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Quantum computing offers the potential to enhance computational efficiency beyond classical methods, but
practical implementation remains challenging due to the limitations of Noisy Intermediate-Scale Quantum
(NISQ) hardware, namely, restricted qubit counts, limited connectivity, and the presence of noise and
decoherence. This study presents a novel approach to edge detection by leveraging a recently developed
Quantum Fuzzy Inference Engine, implemented on a NISQ device. We introduce an optimized quantum circuit
for its implementation, reducing qubit requirements and gate depth to improve execution on NISQ hardware.
To overcome constraints related to large-scale image processing, a hybrid quantum-—classical lookup table
approach is employed. Edge detection performance is evaluated on the Berkeley Segmentation Data Set and
Benchmarks 500 dataset under different conditions, including classical execution, ideal quantum simulation,
noisy quantum simulation, and NISQ hardware calculation. Results demonstrate that the quantum fuzzy logic-
based edge detection achieves outcomes comparable to classical methods by using fewer operations, marking
a step toward practical quantum-enhanced image processing.
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1. Introduction

Quantum computing is rapidly emerging as a transformative tech-
nology with the potential to revolutionize various fields, including im-
age processing and computer vision [1]. This paper explores the inter-
section of this innovative computational paradigm and image analysis,
proposing a novel quantum edge detection algorithm.

Edge detection (ED) is a fundamental task in image processing
that underpins various computer vision applications, including object
recognition [2], image segmentation [3], and feature extraction [4].
While classical ED algorithms yield reliable results, their computa-
tional efficiency is inherently constrained by the limitations of classical
hardware. In fields like medical imaging or autonomous navigation
where image data continues to grow in both size and complexity,
the demand for more efficient and scalable ED techniques becomes
increasingly pressing. In principle, quantum computing offers a com-
pelling alternative by enabling computational speedups that classical
image processing methods cannot achieve [1,5]. However, despite its
promise, the practical implementation of quantum algorithms for image
processing and ED with real-world images remains extremely challeng-
ing due to the limitations of contemporary NISQ hardware [6]. These
devices encounter issues such as brief coherence times, gate errors,

and constrained qubit connectivity, all of which adversely affect their
reliability and scalability. Consequently, there is a substantial disparity
between the theoretical potential of quantum computation in image
analysis and the computational capability exhibited by contemporary
NISQ devices. To address this discrepancy, this paper introduces the
very first quantum fuzzy-based ED mechanism that can be executed on
real NISQ computers. It is noteworthy that the integration of fuzzy logic
within classical ED algorithms is a well-established methodology. The
capacity of fuzzy logic to interpret data through degrees of truth, as
opposed to binary classifications, renders this soft computing approach
particularly well-suited for managing the ambiguities inherent in im-
age analysis [7]. A prevalent technique for executing ED through the
implementation of fuzzy systems involves the use of decision-making
agents that employ linguistic If-Then rules to identify edges [8-10].
Notably, a quantum analog of classical fuzzy inference systems was
recently proposed [11]. This Quantum Fuzzy Inference Engine (QFIE)
exhibits exponential acceleration in executing fuzzy rules compared to
its classical counterparts. Nevertheless, the quantum circuit necessary
to implement the algorithm is generally impractical to run on current
NISQ devices. However, this paper proposes a particular QFIE-based
Fuzzy Rule Based System (FRBS) for ED, which we dub as optimized
QFIE, in which the structure of the circuit implementing QFIE has
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been optimized to run on NISQ computers. This structure reduces the
overall width of the quantum circuit and make use of a single quantum
operation to fire all the rules in the classical equivalent FRBS for ED,
simplifying considerably the quantum circuit to be executed. Firstly,
to assess the efficacy of this optimized implementation, a comparative
analysis of the control surfaces obtained from both the standard and
optimized QFIE circuits is conducted across a range of evaluation
scenarios. These scenarios encompass ideal algorithm simulation, ex-
ecution on noisy quantum simulators, and implementation on a NISQ
device. Our findings demonstrate that the optimized quantum circuit
matches the classical performance while reducing the computational
overhead.

Subsequently, we utilize the proposed quantum-fuzzy ED system
to conduct experiments on various images from the Berkeley Segmen-
tation Data Set and Benchmarks 500 (BSDS-500) dataset [12], and
we find that, regardless of image complexity, the performance re-
mains robust across all evaluation scenario. These results are compared
with those obtained with standard edge detection techniques such as
Canny [13] and Sobel [14], showing that our approach yields superior
performances in terms of Structural Similarity Index Measure (SSIM),
reflecting superior image quality and structural preservation. We em-
phasize that our benchmarking focuses on classical, well-established
detectors to provide a clear and fair baseline. While other soft comput-
ing and deep learning-based methods are undoubtedly relevant, their
dependence on supervised training and parameter optimization places
them beyond the scope of this initial feasibility study.

Our findings demonstrate that ED is achievable on current noisy
quantum devices, marking a significant step toward quantum-enhanced
image processing computed on NISQ devices.

The remaining paper is organized as follows: Section 2 analyzes
the literature about ED mechanisms; Section 3 introduces the basic
concepts of gradient-based methods for ED, quantum computing and
QFIE; Section 4 reports the proposed approach to perform ED by using
quantum fuzzy inference, as well as it introduces an optimized version
of the quantum circuit implementing QFIE for this particular task;
In Section 5 we present the experiments conducted to evaluate the
proposed approach and its results. Additionally, we compare these
results with those obtained with Canny [13] and Sobel [14] methods.
Finally, we evaluate the suitability of our model for execution on NISQ
devices by analyzing its resilience to the noise. Section 6 concludes the

paper.
2. Related papers

In the literature, for classical computers, various approaches for ED
have been developed over the years; the reader can refer to [15] for a
comprehensive review.

The approaches for ED can be broadly categorized into four groups.
The first group contains gradient-based methods. These methods detect
the edges by identifying regions with significant intensity gradients,
with well-known examples including the Sobel [14], Prewitt [16], and
Roberts [17] operators, as well as the Canny edge detector [13].

The second group comprises Laplacian-based methods. These utilize
the second derivative of image intensity to detect edges, with popular
techniques such as the Laplacian of Gaussian (LoG) [18] and Difference
of Gaussians (DoG) [19].

The third group consists of soft computing approaches, such as
Genetic Algorithms and Fuzzy Logic methods. Genetic algorithms have
been employed for ED, as shown in [20], where two-dimensional
chromosomes and meta-level operators improve convergence. This ap-
proach demonstrated superior performance in noise robustness, con-
vergence rate, and edge image quality compared to other techniques.
Similarly, in [21], a memristive network-based genetic algorithm was
introduced for ED, where image pixels act as individuals in the popu-
lation, achieving improved performance over memristor-based swarm
intelligence methods.
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Fuzzy Logic has also been widely applied in ED, as evidenced
by several key studies. In [22], the authors introduced the “fuzzy
Sobel” method, which adaptively determines parameters to enhance
edge clarity and addressing the limitations of traditional methods.
The robustness of fuzzy approaches to impulsive noise was demon-
strated in [23], achieving superior sensitivity and detail preservation.
By contrast, [8-10,24] explored fuzzy ED using If-Then rules and edge
continuity criteria, highlighting its robustness under high noise levels
and its ability to outperform Sobel and Canny detectors without requir-
ing manual parameter tuning. Expanding on these concepts, in [25—
30], the authors developed type-2 fuzzy systems that more effectively
handle uncertainty. These systems have improved ED and integrated
seamlessly with hybrid approaches, such as modular neural networks.
Collectively, these studies underscore the adaptability and resilience
of fuzzy logic in modern ED, offering significant improvements over
conventional methods.

Finally, in recent years, the fourth group, including machine learn-
ing methods, has gained significant popularity. These methods leverage
algorithms to learn and identify edges from labeled training data.
In [31], for example, the authors introduced a fully convolutional
neural network for ED, utilizing a VGG16-based encoder [32] and a
decoder with alternating anti-pooling and convolution layers for dense
predictions. In [33] it was proposed an end-to-end framework for se-
mantic ED, leveraging Residual-Network-based deep semantic learning
and multi-label loss for improved edge localization and suppression of
non-edge pixels. In [34], an advanced ED technique was introduced
by classifying edges into four types (reflectance, illumination, normal,
depth) with independent decoders for feature extraction, spatial cue
integration, and attention-based refinement for precise predictions.

If the above approaches have been largely exploited on classical
computers, recently, significant progress has been made in developing
ED, and more in general, image processing algorithms for quantum
computers.

Image processing stands to benefit significantly from the paradigm
shift from classical to quantum computation. Although still an emerging
field, a growing body of literature [5,35-45] and several review arti-
cles [1,46-49] have already contributed to establishing quantum image
processing as a promising research direction.

Among the different methods proposed, we underline that recent
advances in quantum machine learning (QML) have shown encour-
aging results in image classification and beyond. The field of image
classification, in particular, has seen a surge of interest, with hybrid
quantum-classical convolutional neural networks (CNNs) explored for
both classification [50-58] and image generation [59,60].

Among the most promising approaches are hybrid quantum neural
networks (HQNNSs) [50], which combine classical deep learning archi-
tectures with quantum components such as parameterized quantum
circuits (PQCs). These hybrid systems aim to enhance representational
power while maintaining scalability through classical structures. How-
ever, it is important to note that most of these models have been
evaluated primarily in simulated environments, and their effectiveness
on real quantum hardware has yet to be fully demonstrated.

In [51], the authors introduce a quanvolutional layer, a quantum
counterpart to classical convolutional filters, where localized transfor-
mations are applied via random quantum circuits. Experiments on the
MNIST dataset suggest that quantum convolutional neural networks
(QCNNs) may outperform classical CNNs in both accuracy and training
efficiency.

Similarly, in [58] it is proposed a tree-structured hybrid encoding
scheme that combines angle and amplitude encoding, offering flexible
control over the depth and width of quantum circuits. Their quantum
CNN achieves faster convergence and higher accuracy than its classical
equivalent, even after dimensionality reduction. Again, these results
were obtained using quantum simulators, as current hardware remains
constrained in terms of qubit count and noise levels.
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Among the recent quantum image processing applications, we can
find various methods for quantum ED. However, most of these differ
significantly from the approach presented in this work. Specifically,
our method is designed to run on currently available NISQ devices,
while many existing approaches remain theoretical or are tailored for
future fault-tolerant quantum computers. Some of these methods, such
as the quantum SUSAN ED classifier in [44] and the approach in [37],
are based on quantum or quantum-inspired genetic optimization algo-
rithms and thus fall outside the scope of optimization-free techniques.
Others attempt to replicate classical gradient-based ED algorithms in
the quantum setting. For example, in [41], the authors propose a
quantum version of the Marr-Hildreth ED algorithm that employs quan-
tum multipliers and adders. However, the circuit complexity of this
implementation renders it infeasible for execution on NISQ hardware.

Similarly, several works — including [39,42,43] — have developed
quantum versions of the Sobel operator. These approaches rely on a
COPY operation and a quantum black box to calculate image gradients
in parallel. Yet, to date, no efficient or scalable implementation of these
operations exists for current quantum devices. The QLaplacian method
presented in [40], which combines a classical Laplacian operator with
the NEQR image encoding model [36], also requires a fault-tolerant
quantum computer to be implemented effectively.

In [38], the authors simulate a quantum image encoding scheme
where pixel values are represented in amplitude, and positions in
computational basis states. For edge detection, they propose a quantum
algorithm that uses only a single-qubit operation, independent of image
size. While theoretically elegant, this method requires full quantum
encoding of the image and an exponential number of measurements
to extract edge information classically, making it currently impractical
for real-world applications.

Unlike the works mentioned above, in [45], the authors present
one of the first quantum edge detection (ED) methods that like our
approach is executable on real NISQ devices and tested on simple
real-world images. In this approach, the quantum computer is used
to compute the inner product between image gradients and an edge-
detection mask. For a one-dimensional mask, it requires a single-qubit
circuit for each gradient direction, which can be executed sequentially
or in parallel. The total depth of the transpiled circuit related to a
given direction, in the ibmq sherbrooke backend, is 6, resulting in an
execution time of approximately 1.3 ps. However, as the dimensionality
of the mask increases, the circuit complexity grows significantly. For
a two-dimensional mask, three qubits are required, and the transpiled
circuit reaches a depth of 58, with an estimated execution time of
about 7 ps. Nevertheless, the quantum component in their framework
is limited to computing inner products, with the final edge decision
delegated to a classical hard thresholding function. While this marks
a notable step forward, it still suffers from well-known drawbacks of
classical thresholding—such as sensitivity to noise, limited adaptability,
and suboptimal edge localization. In contrast, our fuzzy-based approach
performs the actual edge inference on a quantum device, providing
greater flexibility and robustness in decision-making and potentially
improving edge quality in noisy or low-contrast scenarios.

Considering the above literature analysis, the proposed paper con-
sists of the first application of a QFIE for image ED executed on NISQ
devices. Our approach addresses the need for quantum algorithms that
can perform effectively on NISQ devices. Experimental results demon-
strate that our classical fuzzy inference system for ED matches the
efficiency of other state-of-the-art methods. Moreover, it offers a sig-
nificant advantage: its seamless adaptability to quantum devices while
requiring minimal quantum resources. Notably, the results achieved
using IBM’s NISQ devices are comparable in quality to those obtained
on classical computers.
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3. Basic concepts
3.1. Gradient based methods for edge detection

Given an observed two-dimensional image I, ED can be seen as
a step of the instance segmentation task, aimed at finding the curve
B that approximates the boundaries of the regions/components of I.
Variational approaches to ED problem require the minimization of
an energy functional structured as the sum of a data fidelity term,
which measures the distance (according to a defined norm) between the
observed image I and the reconstructed image f, plus a regularization
term, which encodes prior information on the properties of the required
solution [61,62]. Let 2 c R? be the image domain and B c 2 a set
of smooth boundaries, separating regions in the image I, a general
formulation of the problem takes the form,

minE(f,B):A/(f—I)zds+/ IVf|%ds +y|B|, (¢))
Q

where A,y > 0 are suitable parameters and |B| is the length of B [63].
This model aims at providing the estimation of both a smoothed ver-
sion f of the observed image I and the boundaries B, simultaneously.

Problem (1) can be solved by deriving the corresponding Euler—
Lagrange equations and applying finite-difference schemes (optimize
then discretize approach) or, alternatively, one can first discretize the
problem and then apply a suitable numerical optimization method
(discretize then optimize approach). Under special assumptions, a solu-
tion of the variational problem can be equivalently formulated as the
convolution with a specific kernel operator (see, e.g., [64]). Indeed,
this ties in with different techniques that proceed by separating the task
into a pre-filtering phase, where the image is preprocessed for a certain
purpose (e.g., denoising/deblurring) followed by an ED phase based on
the identification of discontinuities in image gradient magnitude, i.e. by
finding the maximum value of the first derivative, or zero-crossing of
the second derivative. These types of methods have gained popularity
for their ease of implementation and computational efficiency; they rely
on the observation that pixel intensity shows a sudden change at the
boundary between objects. In particular, given an image I, the first
partial derivatives along the two directions x and y can be computed
by finite difference approximations at one-pixel intervals. For example,
using backward difference, for any pixel (x, y), we have

II(x,
I, = f}%” ~ I(x—1,y) - I(x.), @
AI(x,
I, := % ~ I(x,y=1)=I(x,y). ®)
y

The results of these operators are equivalent to the convolution of
the image by suitable kernels. Indeed, given two discrete functions
represented, respectively, by a matrix A € R™" (the kernel) and a
matrix B € R¥, the convolution is the (n + k — 1) X (m + p — 1) matrix
defined component-wise as

[A = B];; = Z 2 AyBi_ i1 j-it1> 4)
1

N
where s = max(1,i—n+1) ... min(i, m) and ¢ = max(1, j—k+1) ... min(j, p).
Thus, the expressions (2)—(3) correspond to the convolution of the
image by vectors G, = [~1,1] and G, = [-1, 117, respectively, i.e. the
gradient of the image can be approximated pixel-wise as

G, x1
VI(x,y) » [Gy N I] , 5)
with prefixed boundary conditions.

Hence, an approximation of the gradient magnitude at pixel (x, y) is
given by

IVIG Il = /G2 + G2, ®)

and the corresponding direction can be estimated by the angle formed
with the x axis

G,
0 = arctan o @]

X
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which corresponds to the direction of maximum change of pixel in-
tensity, therefore, the magnitude of the gradient provides the amount
of this change. Well-known ED techniques [13,14,16,17] arise from
variants of the previous scheme, by computing more accurate discrete
approximations of the first-order partial derivatives along two perpen-
dicular directions, considering n X n convolutional kernels with n > 2
(small), and then detecting the edges by thresholding the gradient
magnitude.

3.2. Quantum computing

Quantum Computing is an innovative computational paradigm that
exploits qubits as basic information units. Differently from a classical
bit, a qubit is a two-level quantum state that can be expressed as

lw)=al0)+£I1), ®

where a,f € C and |a|* + |#|> = 1. Physically, once a qubit is
measured a classical bit is retrieved, and the stochastic result will be 0
or 1 with a probability of |a|? and || respectively. A quantum state
describing a system composed of n qubits is given by the tensor product
of single-qubit states and it can be expressed as

211
lw)= Y ali), ©)
i=0
where i is the integer representation of the binary bit-string represent-
ing one of the 2" basis states. The qubits are manipulated through
unitary operators, which are physically implemented as quantum gates.
Therefore, a quantum algorithm can be formulated as a quantum circuit
composed of a sequence of quantum gates, transforming an input
quantum state into an output quantum state. From the latter, classical
output information can be retrieved by executing the quantum circuit
several times and measuring the qubits of interest. The number of
repetitions is usually named as the number of shots.

By exploiting the peculiarities of quantum superposition, entan-
glement, and interference, many quantum algorithms that outperform
the capabilities of their classical counterparts have been proposed.
For instance, very well-known representative examples are Shor’s al-
gorithm [65] and Grover’s algorithm [66]. The former is an effi-
cient quantum algorithm for integer factoring. This problem does not
have a classical solver that can factorize an integer n encoded with b
bits in polynomial time, while Shor’s algorithm achieves the goal in
O(b® log b) time, using O(b? lognloglogn) quantum gates. On the other
hand, Grover’s quantum algorithm searches for one marked entry in an
unstructured, unordered list of N entries, using only O(\/W ) queries
instead of the O(N) queries required classically. However, for the
practical usage of these algorithms, a fault-tolerant quantum computer
equipped with thousands of qubits would be required. Conversely,
although the development of quantum hardware has been impressive
in the last decade, today’s quantum hardware is still characterized by
a limited number of qubits (a hundred or so) that are extremely noisy.
These devices are known as NISQ computers [6].

To model quantum noise, one usually uses the density matrix for-
malism, which generalizes pure states to also include mixed states—
statistical mixtures of pure states affected by decoherence or noise. The
density matrix is defined as

p=p ’wj)(wj’, (10
J
and for a pure state |y ), reduces to

p=ly)wl. 1)

More generally, noisy processes are modeled by quantum channels
using Kraus operators, namely,

Ny =Y KioK]. a2
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Many types of errors can occur, like the readout error, that flips the
outcome with probability r,

Nio(p) = =rp+rXpX, (13)

or the Depolarizing channel, where the state p is replaced by a uniform
mixture of the three Pauli errors with total weight s,

Ndep(p):(l—s)p+§(XpX+YpY+ZpZ). a4

Other types of error are, for example, bit flip error, phase flip error, and
amplitude damping. Their Kraus decomposition can be read in [67].

These models are essential to understand and mitigate noise in
NISQ devices. Since noise is non-negligible in such systems, it can
significantly affect computational outcomes. Consequently, finding ac-
tual quantum advantages exploiting quantum algorithms suitable for
being executed on NISQ devices is the current most important topic in
quantum computing. The proposed paper moves an important step in
this direction, by designing an efficient fuzzy system for performing ED
on images, whose engine is implemented as a quantum algorithm that
can be executed even on NISQ devices. The next section highlights the
peculiarities of this quantum fuzzy inference engine.

3.3. The quantum Fuzzy inference engine

This section aims to summarize the principal aspects of the QFIE
introduced in [11]. This algorithm exploits an amplitude encoding of
fuzzified values in quantum states and a formalization of the rule base
of an FRBS as a Boolean quantum oracle that can be implemented
as a set of gates on a quantum computer. To detail these two pecu-
liarities, let us consider a fuzzy system composed of n input variables
X1, Xy, ..., X, with m fuzzy sets defined over the related universe of the
discourse and one output variable y with m, fuzzy sets. Also, let us
denote the fuzzy sets defined for the ith input variable as S’,Sé, S,"n
and the fuzzy sets for the output variable as B, 53,, ... B,,. Finally, let
us suppose that the fuzzy system has a complete set of rules expressed
as

IF (x; is S}) and (x, is S}) and (x, is S}) THEN y is 5,, (15)

where j, [, n can be any integer between 1 and m, whereas r is an integer
between 1 and m,,.

Fig. 1 reports the workflow of a fuzzy system equipped with the
quantum fuzzy inference engine. According to such a workflow, the
first step in a fuzzy system equipped with QFIE consists of performing
classical fuzzification. Therefore, denoting with X; the crisp input
value for the variable x;, it is computed the membership degrees
/A’i(X,-), yé(Xi), ..., 1L (X)) of X; to each fuzzy sets S'}Sé, ... S!. For the
sake of simplicity in the mathematical notation it will be used hereafter
to describe QFIE, let us suppose that for each fuzzy variable, the related
fuzzy sets form an exact fuzzy partition, i.e.

m

Zﬂ;(xi)=1 Vi e [1,n]. (16)
j=1

At this point, the quantum circuit implementing QFIE consists of n + 1
quantum registers. The first n registers contain the information on the
fuzzified input values and each of them is composed of 1 = [log,(m)]
qubits, whereas the remaining register is composed of m, qubits. Each
input register is initialized as

v = 3 X0 |si). a7
j=1

where with abuse of notation, the bitstring representing the basis state
whose amplitude is ,uj. (X;) is represented with the same notation of
the fuzzy set S/’ The initialization in Eq. (17) is possible if the condition
in Eq. (16) holds. However, as discussed in [11] this encoding strategy
is possible even if it is true the lighter condition 27':1 y}(X D) <1.In
that case, it is required to add a qubit to the ith quantum register and
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Quantum Fuzzy Inference Engine

Fig. 1. Workflow of a fuzzy system equipped with the QFIE.

a. Original

b. Grayscale

Fig. 2. Swan photo from BSDS-500 dataset [12] in RGB (a) and grayscale (b) color models.

encode the quantity /1 — Z;.’;l ,u} (X;) as the amplitude of a basis state
that does not correspond to any fuzzy set.

By repeating the initialization in Eq. (17) for all the input registers,
the overall state describing the n registers will be expressed as

n—1n-1 n—1
W)= 2 XA XDl e (X,) [SLSE o ST). (18)
j=01=0 k=0

In other words, thanks to the tensor product between the states
initialized as in Eq. (17), the resulting quantum state is a state having
encoded in each amplitude the fire strength of a different possible
antecedent of the rules expressed as in Eq. (15) computed by using the
product t-norm. As suggested in [11], by denoting with A, the set of
all possible antecedents, the state in Eq. (18) can be rewritten as

lvy= Y VF,la). a9
acA;

At this point, a quantum oracle is used to create entanglement
between the antecedents and the related consequents. In detail, each
consequent fuzzy set is represented in the output quantum register as
the basis state having all zeros and just one qubit in the state |I).
Explicitly, the output fuzzy set B, is represented by the state [100...0),
the output fuzzy set B, by the state |010...0), etc... Considering this, a
quantum oracle O, is applied to the quantum circuit and it results in

luy) =0, lw)[0) =D 3 VF,la)|B), (20)

i=1 ge AL

where A’ is used to denote the subset of antecedents in A, that have
as consequent in the related rule the output fuzzy set B;. This quantum
circuit is executed for a given number of shots N, in order to retrieve
the probability of measuring each bitstring 53; in the output register.
From Eq. (20) it is easy to see that, by measuring the output register,
the probability of getting |5;) is given by

Ps = Y F, Vie[l,myl. @1

ae AL

Subsequently, the set of probabilities {Pg, }:":Y1 is used by an impli-
cation operator which performs the following action:

;4;" = min(Pg,, up, (), 22)

where with g (y) it is denoted the membership function describing the
output fuzzy set 5;. Finally, the aggregation operator combines all the
cut output membership functions » by using the maximum co-norm
operator. This results in an output fuzzy set that can be classically
defuzzified to obtain the crisp output value. Commonly used defuzzi-
fication approaches are the centroid defuzzification or the Largest of
Maximum (LOM) [68].

According to the analysis carried out in [11], in terms of oracle
queries the computational complexity for QFIE is O(n), whereas the
computational complexity of an equivalent classical fuzzy system is
o(m").

4. Quantum Fuzzy logic for the edge detection problem

This section aims to introduce the proposed QFIE-based FRBS for
ED. Specifically, it first presents the classical equivalent FRBS for this
task, then, explores how the QFIE, as introduced in [11], can be
exploited to develop the quantum engine of such an FRBS. Finally,
it discusses how this quantum algorithm can be strongly optimized,
obtaining a much shallower equivalent quantum circuit, optimal for
execution on NISQ devices.

4.1. Classical FRBS for edge detection

As described in [69], gradient-based methods (Section 3.1) can be
effectively combined with FRBSs for robust edge detection. These ap-
proaches overcome the limitations of the hard thresholding techniques
in the presence of noise in the images. To detail how FRBS can be
used to infer edges, let us consider a given image that is converted
from its RGB color model to grayscale, with gray levels ranging from 0
(black) to 1 (white). An example is reported in Fig. 2. On this grayscale
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a. Gradient along X-axis

b. Gradient along Y-axis

Fig. 3. Gradient along x (a) and y (b) axis computed on the grayscale version of the swan photo.
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Fig. 4. Workflow of FRBS-based edge detection process.

image, it is possible to compute the axis gradients I, and I, according
to Eq. (5). The result of the two gradient operations is reported in
Fig. 3. By using these quantities, it is possible to discriminate a pixel
that lies in a uniform region from a pixel on an edge. Indeed, in the
former scenario, the gradient of the pixel will be close to zero in both
directions, whereas in the latter case at least in one direction there
will be a non-zero gradient. The FRBS has the goal of highlighting the
pixels on the edges, generating a new image where these pixels are
represented as black, while the pixels belonging to uniform regions are
depicted as white. Unlike a simple threshold-based method, which may
struggle with noise and weak edges due to its rigid decision boundaries,
FRBS provides a more adaptive approach by incorporating gradual
transitions between edge and non-edge pixels. This flexibility allows for
better edge preservation and robustness in varying image conditions.
The whole image representing the edges is obtained by running this
inference process on all the n x n pixels of the input image. Fig. 4
graphically summarizes the aforementioned workflow.

According to [69], a FRBS suitable to perform this inference process
is composed of two input variables I, and I, ranging from -1 to 1 and
the output pixel intensity (P;) variable ranging from O to 1. For the
former, two fuzzy sets named one and zero are defined, or, equivalently,
one and NOT one. The membership functions for these fuzzy sets are
Gaussian functions of the form

(x=¢)?

f(x,0,c)=¢ 22 , (23)

with ¢ =0 and ¢ = 0.1, and are reported in Fig. 5a.
Note that for both the input variables, exact fuzzy partitions are

defined, i.e., the sum of the two membership degrees is always one,
HoX)+p(x)=1 Vxel[-1,1], (24)

where by x is denoted the generic value of I, and I,, while p(x)
and p(x) represent the membership degree of x to the fuzzy sets

zero and one, respectively. Similarly, for P; two fuzzy sets are consid-
ered, namely black and white. These are modeled respectively through
L-trapezoidal, defined as

1, x<a
pug(x) = IIJ;_T;’ a<x<b (25)
0, x> b,

with ¢ = 0.0 and » = 0.7, and R-trapezoidal membership functions,
defined as

, x<a
sy (x) = E, a<x<b (26)
1, x> b,

with @ = 0.1 and b = 1.0. These are reported in Fig. 5b.
The set of If-Then rules representing the rule base of this FRBS is
composed of two rules, namely:

if I, is zero AND I, is zero THEN P; is white
if I, is one OR I, is one THEN Py is black
The next section details how this FRBS can be adapted to be
equipped with the QFIE introduced in Section 3.3 to perform the fuzzy
inference process on quantum computers.

27)

4.2. QFIE-based implementation of FRBS for edge detection

This section discusses the integration of the QFIE, introduced in
Section 3.3, into the fuzzy-based ED mechanism illustrated in Fig. 4.
Specifically, the QFIE replaces the classical inference engine in the
FRBS, enabling the execution of fuzzy rules evaluation on a quantum
computer. However, the original QFIE proposed in [11] is capable of
firing fuzzy rules where the antecedent part is composed solely of AND
connections between the different clauses. Consequently, to perform
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Fig. 6. QFIE quantum circuit.

the inference process of the aforementioned FRBS through QFIE, it
is necessary to modify the original rule set described in (27). The
equivalent set of fuzzy rules is reported in (28).

if I, is zero AND I, is zero THEN P; is white
if I, is one AND I, is zero THEN P, is black
if I, is zero AND I, is one THEN P; is black
if I, is one AND I, is one THEN Py is black

(28)

By considering this set of rules, and the membership functions reported
in Fig. 5 it is now possible to analyze the quantum circuit implementing
the related QFIE. The condition of an exact fuzzy partition for both
the input variables is true (see Eq. (24)). In this case, just one qubit
for each input variable is used to encode the fuzzified values as de-
scribed in Eq. (17). On the other hand, according to the original QFIE
algorithm, the output register is composed of a number of qubits equal
to the number of fuzzy sets defined in the output variable universe of
discourse, which in the above FRBS is two. Overall, the quantum circuit
implementing QFIE for this FRBS is composed of = 4 qubits. Finally,
according to [11], the quantum oracle in Eq. (20) is implemented
through L multi-controlled not gates, where L is equal to the number
of fuzzy rules in the rule-base. Fig. 6 reports the whole quantum circuit
implementing the QFIE for the FRBS for ED.

Formally, let us consider two input values I, and I, for the gradients
computed for the pixel (x, y) of a given input gray image. The input
registers of the quantum circuit implementing QFIE would be initialized
by exploiting the method introduced in [70] as follows

vi) = Vi10)+ Vi ).
i,y = Vi) 10)+ Vi),

Therefore, the overall input state of the circuit can be explicitly defined
as

[wr) = \/HoUL)Ho(1,) 100) + 4/ Ho(L )y (1,) |01) + 30)
1/ T ugUy) 110) + /i (L) u (1) [11) .

(29)

After the application of the quantum oracle on this input state and the
output state initialized in |00), the state describing the whole set of
qubits will be

O |w;.00) = \/uo(L)Ho(1,) 100, 10) + /pg(L)py (1) 101,01) +
4/ (T)po(1,) 110,01) + [y (L) (1,) [11,01) .

Finally, the two output qubits are measured, and the following two
probabilities can be retrieved

P, = P(110)) = uy(I (1),

(31)

(32)
Py, = P(|01)) = po(L ) (L)) + uy (L)po L) + py (L) (1)

The probabilities P,, and P, are then used to perform the implication
step as in Eq. (22). Finally, after the aggregation, the output fuzzy set
can be classically defuzzified to obtain the pixel intensity of the new
image.

4.3. Optimized QFIE for edge detection

This section details how it is possible to modify the QFIE quantum
circuit reported in Fig. 6 to obtain an equivalent and more efficient
quantum circuit both in terms of depth and number of qubits. This
new version of QFIE requires one qubit for each input variable and one
qubit also for encoding the information on the output variable. This
reduces the overall width of the quantum circuit to #,,, = 3 qubits.
As for the standard QFIE, the first step is the initialization of the two
quantum states related to the two input variables. These are initialized
as in Eq. (29), but not using the initialization approach proposed in [11]
based on the methodology introduced in [70]. Indeed, it is possible to
obtain the quantum states in Eq. (29) just by using an R, gate with a
properly defined angle 6. Considering that R () is defined as

cos?  —sinl
RO = .} P B (33)

sin = COS =
2 2

the states in Eq. (29) can be obtained by setting the two relative angles
as

0, = 2arccos(\/m>; 0, = 2arccos(, /Mo(Iy))- (34)

Secondly, the structure of the quantum oracle O, can be reduced
to an equivalent quantum oracle O; composed of a single Toffoli gate,
reducing the whole quantum circuit to the one reported in Fig. 7.

Indeed, the application of this quantum oracle to the state reported
in Eq. (30) and on the output qubit initialized in |0), results in the state
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Fig. 7. Optimized quantum circuit.

0% |w;.0) = \/ Ho(L)o(1,) 00,0) + y / so(L)py (1) 101, 1) +
A 1T 110, 1) + 4/ (L )p (1) 111, 1) .

At this point, the probability of measuring the output qubit in the
state |0) and in the state |1) are respectively equal to the probabilities
P, and P, defined in Eq. (32). Therefore, the same implication and
aggregation steps as for the standard QFIE can be performed to obtain
an equivalent output fuzzy set, from which the pixel intensity can be
retrieved by means of a classical defuzzification approach.

To summarize, the proposed optimized version of the QFIE quantum
circuit for fuzzy inference in ED requires fewer qubits and a reduced
number of gates compared to the standard QFIE implementation. No-
tably, the number of multi-controlled NOT gates reduces from four in
the standard version to just one. More importantly, this optimized cir-
cuit exemplifies an early tangible advantage of the quantum approach
over its classical counterpart. Even in the standard QFIE, a single oracle
query suffices to complete the inference process, whereas a classical
FRBS requires as many oracle calls as there are rules in the rule base.
However, the construction of the quantum oracle in the standard QFIE
still involves a number of multi-CNOT gates that scale linearly with the
number of rules. In contrast, the proposed optimized version requires
only one multi-CNOT gate to implement an equivalent oracle, whereas
in the classical case, two rules must be executed.

(35)

4.4. Performing edge detection on NISQ devices

In Sections 4.2 and 4.3, it was shown how it is possible to implement
the quantum circuit of QFIE to replace the classical inference engine
of FRBS introduced in Section 4.1. Both the standard implementation
of QFIE (Fig. 6) and its optimized version (Fig. 7) result in quan-
tum circuits that are small enough to be executed on current NISQ
hardware. However, two important clarifications need to be made.
Firstly, each Toffoli gate in the quantum oracles must be transpiled
according to the backend on which the operator must be executed.
Indeed, on current superconductive quantum devices, it is possible to
execute only operations involving one or two qubits simultaneously.
The transpiled quantum circuit is therefore much more complex than
the original one, and for this reason it is very sensitive to quantum
noise. As an example, Fig. 8 reports the transpiled quantum circuit
on the ibmgq sherbrooke quantum processor of a single Toffoli gate
having the first two qubits as control and the latter one as the target.
On this basis, the optimized QFIE offers a significant reduction in
quantum resource usage compared to its standard counterpart. In fact,
as reported in Table 1, using the ibmq sherbrooke quantum processor as
a reference, the transpiled optimized circuit achieves a 78% reduction
in circuit depth (from 198 to 43) and an 80% reduction in the number
of two-qubit gates (from 44 to 9) compared to the unoptimized version.
As a consequence, the execution time, evaluated using the intrinsic
function schedule of qiskit, gives 27.98 ps for the standard QFIE circuit
and 4.45 ps for the optimized circuit. For reference, the ibmq_sherbrooke
device has a median relaxation time (T,) of approximately 261 ps and
a median dephasing time (T,) of approximately 210 ps. Therefore, both

Applied Soft Computing 185 (2025) 113866

Table 1
Comparison between the standard and optimized QFIE circuit features before
and after transpilation on the ibmq sherbrooke backend.

Feature Standard QFIE Optimized QFIE

Original Transpiled Original Transpiled
Number of qubits 4 4 3 3
Circuit depth 11 198 5 43
One-Qubit gates 243 52
Two-Qubit gates 44 9
Execution time 27.98 ps 4.45 ps

the standard and optimized circuits execute well within these coherence
times, and the significant reduction in execution time for the optimized
circuit provides increased robustness against decoherence effects.

It is worth noting that these execution times, obtained using Qiskit’s
intrinsic schedule function, reflect the pulse-level duration of the cir-
cuits. The actual end-to-end execution time on the ibmgq sherbrooke
backend, which includes circuit loading, calibration sequences, multi-
ple repetitions, and qubit reset, is considerably longer. For both the
standard and optimized circuits, this total execution time is approx-
imately 1 s. Nevertheless, the substantial reduction in circuit depth
and gate count for the optimized QFIE still provides clear advantages
in terms of error accumulation and robustness, despite the similar
end-to-end durations.

This consideration underscores the significance of optimizing the
QFIE quantum circuit, as introduced in Section 4.3, for ensuring the
reliable execution of this algorithm on NISQ devices.

Secondly, to perform ED by exploiting the proposed QFIE-based
FRBS on an input image with resolution n X n, it would be required
to execute the quantum circuit implementing QFIE »? times, i.e. one
execution for each pixel of the image. However, given the challenges
associated with accessing current NISQ devices due to their extensive
queue times and limited computational resources, this approach is
impractical for ED on real-world images. To address this challenge,
this paper proposes a workaround. Specifically, the FRBSs can be
executed by receiving input from every possible gradient value pair,
ranging from —1 to 1, with a given step, and obtaining the related
P,. These results are stored in a lookup table so that, given an image,
the edges are then detected by mapping each pixel’s gradient pair
to the closest gradient pair in the lookup table and obtaining its
intensity value in grayscale. Considering this, the proposed QFIE-based
inference mechanism for ED can be described as a hybrid approach,
where the construction of the lookup table is carried out by using
the quantum algorithm, while the inference from the lookup table is
executed classically.

It is important to emphasize that the adoption of the lookup table
is a pragmatic workaround necessitated solely by the current limita-
tions in the accessibility of quantum hardware. As quantum computing
technologies continue to advance, increasing the accessibility to these
devices, the direct application of the QFIE for real-time inference
will become increasingly feasible, thereby rendering the lookup table
unnecessary.

5. Experiments and results

This section presents the experiments conducted to evaluate the ef-
fectiveness of the optimized QFIE-based FRBS for ED. The experiments
consist of three main steps:

1. First, a comparison is made between the standard QFIE-based
FRBS and the optimized QFIE-based FRBS. This evaluation, de-
tailed in Section 5.1, focuses on analyzing the lookup tables
generated by both methods and their feasibility for execution on
NISQ devices.
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Fig. 8. Toffoli decomposition on ibmgq_sherbrooke.

2. The second experiment, detailed in Section 5.2, involves a com-
parison of the optimized QFIE-based FRBS with a classical FRBS.
This is achieved by applying both methods to ED on images
from the BSDS-500 dataset [12]. This dataset comprises 500
full-color (RGB) natural images, in JPG format, with typical
resolutions around 481 x 321 pixels, available in both horizontal
and vertical orientations. It features diverse scenes and lighting
conditions, making it a valuable benchmark for edge detection
and other image processing tasks as testified by the large number
of methods using it [71-77]. Additionally, we have verified
that the statistical properties of the BSDS-500 dataset are fully
consistent with those of other widely used benchmarks, such
as COCO [78] and VOC2012 [79]. In particular, the gradients
and grayscale distributions across the three datasets confirm that
BSDS-500 is a representative benchmark for natural images. To
assess the quality of detection with respect to other well-known
methods, the subsection includes a comparison of both QFIE-
based FRBS and classical FRBS with Canny [13] and Sobel [14]
filters.

3. Lastly, in Section 5.3, an analysis was conducted to assess the
quantum noise resilience of the optimized QFIE circuit. This
evaluation was carried out through simulations under various
noise models, reflecting realistic conditions encountered on cur-
rent NISQ devices, in order to investigate the robustness of the
proposed approach under different levels of quantum noise.

5.1. Optimized versus standard QFIE implementation

This section aims to compare the lookup tables described in Sec-
tion 4.4 obtained when using the quantum-based FRBS equipped with
the standard or the optimized version of QFIE to the one obtained by
using the classical FRBS. In detail, the quantum algorithms are executed
under three conditions:

 Noiseless Simulations: Ideal conditions without quantum noise.

» Noisy Simulations: Simulated quantum circuits incorporating
realistic noise models.

» Real Hardware Execution: Implementation on actual NISQ de-
vices.

The lookup tables are analyzed through their graphical representation
as control surfaces, i.e. 3D plots where each input point (x, y) corre-
sponds to gradient pairs (I,, I,), and the z-axis represents the output
pixel intensity P;. In all experiments, the gradient step is set to 0.1,
resulting in lookup tables with 21 x 21 entries. The significance of this

step size in ED is further discussed in Section 5.2.3. To numerically
compare the different control surfaces, two metrics will be consid-
ered [80]. Say .S and S’ are two control surfaces to compare, the first
metric considered is the root mean square deviation (RMSD)

(36)

where r; and r/ represent the three-dimensional coordinates of the ith
point on surfaces S and .S/, respectively, and N is the total number of
surface points.

The second metric is the Hausdorff distance (HD)

HD = max {sup d(r,S"), sup d(x’, S)} , 37)
res r'es’

where d(r,S’) denotes the Euclidean distance between a point r on .S
and the surface S’, and vice versa. Both metrics approach zero in the
limit where the two surfaces are identical.

5.1.1. Experimental setup

This section reports all the details required to replicate the experi-
ments presented in Section 5.1.2. To ensure a fair comparison between
the three FRBSs considered, all of them have been equipped with a LOM
defuzzification approach. The experiments carried out with the classical
FRBS were performed by exploiting MATLAB, whereas the experiments
involving the two versions of QFIE were performed by using the Qiskit
SDK. In detail, the noisy simulations of both the standard and the
optimized QFIE quantum circuit were performed by exploiting the Fake
Sherbrooke backend, i.e. a quantum simulator that mimics the behavior
of ibmq sherbrooke quantum processor. In the end, the experiments
carried out on real quantum hardware were computed by exploiting
the ibmgq_sherbrooke device, a 127-qubit device from IBM Quantum. The
number of quantum circuit shots set for both the simulations and the
execution on real hardware was 1000. Finally, the stability of the
results with respect to this quantity is also discussed at the end of the
section.

5.1.2. Experimental results

Fig. 9a reports the control surface obtained by using the classical
FRBS to compute the output pixel intensity on the grid of gradient
values ranging from —1 to 1 with steps of 0.1. This control surface
reflects the fuzzy rule-set (27) and the membership functions in Fig.
5: pixel intensity (z-axis) has a spike around 0 gradient (x/y plane)
and is 0 everywhere else. Similarly, the control surface in Fig. 9b
has been obtained by running, respectively, the standard QFIE circuit
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Fig. 11. Control surfaces on the noisy quantum simulator (a) and on the NISQ device (b) for the optimized QFIE.

and the optimized QFIE circuit on an ideal quantum simulator. Since
Section 4.3 demonstrates the equivalence of these two quantum circuit
implementations in the absence of noise, they produce identical results.
Notably, the obtained surface closely aligns with the classical one.

Subsequently, Fig. 10a and b report the control surface obtained
by using the FRBS equipped with the standard QFIE, under noisy
simulation and real hardware execution, respectively. A similar process
was followed for the optimized QFIE, producing the control surfaces in
Fig. 11a and b.

Both the surface obtained from the noisy simulation of the standard
and the optimized QFIE present a structure similar to the results ob-
tained on the ideal simulator (Fig. 9b), with small deviations generated

10

by the introduction of the noise in the simulation. The effect of these
fluctuations is in general more evident in the zone with pixel intensity
around zero, while no appreciable modifications appear at first glance
to pixels with intensity close to one. However, the situation changes
drastically when considering the experiments performed on the actual
quantum device. The much deeper quantum circuit of the standard
QFIE version is indeed much more sensitive to the quantum noise of the
ibmgq_sherbrooke device than the optimized counterpart. The simplifica-
tion of the optimized circuit (Fig. 7) with respect to the standard one
(Fig. 6) actually produced more reliable results, with a control surface
almost overlapping with the one from its ideal simulator in Fig. 9b,
exhibiting a much smaller impact of noise on the results.
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Table 2
RMSD and HD between the control surfaces obtained with the classical FRBS
and the quantum alternatives.

Standard QFIE

Optimized QFIE

RMSD HD RMSD HD
Noiseless simulation 0.0079 0.2488 0.0078 0.2429
Noisy simulation 0.0724 0.3571 0.0179 0.2412
NISQ hardware 0.2569 1.6250 0.0271 0.2396

To explain the big difference between the control surface obtained
with the standard QFIE approach in the noisy simulation scenario and
in the execution on the real hardware, it is important to highlight
that there can be important differences between the noisy model in
the simulation and the noise that affects the computation on the real
quantum hardware. As an example, considering the qubit labeled as 0
in the ibmgq sherbrooke processor, it is possible to see that the readout
error on that qubit moves from a value of 0.0049' in the noise model
of the simulation backend, to a value 0.0168°> obtained from the
calibration data of the actual quantum device.

To quantitatively assess the similarity between control surfaces,
RMSD and HD metrics (Egs. (36) and (37)) were computed, using the
classical FRBS surface as a baseline. The results, summarized in Table
2, reveal that the optimized QFIE achieves an RMSD approximately
10 times lower than the standard QFIE when comparing the quantum
hardware execution to the noiseless simulation, and 4 times lower when
comparing the noisy simulations.

As expected, for the standard QFIE, these distance metrics increase
accordingly with noise, being maximum for the surface computed using
real quantum hardware. In contrast, the optimized QFIE maintains
stable metrics across different execution environments, confirming its
robustness against quantum noise and its suitability to be run on NISQ
devices. As a final comparison between the two QFIE variants, we
investigated how the number of shots affects the resulting control
surfaces. Specifically, we evaluated the control surfaces produced by
the Standard and Optimized QFIE using 500, 1000, 5000, and 10000
shots. Fig. 12 shows that, with respect to the chosen metrics - RMSD
(a) and HD (b), computed using the classical surface as reference - the
results are largely insensitive to the number of shots. This observation
supports the choice of 1000 shots for both simulations and hardware
executions.

5.2. Edge detection experiments with optimized QFIE-based FRBS

The second part of our experiments consists of evaluating the capa-
bility of the optimized QFIE-based FRBS in performing ED compared to
the classical counterpart. In detail, the lookup tables shown as control
surfaces in Section 5.1.2 are exploited to perform ED on the images
from the BSDS-500 dataset. Firstly, Section 5.2.1 will introduce the
metrics used to perform the aforementioned comparison. Section 5.2.2
will analyze the results obtained complemented by a comparison of
the performances with Canny [13] and Sobel [14] methods. Finally,
in Section 5.2.3, a study is presented on how the ED capability of a
FRBS approach based on the lookup table changes according to the
dimensionality of the table.

5.2.1. Metrics for image analysis

To assess the quality of the results of the proposed quantum FRBS
approach in performing ED, three comparison metrics have been taken
into account. These metrics are full-reference, i.e., an input image is

1 This value is related to the date 27-05-2024.
2 This value is related to the date 20-02-2025.
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Table 3

Binary classifiers definitions.
Ground truth Prediction Definition
0 0 True positive
0 1 False negative
1 0 False positive
1 1 True negative

compared against a reference image, which is assumed to be the ground
truth. The first two metrics are Sensitivity

True Positives

Sensitivity = — —, (38)
True Positives + False Negatives
and Specificity
True Negatives
Specificity = & (39)

True Negatives + False Positives’

Both are binary metrics, hence for this purpose pixel intensity has been
approximated to 0 (black) when below 0.5 and to 1 (white) vice versa.
Positives and negatives are defined in Table 3.

In particular, Sensitivity (Eq. (38)) represents the ratio of how many
edge pixels are correctly predicted over the total number of edge pixels
in the ground truth image, evaluating the ability of the algorithm in
exam to predict edge pixels on a scale from 0 (every edge pixel is
wrongfully detected) to 1 (every edge pixel is correctly detected).

Specificity (Eq. (39)) represents the ratio of how many background
pixels are correctly predicted over the total number of background pix-
els in the ground truth image, evaluating the ability of the algorithm in
exam to predict background pixels on a scale from 0 (every background
pixel is wrongfully detected) to 1 (every background pixel is correctly
detected).

The third metric in the exam is the structural similarity index mea-
sure (SSIM), a full reference metric introduced in [81]. It has been
evaluated using the function structural_similarity of the python library
scikit-image [82], and is defined as

Cpypy + C(2oyy, + Cy)
W2+ p2+CO2+02+Cy)

SSIM(x, y) = (40)

where:

* u, and y, are the mean intensity values of images x (ground-
truth) and y,
+ o2 and o§ are the variances of x and y,

* oy, is the covariance between x and y,
» C, and C, are small constants to stabilize the division.

This formula provides a measure of the similarity between two images
by comparing luminance, contrast and structure, resulting in a more
suited solution for ED problems with respect to other methods such as,
for example, the well-known mean squared error [83]. In this sense, this
metric approaches one in the limit where the two images compared are
identical.

5.2.2. Results on the BSDS-500 dataset

This section aims to show the results of the experiments carried
out by performing ED through the optimized QFIE-based FRBS on the
images in the BSDS-500 dataset, which comprises 500 high-quality,
heterogeneous natural images.

In detail, the ED was performed by inferring the edges from the
control surfaces of the classical FRBS and the optimized QFIE-based
FRBS when computed both using the ideal simulator (Fig. 9b), the noisy
simulator (Fig. 11a) and the actual quantum machine (Fig. 11b). Some
representative examples are presented in Figs. 13-16, where given the
original image in the dataset (Figs. 13-16a), the edges were com-
puted by means of the classical FRBS (Figs. 13-16b) and by noiseless
(Figs. 13-16¢) and noisy simulations (Figs. 13-16d) of QFIE. These
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Fig. 12. RMSD (a) and HD (b) between the control surfaces obtained with the classical FRBS and the quantum alternatives for different numbers of shots.

d. Fuzzy Noisy Quantum Simulator

c. Fuzzy Quantum Simulator

Fig. 13. ED on a photo of a swan (a) computed by means of the classical FRBS
(b) by noiseless (c) and noisy simulations of the optimized QFIE (d).

c. Fuzzy Quantum Simulator

d. Fuzzy Noisy Quantum Simulator

Fig. 14. Same as Fig. 13 on a photo of an elephant.
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d. Fuzzy Noisy Quantum Simulator

c. Fuzzy Quantum Simulator

Fig. 15. Same as Fig. 13 on a photo of a polar bear.

results highlight the effectiveness of the proposed approach. In fact,
the objects are precisely delineated with clear boundaries across diverse
conditions, preserving considerable detail. From a visual point-of-view,
the results obtained through quantum simulations appear virtually
indistinguishable from classical implementations. The corresponding
examples processed on the real quantum device are shown in Fig. 17.
Remarkably, these results also appear visually consistent with both the
classical and simulated quantum approaches.

For a quantitative comparison between the optimized QFIE im-
plementations across different devices involved, using the classical
approach as baseline (ground truth), we evaluated Sensitivity, Speci-
ficity, and SSIM metrics. Table 4 presents the mean, minimum, and
maximum values computed across the entire dataset.

A striking observation is that Sensitivity consistently equals 1 across
all configurations, indicating a complete absence of false negatives
throughout the dataset — i.e. no edge pixel was misclassified as back-
ground. Equally noteworthy, Specificity also achieves perfect scores,
implying the absence of false positives — i.e. no background pixels
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Fig. 16. Same as Fig. 13 on a photo of a plane.

d. Quantum Swan

c. Quantum Plane

Fig. 17. ED for different cases on ibmq-sherbrooke NISQ hardware.

Table 4
Metrics on the whole dataset across different configurations and samples,
compared with classical results for the optimized QFIE.

Metric Configuration Mean Minimum Maximum
Sensitivity Simulator 1.0000 1.0000 1.0000
Noisy 1.0000 1.0000 1.0000
Quantum 1.0000 1.0000 1.0000
Specificity Simulator 1.0000 1.0000 1.0000
Noisy 1.0000 1.0000 1.0000
Quantum 1.0000 1.0000 1.0000
SSIM Simulator 0.9912 0.9793 0.9998
Noisy 0.9910 0.9786 0.9997
Quantum 0.9920 0.9809 0.9998

were misclassified as edges across the entire dataset. Furthermore, SSIM
approaches 1 for all three configurations, highlighting strong compati-
bility between different platforms, even for the real NISQ machine.
The same experiment was carried out for the FRBS equipped with
the standard QFIE. It also produced promising results; while Sensitivity
remains constantly equal to 1, Specificity shows a mean value of
0.9339, ranging from 0.7156 to 0.9981. These results, while showcas-
ing the presence of some false positives, still demonstrate remarkable
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performance. The SSIM metric yields similarly satisfactory results, rang-
ing from 0.3705 to 0.9944, with a mean value of 0.7572 and minimal
variability between methods.

To further evaluate the performance of the classical fuzzy engine
and the QFIE, it is worth analyzing their behavior with respect to well-
established ED methods. In particular, we focus on the Canny [13] and
Sobel [14] algorithms.

We fixed the SSIM metric over the entire BSDS-500 dataset, using
the ground truth annotations provided with the dataset to generate the
box plot shown in Fig. 18. In this figure, we compare four different edge
detection methods: Fuzzy Classic, Fuzzy Quantum (on ibmg-sherbrooke),
Canny, and Sobel.

As shown, all four methods exhibit minimum SSIM values close
to zero, corresponding to a subset of test images that are particularly
challenging for gradient-based edge detection techniques, as the one
reported in Fig. 19. The Fuzzy methods, however, reach near-maximum
SSIM values, indicating that under optimal conditions, they are capable
of producing very high-quality results. The absence of outliers in these
methods further highlights their consistency across varying image con-
ditions. The median SSIM values for both the Fuzzy Classical and Fuzzy
Quantum approaches are nearly identical, reinforcing the reliability of
the quantum model and its robustness to noise. Notably, their median
values are also higher than those of the Canny and Sobel methods.
Overall, both fuzzy-based techniques clearly outperform the traditional
algorithms in terms of structural similarity. This result is further con-
firmed by the performance profiles illustrated in Fig. 20, which shows
the distribution functions of the SSIM metric across the entire dataset,
following the benchmarking approach developed in [84].

In more detail, these profiles have been obtained assuming as a
performance measure of interest, for each image, the average value of
the SSIM over all available ground truths, denoted as SSIM,.,,. Since
the SSIM values range in the interval [0, 1], with higher values indi-
cating better similarity and image quality, we defined the performance
metric as (1 — SSIM.,,), in order to align with the minimization-based
framework of [84]. For each image I and method s, we then computed
the performance ratio r; ; as the ratio between (1 — SSIM,,.,,,) and the
best (i.e. the minimum) value achieved across all methods, namely

(1 - SSIMmean)I,x

= , 41
min{(1 = SSIMyeqn)7 s : 5 € S} (41)

rl,s

where S denotes the set of solvers. The corresponding performance
profile for each method s and threshold 6 > 1 is given by

ps(0) = %size {TeD:r; <0} (42)
where D and n; denote, respectively, the dataset of images and its
cardinality.

This function p,(0) represents the probability that method s achieves
a performance within a factor 0 of the best observed performance. In
particular, p(1) represents the probability that the corresponding solver
will win over the others, in other words, it indicates the proportion of
images for which method s delivers the best result. As shown in Fig.
20, both Fuzzy-based methods outperformed Sobel and Canny filters
on over 90% of the images, with a very slight difference between Fuzzy
classic and Fuzzy Quantum (less than 0.005).

5.2.3. Analysis on the granularity of control surfaces

As discussed in Section 4.4, an approach based on the construction
of a lookup table has been exploited for using the QFIE-based approach
on NISQ devices. This permits to build on time the lookup table,
with a given granularity in the input space of the FRBS to perform
then the inference on any image. The control surfaces showcased in
Section 5.1.2 enabled the graphical visualization of the lookup tables
obtained both for the classical FRBS as well as for the ones equipped
with the standard and the optimized QFIE computed by using different
backends. In detail, the said control surfaces have been computed
receiving in input every possible couple of gradient values (I,,1)),
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Fig. 18. Box plots for four different edge detection methods, Fuzzy Classic, Fuzzy Quantum, Canny and Sobel, using the SSIM metric on the whole BSDS-500

dataset adopting the ground truths provided by the dataset.
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d. Fuzzy Quantum

e. Canny
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f. Sobel

Fig. 19. Crocodile test image (a) with corresponding BSDS-500 ground truth (b) and corresponding edges determined with Fuzzy Classic (c), Fuzzy Quantum

(d), Canny (e), and Sobel (f).

ranging from —1 to 1, with steps of 0.1. The goal of this section is
to analyze how by changing the granularity of the input space in the
construction of these lookup tables changes the capability of the FRBS
in performing ED according to the metrics discussed in Section 5.2.1. To
this end, it has been carried out a study by comparing the ED capability
of a classical FRBS that performs ED on the whole BSDS-500 dataset
performing the inference pixel by pixel for each image in the dataset,
to a classical FRBS that performs the ED by inferring the output from a
lookup table. In particular, it was varied the precision with which these
lookup tables were built, by varying the granularity of the input space
with four different values 0.1, 0.01, 0.001, 0.0001. Consequently, the
dimensions of the lookup tables vary in these four scenarios from 441
inputs when the table was built by considering a step of 0.1 in the input
space, to 441 000 inputs when considering a precision of 0.0001.

The average of Sensitivity (Eq. (38)), Specificity (Eq. (39)) and
SSIM (Eq. (40)) metrics have been computed over the whole BSDS-500
dataset, assuming as truth values the images generated by the FRBS not
based on the lookup table mechanism.
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As shown in Fig. 21, the algorithm converges to the standard
implementation for a precision on the second decimal place, while
providing reasonable results also on the first decimal place. That said,
the rationale behind the chosen precision on the first decimal place in
the experiments discussed in Section 5.2.2 is two-fold: firstly, the met-
rics in exam corroborate reasonable accuracy results despite the lower
precision, to the extent that the differences are negligible also from
a visual point-of-view; additionally, the advantage of operating on a
problem of a lower order of magnitude of complexity results crucial for
the execution within a reasonable timing on the NISQ machine. In any
case, this also implies that the reported performance constitutes a lower
bound on what could be achieved with actual quantum execution. We
plan to investigate the full quantum implementation in future work as
hardware availability improves.

5.3. Noise-resilience analysis

To further validate the suitability of our model in being computed
on NISQ devices, we now assess its noise resilience capability. Modern
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Fig. 21. Average metrics on the whole BSDS-500 dataset across different precisions, compared with classical results.

frameworks like Qiskit [85] and PennyLane [86] allow one to inject
custom noise channels into quantum-circuit simulations. In this work,
we restrict our noise model to two channels: the readout channel, which
captures measurement errors, and the depolarizing channel, which rep-
resents imperfections in single- and two-qubit gates (Section 3.2). In
particular, the latter has been applied to the basis gates composing our
reference quantum device ibmg-sherbrooke, i.e. the single-qubit gates
ID,RZ,SX,X and the two-qubits gate ECR.

To explore the impact of both error types, we vary the readout
probability s,, and the single-qubit depolarizing strength s, over 25
uniformly spaced combinations in the intervals

5,, € [0,0.25], s, € [0,0.02].

The two-qubit depolarizing strength, is fixed to the value of 10s,. These
ranges reflect typical values reported for IBM quantum hardware (see
for example [67]).
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We generated a control surface for each pair of error probabilities
(8,0- 54) and computed the RMSD of these surfaces relative to the ideal
(noise-free) control surface, i.e. 5s,, = 0 and s;, = 0. The outcome
is shown in Fig. 22. As we can see, the RMSD increases with the
increase of the noise up to a maximum value of ~0.2. This is obtained
in correspondence of the maximum values of (s,,, s;), namely (s,, =
0.25,s;, = 0.02). It is worth noticing that this maximum value is
practically an upper limit for all NISQ machines currently available.
In fact, on ibmq sherbrooke, the NISQ machine we have used, the
readout channel, for example, ranges from 0.002 to 0.5 (only for 1
qubit), with a median value of 0.02, the Pauli-X error ranges from
7 x 107 to 9 x 10~ with a median value of 2 x 10™*, and, finally, the
ECR error ranges from 3 x 1073 to 1 x 10! with a median value of
6 x 1073, To better understand the impact of the error on the edge
from a visual point-of-view, using the swan picture from the BSDS-
500 dataset [12], in Fig. 23 we plot a comparison between the edges
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Fig. 22. RMSD values of the control surfaces for each pair of error probabil-
ities (s,,, s;) with s,, € [0,0.25], s, € [0,0.02] computed relative to the ideal
(noise-free) surface at s,, =0 and s, = 0.

c. Noisy Model with s,, = 0.25 and s4=0.02

d. Difference between Noisy and Ideal models

Fig. 23. Visual comparison between the edges obtained for the ideal case (a),
with the quantum hardware ibmgq-sherbrooke (b), with the noise model with the
largest values of (s,,, s;) (), and the absolute difference between the noisy and
ideal models (d).

obtained for the ideal case (a), with the quantum hardware ibmgq-
sherbrooke (b), with the noise model with the largest values of (s,,.,s;)
(c), and the absolute difference between the noisy and ideal models
(d). Remarkably, the results appear virtually indistinguishable despite
the different noise levels, further substantiating the resilience of our
model to quantum noise. To demonstrate this, we report the differences
between the detected edges in Fig. 23(d), where the difference map is
displayed using a standard linear colormap, where lighter red pixels
indicate lower differences and darker red pixels highlight regions with
greater deviation. As we can see, the differences between the detected
edges are minimal, with a maximum pixel-wise intensity difference of
approximately 0.23 on a normalized grayscale scale ranging from 0 to
1. These discrepancies primarily affect the gray intensity values of edge
pixels and are hardly perceptible in visual inspection.

6. Conclusions

This study introduced a novel QFIE for edge detection implemented
on NISQ hardware, demonstrating that quantum fuzzy systems can
effectively process image gradients while respecting the constraints
of NISQ devices. We designed an optimized QFIE circuit that signif-
icantly reduces the number of qubits and gate depth compared to
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the standard approach, making it more suitable for execution on cur-
rent quantum processors. Remarkably, our results confirm that QFIE-
based edge detection is not only feasible on quantum hardware but
also more computationally efficient than its classical FRBS counter-
part. While classical FRBS requires two rule evaluations per inference,
the QFIE approach performs inference with a single quantum oracle
query composed of just one multi-qubit quantum gate. To test the
proposed quantum model on real-world images while dealing with the
difficulty in accessing currently available quantum processors, a hy-
brid quantum-classical approach was adopted. It uses a pre-computed
lookup table for mitigating the execution overhead of quantum circuit
evaluations. This strategy enabled practical implementation on NISQ
devices without compromising performance. These limitations will be
overcome as quantum devices improve in terms of broader accessibility
to quantum resources. Specifically, the lookup table approach can be
replaced by direct pixel-wise quantum inference, making large-scale
applications more practically viable. In this context, we also plan to
investigate the possibility of processing multiple pixels in parallel,
leveraging large QPUs. In principle, it would be possible to process up
to int(Ngupie /3) pixels simultaneously on a quantum processor with N
qubits. However, using a considerable number of qubits introduces
additional errors, such as cross-talk between qubits, which can lead
to unwanted entanglement and reduced fidelity of the computation.
We therefore aim to carefully analyze the trade-off between the de-
gree of parallelization and the cumulative noise, in order to optimize
performance while mitigating error propagation.

As proven by the experiments carried out on the BSDS-500 dataset,
the optimized QFIE circuit combined with this lookup table approach
achieves the aforementioned advantage while maintaining accuracy
comparable to classical methods, even under the limitations of real
quantum hardware.

It is worth pointing out that, although we used a simple fuzzy set
for the inputs and output, this simplification allowed us to streamline
the structure of the QFIE, reducing the number of required gates and
operations — a crucial advantage when working with limited quantum
resources. In fact, this streamlined fuzzy configuration enabled the
design of an optimized quantum circuit that significantly reduces the
quantum resource requirements, especially after transpilation. Before
transpilation, the optimized QFIE circuit already featured a simpler
structure compared to the standard one. After transpilation, when
targeting the ibmgq sherbrooke quantum processor, the circuit achieves
a 78% reduction in depth (from 198 to 43) and an 80% reduction in
the number of two-qubit gates (from 44 to 9).

Despite these simple fuzzy sets, the quality of our results signifi-
cantly outperforms well-established classical methods such as Canny
and Sobel edge detectors. While it is plausible that introducing a finer
fuzzy set granularity — e.g., using three or more membership functions
— could lead to improved performance, this hypothesis remains to be
demonstrated. We plan to investigate this direction in future work.

In any case, we emphasize that the standard QFIE design [11] is
flexible and can accommodate a larger number of fuzzy sets if required
by more complex applications or future implementations.

These results represent a significant step toward exploiting quan-
tum computing for soft computing applications, particularly in image
processing tasks constrained by classical hardware limitations. Future
work will focus on extending this approach to more complex image-
processing tasks as well as on investigating the performance of a more
expressive fuzzy system.
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