Regression (the dependable old-timer). They 

evaluate these using actual battery datasets 

and use common metrics like R-squared and 

Mean Absolute Error to gauge performance. 

Most significantly, they take into account 

interpretability, scalability, and computing 

cost in addition to accuracy. 

Like many other industries, I've witnessed 

the battery sector suffer from overhyped 

technologies—grand promises that ultimate-

ly failed to deliver. Without proper bench-

marking, it is impossible to determine 

whether performance benefits are due to 

improved data processing or the model it-

self. I conducted this research to create a fair 

comparison between these techniques 

through objective evaluation of their indi-

vidual strengths. The goal of my research is 

to determine the optimal situations for each 

tool rather than selecting winners or losers. 

What is the major takeaway? The success of 

a method in controlled laboratory conditions 

with organized data does not ensure its ef-

fectiveness in the unpredictable and chaotic 
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real-world environment. Quantum com-

puting may truly transform battery life 

prediction, but I'm not convinced until I 

see solid, actual evidence. The field re-

quires this type of thorough and transpar-

ent evaluation process. 

The process of challenging assumptions 

and requiring proof enables us to make 

better judgments especially when lives 

and millions of dollars are at risk. The 

incorrect prediction of battery failure 

results in more than just inconvenience 

because it can lead to disastrous out-

comes. 

 

2 Experimental Framework  

This section discusses the strategy I used 

to compare classical and quantum models 

for forecasting battery remaining useful 

life (RUL). My philosophy throughout 

was whatever you do, do it blind, repro-

ducible, and scientific. To this end, I ap-

plied standardised preprocessing meth-

ods, consistent evaluation protocols and 

explicit model comparison strategies.  

 

2.1 Design Principles:  

The experimental design was governed 

by three main principles: uniformity, re-

producibility, and fair comparison. All 

models underwent the same prepro-

cessing and feature engineering. I utilized 

fixed random seeds, documented all hy-

perparameters, and followed a consistent 

train-test split. All models were evaluated 

using the same set of performance indica-

tors. The whole workflow consisted of 

four successive phases: Prepare data, im-

plement a model, Train and optimize, and 

Evaluation. 

 

2.2. Datasets: 

To assess how well the models generalize 

across various degradation patterns, I 

chose two complimentary datasets that 

provide alternative viewpoints on failure 

behavior. The first dataset, the C-MAPSS 

FD001 subset, is provided by NASA's Prog-

nostics Center of Excellence. It has 100 

training and test units, each with 21 sensor 

measurements each cycle. The sequence 

lengths range from 128 to 362 cycles. This 

dataset is commonly utilized in RUL re-

search because of its well-documented fail-

ure paths and benchmark status.The second 

dataset was NASA's lithium-ion battery da-

taset, which shows degradation in controlled 

laboratory circumstances. It includes 18650 

cells that have been charged and discharged 

at room temperature, with voltage, current, 

temperature, and capacity fade recorded. 

Cycle counts range from 40 to 168, with a 

70% capacity limitation. This dataset cap-

tures real-world battery degeneration, mak-

ing it appropriate for assessing practical 

model performance. 

 

2.3. Data Preprocessing: 

To ensure consistency across models, I de-

veloped a standardized preprocessing pipe-

line where missing values were handled with 

forward-fill for isolated gaps while incom-

plete sequences were eliminated. A three-

window moving average smoothing ap-

proach was applied to decrease sensor noise. 

Feature engineering comprised rolling statis-

tics (mean, standard deviation, trend) over 

five-cycle windows, degradation indicators 

such as cumulative wear and rate of change, 

and lagged features to capture temporal de-

pendencies. To prevent leakage, all features 

were standardized using Z-score normaliza-

tion and statistics from training data. The 

RUL objectives were computed based on the 

difference between the maximum and cur-

rent cycle counts. Finally, train-test splits 

employed a temporal technique, with 80% 

of each unit's lifecycle used for training and 

20% for validation, while independent test 

units were reserved for final evaluation to 

ensure precise temporal ordering and no 

leakage. 
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2.4. Model Architectures: 

I investigated three models that represent 

distinct modeling paradigms: linear re-

gression, random forest, and quantum 

circuit regression.  

 

2.4.1. Linear Regression: 

Linear Regression is a simple and widely 

used statistical method that models the 

relationship between dependent and inde-

pendent variables by fitting a straight 

line. It assumes linearity and provides 

interpretable coefficients that show the 

contribution of each predictor to the out-

come [4, 9]. To establish a baseline, I 

used ridge regression with L2 regulariza-

tion (α = 1.0). Recursive Feature Elimina-

tion was used to choose the best predic-

tive sensors. The model assumes a linear 

relationship between characteristics and 

the RUL. 

 
This method provides interpretability and 

is ideal for recording linear degradation 

patterns. 

 

2.4.2. Random Forest Regressor: 

Random Forest is an ensemble machine 

learning method that builds multiple de-

cision trees and combines their results for 

prediction. It provides robust classifica-

tion, handles complex data patterns, and 

reduces errors by using out-of-bag (OOB) 

estimation to measure accuracy [9]. It 

reduces overfitting compared to single 

decision trees and can capture complex, 

non-linear relationships in the data, mak-

ing it more flexible and robust. The ran-

dom forest model combines predictions 

from a set of decision trees. 

 

 
 

I utilized 200 trees with a maximum dpth of 

15 to tune hyperparameters using cross-

validation. The average decrease in impurity 

was used to assess feature relevance. This 

approach is effective at capturing non-linear 

connections and provides resilience via en-

semble averaging. 

 

2.4.3. Quantum Circuit Regressor: 

The Quantum Circuit Regressor (QCR) 

models the link between input features and 

target variables using quantum computation 

concepts. In this method, classical input data 

is first encoded into quantum states using 

parameterized quantum circuits. The model 

is then trained by optimizing circuit parame-

ters using a hybrid quantum-classical loop in 

which a classical optimizer changes the pa-

rameters based on a predetermined cost 

function. Finally, measurement results from 

the quantum circuit are mapped back to re-

gression predictions. This paradigm enables 

the QCR to capture complicated, non-linear 

patterns while maximizing the benefits of 

quantum parallelism [12]. 

I used PennyLane v0.32 to build a variation-

al quantum circuit for the quantum simula-

tion. Classical characteristics were encoded 

with Y-rotation gates, followed by entan-

gling layers made up of parameterized rota-

tions and CNOT gates. The result was the 

expected value of the Pauli-Z observable: 

 
The design featured four qubits, three varia-

tional layers, and 48 trainable parameters. 

Nesterov momentum (learning rate = 0.01, 

momentum = 0.9) was used for optimiza-

tion, with a 50-epoch exponential learning 

rate decay. This arrangement uses quantum 

qualities like superposition and entangle-
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ment to represent complicated feature 

interactions. 

 

2.5. Evaluation Protocol: 

To get a better sense of how well each 

model really did, I looked at three differ-

ent but related error measures. To evalu-

ate the performance of the models, com-

mon error metrics such as Mean Absolute 

Error (MAE), Root Mean Square Error 

(RMSE), and Coefficient of Determina-

tion (R²) were used. MAE measures the 

average size of errors, RMSE gives more 

weight to larger errors, and R² explains 

how well the model predictions fit the 

actual data [13]. MAE gave me a basic 

and easy-to-interpret metric of how far, 

on average, the forecasts were from the 

actual (in same units as the RUL) without 

making it sensitive to a few extreme out-

liers. Root Mean Squared Error (RMSE) 

went a step further by penalizing greater 

mistakes more severely, making it partic-

ularly beneficial for identifying models 

that occasionally made substantial errors. 

The Coefficient of Determination (R²) 

indicates the model's ability to explain a 

significant portion of the variation in ac-

tual RUL values. Values near to 1 indi-

cate accurate predictions. 

To ensure the reliability of these results, I 

employed 10-fold time-series cross-

validation while maintaining the data's 

chronological sequence to prevent future 

information from entering the training 

process. I used paired t-tests (p < 0.05) to 

determine whether the performance dif-

ferences between models were statistical-

ly significant. In addition, I evaluated 

Cohen's d to determine whether any re-

ported improvements were both statisti-

cally significant and practically useful. 

My primary focus was not only accuracy, 

but also the efficiency with which the mod-

els could run. I documented training time, 

monitored peak memory utilization, and 

evaluated how well each model scaled as I 

gave it bigger sections of the dataset. The 

review used accuracy metrics together with 

statistical tests and computing benchmarks 

to evaluate both predicted quality and real-

world applicability. 

I achieved reproducibility through fixed 

random seeds across runs and Git version 

control of experiments and SHA-256 check-

sums for dataset integrity verification. The 

final results were based on unseen test units 

and each experiment was performed ten 

times with different initializations which 

resulted in 95% confidence intervals for all 

metrics. 

 

3 Results  

Three regression models were evaluated in 

this study, namely Linear Regression, Ran-

dom Forest Regressor, and Quantum Circuit 

Regressor on two benchmark datasets name-

ly C-MAPSS FD001 turbofan engine dataset 

and NASA’s Lithium-ion battery dataset. 

Mean Absolute Error (MAE), Root Mean 

Squared Error (RMSE), Coefficient deter-

mines the determination (R²) to evaluate the 

performance of Models.  

The experiments on the FD001 turbofan 

engine dataset were carried out using three 

models: Linear Regression, Random Forest 

Regressor, and Quantum Circuit Regressor. 

Their performance was assessed using 

standard error metrics, as shown in Table 1. 

A comparative visualization of the error 

values across the models is presented in Fig. 

1, which highlights the relative strengths and 

weaknesses of each method. 
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Table 1. Model Performance on FD001 Dataset 

Model MAE RMSE R2 

Linear Regression 60.52539556 72.46803743 -2.14588668 

Random Forest Re-

gessor 
62.28727417 74.86379006 -2.357327398 

Quantum Circuit Re-

gessor 
61.5890962 73.90927714 -2.27226136 

 

Table 1 summarizes the predictive per-

formance of the three models. All models 

yielded negative R² values, indicating 

performance worse than a mean-based 

baseline. Linear Regression achieved the 

lowest error values (MAE = 60.53, 

RMSE = 72.47), while Random Forest 

recorded the highest errors. The Quantum 

Circuit Regressor achieved intermediate 

results between the two classical approaches. 

These results suggest that simple linear and 

tree-based models struggle to capture the 

degradation patterns in the FD001 dataset.  

 

 
 

Fig. 1. Radar chart comparing model performance on the FD001 dataset across MAE, RMSE, 

and R2 

 

The comparative performance trends are 

further illustrated in Fig. 1, which shows 

that all three models exhibit similar error 

magnitudes, with Linear Regression 

slightly outperforming the others in terms 

of error metrics. 

A similar evaluation was performed on 

the NASA lithium-ion battery dataset. 

The three models—Linear Regression, Ran-

dom Forest Regressor, and Quantum Circuit 

Regressor—were applied to capture the deg-

radation patterns and predict cycle-based 

outcomes. The results are summarized in 

Table 2, while Fig. 2 illustrates the error 

metrics for direct comparison of model per-

formance on this dataset.  
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Table 2. Model Performance on NASA Battery Dataset 

Model MAE RMSE R2 

Linear Regression 82.25885979 135.0801848 0.82466906 

Random Forest Re-

gessor 
5.66826324 13.35090435 0.99828724 

Quantum Circuit Re-

gessor 
561.5974999 647.6580996 -3.030573748 

 

 

Results on the lithium-ion battery dataset are 

reported in Table 2. The Random Forest 

Regressor achieved the strongest perfor-

mance across all metrics (MAE = 5.67, 

RMSE = 13.35, R² = 0.998), followed by 

Linear Regression (R² = 0.82). The Quantum 

Circuit Regressor performed poorly, with 

substantially higher error values and a nega-

tive R², indicating weak predictive capability 

compared to baseline methods

. 

 

 
 

Fig. 2. Radar chart comparing model performance on the NASA Battery dataset across MAE, 

RMSE, and R2 

 

As shown in Fig. 2, the Random Forest 

Regressor consistently dominates across 

all three-evaluation metrics, while the 

Quantum Circuit Regressor lags considera-

bly behind.  

Comparative performance trends are further 

illustrated in Figs. 1 and 2 (radar charts). 
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Random Forest consistently outper-

formed other models on the battery da-

taset, whereas model performance on 

FD001 remained limited across all ap-

proaches 

 

4 Conclusion 

The research evaluated the predictive 

capabilities of Linear Regression and 

Random Forest Regressor and Quantum 

Circuit Regressor models for Remaining 

Useful Life (RUL) estimation using 

NASA C-MAPSS Turbofan Engine Da-

taset (FD001) and NASA Lithium-Ion 

Battery Dataset. 

The three models failed to predict accu-

rately for the C-MAPSS FD001 dataset 

because their R² values were negative 

(Linear Regression: –2.15, Random For-

est Regressor: –2.36, Quantum Circuit 

Regressor: –2.27). The error values 

(MAE and RMSE) showed minimal dif-

ferences between the models yet the neg-

ative R² values indicate the complex and 

noisy nature of turbofan degradation dy-

namics. The basic regression and quan-

tum models fail to detect engine health 

degradation patterns because they lack 

advanced preprocessing techniques and 

hybridization methods. 

In comparison, the NASA Battery Da-

taset showed significant model perfor-

mance variation. The best performed to 

be the Random Forest Regressor, with an 

extremely high R² of 0.998 as well as low 

MAE (5.67) and RMSE (13.35). Linear 

Regression was decent (R²: 0.825) and 

Quantum Circuit Regressor was really 

bad (R²: –3.03) — large prediction er-

rors} This outcome illustrates both the 

power of ensemble-learning based meth-

ods like Random Forest to learn the non-

linear degradation characteristics of bat-

teries but also the limitations of current 

quantum methods for such applications. 

In any case, the results highlight two ma-

jor points: Model performance is heavily 

dependent on dataset characteristics — A 

classical and quantum regressor performed 

poorly on the turbofan dataset but were very 

different on the battery dataset. 

Although still in their infancy stage, quan-

tum circuit regressors are not competitive 

with classical-based approaches for RUL 

prediction, where factors such as hardware 

noise, shallow circuit design, and limited 

data encoding capability may play a role. 

This robustness could be supported by hy-

brid approaches in future work, for example, 

through the combination of feature engineer-

ing, advanced deep learning techniques, as 

well as quantum-enhanced methods across 

the various RUL prediction scenarios. 

 

5 Discussion 

Predicting the remaining useful life (RUL) 

of critical components, such as aircraft en-

gines or lithium-ion batteries, is a formida-

ble technical challenge that also constitutes a 

foundational requirement for advancing 

safety, sustainability, and the development 

of intelligent industrial systems. 

Our research, which systematically com-

pares established classical machine learning 

models with emerging quantum-based ap-

proaches on benchmark datasets—including 

NASA's C-MAPSS turbofan engine dataset 

and standard lithium-ion battery degradation 

datasets—directly addresses these intercon-

nected priorities. 

They help predict the Remaining Useful Life 

(RUL) of an asset so that you can catch it 

early before any sort of catastrophic failure 

could potentially loss lives or damage infra-

structure. Such foresight is not a luxury but 

rather an imperative in aviation and energy 

storage. But the perks go far past just safety. 

Then we can predict when a part will break 

and stop replacing it too soon or waiting too 

long. Which leads to reduction in waste, 

unnecessary repairs and a environmentally 

more sustainable use of our resources and 

energy. 
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It is also aligned with a larger ambition of 

Industry 4.0, where AI and Quantum 

Computing radically change the way we 

observable and maintain complex sys-

tems. In the context of an aircraft or elec-

tric car, this means smarter diagnostics 

that can allow for more efficient and less 

expensive maintenance schedules as well 

as less downtime. 

We find quantum models like the Quan-

tum Circuit Regressor particularly inter-

esting to study. While Random Forest 

would remain the go-to classic model for 

most practical use-cases, quantum tools 

might offer a chance to work with com-

plex data of high dimensionality. They 

are not quite production-ready, but they 

are harbingers of things to come, serving 

as a foundation on which tomorrow's 

resources and partnerships will be assem-

bled. 

Overall, this research presents both scala-

ble, mature products for modern indus-

tries and a peek at what could be attaina-

ble as quantum technologies evolve. 

From aircraft, transportation through to 

energy and predictive maintenance, the 

implications are huge — and highly rele-

vant. 
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