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Abstract—A fundamental problem in computer vision is to map
a pixel in one image to a pixel in another image of the same scene.
This is called the image correspondence problem. Many algorithms
have been proposed in literature to solve the problem, however no
rigorous analysis has been conducted to study the parameters that
contribute to the complexity. The main objective of this paper is
to investigate the complexity of matching feature points (pixels)
between multiple views of a given scene. The advantage of this work
is that a formal analysis is introduced to explore the relationship
between the minimum Euclidean distance between the feature points
detected on the image and the area of the search region on the overall
computational time complexity of the problem.
Index Terms—Correspondence problem, Complexity analysis, Image matching

I. I NTRODUCTION
The image matching problem, also known as the correspondence problem[1], [2], [3], is one of the most challenging
research tasks in the computer vision research. Image matching
is a basic and fundamental step and not the final goal of
a computer vision system. Many problems such as camera
calibration [4], [5], [6], [7], 3D object reconstruction [8], [9],
[10], obstacle detection [11], [12], motion estimation [13] and
object tracking [14], [15] require solving the correspondence
problem as an initial step in the processing sequence of steps.
The matching problem can be defined as the establishment of
the correspondence between features extracted from two or
more images of the same scene. However, the matching problem is a well known ill-posed problem [9]. The solution may
not exist, a point in one image may not have a corresponding
match in the other image due to occlusion or the solution
may not be unique, there may be more than one match due
to scenes with repetitive patterns. To solve such problems a
wider search space may be required that may dramatically
impact the numerical computation cost and thus the overall
complexity of the algorithm. The main contribution of this
paper is that it describes the relationship between the search
space, the features extracted and the total complexity of the
matching process.
The paper is organized as follows: Section II presents an
overview of Feature-Based Image Matching algorithms, Section III describes the complexity of the problem and finally
Section IV is the conclusion

II. F EATURE BASED I MAGE M ATCHING
Feature based matching starts by detecting some features on
each of the input images. Features may a global property of
the image like the average gray value or a local property
like points, edges or circles within the image. The detected
features should be invariant to geometric transformation and
radiometric changes. If a feature point is detected on one
image the corresponding feature point should be detected on
the other image. The feature should be distinct with respect to
other features in the same image. Feature extraction algorithms
[16], [17], [18], [10] usually start by using a local operator,
also known as an interest operator, to extract a point feature.
A circular or rectangular windows are often used in all
directions to calculate certain attributes like local change
in grey level intensity. The feature point attribute is then
compared with a certain threshold to decide whether to keep it
or not. To eliminate tight clustering of detected feature points,
a window to suppress the local non-maxima is used. This will
ensure that the detected features are at least certain number
of pixels from each other. For more thorough introduction on
feature extraction the reader is referred to [18], [10].
The threshold and the inter-corner Euclidean distance in
pixels are parameters that can be set by the user, this may
impact the number of features being extracted. As an example
the images in Fig. 1 shows features extracted using Harris
corners detector [16] with minimum inter-corner Euclidean
distances of 6 pixels, the number of corners detected is 1136.
Obviously, the number of corner points detected is inversely
proportional to the inter-corner distance. The number of corner
points detected on the same image (Fig. 1) for inter-corner
distances of 9 and 12 pixels is 698 and 491 respectively.
III. A LGORITHM A NALYSIS
After the feature extraction step comes the matching step.
In this paper the focus is on studying the time complexity
of such step. The problem is modeled as shown in Fig. 4, a
feature point on Image 1 is to be matched with all feature
points within a circle of radius R in Image 2. In this analysis
we assume following a RANSAC-like scheme [19] in the
matching process. A feature point (call it p) is randomly
selected from the first image at pixel location (xp , yp ), the
candidate matches on the second image (Image 2) are located
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Fig. 1. Feature Extraction using an image of 640×480 pixels: 1136 features
were detected with inter-corner distance of at least 6 pixels. For inter-corner
distances of 9 and 12 pixels, the detected feature points are 698 and 491
respectively.

Fig. 3. Wide baseline feature matching: To match feature point a in Image
1 a wide search region is needed. The Euclidean space in not preserved, table
width in 286 pixels in Image 1, however it is 162 pixels in Image 2.

Fig. 2. Narrow baseline feature matching: Feature point a in Image 1 may
have more than one match in Image 2 due to repetative pattern. Image point
b in Image 1 has no corresponding match in Image 2 due to occlusion.

within circle of radius R and center C(xc , yc ). For narrow
baseline image matching [1] the location of the center C
may be selected to be at (xp , yp ). Feature point p is then
compared with all feature points within the circle in Image
2. If the difference is sufficiently low, then the points are
considered to be good candidate matches. There may be no
match or more than one matches due to the nature of the
problem being ill-posed as mentioned in Section I. As an
example, consider point a(60, 262) in Fig. 2 is matched using
a circle C(60, 262) of radius 10pixels, in this case there may
be more than one match due to the repetitive pattern in the
search area. Also point b(564, 239) has no match in Image
2 due to occlusion. For wide-baseline marching the problem
is more challenging, a wider search region is needed. Image

point a(544, 309) in Fig. 3 has a match a (158, 253) in Image
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(a)

(b)

Fig. 4. Image matching: (a) A feature point on the first image (Image 1)
to be matched with feature points in the second image (Image 2), (b) The
candidate features on the second image are within a circle of radius R.

2, obviously a search circle of radius 10 pixel around the
point (544, 309) is not enough and the whole feature points
in Image 2 has to be matched. This will add significantly to
the computational complexity. The perspective deformation
due to significant view point change lead to matching criteria
that is invariant to such deformation. For example the side of
the table in Image 1 is 286 pixels, however it is 162 pixels in
Image 2 and the Euclidean space is not preserved under such
motion[20]. As mentioned before the problem is modeled as
shown in Fig. 4 regardless of the motion between the images,
and the radius R of the search region is a parameter that can
be set by the user.
The matching algorithm under study can be summarized into
the following steps:

Fig. 5. Triangulated search region in Image 2 to match a feature point from
Image 1. The triangles are equilateral with each side = dcor

point p within a distance R from (xC , yC ). In the worst
case, the maximum number of matches for the corner point p
is achieved by triangulating the search region. The triangles
are equilateral
where each side equals dcor . The area of each
√
triangle is 43 d2cor and the area of the search region (the circle)
is πR2 . Thus the total number of triangles in the search region
is:
4πR2
n = √
(1)
3d2cor
The triangulated region represents a planar graph G(V, E)
with vertex set V and edge set E. The number of vertices v,
edges e and faces f are related by the classical Euler’s formula
[21], [22] as follows:

IMAGE MATCHING ALGORITHM
•

•

•

v−e+f =2

Step 1: Select a random feature point (p) from the
first image (Image 1).
Step 2: On the second image (Image 2) search
within a circle of radius R and center (xC , xC )
for the best candidate matches.
Step 3: Select the matches that are below certain
threshold.

(2)

In our case each triangle has at least two edges in common
with the neighboring triangles, then each vertex in the graph
has degree ≥ 3. By applying this property to Equation(2), it
is simple to prove that:
v ≤ 2f − 4

A. Complexity Analysis
In this section a time complexity analysis is presented.
Before starting the analysis let:
• N1 : The total number of detected features in Image 1
• R : Radius of the search region in Image 2.
• dcor : Feature isolation number. Any two detected features in one image are at least dcor pixels apart.
In Step 1 a random feature point p is selected out of the
N1 features from Image 1. Obviously this may need constant
time. In Step 3 only a simple comparison operator is needed to
check if a certain match below certain threshold and this can
be embedded in Step 2. The bulk of the complexity comes
from Step 2 where we study in details. Fig. 5 shows the
search region in Image 2 for the randomly selected feature

(3)

The number of faces equals n plus the face outside of the
triangulated region, then f = n + 1. The number of vertices
of graph G can be obtained by substituting f in Equation (3)
to obtain:
8πR2
(4)
v ≤ 2n = √
3d2cor
2

8π
Then, v ≤ k dR2 where k is constant and equals √
. The
3
cor
time complexity of matching one feature point p from image
1 is:
 2
kR
(5)
Cp ≤ O
d2cor

Finally, the complexity of matching all the N1 feature points
in image 1 with points from image 2 is:




N1 R 2
kN1 R2
≈
O
(6)
CT otal ≤ O
d2cor
d2cor
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It is worth noting here that for computational efficiency only
a constant number of feature points from image 1 need to be
matching rather than matching all the N1 feature points. By
finding at least 8 corresponding matched points between the
two images, the epipolar geometry can be recovered and this
reduces the two dimensional search space to a one dimensional
search along the epipolar line.
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IV. C ONCLUSION
This paper shows the relationship between the time complexity
of featured based matching and the parameters selected for
feature extraction (the corner isolation distance dcor ) and the
search area (circle radius R). This relation is expressed in
Equation (6). The equation shows that increasing the corner
isolation distance (dcor ) or decreasing the search region (R)
will improve the overall complexity of the problem.
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