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ABSTRACT

An analogy can be made between the sensing that occurs in simple robots and drones and that
in insects and crustaceans, especially in basic navigation requirements. Thus, an approach in
robots/drones based on compound eye vision could be useful. In this research, several image
processing algorithms were used to detect and track moving objects starting with images upon
which a grid (compound eye image) was superimposed, including contours detection, the
second moments of those contours along with the grid applied to the original image, and
Fourier Transforms and inverse Fourier Transforms. The latter also provide information about
scene or camera orientation and object proximity to the camera.
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CHAPTER 1
INTRODUCTION

Vision can be an important aspect in the operation and navigation aspects of robots and
drones. Many simple animals have functionality that is similar to that needed in these devices,
thus study of their vision system may be useful. Thus, this thesis in Chapter 3 explores
informational aspects available in a compound eye system. Prior to the latter, some background
is explored in Chapter 2. Chapter 4 provides a summary of results along with conclusions.
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CHAPTER 2
BACKGROUND

2.1 Discrete Fourier Transform
The 1-D Fourier Transform provides a frequency-domain description of a time-domain
signal [1]. In 2-D signals, like Computer Vision images, the Fourier transform also decomposes
such images into sinusoidal components, but in this case into a 2-D space. Since the concern
here is digital images, only the use of the Discrete Fourier transform (DFT) is presented.
DFT transformation from the spatial domain to the frequency domain is given by:

where “f” is the image’s pixel values in the spatial domain and “F” is the values of the image’s
DFT in the frequency domain. The result F is in the real and imaginary plane but is generally
shown in the magnitude (and phase) plane. The real and imaginary values are used to get the
magnitude image as follows:

Due to the large dynamic range of the Fourier coefficients, the DFT may be transformed to a
logarithmic scale.
The inverse Fourier transform is similar to the Fourier transform, but the positions of
the pixel values in the image space are interchanged with the values in the image’s frequency
domain. The equation to implement the inverse Fourier transform is:
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2.2 Binary Thresholding
Binary thresholding is the simplest form of segmentation and is used to separate parts
of an image from the rest of that image based on the intensity of the pixels of interest and
those of the pixels in the background. Binary thresholding can be expressed as:

Thus, given a row of pixel values and a threshold represented by the blue line, as shown
below in Fig. 2.2.1, if the intensity of a pixel value is greater than the threshold, that pixel is set
to maxVal. Otherwise it is set to zero. This is shown in Fig. 2.2.2.

Fig. 2.2.1: A series of pixel values and a threshold
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Fig.2.2.2: Binary thresholded version of Fig. 2.2.1.

2.3 Find Object Contours in Images
Bounding contours for objects in an image may be found by using the concept of
moments [1][2]. The central moments muji are computed using:

where

coincides with the centers of mass:

Normalized central moments are given by:

2.4 Edge Detection
Edges in an image can be found via the Canny edge detector [2][3]. Conventional preprocessing
of the image includes the conversion of the image from RGB to gray and then smoothing (using
“blur”) for noise reduction. This can then be followed by a simple edge detection masking (eg.
Sobel filters) along with edge strength sifting and connecting to localize the true edges while
removing false ones.
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2.4.1 Smoothing an Image
Smoothing is done by convolving the image with a normalizing box filter. This filter
takes the average of all the pixels under the box. Then the central element in a new image
coinciding with this filter’s center location is equated to the average. The averaging kernel is
given by the equation:

2.4.2 Edge Detection
After smoothing, edge filtering like a Sobel process is utilized. This latter process is
applied in multiple directions (typically at least horizontally and vertically). Assuming both
horizontal and vertical Sobel filters are used, the result approximations of first derivatives Gx for

horizontal and Gy for
vertical, respectively. The latter are then combined to find the edge

gradient and gradient direction for each pixel:

A full scan is then done in the gradient space to remove all the pixels that do not
constitute the strongest edges. This is accomplished by examining gradient pixels to find local
maxima in related neighborhoods with the same gradient direction. For example, Points A, B
and C in Fig. 2.4.2.1 represents locations where a non-zero gradient would be expected.
Each of these points would also be associated with the vertical edge and thus their
gradients would be oriented in the horizontal direction, i.e. the direction normal to the edge.
Given its location, Point A will have a larger gradient than Points B and C. Thus, Point A better
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represents the location of the edge and Points B and C could be dropped as possible edge
pixels.

Fig. 2.4.2.1: Use of gradient to localize an edge.

Finally, Hysteresis thresholding is used to separate the real from false edges. Two
preselected values are used, minVal and maxVal. Edge pixels with intensity gradients more
than maxVal are verified as edge pixels and those below minVal are discarded. Edges pixels
with gradients that lie between minVal and maxVal are tested for connectivity. If they are
connectable to verified edges pixels they are considered edge pixels otherwise they are
discarded. In the Fig. 2.4.2.2, A is a verified edge pixel as is C, since it is connected to A.
However, B is discarded because it only connects to other non-verifiable edge pixels.
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Fig.2.4.2.2: Hysteresis thresholding for edge pixel verification.

2.5 Hough Transform
Lines (edges) in image space can be expressed with Cartesian or polar coordinates. Utilizing Fig.
2.5.1, it can be seen that a line can be captured with the equation:

Fig.2.5.1: Coefficients to define polar form of a line.
The Hough transform utilizes the above idea to find lines in an image [4].
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However, in this case, polar coordinates are used and lines are expressed in the
rearranged form
r = x0 cos
θ + y0 sin
θ


where the line of interest intersects an orthogonal line to the origin at the point (x0,y0).
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CHAPTER 3
COMPOUND EYE VISION APPROACH

The compound eye offers clues that could lead to a simple processing system for
orientation and localization understanding. Further, although compound eyes are known for
poor resolution, these eyes, typically found in arthropods and crustaceans, are also particularly
good in motion detection [5]. In this chapter, implications of the compound eye’s structure on
the above are discussed.

3.1 Grid Structure of the Compound Eye
The full-scene image produced by a compound eye obviously is partitioned by the
compound eye’s segments. However, to process the entire scene at once, it could be of benefit
to remove the partitioning grid. Without loss of generality, the partitioning grid could be
assumed to be a square grid.
An image and its Fourier Transform are shown in Fig. 3.1.1. The same image with a
square grid applied to it and the corresponding Fourier Transform are shown in Fig. 3.1.2. The
difference between the two Fourier Transforms is shown in Fig. 3.1.3.
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Fig. 3.1.1: An image and its Fourier transform.

Fig. 3.1.2: Image from Fig. 3.1.1 with the grid and its Fourier transform.

10

Fig.3.1.3: Difference between Fourier Transform in Figs. 3.1.1 and 3.1.2.

Fig. 3.1.3 shows that the addition of a grid to an image causes the addition of frequency
content in the Fourier domain periphery. This effect could thus possibly be removed via a hard
lowpass filtering (using a cylindrical filter of radius just big enough to perfectly pass the center
frequencies above, but zeroing all others) [6]. Thus, by removing all the frequencies, except
those main ones responsible for the undivided image, may produce an approximation of the
undivided image. Fig. 3.1.4 shows the Inverse Fourier Transform that is produced from the
removal of the grid in Fig. 3.1.2 via the latter suggested method. As can be seen the inverse
image reasonably approximates the origin before a grid was applied.
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Fig.3.1.4: Inverse Fourier Transform of image with the grid

Figure 3.1.5 shows images with varying size grids and the Inverse Fourier transforms
produced in each case. It can be observed that changing the number of divisions in the grid,
causes the same peripheral effect in the Fourier Transform. Thus, generally the same filtering
technique could be used.
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Fig. 3.1.5: Varying grid size effect on the Fourier Transforms.

3.2 Object Localization
The grid nature of the compound eye gives a natural coordinate system for localizing
objects in a scene. This can be combined with the concept of image moments to provide
orientation information. The second moment specifically yields a way to find the orientation of
an object around its centroid. Utilizing two consecutive frames, the orientation as well as
associated contours of this information is more pronounced.
Fig. 3.2.1 shows the subtraction of a pair of consecutive image frames of birds in flight.
For better visualization, a threshold is applied to the latter and the result is shown in Fig. 3.2.2.
Second moment information detected from this image is shown in Fig. 3.2.3. Note that this
latter information captures contours of objects in the scene.
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Fig. 3.2.1: Result of subtracting two consecutive frames of a scene.

Fig. 3.2.2: The result of applying a threshold to Fig. 3.2.1.
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Fig. 3.2.3: Contours resulting from Fig. 3.2.2.

The second moment information can be associated with grid squares for tracking
purposes as shown in Fig. 3.2.4. Coordinates of the detected contours are displayed in Fig.
3.2.5.

Fig.3.2.4: Associating grid squares with second moments.
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Fig. 3.2.5: Coordinates of the detected object contours.

3.3 Collision Avoidance
As an object in an image becomes larger, its DFT spread is reduced and peripheral values
in the DFT are reduced in size. Thus, the DFT of an image may be used for collision avoidance
via the utilization of a threshold. This along with the localization information discussed in Sec.
3.2 can be used to avoid collisions.
Fig. 3.3.1 shows an image of a cup at two distances from the camera and the corresponding
DFTs. It can be observed that the number of DFT pixels that exceed a particular threshold varies
and that the DFT spread varies inversely to object size.
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Fig. 3.3.1: Images of a cup and corresponding DFTs at two different distances.

3.4 Optical Flow
The grid nature of the compound eye described in this thesis gives a set of lines that can
reveal change in the orientation of an observer relative to a scene. This can be seen in the
following process.
Fig. 3.4.1 shows an original image and the approximate image after the grid removal
process described in Sec. 3.1. The result of applying edge detection to the inverse DFT
approximate scene with the grid removed is shown in Fig. 3.4.2. Detection of lines in the latter
edge image is shown in Fig 3.4.3. Fig. 3.4.4 shows the image from Fig. 3.4.3 along with the
compound eye grid.
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Fig. 3.4.1: A compound eye image and its approximate image after grid removal.

Fig. 3.4.2: Applying edge detection to the IDFT approximate scene in Fig. 3.4.1.

18

Fig 3.4.3: Detection of lines in the edge image in Fig. 3.4.2.

Fig. 3.4.4: Image from Fig. 3.4.3 along with the compound eye grid.

For comparison, the above process is repeated with the original image’s orientation
altered in Figs. 3.4.5 to 3.4.8. Notice that the resulting line orientation relative to the grid is an
indicator of the orientation of an image.
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Fig. 3.4.5: A compound eye image after grid removal.

Fig. 3.4.6: Applying edge detection to the IDFT approximate scene in Fig. 3.4.5.
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Fig 3.4.7: Detection of lines in the edge image in Fig. 3.4.6.

Fig. 3.4.8: Image from Fig.3.4.7 along with the compound eye grid.
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CHAPTER 4
SUMMARY AND CONCLUSIONS

Information processing of a compound vision approach was explored. The simulation of
the compound eye image was set up with a grid using a series of vertical and horizontal lines
added to the image.
Fourier Transforms were applied to resulting images and the effect of the grid and the
changing of the number of lines in the grid was observed. This information was used to remove
the grid from the image before an Inverse Fourier Transform was performed. The resulting
latter images approximately matched images without the applied grid.
The compound eye grid was also used for moving objects localization. Specifically,
contours were detected via second moments after subtracting consecutive frames. This yielded
a method to better understand and track moving objects in a scene. Changes in the Fourier
space along with the latter second moment use were then applied for collision avoidance to
detect if an object was approaching the camera.
Finally, possible orientation determination between an observer and the observed
scene was discussed. This scheme used edge and line detection.
In summary, a simple and reliable processing system for localization and orientation
that does not require high computational power was achieved by using the compound eye
approach. The system is able to provide information about the location and the orientation of
multiple objects in the scene with collision detection abilities, relies solely on vision to detect
the orientation and the localization of objects in a scene without the use any hardware such as
gyroscopes, ultrasonic sensors, etc., and can work in real-time. This makes it very suitable for
use in drones and other autonomous vehicles.
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