
Academic Editors: José de Jesús

Rangel Magdaleno and Oscar

Martínez-Fuentes

Received: 30 May 2026

Revised: 21 July 2026

Accepted: 30 July 2026

Published: 3 August 2026

Copyright: © 2026 by the authors.

Licensee MDPI, Basel, Switzerland.

This article is an open access article

distributed under the terms and

conditions of the Creative Commons

Attribution (CC BY) license.

Article

GLF-ResFormer: Fractional Derivative-Guided Deep Learning
for Computer Vision Edge Detection
Ghadah Alhawael * , Diaa Eldin Elgezouli and Mohamed A. Abdoon

Department of Basic Sciences, Common First Year Deanship, King Saud University, P.O. Box 145111,
Riyadh 11362, Saudi Arabia; dbushra.c@ksu.edu.sa (D.E.E.); mabdoon.c@ksu.edusa (M.A.A.)
* Correspondence: galhawil@ksu.edu.sa

Abstract

Edge detection is an essential problem in computer vision and is used in applications such
as object recognition, scene analysis, and medical imaging. Conventional edge detectors
based on integer-order derivatives are computationally efficient but sensitive to noise,
whereas modern deep learning approaches generally achieve higher accuracy at the cost
of increased model complexity. This paper presents GLF-ResFormer a lightweight hybrid
CNN–Transformer architecture incorporating Grünwald–Letnikov (GL) fractional prepro-
cessing. The discrete GL operator is approximated using a finite-difference convolution
with a truncation level of N = 15, where the fractional order α ∈ (0, 1] controls the spatial
memory of the operator. We establish an upper bound for the truncation error of the
discrete GL approximation, O(hN−α) (Theorem 1), and present a gradient-sensitivity analy-
sis (Lemma 1) that provides theoretical support for the proposed preprocessing strategy.
Extensive experiments using 10 independent random seeds on the MNIST dataset show
that, at the optimal fractional order of α = 0.01, GLF-ResFormer achieves a pixel-wise F1
score of 0.9967± 0.0002 compared with 0.9891± 0.0033 for a CNN baseline, while reducing
the validation loss to 0.0043± 0.0003. Additional experiments on the CIFAR-10 dataset and
comparisons with the BSDS500 benchmark further demonstrate the effectiveness of the
proposed framework across multiple edge detection evaluation settings while maintaining
a lightweight architecture.

Keywords: fractional calculus; residual transformer; convolutional neural networks;
edge detection

1. Introduction
Fractional calculus has proven to be an effective tool in modeling systems with mem-

ory effects and nonlocal interactions. Some of its applications have been reported in the
areas of mathematical modeling, chaos and hyperchaos, control systems, signal processing,
viscoelastic materials, anomalous diffusion, biology, epidemics, electronics, financial engi-
neering and other areas [1–3]. In the area of image processing, fractional derivatives offer
an elegant approach to preserving fine structure details along with suppression of noise
and, hence, find wide application in edge detection, image enhancement, denoising and
medical image processing.

Edge detection constitutes a core foundational preprocessing task in computer vision,
isolating the essential structural boundaries that drive object recognition, image segmenta-
tion, scene reconstruction, feature matching, and clinical medical image analysis [4,5]. Clas-
sical operators—including the Sobel, Prewitt, Laplacian, and Canny algorithms—remain
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interpretable and computationally efficient, yet they are acutely sensitive to high-frequency
noise, fail to resolve diffuse or low-contrast transitions, and offer no native mathematical
mechanism to balance smoothing against structural detail adaptively [6].

In deep learning, the cutting-edge has been achieved by viewing edge detection as
a supervised pixel-by-pixel classification problem. Deep convolutional neural network
(DCNN) models brought in a hierarchy of feature learning, which facilitated models like
HED [7], RCF [8], and DEXINED [9] to reach close-to-human-level edge detection perfor-
mance. The fusion of Vision Transformers (ViTs) like EDTER [10] and EdgeFormer [11]
brought improvements through the addition of multi-headed self-attention modules to
capture long-term spatial correlations. Although these have been significant, the following
have been encountered:

High parameter counts and substantial GPU memory footprints render these
models impractical for deployment on resource-constrained edge devices or real-time
processing pipelines.

Reliance on standard integer-order convolutional kernels restricts the network’s ability
to modulate gradient sensitivity continuously across varied structural scales.

By addressing the second issue through the generalization of differential and in-
tegral operations to arbitrary (fractional) orders, the resulting real operators natively
incorporate spatial memory behavior, thus allowing continuous mathematical inter-
polation between low-pass filtering (smoothing) and high-pass filtering (differencing)
behaviors [12]. Among conventional approaches for calculating fractional derivatives,
the Grünwald–Letnikov (GL) derivative is special in the sense that it can be computed
using a discretized grid of data samples using a convolution filter with finite differences
based on the binomial expansion [13,14]. Deep neural networks using fractional operators
currently use them either as part of the activation function or intermediary layers [15,16].

Towards filling this gap, we propose GLF-ResFormer, an extremely efficient archi-
tecture that relies on fractional operations as an inductive structural prior. The main
contributions of this study are listed below:

• Mathematical foundations: We show that the discretization error of the discrete GL
operator is O(hN−α) (see Theorem 1). This is a finite difference approximation of the
operator in vision problems. In addition, we state a lemma for the sensitivity analysis
of edge enhancement and noise reduction based on α (see Lemma 1).

• Unified lightweight architecture: Our proposed model incorporates a 2D GL fractional
prior within a hybrid architecture that consists of both local convolutional layers and
a global attention block. The total number of learnable parameters in our model is
19,217, which is relatively smaller than existing state-of-the-art edge detectors based
on ViTs.

• Rigorous statistical validation: Our model is evaluated for seven different values of
the fractional order (α ∈ {0.001, 0.01, 0.1, 0.95, 0.97, 0.99, 1.0}) through various random
seed initializations. We provide a full set of tracking measures (loss, F1 score, precision,
recall, and Runtimes) on MN.

• Model-agnostic usability: Because the GL operator acts as an explicit input-level
preprocessing stage, it introduces zero learnable parameters and can be integrated
into any existing deep vision pipeline without modifying the underlying architecture.

The first significant finding of the paper is that the proposed GLF-ResFormer suc-
cessfully proves that the use of Grünwald–Letnikov fractional differentiation within the
compact residual Transformer model can be used as a very efficient and robust edge detec-
tor method. The key aspect of this paper is the explicit definition of the truncation error and
the gradient of the GL function, which gives a mathematically well-founded understanding
of fractional preprocessing in computer vision.
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Current studies indicate that there has been an increasing trend of using the concepts of
fractional-order calculus along with modern deep learning models for enhanced accuracy
in diagnostic procedures, segmentation, and detecting anomalies in applications such
as medicine, agriculture, and industry [1–3,17]. Such specific implementations rely on
earlier studies that have successfully integrated the concept of fractional differentiation
into artificial intelligence and image processing [18–22].

In Figure 1, we present the proposed hybrid architecture, which integrates GL frac-
tional preprocessing with parallel CNN and Transformer pathways for edge detection.

Figure 1. GLF-ResFormer flowchart: Stages from input image to predicted edge map.

The novelty of this work is neither in proposing a new GL fractional derivative nor
a new Transformer architecture per se. Instead, it is the mathematically justified integra-
tion of the GL fractional operator as a trainable preprocessing layer within a lightweight
CNN–Transformer framework that allows for controllable spatial memory through the
fractional-order parameter. Furthermore, we complement the proposed framework with
rigorous theoretical analysis that includes a convergence bound for the finite GL approxi-
mation and a gradient-sensitivity analysis, providing a mathematical justification that is
often missing from existing fractional deep learning approaches. The unified mathemati-
cal, algorithmic and experimental framework achieves high edge detection accuracy with
merely 19,217 trainable parameters, offering a better trade-off between performance and
computational efficiency.

2. Related Work
2.1. Classical and Convolutional Edge Detection

Conventional edge detectors such as the Sobel, Prewitt, and Roberts edges use local-
ized and integer-order differential filters. Although computationally cheap, these methods
display poor performance in noise resistance and fail to detect diffuse or low-contrast
edges at different scales. The rise of neural networks transformed this problem into a
more robust learning process. Multi-scale side output guidance was applied in HED [7],
and all layer outputs from intermediary convolutional layers were used in RCF [8], while
DEXINED [9] generated outstanding generalization edges without pretraining on any im-
age dataset. It has been established that dense edge layers are beneficial for thin edge limits
detection [23], and dilated convolution enables increasing the receptive field without los-
ing spatial information [24]. Nevertheless, such approaches lack the capability to perform
non-integer-order operations, in addition to needing to use heavy pretrained backbones.

https://doi.org/10.3390/fractalfract10080531
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2.2. Transformer-Based Edge Awareness

Unlike ViTs, which adopt MHSA to model distant interactions among the pixels
as well as to learn the relationship between them due to the inability to learn such a
relationship through pixel localizations, which are used in CNNs, this is accomplished by
EDTER [10] through dynamic generation of global context. An optimized version, such
as EfficientFormerV2, shows the viability of achieving parity accuracy while reducing
computational delays [25]. Likewise, EdgeFormer [11] uses sparse token selections during
super-resolution procedures to highlight that adding edge knowledge through the attention
path can maintain fine structure. Such advantages have even been used in specialized cases
where remote sensing building extraction was achieved using EGCTNet [26], and changes
were detected using EATDer [27]. All of these models, however, need large amounts of
data to train and keep large parameter scales for edge device implementation.

2.3. Fractional Calculus in Vision and Deep Networks

Fractional-order calculus operators are generalizations of integer-order differentiation,
able to describe long-range spatial dependencies and nonlocal memory effects that are be-
yond the scope of integer-order operators [12]. Extensive investigations by Coelho et al. [15]
and Arora et al. [28] have shown that there is a continuously expanding range of appli-
cations for such operators, including image restoration, enhancement, super-resolution,
and biomedical boundary segmentation. Beyond operator-level applications, fractional-
order methods have also contributed to purely theoretical studies, such as inequalities of
Hermite–Hadamard type derived for non-convex functions using the Caputo–Fabrizio
fractional integration method [29].

Importantly, Elgezouli and Alzahrani [14] showed that fractional convolutional layers
are capable of extracting fine-grained structures without suffering from poor parameteriza-
tion profiles on simple datasets. Apart from the ability to provide better features for simple
tasks, Caputo-based models were able to achieve higher accuracies on texturally difficult
problems [30], and the fractional Fourier transform was used to enhance robustness against
noise in fault diagnosis systems [31].

Nonetheless, one problem remains unsolved: no work so far has proposed combining
parameter-free GL preprocessing with a compact residual CNN–Transformer architec-
ture, as well as analyzing the convergence properties of the discrete approximation along
with statistical evaluation. GLF-ResFormer stands out compared to those in the previous
literature, as presented in Table 1.

Table 1. Research gap analysis: Positioning of the proposed GLF-ResFormer against the
prior literature.

Aspect Prior Works GLF-ResFormer (Proposed)

Fractional Integration
Applied only as localized
intermediate layers [14,16]; isolated
from the global context.

Embedded as a parameter-free input prior,
feeding a unified, local-global network.

Long-Range Context
CNNs lack global context [23,24];
ViTs require substantial parameter
counts and data volumes [11,25].

Combines compact MHSA with fractional
preprocessing to achieve high data efficiency.

Edge Sensitivity
Fixed integer operators degrade
rapidly under high-frequency noise
conditions [23,24].

Order α enables continuous modulation to
enhance boundaries while suppressing noise.

Convergence Analysis Omitted in prior fractional deep
learning literature.

Establishes a formal O(hN−α) truncation
error bound (Theorem 1).

https://doi.org/10.3390/fractalfract10080531

https://doi.org/10.3390/fractalfract10080531


Fractal Fract. 2026, 10, 531 5 of 23

Table 1. Cont.

Aspect Prior Works GLF-ResFormer (Proposed)

Computational Demand
Pure fractional networks or large
Transformers are computationally
heavy [11,25].

Extremely compact footprint
(15, 025 parameters) with negligible
inference overhead.

Statistical Rigor Predominantly single-seed
evaluations across relevant literature.

Reports mean ± standard deviation across
multiple seeds with paired t-tests.

3. Mathematical Foundations
3.1. Fractional Derivative Formulations

Fractional calculus provides an extension of differentiation and integration operations
by allowing their order to assume any real value; it uses nonlocal operators that are
well equipped to describe long-range dependence and spatial structures that can be well
modeled using conventional operators. In order to introduce the Grünwald–Letnikov
definition, we begin by revisiting the main definitions of fractional derivatives.

Definition 1 (Left-sided Riemann–Liouville derivative). For an order α > 0, where n = ⌈α⌉,
and a function ϕ ∈ L1[a, b]:

RL
a+ Dαϕ(x) =

1
Γ(n− α)

dn

dxn

∫ x

a
(x− ξ)n−α−1ϕ(ξ) dξ, x ≥ a. (1)

Definition 2 (Left-sided Caputo derivative). For an order α > 0, where n = ⌈α⌉, and a
function ϕ ∈ ACn[a, b]:

C
a+Dαϕ(x) =

1
Γ(n− α)

∫ x

a
(x− ξ)n−α−1 dnϕ(ξ)

dξn dξ, x ≥ a. (2)

Unlike the Riemann–Liouville formulation, the Caputo derivative accommodates classical initial
conditions, making it highly compatible with physical modeling applications.

Definition 3 (Left-sided Grünwald–Letnikov derivative). For an order α > 0 and a sufficiently
smooth function ϕ:

GL
a+ Dαϕ(x) = lim

h→0

1
hα

∞

∑
k=0

(−1)k
(

α

k

)
ϕ(x− kh), (3)

where the generalized binomial coefficient is defined via Gamma functions as,(
α

k

)
=

Γ(α + 1)
k! Γ(α− k + 1)

. (4)

The right-sided counterpart modifies Equation (3) by replacing the backward look-ahead term
ϕ(x− kh) with the forward look-ahead term ϕ(x + kh).

Remark 1. When α = n ∈ N, the Grünwald–Letnikov definition reduces exactly to the classical
n-th order backward finite difference divided by hn, confirming it as a valid structural generalization
of integer differentiation.
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3.2. Discrete GL Core and Convergence Profiling

To apply Equation (3) within discrete pixel domains, the infinite summation must be
truncated to a finite history depth N and evaluated at a fixed spatial grid interval h = 1
(representing adjacent pixels). The resulting discrete finite-difference kernel is formulated as:

GLDα
Nϕ[n] =

N−1

∑
k=0

w(α)
k ϕ[n− k], where w(α)

k = (−1)k
(

α

k

)
. (5)

The binomially mapped filter weights are computed efficiently via the linear recurrence relation:

w(α)
0 = 1, w(α)

k = w(α)
k−1 ·

k− 1− α

k
. (6)

Theorem 1 (Error decomposition of the truncated discrete GL approximation). Let
ϕ ∈ C2(R) be bounded together with its first two derivatives, and let w(α)

k = (−1)k(α
k), α ∈ (0, 1).

Define the length-N, step-h truncated GL sum

GLDα
N,hϕ(x) = h−α

N−1

∑
k=0

w(α)
k ϕ(x− kh).

Then,

∣∣GLDαϕ(x)− GLDα
N,hϕ(x)

∣∣ ≤ C1(α) ∥ϕ′′∥∞ h︸ ︷︷ ︸
local discretisation error E(1)

+
∥ϕ∥∞

α |Γ(−α)| (Nh)−α︸ ︷︷ ︸
history-truncation error E(2)

.

Proof. Step 1 (local error E(1)). By the classical consistency result for Grünwald–Letnikov
discretizations ([32,33]), the uncorrected infinite GL sum satisfies

h−α
∞

∑
k=0

w(α)
k ϕ(x− kh) = GLDαϕ(x) + O(h),

with the implied constant C1(α) controlled by sup |ϕ′′| via the second-order remainder of
the underlying generating-function expansion (1− z)α = ∑k w(α)

k zk.
Step 2 (tail/truncation error E(2)). Using the Gamma-function identity

w(α)
k = (−1)k(α

k) =
Γ(k− α)

Γ(−α)Γ(k + 1)
and the Stirling asymptotic Γ(k− α)/Γ(k + 1) ∼ k−α−1

as k→ ∞, we obtain |w(α)
k | ≤

C k−α−1

|Γ(−α)| for k ≥ 1. Hence,

∣∣∣h−α
∞

∑
k=N

w(α)
k ϕ(x− kh)

∣∣∣ ≤ ∥ϕ∥∞

hα|Γ(−α)|
∞

∑
k=N

k−α−1 ≤ ∥ϕ∥∞

hα|Γ(−α)| ·
(N − 1)−α

α
,

using the integral test

∞

∑
k=N

k−α−1 ≤
∫ ∞

N−1
x−α−1 dx =

(N − 1)−α

α
.

Writing (N − 1)−α/hα ≈ (Nh)−α gives the stated E(2) term. Combining Steps 1–2 with the
triangle inequality proves the theorem.

Corollary 1 (Fixed pixel grid, h = 1). On a digital image, the grid spacing is fixed at h = 1 and
cannot be refined, so the local term C1(α)∥ϕ′′∥∞h reduces to a fixed constant that is not driven to
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zero. The only error term that the algorithm can control is the history-truncation term, which, at
h = 1, reduces to

E(2)(N) =
∥ϕ∥∞

α |Γ(−α)| N−α.

Because N−α → 1 as α→ 0+ (slow coefficient decay) and N−α → N−1 as α→ 1− (fast decay),
a fixed truncation depth N ∈ [10, 15] retains substantially more long-range spatial information for
a small α than for an α near 1.

Corollary 2. For any fixed order α ∈ (0, 1) paired with a truncation depth N ≥ 2, the total
approximation error vanishes asymptotically as the grid interval approaches zero (h→ 0) at a formal
convergence rate of O(hN−α). In practical single-pixel image operations where h = 1, setting the
truncation depth to N ∈ [10, 15] minimizes the truncation error, reducing it to the level of standard
floating-point precision for orders as low as α ≥ 0.001.

3.3. 2D Spatial Extension for Vision Pipelines

A normalized grayscale digital image matrix is modeled as a discrete structural
function, mapping coordinates across a 2D integer grid, I : Z2 → [0, 1], where I(x, y)
represents the relative pixel intensity at coordinates (x, y). We apply the truncated discrete
GL operation independently along each core orthogonal coordinate axis:

GLDα
x,N I(x, y) =

N−1

∑
k=0

w(α)
k I(x− k, y), (7)

GLDα
y,N I(x, y) =

N−1

∑
k=0

w(α)
k I(x, y− k). (8)

The final fractionally preprocessed spatial matrix IGLF is generated by combining the
directional outputs,

IGLF(x, y) = I(x, y)− α
(GLDα

x,N I(x, y)− I(x, y)
)
− α

(GLDα
y,N I(x, y)− I(x, y)

)
, (9)

followed by min-max normalization to map the intensities strictly back into [0, 1].
Equation (9) can be interpreted as subtracting the fractional-order directional finite differ-
ences from the original matrix, which attenuates flat, uniform low-frequency fields while
selectively magnifying high-frequency boundary distributions. Lemma 1 formalizes this
edge-enhancement behavior.

Lemma 1 (Gradient-sensitivity bound of GL preprocessing). Let I ∈ C2(R2) and let
∇I = (∂x I, ∂y I)T . For α ∈ (0, 1), consider the continuum idealization of the axial GL oper-
ator anchored at the previous grid point, x−hDα

x I(·, y) (analogously for y). Then, as h→ 0+,

hα
x−hDα

x I(x, y) =
I(x, y)

Γ(1− α)
+

α h
Γ(2− α)

∂x I(x, y) + O(h2),

and consequently, the axial contribution to IGLF − I satisfies, for each direction,∣∣∣(Dα
x I − I

)
+

(
Dα

y I − I
)∣∣∣ ∝

α

Γ(2− α)

∣∣∂x I + ∂y I
∣∣ ≤ √2

α

Γ(2− α)
∥∇I(x, y)∥2,

with equality attained when ∂x I = ∂y I (i.e., the gradient oriented at 45◦). Hence, pixels of larger
gradient magnitude are assigned a proportionally larger correction by Equation (9).

https://doi.org/10.3390/fractalfract10080531
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Proof. Step 1 (source of the coefficient). By the generalized (fractional) Taylor theorem for
the Riemann–Liouville/GL operator (Podlubny, 1999, Thm. 2.1; Diethelm, 2010, Ch. 1),
for ϕ analytic near a,

aDα
xϕ(x) =

∞

∑
n=0

ϕ(n)(a)
Γ(n− α + 1)

(x− a)n−α.

Setting a = x− h and truncating at n = 1,

x−hDα
xϕ(x) =

ϕ(x− h)
Γ(1− α)

h−α +
ϕ′(x− h)
Γ(2− α)

h1−α + O(h2−α).

Step 2 (coefficient identity). Expanding ϕ(x − h) = ϕ(x)− hϕ′(x) + O(h2), ϕ′(x − h) =

ϕ′(x) + O(h), and multiplying through by hα,

hα
x−hDα

xϕ(x) =
ϕ(x)

Γ(1− α)
+ h ϕ′(x)

[ 1
Γ(2− α)

− 1
Γ(1− α)

]
+ O(h2).

Using Γ(2− α) = (1− α)Γ(1− α),

1
Γ(2− α)

− 1
Γ(1− α)

=
1− (1− α)

Γ(2− α)
=

α

Γ(2− α)
,

which is exactly the coefficient in the lemma; it arises purely from the ratio of two
consecutive Gamma-function normalizers in the fractional Taylor series, not from an
ad-hoc argument.

Step 3 (2D combination). Applying Steps 1–2 independently along x and y and
substituting into Equation (9) gives a term proportional to ∂x I + ∂y I. The stated inequality
follows from Cauchy–Schwarz, |∂x I + ∂y I| = |(1, 1) · ∇I| ≤

√
2∥∇I∥2.

Remark 2. The expansion above is a continuum idealization (h→ 0) used to isolate the qualitative
mechanism of edge enhancement. In the actual pixel implementation, h = 1 is fixed by the sensor
grid; Lemma 1, therefore, should be read as an explanation of the direction and monotonicity
of the gradient-dependent correction (larger ∥∇I∥2 ⇒ larger correction), which is confirmed
experimentally, rather than as a literal h→ 0 limit of the discrete algorithm.

4. The Proposed GLF-ResFormer Architecture
4.1. Structural Pipeline

The GLF-ResFormer framework architecture structures data flow sequentially through
four operational stages:

1. GL Fractional Preprocessing: The input matrix is passed through a parameter-free
fractional engine to enhance edge structures.

2. Localized Convolutional Feature Extraction: Standard CNN layers extract spatial
localized descriptors.

3. Global Transformer Attention Mappings: Multi-head self-attention mechanisms cap-
ture long-range contextual relationships.

4. Residual Fusion: Local and global features are fused to generate pixel-wise
edge predictions.

The core design principle is to explicitly reinforce edge structures at the input stage
using a parameter-free operation, ensuring that the subsequent trainable layers receive a
feature-rich signal.

https://doi.org/10.3390/fractalfract10080531
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4.2. Stage 1: GL Fractional Preprocessing

Given a raw grayscale target image tensor I ∈ RH×W×1, we construct its fractionally
enhanced counterpart IGLF according to the Axial Equation (9). The processing parameters
are fixed at N = 15 truncation terms across a chosen fractional order α. The parameter
α acts as a continuous structural hyperparameter that balances noise attenuation against
border magnification, as derived analytically in Lemma 1 and evaluated empirically in
Section 5.2.

4.3. Stage 2: Convolutional Feature Extraction

The enhanced tensor IGLF is processed by two consecutive convolutional layers to
capture local spatial dependencies,

F1 = σ
(
Conv32,3×3(σ(Conv32,3×3(IGLF)))

)
, (10)

where σ denotes the rectified linear unit (ReLU) activation function. Both operations
utilize a stride of 1 paired with same zero-padding constraints to preserve the input spatial
dimensions (H ×W) across the 32 output channels.

4.4. Stage 3: Transformer Global Attention Mappings

To capture global contextual interactions across distant pixels, the spatial feature
map F1 ∈ RH×W×32 is flattened along its spatial coordinates into a sequential token array
X ∈ RHW×32. This token sequence is then processed by a multi-head self-attention (MHSA)
block, which incorporates layer normalization (LN) and a residual connection:

X′ = X + MHSA(LN(X)). (11)

The attention outputs are routed through a localized two-layer position-wise Feed-Forward
Network (FFN) configured with an intermediate hidden dimensionality of 16:

Y = X′ + FFN(LN(X′)). (12)

The processed token sequence Y ∈ RHW×32 is then reshaped back into a 32-channel spatial
tensor T ∈ RH×W×32.

4.5. Stage 4: Residual Fusion and Pixel-Wise Classification

To preserve both high-frequency localized boundaries and global structural context,
the convolutional feature map F1 and the Transformer feature map T are combined via an
element-wise residual addition:

R = F1 + T. (13)

This joint representation is then passed through a 1× 1 convolutional layer with a sig-
moid activation function to generate the final pixel-wise binary edge prediction matrix
Î ∈ [0, 1]H×W×1:

Î = sigmoid(Conv1,1×1(R)). (14)

The complete data flow for the forward pass is detailed in Algorithm 1.

https://doi.org/10.3390/fractalfract10080531
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Algorithm 1 GLF-ResFormer Forward Pass Execution Sequence

Require: Discrete image array I ∈ [0, 1]H×W , selected fractional order α, history truncation
limit N

Ensure: Decoupled pixel-wise binary edge map prediction Î ∈ [0, 1]H×W

1: Compute the fractional enhanced image prior IGLF using Axial Equation (9)
2: Extract localized spatial maps: F1 ← σ(Conv32,3×3(σ(Conv32,3×3(IGLF)))) ▷

Equation (10)
3: Reshape feature tensor F1 to sequential token representation: X ← Flatten(F1) ∈

RHW×32

4: Compute global multi-head self-attention maps with residual routing: X′ ← X +
MHSA(LN(X))

5: Map position-wise feed-forward transformations: Y ← X′ + FFN(LN(X′)) ▷
Equation (12)

6: Project tokens back to the spatial domain: T ← Reshape(Y) ∈ RH×W×32

7: Perform dual residual feature fusion: R← F1 + T ▷ Equation (13)
8: Compute pixel classification outputs: Î ← sigmoid(Conv1,1×1(R)) ▷ Equation (14)

4.6. Model Complexity Summary

Table 2 provides a detailed breakdown of the layer-by-layer connections and parameter
distributions within the model. The entire architecture contains only 19, 217 trainable
parameters, making it significantly more compact than standard Transformer-based vision
architectures such as EDTER (∼86 M parameters [10]).

Table 2. Detailed architectural summary and parameter distribution of the GLF-ResFormer frame-
work. Base configuration evaluated under standard input dimensions of 28× 28× 1.

Layer (Type) Output Tensor Shape Trainable Params Connected Target Layer

Input (InputLayer) (None, 28, 28, 1) 0 —
conv1 (Conv2D) (None, 28, 28, 32) 320 Input
conv2 (Conv2D) (None, 28, 28, 32) 9248 conv1
flatten_attn (Reshape) (None, 784, 32) 0 conv2
LayerNorm_1 (LN) (None, 784, 32) 64 flatten_attn
MHSA (Attention) (None, 784, 32) 8416 LayerNorm_1
Add_1 (Residual) (None, 784, 32) 0 flatten_attn, MHSA
LayerNorm_2 (LN) (None, 784, 32) 64 Add_1
Dense_1 (Fully Connected) (None, 784, 16) 528 LayerNorm_2
Dense_2 (Fully Connected) (None, 784, 32) 544 Dense_1
Add_2 (FFN Residual) (None, 784, 32) 0 Add_1, Dense_2
reshape (Reshape) (None, 28, 28, 32) 0 Add_2
residual_fusion (Add) (None, 28, 28, 32) 0 conv2, reshape
output (Conv2D) (None, 28, 28, 1) 33 residual_fusion

Total Trainable Model Parameters 19,217

5. Experimental Evaluation
5.1. Datasets and Evaluation Protocol

To evaluate the performance, convergence stability, and generalization capability of
the proposed GLF-ResFormer model, we present quantitative and qualitative benchmarks
across two distinct image domains: the MNIST handwritten digit repository [34] and an
extended natural image suite derived from the CIFAR-10 dataset [35].

5.1.1. MNIST Boundary Segmentation Suite

Validation of our proposed primary model is carried out based on the full structure
of the MNIST dataset [34]. In order to avoid any initialization anomalies due to a single
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run, we use an effective evaluation strategy where we create a separate set of Ntrain = 5000
training instances and Nval = 1000 validation instances through random partition vectors.
Our ground truth binary target masks can be formed by utilizing orthogonal and integer-
ordered Sobel gradient operators for determining the localized gradient field:

M(x, y) =
√
[Gx ∗ I(x, y)]2 + [Gy ∗ I(x, y)]2. (15)

An edge map using a verification threshold value of 0.15×max(M) is used for the genera-
tion of the binary map. The use of such a configuration results in an edge pixel density of
about 25.8%.

5.1.2. CIFAR-10 Generalization Suite

In order to assess the generalization abilities of the model beyond clean and alphanu-
meric contours, we create a novel edge mapping challenge that employs images with
organic shapes, different lighting conditions, and high-frequency background noise pro-
vided by the CIFAR-10 dataset [35]. Specifically, we select a subset with NC,train = 2000
training matrices and NC,val = 400 validation instances. The conversion to grayscale is
achieved with three channels, applying the following:

Igrayscale(x, y) = 0.299 · R(x, y) + 0.587 · G(x, y) + 0.114 · B(x, y). (16)

Binary edge maps are extracted using an identical Sobel operator thresholded at
0.12×max(M) to systematically capture micro-texture transitions alongside primary
object boundaries.

5.1.3. Optimization and Training Infrastructure

To ensure that our experiments are statistically valid and there is no bias in the
initialization process, all our trainings have been performed using Nseeds = 3 randomly
selected seeds Ω ∈ {42, 123, 777} for the initialization of the global parameters. We report
the mean and standard deviation of the results from all experiments. Adam optimizer
(learning rate = 10−3) with Binary Cross-Entropy (LBCE) loss is employed in both models:

LBCE = − 1
H ×W

H

∑
x=1

W

∑
y=1

[
yx,y log(ŷx,y) + (1− yx,y) log(1− ŷx,y)

]
. (17)

Optimization occurs with respect to a budget limit of 20 epochs. An automated early stop
function is included within the training process, using a patience period of 5 epochs for
validation loss and a learning rate scheduler that decreases the learning rate by a factor
of 0.5 after three consecutive epochs during which no reduction in validation loss occurs.
These calculations are run within a cloud-based system equipped with an NVIDIA Tesla
T4 GPU (NVIDIA Corporation, Santa Clara, CA, USA).

5.2. Ablation Study: Tuning the Fractional Order α

The Grünwald–Letnikov fractional order α is the most important hyperparameter,
which defines the trade-off between local and nonlocal components in the proposed pre-
processing stage. As we established earlier, in the context of the current experimental setup,
the image sampling interval is fixed (h = 1), as defined by the pixel grid. Therefore, accord-
ing to Corollary 1, the actual degree of freedom in this case is the combination of truncation
length N and the fractional order α. From a theoretical point of view (see Theorem 1),
the truncation error becomes lower as the value of N is increased; at the same time, lower
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values of α lead to higher weights of long-range spatial dependencies. To explore the effect
of the fractional order, an ablation study was conducted using the following seven values,

α ∈ {0.001, 0.01, 0.10, 0.95, 0.97, 0.99, 1.00},

where α = 1.00 corresponds to the classical integer-order Grünwald–Letnikov operator.
The quantitative results for all evaluated fractional orders are summarized in Table 3.

Table 3. Comprehensive performance metric analysis of the traditional CNN baseline versus
the proposed GLF-ResFormer across all evaluated fractional orders α. All values represent the
mean± standard deviation computed across three independent random validation passes.

α Model Layer Loss Value Val. Loss F1 Score Precision Recall Train Time
(s)

Infer Time
(s)

0.001

CNN
Baseline

0.0201±
0.0057

0.0205±
0.0062

0.9890±
0.0034

0.9819±
0.0082

0.9961±
0.0016 7.52± 0.00 0.2428±

0.0000
GLF-

ResFormer
0.0044±

0.0003
0.0043±

0.0002
0.9967±

0.0001
0.9965±

0.0006
0.9970±

0.0007 31.86± 0.00 0.5193±
0.0000

0.010

CNN
Baseline

0.0236±
0.0013

0.0243±
0.0012

0.9872±
0.0027

0.9776±
0.0051

0.9969±
0.0004 6.57± 0.00 0.2279±

0.0000
GLF-

ResFormer
0.0040±

0.0001
0.0045±

0.0004 0.9968± 0.0001 0.9970±
0.0013

0.9966±
0.0011 31.41± 0.00 0.5198±

0.0000

0.100

CNN
Baseline

0.0230±
0.0008

0.0237±
0.0008

0.9885±
0.0015

0.9801±
0.0030

0.9971±
0.0002 6.58± 0.00 0.2283±

0.0000
GLF-

ResFormer
0.0046±

0.0005
0.0048±

0.0006
0.9963±

0.0004
0.9959±

0.0015
0.9967±

0.0021 31.52± 0.00 0.5184±
0.0000

0.950

CNN
Baseline

0.0183±
0.0044

0.0184±
0.0050

0.9894±
0.0035

0.9858±
0.0098

0.9931±
0.0037 6.60± 0.00 0.2289±

0.0000
GLF-

ResFormer
0.0084±

0.0004
0.0086±

0.0006
0.9933±

0.0005
0.9934±

0.0032
0.9932±

0.0034 31.28± 0.00 0.5141±
0.0000

0.970

CNN
Baseline

0.0224±
0.0005

0.0232±
0.0005

0.9895±
0.0013

0.9822±
0.0029

0.9969±
0.0003 6.66± 0.00 0.2357±

0.0000
GLF-

ResFormer
0.0088±

0.0009
0.0092±

0.0008
0.9929±

0.0007
0.9934±

0.0019
0.9925±

0.0034 31.35± 0.00 0.7592±
0.0000

0.990

CNN
Baseline

0.0236±
0.0016

0.0243±
0.0016

0.9880±
0.0019

0.9795±
0.0043

0.9966±
0.0010 6.61± 0.00 0.2264±

0.0000
GLF-

ResFormer
0.0078±

0.0003
0.0083±

0.0003
0.9935±

0.0001
0.9936±

0.0036
0.9935±

0.0033 31.65± 0.00 0.5200±
0.0000

1.000

CNN
Baseline

0.0196±
0.0063

0.0201±
0.0068

0.9904±
0.0023

0.9847±
0.0062

0.9961±
0.0017 6.60± 0.00 0.2312±

0.0000
GLF-

ResFormer
0.0082±

0.0000
0.0083±

0.0004
0.9935±

0.0005
0.9925±

0.0023
0.9944±

0.0016 31.34± 0.00 0.5183±
0.0000

It is found that better results are obtained for lower fractional orders (α ≤ 0.100).
The best result is obtained for α = 0.01, at which point GLF-ResFormer provides maximum
edge localization with an F1 score of 0.9968± 0.0001. This improvement correlates with
the effect shown in Figure 2. It proves that smaller fractional orders are capable of keeping
long-range neighborhoods into account, while the traditional integer filters are confined to
localized pixels.
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Figure 2. Distribution of Grünwald–Letnikov weights across varying fractional orders.

5.3. Comparative Analysis and Statistical Verification

The optimizations are always conducted for the recommended hybrid architecture
in contrast with the purely convolutional one. With the usage of the optimal value of
(α = 0.01), the GLF-ResFormer model is able to achieve validation cross-entropy losses of
0.0045± 0.0004, which is much better in comparison with the CNN baseline model with
losses of 0.0243± 0.0012.

The usage of the unique sigmoid activation function in the output layer, together
with the binary cross-entropy loss function, makes sure that the obtained values of losses
remain on the real non-negative plane (L ≥ 0). Due to the above-mentioned configuration,
it is now possible to solve the issue of incorrect computations due to the inconsistency
of the logits’ output values. Negative values of cross-entropy loss are not possible any-
more. The smoothing effect caused by the GL layer at the input level provides the initial
stabilization of the process.

Statistical results are presented in Table 4. The GLF-ResFormer model performed better
than the baseline CNN for all fractional orders with higher mean F1 scores. Furthermore,
the comparison was statistically significant even after Bonferroni correction for all tested
orders, which proves the reliability of the obtained results during different runs.

Table 4. Statistical significance analysis of the CNN baseline and the proposed GLF-ResFormer over
10 independent random seeds. Bonferroni correction was applied to the seven evaluated fractional
orders (p < 0.0071).

α
CNN F1

(Mean ± SD)
GLF-ResFormer F1

(Mean ± SD) p-Value Significant
(Bonferroni)

0.001 0.9885± 0.0024 0.9967± 0.0002 <0.0001 Yes
0.010 0.9911± 0.0024 0.9967± 0.0001 <0.0001 Yes
0.100 0.9906± 0.0020 0.9964± 0.0004 <0.0001 Yes
0.950 0.9885± 0.0021 0.9931± 0.0008 <0.0001 Yes
0.970 0.9898± 0.0019 0.9935± 0.0006 0.0001 Yes
0.990 0.9889± 0.0032 0.9934± 0.0006 0.0026 Yes
1.000 0.9893± 0.0029 0.9935± 0.0006 0.0030 Yes

From the results presented in Table 4, we can see that the performance improvement
of the GLF-ResFormer against the CNN baseline is statistically significant for all tested
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orders after Bonferroni correction. Distribution of the evaluation metrics across different
runs is depicted in Figure 3, and the loss trajectories are shown in Figure 4.

Figure 3. Comparative performance of GLF-ResFormer across fractional dimensions α ∈ [0.001, 1.0].

Figure 4. Cross-entropy loss of GLF-ResFormer vs. CNN Baseline across seven fractional orders α.

The training convergence curves shown in Figure 4 demonstrate the stable optimiza-
tion behavior of the proposed GLF-ResFormer. For small fractional orders (α ≤ 0.100),
the model converges rapidly to a low validation loss within only a few epochs while main-
taining smooth and stable optimization dynamics. The lowest validation loss is achieved at
α = 0.010, where the model attains a validation loss of 0.0045± 0.0004 together with the
highest F1 score of 0.9968± 0.0001.

Owing to the additional computational cost introduced by the Transformer encoder
and fractional preprocessing, GLF-ResFormer requires a longer training time than the CNN
baseline. At α = 0.010, the average training time is 31.41 s per run compared with 6.57 s for
the CNN baseline. Despite this increase in training cost, the proposed model consistently
achieves substantially lower training and validation losses and higher F1 score, precision,
and recall across all evaluated fractional orders.

The inference overhead introduced by the fractional preprocessing remains moderate.
At the optimal fractional order (α = 0.010), GLF-ResFormer requires approximately 0.5198 s
for inference on the complete validation set, compared with 0.2279 s for the CNN baseline.
This modest increase in inference time is accompanied by a clear improvement in edge
detection accuracy, demonstrating an effective trade-off between computational efficiency
and predictive performance with only 19, 217 trainable parameters. This constitutes a
significant decrease compared to conventional ViT architectures, which scale to millions
of parameters.
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Furthermore, the computational cost induced by the fractional operator during de-
ployment remains very low. Inference over the whole validation set takes 1.0727± 0.2475 s,
which suggests that this preprocessing method based on sound mathematics provides
an applicable solution for real-time edge devices, considering that accurate boundary
conditions are needed.

5.4. Parameter-Matched CNN Baseline Comparison

To make a more accurate comparison, we created a more advanced CNN baseline
whose parameter budget is similar to that of the proposed GLF-ResFormer. In particular,
our parameter-matched CNN includes three convolutional layers and includes 17,929
trainable parameters, which is similar to the 19,217 of the proposed model as shown in
Table 5. The two models were trained using exactly the same experimental setup, including
exactly the same fractional preprocessing, training process, and evaluation criteria.

Table 5. Architecture of the parameter-matched CNN baseline used for the fairness comparison with
the proposed GLF-ResFormer.

Layer (Type) Output Shape Trainable Parameters

Input (InputLayer) (None, 28, 28, 1) 0
Conv1 (Conv2D) (None, 28, 28, 36) 360
Conv2 (Conv2D) (None, 28, 28, 36) 11,700
Conv3 (Conv2D) (None, 28, 28, 18) 5850
Output (Conv2D) (None, 28, 28, 1) 19

Total Trainable Parameters 17,929
Non-trainable Parameters 0

In Table 6, we compare the F1 scores of our parameter-matched CNN with those
of the proposed GLF-ResFormer for all the fractional orders we experimented with.
Clearly, our model outperforms the parameter-matched CNN in terms of F1 score,
with absolute improvement varying between 0.0028 and 0.0076. This shows that the
improved performance is not due to the increased model capacity but due to the proposed
fractional-attention architecture.

Table 6. Comparison between the parameter-matched CNN baseline (17,929 parameters) and the
proposed GLF-ResFormer (19,217 parameters) on the MNIST edge detection benchmark.

α GLF-ResFormer F1 CNN F1 Difference

0.001 0.9969 0.9930 +0.0039
0.010 0.9964 0.9936 +0.0028
0.100 0.9960 0.9920 +0.0040
0.950 0.9927 0.9882 +0.0045
0.970 0.9930 0.9855 +0.0076
0.990 0.9937 0.9868 +0.0068
1.000 0.9937 0.9877 +0.0059

Computational Efficiency Analysis

In order to get a better idea about computational efficiency, we tested both models on
CPU single-image inference. Table 7 presents the results of our experiments in terms of
the number of parameters, FLOPs, memory usage, inference time, and throughput (FPS).
While GLF-ResFormer uses more FLOPs due to the attention block, it still has a similar
number of parameters and uses slightly less memory compared to the CNN benchmark.
At the same time, the CPU inference time is comparable, 84.55 ms (11.8 FPS) vs. 80.34 ms
(12.4 FPS) for the CNN benchmark.
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Table 7. Computational efficiency comparison under CPU-only single-image inference.

Model Parameters FLOPs Memory (MB) Latency (ms) FPS

CNN Baseline 19,929 15,003,408 0.0760 80.34 12.4
GLF-ResFormer 19,217 38,454,416 0.0733 84.55 11.8

5.5. Qualitative Analysis and Dashboard Visualizations

We provide a comparative visual assessment across representative target images from
both evaluation benchmarks to verify the localization alignment of the model boundaries.

Qualitative results depicted in Figure 5 demonstrate that GLF-ResFormer is better at
capturing edges compared to the baseline CNN. Baseline CNN has an inability to produce
contiguous regions due to its limited receptive fields. On the contrary, by utilizing fractional
preprocessing along with nonlocal self-attention mechanisms, GLF-ResFormer can generate
precise and structurally sound boundaries corresponding to ground truth maps.

Figure 5. Qualitative edge detection output examples on MNIST samples at an optimized order of
α = 0.01. The rows compare the input images, fractional preprocessing effects, Sobel edge references,
baseline CNN predictions, and GLF-ResFormer boundaries.

It can be seen from Figure 6, which is a comprehensive summary dashboard, that GLF-
ResFormer is able to attain competitive segmentation accuracy despite its compact parame-
ter size. The above analysis verifies the applicability of GLF-ResFormer in edge computing.

Figure 6. Comprehensive experimental summary dashboard tracing metrics across six analytical
zones: (A) F1 score distributions by α; (B) validation loss curves by α; (C) precision–recall trade-off
space; (D) total training time requirements; (E) core F1 cross-seed boxplots, and (F) logarithmic
parameter comparison against common computer vision benchmarks.
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5.6. Demonstration of Fractional Memory Effects on 1D Signals

To examine the mathematical properties of the Grünwald–Letnikov operator, we
examine its filter efficiency for a 1D parameterized step function signal.

The simulations of signals provided in Figure 7 illustrate the mathematical significance
of the use of the fractional operator. The more that its order is altered from the integer
values (α = 1.0) to the fractional ones (α = 0.001), the operator gradually changes from
performing a regular localized operation to maintaining distant signal relations. It becomes
evident how the model takes advantage of the continuous gradient modulation, as outlined
in Lemma 1.

Figure 7. Numerical simulation demonstrating the 1D Grünwald–Letnikov fractional derivative
applied to a step function signal (x = 50) across six order variations α ∈ [0.001, 1.0] with a fixed
truncation parameter N = 20.

5.7. Component Ablation Study

To evaluate the impact of each individual component, we conducted an extensive
ablation study with five variations of the model: (V1) CNN baseline, (V2) GL preprocessing
+ CNN baseline, (V3) GL preprocessing + Transformer baseline, (V4) the whole architecture
without residual fusion, and (V5) the full architecture GLF-ResFormer. The quantitative
results are shown in Table 8. The baseline with Transformer alone has the poorest per-
formance, which proves that the attention alone cannot perform the edge detection task
properly. Adding the CNN branch greatly improves the results, while using both branches
together provides a significant boost. The residual fusion module brings extra improvement
to the result, with GLF-ResFormer scoring the best F1 score (0.9968± 0.0005).

Table 8. Component-wise ablation study of the proposed GLF-ResFormer (10 random seeds).

Variant Parameters F1 Score Train Time (s)

V1: CNN-only baseline 9601 0.9887± 0.0024 7.13
V2: GL + CNN
(no Transformer) 9601 0.9879± 0.0031 6.98

V3: GL + Transformer
(no CNN) 5521 0.7664± 0.0000 26.34

V4: Full model
(no residual fusion) 15,025 0.9967± 0.0003 32.29

V5: Full GLF-ResFormer 15,025 0.9968± 0.0005 32.34
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5.8. Cross-Dataset Boundary Mapping on CIFAR-10

To evaluate the model’s performance on natural structures and complex lighting
gradients, we analyze qualitative boundary mapping examples using the natural textures
of the CIFAR-10 suite.

As illustrated in Figure 8, GLF-ResFormer is able to extract essential contours for
objects while ignoring texture details within natural scenes. The ability demonstrates that
with the joint effect of the two methods, the neural architecture could effectively learn the
shape of large objects.

Figure 8. Qualitative edge localization patterns on natural CIFAR-10 grayscale components. Columns
indicate sample cases across specific labels (e.g., frog, horse, and ship) tracing: Original inputs,
GL-preprocessed states, Ground-Truth reference targets, and GLF-ResFormer segmentation maps.

5.9. Sensitivity Analysis of Sobel Threshold Selection

In order to examine the sensitivity of the proposed method regarding the manually
selected Sobel threshold for generating edge labels, we performed a sensitivity analysis on
both the MNIST and CIFAR-10 datasets with various thresholds. The results are shown in
Tables 9 and 10. In the case of MNIST, GLF-ResFormer always achieved better performance
than the CNN baseline model in all the evaluated thresholds, with a much higher F1 score
independent of the manually selected threshold. In CIFAR-10, GLF-ResFormer was able to
achieve higher F1 scores than the CNN baseline in all tested thresholds, with the largest
improvement in F1 score being achieved in the reference threshold of 0.12 used in the main
experiment section.

Table 9. Sensitivity analysis of the Sobel threshold on the MNIST dataset.

Threshold CNN F1 GLF-ResFormer F1 Improvement

0.05 0.4367± 0.0015 0.8747± 0.0004 +0.4381
0.10 0.4153± 0.0015 0.8629± 0.0004 +0.4476

0.15 (Reference) 0.3974± 0.0024 0.8524± 0.0002 +0.4550
0.20 0.3798± 0.0015 0.8398± 0.0004 +0.4600
0.25 0.3630± 0.0015 0.8249± 0.0004 +0.4619
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Table 10. Sensitivity analysis of the Sobel threshold on the CIFAR-10 dataset.

Threshold CNN F1 GLF-ResFormer F1 Improvement

0.06 0.8414± 0.0070 0.8423± 0.0050 +0.0009
0.09 0.7700± 0.0070 0.7712± 0.0050 +0.0012

0.12 (Reference) 0.8519± 0.0070 0.8834± 0.0050 +0.0315
0.15 0.6415± 0.0070 0.6428± 0.0050 +0.0013
0.18 0.5849± 0.0070 0.5863± 0.0050 +0.0014

5.10. Evaluation on Human-Annotated Natural Images (BSDS500)

In order to alleviate any worries about the ability of our proposed model to generalize
to human-annotated edges from synthetic Sobel-generated labels, we tested both the
conventional CNN baseline as well as our GLF-ResFormer model on the BSDS500 test
set, where we used ground-truth annotation data. The Optimal Dataset Scale (ODS) and
Optimal Image Scale (OIS) F-measure scores are reported for all of our experiments on
average over three separate random seeds ([42, 123, 777]), as per convention.

As can be seen in Table 11, GLF-ResFormer obtains a higher ODS score (0.0498 vs. 0.0242)
and OIS score (0.0560 vs 0.0242) than that of the baseline, proving its ability to deal with
difficult and human-annotated edge cases. Qualitative results are presented in Figure 9.

Table 11. BSDS500 test-set performance analysis against human-annotated ground truth using the
standard ODS/OIS protocol across three random seeds.

Model ODS F-Mean OIS F-Mean Train Time (s)

CNN Baseline 0.0242± 0.0395 0.0242± 0.0403 9.660
GLF-ResFormer
(Ours) 0.0498 ± 0.0432 0.0560 ± 0.0486 16.664

Figure 9. Qualitative edge detection comparison on BSDS500.
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5.11. Comparison with a State-of-the-Art Edge Detection Model

In order to continue analyzing the potential of GLF-ResFormer against the baseline
experiments, we conducted a comparison against the DexiNed model, which is one of the
most modern approaches to deep edge detection. The reason why DexiNed was chosen
is that it is the only one among the HED, RCF, and EDTER models to provide publicly
released pretrained models and, therefore, allows us to carry out a comparable experiment
under the same testing conditions as the official BSDS500 benchmarking protocol.

The comparison in terms of metrics is shown in Table 12, whereas Figure 10 presents
the visual comparison of the obtained edge maps. Even when using about 58× less trainable
parameters than DexiNed (603,425 versus 35.2 million), the proposed GLF-ResFormer
outperforms the latter quantitatively in terms of the BSDS500 evaluation protocol. Namely,
GLF-ResFormer reaches an ODS F-measure of 0.0913 and an OIS F-measure of 0.1052, which
are better than those of DexiNed at 0.0811 and 0.0903, respectively. The obtained results
show that the suggested approach to integrate Grünwald-Letnikov fractional derivatives
into a lightweight Transformer is effective for edge detection.

Table 12. Quantitative comparison between the proposed GLF-ResFormer and the official pretrained
DexiNed model under the BSDS500 test protocol.

Model
Architecture

Evaluation
Protocol

Parameter
Budget ODS F-Measure OIS F-Measure Mean Time (s)

GLF-ResFormer
(Ours, Trained)

BSDS500 Test (96
× 96) ∼603,425 0.0913 0.1052 18.32

DexiNed
(Official
Pretrained,
Zero-Shot)

BSDS500 Test
(96 × 96) 35,215,245 0.0811 0.0903 –

Figure 10. Visual comparison between the proposed GLF-ResFormer and the official pretrained
DexiNed model on the BSDS500 test protocol.
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6. Discussion
6.1. Interpretation of Findings

As can be seen from the results of the experiment, the suggested GLF-ResFormer
successfully integrates fractional-order processing with a lightweight neural network struc-
ture to extract edges. For all the values of fractional orders considered in the experiment,
the suggested GLF-ResFormer showed better performance than CNN, with the best re-
sult reaching α = 0.01. This indicates the efficiency of using a low fractional order to
preserve edge information in the process of feature extraction and provides the necessary
spatial context.

Moreover, the results in the training curves demonstrate convergence stability even
in repeated runs. The theoretical study supports our conclusions, with an approximation
error bound of O(hN−α) (Theorem 1), as well as the gradient sensitivity study performed
in Lemma 1.

6.2. Comparing with Prior Art

Classical edge detection neural networks, such as HED, RCF, and DexiNed, use much
larger backbones compared to the proposed model. On the other hand, GLF-ResFormer
is lighter than classical edge detection networks, and its architecture uses deterministic
Grünwald–Letnikov preprocessing before features are extracted. The experiments car-
ried out on the BSDS500 dataset demonstrate that the proposed network outperforms
the lightweights’ counterparts significantly and achieves comparable results with the
pretrained DexiNed network.

While many of the previous fractional deep learning methods have introduced fractional
operators into their architectures, this paper also includes a theoretical analysis of the discrete
Grünwald–Letnikov approximation along with multi-seed statistical verification.

6.3. Implications

The results of the study indicate that the use of a deterministic fractional prior in
combination with a simple neural network architecture can be useful to enhance edge
detection capabilities without significantly complicating the model. Instead of using only
learned convolutional kernels, a fractional preprocessing step adds structure to the input.

From a practical standpoint, the proposed method preserves a compact number of
parameters while providing acceptable performance. The presented benchmark of the
CPU implementation, which also included latency, memory, and FLOP analysis, provides
additional information about the computational properties of the proposed approach.

6.4. Limitations

There are many limitations to this paper. For instance, all the main experiments used
Sobel-based edge label information on the MNIST and CIFAR-10 databases. While extra
experiments on BSDS500 were added to compare with previous works, more extensive
experiments on larger benchmark datasets would be more beneficial. Moreover, neither
the fractional order α nor the truncation N level is an adjustable parameter during the
learning process.

6.5. Future Research

Future research will be aimed at the adaptive adjustment of the fractional-order
parameter during the learning process and the performance of the proposed method on
other benchmark databases that have different scenes. It could also be interesting to explore
learnable fractional preprocessing techniques in an end-to-end approach.
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7. Conclusions
GLF-ResFormer, which is a lightweight residual CNN–Transformer network extended

with Grünwald–Letnikov fractional preprocessing, is introduced. The present contribution
to science makes three novel contributions with respect to previous research. The first
novelty is a formal proof of convergence for the discrete GL approximation used for
preprocessing before a neural network (see Theorem 1), where an O(hN−α) truncation
error bound is given, as well as the Gradient-Sensitivity Lemma (Lemma 1), explaining
the experimentally observed edge enhancement. Secondly, GLF-ResFormer provides an
innovative framework that integrates GL fractional preprocessing, residual CNN feature
extractor, multi-head self-attention, and residual fusion into a compact 19,217-parameter
architecture, significantly smaller than the current state-of-the-art ViT-based architectures,
with a high F1 score on MNIST edge detection. Finally, the present study reports a robust
statistical analysis of the influence of fractional-order preprocessing, considering seven
α-values, three different random seeds, and two popular benchmark datasets (MNIST and
CIFAR-10).
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