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ABSTRACT
We present the development of a cross-correlation algorithm for correlating objects in the long
wave, mid wave and short wave Infrared sensor arrays. The goal is to align the images in the multisensor suite by correlating multiple key features in the images. Due to the wavelength differences,
the object appears very differently in the sensor images even the sensors focus on the same object.
In order to perform accurate correlation of the same object in the multi-band images, we perform
image processing on the images so that the features of the object become similar to each other.
Fourier domain band pass filters are used to enhance the images. Mexican Hat and Gaussian
Derivative Wavelets are used to further enhance the features of the object. A Python based QT
graphical user interface has been implemented to carry out the process. We show reliable results of
the cross-correlation of the objects in multiple band videos.
Keywords: Multi-band IR images, cross-correlation, image processing, feature extraction, Wavelets.

1. INTRODUCTION
Computer vision has been widely used in industrial automation, robotics, and image understanding. Correlation is
one of the most important building blocks of computer vision [1]. Searching for a known object in an unknown
image has been a research topic for many years. Although human eyes can do correlation quite easily and
efficiently, it is still a difficult task for computer to match a pattern due to in plane scale, rotation, shift and out of
plane perspective changes [2-5]. The background clutters around the object also pose challenges to the correlation
operations in the computer vision. In this paper, we present an optimization process to correlate common features of
the objects in multiple Infrared (IR) video images simultaneously. The videos were recorded by multiple IR sensors
in three IR bands, longwave (LW), midwave (MW) and shortwave (SW). The sensors have different
resolutions. They are not calibrated. The object looks similar in different IR bands, but they have many different
features. They are not aligned in the videos. The background has noise and clutters. Our goal is to enhance the
object in each IR band, track and align the object in the sensor videos, then segment the object from the
background. We will focus on the correlation and geometric transformation operations in this paper. Fourier
transform is widely used in image analysis and processing. We apply a number of Fourier domain filtering methods
to enhance the features and reduce the background clutters. The FFT can be implemented in parallel processors
such as the GPUs for high-speed operations [6]. In fact, an optical lens can perform a perfect complex Fourier
transform [7]. Many optical correlators have been built to perform the correlation operations. JPL has built a
compact optical correlator that is only 2”x2”x2” in its optical path [8]. It is capable of performing up to 1000 image
correlations per second in HD format [9].
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In Section 2, we discuss the correlation operation. Since the IR images contain low resolution objects, in Section 3,
we discuss the Sobel filter to enhance the edges of the multi-band IR images. In Section 4 and 5, we further expand
the pre-processing operations of the IR images using the Mexican-Hat Wavelet and the Derivative of Gaussian
filters. We present the geometric transformation of the multiple IR sensor images in Section 6. In Section 7, we
analyze the test results.

2. CROSS-CORRELATION
Correlation is an effective process to match similar features in two different images. The two-dimensional
discrete cross correlation of a template g and an image f can be expressed in the following formula [7]:
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where cij is the correlation value at pixel location (i, j), f’ and g’ are the mean values of the image f and template g,
respectively.
In many cases, the correlation can be carried out in the Fourier domain to take advantage of the fast Fourier
transform (FFT) operations.
F = F{ f }, G = F { g };
(2)
where F represent the Fourier transform operation.
becomes

Then the correlation function in Fourier domain

C = F o G* , c = F -1{ C };

(3)

where o represents the entry wise product of the F and G matrices, and * is the complex conjugate operation.
F -1 represents the inverse Fourier transform.
To find if there is any part in image f that is of any resemblance of the template g, one can look for any correlation
peaks in the correlation plane C. Then the correlation peak can be expressed as:
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where P represents the peaks or local maximum points in the correlation plane. The higher and sharper the peak, the
higher similarity are between the template g and the pattern in the image f.

3. MEXICAN HAT WAVELET FILTER
Aside from the intrinsic calibration differences between the single band sensors, the qualities and features
detected by the shortwave sensors were fundamentally different from the LW sensors. Far more detail was
present in the SW images than in the LW and details of the objects including paint markings and glare were
more enhanced. Background noise was also enhanced and became prominent features in the images. In order
to facilitate correlation between the shortwave and LW, this extra detail present in the shortwave images had
to be suppressed.
Using a wavelet based filter seemed appropriate as a preprocessing method as it offered some amount of
control over the qualities of the features enhanced. [10-11] The filter utilizes a continuous wavelet
transform, which is a Fourier transform based analysis. [12] Like a Fourier transform, it analyzes the
similarity between a signal and a particular function. However, the continuous wavelet transform constitutes
a scale space representation of the image data and can consequently be used to filter an image for features of
a certain size.
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Figuure 4: (a) Shap
pe of a 2D Gausssian filter, (b)) Intensity mapp of an inverse of Gaussian filter in Fourierr
domain.
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A 2D plot of the Gaussiaan derivative fiilter is illustrateed in Figure 5((a). It enables to enhance thee edges in the Y-axis
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Figure
5: (a) Shape
S
of the deerivative Gausssian filter, and (b) the results of edge enhanncement.
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Figure 6: Localized correlation: (a) target image and search area (red square), (b) template of a target feature;
(c) 3D plot of the correlation plane.
We have implemented a localized correlation method to limit the search of a 50x50 pixels template in an area
of 100x100 pixels window instead of searching the entire image plane. Since the corresponding features in
the wave bands are located close to each other, the localized correlation results in reduced error and faster
processing speed.
5.2 Coarse and Fine Search
In many cases, some moving parts such as rotors were in the correlation windows, which cause drifts or
jumps of the correlation peaks. In order to exclude any moving parts, we further reduce the template size
from 50x50 pixels to 5x5 pixels and implemented a two-step search strategy. As shown in Figure 7, in the
coarse search step, a 50x50 pixels template searches in a 100x100 pixels window for a correlation peak. In
the fine search step, we reduce the template size to 5x5 pixels and search in a 15x15 pixels window. We then
make an average of the two correlation peak positions as our final peak position in this image.

(c)

0.5

5
5

10

o

(a)
(b)
(d)
Figure 7: Coarse and fine search in the correlation: (a) target image, (b) coarse search template, (c) fine search
template, (d) fine search correlation peak.
5.3 Peak-to-Sidelobe Ratio Optimization
Many IR features are similar to each other; picking the highest peak value in the correlation plane may not always
be the correct result. We need additional criteria to distinguish the true correlation peak against the false peaks.
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size. The transformation matrices are illustrated in Table 1. We are really only interested in these three
geometric transformations because our test data is generally taken the same way within each test case,
besides some differences in camera calibration, which a translation, rotation, or scaling can fix.
Table 1: Affine geometric transformation matrices work.

Transform
Translation
Scale
Rotation

Transformation Matrix
1
0

0
1

0
0
1
0 0
0
0
0
0 1
cos ( ) sin ( ) 0
−sin ( ) cos ( ) 0
0
0
1

Description
Tx is the shift in the x dimension
Ty is the shift in the y dimension
Sx is the scale factor in the x dimension
Sy is the scale factor in the y dimension
q is the angle of rotation

The first method we tried to use was fairly simple. After the correlation process was done and we had a set of
feature points for each set of images, we used the built-in Matlab function fitgeotrans to create a Matlab tform
object that is used to transform the moving images (SW and MW) to align it with the fixed image (LW). More
specifically, the fitgeotrans function takes in a set of fixed points, a set of moving points, and a type of
transformation, and outputs a 3x3 transformation matrix that is applied to the moving images. One thing to
note is that the geometric transformations that are calculated into the transformation matrix are translation,
rotation, scale, and shear.
Although the resulting overlay/ alignment was fairly accurate using the method above, it was heavily reliant
on a very accurate correlation. If the feature points in the correlation was slightly off for a few pixels, even if
only by 5-10 pixels, the transformation will become skewed and inaccurate. In Figure 9(a) below, one point's
coordinates were changed to be slightly off from the point of interest to show the effects of a slightly
inaccurate correlation on the registration.
The second method of transformation that we implemented sought to make the registration and
transformation process more stable. Instead of using the built-in function fitgeotrans, the translation,
rotation, and scale was calculated separately and we used these values to create the 3x3 transformation
matrix. Unlike the first method, this method currently does not have a shear calculation implemented.
To find the necessary x and y shift for the fixed and moving images to be in the same position, we take
difference in the x coordinates between the fixed image and moving image of the current frame, and average
all of those differences to calculate the x shift. The same thing is done to the y-dimension to calculate the y
shift. One thing that needs to be done before calculating the shift is apply the rotation and scaling changes to
the feature points' coordinates. If the coordinates are not transformed, they will not match up to the images
after the scaling and rotation is done and the shift will be inaccurate.
To calculate the scaling that is needed to make the objects in the image the same size, we calculate a scaling
ratio using distances. We calculate the distance from point 1 to point 2 on the fixed image, calculate the
distance from point 1 to point 2 on the moving image, and the ratio between those two distances is the scaling
ratio that is applied to the moving image of that frame.
To find the rotation, the difference in angle between two lines in the images is calculated. The slope from
point 1 to point 2 is found in both the moving and fixed images. The difference in angle between those two
lines, and subsequently the two images, is the difference between the inverse tangent of the fixed slope and
inverse tangent of the moving slope.
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2.
3.

Self-Correlation – Self-correlation between the neighboring frames within each wave band.
Cross + Self-Correlation – Cross correlation between LW to MW and MW to SW only on the first
frame, then run self-correlation on the rest of the frames within each wave band.

Figure 10 shows the performance comparison of the 3 correlation strategies using 4 different pre-processing
filters. The first bar (Blue vertical pattern) represents the Cross-Correlation, the second (Red back slanted
pattern) Self-Correlation, and the third (Green forward slanted pattern) Cross + Self-Correlation. The three
correlation strategies are further separated into 4 groups, which represent 4 pre-processing filters: “No
filter”, “Wavelet”, “Sobel”, and “Wavelet+Sobel”.
The Y-Axis represents the relative distance, i.e., pixel error, between the resulting feature coordinates and the
standard coordinates. From the figure we can see that the pixel errors for the correlations without and preprocessing filter (No filter) are the greatest, between 17.27 pixels to 43.55 pixels. The Wavelet+Sobel preprocessing filter combination gives the best performance, only 4.33 pixels error for the Self-Correlation, 5.45
pixels error for the Cross+Self-Correlation, and 15.64 pixels error for the Cross-Correlation.
The Self-Correlation within each wave band usually performs accurate correlation because the features
between neighboring frames are generally very similar to each other. By using the Wavelet+Sobel filter, the
average pixel error reduced from 17.27 pixels to 4.33 pixels, a 75% reduction in error!
The Cross-Correlation is more difficult because the target features between LW to MW, and MW to SW are
generally quite different, making cross-correlation very challenging. Without a filter, the average pixel error
is 29.81 pixels. With a Wavelet filter, the average pixel error reduced to 11.70 pixels, around 60%
improvement.
The Cross+Self Correlation effectively tracks the target features between bands and within a band. However,
the average pixel error is very high without using any filter, 43.55 pixels. By using a Wavelet+Sobel filter, the
average pixel error is reduced to 5.45 pixels, an 87% improvement!
Mean Pixel Error Across 750 frames
50.00

43.55

45.00
40.00
Pixel Error

35.00
30.00

29.81

29.77
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Figure 10: Performance comparison of three correlation strategies using four different pre-processing filters.
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5. CONCLUSIONS
We have shown several correlation strategies for target feature identification and tracking in multiple IR wave
bands. Due to low resolution and distortion in the IR images, the correlation operations would generate high error if
performed without pre-processing. By using a combination of the optimized Mexican Hat Wavelet and Sobel filters
as the pre-processing for the self- and cross-correlation, the average error for tracking the target features has been
reduced up to 87%. Further improvement of the correlation accuracy can be obtained by optimizing the custom
linear filters.
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