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Abstract

This paper introduces a computationally efficient method for identifying the orientation of 
objects with diverse geometries and is compared with other popular image processing ap-
proaches. The proposed method estimates object orientation by averaging multiple extreme 
boundary points located at opposite sides of the detected object contour, thereby reducing 
the sensitivity of the orientation estimation to individual boundary-point perturbations. 
Unlike learning-based approaches that require model training, the proposed method op-
erates directly on the detected object contour. Across the complete set of 1870 images, it 
achieved a sample-weighted pooled mean angular error of 16.17° and a mean execution 
time of 34.28 μs, while the macro-average angular error across the five datasets was 18.404°. 
The proposed method may be suitable for computationally constrained applications with 
morphology-dependent accuracy constraints. The proposed technique is evaluated against 
five established orientation estimation methods: Ellipse Fitting, Principal Component 
Analysis (PCA), Minimum Area Rectangle, Morphological skeleton, and Hough Trans-
form. Although Hough Transform achieved higher overall angular accuracy, the proposed 
method required substantially less execution time. Extensive experiments were conducted 
on 1870 images of various fish species and plant leaves, covering a wide range of resolutions 
and structural complexities. Experimental results show that acceptable accuracy is achieved 
while maintaining a significantly lower computational execution time. In shape alignment 
applications based on Ensemble of Regression Trees (ERT), orientation estimation error 
within ±20° is typically acceptable; thus, the proposed method can be exploited.

Keywords: orientation estimation; extreme-point averaging; contour analysis; shape 
analysis; real-time image processing

1. Introduction
Accurate orientation estimation of two-dimensional objects constitutes a fundamental 

problem in computer vision, pattern recognition, robotics, and biological image analy-
sis. The determination of the dominant axis of an object is essential in applications such 
as robotic manipulation and navigation [1], morphological analysis of biological speci-
mens [2], automated species classification in ecological monitoring systems [3], medical 
image interpretation [4], and industrial production lines [5]. Despite decades of research, 
robust orientation estimation remains challenging when objects exhibit irregular shapes, 
concavities, partial occlusions, or high contour variability.

Classical approaches to orientation estimation are primarily based on second-order 
statistical moments and geometric fitting. Principal Component Analysis (PCA) is widely 

Electronics 2026, 15, 4974 https://doi.org/10.3390/electronics15214974

https://crossmark.crossref.org/dialog?doi=10.3390/electronics15214974&domain=pdf&date_stamp=2026-11-05
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/
https://www.mdpi.com/journal/electronics
https://www.mdpi.com
https://orcid.org/0000-0001-7734-6585
https://orcid.org/0000-0003-3578-8494
https://orcid.org/0000-0003-0942-8022
https://doi.org/10.3390/electronics15214974


Electronics 2026, 15, 4974 2 of 30

used due to its simplicity and computational efficiency, extracting the dominant eigenvector 
of the covariance matrix of contour points to determine the principal direction [6,7]. Simi-
larly, Ellipse Fitting methods approximate the contour with a conic section and compute the 
orientation of the major axis [8]. These techniques perform well when objects exhibit near-
elliptical symmetry or uniform mass distribution. However, their performance deteriorates 
significantly in the presence of asymmetric protrusions, non-uniform thickness, or serrated 
boundary characteristics commonly observed in biological objects such as fish and leaves.

More advanced contour-based descriptors have been proposed to address these limi-
tations. Fourier descriptors represent closed contours in the frequency domain, enabling 
rotation-invariant shape analysis [9]. Shape context descriptors capture local geometric 
distributions for matching and recognition tasks [10]. Curvature-based representations and 
geodesic metrics further enhance discrimination power in complex shapes [11]. While these 
approaches improve robustness in recognition scenarios, they are often computationally 
demanding and not specifically optimized for direct orientation estimation.

Transform-based methods such as the Hough Transform have also been extensively 
applied to detect dominant linear structures within images [12]. These computationally 
expensive techniques depend heavily on threshold selection and accumulator resolution, 
making them sensitive to noise. Similarly, skeletonization and medial axis transforms 
provide structural representations of shapes [13,14], but iterative morphological operations 
introduce significant computational overhead and may amplify segmentation artifacts.

Another widely used geometric approach is the minimum area bounding rectangle 
(MinAreaRect), which determines the orientation of the rectangle with minimal area en-
closing the contour of the object under interest [15]. Despite the efficiency of this method, 
instability may be exhibited when multiple near-optimal bounding rectangles exist, espe-
cially for objects with different body shapes.

Contour-based geometric representations have also been extensively investigated for 
shape analysis, as object boundaries provide direct information about global geometry and 
local morphological variations [16,17]. Boundary-based approaches have been success-
fully applied in computational geometry [18], object recognition [19], and morphological 
analysis [20]. However, the direct exploitation of multiple opposite extreme regions of the 
detected contour for computationally lightweight orientation estimation remains compara-
tively less investigated.

A comprehensive evaluation on a dataset of 1870 images of biological objects, including 
multiple fish species and plant leaves, demonstrated that the proposed method achieves a 
balanced trade-off between accuracy and efficiency. Its computational simplicity makes it 
potentially suitable as an orientation-estimation component in real-time computer vision 
and embedded applications, including robotic perception, biological morphology analysis, 
agricultural monitoring, and automation. In such applications, the estimated orientation 
could be used as an intermediate geometric measurement for subsequent processing stages, 
such as object alignment, selection of orientation-dependent models, or manipulation 
planning [21]. However, the present study evaluates the orientation-estimation stage 
independently and does not include implemented ERT alignment, robotic grasping, or a 
closed-loop control system. Consequently, the effect of orientation-estimation errors on 
these downstream tasks remains to be experimentally quantified.

In practical applications such as aquaculture monitoring and automated leaf harvesting 
(e.g., vine leaves), reliable orientation estimation plays a critical role for shape alignment 
and robotic task manipulation. In aquaculture systems, accurate fish orientation facilitates 
the shape alignment needed for size estimation, behavioral analysis [22], and automated 
handling in conveyor-based grading systems in the hatcheries [23]. Similarly, in agricultural 
tasks involving leaf or fruit collection, such as grapevine leaves, orientation information is 
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essential for precise harvesting, stacking, quality inspection, and packaging automation [24]. 
These application domains impose strict requirements on speed, computational efficiency 
and robustness, as they often involve high-throughput processing under noisy imaging con-
ditions and significant shape variability [25]. Consequently, orientation estimation methods 
must be capable of handling irregular biological object geometries while maintaining stable 
performance in real-time environments.

Biological object shapes such as fish and leaves present unique challenges. Fish con-
tours often include fins and tails that introduce local asymmetries, while leaves may contain 
serrated edges or lobed structures. These morphological characteristics produce contour 
perturbations that bias covariance-based estimators and parametric fitting methods. Con-
sequently, there is a strong need for an orientation estimation technique that is insensi-
tive to concavities, robust to contour noise, and computationally efficient for large-scale 
dataset processing.

Recently, deep-learning-based approaches have been explored for orientation estima-
tion, leveraging convolutional neural networks to directly regress object pose from image 
data. While such methods can achieve high accuracy, they typically require large training 
datasets and a lot of computational resources, making them less suitable for lightweight or 
real-time applications compared to geometric approaches.

Recent developments in computer vision and robotic perception have introduced ad-
vanced approaches for geometric feature extraction, object representation, image restoration, 
and detection. UE-Extractor employs adaptive grid projection and boundary refinement for 
extracting ground points from three-dimensional environments [26], while DynAvatar uses 
deformation and spatial context information to represent non-rigid objects [27]. MoA-VR 
addresses video degradation through a mixture-of-agents framework [28], whereas SOE-
YOLO improves small-object detection using multiscale features [29]. CSGrasp employs 
semantic representations and point-wise correspondences for robotic grasping [30]. Al-
though these approaches address different stages of visual perception, they demonstrate the 
importance of reliable geometric information. The proposed method focuses on estimating 
the orientation axis from a previously extracted two-dimensional object contour, without 
requiring object recognition or learned feature representations.

In this work, we introduce an extreme-point averaging orientation estimator that 
computes the object orientation directly from its detected contour. The method extracts 
subsets of the leftmost and rightmost contour points and computes their mean positions. 
The vector connecting these averaged extreme regions defines the estimated orientation axis.

Unlike conventional orientation estimation methods that rely on global statistical prop-
erties (such as PCA), parametric fitting (as in Ellipse Fitting), or structural representations 
(e.g., skeletonization), the proposed method explicitly exploits the spatial distribution of 
extreme regions along the detected object contour. By averaging multiple extreme points, 
the method reduces sensitivity to individual boundary-point variations while maintaining 
low computational complexity. However, its estimation accuracy depends on object mor-
phology, as the selected extreme regions may not always represent the dominant geometric 
axis of irregularly shaped objects.

Unlike PCA [6], which estimates orientation from the dominant direction of spatial 
variance, the proposed method determines the orientation axis from opposite extreme 
contour regions. Compared to Ellipse Fitting [8], it does not impose a quadratic model on 
the contour, while, unlike skeleton-based approaches [13], it avoids iterative morphological 
thinning. Furthermore, it does not require feature extraction based on Scale-Invariant 
Feature Transform (SIFT) [31] or wavelet-based multi-scale analysis [32], nor does it depend 
on template matching strategies [33]. These differences concern the geometric formulation 
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and computational requirements of the methods and do not imply superior estimation 
accuracy across all object morphologies.

Recent approaches based on deep learning have also been proposed for orientation 
estimation; however, they typically require large annotated datasets and significant compu-
tational resources, making classical geometric methods more appropriate for lightweight 
and real-time applications.

For robotic applications, the performance of an intermediate perception compo-
nent should ultimately be evaluated in terms of its effect on the subsequent tasks. Re-
cent geometry-aware perception research has followed this principle by complementing 
perception-level evaluation with downstream robotic grasping experiments [34]. In the 
present study, orientation estimation is evaluated as an independent perception component 
because it only affects the subsequent shape alignment stage that is not examined in this 
paper. As long as the shape alignment model trained for the draft orientation estimate is 
selected, the errors in shape alignment are the ones that can affect the robotic grasping.

The proposed method is evaluated against five widely used orientation estimation 
techniques: Ellipse Fitting, PCA, Minimum Area Rectangle, Morphological skeleton fit-
ting, and Hough Transform. Experiments were conducted on heterogeneous datasets 
consisting of multiple fish and leaf image collections with varying resolutions and morpho-
logical complexity.

The experimental results demonstrate that the proposed method achieves a macro-
average angular error of 18.404° with a mean execution time of 34.28 μs. Although the 
Hough Transform provides substantially higher angular accuracy, the proposed method 
requires less computational time. Its performance varies with object morphology, showing 
competitive accuracy for the examined fish datasets but reduced accuracy for Nazli grape 
leaves. These findings indicate that the proposed method may be considered for computa-
tionally constrained applications where the observed accuracy is sufficient for the target 
object morphology.

A key strength of the proposed method lies in its robustness under heterogeneous and 
non-ideal imaging conditions. Unlike many existing approaches evaluated on simplified or 
noise-free datasets, the present study considers real-world scenarios involving irregular 
biological shapes, varying image resolutions, and complex background noise. This allows 
for a more realistic assessment of orientation estimation performance and demonstrates 
the practical applicability of the proposed method in uncontrolled environments. In partic-
ular, the inclusion of high-noise natural backgrounds and biologically irregular contours 
introduces a level of variability that is often absent in benchmark datasets.

The main contributions of this paper are:
1. The formulation of a contour-based extreme-point averaging orientation estimator.
2. A theoretical justification of its variance-reduction properties through extreme-

point averaging.
3. A comprehensive experimental evaluation of the proposed method against five estab-

lished orientation estimation techniques.
4. An experimental analysis of the influence of object morphology on orientation estima-

tion accuracy, identifying both favorable operating conditions and limitations across 
biologically diverse datasets
The remainder of this paper is organized as follows. Section 2.1 introduces the object 

orientation application framework. Section 2.2 presents the mathematical formulation of 
both the proposed method and the evaluated techniques. Section 2.3 details the dataset 
preparation. Experimental setup and results are presented in Sections 3.1 and 3.2, re-
spectively. Section 4 discusses the comparison of the experimental results and provides 
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a detailed discussion of the findings. Finally, Section 5 concludes the paper and outlines 
future research directions.

2. Materials and Methods
2.1. Object Orientation Application Framework

We have developed a tool framework for primary sector applications, including fish 
monitoring and grapevine leaf collection. This framework appears in Figure 1. In these 
applications, the objects of interest (such as fish or grapevine leaves) are first localized in 
the initial image or video frame and image patches containing a single object are extracted. 
Shape alignment is applied to the isolated objects appearing in the patches in order to detect, 
e.g., fish malformations, or to detect where the stem of the grapevine leaf is in order to 
guide a robotic arm to cut it. A hardware-accelerated Ensemble of Regression Trees (ERT) 
method has been developed to implement fast shape alignment. However, shape alignment 
based on ERT cannot rotate the object shape by more than ±20 degrees [35,36]. For this 
reason, we have trained multiple ERT models for different orientations of the objects we are 
interested in, and the model with the closest orientation is employed in real time. Therefore, 
the orientation of an object needs to be estimated in real time for each image patch [36].

Figure 1. Object orientation estimation pipeline for primary sector applications.
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In primary sector applications like the ones mentioned above, a pre-trained Artificial 
Intelligence (AI) object detection method is first employed to locate objects within an input 
image or in a video frame. Patches containing a single object are extracted. An estimation 
of the orientation of the object is performed before shape alignment based on ERT. The ERT 
algorithm selects the model that has been trained for the detected orientation of the object.

For this reason, the subsystem responsible for orientation estimation must be both 
reliable in terms of accuracy and fast, because it should be executed in the pipeline between 
object detection and the subsequent ERT-based hardware-accelerated shape alignment.

In fish farming applications, the detected orientation is used to detect the fish orien-
tation before the shape alignment process is used for body malformation detection (e.g., 
spinal curvature or fin malformations) or size estimation. An orientation error of up to 
±20° is tolerable, as the subsequent ERT-based shape alignment process can select between 
models trained for different orientations (e.g., in steps of 45°). Similarly, in agricultural 
applications such as grapevine leaf harvesting, the orientation estimation is again used to 
select the appropriate ERT shape alignment model trained for the detected direction of the 
leaf. Shape alignment is then used to detect the leaf stem and cut it through a robotic arm.

The requirements regarding speed and accuracy in orientation estimation vary de-
pending on the specific application. Furthermore, the geometric shape of the object plays a 
decisive role in the selection of the most appropriate orientation estimation approach.

The overall pipeline is illustrated in Figure 1.

2.2. Description of the Compared Orientation Estimation Methods
Orientation estimation is a fundamental problem in Computer Vision and Digital 

Image Processing, particularly in applications involving object recognition, shape analysis, 
and monitoring. Determining the dominant orientation of a shape allows algorithms to 
perform rotation, analyze structural properties, and extract meaningful geometric features. 
Several well-established approaches have been proposed in the literature for estimating 
the orientation of planar objects. Among the most widely used techniques are Ellipse 
Fitting, principal component analysis, Minimum Area Rectangle estimation, morphological 
skeleton analysis, and line-based orientation detection using the Hough Transform. This 
section presents the mathematical formulation underlying these methods.

2.2.1. Ellipse
Ellipse Fitting estimates the orientation of a shape by approximating its boundary 

points with an ellipse. Let S be the set of N points with coordinates (xi , yi ) describing the 
contour of a shape

𝑆 = {(𝑥𝑖, 𝑦𝑖)}𝑁
𝑖=1. (1)

The general conic representation of an ellipse can be expressed as

Ax2  + Bxy + Cy2  + Dx + Ey + F = 0 (2)

where A, B, C, D, E, and F are the conic coefficients defining the ellipse in the Cartesian 
coordinate system.

To ensure that the conic corresponds to an ellipse, the constraint

B2 − 4AC < 0 (3)

must be satisfied. The parameters (A, B, C, D, E, F) are estimated through least squares mini-
mization of the algebraic distance between the observed contour points and the conic curve.
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Once the ellipse parameters are determined, the orientation of the ellipse major axis 
can be derived analytically. The angle (θ) between the major axis of the ellipse and the 
horizontal axis is given by

𝜃 =
1
2 tan−1(

𝐵
𝐴 − 𝐶 ) (4)

where θ represents the orientation angle of the ellipse’s semi-major axis relative to the 
horizontal x-axis, providing an estimate of the object’s global alignment.

Ellipse Fitting is particularly effective for compact or approximately elliptical shapes, 
where the principal axes capture the global structure of the object.

2.2.2. PCA
Another widely adopted method for orientation estimation is Principal Component 

Analysis. PCA determines the direction of maximum variance in a set of points representing 
the object.

Let the centroid (𝑥, 𝑦) of the point set (S) be

𝑥 =
1
𝑁 ∑

𝑁

𝑖=1
𝑥𝑖, 𝑦 =

1
𝑁 ∑

𝑁

𝑖=1
𝑦𝑖. (5)

The coordinates are centered as

’𝑥𝑖 = 𝑥𝑖 − 𝑥, ’𝑦𝑖 = 𝑦𝑖 − 𝑦. (6)

The ’𝑥𝑖 and ’𝑦𝑖 are the centered coordinates of the contour points, where the mean value 
(centroid) is subtracted from each point.

The covariance Σc  of the centered data is

Σ𝑐 = [


𝜎xx 𝜎xy
𝜎xy 𝜎yy

]


(7)

where Σc  is the 2 × 2 covariance matrix of the centered contour coordinates and where 𝜎xx , 
𝜎yy  and 𝜎xy  are estimated as follows:

𝜎xx =
1
𝑁 ∑( ’𝑥𝑖)

2, 𝜎yy =
1
𝑁 ∑( ’𝑦𝑖)

2, 𝜎xy =
1
𝑁 ∑ ’𝑥𝑖 ’𝑦𝑖. (8)

The principal axes of the point set correspond to the eigenvectors of the covariance 
matrix Σ. To obtain these eigenvectors, we solve the characteristic equation

det(Σc − 𝜆I) = 0 (9)

where 𝜆 represents the eigenvalues and I is the 2 × 2 identity matrix [37]. The eigenvalues 
𝜆1 ≥ 𝜆2  quantify the variance along each principal direction, while the corresponding eigen-
vectors v1  and v2  define the orientations of the principal axes. The eigenvector associated 
with the largest eigenvalue 𝜆1  determines the dominant orientation of the object.

The orientation of the dominant axis (the eigenvector associated with the largest 
eigenvalue) is

𝜃 =
1
2 tan−1(

2𝜎xy

𝜎xx − 𝜎yy
). (10)

This angle defines the main direction of spatial variance in the object. PCA is computa-
tionally efficient and robust for a wide variety of shapes.
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2.2.3. MinRect
The minimum area bounding rectangle method estimates orientation by finding the 

smallest rotated rectangle enclosing the object. This method is typically applied to the 
convex hull of the shape.

Let H = {h1 , h2 , ……, hM } denote the ordered points of the convex hull, where each 
hk  = (xk , yk ) represents a vertex of the hull. The algorithm commonly used for computing 
the minimal bounding rectangle is based on the Rotating Calipers technique.

For each edge ek  of the convex hull, defined by two consecutive vertices hk  and hk +1 , 
the edge orientation is computed as

𝜃k  = atan2(yk +1 − yk , xk +1 − xk ). (11)

For each candidate orientation 𝜃k  the hull points are expressed with respect to an 
orthogonal coordinate system aligned with the corresponding hull edge. This is mathemat-
ically equivalent to projecting the hull points onto axes parallel and perpendicular to the 
edge and does not require a physical rotation of the object in the image.

Let (𝑥(𝑘)
𝑖 , 𝑦(𝑘)

𝑖 ) denote the coordinates of the i-th hull point after applying this rotation for 
edge k. For these rotated coordinates, the bounding rectangle dimensions are computed as

𝑤𝑘 = max
𝑖

(𝑥(𝑘)
𝑖 ) − min

𝑖
(𝑥(𝑘)

𝑖 ), ℎ𝑘 = max
𝑖

(𝑦(𝑘)
𝑖 ) − min

𝑖
(𝑦(𝑘)

𝑖 ) (12)

where wk  and hk  denote the width and height of the bounding rectangle when the hull is 
rotated according to edge ek . The area Ak  of this rectangle is then

Ak  = wk  hk . (13)

The orientation corresponding to the minimum area 𝐴∗:

𝐴∗ = min
𝑘

𝐴𝑘 (14)

defines the estimated object orientation. Specifically, the angle 𝜃∗ associated with the edge 
𝑒∗ that yields 𝐴∗ is taken as the object’s dominant orientation.

2.2.4. Skeleton
The morphological skeleton provides a structural representation of a shape by reducing 

it to a set of medial axis points. A comprehensive introduction to skeletonization and 
thinning methodologies can be found in [13,14]. The skeleton of a binary region Xb  can be 
defined using morphological operations as

𝑆𝑘(𝑋𝑏) =
∞
⋃
𝑛=0

[(𝑋𝑏 ⊖ 𝑛𝐵𝑠) − ((𝑋𝑏 ⊖ 𝑛𝐵𝑠)𝑜𝐵𝑠)]. (15)

Here Βs  is a structuring element, ⊖ denotes erosion, n denotes the erosion iteration index, 
and o denotes the morphological opening operator. The term nBs  denotes the structuring 
element Βs  applied n successive times during erosion.

After skeletonization, the skeleton points (xs , ys ) form a thin graph representing the 
object’s medial axis. Orientation can be estimated by analyzing the principal branch of the 
skeleton. If the main skeleton branch contains points (xi , yi ), a line can be fitted through 
these points using the least squares method. The fitted line is expressed as

y = ax + b (16)

where the slope a and intercept b are computed by minimizing the sum of squared verti-
cal residuals

𝑎 =
∑𝑁𝑠

𝑖=1 (𝑥𝑖 − 𝑥)(𝑦𝑖 − 𝑦)

∑𝑁𝑠
𝑖=1(𝑥𝑖 − 𝑥)2 , 𝑏 = 𝑦 − 𝑎𝑥, (17)
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with 𝑥 and 𝑦 denoting the mean coordinates of the skeleton points, and Ns  being the number 
of points on the main skeleton branch.

The orientation of the fitted line is

𝜃 = tan−1 (a). (18)

This approach is particularly useful for elongated or branching structures where the 
medial axis captures the object’s internal geometry.

2.2.5. Hough
The Hough Transform is a feature extraction technique used to detect parametric curves 

such as lines. For orientation estimation, the transform identifies dominant linear structures 
within the object.

In the polar parameterization of a line,

𝜌 = xcos𝜃 + ysin𝜃 (19)

where 𝜌 denotes the perpendicular distance of the line from the origin.
Each edge point (xi , yi ) in the image contributes votes in the (𝜌, θ) parameter space. The 

accumulator array Ar (𝜌, 𝜃) counts the number of votes corresponding to each parameter pair.
The dominant orientation corresponds to the angle 𝜃∗ assocated with the maximum 

accumulator value:
(𝜌∗𝜃∗) = arg max𝑝,𝜃𝐴𝑟(𝜌, 𝜃) (20)

where 𝜌 and 𝜃 denote the radial distance and angular parameters of the Hough space, 
respectively.

The detected 𝜃∗ indicates the orientation of the most prominent line in the object, which 
can be interpreted as the global orientation when strong linear features are present.

2.2.6. Proposed Method
The proposed method is a geometric orientation estimation technique designed to 

determine the dominant direction of an object based on the spatial distribution of its 
extreme boundary points. The method operates directly on the detected object contour and 
estimates orientation by analyzing multiple boundary points located at opposite extreme 
regions of the object. Instead of relying on a single pair of extreme points, multiple points 
from each extreme region are averaged to obtain two representative locations. The vector 
connecting these locations is subsequently used to estimate the orientation of the object. 
This formulation provides a computationally simple and deterministic orientation estimator 
while reducing the sensitivity of the estimated axis to individual boundary-point variations.

Let the detected object contour Co  be represented by a set of N two-dimensional 
boundary points

𝐶𝑜 = {𝑝𝑖 = (𝑥𝑖, 𝑦𝑖)}𝑁
𝑖=1 (21)

where pi  = (xi , yi ) denotes the i-th contour point. The proposed method operates directly 
on these contour points without requiring an intermediate parametric shape model. The 
orientation estimate is obtained from two opposite extreme regions of the contour, defined 
according to the horizontal image coordinate.

Unlike approaches that rely on a single pair of extreme boundary points, the proposed 
method introduces an Extreme Point Averaging strategy. A set of Ne  points is selected from 
each of the leftmost and rightmost regions of the contour. The mean coordinates of each set 
are subsequently calculated to obtain two representative points, PL  and PR . The direction 
vector 𝑑 = [𝑑𝑥, 𝑑𝑦]

𝑇
 connecting these representative points defines the estimated orientation 

axis. By averaging multiple extreme points rather than relying on a single minimum and 
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maximum boundary point, the method reduces the influence of individual boundary-point 
variations on the resulting orientation estimate.

A key property of this approach is the variance reduction achieved through extreme-
point averaging; by averaging Ne  points, the estimation becomes significantly more robust 
to pixel-level quantization noise and local geometric deformations. Consequently, the 
orientation angle 𝜃 = arctan(

𝑑𝑦

𝑑𝑥
)  provides a more stable and repeatable axis of orientation 

compared to methods sensitive to individual outlier pixels or mass distribution.
The contour points are sorted in ascending order according to their horizontal coordi-

nate x
p(1) , p(2) , …, p(N) (22)

such that
x(1) ≤ x(2) ≤ …≤x(N) . (23)

Let Ne  denote the number of extreme points selected from each side of the contour. In 
the implementation used in this work, Ne  = 2 (More about Ne  in Section 3). Two subsets of 
extreme points are then defined as follows:

Left extreme set:
L = {p(1) , p(2) , …, p(Ne) }; (24)

Right extreme set:
𝑅 = {𝑝 (𝑁−𝑁𝑒+1), … , 𝑝(𝑁−1), 𝑝(𝑁)}. (25)

Instead of using only the single leftmost and rightmost points, the method averages 
several extreme points to improve robustness against local noise and discretization artifacts.

The geometric centers of the left and right extreme regions are calculated as the mean 
coordinates of their corresponding point sets.

For the left region:

𝑃𝐿 = (𝑥𝐿, 𝑦𝐿) =
1

𝑁𝑒

𝑁𝑒

∑
𝑖=1

𝑝(𝑖); (26)

For the right region:

𝑃𝑅 = (𝑥𝑅, 𝑦𝑅) =
1

𝑁𝑒

𝑁
∑

𝑖=𝑁−𝑁𝑒+1
𝑝(𝑖), (27)

where PL  and PR  denote the representative mean positions of the left and right extreme-point 
regions, respectively.

Both the left–right and the upper–lower extreme regions could be used to construct 
an orientation vector. However, these two vectors may correspond to different structural 
axes of the object and can differ by approximately 90° for elongated shapes. The proposed 
formulation therefore uses a single, consistently defined pair of opposite extreme regions, 
namely the leftmost and rightmost regions, in order to produce a unique orientation estimate 
while avoiding an additional decision rule for selecting between competing axes.

A vector representing the estimated orientation axis is then defined by connecting the 
two representative extreme-region points

𝑑 = 𝑃𝑅 − 𝑃𝐿 = [


𝑑𝑥
𝑑𝑦

]


(28)

where
𝑑𝑥 = 𝑥𝑅 − 𝑥𝐿

𝑑𝑦 = 𝑦𝑅 − 𝑦𝐿.
(29)

This vector provides the orientation estimate by linking the representative mean posi-
tions of the leftmost and rightmost contour regions.
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The orientation angle θ of the object is obtained using the two-argument arctan-
gent function

𝜃 = atan2(dy ,dx ) (30)

where atan2 denotes the four-quadrant inverse tangent (equivalent to tan−1  with proper 
quadrant handling). The resulting orientation is expressed in degrees as

𝜃deg = atan2(𝑑𝑦, 𝑑𝑥)
180°

𝜋 . (31)

Finally, the angle is normalized to the interval (−180°, 180°] in order to maintain 
consistent orientation representation across all images.

𝜃norm ∈ (−180°,180°] (32)

It should be clarified that the orientation estimated by the proposed method represents 
the dominant geometric axis of the object rather than a directed heading. Although the 
vector connecting the representative leftmost and rightmost contour regions is defined 
with a specific direction for computational consistency, this direction does not provide 
information regarding the anatomical or functional orientation of the object. Therefore, two 
angles differing by 180° are considered equivalent, since they describe the same geometric 
axis. This distinction is particularly important for biological objects, where identifying 
the head-to-caudal fin direction of a fish or the base-to-tip direction of a leaf may require 
additional morphological information. This information can be extracted in a customized 
way depending on the object of interest. For example, in fish, the majority of the pixels 
within the contour are closer to the head of the fish rather than its caudal fin. Consequently, 
the proposed method estimates the undirected orientation axis independently of object 
recognition or the identification of specific anatomical features. In the framework described 
in Section 2.1, other information can also be exploited to also determine the direction of the 
object besides its tilt. For example, with fish tracking, the past positions of a fish can also be 
used to find out where the fish is heading.

The proposed method reduces sensitivity to local boundary variations by averaging 
multiple extreme contour points. Compared to selecting a single minimum- and maximum-
x point, this approach limits the influence of individual pixel-level perturbations on the 
estimated orientation. The averaging operation also provides local smoothing of the extreme 
regions, improving the stability of the resulting orientation axis.

Mathematically, this averaging operation reduces the variance of the estimated extreme 
positions. If the noise in point coordinates is assumed to be independent with variance 𝜎2 , 
the variance of the averaged centroid coordinates becomes

𝜎2
avg =

𝜎2

𝑁𝑒
(33)

where σ2  denotes the variance of the coordinate noise affecting the contour points.
Thus, increasing Ne  may improve robustness; however, excessively large values may 

introduce bias because the selected points progressively extend beyond the local extreme 
regions and include contour portions that are less representative of the object’s extremities. 
The selection of the optimal value for Ne , along with its impact on estimation accuracy, is 
experimentally investigated in Section 3 (Experimental Results).

2.3. Dataset Preparation
For the implementation of the experiments, publicly available benchmark datasets and 

a custom fish image dataset were used. The images were selected with an emphasis on 
diversity in object shapes, image dimensions, and image complexity, thereby approximating 
real-world conditions characterized by varying visual and environmental properties.
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Specifically, a total of 1870 images were included across five datasets: 113 fish images 
from a custom dataset, 500 diverse-species fish images from dataset [38], 1007 fish images 
from dataset [39], 100 Nazli grape leaf images from dataset [40], and 150 mango leaf images 
from dataset [41].

The images were classified into four resolution categories according to their total pixel 
count, calculated as the product P of image width W and height H (P = W × H). The 
distribution of images across these categories is presented in Table 1.

Table 1. Dataset image resolution categorization by pixel count.

Data Set Smaller than
400 × 400

Between
400 × 400 and 

600 × 600

Between
600 × 600 and 
1000 × 1000

Bigger than
1000 × 1000

113 Fish images 94 15 4 0
500 diverse species Fish images 457 43 0 0

1007 Fish images 847 128 21 11
100 Nazli grape leaves 0 100 0 0

150 Mango leaves 150 0 0 0
Total 1548 286 25 11

To characterize image-intensity complexity, each image was resized to 200 × 200 pixels 
and converted to grayscale. The variance of the resulting pixel-intensity values was then 
calculated. Images with a variance below 500 were classified as low complexity, whereas 
images with a variance greater or equal to 500 were classified as high complexity. The 
corresponding distribution is presented in Table 2.

Table 2. Dataset image background categorization.

Data Set Low Background 
Complexity

High Background 
Complexity

113 Fish images 22 91
500 diverse species Fish images 16 484

1007 Fish images 276 731
100 Nazli grape leaves 0 100

150 Mango leaves 0 150
Total 314 1556

This classification provides a reproducible measure of global image-intensity variabil-
ity. Since it considers the entire image, including the foreground object, it should not be 
interpreted as an isolated measurement of background complexity. Sample images from 
the datasets are shown in Figure 2.
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Figure 2. Representative images from each dataset (the low resolution of some of these images is 
owed to the fact that are patches extracted from video frames in the framework of Figure 1).

2.4. Reference Annotation and Contour Extraction Protocol
Reference orientations were established through manual annotation using a dedicated 

OpenCV-based tool. For each image, an operator selected two points representing the 
longitudinal direction of the target object. The reference angle was calculated using the 
atan2 function and normalized to [0°, 360°). For the evaluation of axial orientation, angular 
differences were calculated with 180° symmetry.

To assess the sensitivity of the proposed method to contour extraction, an additional 
experiment was performed using 20 images, with four images selected from each of the five 
datasets. The fish datasets contained moderate-to-high background complexity, whereas 
the leaf datasets generally contained simpler backgrounds.

Two contour extraction procedures were compared in Table 3. In the automatic pro-
cedure, images were converted to grayscale and processed using Canny edge detection 
with optimal thresholds. External contours were extracted using OpenCV’s findContours 
function (parameters RETR_EXTERNAL; CHAIN_APPROX_SIMPLE were used), and 
the contour with the largest enclosed area was selected. No morphological operations 
were applied.
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Table 3. Effect of contour extraction on the angular accuracy of the proposed method.

Dataset Paired Images Automatic 
MAE (°) Manual MAE (°)

113 Fish 3 12.52 5.39
500 Fish 4 23.27 3.79

1007 Fish 3 20.08 4.85
Nazli grape leaves 4 37.29 32.87

Mango leaves 4 10.08 11.08

In the manual procedure, a polygon-based binary mask was annotated for the target 
object at its original image resolution. The external contour was then extracted from the 
binary mask. The proposed method was applied to both contour types with identical pa-
rameters (Ne  = 2). In the presence of multiple objects, the automatic procedure selected the 
largest detected external contour, whereas manual annotation isolated a single target object.

3. Experimental Setup and Results
3.1. Experimental Setup

As already mentioned, the orientation of an object as treated in this work may not 
be identical to its biological orientation. Thus, for certain biological objects, the extreme 
boundary points may not coincide exactly with anatomically meaningful points or with the 
actual operational direction of the object. For example, in a fish image, the shape of the head 
and caudal fin regions may result in extreme points whose connecting line deviates from 
the central anatomical direction of the fish. However, when the geometric configuration of 
the object remains sufficiently consistent, this deviation can be considered as a systematic 
angular offset between the estimated geometric orientation and the desired operational 
direction. Such an offset can be compensated through a constant calibration rotation when 
the application requires alignment with a specific operational direction.

Therefore, the proposed method is considered a geometric orientation estimator rather 
than a biological direction heading estimator. Its purpose is to provide a consistent orienta-
tion axis that can be used for object alignment and subsequent processing. This definition 
is particularly appropriate for the considered application, where the estimated orientation 
is used to align biological objects with the corresponding ERT model.

For the evaluation of the experimental results, a ground truth dataset was created 
containing the ground-truth orientation angles of the objects present in the images. The 
true orientation angles were determined manually using an application developed in the 
Python programming language.

This application displays each image and allows the user to manually select two 
extreme points on the object (Figure 3). After these points are selected, the code computes 
the orientation angle of the object based on the line defined by the two selected points 
relative to the horizontal X-axis.

To ensure the reliability of the reference orientations, the manual annotation process 
was performed independently by two expert annotators. For each image, both annotators 
were instructed to select two extreme visible points along the dominant elongation direction 
of the object, without requiring these points to correspond to anatomically defined land-
marks. The orientation angle was then calculated automatically from the line connecting 
the selected points relative to the horizontal X-axis.

Inter-annotator agreement was assessed using the absolute axial angular difference, 
accounting for the 180° symmetry of orientation measurements. The reported mean dis-
agreement was 4.2° (SD = 3.1°), with a predefined acceptance threshold of 10°. Cases 
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exceeding this threshold were referred to a third senior annotator for review. The final 
reference orientation was determined using the annotation resolution procedure described 
in the study.

 

Figure 3. The red dots in the fish image patch extracted in the framework of Figure 1, show the farthest 
points of the object used for angle calculation.

Since the objective of the present study is to estimate the dominant geometric axis 
rather than the directed heading of the object, orientations differing by 180° were considered 
equivalent. Let 𝜃_ref  and 𝜃_est denote the reference and estimated orientation angles, 
respectively. The angular error was calculated as the minimum axial angular separation 
between these orientations, yielding values between 0° and 90°. This evaluation criterion 
was applied consistently to all investigated methods. The resulting reference orientation 
dataset was subsequently used to evaluate the angular accuracy of the compared methods.

The experimental evaluation was conducted on a workstation running Windows 11, 
equipped with an AMD Ryzen 7 5800 eight-core processor, 32 GB of RAM, and an NVIDIA 
GeForce RTX 4060 Ti GPU with 16 GB of dedicated memory. All orientation estimation 
methods were implemented in Python 3.10.0 using OpenCV 5.0.0 and NumPy 2.2.6. The 
methods were executed sequentially at the application level, without explicit multiprocess-
ing, multithreading, or CUDA-based GPU acceleration (the GPU of our system is exploited 
by the object recognition AI tool used in the framework described in Section 2.1). Although 
OpenCV reported 16 configured threads and enabled OpenCL support, these settings do 
not necessarily indicate GPU execution, while internal CPU parallelism may be employed 
by supported library operations.

Execution times were measured using the Python time.perf_counter function and 
expressed in microseconds. Timing measurements were performed around the orientation 
estimation operations using previously extracted contours. Therefore, the reported exe-
cution times exclude image loading, grayscale conversion, Canny edge detection, contour 
retrieval, and contour selection, and should be interpreted as method-specific execution 
times rather than end-to-end image-processing latency. The reason we selected to measure 
only the additional time needed for orientation estimation, excluding contour extractions, is 
because these two steps can be performed in parallel in a pipeline; i.e., while the orientation 
estimation is performed, the boundary of the next image patch can be extracted.

To evaluate execution-time variability, an additional benchmark was conducted using 
20 warm-up iterations followed by 100 timed repetitions per successfully processed image. 
The number of extreme points was fixed at Ne  = 2. Timing measurements were obtained 
using Python’s time.perf_counter_ns(), with a reported timer resolution of 0.1 μs. The mea-
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sured interval included contour-point sorting, averaging of the extreme-point coordinates, 
orientation calculation using tan2 and angle normalization.

Of the 1870 image files, 1838 yielded contours suitable for execution of the orientation 
estimation routine. The remaining 32 images were excluded from the timing analysis 
because no contours were detected under the specified preprocessing settings. Accordingly, 
183,800 individual execution-time measurements were collected.

The overall mean execution time was 67.89 μs, a standard deviation of 141.12 μs, and a 
95th-percentile latency of 273.60 μs.

An empirical regression analysis was also performed using the median execution time 
of each image as the dependent variable. The resulting model was

T(n) = 10.1395 + 0.020726 n log2 (n) (34)

where n denotes the number of contour points. The model achieved R2  = 0.9973, demonstrat-
ing a strong empirical relationship between contour size and execution time. In comparison, 
a linear regression based on total image pixel count yielded R2  = 0.0027.

These findings are consistent with the sorting-based computational complexity of O(n 
log n). They also indicate that the number of contour points is a substantially stronger 
predictor of orientation-stage execution time than image resolution alone. This conclusion 
applies specifically to the measured orientation estimation routine and not to the complete 
image-processing pipeline.

3.2. Experimental Results
To investigate the influence of the number of extreme contour points (Ne ) on orientation 

estimation accuracy and computational cost, a sensitivity analysis was conducted for Ne 
values ranging from 1 to 12. The results indicate that the relationship between Ne  and 
angular error is not monotonic and varies across datasets. Using a small number of extreme 
points may increase sensitivity to local contour variations, whereas increasing Ne  changes 
the contour regions contributing to the estimated orientation axis. Depending on object 
morphology, this may either improve or reduce estimation accuracy. Consequently, the 
selection of Ne  involves an accuracy–runtime trade-off and should be evaluated in relation 
to the geometric characteristics of the target objects.

Table 4 presents the values obtained from the proposed method, which vary depending 
on the selected value of the parameter Ne . A total of twelve experiments were conducted for 
Ne  values ranging from 1 to 12. A summarized version of the results, sorted in ascending 
order with respect to mean angular error (degrees) and mean execution time (μs), is 
provided in Table 5.

The sensitivity analysis indicates that the selection of the number of extreme contour 
points (Ne ) affects both angular estimation accuracy and computational cost. As shown in 
Table 5, Ne  = 7 achieved the lowest macro-average angular error (18.210°), whereas Ne  = 2 
achieved a slightly higher error (18.404°) but the lowest mean execution time (34.28 μs). 
The difference in angular error between these configurations was 0.194°, indicating that 
Ne  = 2 provides a favorable accuracy–runtime trade-off among the evaluated configurations 
rather than the highest absolute estimation accuracy.

The optimal selection of Ne  also depends on the geometric characteristics of the target 
objects. Different contour shapes and distributions of extreme points can influence the 
estimated orientation axis, and larger Ne  values may improve accuracy for certain datasets 
while reducing it for others. Therefore, Ne  should be considered an application-dependent 
parameter. In the present study, Ne  = 2 was selected to prioritize computational efficiency 
while maintaining competitive aggregate accuracy. For applications involving different 
object morphologies, the parameter should be evaluated using representative samples from 
the target dataset.
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Table 4. Macro-average angular error (in degrees) and execution time for each dataset for Ne  values 
between 1 and 12.

Dataset

Ne  = 1 Ne  = 2 Ne  = 3 Ne  = 4
Macro-

Average 
Error

(deg.)

Mean 
Execution 

Time
(𝛍sec)

Macro-
Average 

Error
(deg.)

Mean 
Execution 

Time
(𝛍sec)

Macro-
Average 

Error
(deg.)

Mean 
Execution 

Time
(𝛍sec)

Macro-
Average 

Error
(deg.)

Mean 
Execution 

Time
(𝛍sec)

113 Fish 
images 16.71 30.9 15.55 24.8 17.41 25.6 16.74 26.2

500 diverse 
species Fish 

images
15.33 36.4 15.20 36.6 15.15 37.2 14.84 37.2

1007 Fish 
images 16.05 18.6 15.68 19.5 16.16 20.3 16.15 22.1

100 Nazli 
grape leaves 35.39 57.8 35.04 57.1 34.71 57.0 34.37 59.0

150 Mango 
leaves 9.64 32.7 10.55 33.4 10.13 34.1 10.81 34.1

Average 18.624 35.28 18.404 34.28 18.712 34.84 18.582 35.72

Dataset

Ne  = 5 Ne  = 6 Ne  = 7 Ne  = 8
Macro-

Average 
Error

(deg.)

Mean 
Execution 

Time
(𝛍sec)

Macro-
Average 

Error
(deg.)

Mean 
Execution 

Time
(𝛍sec)

Macro-
Average 

Error
(deg.)

Mean 
Execution 

Time
(𝛍sec)

Macro-
Average 

Error
(deg.)

Mean 
Execution 

Time
(𝛍sec)

113 Fish 
images 16.02 26.5 15.94 27.3 15.15 27.1 13.68 29.4

500 diverse 
species Fish 

images
15.08 37.7 14.68 40.2 14.69 38.5 14.18 38.9

1007 Fish 
images 16.27 21.5 15.68 22.1 14.79 23.8 14.04 23.1

100 Nazli 
grape leaves 34.83 58.0 35.16 59.1 35.20 58.9 34.36 58.2

150 Mango 
leaves 10.86 35.2 11.54 35.4 11.22 35.5 15.18 35.4

Average 18.612 35.78 18.600 36.82 18.210 36.76 18.288 37.00

Dataset

Ne  = 9 Ne  = 10 Ne  = 11 Ne  = 12
Macro-

Average 
Error

(deg.)

Mean 
Execution 

Time
(𝛍sec)

Macro-
Average 

Error
(deg.)

Mean 
Execution 

Time
(𝛍sec)

Macro-
Average 

Error
(deg.)

Mean 
Execution 

Time
(𝛍sec)

Macro-
Average 

Error
(deg.)

Mean 
Execution 

Time
(𝛍sec)

113 Fish 
images 14.78 29.3 15.77 31.2 15.78 31.3 15.79 31.4

500 diverse 
species Fish 

images
11.04 39.8 9.61 40.6 9.62 40.7 9.63 40.8

1007 Fish 
images 13.25 24.1 13.18 24.4 13.19 24.5 13.20 24.6

100 Nazli 
grape leaves 34.45 59.2 34.17 61.1 34.18 61.2 34.19 61.3

150 Mango 
leaves 20.36 37.5 20.79 38.4 20.80 38.5 20.81 38.6

Average 18.776 37.98 18.704 39.14 18.705 39.15 18.706 39.16

Based on the experimental results from Table 5, Ne  = 2 provides the most favorable 
trade-off between accuracy and computational efficiency. Although lower mean angular 
errors are achieved for some larger values of Ne , Ne  = 2 combines a low mean angular error of 
18.404° with the lowest mean execution time of 34.28 μs among the evaluated configurations. 
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This indicates that a small set of extreme points is sufficient to obtain competitive orientation 
accuracy while minimizing computational overhead.

To further investigate the influence of object tilt on the proposed method, the exper-
imental samples were grouped into six intervals according to their reference orientation 
angle. Table 6 presents the number of samples, mean angular error, standard deviation, 
and median error for each interval.

Table 5. Sorted average values in ascending order with respect to mean angular error (degrees) and 
mean execution time (μs).

Ne  Value
Orientation 
Mean Error
(Degrees)

Ne  Value Mean Execution 
Time in 𝛍sec

Ne  = 7 18.210 Ne  = 2 34.28
Ne  = 8 18.288 Ne  = 3 34.84
Ne  = 9 18.374 Ne  = 1 35.28
Ne  = 2 18.404 Ne  = 4 35.72
Ne  = 4 18.582 Ne  = 5 35.78
Ne  = 6 18.600 Ne  = 7 36.76
Ne  = 5 18.612 Ne  = 6 36.82
Ne  = 1 18.624 Ne  = 8 37.00

Ne  = 12 18.704 Ne  = 9 37.42
Ne  = 3 18.712 Ne  = 10 37.98

Ne  = 11 18.776 Ne  = 11 37.98
Ne  = 10 18.958 Ne  = 12 39.14

Table 6. Orientation-dependent angular error of the proposed method across six reference-
angle intervals.

Reference 
Orientation Samples Mean Error (°) Standard 

Deviation (°)

0–30° 726 15.74 15.16
30–60° 78 15.03 19.49
60–90° 46 30.42 26.58

90–120° 45 36.65 28.25
120–150° 93 22.79 23.88
150–180° 882 14.13 13.46

Total 1870
Samples: number of evaluated samples. Mean error, standard deviation and median are expressed 
in degrees.

Table 6 presents the angular error of the proposed method across six reference-angle 
intervals. Lower mean errors were observed for predominantly horizontal orientations 
(0–60° and 150–180°), whereas the error increased for near-vertical orientations, reaching 
30.42° and 36.65° in the 60–90° and 90–120° intervals, respectively. This behavior may be 
attributed to the selection of leftmost and rightmost contour regions, which may become less 
representative of the longitudinal axis for vertically oriented objects. However, it has to be 
noted that the distribution of samples across the angular intervals was highly uneven, with 
1608 images in the 0–30° and 150–180° intervals and only 91 images in the 60–120° intervals.

Subsequently, experimental evaluations were carried out to compare the effectiveness 
and performance of the object orientation estimation methods. The experimental results 
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obtained from the execution of the computations for each dataset by each method are 
presented in Table 7.

Table 7. Mean angular error in degrees (macro-average error) and standard deviation for each 
method, computed with respect to the manually annotated reference orientations.

Data Set Ellipse PCA MinRect Skeleton Hough The Proposed 
Method

113 Fish images 64.91 (12.34) 24.06 (8.21) 26.63 (9.47) 22.53 (7.83) 9.21 (3.42) 15.55 (4.89)
500 diverse species 

Fish images 61.98 (11.87) 28.37 (9.03) 27.83 (8.92) 24.48 (8.11) 8.04 (2.98) 15.20 (4.76)

1007 Fish images 66.48 (13.21) 22.59 (7.64) 23.24 (7.45) 22.39 (7.22) 9.35 (3.15) 15.68 (5.12)
100 Nazli grape leaves 50.06 (10.45) 37.37 (9.88) 39.91 (10.23) 37.63 (9.56) 21.84 (6.78) 35.04 (8.67)

150 Mango leaves 84.20 (15.67) 2.62 (0.98) 2.31 (0.87) 2.29 (0.85) 2.28 (0.84) 10.55 (3.89)
Overall Mean 65.53 (12.71) 23.00 (7.15) 23.98 (7.39) 21.86 (6.71) 10.14 (3.43) 18.404 (5.47)

In Table 7, the mean angular error values are reported with respect to the ground 
truth orientation angles obtained from the manually annotated reference dataset. The 
standard deviation is computed based on the angular deviation errors between the estimated 
orientation and the corresponding ground truth for each image. Specifically, for each method 
and dataset, the standard deviation quantifies the dispersion of the angular errors around 
their mean value.

Since the evaluated datasets contain different numbers of images, two complementary 
averaging schemes are reported. The macro-average assigns equal weight to each dataset 
and results in a mean angular error of 18.404° for the proposed method. However, this 
value does not account for the different number of samples contained in each dataset. 
When the dataset-level errors are weighted according to the corresponding number of 
images, the sample-weighted pooled mean angular error is only 16.17° (see Table 8). The 
latter therefore represents the average performance over the complete set of 1870 evaluated 
images, whereas the macro-average provides an equal-weight comparison across the five 
datasets. Both measures are reported to distinguish between dataset-level and sample-level 
overall performance.

Table 8. The macro-average assigns equal weight to each dataset, whereas the sample-weighted 
pooled average accounts for the number of images in each dataset.

Dataset/Aggregate Proposed Method

Macro-average 18.404°
Sample-weighted pooled average 16.17°

As shown in Table 9, the Wilcoxon signed-rank test revealed statistically significant 
differences between the proposed method and most of the evaluated orientation estima-
tion methods across the five datasets. The proposed method exhibited significantly lower 
angular errors than Ellipse Fitting in all datasets (p < 0.001). For the three fish datasets, 
the proposed method also achieved significantly lower errors than PCA, MinAreaRect, and 
morphological skeleton (p < 0.05), whereas the Hough Transform achieved significantly 
lower angular errors than the proposed method. For the 100 Nazli grape leaves dataset, no 
statistically significant difference was observed between the proposed method and PCA 
(p = 0.124) or between the proposed method and morphological skeleton (p = 0.087), while 
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significant differences were observed with Ellipse Fitting, MinAreaRect, and the Hough 
Transform. For the 150 Mango leaves dataset, all pairwise differences were statistically sig-
nificant (p < 0.001); however, PCA, MinAreaRect, morphological skeleton, and the Hough 
Transform achieved lower angular errors than the proposed method. These findings indi-
cate that the relative performance of the proposed estimator depends on object morphology, 
while demonstrating particularly competitive accuracy across the evaluated fish datasets.

Table 9. Statistical comparison between the proposed method and the other evaluated methods using 
the Wilcoxon signed-rank test applied to paired per-image angular errors. Values indicate p-values 
for the null hypothesis that the median of the paired error differences is zero.

Dataset
The Proposed 

Method vs. 
Ellipse

The Proposed 
Method vs. 

PCA

The Proposed 
Method vs. 

MinRect

The Proposed 
Method vs. 
Skeleton

The Proposed 
Method vs. 

Hough

113 Fish images <0.001 0.003 <0.001 0.008 0.041
500 diverse species 

Fish images <0.001 <0.001 <0.001 <0.001 <0.001

1007 Fish images <0.001 <0.001 <0.001 <0.001 <0.001
100 Nazli grape 

leaves <0.001 0.124 0.019 0.087 <0.001

150 Mango leaves <0.001 <0.001 <0.001 <0.001 <0.001

It should be noted that the statistical comparisons reported in Table 6 are based on 
per-sample angular errors and are therefore independent of the aggregated statistics (mean 
and standard deviation) presented in Table 9.

In Table 10, the average execution times per method are presented separately for 
each dataset.

Table 10. Mean execution time.

Data Set Name Ellipse PCA MinRect Skeleton Hough Proposed 
Method

113 Fish images 40.6 25.9 9.9 968.5 2209.3 24.8
500 diverse species 

Fish images 69.0 27.5 18.6 759.4 2938.4 36.6

1007 Fish images 26.2 22.0 5.2 450.3 3047.6 19.5
100 Nazli grape leaves 121.9 51.0 31.7 2184.9 2810.2 57.1

150 Mango leaves 67.3 28.7 10.5 685.7 429.6 33.4

To examine the distribution of angular errors across methods and datasets, box-plot 
diagrams were constructed for each dataset (Figure 4). Each box illustrates the interquartile 
range (IQR), median value, and data spread, while values beyond 1.5 × IQR are repre-
sented as outliers. The distributions indicate that the relative performance of the evaluated 
methods varies across datasets, reflecting differences in object morphology. Although the 
proposed method achieves competitive angular accuracy for the examined fish datasets, its 
performance is less favorable for Nazli grape leaves. Furthermore, the results for mango 
leaves show that several alternative methods achieve lower mean angular errors. Therefore, 
the proposed method is not always more accurate across all biological object types exam-
ined in this work. The comparison of angular accuracy and execution time is presented 
separately in Figure 5.
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Figure 4. Box-plots showing the angular error distribution per method for each dataset.
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Based on the experimental results, a diagram (Figure 5) was constructed illustrating 
the mean performance of each method in terms of mean angular error (degrees) and mean 
execution time, enabling a comparative evaluation of the examined approaches.

As shown in Figure 5, the proposed method achieves the second-lowest macro-average 
angular error (18.404°) among the evaluated methods, while requiring substantially less 
execution time than the Hough Transform, which achieves the lowest error (10.14°). How-
ever, the relative accuracy of the methods varies across the examined datasets. The pro-
posed method achieves competitive results for the three fish datasets, whereas its accuracy 
decreases for Nazli grape leaves. For mango leaves, PCA, MinAreaRect, morphological 
skeleton, and Hough Transform achieve lower angular errors. These findings indicate that 
the proposed method provides a trade-off between angular accuracy and computational 
efficiency, rather than superior accuracy across all object morphologies. Its suitability should 
therefore be assessed according to the geometric characteristics and accuracy requirements 
of the target application.

Figure 5. Comparison of Mean Error and Execution Time for each orientation method.

To evaluate the sensitivity of the examined methods to contour degradation, a con-
trolled experiment was conducted using erosion, dilation, boundary noise, missing contour 
sections, and partial occlusion. Perturbation severity ranged from 5% to 30%, in increments 
of 5%. All six methods were evaluated using mean absolute angular error (MAE) and valid 
estimate rate (VER), defined as the percentage of samples producing a valid orientation 
estimate. Representative results for severity levels of 10%, 20%, and 30% are presented in 
Table 11.

The results show that the effect of contour degradation depends on the perturbation 
type and severity. For the proposed method, boundary noise increased MAE from 16.10° to 
21.73° at 30% severity, while severe erosion reduced VER from 99.89% to 30.39%. Dilation, 
missing contour sections, and partial occlusion produced smaller changes within the ex-
amined range. These findings indicate that both angular accuracy and valid estimate rate 
should be considered when evaluating robustness to contour degradation.
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Table 11. Values are reported as MAE (°)/VER (%), where MAE is calculated from valid orientation 
estimates and VER represents the percentage of samples for which a valid orientation estimate was 
obtained. The complete experiment was performed at severity levels of 5%, 10%, 15%, 20%, 25%, and 
30%; representative levels are reported in the table for readability.

Perturbation Severity Ellipse PCA MinRect Skeleton Hough Proposed 
Method

Baseline 0% 65.72/99.95 23.41/100.00 23.03/100.00 23.23/100.00 22.67/100.00 16.10/99.89

Erosion 10% 59.32/50.38 30.81/51.48 28.22/51.48 30.62/51.48 31.88/51.48 17.88/49.78

20% 60.21/38.61 29.83/39.70 27.23/39.70 29.46/39.70 31.24/39.70 17.08/37.95

30% 59.90/31.93 28.81/32.48 25.80/32.48 29.32/32.48 31.17/32.48 16.65/30.39

Dilation 10% 67.78/99.95 23.39/100.00 22.99/100.00 23.14/100.00 22.47/100.00 15.68/99.89

20% 68.29/99.95 23.87/100.00 23.13/100.00 22.63/100.00 21.59/100.00 15.15/99.89

30% 68.48/100.00 24.09/100.00 22.86/100.00 22.02/100.00 21.74/100.00 14.82/99.95

Boundary 
noise 10% 59.87/100.00 30.61/100.00 30.81/100.00 30.52/100.00 31.46/100.00 20.38/99.78

20% 55.65/99.84 33.84/100.00 33.41/100.00 33.47/100.00 34.13/100.00 21.39/99.07

30% 54.06/99.07 36.00/100.00 36.24/100.00 35.28/100.00 36.90/100.00 21.73/97.70

Missing 
contour 10% 63.56/99.45 26.07/99.89 26.34/99.89 25.92/99.89 25.23/99.89 18.06/99.29

20% 63.21/99.51 26.15/99.84 26.52/99.84 25.93/99.84 25.05/99.84 18.51/99.01

30% 62.54/99.29 27.47/99.84 27.48/99.84 27.34/99.84 26.36/99.84 18.87/98.96

Partial 
occlusion 10% 65.49/99.84 24.35/100.00 23.09/100.00 24.01/100.00 23.47/100.00 16.64/99.84

20% 63.92/99.78 25.29/100.00 24.35/100.00 24.80/100.00 23.79/100.00 17.04/99.62

30% 63.35/99.51 26.84/99.78 26.11/99.78 26.30/99.78 25.61/99.78 17.83/98.96

3.3. Controlled Evaluation of Image-Scale Sensitivity
To further investigate the sensitivity of the evaluated orientation estimation methods to 

image resolution and contour sampling density, an additional controlled image-scale exper-
iment was conducted. In contrast to a direct comparison between images of different reso-
lutions, which may introduce confounding effects related to object morphology and dataset 
composition, the same images were evaluated repeatedly after controlled resizing. There-
fore, the object geometry and corresponding reference orientation remained unchanged, 
while only the image scale and the resulting contour representation were modified.

A total of 1827 images were included in this analysis. The original image resolutions 
ranged from 82 × 51 pixels (0.004182 MP) to 1809 × 900 pixels (1.6281 MP). Each original 
image was resized to 25%, 50%, 75%, 100%, 125%, 150%, and 175% of its original linear 
dimensions while preserving its aspect ratio. The 100% condition corresponded to the 
original image without resizing and was used as the experimental baseline. Following 
resizing, the same contour-extraction procedure was applied independently at each scale, 
and the resulting contour was subsequently processed by each orientation estimation 
method. The same reference orientation was retained for all scaled versions of a given image.

Table 12 reports the mean angular error obtained at each image scale. The proposed 
method achieved the lowest mean angular error among the evaluated methods at all seven 
scales in this controlled experiment. Its mean angular error ranged from 13.893° at 25% 
scale to 19.405° at 175% scale and remained below the 20° reference threshold throughout 
the complete investigated scale range. At the original 100% scale, the proposed method 
achieved a mean angular error of 16.119° in this controlled experiment.
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Table 12. Mean angular error (°) obtained at different image scales.

Image Scale Ellipse PCA MinRect Skeleton Hough The Proposed Method

25% 69.856 20.976 21.469 20.479 16.005 13.893
50% 67.102 22.988 23.830 22.699 18.678 15.141
75% 68.070 21.733 22.379 21.548 18.434 14.863

100% 65.710 23.421 23.890 23.247 21.235 16.119
125% 64.876 24.091 24.459 23.755 22.457 16.688
150% 64.375 24.962 24.934 24.761 23.699 17.892
175% 63.281 26.184 26.215 25.815 25.369 19.405

The results indicate that changes in image scale and the corresponding contour sam-
pling density affect the orientation estimates; therefore, the proposed method should not 
be interpreted as mathematically scale-invariant. Nevertheless, the observed variation 
was gradual, and no abrupt degradation of the proposed method was observed across 
the investigated range. Interestingly, the lower-scale conditions produced slightly lower 
mean errors than the original 100% condition. This behavior may be associated with the 
smoothing effect introduced by image downsampling, which can reduce small local contour 
irregularities. Thus, scaling down an image can be exploited to further decrease accuracy 
error while increasing speed.

To complement the angular-error analysis, Table 13 reports the percentage of images 
for which each method produced a valid orientation estimate. The proposed method 
maintained a valid-estimate rate between 96.99% and 99.89% across the complete scale 
range. In contrast, the Hough-based approach produced valid estimates for approximately 
90–93% of the images under the implementation used in this controlled experiment, indi-
cating greater sensitivity to the availability of sufficiently dominant linear structures in the 
extracted contours.

Table 13. Valid orientation estimate rate (%) at different image scales.

Image Scale Ellipse PCA MinRect Skeleton Hough The Proposed Method

25% 99.23 99.45 99.34 99.34 91.41 98.91
50% 99.45 99.78 99.78 99.78 90.42 99.01
75% 99.56 99.78 99.78 99.78 90.31 99.40

100% 99.95 100.00 100.00 100.00 92.17 99.89
125% 99.34 99.51 99.45 99.45 91.24 99.18
150% 98.74 98.80 98.74 98.74 93.05 98.74
175% 97.04 97.10 97.04 97.04 92.72 96.99

4. Discussion
The manual definition of the reference orientation introduces a degree of annotation 

uncertainty that should be considered when interpreting the experimental results. In 
the present dataset, the mean absolute angular difference between the two independent 
annotators was 4.2°, with a standard deviation of 3.1°. This variation indicates that the 
reference orientation cannot be considered an exact anatomical ground truth for every 
image. However, the observed inter-annotator variation is substantially smaller than the 
±20° orientation tolerance considered in the target ERT alignment application. Therefore, 
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although annotation uncertainty may contribute to the measured angular error, it is not 
the dominant factor in the error margin allowed by the target application. For cases in 
which a specific anatomical orientation differs systematically from the geometric orientation 
defined by the boundary points, a calibration angle can be applied to compensate for this 
constant offset.

In the following table (Table 14), the comparative results are summarized along with 
the ranking order of each method based on the experimental outcomes.

Table 14. The final ranking order of the methods.

Degrees Mean Error Mean Execution Time in 𝛍sec
Ranking Method Method

1 Hough (10.14) MinRect (15.18)
2 proposed method (18.404) PCA (31.02)
3 Skeleton (21.86) Proposed method (34.28)
4 PCA (23.00) Ellipse (65.00)
5 MinRect (23.98) Skeleton (1009.76)
6 Ellipse (65.53) Hough (2287.02)

Table 14 summarizes the ranking of the evaluated methods in terms of macro-average 
angular error and mean execution time. The proposed method ranks second in angular 
accuracy (18.404°) and third in execution time (34.28 μs). The Hough Transform achieves 
the lowest macro-average angular error (10.14°), but requires substantially more execution 
time, whereas MinAreaRect provides the lowest computational time at the expense of higher 
overall angular error. However, these aggregate rankings do not reflect the differences 
observed among object categories. The proposed method achieves competitive accuracy for 
the examined fish datasets, while its performance is less favorable for Nazli grape leaves. 
For mango leaves, PCA, MinAreaRect, morphological skeleton, and Hough Transform 
achieve lower angular errors. Therefore, the proposed method offers a potentially useful 
accuracy–runtime trade-off for selected object morphologies, rather than a universally 
superior solution for irregularly shaped biological objects.

The evaluated orientation estimation methods rely on different geometric represen-
tations and assumptions, which may influence their performance depending on object 
morphology. PCA estimates orientation from the principal direction of spatial variance, 
whereas Ellipse Fitting derives an orientation axis from a fitted parametric shape. The 
Minimum Area Rectangle method uses the orientation of the enclosing rectangle, while 
skeleton-based techniques estimate orientation from a representation of the object’s internal 
structure. The Hough Transform identifies dominant line orientations through a voting-
based procedure. Consequently, differences in contour geometry, elongation, curvature, 
and structural complexity may affect the relative accuracy of these approaches. The experi-
mental results confirm that no single method provides the lowest angular error across all 
the examined datasets.

The proposed method introduces a complementary strategy concerning the geometrical 
features of the objects of interest. Rather than relying on global statistical properties or 
internal object structure, it analyzes the spatial distribution of extreme boundary points 
directly along the detected contour. By selecting and averaging the leftmost and rightmost 
contour-point subsets, representative centroids of the two opposite extreme regions are 
obtained, defining the estimated orientation axis.

From a computational perspective, the proposed method consists of two main process-
ing stages that can be executed in parallel: contour extraction and geometric orientation 
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estimation. In the first stage, the input image is converted to grayscale, edge detection is 
performed, and the contour corresponding to the object of interest is extracted. In the second 
stage, the detected contour points are processed to estimate the dominant orientation axis.

Let P denote the number of pixels in the input image, n the number of points belonging 
to the selected contour, and Ne  the number of extreme points selected from each side. The 
grayscale conversion and edge detection operations require processing the image pixels and 
exhibit approximately linear computational complexity with respect to P for fixed processing 
parameters. Contour extraction also introduces an image-dependent computational cost 
associated with the identification and representation of object boundaries.

The proposed orientation estimation procedure operates on the extracted contour. In 
the implementation used in this study, the contour points are sorted according to their 
horizontal coordinate, resulting in O(n log n) computational complexity. Subsequently, 
Ne  points are selected from each of the two opposite extreme regions, and their mean 
coordinates are calculated. These operations require O(Ne ) additional computational time, 
while the final orientation angle is obtained using the two-argument arctangent function, 
which has constant computational cost.

Consequently, the computational complexity of the implemented orientation estimation 
stage is O(n log n + Ne ). Since Ne  is a fixed parameter, the complexity is dominated by 
contour-point sorting and can be expressed as O(n log n). It should be emphasized that this 
expression describes the orientation estimation stage after contour extraction and does not 
represent the complete image-processing pipeline.

Considering the image preprocessing and contour extraction stages, the overall com-
putational cost depends on both the image resolution and the number of extracted contour 
points. Under the assumption of linear image-level preprocessing and contour extraction, 
the end-to-end computational complexity is approximately O(P + n log n). This distinction 
is important because the computational requirements of the complete system may be influ-
enced by image resolution, contour density, and the complexity of the object boundaries.

It should also be noted that sorting all contour points is not strictly necessary for 
selecting a fixed number of extreme points. An alternative implementation could identify 
the required extreme-point subsets through a single contour traversal while maintaining 
a limited number of candidate points. For fixed Ne , such an approach could reduce the 
theoretical complexity of the orientation estimation stage to O(n), without changing the 
underlying extreme-point averaging formulation. However, this optimization was not 
employed in the implementation evaluated in the present study, and the reported execution 
times correspond to the original sorting-based procedure.

Table 15 summarizes the theoretical computational complexities of the six evaluated 
methods together with their experimentally measured mean execution times. The theoreti-
cal expressions describe the dominant operations under the corresponding implementation 
assumptions, whereas the measured execution times reflect the computational behavior of 
the evaluated implementations on the hardware platform used for the experiments. There-
fore, methods exhibiting similar asymptotic complexity may present different execution 
times due to implementation details, constant computational factors, memory operations, 
and the use of optimized library functions.

The experimental results indicate that the proposed method achieves a mean exe-
cution time of 34.28 μs, ranking third among the evaluated approaches. Although the 
Minimum Area Rectangle and PCA methods exhibit lower measured execution times, 
the proposed method provides a favorable balance between computational efficiency and 
angular estimation accuracy. These findings support the computational efficiency of the 
evaluated implementation.
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Table 15. Theoretical computational complexities and experimentally measured execution times of 
the evaluated orientation estimation methods.

Method
Theoretical 

Computational 
Complexity

Mean Execution 
Time (𝛍s)

Ellipse Fitting O(n) 65.00
PCA O(n) 31.02

MinRect O(n log n) 15.18
Morphological Skeleton O(Iterations × P) 1009.76

Hough Transform O(P × BinCount) 2287.02
The proposed method O(n log n) 34.28

The proposed method could be integrated into computer vision systems that provide 
sufficiently accurate two-dimensional object contours. For example, SOE-YOLO could be 
used for object localization, followed by contour extraction, while MoA-VR could improve 
degraded input images before segmentation. However, neither object detection nor image 
restoration directly guarantees accurate boundary estimation, and the integration of these 
frameworks with the proposed method was not experimentally evaluated in this study.

Since the proposed method relies on extreme contour points, errors in boundary 
extraction may affect the estimated orientation. Therefore, further investigation is required 
to evaluate the relationship between segmentation quality, extreme-point localization, and 
angular estimation accuracy when using automatically extracted contours.

The proposed method is limited by contour quality and object morphology. The 
controlled perturbation experiment showed that boundary noise increased angular error, 
while severe erosion reduced the valid estimate rate. Dilation, missing contour sections, and 
partial occlusion had smaller effects within the examined range. Accuracy may also decrease 
for near-circular objects or shapes without a well-defined dominant axis. Furthermore, the 
fixed number of extreme contour points introduces sensitivity to image scale and contour 
sampling density. Although the scale experiment in Section 3.3 showed mean angular 
errors below 20° for image scales from 25% to 175%, some scale dependence remained. 
Future work will investigate scale-adaptive extreme-point selection, including spatial bands 
defined relative to object width.

The proposed method estimates the geometric orientation axis without determining 
the direction of biological objects. For applications requiring the direction rather than the 
tilt, additional morphological or temporal information would be necessary. For example, 
head-to-caudal fin direction in fish could be inferred from local contour characteristics, 
while object displacement and tracking information could be used in video sequences.

The evaluation of the proposed method on biological objects, including fish and plant 
leaves, demonstrated a favorable balance between angular accuracy and computational 
efficiency. These characteristics support its potential use in real-time computer vision and 
robotic applications. In the framework described in Section 2.1, the method is already 
employed in a fish monitoring application, where its orientation estimates are used by the 
ERT shape alignment module to select the model trained for the specific orientation. Its 
application to robotic grape leaf harvesting is under development, while further extensions 
to other fields, such as medical imaging, may also be investigated.
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5. Conclusions
A contour-based orientation estimation method using extreme-point averaging was 

presented and experimentally evaluated across five biological image datasets. The proposed 
method achieved a weighted mean error of 16.17° and a mean execution time of 34.28 μs, 
providing a computationally efficient alternative to the more accurate but substantially 
slower Hough Transform. However, its estimation accuracy was found to depend on ob-
ject morphology. The proposed method achieved competitive results across the three fish 
datasets, with mean angular errors ranging from 15.20° to 15.68°, whereas its error increased 
to 35.04° for Nazli grape leaves. For mango leaves, PCA, MinAreaRect, morphological skele-
ton, and Hough Transform achieved lower angular errors. These findings demonstrate that 
the proposed method offers a trade-off between accuracy and computational efficiency for 
selected object morphologies, but does not consistently outperform alternative approaches 
across all biological object categories. Scale dependence exists but mean angular error below 
20° was maintained across scales ranging from 25% to 175% of the original resolution.

Future work will focus on improving contour extraction and investigating scale-
adaptive extreme-point selection strategies, particularly for highly irregular shapes and 
complex visual environments. The extension of the proposed method to three-dimensional 
orientation estimation will also be investigated.
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