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Abstract
Heterogenous scene matching is one of the key technologies in the �eld of computer vision. The image
rotation problem has been a hot and di�cult problem in the �eld of heterogenous scene matching. In this
paper, a heterogenous scene matching method based on the gradient direction distribution �eld is proposed.
The Distributed �eld theory is introduced into the heterogenous scene matching for the �rst time. First, the
gradient direction distribution �eld is constructed and fuzzi�ed, and then the effective regions are selected.
Then, the concept of main direction distribution �eld is de�ned to solve the matching errors due to the
existence of rotational transformations between heterogeneous source images. Third, the Chi-square
distance is introduced as a similarity measure. At last, the hill-climbing method search strategy is adopted,
which greatly improves the e�ciency of the algorithm. Experimental results on 8 pairs of infrared and visible
heterogenous images demonstrate that the proposed method outperforms the other state-of-the-art region-
based matching methods in terms of robustness, accuracy and real-time performance.

1 Introduction
With the rapid progress of informationization in the world, the demand for image information has become
increasingly strong. In recent years, image matching detection technology has become a research hotspot in
the �eld of computer vision and is widely applied to various �elds such as navigation guidance, medical
diagnosis and image retrieval. Under different task conditions (climate, light intensity, shooting position and
angle, etc.), image information often has to be acquired through different sensors, and these images
generally have differences in gray value, resolution, scale or different nonlinear distortion, and it is a di�cult
research task to achieve accurate matching of heterogeneous source images in complex environments.

Over the years, various heterogenous image matching methods have been proposed. In general, it seems
that heterogenous image matching methods are mainly classi�ed into region-based matching methods,
feature-based matching methods and arti�cial neural network based matching algorithms. Region-based
matching algorithms directly or indirectly use the grayscale information of a region of an image as the basis
of feature space and similarity metric, and use the similarity metric algorithm to �nd out the correspondence
between the region and the image to be matched, and �nd the best matching position globally. The
commonly used region-based matching algorithms are grayscale correlation method [1–3], maximum
mutual information correlation method [4–6], and gradient correlation method [7]. However, these methods
cannot solve the matching problem when the image is rotated and scaled.

Feature-based matching methods mainly use extracted local features such as points [8, 9], lines [10–12], and
faces [13] of an image to achieve matching. Local invariant descriptor-based matching methods [14],
common descriptors are Scale Invariant Feature Transform (SIFT) [15], Speeded-Up Robust Features (SURF)
[16], and Oriented FAST and Rotated BRIEF (ORB) [17], where the SURF algorithm is in�uenced by SIFT,
which greatly increases the matching speed. The ORB algorithm extracts feature points fairly quickly, but it is
more sensitive than other algorithms when there are large rotations and scale changes between images. In
the same year, [18] proposed Binary Robust Invariant Scalable Keypoints (BRISK), a binary feature
description operator that has excellent rotation invariance, scale invariance, and good matching results for
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images with large blur. The feature-based method has good adaptability to the geometric deformation,
brightness variation and noise effects of images, and also has high accuracy. However, the manually
designed feature descriptors do not describe the detected features well, have weak generalization ability, lack
high-level semantic information, and have certain limitations.

Recently, arti�cial neural network (ANN) based matching algorithms [19–24] have been developed rapidly.
Representative methods include BP neural network-based image matching methods [25, 26], Hop�eld
network-based image matching methods [27], annealing algorithm-based image matching methods [28],
genetic algorithm-based image matching methods [29], and twin network-based matching methods [30–33].
The arti�cial neural network based matching algorithm �rst preprocesses the image using some image
representation algorithm and extracts a certain number of image information features as required. Then,
according to the requirements of some constructed neural network, some initial state information
parameters needed by the network are selected and input, and also the selected image features are passed
to the neural network as the basic input parameters to start the iterative solving process of the neural
network algorithm to complete the recognition matching or localization of the baseline and real-time images.
However, the neural network has more parameters, the amount of data required for model training is large,
and the learning process is relatively long, and it may fall into local minima.

In the literature [34], Laura Sevilla-Lara proposed the application of distribution �elds (DF) to the �eld of
tracking with good results. The distribution �eld contains not only the grayscale information of the image,
but also the grayscale position information. Therefore, the distribution �eld map is a fusion of position
information and grayscale information. Usually, when matching, the image group is blurred, but the common
blurring techniques currently used have many important information of the image lost inside, which leads to
the failure of matching. The blurring of the distribution �eld map loses almost no information of the image
and is a lossless blurring. In addition, this blurring process increases the robustness of matching, making it
possible to match successfully even if there are small distortions and rotations in the real-time image.
Inspired by this, this paper applies the distribution �eld theory to the heterogenous image matching problem,
and successfully achieves heterogenous image matching by constructing a distribution �eld in the gradient
direction to describe the heterogenous image.

Based on the above considerations, this paper proposes a heterogenous image matching method based on
gradient direction distribution �eld, which introduces the direction distribution �eld into the heterogenous
image matching process for the �rst time. By constructing the gradient direction distribution �eld and
de�ning the main peak of the regional gradient direction histogram as the main direction of the distribution
�eld, the rotation transformation problem of heterogenous image matching is well solved. We have
conducted a series of experiments on infrared (IR) and visible heterogenous images, and the results show
that our method has good performance in terms of robustness and accuracy of detection.

The rest of the paper is organized as follows. Section 2 presents the framework of our method and the
formulation of the proposed method. We conduct a series of experiments on infrared and visible
heterogenous images and three prior methods are compared to our approach in section 3. The study’s
conclusions are presented in section 4.
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2 Methods
In this paper, the distributed �eld theory is applied to the study of heterogeneous source image matching
problem, focusing on the matching di�culties caused by rotational transformation. First, the gradient
direction DF is constructed and fuzzy �ltered. Secondly, the feature space of the template image is reordered
according to the location difference of the main direction DF of the template image and the real-time sub
graph. Finally, the similarity is calculated and stored in the correlation matrix. The �ow of the proposed
algorithm is shown in Fig. 1.

2.1 Calculation of distribution �eld diagram
A distributed �eld is a combination of each pixel distributed in the corresponding "�eld", which is a division
of pixel points into gray levels. This distribution de�nes the probability information of a pixel to appear on
each feature map. Take a grayscale image as an example, the grayscale level is 0 ~ 256, and the 256
grayscale levels can be divided into N intervals, and the pixel points corresponding to each interval grayscale
contains not only grayscale information but also location information.

The distribution �eld map of an image can be represented as an 2 + N dimensional matrix , with the 2
dimensions representing the length and width of the image and the other N dimensions representing the set
number of feature space dimensions. In other words, if the size of an image is m × n, then its distribution
�eld map is represented as a m × n × N 3-dimensional matrix.

The distribution �eld schematic can be represented graphically in Fig. 2.

Calculating the distribution �eld map of an image is equivalent to calculating the Kronecker delta pulse
function at the geometric location of each pixel. It can be formulated by:

d(i, j, k) =
1 I(i, j) = k
0 otherwise

1

where I(i, j) = k is the gray value of the pixel with coordinate (i, j) in the image, and d(i, j, k) is the value of
the pixel with coordinate (i, j) in the image on the feature layer. It follows that d(i, j, k) takes the value of or
and the values at each position (i, j) in the layer sum to :

N

∑
k =1

d(i, j, k) = 1

2

The target shown in Fig. 3 is used as an example to analyze its distribution �eld. The target size in the �gure
is 14×14, because the distribution �eld needs to be fuzzy for each layer, and also for the convenience of
calculation, the �eld distribution map of the target is calculated in the square area in this paper.

{
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Figure 4 shows the individual feature layers of the target of Fig. 3. To understand the feature layers more
intuitively, the 256 gray levels of the image are compressed to 8, so there are 8 feature layers, with layers 1 to
4 in the �rst row from left to right, and layers 5 to 8 in the second row from left to right.

As can be seen from Fig. 4, an image can be represented as a layer distribution �eld map, but most of the
information of the image is not lost. This is the �rst step in constructing the distribution �eld map, which is
equivalent to re-describing the original image. Next, in order to make the location information not lose its
generality, the image needs to be blurred, i.e., Gaussian convolutional �ltering is introduced for both
horizontal and vertical Gaussian �ltering of the distribution �eld map.

The �rst transverse �ltering is performed, and ds(k) is obtained after convolution of the feature layer:

ds(k) = d(k) ∗ hσs

3

where ds(k) denotes the new feature layer after the feature layer is convolved with the Gaussian �lter; d(k)
is the feature layer before convolution; is a two-dimensional Gaussian �lter with standard deviation σs; and 

∗  is the convolution symbol.

Figure 5 shows the effect of convolving each of the eight feature layers with a Gaussian �lter with a
standard deviation of 9 pixels.

Comparing with Fig. 4, it can be seen that before convolution, if the value of a position on the feature layer is
1, it indicates that the gray value at this position on the original image falls in the interval of N intervals; after
convolution, if the value of a position on the feature layer is not 0, it indicates that the gray value at a
position near this position on the original image falls in the interval of N intervals. This shows that Gaussian
�ltering of the feature layer is introducing uncertainty of position into the �eld distribution map. This method
only loses the exact position information and does not lose the grayscale information in the original image,
which will have some effect on the matching error during the matching process, but can enhance the
robustness of the algorithm, making it possible to match successfully even in the presence of small
rotational transformations.

In Eq. (3), if the Gaussian function hσs
 is considered as a probability distribution function, then after

convolution, ds(k) satis�es the properties of 
N
∑
k =1

ds(i, j, k) = 1 and still satis�es the requirements of the

distribution �eld.

The Gaussian �ltering of the x and y coordinate directions of each distribution �eld feature layer increases
the uncertainty of the position in the above discussion. Based on the same thinking consideration, Gaussian
�ltering of the distribution �eld feature space can be understood as Gaussian �ltering of the z coordinate
direction to increase the uncertainty of the features. In this way, theoretically blurring the distribution of
grayscale information in a certain layer of the distribution �eld allows the description of the image to adapt
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to the motion of subpixels and partial brightness variations, which can enhance the robustness of the
algorithm to some extent. Therefore, it is next necessary to �lter the feature layer with a one-dimensional
Gaussian �lter:

dss(i, j) = ds(i, j) ∗ hσf

4

in the above equation is a one-dimensional Gaussian �lter with standard deviation σf. The �nal �eld
distribution obtained from the example image shown in Fig. 3 is shown in Fig. 6.

At this point, the �eld distribution map of an image is calculated, and the process of calculation is shown in
Fig. 7. From the calculation, it can be summarized that the process of calculating the distribution �eld map
is the process of introducing uncertainty into the �eld distribution map: �rstly, convolution in the direction of
the two coordinate axes of the image introduces the uncertainty of position; secondly, convolution in the
feature space introduces the uncertainty of grayscale information. In other words, the image represented by
using the distribution �eld map is insensitive to smaller position changes and grayscale changes, and has
good adaptability to position translations, rotations and occlusions within a certain range.

2.2 Construction of gradient direction DF
For any 2D image Ix ,y, ∇Ix = ∂I/∂x and ∇Iy = ∂I/∂y are its corresponding horizontal and vertical
direction gradients, which can be obtained by common �rst-order or second-order differential operators, such
as Roberts operator, Sobel operator, Prewitt operator, etc. In this paper, the �at region with small gradient is
regarded as a background susceptible to noise interference, and its gradient direction is de�ned as 0. The
true 0-gradient direction is de�ned as π, and then the gradient direction is quantized to [0, 180], which is
expressed by the following equation:

θI
x , y =

angle(Vx ,y) if(∇Iy ≠ 0 ∩ Gx ,y > τ)
π if(∇Iy = 0 ∩ Gx ,y > τ)

0 if Gx ,y < τ

5

Vx ,y = sign(∇Iy) ⋅ (∇Ix + i∇Iy), Gx ,y = Vx ,y

6

Where, angle(x)  is the phase angle �nding function of vector ; sign(∇Iy) is the gradient sign in vertical

direction; is the complex unit; Gx ,y is the gradient amplitude; τ is the gradient amplitude threshold, which is
used to distinguish the low amplitude �at region from the effective gradient region, and this algorithm can
take τ ∈ [0.1 ∼ 0.4].

{
| |
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Next, we construct a DF for the gradient direction, because the image rotation will generate a part of 0 region
at the edge, in order to prevent this region from affecting the matching accuracy and robustness, we only
construct a DF for the points with gradient direction greater than zero. Take N = 18, divide [1,180] into 18
levels equally, and each level corresponds to one layer of DF, that is, any image Ix ,y will be represented as 18
layers of DF, and the value of each point in the �rst layer indicates the probability that the gradient direction
of Ix ,y is included in the range of [1, 10]. And so on, we can construct 18 layers of gradient direction DF,
that is:

d(i, j, k) =
1 θI

i , j ∈ [10 ∗ (k − 1) + 1, 10 ∗ k]
0 otherwise

7

Finally, the DF feature space is �ltered to introduce the ambiguity of position and the ambiguity of gray
intensity into the distribution �eld map, which only loses the exact information and does not introduce the
wrong position information into the DF, and still matches correctly in the case of smaller deformations,
making the robustness enhanced.

For the traditional rectangular region, when it is rotated by a certain angle, the four vertex regions of the
rectangular frame will lose more or less information in the original image according to the size of the
rotation angle, and for a real-time subgraph, some irrelevant image information will be introduced while the
original image information is lost. Therefore, the application of the traditional rectangular region to solve the
rotation problem inevitably affects the accuracy and robustness of matching. In order to describe the image
features more accurately, the rotation-invariant region needs to be selected as the effective region for
computing the feature description.

Among all shapes, only a circle can satisfy the rotation invariant property, so the de�nition domain of feature
description is set as a circle in this paper. As shown in Fig. 8, the center of the image is taken as the rotation
axis, and the largest inwardly connected circle with the axis as the center of the circle is taken as the valid
region.

2.3 Main Direction DF
The image principal direction characterizes the orientation of the image content and is a subjective concept
in image processing. It can be de�ned as the texture direction of an image, the direction of a backbone, or
the direction of a family of gradient vectors, and this arti�cially de�ned direction feature is su�cient as long
as it has stable rotational invariance. The principal direction difference between two images characterizes
the rotation angle between the images, according to which the images can be rotationally corrected and then
search matched.

The classical gradient direction histogram-based principal direction estimation method is the most widely
used. The method counts the gradient direction distribution (histogram) within a rectangular region and

{
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de�nes the most numerous class of directions (main peaks) as the principal direction of the region.

Similar to the histogram statistics, the main direction of the DF is de�ned in this paper as the DF feature
layer with the largest sum of probabilities of occurrence in the gradient direction, denoted by . The
calculation process is as follows:

dsumk =
i=m, j=n

∑
i=1 , j=1

ds(i, j, k) k = 1, 2, ⋅ ⋅ ⋅ 18

8

[mlaysum, n] = max(dsum)

9

where dsumk is the probability statistics of the DF at the layer; dsum is the matrix storing the probability
sum of each DF layer, mlaysum is the maximum value in dsum, and is the value of corresponding to the
maximum dsum.

2.4 Similarity Metric
The previous section describes how to determine the principal direction of the template graph and the
principal direction R ′  of the real-time subgraph, and the approximate rotation angle of the real-time

subgraph with respect to the template graph can be obtained from the difference ∇R = R − R ′  between

the two. The template graph is rotated ∇R and ∇R + 180 respectively to construct the DF and described by
a one-dimensional column vector, denoted as . The feature vector of the real-time subgraph is denoted by .

There are many methods used to measure the correlation of two feature vectors, such as Euclidean distance,
Marxian distance, parametric and Eulerian distance, which have their own advantages and disadvantages
and cannot be fully applied to the method in this paper. [35] introduces the Chi-square distance formula,
which can achieve good results in measuring the similarity of two eigenvectors.

χ2(x, y) = ∑
(xi − yi)

2

(xi + yi)

10

where χ2(x, y) denotes the Chi-square distance of two vectors x, y, and x, y are the corresponding elements
in the two vectors. From the equation, it can be seen that the Chi-square distance calculates the ratio of the
variance of the corresponding elements to the sum of the elements, and the smaller the ratio indicates the
closer the distance, the higher the similarity, while the Euclidean distance only considers the difference of the
corresponding elements. During the experiment, it was found that the robustness of using Euclidean
distance as the similarity discriminator could not meet the matching requirements and mis-matching
occurred, while Chi-square distance could better meet the requirements of the method in this paper.

| |
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The Chi-square distance is further processed so that it is inverted, i.e., its minimum value is expected to
become a maximum value, allowing a better visualization of the best match when drawing the relevant
surface plot.

dist = exp(kχ2)θ ∈ (0, 360)

11

In order to improve the operation speed and enhance the practicality of the matching algorithm in this paper,
the hill climbing method is used for fast search. The algorithm in this paper adopts Chi-square distance as
the similarity measure, and its larger value indicates the lower similarity of two images, so this paper uses
Eq. (11) to invert the correlation surface map, which can more intuitively see the best matching point
obtained by hill climbing search. Figure 9 gives a schematic diagram of the correlation surface of the hill-
climbing method.

3 Results And Discussion
In order to conduct a more comprehensive and objective performance test of the matching algorithm based
on the gradient direction DF, the experiments were conducted using eight sets of IR and visible images taken
in the �eld, and the test images are shown in Fig. 10, numbered 1, 2, 3, …, and 8 from left to right and from
top to bottom, where Fig. 10(a) is the IR template image with size 108 × 168 and Fig. 10(b) is the visible
real-time image with size 256 × 256. the coordinates of the theoretical matching centroids are shown in
Table 1. First, the matching of this algorithm is tested for the case of translation transformation only to
verify the correctness of the theory of this algorithm; then, in order to solve the matching problem of rotation
transformation, the relationship between the main direction map of the distribution �eld and the rotation
angle is analyzed; �nally, the matching robustness in the case of random angle transformation is
experimentally veri�ed, and the advantages and disadvantages of this algorithm are analyzed by comparing
the matching algorithms based on mutual information.

Table 1
Coordinates of the theoretical matching center point.

Group 1 Group 2 Group 3 Group 4 Group 5 Group 6 Group 7 Group 8

(126,129) (120,100) (92,141) (159,126) (104,129) (124,112) (172,122) (150,125)

3.1 Translational transformation matching effect
The effectiveness of this algorithm is veri�ed by �rst testing the matching in the presence of translational
transformations only. The matched correlation surfaces are shown in Fig. 11, where the correlation surface
plots are shown from left to right and from top to bottom for groups of images numbered 1–8. It is obvious
from the �gure that the highest peak of the surface is very prominent and the peak corresponds to a unique
coordinate position. Therefore, it can be concluded from the correlation surface plots that the algorithm in
this paper is robust and adaptable, and can complete the correct matching between heterogeneous source
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images. The main direction of the distribution �eld of the infrared template image is calculated during the
experiment and expressed by n. The matching results are shown in Fig. 12.

3.2 Rotation transformation matching effect
Since the distribution �eld itself is not rotationally invariant and there is usually a certain angular difference
between the heterogenous image sets, solving the rotation transformation is the most critical and
challenging challenge in the �eld of heterogenous image matching. In this paper, the experiments simulate
the actual rotational transformation by rotating the visible real-time images, where each real-time image is
rotated randomly by a certain angle θ, and θ ∈ (0, 360). In the matching process, the difference between
the main direction of the real-time subgraph and the main direction n of the template image can be
calculated as the index of the lookup table, which is equivalent to this rotational transformation of the
template image, and then the similarity measure is calculated to match the relevant surfaces as in Fig. 13.
The results are shown in Fig. 14, where groups 1–8 are rotated by degrees 70, 163, -138, -88, 155, 18, -43, and
92, respectively.

3.3 Experimental results and comparison
In order to test the proposed algorithm more comprehensively, the matching method based on Bayes Mutual
Information (BayesMI) method, Normalized Cross Correlation (NCC) method, Sum of Absolute Differences
(SAD) method, and Sum of Absolute Transformed Difference (SATD) method are selected for the
experimental comparison. The test images are the 8 sets of heterogenous images shown in Fig. 10. The
visible images in each group are randomly rotated 10 times, and then matched with the template image.
Finally, the matching success rate, matching error and average elapsed time are counted.
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Table 2
Statistics of experimental results.

Methods Group 1 2 3 4 5 6 7 8 Average
value

Our
Method

Success
rate /%

100 100 90 80 100 90 90 100 94

Average
error

2.8 2.6 2.2 3.4 2.6 2.5 3.0 2.3 2.7

Time
spent /s

2.75 2.82 2.76 2.68 2.72 2.92 2.66 2.74 2.76

BayesMI

Method

Success
rate /%

95 0 95 50 30 90 80 90 66.25

Average
error

6.6 11.3 4.3 18.0 5.5 8.4 8.6 9.7 9.05

Time
spent /s

36.26 30.68 44.90 14.35 35.11 32.76 52.49 15.55 32.76

NCC

Method

Success
rate /%

80 0 90 50 70 70 60 30 56.25

Average
error

7.8 15.6 3.2 4.8 4.0 6.8 10.8 16.7 8.7

Time
spent /s

9.13 8.31 12.17 3.94 10.01 8.25 12.18 3.86 9.73

SAD

Method

Success
rate /%

0 0 0 100 0 70 0 90 32.5

Average
error

14.5 7.9 9.4 1.2 13.9 10.4 13.5 8.6 9.9

Time
spent /s

1.47 1.48 1.46 1.47 1.46 1.46 1.51 1.46 1.47

SATD

Method

Success
rate /%

80 90 30 10 100 90 90 60 68.75

Average
error

4.9 1.7 5.4 5.4 4.0 2.7 5.4 8.2 4.7

Time
spent /s

2.84 2.84 2.86 2.86 2.86 2.85 2.85 2.86 2.85

From the comparison in the table, it can be seen that the proposed algorithm has a higher success rate,
smaller average error and less time consuming for the matching problem in the presence of rotational
transformation of heterogeneous source images. The BayesMI method has a higher matching success rate
but has poor real-time performance. The SAD method runs the fastest but has a low matching success rate.
the NCC method balances the matching success rate, matching error and real time, but the advantages are
not outstanding. The main reason for the error of the proposed algorithm is that, in the rotation matching
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process, the rotation angle of the template image, which is calculated based on the difference of the main
direction, is somewhat different from the rotation angle of the real-time image. For example, the real-time
image is rotated by 48 degrees, while the template image is rotated by 50 degrees in the matching process
and then the similarity metric is performed with the real-time subgraph. Compared with the proposed
algorithm, various other algorithms can only solve the heterogenous matching problem in the case of
horizontal displacement, and the matching results are poor for the case of rotational stretching, while the
proposed algorithm can well solve the matching problem in the case of rotation.

4 Conclusion
This paper proposes a novel heterogeneous scene matching method based on the gradient direction
distribution �eld. By constructing the gradient direction distribution �eld to redescribe the heterogenous
images and de�ning the main direction of the distribution �eld, the matching problem between heterogenous
images with rotation transformation is solved. The similarity measure of Chi-square distance combined with
the hill-climbing method search strategy improves the matching speed. Compared with the stat-of-the-art
region-based matching methods, experimental results show that the proposed matching method has better
robustness, accuracy and real-time performance.
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Figure 1

The �owchart of the proposed method.

Figure 2

Schematic diagram of distribution �eld.

Figure 3

14×14 pixel image.
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Figure 4

The 8 feature layers of the target.

Figure 5

The feature layers of the image after the �rst convolution.



Page 18/20

Figure 6

Each feature layer of the small target after the second convolution.

Figure 7

Field distribution images calculation process.

Figure 8

Schematic diagram of effective area selection.
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Figure 9

Example of surface related to climbing method.

Figure 10

Infrared and visible light experimental images.

Figure 11

Matching correlation surfaces under translational change.

Figure 12

Matching results under translation transformation.
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Figure 13

Matching related surfaces under rotational transformation.

Figure 14

Matching results under rotation change.


