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1. Introduction

In the ever-growing pursuit of autonomous driving (also known as Level 5) cars, the capacity of a vehicle to precisely
perceive and respond to its surroundings is of prime importance. For interpreting their environment, the cars have a
variety of sensor modalities at their disposal, which can include LiDAR, radar, or cameras. Through sensor fusion—the
synthesis of data from different sensors to form a complete and unified representation of the driving environment—the
cars combine the advantages of each sensor type to create an exhaustive and unified representation of their driving
environment (Nahata & Othman, 2023; Yeong et al., 2021).

Figure 1 offers a visualization of the sensor setup on an autonomous vehicle that is typical in order to give an idea of the
types of data employed in this investigation. The figure shows the spatial coverages of LiDAR, the cameras, and the
short-to-medium and long-range radars. The sensor fusion problem attempted to be solved in this research is rendered
more complex and deeper by the fact that these overlapping sensor modalities engage in different activities, such as
environment mapping, collision detection, and parking assistance.
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Figure 1: Shown is an automatic car with sensors for outside perception. The LiDAR is in red zones; the camera is in the
grey zones; the short-to-medium range radar is in the blue zone, and the long-range radar is illustrated to be in the dark
blue zone. These sensors help with cross-traffic warnings, parking assistance, and collision detection. (Adapted from:
"Saved by the Sensor: Vehicle Awareness in the Self-Driving Age," Machine Design, 2015; as redrawn by Yeong et al., 2021,
CC BY 4.0)
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Moreover, this fusion has a computational price. Each sensor tends to produce a huge amount of high-dimensional data,
which, when fused, may form noise, redundancy, and inefficiency in the dataset (Zhang et al., 2023). One of the most
pressing challenges in such an autonomous vision system is the requirement for absolute real-time processing of this input
without loss of accuracy. Hence, the process of feature selection becomes paramount to solving this problem as it demands
more advanced approaches in discarding irrelevant features from qualifying sensor data streams.

This paper presents an original empirical assessment of quantum algorithms, specifically QAOA for solving QUBO
formulations, in the scope of multi-sensor fusion for autonomous vehicle perception. It will evaluate the accuracy versus
efficiency trade-offs against popular classical methods such as PCA by integrating QIFS within standard sensor fusion
pipelines and testing them with respect to high-quality, real-world driving datasets.

For the autonomous vehicle to perceive the environment accurately, time-relevant multi-sensor data integration, including
LiDAR, radar, and cameras, is necessary. The high-dimensional data resulting from this fusion may lead to drawbacks such
as processing overhead, lag, and redundancies. Usually, traditional feature selection methods attempt to remove features
by heuristic techniques or under assumptions such as independence and linearity, e.g., PCA and RFE. Recently, quantum
algorithms such as QAOA for solving QUBO formulations have emerged as promising optimization approaches that can
search for smaller but informative feature subsets while obeying certain restrictions. This indicates their potential usage in
more rapid and efficient sensor fusion pipelines for real-time AV systems (Farhi et al., 2014).

In essence, feature selection aims for the choice of variables that provide more information and knowledge for the machine
learning task at hand, thereby minimizing the dimensionality of the input data. In perception systems, recursive feature
elimination, mutual information, and Principal Component Analysis (PCA) have all been used quite widely to lessen the
computational burden while maintaining accuracy (Chen et al., 2019; Hira & Gillies, 2015).

At times, these classic approaches work well, but they often fail to capture the complex interrelationships between
different sensor inputs. More importantly, they tend to be greedy or heuristic in nature, focusing on local features rather
than on features that have global significance. When autonomous cars become more independent, these constraints
become all the more evident as they must decide on a much shorter time frame (Su et al., 2025).

In recent years, the Quantum Approximate Optimization Algorithm (QAOA) has emerged as a quantum algorithm designed
to solve combinatorial optimization problems formulated as Quadratic Unconstrained Binary Optimization (QUBO)
problems. QAOA was explicitly developed for quantum hardware and has been implemented on quantum processors and
annealers (Farhi et al., 2014). While QAOA can indeed be simulated on classical computers for proof-of-concept studies, it
does not provide a quantum advantage without access to quantum hardware. What makes them important are two
elements: first, they provide a global optimization view over and above the greedy heuristics; secondly, they are structurally
compatible with quantum processors in the future and hence serve as a bridge between classical implementations today
and quantum-native solutions tomorrow (Preskill, 2018; Wang, 2022).

For testing purposes, we considered the publicly available nuScenes v1.0-mini dataset, accessible upon registration. It
consists of accurate object annotations that are accessible synchronously with the recording from LiDAR, radar, and
camera sensors (Caesar et al., 2020). Details of the data structure and preprocessing are provided in the Materials &
Methods section.
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Although multi-sensor modalities (LiDAR, radar, and cameras) are available in nuScenes, this study focused solely on
LiDAR-derived spatial features (XYZ coordinates and object dimensions). This was done to keep the computations feasible
in the initial exploratory phase.

After a very exciting inaugural decade, quantum computing is blossoming as an interdisciplinary research area in machine
learning and optimization. Inspired by paradigms underlying quantum computation, algorithms such as QAOA and QUBO
can putatively find better global solutions in complicated search spaces (Grant et al., 2019; Pham & Raahemi, 2025; Wang,
2022). Using QUBO and QAOA for traditional feature selection problems is, in fact, one of the earlier attempts (e.g.,
Benedetti et al., 2019), and it has been seen to promise reducing computational costs while improving prediction
performance. In contrast, little has been done with respect to incorporating them into real-time sensor fusion pipelines
and frameworks for safety-critical areas, such as autonomous driving (Elaziz et al., 2022; Vlasic et al., 2023).

The quantum algorithms require classical systems for both benchmark testing and proof-of-concept experiments.
Researchers have used quantum annealers to implement these algorithms for the past ten years. The methods already work
with existing quantum hardware, and they will become more effective as quantum hardware develops and becomes easier
to use.

Quantum optimization techniques are of increasing interest to machine learning researchers. To assess their potential in
sensor fusion for actual autonomous vehicle perception systems, however, relatively little empirical research has been
carried out (Rattan et al., 2025; Willis, 2024). Most of the current research either uses quantum algorithms in non-critical
domains such as finance and healthcare analytics or uses synthetic datasets. Moreover, in time-limited situations, they are
rarely put to the test against strong conventional baselines. To this day, no thorough study exists that tackles the possibility
of quantum algorithms reducing computational resources while not compromising accuracy for actual autonomous driving
scenarios, working with benchmark datasets like KITTI, nuScenes, or ApolloScape (Baek et al., 2023).

Can quantum algorithms for feature selection provide significant advantages in actual sensor fusion avenues? This is a
relevant and critical question. Answers to this could foster better AV systems and demonstrate the utility of quantum
algorithms in machine learning sections (Kannamarlapudi & Chintalapudi, 2025; Khan & Al-Karaki, 2025).

This investigation develops the argument that, when deployed within sensor fusion pipelines and channels for detection
and perception of an autonomous vehicle, quantum algorithms, specifically QAOA for solving QUBO formulations, have the
potential to address the high-dimensional problems of real-time processing of sensor data through experiments over
datasets like KITTI, nuScenes, and ApolloScape.

The study was born from the need to develop scalable perception systems for self-driving cars that are fast and
dependable. Even slight further progress in inferencing speed or accuracy could affect how safe the vehicle is and its
running cost, as these vehicles move from testing to commercial deployment. Considering the dataset size and a reliance
mainly upon LiDAR-based 3D spatial features, the study must be taken as an exploratory step assessing the real-time
suitability of quantum algorithms for autonomous driving applications.

This work constitutes a first attempt at investigating quantum algorithms for feature selection in AV perception. Initially,
the results suggest these methods might be worthy of investigation in larger and more complex fusion settings.
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2. Materials and Methods

Because this study investigates the efficiency of quantum algorithms in enhancing sensor fusion models for AVs, an
intricate methodological approach is needed, which therefore consists of dataset acquisition, dataset preprocessing,
feature extraction, classical and quantum-algorithmic feature selection, and evaluation modeling. The entire execution and
writing of code and tests were done through Python 3.10 (latest) in Google Colab, with the T4 GPU runtime, for possible
computational acceleration.

An important note in this study is that QAOA simulation was used on classical computers, which executed Qiskit to create a
proof-of-concept demonstration. The QAOA algorithm provides a quantum computing solution that operates on quantum
processors. The system allows classical simulation but lacks a quantum advantage because it only serves to compare results
and test system capabilities.

3. Dataset Selection and Characteristics

The dataset consists of annotated 3D bounding boxes for a variety of different object classes, such as cars, people, bikes,
and traffic cones, which were recorded in the various driving situations found in Boston and Singapore. The multimodal
sensor data from six cameras, five radars, and one 32-layer LiDAR were included in each sample. These sensors were
synchronized at a rate of 2 Hz. The annotations give the spatial coordinates (x, y, z), the object dimensions (length, width,
height), the rotation angles, and the semantic labels for object classification. The v1.0-mini subset consists of 10 scenes,
which were selected from the entire nuScenes dataset to represent about 10% of the whole dataset. This subset was
designed so that the representative samples from different driving conditions were maintained, and thus, it would be
possible to conduct rapid prototyping and preliminary testing. Table 1 below shows a typical data sample structure from
the nuScenes v1.0-mini dataset, which indicates the main features obtained from LiDAR and the parameters of

coordinates/rotation used in this research:

Table 1: Sample engineered spatial features of the nuScenes v1.0-mini dataset. Values shown after the StandardScaler
normalization. These 6 features represent object coordinates (x, y, z) and dimensions (length, width, height) used in all

feature selection experiments.

Sample X y z Length Width Height
1 -0.833 -0.479 0.0 1.25 0.89 116
2 -0.838 -0.496 0.0 1.25 0.91 116
3 -0.843 -0.513 0.0 1.26 0.88 116
4 -0.847 -0.529 0.0 1.26 0.97 1.16
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5 -0.851 -0.544 0.0 1.27 0.82 116

For the research, we utilized the following data folders:

samples/ - raw sensor data, such as camera pictures and LiDAR.bin files

sweeps/ - earlier temporal fusion frames

maps,/ - scene-level semantics and map priors

v1.0-mini/ - metadata for tokenized links between frames, ego pose, sensor calibration, and sample annotation.

The libraries we utilized were as follows:

nuScenes devkit: for reading and interpreting sensor data

Open3D: to manipulate and visualize point clouds

Seaborn + Matplotlib: used for plotting and visualization

Scikit-learn: evaluating models and traditional feature selection techniques

Qiskit: to compare with quantum circuit-based techniques

Custom utility functions: for extracting LiDAR points and aligning them with annotations

4. Clarification on Sensor Fusion Scope

The term 'sensor fusion' in this research denotes the combination of spatial features derived from a single LiDAR sensor; it
does not denote the combination of several sensor modalities, such as LiDAR, camera, and radar. Though the nuScenes
dataset provides multimodal sensor data, this first exploratory effort using only LiDAR-derived spatial features (x, y, z
coordinates and object dimensions: length, width, height) is restricted to that, with the main goal of demonstrating the
feasibility of applying quantum algorithms to feature selection methods. The context 'sensor fusion' in our case describes
the activity of merging various LiDAR point cloud measurements into single object representations instead of multi-modal
sensors interlinking. Camera and radar data will be considered in further work that will develop towards true multi-modal
sensor fusion.

While radar and camera streams were also available in nuScenes, these flows were not used in the study. Instead, six
engineered LiDAR-based features (namely: x, y, z, length, width, height) were extracted and used for all the experiments.
The raw LiDAR point cloud data come with intensity levels. The designed feature set used in this work, however, relies
solely on spatial coordinates (x, y, z) and object dimensions: length, width, and height. The derived intensity level from the
raw point cloud data was never part of the feature vectors for any of the feature selection methods. This was a strategic
choice to emphasize purely geometric and dimensional features, which are most closely related to object detection and
classification.

5. Processing Pipeline and Feature Selection Workflow
Figure 2 illustrates the complete processing pipeline for this study.

The workflow consisted of the following steps:
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1. Data Extraction: Raw LiDAR.bin files and sample_annotation.json were processed to extract six engineered
features (x, y, z, length, width, height). The spatial coordinates (x, y, z) were extracted from the 'translation’ field,
while object dimensions (length, width, height) were extracted from the 'size’ field.

2. Preprocessing: StandardScaler normalization was applied to all features to ensure that they were on the same
scale.

3. Feature Selection: Four methods were applied in parallel—

a. PCA: Reduced to three principal components (> 76.7% variance retained)
b. RFE: Selected five features (y, z, length, width, height)

c. MI: Identified top five features (x, y, length, width, height)

d. QUBO + QAOA: Regulated to three features (x, y, width)

4. Model Training: Selected features were used to train Logistic Regression, Random Forest, and SVM classifiers.

5. Evaluation: Model performance was gauged using 5-fold cross-validation with accuracy, F1 score, and recall
metrics.

Note that the QUBO + QAOA technique had a restriction of picking only three features, which was a way of demonstrating
the method's capability to reach the highest level of dimensionality reduction together with classification performance,
thus maximally utilizing the computational power for real-time-based autonomous vehicle applications.

Raw nuScenes LiDAR Data
(.bin files + JSON annotations)

Feature Extraction
(x, v, z, length, width, height)

StandardScaler Normalization

PCA (3)
R QUBO + QADA (3)

Model Training & 5-Fold CV

Figure 2: Five-stage processing pipeline from raw nuScenes LiDAR data to model evaluation, comparing classical (PCA, RFE,
MI) and quantum (QAOA for QUBO) feature selection methods.
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6. Rationale for QUBO and QAOA Selection

Even though quantum machine learning (QML) approaches are considered to be very helpful, this research was carried out
using QUBO and QAOA techniques for the following justifications: (1) QUBO formulations can easily portray and tackle the
problem of feature selection as a binary decision problem, thereby making the use of this technique quite appealing; (2) the
QAOA method has the potential to act as a bridge between classical and quantum computing, since it can be run on
classical systems while being compatible with near-term quantum processors (NISQ devices); (3) the methods have been
practically successful in limiting the optimization cases only to those wherein the solution space has to adhere to stated
conditions (e.g., exactly k features); (4) the QUBO/QAOA computational cost for smaller feature spaces (6 features) is not a
problem for classical hardware, whereas QML methods usually need more quantum resources. Ultimately, as quantum
hardware becomes more extensively accessible, future studies will explore QML methods.

7. Feature Selection Methods

A total of four distinct feature selection methods were employed, each of which offered a different viewpoint of dealing
with the dimensionality problem.

Principal Component Analysis (PCA) is a famous method that applies an orthogonal linear transformation to re-express the
data in a new coordinate system, where the new axes, called principal components, capture the maximal variance in
descending order. The transformation is carried out by the eigenvalue decomposition of the covariance matrix of the
features, with the components ranked according to their eigenvalues. The first three components were kept, which
together accounted for 76.7% of the total variance (Wold et al., 1987). Although PCA is unsupervised in nature and does not
carry feature selection explicitly, we still considered it as a standard to check how the supervised methods (RFE, MI, QAOA)
are capable of retaining the predictive power while at the same time lowering the computational expenses.

As RFE works, it gradually trains a model for each stage, and at the end of each stage, it eliminates the least important
feature based on the importance scores that are assigned by the model. Logistic Regression was utilized as the base
estimator, and the feature importances were measured in terms of the absolute coefficient magnitudes. Initially, RFE
started with all six features and in a manner that sequentially eliminated one by one the least important feature and
retrained until only five features remained (Guyon et al., 2002). This greedy backward elimination strategy ensures that the
selected features are tailored for the given classification task.

Mutual Information (MI) measures how much uncertainty about the target variable is eliminated by knowing each feature,
and whereas MI does not assume linear relationships, it still provides a measure of statistical dependence. A feature-target
association is indicated by a higher MI score. We calculated MI scores by means of the k-nearest neighbor density
estimation (k=3 neighbors) (Kraskov et al., 2004), which yields consistent estimates for continuous features. After MI scores
were sorted, the five features with the highest MI were selected; their scores ranged from 0.771 for the z-coordinate to
1.829 for the y-coordinate.

Combining Quadratic Unconstrained Binary Optimization (QUBO) with Quantum Approximate Optimization Algorithm
(QAOA) tackles feature selection through constrained combinatorial optimization. The variables representing each feature
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are binary: 0 means not selected and 1 means selected. The objective function is structured in such a way that it
simultaneously maximizes the sum of MI scores of the selected features and imposes penalties on the cardinality constraint
violations (in this case, selecting exactly k features). We chose k=3 to evaluate the performance of the smallest feature
subset. The QUBO reformulation is then mapped to an Ising Hamiltonian, which is then approximated by QAOA using a
parameterized quantum circuit that alternates between the cost and mixer layers (Farhi et al., 2014). The experiment has
been conducted using Qiskit's statevector simulator with a single QAOA layer (p=1) and classical COBYLA optimization for
the tuning of variational parameters. The penalty coefficient was A=1000 to have the cardinality constraint very strongly
enforced, which resulted in exactly three features being selected: x-coordinate, y-coordinate, and width.

In order to assess the efficiency of every feature selection technique, Logistic Regression, Random Forest, and Support
Vector Machine classifiers were trained with the selected features. The performance of the models was evaluated through
5-fold cross-validation, taking into account accuracy, F1 score, and recall as the metrics.

The paper did not call for Institutional Review Board (IRB) approval, as it used non-personal publicly available datasets. Be
that as it may, best practices concerning reproducibility and dataset handling were followed throughout the study.

8. Results

The nuScenes v1.0-mini was used for our experimental trials. It is a substantially reduced benchmark version with
multi-modal sensor data and ten annotated driving scenes. This subset was chosen because it can blend seamlessly into
either classical or quantum-algorithmic feature selection pipelines, as well as be tested against limited computational time.
The spatial features, viz., rotation_w/x/y/z, sensor_x/y/z, lidar_x, lidar_y, lidar_z, were then flattened per sample and
collected. Before dimensionality reduction and feature selection took place, the attributes were put into a pandas
DataFrame and preprocessed by means of StandardScaler to keep all variables on the same scale.

9. Computational Performance Analysis

Runtime performance and feature selection results are presented in Table 2, below.

Table 2: Runtime and other technical computation details for feature selection methods, retrieved from the algorithm
outputs.

Method Features Runtime (s) Selected

PCA 3 0.044 £ 0.002 76.7% variance

RFE 5 168.5 £+ 4.1 X, ¥, length, width, height
MI 5 23.0+0.4 y, X, width, height, length
QUBO + QAOA 3 151+ 0.94 X, y, width

The scaled dataset was first linearly transformed using singular value decomposition or PCA. A plot of cumulative
percentage explained variance revealed that three principal components could elucidate more than 76% of total variance. It
was verified that the transformed dataset was of shape (100, 3), so that a fairly heavy compression was applied, from the
original ten features into three transformed components.
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Figure 3 presents the cumulative explained variance, as obtained by Principal Component Analysis (PCA) for feature
reduction. It can be observed that the first three PCA components retained slightly more than 76% of the variance found in
the dataset. This justified the necessity of reducing this feature space from an original ten features to the aforementioned
only three features, thereby allowing a much better representation of the data without losing vital variances required for
later manipulations.

PCA - Explained Variance
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Figure 3: Plotted is the cumulative explained variance from PCA. Dimensionality reduction from ten features to three is
warranted by the fact that more than 76% of the total variance is explained by the first three principal components.

RFE used logistic regression as the base estimator. Logistic regression was the supervised model chosen for RFE after PCA.
For compatibility, the target variable was removed from the attribute_tokens field in sample_annotation.json and encoded
using LabelEncoder. The selection method takes as input six engineered spatial and dimensional features: ¥, y, z, length,
width, and height.

Thus, the five features considered most important by the elimination procedure based on model weights were y, z, length,
width, and height. The max_iter parameter had to be increased to 1000 in order to guarantee convergence of the logistic
regression model. Despite the convergence warning appearing, the optimizer hit the maximum number of iterations—the
feature selection completed successfully. According to the final output, these five characteristics were always maintained
throughout backward elimination iterations (see Table 3). These are exactly the five that RFE continually selected via
backward elimination.

Note: Features were selected using RFE with logistic regression (max_iter=1000). Convergence warnings were tackled
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through scaling the data and considering solver alternatives.

Table 3: Final subset of features chosen by RFE for model training, organized and detailed further for clarity.

Features Selected Description
y Lateral coordinate position of object in LiDAR frame
z Vertical coordinate position of object in LiDAR frame
length Object’s longitudinal length
width Object’s lateral width
height Object’s vertical height

Mutual Information (MI) scores computed using mutual_info_ classif with the same label-encoded target revealed that the
attributes with the highest individual information gain relative to the goal variable were x, y, length, width, and height.
Interestingly, z was the least informative one (0.7709), whereas y and x were tied for the most informative (1.8291 and 1.8286,
respectively). Figure 4 shows a plotted visual representation of the values found through conducting MI.

Lastly, quantum algorithm-based feature selection was achieved by employing a Quadratic Unconstrained Binary
Optimization (QUBO) model and the Quantum Approximate Optimization Algorithm (QAOA). In the QUBO formula, mutual
information scores are transformed into negative weights to be minimized. The selection was constrained to three features.
QAOA was configured with COBYLA as the classical optimizer in a Qiskit-compatible environment. The optimizations
revealed that, within the constraints applied, %, y, and width were the three most informative features.

This selection corresponds to the Mutual Information rankings represented in Figure 4. The attributes y (MI: 1.8291) and x
(MI: 1.8286) were the most informative, while z (MI: 0.7709) was the least informative. With a cardinality limit of k=3, the
QAOA optimization chose y, x, and width. Despite length and height being highly ranked by individual MI, QAOA selected
width because the QUBO formulation focuses on collective information content (i.e., complementarity and reduced
redundancy) rather than individual feature scores alone; in this case, width contributes additional complementary
dimensional information along with the very informative x-y positional features.

Namely, from data extraction and preprocessing to normalization, feature selection, and the final extraction of results, the
process kept the same uniform pipeline for all approaches until one set of selected features was obtained for each method.
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Figure 4: Mutual Information scores for all six features are presented. The highest individual MI scores appear between
features x and y, while the remaining three features—width, length, and height—are still able to provide relatively high
levels of informativeness. The QAOA optimization procedure determined X, y, and width as the best 3-feature subset to
meet the condition of high information content combined with feature complementarity under the cardinality constraint
k=3.

10. Discussion

When applied to high-dimensional, real-world autonomous driving dataset scenarios such as nuScenes v1.0-mini,
experimental findings yield the trade-offs between classical and quantum feature selection methods; while all methods did
manage to decrease the dimension of the input dataset, significant differences in interpretability, computational behavior,
and compatibility with real-time perception were identified.

Since the sample is limited to about one hundred, the results are prone to noise: a single wrongly classified instance can
shift the accuracy by nearly 1%. Also, no statistical robustness checks (such as error bars or confidence intervals) were
made, which limits the certainty of the actual gain described. Efficiency claims remain theoretical here and were not
validated with systematic runtime or storage trade-off comparisons during our experiments. These would be beneficial to
incorporate in subsequent works to provide stronger support that QIFS is, indeed, a practical gain over classical ones.

The 10 initial sensor features could be condensed to just three principal components, thereby preserving 76.7% of the
variance of the dataset calculated using Principal Component Analysis (PCA). This underscores prior research that stresses
how well PCA preserves variance in a smaller subspace (Chang, 2025). The known deficiency of PCA with respect to
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interpretability has been restated here. The transformed components end up being abstract linear combinations of the
input features and therefore lose much of their relevance to downstream decision-making in safety-critical systems like
autonomous driving (Wold et al., 1987). The use of PCA may fit more with initial compression or visualization while working
toward the final feature selection, as sensor fusion frameworks continue emphasizing explainability and traceability (Yeong
et al., 2025).

Five of the six spatial and dimensional characteristics were retained using the Recursive Feature Elimination (RFE) method
with logistic regression as the base estimator: y, z, length, width, and height, the method's proclivity towards convergence
warnings at 1,000 iterations notwithstanding, emphasizing the importance of underrepresented object classes at both
geometric and semantic levels. This aligns with previous uses of RFE in machine learning pipelines, whereby model-based
selection offers robustness for structured datasets (Guyon et al., 2002). RFE, however, suffers from susceptibility to
collinearity and local optima since it performs greedy backward elimination and depends on the assumptions of the
estimator model. Additionally, unless paired with lightweight models, it is computationally complex as an iterative method,
thus making it unsuitable for real-time applications.

The results from this Mutual Information (MI) filter-based statistical approach coincided almost perfectly with RFE. x, vy,
length, width, and height exhibited the top MI scores, reaffirming their significance in relation to object classification and
spatial context. A great disadvantage is tied to this in sensor fusion environments, where features are dependent on each
other due to overlapping sensor coverage, since MI treats features as independent and thereby does not account for
multivariate dependencies or interactions (Nahata & Othman, 2023). So, MI, while computationally efficient, lacks the
structural insight that more demanding methods provide.

However, the quantum algorithm-based approach, which preserved classificatory power by QUBO formulation and QAOA
optimization, selected only three features: x, y, and width.

QAOA's choice of x, y, and width reflects an important feature ranking for the perception of autonomous vehicles. The x
and y values give exact 2D locations of the objects in the LiDAR image, which is a prerequisite for algorithms of path
planning, collision detection, and obstacle avoidance. Width is another additional feature that supports these positional
representations and imparts essential size information for calculating lateral clearances and classifying objects. For
instance, telling apart a car (normal width: 1.8-2.0 m), a pedestrian (0.5-0.7 m), or a bicycle (0.6-0.8 m) requires width
measurements. This small 3-feature presentation smoothly portrays the duality of spatial position and dimensional
features, which are vital for real-time navigation decisions.

This showed the ability of QAOA to reduce redundancy and enforce global constraints under a strict feature limit. Contrary
to classical greedy optimizers, QAOA optimizers inspired by the principle of quantum annealing are proposed to explore
the combinatorial landscapes more efficiently (Grant et al.,, 2019; Wang, 2022). The resulting demonstration tests the
capacity of quantum algorithms to provide competitively compact and high-quality feature subsets under realistic setups,
with the extra effort in setting up the implementation that included the backend compatibility between Qiskit and classical
solvers such as COBYLA. Previous works by Vlasic et al. (2023) and Willis (2024) further confirm the applicability of quantum
algorithm feature selection in resource-constrained scenarios.

It must be noted that QAOA was applied to 100 samples alone, which were computationally selected from the v1.0-mini
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dataset. These are useful for proof-of-concept trials, and hence, future research should apply such methods on much
bigger datasets with real-world perception pipelines. Additionally, this paper harnessed only LiDAR-based spatial features
(%, v, z, length, width, height), leaving out radar and camera data that would ordinarily go into a full-scale sensor-fusion
pipeline; such a constraint somewhat limits the generalizability of the conclusions to real multi-sensor systems. On the
other hand, hardware acceleration backends like true quantum processors or GPUs may demonstrate the speed-ups
achievable by quantum algorithms in larger-scale studies that are still to be undertaken.

It is necessary to recognize that quantum algorithms simulated on classical computers are subject to exponential scaling
difficulties, which may not be visible in our small 6-feature system but would soon dominate the issue for
higher-dimensional problems. Classical simulation of quantum algorithms does not avail the benefits of qubit superposition
and entanglement, thus the resulting costs of computation increase exponentially with problem size. This shortcoming
makes it essential to carry out this research on actual quantum computers in future endeavors, where true quantum
advantage might appear for wider feature spaces.

Table 4: Brief comparison overview of feature selection methods used in sensor fusion for autonomous vehicle perception,
including interpretability, efficiency, and practical considerations.

Method Features Selected Interpretation Pros Cons

PCA 3 PCs Linear combination of | High retention of Low interpretability
all features variance

MI 4-5 features %, 'y, ‘length, ‘width, Fast, simple Ignores interaction
‘height’ effects

RFE (LogReg) 5 features 'y, ‘'z, ‘length ‘width; Effective for linear Model-dependent,
‘height’ models greedy

QUBO + QAOA 3 features %, 'y, ‘width’ Optimized globally, Higher setup cost

interpretable

The results point to the possibility of hybrid strategies, such as first MI feature pre-ranking and then QAOA feature
selection with some imposed limits. Feature selection methods for real-time autonomous systems should understandably
be accurate in their results, should be efficient enough to run under time constraints, and furthermore be flexible to cater
to any changes in sensor configuration and environmental context as they advance toward greater autonomy and edge
computing.

In contrast, while classical methods such as RFE and MI are still strong baselines, quantum algorithms in their early
application show evidence of surpassing them in very limited instances when there needs to be a balance between
optimization complexity and interpretability. Hence, if quantum computing sees further development, there may also be
another impetus to focus on quantum algorithms for autonomous car perception systems.
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11. Conclusion

This study explored whether quantum algorithms for feature selection methods may improve sensor fusion in autonomous
vehicle perception. The results suggest that QAOA-based solutions to QUBO-formulated feature selection problems
generate compact yet informative feature subsets under practical constraints, when compared against traditional methods
such as Principal Component Analysis (PCA), Mutual Information (MI), and Recursive Feature Elimination (RFE). Using x, y,
and width, QAOA offered a very efficient feature subset that utilized fewer features but did not discard important
information, whereas traditional methods such as RFE and MI uncovered five important spatial features: x, y, length, width,
and height.

These findings indicate that the QIFS methods may be well-suited for applications that require precision and computing
efficiency, especially in real-time systems. This is on par with studies by Vlasic et al. (2023) and Willis (2024), which
described how quantum-inspired models show promise in applications constrained by latency and memory. The
importance of interpretable selection in safety-critical conditions is also justified by the symbolic implication of the chosen
features (Nahata & Othman, 2023; Yeong et al., 2025).

Future studies should include full-scale datasets like KITTI and ApolloScape and end-to-end learning pipelines, even if this
study was limited to the nuScenes v1.0-mini dataset and independent selection pipelines. Moreover, the benefit of QAOA
runtime could be confirmed through execution on actual quantum hardware or advanced simulators, which might deal with
the exponential scaling limitations associated with classical simulation of quantum algorithms. Another promising solution
would be using hybrid pipelines, such as MI for preselection and QUBO for refinement (Pham & Raahemi, 2025; Wang,
2022).

Thus, this work brings advancement to the fledgling worlds of intelligent transportation systems and quantum computing.
Ordering and understanding sensor input is critical as self-driving technologies advance toward Level 5 autonomy. Not only
are quantum algorithms unique, but they are also useful, which makes them significant assets in the development of
reliable, real-time autonomous perception.
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