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Directional Projection of the Hessian: A Robust
Method for Edge Detection

Mohamed Lajili and Fella Hayat Laroui

Abstract—Edge detection remains a fundamental component
in many computer vision and image processing applications,
including image segmentation, object recognition, and scene
understanding. Despite extensive research, achieving both high
precision and robustness in the presence of noise and structural
ambiguity remains challenging. This paper introduces a novel
edge detection method based on Directional Hessian Projection
(DHP), which exploits second-order differential structure by
projecting the local Hessian matrix onto multiple orientations.
The proposed approach constructs a directional edge map by
averaging the absolute directional curvatures obtained from these
projections. This mathematically grounded formulation enhances
the detection of curvature-rich and fine-scale structures while
improving robustness to noise and filtering artifacts. Extensive
experiments on synthetic and natural images, including the
BSDS500 benchmark and the MultiCue dataset, show that DHP
consistently outperforms several classical edge detectors such
as Sobel, Canny, Marr-Hildreth, and wavelet-based methods.
Quantitatively, DHP achieves lower MSE, higher PSNR and
accuracy, and an average precision (AP) of 0.77 on BSDS500. On
the MultiCue dataset, it reaches an ODS of 0.901 and an OIS of
0.93, with precision of 0.85 and recall of 0.96. Compared with
deep learning approaches, DHP does not require large annotated
datasets while narrowing the performance gap with learning-
based methods.

Index Terms—Edge Detection, Local Features, Second-order
derivatives, Curvature analysis, Directional Moments, Noisy Im-
age, Directional filtering.

I. INTRODUCTION

Dges play a crucial role in visual perception, marking
transitions in intensity, texture, and structure, from light
to shadow, or from object to background. In computer vi-
sion and image processing, edge detection is a fundamental
preprocessing step that reveals the structural backbone of
an image, simplifying visual data while preserving essential
information [1], [2], [3]. Whether the goal is object recognition
[4], image segmentation [5], or feature extraction [6], reliably
and accurately detecting edges remains one of the most
critical challenges in visual processing pipelines. Over the past
decades, a diverse range of approaches has been proposed,
from early gradient-based methods to sophisticated learning-
driven frameworks, all aiming to improve edge localization
under increasingly complex imaging conditions [7], [8].
Classical Edge Detection. Early edge detection techniques
were primarily based on local gradient and intensity analysis.
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These methods focused on identifying abrupt variations in
brightness, typically indicative of physical object boundaries.
The most prominent traditional method remains the Canny
detector [9], which revolutionized edge detection by integrat-
ing Gaussian smoothing, gradient estimation, non-maximum
suppression, and hysteresis thresholding into a multi-step pro-
cess. It remains a benchmark due to its ability to produce thin,
connected, and accurate edges. Nevertheless, these classical
filters are highly sensitive to noise, parameter-dependent, and
tend to fail in highly textured or low-contrast environments.

Among the most well-known are the Sobel operator [10],

which remains widely used due to its simplicity and efficiency,
and the Laplacian of Gaussian (LoG) operator [11]. While the
Sobel operator estimates the first-order derivatives of intensity
using discrete convolution masks and highlighting changes
in both vertical and horizontal directions, LoG operator adds
a layer of robustness by combining a smoothing filter with
a second-order derivative, thus improving edge detection in
noisy contexts.
In general, traditional edge detection methods often struggle
with noise, low contrast, and complex textures. Their fixed
rules make them less effective at capturing meaningful edges
across varying shapes and scales.

To overcome these limitations, more advanced techniques
based on mathematical models have been proposed [12],
[13], [14]. Variational models, in particular, formulate edge
detection as an energy minimization problem. For example,
the Mumford-Shah model [15], [16] finds edges by balancing
fidelity to the image with smoothness. Other techniques, like
the topological gradient method [17], [18], detect edges by
analyzing local intensity changes. These methods are more
robust in the presence of noise, but are usually slower and
more computationally resources.

From Manual Features to Learning-Based Approaches.
To overcome the limitations of traditional methods, researchers
turned to learning-based approaches that rely on supervised
training to predict edge locations. These methods fall into
two broad categories: classical learning-based models and deep
learning-based models[19].

Early learning-based edge detectors used low- and mid-level
handcrafted features, such as brightness, color, texture, and
gradient orientation, extracted from local image regions. These
features were then combined to predict the presence of edges
at each pixel location. A good example is the Probability of
Boundary (Pb) model[20], which formulated edge detection as
a probabilistic inference problem by modeling local brightness
and texture cues independently and combining them using a
logistic regression function. The gPb model [21] extended this



approach by incorporating global cues and spectral cluster-
ing, significantly improving edge continuity and segmentation
quality.

In parallel, patch-based models like Sketch Tokens [22]
focused on learning structured appearance patterns from local
image patches, enabling better suppression of noisy edges and
improvement of boundary coherence. While these techniques
proved superior to traditional filters, their reliance on hand-
crafted representations made them less adaptable to diverse
and unseen image domains.

The emergence of deep learning has fundamentally reshaped
the field. Convolutional Neural Networks (CNNs) [23], [24],
[25] learn hierarchical features directly from raw image data
and have demonstrated remarkable success in recognizing
edges, shapes, and high-level contours across varied datasets.

Architectures like Holistically-Nested Edge Detection
(HED) [26] introduced the idea of deep supervision, enforcing
edge predictions at multiple layers to refine localization. Sim-
ilarly, Richer Convolutional Features (RCF) [27] aggregated
outputs across all convolutional stages, improving both edge
crispness and robustness to scale changes. More recent models
like BDCN [28] and DexiNed [29] push these innovations fur-
ther by incorporating hierarchical representations and recursive
refinement.

Despite their impressive performance, deep models come
with important caveats. They require large annotated datasets,
involve computationally expensive training, and often lack
interpretability. Their internal decisions are difficult to explain
or trust, especially in high-stakes applications such as medical
imaging.

In this paper, we propose a new method for edge detection
that uses a local directional Hessian to better understand and
detect the structure of an image, which we call the Directional
Hessian Projection (DHP) method. Unlike traditional edge de-
tection methods such as Canny, which perform global analysis,
our approach emphasizes local geometric context. DHP is a
classical approach to edge detection that analyzes second-
order information within images. Traditional edge detection
techniques mainly rely on gradients to find where intensity
changes occur, and there are mainly two challenges related to
this. First, being a first-order derivative, the gradient fails in
detecting discontinuities of second order, i.e., discontinuities
of the Laplacian/Hessian. However, this information may be
valuable in some cases and could be a very good indicative
information for various applications. Second, gradient detec-
tion is also very sensitive to noise that is always present in
the images and false edges that are caused by noise.

DHP addresses these challenges by examining the Hessian
matrix, which contains second-order derivatives and describes
the curvature of the image intensity surface at each point.
By analyzing this curvature information, DHP gains a deeper
understanding of how intensity changes evolve across different
directions. This curvature-based perspective allows it to detect
not only strong, well-defined edges but also finer, weaker
structural details that may be missed by gradient methods.

Another advantage of DHP, compared to deep learn-
ing-based methods, is that it does not rely on any supervised
learning or large training datasets. Instead, it uses purely math-

ematical calculations based on geometric principles, making
it computationally efficient and easy to implement. Its ability
to combine accuracy, robustness, and simplicity makes DHP
suitable for a wide range of practical applications, particularly
in situations where edges are not clearly visible or consistent
performance is required across diverse image types.

This paper is organized as follows. Section 2 presents the
theoretical foundation and algorithm of our proposed edge
detection method. This includes a detailed discussion of the
method itself, followed by a mathematical analysis of the
proposed model. We provide a rigorous mathematical analysis
of the proposed model. We demonstrate how the projected
directional Hessian corresponds to the second-order directional
derivative and serves as a principled measure of image cur-
vature in a given orientation. In addition, we illustrate the
effectiveness of our proposed method through visual compar-
isons on clean and noisy images. These examples highlight the
ability of the DHP framework to detect both strong and subtle
edges while maintaining robustness to noise. Together, these
components establish the DHP model as a mathematically
grounded and practically effective edge detection framework.
Section 3 discusses the results; specifically, we compare our
proposed method with several other methods, both in the
presence and absence of noise. Finally, Section 4 concludes
the paper with a summary of our findings and potential future
directions.

II. DIRECTIONAL HESSIAN PROJECTION (DHP):
PROPOSED EDGE DETECTION FRAMEWORK

Based on the limitations of traditional edge detection meth-
ods and the insights discussed earlier, we propose our complete
edge detection method, which is specifically designed to
extract structural features from images in a way that is both
robust to noise and sensitive to directional variations. This
section presents the theoretical formulation and practical im-
plementation of the proposed DHP method for edge detection.
DHP is designed to identify edges by analyzing second-order
intensity variations, providing detailed information about how
brightness changes evolve locally in different directions.

DHP computes the Hessian matrix within a neighborhood
around each pixel to capture local curvature information. The
method then projects this matrix onto a set of uniformly
sampled unit directions to obtain directional curvature re-
sponses, which are subsequently aggregated to produce an
edge map that is sensitive to structural variations across all
orientations. By combining second-order derivative analysis
with directional projections, DHP enables the detection of both
strong and subtle edges with high precision.

In what follows, we detail the mathematical formulation,
geometric interpretation, and implementation strategy of
this method, highlighting its unique ability to combine
curvature-based sensitivity with directional robustness for
superior edge detection performance.

Overview. The DHP method consists of three main steps:
(1) computing the local mean Hessian matrix at each pixel
over a predefined neighborhood; (ii) projecting this Hessian



onto multiple unit directions sampled uniformly over [0, 7[;
and (iii) aggregating the absolute directional responses to
form the final edge intensity map. This process enables the
detection of edges with enhanced geometric robustness and
multi-directional sensitivity.

A. Mathematical Formulation

Definition IL.1 (local mean Hessian). Let €2 be a bounded
domain in R?. Mathematically, an image defined on € is a
map

I1:Q—R,
(z,y) = I(z,y).

We assume that the image I is “sufficiently” smooth and
twice-differentiable, so that its Hessian matrix at each pixel
(z,y) is defined as:

Ioo(z,y) Ixy(*T’y)

Loy(2,y)  Iyy(z,y)|’

where I, I,,, and I, denote the second-order partial
derivatives of the image intensity. These derivatives capture the
curvature and provide richer structural information compared
to first-order derivatives.

To ensure robustness against noise and to capture structural
variations within a neighborhood, the local mean Hessian
over a square region R(x,y) of size w x w centered at (x,y),
is given by:

H(z,y) =

1 Log (i) Lay(i, J)
Haen = X [l el
’ I I
LI ay(i)  Lyy(i, )
Once the local Hessian matrix is computed, we project it
onto a set of unit directions to extract directional curvature

information.

Definition IL.2 ( Projected Directional Hessian). Let {vj }X_,
be a set of K uniformly distributed unit vectors in [0, ],
defined by:

_|cos O _
Uk = |:Sin9k:| ’ Hk -

(k—1Dm
K b
Given the local mean Hessian matrix Hg(z,y), defined in (1)

at each pixel (x,y), the projected directional Hessian in the
direction vy, is defined as:

k=1,..., K.

Hy, (w,y) := vy Hr (2, y)vy.

This term represents the second directional derivative of the
image in the direction vy, i.e., the local curvature projected
along vy. The projected directional Hessian captures the
second derivative along each direction, providing a measure
of local curvature variation useful for edge detection.

To better illustrate the ability of the proposed DHP method
to capture edges across multiple orientations, Fig. 1 shows the
directional edge maps obtained by projecting the local Hessian
onto five uniformly sampled directions. This visualization
demonstrates that different structures are enhanced depending
on the projection angle, confirming the directional sensitivity
and robustness of the approach.

(a) Original im-
age Birds

(c) 60° (d) 80°

(e) 120° (f) 180°

(g) Global edges

Fig. 1: Illustration of Edge Detection in Different Directions
Using The proposed DHP Method: (a) Input image, (b—f)
Directional edges at 0°, 60°, 80°, 120°, 180°, respectively,
highlighting directional sensitivity. (g) Edge detection by pro-
jected directional Hessian.

B. Mathematical Analysis of the Proposed Model

Proposition IL.1 (Projected Directional Hessian as a Sec-
ond-Order Derivative). Let I : Q@ € R2 — R be a twice-
differentiable image, and let v € R? be a unit direction vector

defined by:
__|cos@
" |sind

My (z,y) = v H(z,y)v

Then, the scalar quantity

represents the second-order derivative of the image intensity
in the direction v at the point (z,y), where H(z,y) denotes
the Hessian matrix of [ at that point. This quantity, referred to
as the projected directional Hessian, provides a geometrically
interpretable measure of local curvature along a direction v,
making it a natural indicator for edge or ridge presence in that
orientation.

Proof. Consider the directional curve f(s) := I(x + svy,y +
sv9), which samples the image intensity along the line passing
through (z,y) in the direction v, where s € R is the position
parameter.

Applying the chain rule yields:

fl(8) = VI(x+ svy,y + svg) v

Differentiating once more:

d
1 (s) = = (VI(x + sv1,y + svg) -v) = v V2I(x4501, y+502) v

Evaluating at s = 0, we obtain:
£(0) = v H(z,y)v

which confirms that M, (x,y) is the directional second
derivative at (z,y). O

Proposition IL.2 (Directional Hessian Projection for Edge
Detection). Let I : R> — R be a twice-differentiable image



and H (z,y) its Hessian matrix at pixel (z,y). Define a set of
K uniformly sampled unit directions over [0, 7[:

v = [cos Hk} 6=

sin Qk

(k—1Dm

k=1,...
K 9 9

, K.
For each direction vi, we define the projected directional
Hessian as:

H,y, (2,y) = vg H(w,y)vk-

which corresponds to the second directional derivative of the
image intensity along vy, and thus captures the local curvature
in that direction.

To quantify the edge response, we consider the absolute
value:

Hessiany (z,y) := [H,, (2, )].

This ensures invariance to the sign of the curvature, making
the method equally sensitive to both convex and concave
structures. Specifically:

e H,, > 0: convex variation (ridge-like),
e H,, < 0: concave variation (valley-like),
e H,, = 0: no second-order variation in direction vy,.

Finally, the directional edge strength at pixel (z,y) is
obtained by aggregating the directional responses over all
directions:

K
1
EdgeStrength(z, y) := 7 Z o] H (z,y)vk].
k=1

This aggregated measure provides a robust estimate of
local curvature magnitude, invariant to rotation and contrast
inversion, and is well suited to detect edges and curved
structures with enhanced stability under noise.

C. Visual Examples with and without Noise

To better understand the behavior of the proposed DHP, we
present a set of illustrative examples on both clean and noisy
images. These visualizations aim to highlight the robustness
of the DHP method to noise, as well as its ability to preserve
fine structures.

Fig. 2: Tllustrative results of edge detection using the proposed
DHP method.

As illustrated in Fig. 2, the proposed DHP demonstrates
its ability to handle weak edges and second-order discontinu-
ities, providing satisfactory edge detection results on several
BSDS500 images [30]. These observations confirm the robust-
ness and relevance of our approach.

Moreover, to evaluate the robustness of the proposed Di-
rectional Hessian Projection (DHP) method under noisy con-
ditions, a synthetic image experiment was disturbed with
additive Gaussian noise. Fig. 3 presents (a) the original clean
image, (b) the noisy image with o = 0.1, (c) the edge map
produced by the classical Canny method, and (d) the result
obtained with DHP combined with Otsu thresholding.

(a) (b) (© (d

Fig. 3: Illustrative results of Robustness of DHP to Gaussian
noise: (a) Original synthetic image. (b) Noisy image with
o = 0.1. (c) Edge map obtained using Canny. (d) Edge map
obtained using the proposed DHP method.

Despite incorporating a Gaussian smoothing step to reduce
noise, the classical Canny method produces fragmented and
cluttered edge maps under additive Gaussian noise, with
many spurious detections across the image. In contrast, the
proposed DHP method does not include any explicit denoising
step, yet it generates clean, continuous edges that accurately
outline the square structure despite the noise. This robustness
arises from DHP’s use of second-order directional derivatives,
which capture local curvature information less affected by
random intensity fluctuations, combined with local averaging
that further stabilizes the response. These results demonstrate
that DHP achieves reliable and precise edge detection even
under challenging noisy conditions, making it suitable for
applications where both accuracy and noise resilience are
critical.

To further assess the noise robustness of the proposed
DHP method, an extended comparative analysis was con-
ducted against classical edge detectors under increasing levels
of Gaussian noise. In this experiment, DHP method was
compared to the widely used Sobel and Canny methods.
Fig. 4 shows how the mean edge value detected by each
method changes with increasing Gaussian noise. At low noise
levels, Canny produces the lowest edge values among the
three methods. This is because Canny applies non-maximum
suppression in its algorithm, which thins edges and retains
only local maxima along gradient directions. As a result, even
in noise-free images, Canny detects fewer edges compared to
Sobel and DHP, which do not include this suppression step.
In contrast, Sobel has a higher mean edge value at low noise.
As the noise level increases, Sobel’s mean edge value rises
sharply. This is expected because Sobel treats noise-induced
intensity fluctuations as edges, making it highly sensitive to
noise. Canny’s mean edge value also increases with noise but



Impact of Noise on Edge Detection

—e— DHP + Otsu
200 { —=— canny
—a— Sobel

Mean Value
=
5]
]

0.0 0.1 0.2 0.3 0.4 0.5
Noise Level (Standard Deviation)

Fig. 4: The impact of Gaussian noise on the performance
of three edge detection algorithms, Sobel, Canny, and the
proposed DHP.

at a slower rate, as its initial Gaussian smoothing step reduces
the effect of small noise variations, and its non-maximum
suppression further limits false detections. This explains why
Canny remains below Sobel across all noise levels in the
figure. In addition, DHP shows a different and more stable
behavior. Its mean edge value remains almost constant up
to a noise level of around 0.15. Between noise levels of
0.15 and 0.4, DHP detects fewer edges than Canny. This
indicates that DHP can suppress noise-induced false edges
more effectively, while still preserving true structural edges.
However, at very high noise levels (above 0.4), DHP’s mean
edge value starts to increase, surpassing that of Canny. This
can be explained by the fact that, unlike Canny, DHP does
not use explicit Gaussian filtering. Instead, it reduces noise
effects by analyzing second-order directional derivatives and
averaging curvature information over multiple directions. At
extreme noise levels, this integration of small variations across
directions leads to the detection of more edges, including some
noise-induced structures.
Overall, this analysis shows that while Sobel is highly sensitive
to noise and Canny provides moderate robustness due to
smoothing and suppression, the proposed DHP method main-
tains strong stability in low to moderate noise conditions. Its
ability to capture curvature information makes it less sensitive
to random noise while accurately detecting both strong and
subtle edges, which is essential for practical applications that
require reliable edge detection under varying noise levels.
As expected, Figs. 2, 3, and 4 show that the proposed
method effectively addresses the problem of weak edges and
second-order discontinuities. It also confirms the robustness
of our approach to noise, yielding satisfactory edge detection
compared to the Canny and Sobel methods.

D. Discretizations and algorithm

To implement the proposed Directional Hessian Projection
(DHP) method in a discrete image setting, we approximate the
second-order derivatives using finite differences. This allows
for efficient computation of the local Hessian matrix and direc-
tional curvature projections. Let I(x,y) be a grayscale image

defined over a 2D grid. The second-order partial derivatives
are approximated by central finite differences as follows:

@NI( +1,y) —2I(z,y) + I(z — 1,y) 2)

a.’E2~ x Y z,y x »Y),

0?1

oI 1

909y Z[I(:c+1y+1) I(z+1,y—1)
—Iz—1y+ 1) +1I(xz—1,y—1)]. ())

These values form the discrete Hessian matrix:

9’1 21
H(z,y):= [‘%2 d‘”dy] )

21 a2
oxdy oy?

The algorithm is described below:

Algorithm 1 Directional Hessian Projection (DHP) Edge
Detection

Input: Grayscale image I(z,y).

Output: Edge map E(z,y).

1: Compute the second-order derivatives I, I, and I ,, as
defined in equations (2), (3), and (4), respectively.
2: Calculate Local Mean Hessian as defined in equation (1)

3: Project onto Unit Directions
4: for each v, k=1,..., K do
_ [cos b (k=)
Uk = [sin QJ Or = K
ch (.’E, y) = /Ul—le—HR(xa y)'Uk
5: end for

6: Aggregate Directional Hessian

| X
O]
k=1
7. Apply Thresholding
E(z,y) ={(z,y) € Q| H(z,y) > T}

where T is an adaptive or Otsu threshold.
8: return E(z,y)

III. RESULTS AND DISCUSSION

In the following, we display a comprehensive evaluation of
the proposed DHP method. We start with the experimental
setup, including the datasets, implementation details, and
evaluation metrics. We then assess the robustness of DHP to
noise and compare its performance against classical and state-
of-the-art edge detection methods.

All experiments were conducted using Python 3.10 under
Windows 11. Moreover, the datasets that used for our evalua-
tion :

o Standard images: To illustrate qualitative performance
and visual interpretability, we included classical images
such as White square,Windmill, Lena, and Oranges[31]
Red tulip, Swan[32],and Butterfly[33].



o BSDS500: A widely used benchmark dataset for edge
detection and segmentation[30], containing 500 natural
images annotated with ground truth contours by multiple
human subjects. Our experiments used the standard test
subset of 200 images for quantitative evaluation.

o Multicue: originally designed to study human boundary
perception. Unlike BSDS500’s static images, Multicue
consists of 100 short stereo video sequences recorded
in complex real-world environments. The final frame of
each left-view sequence is annotated with both object
boundaries and low-level edges. It provides 80 training
and 20 testing samples, with results averaged over three
runs.

The DHP method was implemented by computing second-
order derivatives to construct the local Hessian matrix. The
number of directions K was set to 10, uniformly sampled
over [0, 7[, and the neighborhood window size w was set to 3,
balancing computational speed and local curvature estimation
accuracy.

We applied Otsu’s adaptive thresholding for post-processing
to binarize the aggregated edge map.

A. Evaluation Metrics

To comprehensively evaluate the performance of the pro-
posed DHP method against ground truth annotations, we com-
puted six standard metrics commonly used in edge detection
evaluation, following the definitions from Li and Xu (2025)
[34]:

¢ Mean Squared Error (MSE):

1 M—-1N-1
MSE = w2 > > [16.5) = K@),

i=0 j=0

where M and N are image dimensions, I is the ground
truth, and K is the predicted edge map.
« Peak Signal-to-Noise Ratio (PSNR):

MAX?
MSE )’

where M AX is the maximum possible pixel value (1.0
for normalized images).
o Accuracy:

PSNR =10 -log;, <

TP+ TN
TP+TN+ FP+ FN’
where T'P is true positives, T'N true negatives, F'P false
positives, and F'IN false negatives. This metric measures
the proportion of correctly classified pixels.
o Average Precision (AP):

Accuracy =

TP
TP+ FP’
where TP and F'P are as defined above. This metric
evaluates the precision of edge detection results.
¢ Recall: Measures how many actual positive instances are
correctly identified:

AP

TP

Recall = m,

where F'N is the number of false negatives.
e F1-Score: Represents the harmonic mean of precision
and recall:

Fl—9x Precision x Recall

Precision + Recall

It ranges from O to 1, with higher values indicating better
balance between precision and recall.

o Optimal Dataset Scale (ODS) and Optimal Image
Scale (OIS): These F-scores are commonly used in edge
detection to evaluate performance across thresholds.

— ODS: Measures the best F-score over the entire
dataset using a single optimal threshold:

(2 x Precision x Recall>

D =
ODS veshon Precision + Recall

threshold

It reflects the model’s global performance consis-
tency.

— OIS: Computes the best F-score for each image
individually, then averages the results:

2 x Precision; X Recall;
Precision; + Recall; ’

1 N
OIS = 7 2,053, (

where N is the total number of images. It highlights
the model’s ability to adapt to different image char-
acteristics.

These metrics provide a comprehensive assessment of edge
detection performance, including pixel-wise errors (MSE,
PSNR), classification performance (Accuracy), and precision
(AP), consistent with previous studies in edge detection bench-
marking [34].

To evaluate the performance of the proposed DHP method,
we conducted a comparative study using four standard test
images taken from [31], namely: a white square on a black
background (Fig. 5), Windmill (Fig. 6), Lena (Fig. 7), and
Oranges (Fig. 8). Each image was processed using several
classic edge detectors (Roberts, Prewitt, Sobel, Marr-Hildreth
(Gaussian and LoG), and Haralick), as well as our proposed
DHP method.

Fig. 5 compares several edge detection methods on a sim-
ple square image. The first-order methods (Roberts, Prewitt,
Sobel) correctly detect the contour, with Roberts producing
thinner edges and Prewitt/Sobel giving slightly thicker but
more stable ones. Second-order methods introduce more dis-
tortions: Marr-Hildreth rounds the corners due to Gaussian
smoothing, while Haralick produces thicker edges. In contrast,
the proposed DHP method detects clean and well-localized
edges, preserving both straight boundaries and sharp corners.

Fig. 6 shows the edge detection results on the Windmill
image, which contains complex textures and shaded regions.
The first-order methods (Roberts, Prewitt, Sobel) detect the
main edges but produce fragmented and incomplete contours,
missing some structures such as the lower blade. The second-
order methods (Marr-Hildreth and Haralick) detect slightly
more details but still generate irregular or overly smoothed
edges. In contrast, the proposed DHP method produces
cleaner, smoother, and more continuous edges, successfully



Fig. 5: Edge detection results on the white square image
using different methods: (a) Original image, (b) Roberts, (c)
Prewitt, (d) Sobel, (¢) Marr-Hildreth (Gaussian), (f) Marr-
Hildreth (LoG), (g) Haralick, and (h) Proposed DHP.

(b) (© (d)

(O] () (€9) ()

Fig. 8: Edge detection results on the Oranges image using
different methods: (a) Original image, (b) Roberts, (c) Prewitt,
(d) Sobel, (e) Marr-Hildreth (Gaussian), (f) Marr-Hildreth
(LoG), (g) Haralick, and (h) Proposed DHP.

Fig. 6: Edge detection results on the Windmill image using
different methods: (a) Original image, (b) Roberts, (c) Prewitt,
(d) Sobel, (¢) Marr-Hildreth (Gaussian), (f) Marr-Hildreth
(LoG), (g) Haralick, and (h) Proposed DHP.

(b)

(€9) ()

Fig. 7: Edge detection results on the Lena image using differ-
ent methods: (a) Original image, (b) Roberts, (c) Prewitt, (d)
Sobel, (e) Marr-Hildreth (Gaussian), (f) Marr-Hildreth (LoG),
(g) Haralick, and (h) Proposed DHP.

detecting the shaded blade and preserving the overall structure
of the windmill.
Fig. 7 shows the edge detection results on the Lena image,

Fig. 9: Comparison of edge detection results on the red tulip
image: (a) Original image, (b) Sobel, (c) Prewitt, (d) Roberts,
(e) LOG, (f) Zero-Crossing, (g) Canny, (h) Proposed method
by Yahya et al, and (i) Proposed DHP method.

which contains smooth textures, sharp edges, and complex de-
tails. The first-order methods (Roberts, Prewitt, Sobel) detect
the main contours but produce fragmented edges and many
spurious points, especially in textured regions. The second-
order methods (Marr-Hildreth and Haralick) generate more
recognizable contours and reduce noise, but edges remain
either irregular or overly thick. In contrast, the proposed DHP
method provides clearer, more continuous, and well-localized
edges, preserving important facial features and structures while
reducing false detections in the background.

Fig. 8 shows the edge detection results on the Oranges
image, which contains complex textures, shadows, and
rounded contours. The first-order methods (Roberts,
Prewitt, Sobel) detect some fruit structures but produce many



spurious points and fragmented edges. The second-order
methods (Marr-Hildreth and Haralick) generate smoother
contours and reduce noise, but some edges remain broken or
overly smoothed, causing loss of fine details. In contrast, the
proposed DHP method produces cleaner and more consistent
edges, accurately capturing both internal and external fruit
contours while remaining robust to texture and illumination
variations.

After evaluating the DHP method against classical edge
detectors on standard test images from Spontén and
Cardelino [31], we extended our comparative study to a
second benchmark, proposed in the work by Yahya et
al. [32]. This study focuses on natural color images drawn
from diverse domains including flowers, animals, and
textured backgrounds which pose additional challenges such
as low-contrast transitions, curved structures, and fine textures.

Figs. 9 and 10 present qualitative comparisons on two
natural images: red tulip and swan. The results of several
classical edge detectors (Sobel, Prewitt, Roberts, LoG, Zero-
Crossing, Canny, and the method of Yahya et al. [32]) are
compared with the proposed DHP method to evaluate ro-
bustness and structural accuracy in complex scenes. Indeed,
in the tulip image, first-order methods produce fragmented
and incomplete edges, missing several fine structures. Second-
order methods slightly improve detection but still generate
irregular contours. Canny and the method of Yahya et al.
provide more continuous edges, yet some details remain poorly
detected or oversimplified. In contrast, the proposed DHP
method detects both major and fine structures with sharp,
continuous, and geometrically faithful contours. Moreover,
in the swan image, classical detectors identify the general
silhouette but produce thin and discontinuous edges, especially
around the neck and body. While LoG, Zero-Crossing, Canny,
and the method of Yahya et al. improve contour visibility, the
results remain partially fragmented and some details are lost.
The proposed DHP method clearly delineates both the swan
and its reflection with sharp and continuous edges, preserving
the geometry and fine structures of the scene.

Finally, to further evaluate and validate the performance
of the proposed model, we tested it on another dataset and
compared its results with those of other existing methods. To
ensure fairness, we directly use the values reported in their
published works and present the results at a single scale.
Table I presents the comparison with other models on the
Multicue dataset. Fig 11 presents several examples of edge
detection results. Each pair shows the original image (top)
and the corresponding edges detected by the proposed method
(bottom). The visual results clearly demonstrate the model’s
ability to capture fine and complex image discontinuities with
high precision, producing detailed and meaningful edge maps
that accurately outline object boundaries and structural details.

Table I compares the performance of different edge de-
tection methods on the Multicue dataset. The proposed DHP
method achieves an ODS of 0.901 and an OIS of 0.93. With
a precision of 0.85 and a recall of 0.96, the model shows a
strong ability to detect most true edges while maintaining good
accuracy. This high recall indicates that DHP successfully

(b) (© (d)

(€9) ()

Fig. 10: Comparison of edge detection results on the swan
image: (a) Original image, (b) Sobel, (c) Prewitt, (d) Roberts,
(e) LOG, (f) Zero-Crossing, (g) Canny, (h) Proposed method
by Yahya et al, and (i) Proposed DHP method.

Fig. 11: Results of edge detection using the proposed DHP
method on the Multicue dataset.

Methods ODS OIS
Human [35] 0.75 -

Multicue [35] 0.83 -

HED [36] 0.851 0.864
RCF [37] 0.857 0.862
BDCN [38] 0.891 0.898
PiDiNet [39] 0.855 0.860
EDTER [40] 0.894 0.900
UAED [41] 0.895 0.902
MuGE [42] 0.875 0.879
UEDVE [43] 0.899 0.934
DHP (proposed) 0.901 0.93

TABLE I: Results on the Multicue Dataset.

identifies almost all relevant boundaries, even in challenging
scenes, while the moderate precision suggests that some de-
tected edges may not exist in the ground truth.



B. Noise Robustness Evaluation

In order to confirm the efficiency and robustness of the
proposed model, even in the presence of noise, we conducted
experiments at various noise levels. We also compared our
results with those previously published in [34]. Compared to
the methods presented in this article, our approach follows a
different strategy. Most of the published techniques rely on
pre-processing steps, such as wavelet denoising and Gaussian
filtering, to reduce noise and improve edge quality before
detection. In contrast, our method does not require any pre-
processing. It directly processes both clean and noisy images
by analyzing the projected directional Hessian. This allows
us to preserve fine details that might be lost during filtering.
Overall, our approach is simpler, does not need parameter
tuning, and is able to detect subtle edges in complex or noisy
images.

This evaluation was performed under similar experimental
conditions, using the Butterfly image [33] with varying levels
of Gaussian noise (0.1%, 10%, 20%, and 30%) and the
BSDS500 dataset[30]. Table II summarizes the performance
metrics obtained for both methods on the Butterfly image. In
the original EDAW experiments, three thresholding strategies
were tested (soft, hard, and median), yielding comparable
results with an accuracy of approximately 63.84%, an MSE
of 0.3619 Pixels, and a PSNR of around 4.41 dB. In contrast,
the proposed DHP method, using Otsu thresholding, achieved
a significantly lower Mean Squared Error (MSE) of 0.2364,
a higher PSNR of 6.26 dB, and an improved accuracy of
76.36%. This indicates that DHP not only provides sharper
and more precise edge maps but also demonstrates superior
robustness in capturing structural details. By checking these
values in Table II, the proposed DHP method maintains high
accuracy and structural coherence even under increasing noise
conditions, confirming its robustness and suitability for real-
world edge detection tasks in noisy environments.

Method MSE PSNR (dB) | Accuracy (%)
EDAW (Soft Threshold) 0.3619 44136 63.80
EDAW (Hard Threshold) 0.3615 4.4189 63.84
EDAW (Median Threshold) | 0.3615 4.4189 63.84
DHP (Otsu Threshold) 0.2364 6.2638 76.36

TABLE 1II: Comparison of edge detection performance be-
tween EDAW [34] and the proposed DHP method on the
Butterfly image.

These results demonstrate the strength of the DHP approach
in capturing structural details more precisely and consistently.
The lower MSE and higher PSNR imply that DHP generates
edge maps with fewer errors and clearer contours, while the
improved accuracy confirms its ability to detect relevant edges
effectively. Overall, the comparison indicates that DHP offers
superior performance to EDAW on this image, highlighting its
potential as a robust and efficient method for edge detection
tasks requiring high precision and structural fidelity.

A qualitative assessment was conducted under increasing
levels of additive Gaussian noise (0.1%, 10%, 20%, and 30%)
using the Butterfly image. The proposed Directional Hessian
Projection (DHP) method was visually compared to the Canny

(a) Ground (b) Canny (c) bior4.4 (d) bl7 (e) coif5

truth

() db5 (g) k6 (h) haar (i) han5.5 () mb4.2

(k) rbio4.4 (1) sym5 (m) DHP

Fig. 12: Edge detection results of different denoising combi-
nations at 0.1% Gaussian noise level from EDAW, extended
with the proposed DHP method.

(a) Ground
truth

(b) Canny (c) bior4.4 (d) b17 (e) coif5

(f) db5 (g) k6 (h) haar (i) han5.5 (j) mb4.2

(m) DHP

(k) rbio4.4 (1) sym5

Fig. 13: Edge detection results of different denoising combi-
nations at 10% Gaussian noise level from EDAW, extended
with the proposed DHP method.

detector and various wavelet-based methods integrated into the
EDAW framework [34].

Figs. 12, 13, 14, and 15, show a visual comparison of edge
detection results under different noise levels ( 0.1%, 10%,
20%, and 30%) using various methods, including the proposed
one. Tables III, IV, V, and VI, present quantitative results
using four metrics: MSE, PSNR, edge detection Accuracy, and
Average Precision (AP) scores.

Visually, the proposed method stands out by producing



(a) Ground
truth

(b) Canny (c) bior4.4 (d) bl7 (e) coif5

(f) db5 (2) fk6

(h) haar (i) han5.5 (j) mb4.2

(k) rbio4.4 (1) sym5 (m) DHP

Fig. 14: Edge detection results of different denoising combi-
nations at 20% Gaussian noise level from EDAW, extended
with the proposed DHP method.

(a) Ground
truth

(b) Canny (c) bior4.4 (d) bl7 (e) coif5

(f) dbs (g) k6 (h) haar (i) han5.5 (j) mb4.2

(k) rbiod.4

(1) sym5 (m) DHP

Fig. 15: Edge detection results of different denoising combi-
nations at 30% Gaussian noise level from EDAW, extended
with the proposed DHP method.

clear, continuous, and accurate edges, even when the noise
level is high (up to 30%). While other methods such as Canny
and wavelet-based approaches (like bior4.4, bl7, coif5, etc.)
either lose fine details or produce noisy contours, the proposed
method preserves the full structure of the butterfly, including
the fine wing patterns.

Table III presents the Mean Squared Error (MSE) values
for various edge detection methods under four different levels
of additive Gaussian noise: 0.1%, 10%, 20%, and 30%. This

comparison evaluates the noise robustness of traditional edge
detectors Canny, wavelet-based techniques from the EDAW
framework, and the proposed Directional Hessian Projection
(DHP) method.

At a low noise level of 0.1%, most wavelet-based methods
perform similarly, with MSEs clustering tightly around 0.3615.
Canny shows a slightly higher error (0.3641), indicating some
early sensitivity to noise. In contrast, DHP significantly out-
performs all methods, achieving an MSE of 0.2452, indicating
sharper and more accurate edge preservation even with light
perturbations.

At 10% noise, performance variation becomes more visible.
While wavelet methods begin to show subtle differences (e.g.,
mb4.2 and fk6 drop below 0.3600), Canny’s error continues
to increase slightly (0.3655). DHP again stands out with a
low MSE of 0.2457, maintaining remarkable stability despite
rising noise.

At 20% noise, the degradation in wavelet performance be-
comes more pronounced. Most filters report higher MSEs
(typically around 0.35-0.36), with only mb4.2 and rbio4.4
maintaining relatively lower error (0.3484 and 0.3520, respec-
tively). Canny performs poorly (0.3756), indicating substantial
breakdown. However, DHP preserves structure effectively with
an MSE of 0.2765, confirming its noise resilience.

At the highest noise level of 30%, nearly all methods degrade.
Canny suffers the most, reaching an MSE of 0.4219, while
wavelet approaches range from 0.3476 (mb4.2) to 0.3607
(sym5). Even under these severe conditions, DHP maintains a
relatively low MSE of 0.3137, outperforming all competitors.
Across all noise levels, the DHP method consistently delivers
the lowest MSE values. Unlike Canny and many wavelet-based
approaches, whose performance deteriorates significantly as
noise increases, DHP maintains structural fidelity and noise
robustness. This quantitative evaluation reinforces the DHP
method’s suitability for edge detection tasks in real-world
noisy conditions.

Table IV presents the PSNR scores for different edge
detection methods under four levels of Gaussian noise (0.1%,
10%, 20%, and 30%) on the Butterfly image. At low noise
(0.1%), most wavelet-based methods give similar PSNR values
around 4.41-4.42 dB, while Canny shows the lowest value.
The proposed DHP method clearly outperforms the others
with a PSNR of 6.1040 dB. As the noise increases (10%,
20%, and 30%), traditional and wavelet-based methods remain
around 4-4.6 dB but gradually degrade. In contrast, DHP
keeps the highest PSNR values (from 6.0952 dB to 5.0354
dB), showing better robustness to noise and better preservation
of edge structures.

Table V presents the accuracy rates of several edge detection
methods under increasing Gaussian noise levels (0.1%, 10%,
20%, and 30%). Most wavelet-based filters and Canny obtain
similar accuracy values around 63.5%—-65.2%, with slight
variations as noise increases. In contrast, the proposed DHP
method consistently achieves the highest accuracy, reaching
75.48% at low noise and remaining clearly above the other
methods even at higher noise levels (75.42%, 72.35%, and
68.63%). These results highlight the strong robustness of
DHP in preserving meaningful edge structures under noisy



conditions.

Method 0.1% 10% 20% 30%

Canny 0.3641 0.3655 0.3756 | 0.4219
bior4.4 0.3615 0.3612 | 0.3570 | 0.3580
bl7 0.3617 | 0.3605 0.3586 | 0.3564
coif5 0.3616 | 0.3619 | 0.3603 0.3599
db5 0.3617 | 0.3612 | 0.3592 | 0.3563
k6 0.3617 | 0.3594 | 0.3534 | 0.3532
haar 0.3615 0.3620 | 0.3619 | 0.3584
han5.5 0.3616 | 0.3611 0.3570 | 0.3560
mb4.2 0.3618 | 0.3597 | 0.3484 | 0.3476
rbio4.4 0.3614 | 0.3599 | 0.3520 | 0.3497
sym5 0.3620 | 0.3636 | 0.3607 | 0.3607
DHP (Proposed) | 0.2452 | 0.2457 | 0.2765 | 0.3137

TABLE III: MSE values of edge detection methods at different
Gaussian noise levels

Method 0.1% 10% 20% 30%

Canny 43878 | 44186 | 4.2071 | 3.7485
bior4.4 44189 | 44227 | 44735 | 44610
bl7 44170 | 44310 | 4.4542 | 4.4802
coif5 44172 | 44139 | 44337 | 44384
db5 44170 | 44229 | 44466 | 4.4822
k6 44170 | 4.4439 | 45176 | 4.5200
haar 44184 | 44134 | 44136 | 4.4564
han5.5 44174 | 44234 | 44732 | 4.4855
mb4.2 44158 | 4.4411 | 45791 | 4.5890
rbio4.4 44201 | 44384 | 4.5346 | 4.5633
sym5 4.4134 | 43937 | 4.4286 | 4.4286
DHP (proposed) | 6.1040 | 6.0952 | 5.5837 | 5.0354

TABLE IV: PSNR (dB) comparison of edge detection methods
under varying Gaussian noise levels.

Method AP Score
Canny 0.580
Sobel 0.568
Roberts 0.512
SLEDGE 0.652
RCF 0.822
Li et al. 0.605
EDAW 0.682
Proposed DHP 0.7717

Method 0.1% 10% 20% 30%
Canny 63.5901 | 63.5076 | 62.8429 | 62.8153
bior4.4 63.8496 | 63.8813 | 64.3013 | 64.1983
bl7 63.8337 | 63.9506 | 64.1428 | 64.3567
coif5 63.8357 | 63.8080 | 63.9724 | 64.0120
db5 63.8337 | 63.8833 | 64.0794 | 64.3726
tko 63.8337 | 64.0576 | 64.6618 | 64.6816
haar 63.8456 | 63.8040 | 63.8060 | 64.1606
han5.5 63.8377 | 63.8872 | 64.2993 | 64.4003
mb4.2 63.8238 | 64.0338 | 65.1591 | 65.2383
rbio4.4 63.8595 | 64.0120 | 64.8005 | 65.0323
sym5 63.8040 | 63.6396 | 63.9308 | 63.9308
DHP (Proposed) | 75.4755 | 75.4255 | 72.3541 | 68.6338

TABLE V: Accuracy (%) of different edge detection methods
under Gaussian noise at various levels.

Comparison Against State-of-the-Art Methods: To eval-
vate the performance of the proposed Directional Hessian
Projection (DHP) approach in a broader context, we compare
it with several well-known edge detection techniques using the
BSDS500 test dataset [30]. These include traditional methods
(Canny, Sobel, Roberts), advanced algorithms (SLEDGE), and
learning-based approaches (RCF and the method by Li et al.).
Results are reported in terms of Average Precision (AP), a
widely adopted metric for evaluating edge detection quality.

Fig. 16 provides visual examples comparing edge maps
from different detectors, and Table VI summarizes the AP
values.

The DHP method achieves a competitive AP score of 0.7717,
clearly surpassing all traditional detectors. In particular, Canny
achieves 0.580, Sobel 0.568, and Roberts 0.512. Compared to

TABLE VI: Average Precision (AP) scores for various edge
detection methods on the BSDS500 test set.

EDAW, which achieves an AP of 0.682, DHP demonstrates
a substantial improvement of nearly 9 percentage points.
Even when compared to SLEDGE (0.652), a high-performing
traditional algorithm, DHP maintains a significant lead.
While deep learning-based RCF achieves the highest AP of
0.822, DHP’s performance narrows the gap without relying
on data-driven training, thus avoiding the overhead of model
training and dataset dependency. This makes DHP a highly
practical alternative for tasks where training data is scarce or
domain adaptation is costly.

The superior performance of DHP stems from two core inno-
vations. First, the directional second-order projection frame-
work integrates gradient information over multiple orienta-
tions, which enhances structural sensitivity and suppresses
noise. Second, the combination with simple global threshold-
ing ensures edge maps are not only accurate but also consistent
across different scenes. The algorithm’s unsupervised nature,
stability under noise, and lack of hyperparameter tuning con-
tribute to its strong generalization.

In contrast, traditional detectors struggle with noisy tex-
tures and fragmented contours. As observed in visual results
(Fig. 16), Canny and Roberts tend to over-detect noise while
missing thin or low-contrast boundaries. EDAW, though more
robust, still suffers from edge attenuation in cluttered regions.
DHP, on the other hand, retains fine details and yields crisp
and coherent edge structures.

These results highlight that DHP effectively balances preci-
sion, robustness, and practicality, offering a strong alternative
to both classical and learning-based edge detection pipelines
in real-world conditions.

IV. CONCLUSION

In this study, we introduced the Directional Hessian Projec-
tion (DHP), a novel edge detection technique designed for high
accuracy and robustness across a wide spectrum of image types
and noise conditions. The proposed method was evaluated on
both synthetic and real-world datasets, including the White
Square image, the Windmill and Butterfly images, as well as
the BSDS500 benchmark and the MultiCue dataset. Through
comparative experiments, DHP demonstrated superior per-
formance against traditional edge detectors (such as Canny,
Roberts, Sobel, and Prewitt) and modern approaches. In syn-
thetic tests, DHP produced more continuous and structurally
faithful edges and remained robust under Gaussian noise, as
confirmed both visually and through numerical metrics (MSE,
PSNR, and Accuracy, ...). On BSDS500, DHP achieved an
Average Precision (AP) of 0.7717, outperforming classical



(a) Original image (b) Ground truth (c) Canny

(d) Roberts

(e) EDAW

(f) DHP

Fig. 16: Visual comparisons of edge detection results on multiple images using classical methods and EDAW. New method
performs the best.

baselines such as Roberts (0.512), Sobel (0.568), and EDAW
(0.682). On the MultiCue dataset, it achieved an ODS of
0.901 and an OIS of 0.93, with a precision of 0.85 and a
recall of 0.96, confirming its robustness and generalization
ability. These results highlight DHP as an accurate, robust, and
computationally simple edge detection method, suitable for
integration into higher-level vision tasks such as segmentation,
object detection, and pattern recognition. Future work will
focus on improving computational efficiency and extending
the approach to 3D image analysis.
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