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Abstract: - This paper presents a fast and robust image matching approach based on the cosine M-estimator kernel 
and the Fast Fourier Transform (FFT). We show that the robust cosine M-estimator can be effectively used to 
compare image intensities through correlation of transformed images. The speed of the method derives from the 
use of FFT to compute correlation. Its computational complexity is O (N log N), compared to O(N²) for direct 
matching. Experimental results demonstrate that the proposed method maintains high matching accuracy even in 
the presence of up to 60% outliers and 60% occlusion. It outperforms traditional approaches such as Sum of 
Squared Differences (SSD) and Normalized Cross-Correlation (NCC). Moreover, the proposed approach 
achieves superior performance compared to recent deep learning-based methods such as LoFTR. By combining 
the cosine M-estimator with FFT, the method is suitable for real-time applications that require robust matching 
under challenging conditions. 
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1 Introduction 
Image matching is a fundamental task in computer 
vision. It refers to the process of aligning two or more 
images by detecting and matching corresponding 
features. This process has numerous applications in 
fields such as medical imaging, remote sensing, 
robotics, and visual surveillance [1], [2], [3], [4], [5]. 
In real-world scenarios, the performance of image 
matching is often degraded by noise, outliers, and 
occlusion. These challenges can lead to inaccurate 
correspondences. Robust statistical approaches and 
mutual information techniques [6], [7], [8], [9] have 
gained significant attention due to their improved 
performance under varying conditions. However, 
these methods are often time-consuming.  
Recent advances in deep learning have achieved 
significant improvements in image matching 
performance. Methods such as LoFTR [3] and 
SuperGlue [6] have demonstrated impressive results 
on challenging datasets. Nevertheless, these 
approaches typically require large amounts of 
training data and significant computational resources, 

and they may not generalize well to specific domains. 
In contrast, traditional approaches based on robust 
correlation can be implemented efficiently without 
the need for training data. 
In this paper, we propose a robust approach for image 
intensity matching that combines the statistical 
robustness of the cosine M-estimator with the 
computational efficiency of the Fast Fourier 
Transform (FFT). We show that the proposed method 
effectively applies the cosine M-estimator [10] to 
image intensity matching. By the use of the FFT to 
compute correlation, the proposed approach has a 
computational complexity of O(N log N), compared 
to O(N²) for direct spatial-domain matching. Thus, it 
is suitable for real-time applications while being 
robust to outliers and occlusion.  
The remainder of the paper is organized as follows. 
Section 2 describes the proposed method. Section 3 
demonstrates its robustness. Section 4 discusses the 
computational cost. Section 5 presents experimental 
results. Finally, conclusions are drawn Section 6. 
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2 Fast and robust image intensity 

matching using the Cosine M-estimator 
Robust statistics are defined by small variations to the 
data, or large variations to a small number of data 
(outliers) [9], [8], [10]. In this paper, we propose to 
use the Cosine M-estimator kernel as similarity 
measure. M-estimators have been successfully 
applied to various robust image matching tasks [10], 
and we extend this concept by implementing it 
efficiently in the frequency domain using FFT. 
Let f be the reference image with dimensions 
N=𝑁1 × 𝑁2, and g be the second image with 
dimensions n= 𝑛1 × 𝑛2. The images are grayscale 
and normalized to the range [0,1]. The images are 
compared using the cosine similarity function. For a 
location (x,y) in f, we calculate the similarity E(x,y) 
between f and the template g as follows: 

𝐸(𝑥, 𝑦) = (n1xn2) − ∑ ∑ cos(𝑓(𝑥 + 𝑖, 𝑦 +𝑛2
𝑗=1

𝑛1
𝑖=1

𝑗) − 𝑔(𝑖, 𝑗))  (1) 
The cosine function provides a robust measure of 
similarity that is less sensitive to outliers compared to 
traditional squared difference measures. 
The influence of the error measure on the matching 
can be understood using the influence function. The 
influence function of the standard SSD error kernel 
is: 

𝜑(𝑒) = 𝑒    (2) 
For the proposed error measure, the influence 
function is: 

𝜑(𝑒) =  sin(𝑒)    − π ≤ 𝑒 ≤ π   (3) 
Figure 1 plots the influence function of the SSD 
kernel and the cosine kernel. As seen in the figure the 
cosine influence function is less increasing than the 
SSD influence function in the interval [0 1]. 
The matching using the cosine function can be 
computed using correlation. From the images I1 and 
I2, we reconstruct the images f and g as follows: 

f(x, y) = 𝑒i(I1(x,y))  (4) 
Here, i is the complex imaginary unit. The image g is 
constructed in the same way as f. 

 
Fig. 1: Influence function of the cosine and the SSD 

kernels. 
Source: created by the authors 

The transformed images I1 and I2 are matched using 
correlation. The correlation is calculated rapidly 
using the FFT.  Given F(j,k), the FFT of f(x,y), and 
G(j,k), the FFT of g(x,y), and IFFT() the Inverse Fast 
Fourier Transform function, the correlation matching 
surface is : 

ℜeal{𝐼𝐹𝐹𝑇(𝐹(𝑗, 𝑘)𝐺∗(𝑗, 𝑘))}(5) 
The best match is given by the position of the 
maximum in 5, we assume that I1 and I2 have the 
same size. Images with different sizes are matched 
using zero padding. 
 
 
3 Robustness 
In this section, we demonstrate the theoretical 
robustness of the proposed correlation method. To 
show how the proposed correlation employs the 
Cosine M-estimator kernel, we analyze the 
mathematical properties of the transformed images 
and their correlation in the frequency domain. 
We consider two pixels p1 and p2 from the 
transformed image f, and g respectively, given by the 
equation (4). Taking the complex conjugate of p2, 
their expressions are: 

𝑝1 = 𝑒𝑖Ѳ1        𝑝2∗ = 𝑒−𝑖Ѳ2 , Where  
Ѳ1 =  I1(x, y) 𝑎𝑛𝑑 Ѳ2 =  I2(x, y)  (6) 

Correlation shifts one image relative to the other and 
measures the sum of the products of their 
corresponding pixels. 
The product of pixel p1 and the complex conjugate 
of pixel p2 is: 

𝑝1𝑝2∗ = 𝑒𝑖(Ѳ1−Ѳ2) (7) 
In Cartesian form, the real part is expressed as: 

ℜeal{𝑝1𝑝2∗} = cos (Ѳ1 − Ѳ2) (8) 
From this last equation, we see that the proposed 
technique applies the cosine kernel to the difference 
of the normalized image intensities. 
The real part of the correlation of the two transformed 
images (Eq. 5) is equal to the sum of the cosine of the 
normalized image intensities difference. 

4 Computational complexity analysis 
The efficiency of the proposed method is largely 
driven by the use of the FFT. Its overall complexity 
is O(N log N), where N denotes the largest dimension 
of the two images. This represents a substantial 
improvement over the O(N²) cost of direct matching. 
In practice, this advantage becomes especially 
significant for large image sizes, making the 
approach well suited for real-time applications that 
require both speed and robustness. 
In terms of memory usage, the proposed method is 
highly efficient, as it requires storing only the two 
input images along with their corresponding 
frequency-domain representations. As the image size 
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increases, memory consumption grows linearly, 
enabling the method to be used even with limited 
computational resources. 
 

 

5 Experimental results 
To evaluate the efficacy of the proposed method in 
the presence of outliers and occlusion, extensive 
matching experiments were performed on the Google 
Colab platform. The grayscale images are normalized 
to the range [0, 1]. Images with different sizes are 
matched using zero padding. The outliers are 
simulated using Salt and pepper noise.  
Our approach was compared against standard Sum of 
Squared Differences (SSD), Normalized Cross-
Correlation (NCC), and the recent deep learning-
based LoFTR method [3]. The matching rate 
corresponds to the detection percentage of the second 
image at the correct position. 
The evaluation utilized a diverse dataset comprising 
200 images selected from the HPatches database 
[11]. For each test, the second image was extracted 
from the original image, and controlled amounts of  

 
Table 1. Matching rates (%) at various outlier levels 

Source: created by the authors 
Percentage 
of outliers 

SSD NCC LoFTR Proposed 

method 

10% 100% 100% 100% 100% 

20% 100% 100% 100% 100% 

30% 95% 100% 30% 100% 

40% 90% 100% 0% 100% 

50% 65% 80% 0% 100% 

60% 40% 60% 0% 100% 

 
(a) Second image. 

 
(b) Reference image.  

Fig. 2: Example of matching in the case of Salt and 
pepper noise. 

Source: created by the authors 
 
 

Table 2.  Matching rates (%) under different occlusion 
levels 

Source: created by the authors 
Percentage 

of 
occlusion 

SSD NCC LoFTR Proposed 

method 

10% 100% 100% 100% 100% 

20% 100% 100% 100% 100% 

30% 95% 100% 100% 100% 

40% 80% 90% 80% 100% 

50% 70% 80% 70% 100% 

60% 40% 60% 50% 98% 
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(a) Second image. 

 
(b) Reference image.  

Fig. 3: Example of image matching under occlusion. 
Source: created by the authors 

 
Salt and pepper noise and occlusion were introduced. 
Table 1 presents the matching rates for the proposed 
method, SSD, NCC, and LoFTR method at various 
levels of Salt and Pepper noise. As illustrated in the 
table, the proposed approach gives better results 
compared to the Sum of Squared Differences, 
Normalized Cross-Correlation, and LoFTR method. 
LoFTR is based on keypoint descriptors, which are 
sensitive to pixel-level corruption such as salt and 
pepper noise, whereas our method operates directly 
on image intensities, making it more robust in such 
cases. The proposed method successfully matches the 
images even in the presence of up to 60% noise. 
Figure 2 shows an example of the matching results in 
the presence of Salt and pepper noise. 
In the second experiment, we simulated occlusion by 
overlaying a white square (10–60 % area) on the 
second image. As shown in Table 2, the proposed 
approach gives the best performance. The proposed 
method finds the best match with up to 60% 
occlusion. Figure 3 shows an example of matching in 
the presence of occlusion. 
 
 
 

6 Conclusion and future work 
In this paper, we introduced a novel robust image 
intensity matching method using the Cosine M-
estimator and FFT-based correlation. The proposed 
method demonstrates superior performance 
compared to traditional approaches such as SSD, 
NCC, and the deep learning method LoFTR. It 
achieves high matching accuracy even in the 
presence of significant outliers and occlusion (up to 
60%). 
Future work will focus on extending the method to 
handle more complex geometric transformations, 
such as rotation and scaling. 
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