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Abstract: This paper proposes a novel image large rotation and scale estimation method based on
the Gabor filter and pulse-coupled neural network (PCNN). First, the Gabor features of the template
image and its rotated one are extracted by performing the Gabor filter. Second, we present a modified
PCNN model to measure the similarity between the Gabor features of the image and its rotated
one. Finally, the rotation angle is calculated by searching the global minimum of the correlation
coefficients. Besides rotation estimation, we also propose a scale estimation method based on the
max-projection strategy. The Gabor feature image is projected along the estimated rotation angle, and
the scale is calculated by searching the peak of this projection result. Moreover, experiments illustrate
that the proposed method has high accuracy on rotation and scale estimation and is robust to noise.
Compared with the state-of-the-art methods, the proposed approach has a more stable performance.

Keywords: rotation estimation; scale estimation; the Gabor filter; pulse-coupled neural network;
projection strategy

1. Introduction

With the development of science and technology, there is a higher and higher demand
for image processing. When two or more images are used to obtain common information,
oftentimes, it is necessary to perform image registration such as rotation, shifting, and scal-
ing. Image registration is widely used in image stitching [1], image fusion [2], motion
estimation [3], object recognition, and so on [4,5].

Electronic video stabilization is based on the correlation of image information between
frames of video image sequences, and the estimation of rotational motion is one of the
core technologies of electronic video stabilization. UAVs suffer from aerodynamics in
the process of reconnaissance, resulting in large angle rotation and jitter in the video, so
they cannot complete the task of reconnaissance and target identification [6,7]. Therefore,
achieving large angle rotation estimation is an urgent problem to solve. Remote sensing and
mapping, medical diagnosis, industrial production, and other fields have a high demand for
panoramic images [8,9]. To address this demand, the approach of stitching multiple images
with duplicate areas to obtain a panoramic image has been created. Estimating the rotation
angle between two images is an essential prerequisite. Visual odometry is a technique
for estimating camera trajectories in continuous images and is the cornerstone of visual
simultaneous localization and mapping [10]. Cameras are low-cost and easy to integrate
everywhere [11], so visual odometry is currently popular. In autonomous localization and
navigation of robots, UAVs, and unmanned vehicles, motion estimation is a prerequisite.
Therefore, camera motion estimation is an important part of SLAM, and camera motion
estimation includes rotation and translation estimation. Therefore, the study of rotation
estimation is very important.

The crucial work to image registration is rotation, scale, and shift estimation between
two or more different images without prior knowledge. Over the past decades, various
image registration methods have been proposed. High precision and large rotation with
complex motion make estimation a complicated problem, especially in low-power de-
vices. Meanwhile, many rotation and scale estimation approaches have been proposed for
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different images, especially for high-precision estimation. Among the existing methods,
the transform-based method [12–14], feature-based method [15,16], and phase-only cor-
relation (POC) method [3] have been widely used in all aspects of image rotation, scale,
and shift estimation.

The transform-based method is an algorithm that converts the image’s rotation and
scale estimation to a shift estimation of other domains and estimates shift using exist-
ing methods [17]. Conventional transforms used for angle, scale, and shift estimation
are Radon [13,14], Fourier–Mellin [12], log-polar [18], and Hough. Log-polar, Radon,
and Hough transform convert the rotation into the geometrical shift, and the transformed
image can be determined by projecting or function transformation. However, the precision
of the rotation estimation is limited to the projection angle spacing. The Fourier–Mellin
method separates the geometrical shift by Fourier transformation and transforms the am-
plitude spectrum to log-polar coordinates. Therefore, all the estimations can be converted
into the geometrical shift estimation, whose computation speed is limited to the transform
efficiency. The transform-based approaches usually take a relatively long time because they
are based on pixel processing. The feature-based methods compare two images by the key
points and obtain a transform matrix using the matched key points, separating the rotation,
scale, and shift from the transform matrix using the existing method [19–21]. Although the
feature-based method is robust to noise, the estimation precision is restricted by the num-
ber of feature points and their accuracy. One of the most common image shift estimation
methods is POC. When the rotation and scale can be converted into the geometrical shift,
the final results can be calculated using POC. The shift is calculated by searching the peak
of the cross-power spectrum of two images. Thus, the wrong peaks can cause large errors,
and this method is sensitive to spectrum aliasing.

Rotation and scale estimation between images is crucial for image processing. Current
research is mainly based on traditional methods; some estimation methods [22–24] need to
give initial estimates, and such initial estimates are difficult to achieve in complex systems.
The transformation-based method [12–14] is relatively complex, and the transformation
requires relatively more time, while the final result is limited to the efficiency of the transfor-
mation. The feature-point-based method [15,16] requires extracting and matching feature
points, which is time consuming while calculating the transformation matrix between
images and decomposing to obtain the rotation angle. Meanwhile, it is challenging to
estimate large rotation estimation in some methods [25,26].

To address the above issues, this paper proposes a robust and novel method for rotation
and scale estimation, which does not require an initial estimate. The proposed method is
based on the Gabor filter and pulse-coupled neural network (PCNN). Since the image’s
unique texture and orientation information can be extracted using the Gabor filter [27,28],
we estimated the rotation angle by comparing the orientation features between the template
image and its rotated one. This Gabor-filter-based approach makes it possible to estimate
large angles. Furthermore, this paper designed a modified PCNN (mPCNN) model to
measure the similarity between two feature images. The proposed measuring similarity
approach is robust to noise, scale, rotation, and shift. We can estimate the final rotation
angle by searching the global maximum correlation coefficient. In the scale estimation,
the Gabor feature image is projected along the rotation angle using the max-projection
strategy. The image scale can be estimated by searching the peak of these projection results.
In addition, the experiment results demonstrated the accuracy of the proposed estimation
approach and its robustness to noise. The three contributions of this study are summarized
as follows:

1. This paper introduces a novel estimation method for scale and rotation using the
Gabor filter and PCNN.

2. We designed a modified PCNN model for measuring similarity, which is robust
against rotation, shift, and translation.

3. This paper presents a novel method for scale estimation based on the Gabor fea-
ture image.
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This paper is organized as follows. Section 2 shows the conventional approaches
for rotation and scale estimation. Section 3.1 gives a brief description of the Gabor filter
and the different orientation feature extraction methods using the Gabor filter. Section 3.2
describes the modified PCNN model and how to measure the similarity between the Gabor
features. In Section 3.3, the details of rotation estimation are described. In Section 3.4,
the scale estimation method using the Gabor features is described. Section 4 presents the
comparison experiments with the other approaches. Finally, Section 5 shows the conclusion.

2. Related Works

The transformation-based method is the one with high accuracy among all meth-
ods [22,29–31]. Chen et al. [29] proposed a motion estimation method based on the Fourier–
Mellin transformation, and the proposed approach extends the phase correlation method
to estimate both rotation and translation. Giarra et al. [30] explored the particle image
velocimetry method in regions with large velocity gradients or high rates of rotation and
introduced a new PIV approach based on the Fourier–Mellin transformation. Compared to
traditional methods, the new algorithm significantly improved the velocity estimates in pre-
viously unresolvable regions of large rotation. Pan et al. [22] proposed a rotation estimation
method, which is an automated initial guess estimation. Unlike the conventional image
correlation technique, Pan’s method does not acquire an accurate initial value. Xu et al. [31]
presented a novel geometric visual rotation estimation method for omnidirectional cameras,
which includes two parts: motion vector extraction and sinusoid fitting. This method
converts the rotation estimation problem into a sinusoidal fitting problem with offsets in
the image row and column directions. The rotation vectors are first extracted by finding
the pixel deviations in the row and column directions, and then, the obtained rotation
vectors are fit to two sinusoidal functions. This method introduces the optical flow method
to extract motion vectors based on the Fourier–Merlin transform, which can meet certain
accuracy requirements, but the motion tracking based on the optical flow method is not
suitable for the case of large inter-frame image motion.

A group of line pencils can be denoted as R(r, θ) using the Radon transform, which
is widely used in line detection. The Radon-based method is widely used in rotation
estimation [13,14,17,32,33]. Wan et al. [17] used the Radon transform for rotation estimation
and converted the rotation into the shift, which was estimated using the phase correlation
approach. To improve the precision of the estimation result, Fujisawa et al. [14] introduced
a high-accuracy rotation estimation method based on the Radon transform. This method
splits the final estimation value into an integer component and a decimal component,
using the conventional POC to calculate the integer component, and estimates the decimal
component by modifying the minimization function. However, The proposed approach
applies the Radon transform to the frequency domain of the image, which means that the
two complex transformations would reduce the time efficiency.

With the continuous development of computer equipment, pose estimation based
on neural networks [34,35] also continues to develop. The separation of rotation and
translation estimation is more common in neural network approaches. Kim et al. [34]
presented a convolutional neural network, which was used for regressing the camera
rotation. The proposed method uses a derotation operation of the spherical optical flow on
a unit sphere and is fully self-supervised. Their method achieves comparable performance
to fully supervised methods in rotation estimation. Zhang et al. [35] proposed a top-down
prediction-based approach for rotation estimation, and an energy-based formulation was
used to represent the rotation distribution of the camera. Their experiments illustrated that
their approach outperforms the state-of-the-art simultaneous localization and mapping
methods. Meanwhile, a series of 6D pose estimation [36,37] methods has also been proposed.
The input data are usually an RGB-D image in these 6D pose estimation methods. Robust
and accurate 6D pose estimation is very important for many robotics applications.

Gao et al. [36] presented a convolutional neural network method for 6D estimation.
To obtain a 6D pose, depth information contained in the input data must be analyzed in
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an appropriate way. Gao et al. used depth information as the input to the networks and
used separate networks for rotation regression. Finally, the rotation is represented by the
axis angle. Another part of the method [37,38] extracts the feature information of the image
using the deep network to estimate the pose. The method in [38] first detects 2D keypoints
and solves a perspective-n-point problem for their 6D pose. Chen et al. [37] proposed a
fast shape-based network to solve the problem of inefficient category-level pose feature
extraction. They designed an orientation-aware autoencoder with 3D graph convolution
for latent feature extraction. The rotation information was decoded from the latent feature
using a novel decoupled rotation mechanism.

Pulse-coupled neural networks have a good performance in the field of processing the
digital signal images, derived from the γ band synchronization of pulse-coupled biological
oscillators. Johnson et al. [39] developed the first PCNN, and in [40], Kinser et al. proposed
the classical PCNN. PCNN has been widely used in image fusion [41], image segmentation,
image restoration, and image enhancement [42]. Klar et al. [43] proposed an image object
separation using the PCNN algorithm sped up by the designed integrated circuit, and a
modified PCNN with synaptic plasticity was applied to image segmentation. Due to the
inherent property of PCNN, the output pulse image of PCNN is an invariant feature that is
robust to noise and geometrical variations. Based on the ability of the invariant feature,
many PCNN-based methods of feature extraction [44] and texture retrieval [45,46] have
been studied.

3. Proposed Algorithm

A fast and simple rotation angle estimation algorithm must be proposed to improve
rotation estimation efficiency and estimate the large rotation angle. The Gabor filter is a
linear filter for image texture analysis. Given that its descriptions of frequency and direction
are similar to the human visual system, it is widely used to obtain image texture features,
edge detection, and image smoothing. PCNN is a single-layer network without any training
needed. It has a pulse synchronization characteristic in the neurons with similar pixel
intensities, so it is applied to image segmentation, image enhancement, feature extraction,
and image fusion. Inspired by the Gabor filter and PCNN, we propose a new image rotation
estimation algorithm using the Gabor filter and PCNN. The proposed method applies the
Gabor filter to obtain different orientation features, which are called the Gabor features,
and PCNN to calculate the similarity between the Gabor features. The whole schematic of
the proposed algorithm to obtain the rotation angle and scale is illustrated in Figure 1.

Gbabor filter mPCNN Measure similartiy

Max-projection

Gbabor filter

Rotation angle 

Scale

Figure 1. Schematic diagram of the proposed algorithm.
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3.1. Gabor Features

In this section, we introduce the Gabor filter and how to extract the Gabor features of
an image using the Gabor filter.

3.1.1. Gabor Filter

The Gabor filter is a plane wave multiplied bya Gaussian function. In this paper, we
used the the cosine function instead of the plane wave. The generating Gabor function can
be defined as follows (for further details, we refer to [47]):

g(x, y, θ) = exp(− x′2 + γ2y′2

2σ2 ) cos(2π
x′

λ
+ φ) (1)

where
x′ = x cos θ + y sin θ (2)

y′ = −x sin θ + y cos θ (3)

where (x, y) denotes the set of image points, σ represents the standard deviation of the
Gaussian function, and γ is a numeric vector that defines the ratio of the semi-major and
semi-minor axes of the Gaussian envelope. λ represents an adjustable parameter of the
cosine function. θ is the rotation angle of the parallel stripes in the Gabor filter kernel.

3.1.2. Gabor Feature

The Gabor filter has been successfully applied to extract local image texture features
of different scales and orientations [28,47,48]. The Gabor features were used to estimate the
rotation angle between the template image and the rotated image in this paper. Typically,
an input image I(x, y) is convolved with a 2D Gabor filter at angle θ, and the Gabor feature
of the input image at angle θ can be defined as follows:

G(x, y, θ) = ∑
x,y

I(ξ, η)g(x− ξ, y− η, θ) (4)

where G(x, y, θ) denotes the Gabor feature image at orientation θ; thus, we can obtain all
the Gabor features of the input image I at all orientations from 0◦ to 180◦. Let G(θ) denote
the Gabor feature at orientation θ, and the input image I with all Gabor features can be
defined as follows:

I '
∫ π

0
G(θ) (5)

In the above formula, we can make sense of it as follows: every image can be decom-
posed into a series of Gabor feature images, and each feature image is different from the
others. Therefore, theoretically, by comparing the Gabor features of the two images, it is
possible to estimate the rotation angle with high accuracy. Figure 2 illustrates the Gabor
filters (the first row) at six different orientations and image Gabor features (the second row)
with six different orientations.

3.2. Computation of the Measuring Similarity

This section presents a measuring similarity method with an improved PCNN, and the
method can be divided into two parts: (1) design and apply improved PCNN to extract
PCNN-based features from the Gabor features; (2) measure the similarity by calculating
the difference between the two PCNN-based features.
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Figure 2. The Gabor feature images with different orientations. The first row shows the Gabor filters
with 6 different orientations, and the second row shows the Gabor feature image corresponding to
the first row.

3.2.1. PCNN-Based Feature Extraction Method

It is known that PCNN is widely used in image processing as show in Figure 3,
and every neuron in PCNN is equal to each pixel in the image. Hence, the input image size
determines the PCNN size. The PCNN model can classify neurons with similar properties
into one category because each neuron has a different firing time. The intensity of similar
pixels is expected to be different from the other pixels. Thus, PCNN has a good performance
on image segmentation, texture extraction, image denoising, and other applications [41,46].
Derived from the above, we propose a modified PCNN (mPCNN) model that extracts
PCNN-based features from the Gabor features. The mPCNN model is defined as follows:

Ui,j = exp(−αU)Ui,j(n− 1) + Si,j ∑
kl

WY(n− 1) + Si,j (6)

Ti,j(n) = exp(−αT)Ti,j(n− 1) + VTYi,j(n) (7)

Yi,j(n) =

{
1, 1

1+exp(Ui,j(n)−Ti,j(n))
> 0.5

0, others
(8)

P(n) = ∑
i,j

Yi,j(n) (9)

where n is the discrete time, each neuron is denoted with indices (i, j), and (k, l) denotes
the neighboring neuron of (i, j). S represents the external input stimulus of the neuron. W
is the feeding synaptic weight reflecting the active neurons’ relationship. U denotes the
internal membrane potential of the neuron, and T is the dynamic threshold of the network.
Y stands for the pulse output of the neuron as the action potential. G denotes the time
series matrix, which records the number of neurons with similar attributes, and P is named
as a PCNN-based feature; it is also a 1D feature. αU and αT define the attenuation time
constants of U and T, respectively.

The mPCNN model can convert all the Gabor feature images from 2D to 1D, and the
external input stimulus S is equal to the intensity of the Gabor feature image pixels. Like
the histogram of an image, P(n) records the number of image pixels with a similar value.
However, P(n) is a simplified version of the image histogram, which is an N × 1 vector (N
is usually less than 256 [12]), and it is more robust against the effect of noise. The important
properties of the output of this model are the translation, scale invariance, and rotational
shift stated, and such properties can be exploited to estimate the similarity between two
PCNN-based features.
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Adust
Threshold

Surrounding

neurons

Figure 3. The modified PCNN model.

Figure 4 shows the PCNN-based features of an input image and its rotated images.
The first row of images is the original images and their rotated images with different scales,
and the second row of images is the PCNN-based features corresponding to the first row of
images. As shown in Figure 4, the PCNN features are assemblable when the original input
images rotate at different angles and with different scales.

Figure 4. The PCNN-based features. The first row shows the template images, and the second row
shows the PCNN-based features corresponding to the first row. (The rotation angle of each image
from left to right is 0◦, 30◦, 0◦, 30◦, 120◦, and 60◦, respectively. The scale of each image from left
to right is 1, 1, 0.8, 0.8, 0.8, and 0.8, respectively. The white Gaussian noise with a given standard
deviation σ = 25 was added to the last image.)

3.2.2. Measuring the Similarity

Assume that there are two PCNN-based features, P1(n) and P2(n). The correlation
coefficient C between P1(n) and P2(n) can be obtained using the following function:

C =
1
N

N

∑
n=1

(P1(n)− P2(n))2 (10)

3.3. Rotation Estimation Based on the Gabor Features

As we know, the PCNN-based feature is invariant to scale, shift, and rotation, as
Figure 4 illustrates. If the Gabor features at all orientations can be obtained, then it is
theoretically possible to estimate the rotation angle. Assume that I is a template image
and image R is a rotated image with a rotation angle of θ relative to image I. Let GI

θ
and GR

θ be, respectively, the Gabor features of image I and image R, which can be found
in Equation (4). PI

θ and PR
θ denote the PCNN-based features of image I and image R
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corresponding to GI
θ and GR

θ , respectively. The rotation angle θ0 between image I and
image R is given by

θ0 = arg min
θ−θconst

C(θ) (11)

where

C(θ) =
1
N

N

∑
n=1

(PI
θconst

(n)− PR
θ (n))

2, 0◦ < θ < 180◦ (12)

where PI
θconst

(n) denotes the PCNN-based feature of image I at the orientation θconst

and θconst is a constant value. PR
θ (n) is the PCNN-based feature of image R at orientation θ,

and 0◦ < θ < 180◦. When GI
θconst

and GR
θ are the input stimulus of mPCNN, then PI

θconst
(n)

and PR
θ (n) will be output. If θ0 is greater than 0, it indicates that the rotated image is rotated

clockwise relative to the template image. Otherwise, it is rotated counterclockwise.
In our method, we can extract the Gabor features of the rotated image at all orientations,

and all the orientations are continuous, theoretically. However, in practice, the orientation
angle is discrete. Therefore, in order to obtain more accurate results, the method to estimate
the rotation angle in our study consists of two steps: coarse estimation and refinement
estimation. In the first step, the coarse estimation can locate the rotation angle in a small
range, and this will decrease the computation. After obtaining the rough rotation angle,
the second step of refinement estimation can calculate the fine angle with higher accuracy.
The whole process of the proposed method is to estimate the rotation angle in two steps, as
shown in Algorithm 1. The details can be expressed as follows:

Algorithm 1: Rotation estimation.
Input: template image I and rotated image R
Output: Rotation angle θ0
initialization: θconst is a constant; compute GI(θconst) using Equation (4) and PI

θconst
using Equation (9)

/* Coarse estimation */
for θ in {(0, 1, 2, ...p)θc

step, θc
step = 180◦

p } do
compute PR

θ using Equation (9);
update C(θ) by Equation (12);
if C(θ) is the smallest value then

θcoarse=θ;
end

end
/* Refinement estimation */
for θ in [θcoarse − θc

step, θcoarse + θc
step] do

θ = θre f ine;
compute PR

θ using Equation (9);
update C(θ) by Equation (12);
if C(θ) is the smallest value then

θre f ine=θ;
end

end
set θ0 = θre f ine − θconst as the final result.

Coarse estimation:
First, compute the Gabor feature GI(θconst) of image I at angle θconst and GR(θ) of

image R at angle θ(θ = (0, 1, 2, ...p)θstep, θstep = 180◦
p ), according to Equation (4).

Second, after obtaining the Gabor features, compute the PCNN-based features PI
θconst

and
PR

θ with, respectively, GI(θconst) and GR(θ) as he input stimulus, as shown in Equation (9).
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Finally, calculate the correlation coefficient between PI
θconst

and PR
θ by Equation (12), so

we can obtain the similarity values between the Gabor feature with the orientation angle
θconst of image I and the Gabor features with the orientation angle θ(θ = (0, 1, 2, ...p)θstep,
θstep = 180◦

p ) of the rotated image R. Then, calculate the rotation angle between image I and
the rotated image R by searching the minimum correlation coefficients, as in Equation (13).

As discussed above, the precision of the rotation angle depends on the step angle
θstep. Thus, in the coarse the estimation experiment, θstep is usually set to a larger value
to reduce the computation. Assume that, when θstep = θc

step, the coarse rotation angle
θcoarse = arg min

θ
C(θ). However, this is not a high-precision result because θstep is a large

step. Meanwhile, the final rotation angle is limited to the range [θcoarse− θc
step, θcoarse + θc

step],
and the coarse estimation limits the range of the true rotation angle from a large range
[0◦, 180◦] to a small range [θcoarse − θc

step, θcoarse + θc
step] with less computation.

Refinement estimation: Finding the refine rotation angle could also use the same
procedure; different from the coarse estimation, θstep is a small value for high precision in
this step. A more precise rotation angle θre f ine can be computed by the above procedures.
In the actual calculation process, due to the discontinuity of PCNN-based features, we are
unable to obtain a completely consistent estimation angle. Perform interpolation operations
near θre f ine to obtain the final result θ0. The accuracy in rotation estimation depends on
θstep; within the scope of similarity measurement, the smaller θstep, the higher the accuracy
of the result, and vice versa.

3.4. Gabor-Filter-Based Scale Estimation

After obtaining the rotation angle θ0 using the rotation estimation described in the
previous section, if a 2D shift is not taken into account, the rotation angle θ0 and scale S can
be expressed as follows:

GI(θconst) = S · GR(θconst + θ0) (13)

The equation means that the scale of the two images is expressed as the scale of two
Gabor features. The Gabor filter is modulated by a Gaussian function and a sinusoidal
plane wave. A unique property of the Gabor filter is that each Gabor filter only allows the
texture corresponding to its frequency to pass smoothly; such a property can be exploited to
estimate between two images. Inspired by the gray projection algorithm, we propose a scale
estimation method based on the max-projection strategy. The Gabor feature is projected in
the direction of θ, which forms a one-dimensional sequence by the max projection strategy.

F(x′, θ) = max
y′

G(x′, y′, θ) (14)

where x′ and y′ are as shown in Equations (2) and (3), respectively. G(x′, y′, θ) is the
Gabor feature at orientation θ, and F(x′, θ) denotes the max value of all pixels in row x′.
We express FI(x′, θconst) as the projected result of GI(θconst) and FR(x′, θconst + θ0) as the
projected result of GR(θconst + θ0), as in Equation (14), respectively. Figure 5 illustrates the
projection results.

Using the max-projection strategy, the scale S can be obtained by the curves of
FI(x′, θconst) and FR(x′, θconst + θ0). In other words, we express x′I1 as the horizontal coor-
dinate whose value FI(x′1, θconst) is the first peak value and x′I2 as the horizontal coordinate
whose value FI(x′1, θconst) is the second peak value. Similarly, we express x′R1 as the first
coordinate whose value FR(x′, θconst + θ0) is the first peak value and x′R2 as the horizontal
coordinate whose value FR(x′, θconst + θ0) is the second peak value. Then, the proposed
method obtains the estimated scale S as follows:

S =
x′R1 − x′R2
x′I1 − x′I2

(15)
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Figure 5. The Gabor feature image (left) and its maximum value projection (right).

4. Experimental Results and Discussion
4.1. Experimental Settings

To evaluate the estimation precision of the proposed algorithm, we performed numeri-
cal experiments for a series of standard images. The rotated images were rotated and scaled
with a specified angle and scale, and the error between the estimated angle and ground-
truth values was considered using the estimation algorithm. The compared methods for
rotation and scale estimation include SURF [15], BRISK [16], and Fourier–Mellin [18]. SURF
and BRISK are feature-point-based rotation and scale estimation methods, which estimate
the rotation angle and scale by resolving the position between the matched feature points.
The Fourier–Mellin method estimates the rotation angle and scale in the frequency domain
of the image; the key of Fourier–Mellin is to covert the rotation and scale into translation
estimation, and the rotation angle and scale can be obtained by log-polar transforma-
tion. It is the fastest of the existing rotation-invariant image rotation and scale estimation
algorithms [49].

The test images used in our experiments were taken from the image processing
database [50]. The 12 images are of size 512× 512 and contain different scenes (e,g, people,
trees, animals, fruits). Our experiments compared the rotation and scale copies derived
from the original image. This procedure completely controls the value of the rotation
angle and scale. Besides the fixed rotation angle and scale estimation, the white Gaussian
noise with a given standard deviation σ was added to the original images to evaluate the
robustness of the estimation method. First, the estimation precisions of the fixed rotation
angle and the fixed scale were tested. Second, the images that were rotated from 1◦ to 180◦

at a step of 1◦ and transformed from the scale of 0.5 to 1 at a step of 0.05 were tested. Note
that “N/A” in all tables indicates that the value is unavailable.

4.2. Rotation Estimation Error

Each of the 12 images with different noises was tested individually. Tables 1 and 2
illustrate the rotation angle estimation errors at fixed angles of 60◦ and 120◦, respectively.
For the purpose of analysis, the absolute values of the error are shown in all tables. Table 1
shows the small rotation angle (60◦) estimation errors. The angle errors of all methods
except SURF are less than 1◦. The proposed method and Fourier–Mellin have similar
performance in all images and perform better than all the other methods in the small
rotation angle test. When the white Gaussian noise (standard deviation σ = 25) is applied,
our approach demonstrates superior robustness, with the error being less than 0.07◦.
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Table 2 illustrates the large rotation angle (120◦) estimation errors. The proposed method
demonstrates good immunity to interference. The estimation error of the noise image is
close to the estimation error of the no-noise image. Meanwhile, the proposed method did
not show any abnormal rotation values.

Table 1. Comparison of fixed rotation angle estimation errors; the rotation angle is 60◦ (degrees).

Image
SURF BRISK Fourier–Mellin Proposed

σ = 0 σ = 25 σ = 0 σ = 25 σ = 0 σ = 25 σ = 0 σ = 25

Cameraman 2.0656 1.7754 0.0071 0.0094 0.0030 0.0130 0.0310 0.0210
House 1.0752 1.9614 0.7485 0.0222 N/A 0.0257 0.0240 0.0210

Jetplane 2.6262 1.1353 0.0292 0.0196 0.0139 0.0110 0.0139 0.0220
Lake 0.0780 0.7229 0.1115 0.0345 0.0094 0.0235 0.0150 0.0180
Lena 5.2738 6.2657 0.0538 0.0646 0.0060 0.0318 0.0060 0.0200

Livingroom 0.5639 0.2146 0.0300 0.0380 0.0064 0.0103 0.0010 0.0220
Mandril 0.1650 1.8230 0.0452 0.0583 0.0052 0.0400 0.0500 0.0130
Peppers 0.9886 1.3508 0.0476 0.0416 N/A 0.0205 0.0050 0.0030
Pirate 0.9957 0.7683 0.1246 0.1063 0.0042 0.0073 0.0010 0.0680

Walkbridge 0.0552 0.4822 0.0284 0.0119 0.0361 0.0619 0.0090 0.0520
Woman_blonde 1.6153 2.4321 0.6264 0.9947 0.0199 0.0232 0.0010 0.0230
Woman_darkhair 0.2877 0.4185 0.0339 0.0608 N/A 0.1218 0.0010 0.0360

Table 2. Comparison of fixed degree estimation errors; the rotation angle is 120◦ (degrees).

Image
SURF BRISK Fourier–Mellin Proposed

σ = 0 σ = 25 σ = 0 σ = 25 σ = 0 σ = 25 σ = 0 σ = 25

Cameraman 2.8569 4.9632 0.0115 0.0157 0.0091 0.0145 0.0360 0.0240
House 0.8372 0.4988 0.0096 0.0214 N/A 0.0223 0.0050 0.0020

Jetplane 0.9996 0.3739 0.0655 0.0347 0.0112 0.0088 0.0070 0.0280
Lake 0.1581 0.5378 0.3017 0.1550 0.0048 0.0089 0.0580 0.0840
Lena 1.3434 0.7850 0.0048 0.0194 0.0009 0.0089 0.0030 0.0370

Livingroom 0.5039 0.8053 0.0053 0.0034 0.0238 0.0323 0.0080 0.0220
Mandril 2.1213 4.2984 0.0592 0.0515 0.0011 0.0190 0.0011 0.0570
Peppers 0.1188 0.2257 0.0021 0.0226 0.0172 0.0316 0.0220 0.0010
Pirate 1.1460 2.2397 1.6051 1.2322 0.0001 0.0176 0.0330 0.0150

Walkbridge 1.5270 1.9900 0.0358 0.0172 0.0110 0.0045 0.0520 0.0130
Woman_blonde 0.1100 0.8399 0.1133 0.1483 0.0151 0.0107 0.0100 0.0430
Woman_darkhair 0.5779 1.9904 0.0404 0.1131 N/A 0.0058 0.0590 0.0052

Figures 6 and 7 compare the rotation angle errors of the Lena image with no noise
and σ = 25, respectively. The proposed method achieves a higher estimation precision
and is more robust against angle change than the feature-based method. The estimation
angle error of Fourier–Mellin is small over the entire range of 1◦ to 180◦. The estimation
errors of SURF and BRISK fluctuate over a wide range of −3◦ and 5◦. Figure 7 illustrates
that the proposed method has better robustness against noise than the other methods in
all rotation angles. Despite the image with noise, the proposed method effectively filters
the noisy point due to PCNN. In these experiments, the estimation error of Fourier–Mellin
is unstable due to the white Gaussian noise. The image with noise has little effect on the
rotation estimation error of SURF and BRISK. The feature-point-based rotation estimation
method is robust to noise, whereas it does not have as high precision as other methods.
Fourier–Mellin outperforms the other approaches, but is more sensitive to noisy images.
In summary, the proposed method achieves better results.
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Figure 6. Rotation estimation errors for all rotation angles of the Lena image with no noise (scale 0.8).
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Figure 7. Rotation estimation errors for all rotation angles of the Lena image with σ = 25 (scale 0.8).
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4.3. Scale Estimation Error

Table 3 illustrates the scale estimation errors of the 12 images with a standard deviation
σ = 0 and σ = 25. All scales were estimated from 0.5 to 1 in 0.05 steps, and the results
include noise and no-noise errors. The scale estimation errors of different scenes of the
proposed method are within a reasonable range. Combined with the analysis of Figures 8
and 9, the proposed scale estimation method demonstrates more stable precision when
the input scale is from 0.7 to 1 in both the no-noise image and noise image. As shown in
Table 3, Fourier–Mellin achieves a higher scale estimation precision than the other methods.
In particular, it is more sensitive to noisy images with a scale of less than 0.7, as shown in
Figure 9. It can be obtained that the scale estimation precision of the proposed method is
not the highest, whereas it is most robust to noise in the noise comparison experiments.

Table 3. Comparison of fixed scale estimation errors (the fixed rotation angle is 60◦ and scale is 0.8).

Image
SURF BRISK Fourier–Mellin Proposed

σ = 0 σ = 25 σ = 0 σ = 25 σ = 0 σ = 25 σ = 0 σ = 25

Cameraman 0.0187 0.0164 0.0066 0.0069 0.0006 0.0006 0.0080 0.0012
House 0.0347 0.0083 0.0014 0.0000 N/A 0.0026 0.0022 0.0170

Jetplane 0.0153 0.0059 0.0006 0.0005 0.0011 0.0011 0.0022 0.0012
Lake 0.0191 0.0218 0.0010 0.0025 0.0008 0.0010 0.1369 0.1193
Lena 0.0100 0.0131 0.0013 0.0019 0.0010 0.0001 0.0022 0.0012

Livingroom 0.0102 0.0058 0.0001 0.0003 0.0005 0.0013 0.0460 0.0227
Mandril 0.0055 0.0049 0.0001 0.0003 0.0005 0.0009 0.0022 0.0012
Peppers 0.0140 0.0173 0.0007 0.0004 N/A 0.0008 0.0022 0.0002
Pirate 0.0073 0.0057 0.0010 0.0009 0.0002 0.0010 0.0071 0.0061

Walkbridge 0.0169 0.0166 0.0008 0.0000 0.0004 0.0021 0.0193 0.0193
Woman_blonde 0.0175 0.0229 0.0097 0.0111 0.0013 0.0012 0.0026 0.0213
Woman_darkhair 0.0099 0.0011 0.0003 0.0011 N/A 0.0031 0.0022 0.0022
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Figure 8. Scale estimation errors for different input scales of the Lena image with σ = 0.



Electronics 2022, 11, 3471 14 of 17

0.5 0.6 0.7 0.8 0.9 1

Input scale

-0.1

0

0.1

0.2

0.3

0.4

0.5

E
s
ti
m

a
ti
o
n

 s
c
a

le
 e

rr
o

r

SURF

BRISK

Proposed

Figure 9. Scale estimation errors for different input scales of the Lena image with σ = 25.

The average execution times of the proposed method and other approaches were com-
pared, as shown in Table 4. The proposed method was coded using MATLAB, which was
executed on a computer with an i3-10100 CPU @ 3.6 GHz, 16 GB RAM. The execution time
of the proposed method is larger than the other compared approaches due to the following
reasons: The proposed method was entirely coded using the MATLAB language. Fourier–
Mellin was entirely coded using the C++ language, and this method requires multiple
Fourier transforms and has high algorithmic complexity. The SURF and BRISK algorithms
were partially coded using the C++ language. Despite this execution time drawback,
the execution time may be improved by coding using another programming language.

Table 4. Comparison of the execution times for rotation and scale estimation.

Size Scale SURF BRISK Fourier–Mellin Proposed

512 0.5 0.051 0.310 0.143 12.965
512 0.8 0.061 0.306 0.196 23.104
512 1.0 0.077 0.311 0.283 33.885

5. Conclusions

In this paper, we proposed a robust and efficient rotation and scale estimation method
based on the Gabor filter. The orientation features of the image were extracted by the
Gabor filter, which are called Gabor features. Moreover, we proposed a modified PCNN
model to measure the similarity between the Gabor features of the image and its rotation.
The rotation angle was computed by searching the global minimum of the correlation
coefficients. Coarse estimation allowed us to limit the actual rotation angle to a small range.
We refined the estimation using a subdivision of the θ step to obtain a higher precision
estimated angle. After obtaining the rotation angle, we can calculate the scale by the
matched Gabor features. Compared with other rotation and scale methods, the accuracy
of the proposed method was demonstrated. In addition to large rotation angle (>90◦)
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estimation, the proposed method could also be robust to noise. For future work, we expect
to apply this method to 3D angle estimation.
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