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Abstract
of
STEREO VISION FOR REAL-TIME OBSTACLE DETECTION

by
Sean Patrick Kennedy

Real-time obstacle detection is one of the critical problems in autonomous vehicles. Due to the
variety of environments that autonomous vehicles encounter, a more robust method is needed to
address detecting objects in a vehicle’s path. One solution to this problem is utilizing a stereo
camera system to detect an obstacle in the path of a vehicle. A stereo camera system provides a
versatile solution to the problem of object detection, because it offers greater field of vision and
range of detection than other sensors. For stereo cameras to find the distance between objects
and the cameras, it will need to solve the correspondence problem. The correspondence problem
refers to matching points from one image to another. Solving this problem allows for the 3dimensioinal reconstruction of a scene, which can provide the distance an object is from the
vehicle.

For this project, an application was developed that generated a depth map that provided
necessary information in a reasonable amount of time for a system to follow a collision
avoidance protocol. The first step was to obtain the parameters of the stereo camera system. A
depth map was then generated using the block matching algorithm to solve the correspondence
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problem. Finally, analysis of the depth map with different parameters for the block matching
algorithm was performed to evaluate the best configuration for the system.

_______________________, Committee Chair
Dr. Fethi Belkhouche

_______________________
Date
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1. INTRODUCTION

Stereo vision uses a similar model to human sight, with two cameras at different
perspectives. Each eye has a different view, an object will appear at slightly different
position in the left and right eyes. This disparity between the two eyes allows for us to
perceive the depth information. Since the two cameras capture the same image at
different perspectives, the distance an object is from the cameras can be determined.
Stereo vision utilizes two cameras in a front facing direction to determine the
distance by calculating the disparity of pixels in the different images, as displayed in Fig.
1. With the disparity of pixels in the two images, it is possible to even estimate the
distance to a point in the real world, refer to Equation (1) below.

𝑍=

𝐵𝑎𝑠𝑒𝑙𝑖𝑛𝑒∗𝑓
𝑥𝑙 −𝑥𝑟

(1)
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Figure 1. – Diagram representing the pinhole camera model of a stereo camera system

One of the fundamental problems in machine vision is the correspondence
problem. Since an image is comprised of thousands of pixels, trying to find one specific
pixel coordinate from the left image in the right can be problematic. Several algorithms
have been developed to solve this problem. Even though these algorithms differ from one
another, quite a few of these algorithms require that the pixels to be row aligned. This is
usually done by applying epipolar geometry to a set of images.
After determining epipolar lines between the images a process of stereo
rectification can be applied.
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Figure 2. – Convergent stereo camera geometry. P represents a general world-point. With
this camera arrangement, the sets of epipolar lines are not parallel. Dashed lines represent
the image planes after rectification [1].
Fig. 2 shows how stereo rectification will remap the images to be on the same plane. This
process is a necessary step for many algorithms to determine the pixel disparity.

Developing a real-time obstacle detection system can have several difficulties
such as processing time and generating a depth map that will give an accurate depiction
of the environment. A vehicle with an obstacle detection system will need to receive a
depth map of its environment on regular intervals to ensure that any obstacles that may
appear can be avoided in an adequate amount of time. Accurate depictions of the shape
and size of these obstacles will be critical in how to avoid them.
The goal of this project has two key components: First to develop a real-time application
that would generate a depth map, and second to study different parameters for the block
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matching algorithm; therefore, finding the parameters that will reduce the processing time
for the application, while losing as little quality of detail in the generation of a depth map.
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2. BACKGROUND

Depth Perception Technologies
Several sensors and cameras can be used to determine the depth of an object, such
as light, laser, and stereo vision [2]. One common method that only utilizes a single
camera comes from Time of Flight (TOF) sensors. The Microsoft Kinect uses an IR
mapping to project a known pattern on an object and calculate the depth of an object [3].
While this method can reduce the processing time, the distance that can be processed can
be limited. The possibility of noise from other IR sources could skew the results. Another
critical problem with TOF depth images is motion blur, which can be caused by either
camera or object motion [4]. Another type of TOF sensor that is commonly used is
LIDAR sensors that leverage light or laser in short pulses [5]. The laser can increase the
range of the sensor, but the cost of high-end LIDAR system can range in thousands of
dollars. Stereo vision utilizes the model of the human eye to extract depth by finding the
same point in two different images, and calculating the disparity of the pixels, with this
information the distance the camera is from the object can be estimated [6]. One of the
difficulties with stereo vision is solving the correspondence problem between two
images, which means there is an abundance of additional data to process, this could slow
down the processing. Another disadvantage is the possibility of noise being introduced
based on the texture of the object [7].

6
Rectification of Stereo Camera System
The determination of an object distance from a point of interest requires multiple
data points. Utilizing two cameras to capture images will allow to extrapolate the distance
that an object may be from a point of interest. To first get useable data, a set of
parameters based on the camera’s configuration must be determined. This process is done
through stereo calibration and rectification. Suppose there are two horizontal images of
the same scene but with different viewpoints. By finding the fundamental matrix between
the pair of images they can be remapped to the same plane as seen in Fig. 2 earlier [8].
This will cause both images to be aligned in the horizontal axis, making it easier to apply
different algorithms that solve for the correspondence between those two points.

Approaches of Depth Map Generation
There have been many algorithms to address the correspondence problem over the
years. For the most part these algorithms can be categorized into two groups: sparse
stereo correspondence, or feature based, and dense stereo correspondence [9].
Sparse correspondence uses features in images to find the corresponding point in
another image, some of the features are edges and corners. More recent algorithms focus
first on extracting the highly reliable features, and then using these points to gain
additional matches.
The stereo matching algorithms most frequently used today come from the dense
correspondence category. The dense correspondence category can be broken down into
local, or window based, and global optimization methods. The local, or window-based
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method, searches for matching pixels according to the intensity values within a finite
window. Most algorithms can be broken down into the following three steps [9]:
1. Matching cost is the squared difference of intensity values at a given disparity.
2. Accumulation is done by summing the matching cost over square windows
with constant disparity.
3. Disparities are computed by selecting the minimal aggregated value at each
pixel.
The goal of global algorithms is to find the most ideal disparity function, that will
minimize a global cost function that contains terms of data and smoothness [10]. While
global algorithms produce good results, there disadvantage is that they can be
computationally heavy; therefore, not ideal for real-time systems.
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3. IMPLEMENTATION

Hardware
The camera used in this project is the ZED stereo camera developed by
STEREOLABS (Fig. 3 below). The ZED camera is used in stereoscopic applications,
capable of capturing video up to 2.2K, 2208 by 1242, resolution at 15 frames per second
to WVGA, 672 by 376, at 100 frames per second. The ZED camera utilizes USB 3.0, this
helps reduce the latency of the video being transferred to the computer. The ZED camera
uses a native aspect ration of 16:9, which is provides a greater horizontal field of view
[11].

Figure 3. ZED Stereo Camera
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One of the most critical factors in stereoscopic applications is the synchronization
of the cameras. The ZED camera outputs the two camera frames as one frame. This
allows for each of the camera frames to be extracted from the same frame, mitigating the
issue of the cameras not being synchronized.

Figure 4. System Block Diagram
The structural design of the ZED camera is rectangular with no adjustable parts.
While this results in a disadvantage in not being able to change the baseline parameter, it
does allow for greater consistency in the stereo rectification phase. Since the individual
cameras cannot be easily disturbed, the cameras do not need to go through recalibration
phase every time there is a change in an individual camera angle.

The computer that will process the data is a Dell laptop with an Intel i7-6700K
processor running at 2.6 GHz with 16 GB of DDR3L RAM. Additionally, the laptop has
a NVIDIA GeForce GTX 960M graphics card. The operating system on the laptop is a
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64-bit Windows 10 Home edition. The ZED camera is connected to USB 3.0 port located
on the laptop.
Software
To capture and process the video from the stereo camera system, the open source
machine vision library OpenCV was used. OpenCV was chosen because of its ability to
be used on a wide variety of hardware platforms and operating systems. OpenCV is
designed for real-time applications taking advantage of optimized assembly instruction
and hardware resources when available [12]. OpenCV provides interfaces to a variety of
programming languages such as: C++, Python, Java, and MATLAB. In this project,
OpenCV was used to capture frames then apply various machine vision filters. Some of
the most critical uses of the OpenCV library in this project was to calibrate the cameras,
undistort and rectify the frames, and finally apply a block matching algorithm to
determine the disparity between pixels in each image.

Application
This experiment was broken down into four different phases: image capture,
stereo camera calibration, stereo rectification, depth map generation, and capture of
processing time for each step in depth map generation.
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Figure 5. Block Diagram of Depth Map Generation
As shown in Fig. 5, the process of generating a depth map from a single frame, is
broken down into four main steps: image capture, stereo rectification, applying the block
matching algorithm, and finally post processing to make the depth map easier to visually
inspect. The first step was to capture the images from the left and right cameras. Since
each frame from the camera is provided by the camera as a single image, concerns
regarding synchronization between the left and right cameras were not factored in image
capture. To capture a frame from each camera OpenCV’s Video Capture class was used
to set the image capture to a resolution of 3840 by 1080 pixels. After capturing the frame
from the camera, the frame was split in half to produce the left and right cameras frame.
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Each camera was outputting a resolution of 1920 by 1080. Since none of the ZED
libraries were used in this process, all image data are captured without any processing.

Figure 6. Dimensions of ZED Output
The stereo calibration process is one of the most important parts for creating a
depth map from a stereo camera since it provides the parameters for undistorting the
image and stereo rectification. As shown in Fig. 5, stereo calibration procedure can be
run separately of the depth map generation application. The process of stereo calibration
finds the geometric relationship between the left and right cameras, which is given by the
extrinsic parameters, rotation and translation matrices, of the two cameras. With the
extrinsic parameters, rotation matrix R and translation matrix T, we can relate object
point P seen by both cameras using the following equation:
𝑃𝑟𝑖𝑔ℎ𝑡 = 𝑅 𝑇 (𝑃𝑙𝑒𝑓𝑡 − 𝑇)

(2)

Deriving the rotation and translation matrix, we can align the camera images to
line up in a parallel configuration.
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To derive the extrinsic and intrinsic parameters of the two cameras, OpenCV’s
“stereoCalibrate” function is used. In order to do this, a 10 by 7 chess board pattern is
printed and placed on a flat poster board.

Figure 7. Checkerboard pattern used for camera calibration
After positioning the checkerboard where both cameras have a clear view, we can
start the calibration process. In order to properly derive the parameters previously stated,
images are captured of both the left and right cameras with each image rotating and
moving the checkerboard to different positions. The process was repeated eighteen times
to allow for enough data for calibration. After capturing the images from each camera,
the OpenCV function “Find Chessboard Corners” is used to find the pixel coordinates of
the corners within the checkerboard pattern. Since the “Find Chessboard Corners” gives
approximation of the checkerboard corners we call the “Find Corner Sub Pix” to further
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improve the pixel coordinate location. With the pixel coordinates from both the left and
the right images we call the “stereoCalibrate” function to derive the rotation and
translation matrices, along with each camera’s intrinsic matrix, essential matrix, and
fundamental matrix.
Now that we have the parameters of the two cameras, we can rectify the image
planes which is applying a projective transform giving the resulting epipolar lines. This
will allow us to scan horizontally to find the disparity between the two cameras. To
derive the transforms, we utilized the “Stereo Rectify” function from OpenCV. The
“Stereo Rectify” function returns the rectification transform for both the left and right
cameras, the projection matrices in the new rectified coordinate system for left and right
cameras, and the disparity to depth mapping matrix. Since the output resolution and the
camera system are not altered after the calibration process, the rectified coordinate
system matrices just needs to be determined during the calibration phase, then the derived
data can be applied to the captured images to remap them.
After determining the different parameters of the two cameras we can then use
them to undistort and rectify the images. Since the calibration process only needs to be
run once, the parameters of the two cameras are stored separately, then reused in the
program with the OpenCV “initUndistortRectifyMap” function. The
“initUndistortRectifyMap” function builds the maps for the inverse mapping algorithm
that is used by the “remap” function. The “initUndistortRectifyMap” computes the
corresponding coordinates in the image source then provides the mapping information for
OpenCV’s “remap” function. Then with the information provided from the
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“initUndistortRectifyMap” function and the map, data are passed to the “remap” function
and the image is rectified so that the disparity can be determined.
After stereo calibration and rectification, the images have been configured to be
co-planar, row-aligned. This allows for a disparity map to be generated from image pairs
using the block matching algorithm discussed in Chapter 2. This is accomplished using
OpenCV’s “StereoBM” class. OpenCV’s ”StereoBM” class can configure many different
settings, but for the nature of these tests, only two parameters were focused on: block
size, and disparity search range. The block size is the linear size of the blocks compared
by the algorithm, a larger block size removes noise, but can provide a less accurate
disparity map. Smaller block size gives a more detailed disparity map but increases the
chance of finding the wrong pixel correspondence [12]. The disparity search range will
search to find the best disparity from zero to this parameter.
For real-time obstacle detection using depth maps, finding what configurations of
the different parameters would provide the most ideal depth map is an important step. To
find the most optimal parameters, different settings for the block size and disparity
number were tested to examine the quality of the depth map produced. In addition of
testing the quality of depth map that is generated by changing these parameters; for each
step in the process of the depth map generation, the time to complete the step will be
recorded so that further analysis can be performed.
For the experiment, a cardboard box was arranged outdoors in front of the stereo
camera at a starting range 4 to 5 feet, as shown in Fig. 8.
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Figure 8. Diagram of Experiment Environment.
After capturing subsequent data, the cardboard box is moved away from the
camera at increments of 1 foot. This is repeated until the cardboard box is placed 21 feet
away from the stereo camera.
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4. RESULTS AND ANALYSIS

Following the procedure laid out in the previous chapter, the extrinsic and
intrinsic properties of the two cameras can be generated during the stereo calibration
process. With these properties the frames from each of the cameras can be rectified, and
undistorted so that the block matching algorithm can be applied to generate the depth
map. In this chapter we will examine the results of the stereo calibration and the depth
map generation when applied to real-time stereo cameras.
Stereo Calibration
The stereo calibration process was run separately of the main application. Since
the properties that are obtained from the stereo calibration process only change if the
camera system changes, this step only needed to be ran once.
First to start this process, images must be captured from the left and right cameras
using the checkerboard pattern from figure 13.
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Figure 9. Checkerboard pattern image for calibration
After eighteen images for each camera were captured, the step of determining the
points in the checkerboard pattern was used.

Figure 10. Checkerboard points from left camera image.
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Figure 11. Checkerboard points from right camera image

As seen in figures 10 and 11, the algorithm was able to find the coordinates of the
checkerboard corners in both the left and right images. After capturing these coordinates
for all the images, they are passed to OpenCV’s “stereoCalibrate” function. From the
function we got the following.

Table 1 – Left camera intrinsic parameters from OpenCV stereo calibration
Property
Focal length in x-axis (fx)
Focal length in y-axis (fy)
X Coordinate of Principal Point (Cx)
Y Coordinate of Principal Point (Cy)

Value
1376.82255
1374.95674
928.529988
583.423667
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The parameters found in Table 1 above, are used to represent the optical center
and focal length of the left camera. The pinhole camera model is used to describe the
mathematical relationship between the coordinates of a point in a three-dimensional
space to a projection onto an image plane. The focal length parameters represent the
distance from the pinhole onto the image plane. In an ideal pinhole camera model, the
focal length for the x and y axes would be the same, but as shown in Table 1 the focal
length while close is not the same. This could be due to several factors such as flaws in
the camera sensor. Even though, the focal length parameters are not the same, their
values are close enough for this experiment.
While the coordinates for the principal point represent the intersection of a
perpendicular line from the pinhole to the image plane. These parameters are crucial in
calculating the coordinate from an image to the real-world measurement.
Table 2 – Left camera distortion coefficients from OpenCV stereo calibration
Property
Radial Distortion Coefficient 1 (k1)
Radial Distortion Coefficient 2 (k2)
Tangential Distortion Coefficient 1 (p1)
Tangential Distortion Coefficient 2 (p2)
Radial Distortion Coefficient 3 (k3)

Value
-0.171978905
-0.328767095
-0.000633655795
0.00156809504
1.83678057

Table 2 above represents the distortion coefficients from the left camera. An ideal
pinhole camera model does not consider lens distortion. To properly represent a real
camera, the camera model needs to account for the distortion caused by the camera lens.
The distortion coefficients are representing by five value, k1, k2, k3, p1 and p2, where
represent the radial distortion coefficients of the lens. The radial distortion causes light to
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bend more along the edges then the center, and p1 and p2 represent the tangential
distortion of the lens. The tangential distortion is caused when the lens is not parallel with
the image plane.
Table 3 – Right camera intrinsic parameters from OpenCV stereo calibration
Property
Focal length in x-axis (fx)
Focal length in y-axis (fy)
X Coordinate of Principal Point (Cx)
Y Coordinate of Principal Point (Cy)

Value
1390.12375
1390.38511
907.709126
542.050582

Table 3 above, contains the intrinsic parameters of the right camera. Comparing
the results from Tables 1 and 3, the corresponding values are close to each other.
Table 4 – Right camera distortion coefficients from OpenCV stereo calibration
Property
Radial Distortion Coefficient 1 (k1)
Radial Distortion Coefficient 2 (k2)
Tangential Distortion Coefficient 1 (p1)
Tangential Distortion Coefficient 2 (p2)
Radial Distortion Coefficient 3 (k3)

Value
-0.19238279
0.01352037
-0.00020529
-0.00425978
0.01691491

Table 4 above, contains the distortion coefficients of the right camera. Comparing
the values of Table 2 and 4, the corresponding variables are different from one another.
Some values, like k3 in Table 2, differ quite a bit from its corresponding value in Table 4.
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Table 5 – Rotation matrix between the left and right cameras coordinate systems
Property
r11
r12
r13
r21
r22
r23
r31
r32
r33

Value
0.99999194
-0.00210611
-0.0034181
0.0021319
0.99996917
0.00755797
0.00340207
-0.0075652
0.9999656

The values in Table 5 represent the rotation matrix of the left and right cameras.
The rotation matrix is an extrinsic parameter that describes the camera’s orientation in the
world. The rotation matrix relates to the camera’s rotation along the x, y, and z axes.

Table 6 – Translation vector between the coordinate systems of cameras from OpenCV’s
stereo calibrate process.
Property
t1
t2
t3

Value
-4.89691245
-0.02349132
0.18265236

The values in Table 6 represent the translation vector of the cameras. This vector
is also an extrinsic parameter of the camera. The translation vector can be interpreted as
the position of the camera coordinate system in the world reference frame.
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Table 7 – Essential matrix from OpenCV’s stereo calibrate process.
Property
e11
e12
e13
e21
e22
e23
e31
e32
e33

Value
-0.000469314822
-0.182469007
-0.0248709887
0.199310533
-0.0374307868
4.89611965
0.0130514228
-4.89681093
-0.0370910109

Table 7 comprises the values for the essential matrix. The essential matrix is
determined from the extrinsic properties of the rotation matrix and the translation vector.
The essential matrix relates corresponding image points between the cameras.
Table 8 – Fundamental matrix from OpenCV’s stereo calibrate process.
Property
f11
f12
f13
f21
f22
f23
f31
f32
f33

Value
-1.81860028 * 10-9
-7.08028970 * 10-7
2.82077708 * 10-4
7.72185407 * 10-7
-1.45214248 * 10-7
2.54846064* 10-2
-3.46608098 * 10-4
-2.56922704 * 10-2
1.00

Table 8 contains the values for the fundamental matrix. The fundamental matrix
also relates corresponding image points between both cameras but depends on both
intrinsic and extrinsic parameters.
When manufactured each ZED camera is calibrated and the manufacturer
provides a file that contains the intrinsic properties of the camera. To analyze the
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calculation of OpenCV’s “stereoCalibrate” function, the values found from OpenCV’s
process were compared to that of the calibration process done at StereoLabs factory.

Table 9 – Comparing Left camera intrinsic parameters from OpenCV stereo calibration
process with StereoLabs.
Property

OpenCV

StereoLabs

Percent Difference

Focal length in x-axis
(fx)
Focal length in y-axis
(fy)
X Coordinate of
Principle Point (Cx)
Y Coordinate of
Principle Point (Cy)

1376.82255

1403.97

1.95%

1374.95674

1403.97

2.09%

928.529988

931.709

0.34%

583.423667

573.364

1.74%

Table 10 – Comparing Right camera intrinsic parameters from OpenCV stereo calibration
process with StereoLabs.
Property
Focal length in x-axis
(fx)
Focal length in y-axis
(fy)
X Coordinate of
Principle Point (Cx)
Y Coordinate of
Principle Point (Cy)

OpenCV
1390.12375

StereoLabs
1405.33

Percent Difference
1.09%

1390.38511

1405.33

1.07%

907.709126

911.726

0.44%

542.050582

529.727

2.30%

Overall, the difference between the values determined by OpenCV is small, as
shown in Tables 9 and 10 above. The greatest percent difference between all the values
was 2.30%.
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In addition, the OpenCV “stereoCalibrate” function returns not only the different
properties of the left and right cameras, but also the root mean square (RMS) reprojection
error.
Table 11 – Stereo Calibration RMS reprojection error determined from OpenCV
Value
0.26925458873357794

RMS reprojection error

A good stereo calibration should return a root mean square reprojection error
between 0.1 and 1.0. With the value falling within that range we can determine that the
calibration values are adequate for the remainder of the experiment.
Stereo Rectification
After determining the calibration values from OpenCV, the rectification transform
for each of the cameras need to be determined. This was done using OpenCV’s
“stereoRectify” function. Since the output resolution will not change for the stereo
system, this process only needs to be executed once, then the values can be reused to
rectify the images so that they are co-planar.
The OpenCV function “stereoRectify” takes the following parameters found in
the stereo calibration process: intrinsic matrix for left camera, intrinsic matrix for right
camera, distortion coefficients for left camera, distortion coefficients for right camera,
rotation matrix, and the translation vector. In return, the OpenCV “stereoRectify” will
output the following matrices: rotation matrix for the left camera, rotation matrix for the
right camera, projection matrix in the new rectified coordinate systems for the left
camera, the projection matrix for the right camera, and the disparity to depth mapping
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matrix. For this experiment we only needed the intrinsic, distortion, rotation, and
translation matrices to rectify the camera frames with one another.

Table 12 – Rotation matrix for the left camera from OpenCV’s stereo rectify
process.
Property
r11
r12
r13
r21
r22
r23
r31
r32
r33

Value
0.99916898
0.00297099
-0.04065131
-0.00281937
0.99998886
0.00378652
0.04066211
-0.00366876
0.99916622

Table 13 – Rotation matrix for the right camera from OpenCV’s stereo rectify
process.
Property
r11
r12
r13
r21
r22
r23
r31
r32
r33

Value
0.99929362
0.00479378
-0.03727315
-0.0049383
0.99998063
-0.00378831
0.03725426
0.00396971
0.99929793

Tables 12 and 13 both contain the rotation matrices of each of the cameras. These
matrices will be applied to a distorted image and remove, and distortion caused by flaws
in the camera.
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Table 14 – Projection matrix of the left camera from OpenCV’s stereo rectify
process.
Properties
Focal length in x-axis for rectified image (fx’)
Focal length in y-axis for rectified image (fy’)
X Coordinate of principle point for rectified
image (Cx’)
Y Coordinate of principle point for rectified
image (Cy’)
X Axis offset from Optical Center (Tx)
Y Axis offset from Optical Center (Ty)

Value
1382.67092
1382.67092
1003.46371
548.468281
0.00
0.00

Table 15 – Projection matrix of the right camera from OpenCV’s stereo rectify
process.
Properties
Focal length in x-axis for rectified image (fx’)
Focal length in y-axis for rectified image (fy’)
X Coordinate of principle point for rectified
image (Cx’)
Y Coordinate of principle point for rectified
image (Cy’)
X Axis offset from Optical Center (Tx)
Y Axis offset from Optical Center (Ty)

Value
1382.67092
1382.67092
1003.46371
548.468281
-6775.60462
0.00

Tables 14 and 15 contain the values from the projection matrices for both the left
and right cameras. These matrices are used to transform a point in three-dimensional
space onto a two-dimension image plane.
With these parameters from OpenCV “stereoRectify” function we can rectify the
incoming raw images from the stereo camera to ensure that they are co-planar, and row
aligned.
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Figure 12. Raw left image from stereo camera.

Figure 13. Undistorted and rectified left image from stereo camera.
The figures 12 and 13 above show the results of using the parameters in Tables
12, 13, 14, and 15 against the raw frame. Figure 13 while appears more distorted is
configured to be row aligned with its corresponding right image, see Figure 14 below.
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Figure 14. Undistorted and rectified right image from stereo camera.
Depth Map
After the stereo rectification step is complete, the left and right images captured
by the stereo camera are ready to apply the block matching algorithm to find the disparity
map. After performing the experiment laid out in the previous chapter, the disparity and
the block size were adjusted.
The first parameter that was adjusted for the block matching algorithm was
disparity. The resulting images are captured with different disparity settings.
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Figure 15. Depth map with disparity = 64 and block size = 13

Figure 16. Depth map with disparity = 128 and block size = 13
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Examining the figures above there is no noticeable difference in the resolution
between the different images. However, there was a noticeable difference in the data that
was captured. As stated in the previous chapter, the pixel disparity was recorded at
increments of 1 foot, from 5 feet to 21 feet. From the data that were extracted, we were
able to graph the disparity versus distance and compare the results, shown in Figure 17
below.

Pixel Disparity vs. Distance Based On Disparity
Parameter
120

Pixel Disparity

100
80
60
40
20
0
60

72

84

96

108 120 132 144 156 168 180 192 204 216 228 240 252

Distance Measured (Inches)
Disparity = 64

Disparity = 128

Figure 17. Pixel disparity versus distance graph, based on disparity parameter.

Examining Figure 17 above, the key features of the graph are noticeable in the
left-hand side. Since the disparity parameter is based on the maximum pixel disparity that
the block matching algorithm will search, the closer the object is to the stereo camera
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then more likely the algorithm will reach this upper limit. The other noticeable feature of
the graph in Figure 17 is when the box is around 108 inches away from the camera; there
is little difference in the recorded pixel disparity when using the two different disparity
settings. Therefore the extra overhead of searching longer to match blocks may not be
necessary if there is a given distance away that we expect an object to be from the
camera.

The next parameter that was adjusted was the block size. Repeating the same
steps discussed earlier, data were captured from 7 feet to 21 feet adjusting the block size
parameter during each test. The following depth maps were the results of those different
block sizes.

Figure 18. Depth map with disparity = 64 and block size = 5
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Figure 19. Depth map with disparity = 64 and block size = 21

Figure 20. Depth map with disparity = 64 and block size = 51
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Examining Figures 15, 18, 19, and 20 there is noticeable visual differences
between the different depth maps. As seen in the Figures 15, 18, 19 and 20, the definition
in Figure 18 is much higher than the other depth maps, but there is a larger amount of
noise inside the depth map. Another noticeable feature of the depth maps is that as the
block size parameter increases, there is less noise, but also a loss in the ability to
determine the objects shape. Depending on the implementation, not being able to
accurately detect the shape of an object could cause an issue with detecting obstacles.
Evaluating the measured disparity versus distance is shown in the graph below.

Pixel Disparity vs. Distance Based on Block Size
Parameter
70
60

Pixel Disparity

50
40

Block Size = 5
Block Size =13

30

Block Size = 21
20

Block Size = 51

10
0
84 96 108 120 132 144 156 168 180 192 204 216 228 240 252

Distance Measured (Inches)

Figure 21. Pixel disparity versus distance graph, based on block size parameter.
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Looking at the graph displayed in Figure 21, the smaller block size is separated
the farthest from the other measurements. This could be caused by the amount of noise in
the depth map, making it difficult to accurately determine the numerical pixel disparity.
Examining the data from when the block size was set to 51, there is a noticeable drop in
pixel disparity. The possible drop in pixel disparity could be caused by the larger block
size. Since the block sizes are larger, the surrounding pixel information may be
extrapolated sooner in the algorithm. This could lead to the algorithm finding a match
sooner when applied to the left and right images. The remaining values for block size
show little difference between the measurements, this would lead to the assumption that
block sizes greater than 13 and less than 51 would provide similar results for pixel
disparity.

Another key analysis done in the experiment is to measure the processing time it
takes with these different parameters. With the purpose of the application to be utilized in
real-time, it is crucial that the processing time to be reduced to as short as possible. For
this step the time it took to process each of the steps was recorded multiple times and an
average was taken. Varying the disparity parameters, the process was repeated, and the
following data were produced.
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Table 16 – Average processing time based on disparity parameter
Disparity

Average Frame
Capture Time (S)

Average Undistortion
Process Time (S)

Average Block Matching
Process Time (S)

16

0.01197347

0.01572631

0.037071929

32

0.010926678

0.015174419

0.04154331

64

0.011130924

0.015412419

0.047710129

128

0.011875573

0.015243014

0.066195962

256

0.011707825

0.015392619

0.099548619

512

0.011788327

0.015058276

0.154971714

1024

0.011879122

0.014658533

0.180554857

As seen in Table 16 the block matching takes the most amount of process time
compared to the other steps. This is shown clearer in the graph below.
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Average Process Time vs. Disparity Parameter
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Figure 22. – Average process time versus disparity parameter

The graphs in Figure 22 above show that as the disparity parameter is increased
there is in an increase in the overall processing time. The other significant feature is that
the bulk of the processing time comes for the block matching process.
After evaluating the process time from changing the disparity number parameter,
the block size parameter is evaluated. The following table shows the average time at
different steps and varying settings for the block size parameter.
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Table 17 – Average processing time based on block size parameter
Block
Size
5
13
21
51
71
121
253

Average Frame
Capture Time (S)

Average Undistortion
Process Time (S)

Average Block
Matching Process
Time (S)

0.011399499
0.013109857
0.01235073
0.012668543
0.013585752
0.013585752
0.013585752

0.016553019
0.016858695
0.015784629
0.01598269
0.016072576
0.016072576
0.016072576

0.050820681
0.051080957
0.043074148
0.098041595
0.128438619
0.128438619
0.128438619

Like the data from Table 16, Table 17 also shows that, compared to the other
steps in the depth map generation process, the block matching step takes the most amount
of time.

Average Process Time Based on Block Size Parameter
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Figure 23. – Average process time versus disparity parameter
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As shown in Figure 23 above, the bulk of the processing of generating a depth
map comes from the block matching step. Another important feature of the graph above
is that the processing time for the block matching step starts to drop, then significantly
jumps as the block size increases, then levels off after the parameter is set to seventy-one.
After evaluating the data, the most ideal setting for the block size is to set to
twenty-one. The reason for this is that it provides adequate resolution on the depth map,
while the computational cost would be adequate for capturing 1920 by 1080 video at 15
frames per second. The other parameter that was tested, disparity, seems that depending
on the expected distance an obstacle may be at a smaller disparity may be acceptable
reducing the computational cost of the block matching algorithm. This could be achieved
as a variable that is adjusted as an obstacle approaches the system, therefore reducing the
costly overhead till necessary.
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5. CONCLUSIONS

The goal of this project had two key components: to develop a real-time
application that would generate a depth map, and to study different parameters for the
block matching algorithm and evaluate their cost and performance.
First, research on to the block matching algorithm, and some of its parameters,
were reviewed to find what settings would have the greatest impact in the applications
performance. From there, the ZED stereo camera from Stereo Labs was attached to a
laptop for the hardware for the hardware component of the project. Next, the calibration
and rectification parameters of the stereo camera were determined through the OpenCV
library. Then, the application was developed to capture and separate the different camera
frames from the ZED camera. After separating the left and right cameras frames, the
frames were processed to ensure that they were co-planar, and row aligned for the block
matching algorithm. Once the images were ready for processing, they were processed
through the block matching algorithm to produce the disparity map. Once the disparity
map was generated, it was normalized so that a color map could be applied to the image
to visually identify when the object was found.
Finally, evaluation of different parameter settings towards the block matching
algorithm were applied and analyzed. The two main parameters evaluated were the max
disparity search and the block size. Since both the disparity and blocks size parameters
are key in the block matching algorithm, their values can greatly affect the performance
of the algorithm. To effectively test the farthest distance an object could be detected by
the application, tests were performed outside during the day with little shade, this was to
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ensure that there was ample lighting for the test. For each test the following data was
collected: images and videos, the computed disparity between pixels at a given point, and
the computational time of each step in the generation of the depth map. From there the
data were analyzed and processed to see what visual and performance cost were entailed
with the different parameters. The conclusion is that a block size of twenty-one would be
ideal for the input resolution and frame rate of1920 by 1080 pixels at 15 frames per
second. While the disparity parameter could depend on the expected distance an object
appears, and if possible, changing the value to be higher as an obstacle moves closer to
the camera system.
Overall, the performance of the application could be improved. One of the factors
not evaluated that could reduce the cost of the block matching algorithm is the use of
smaller resolutions. The ZED camera can be configured to a lower the resolution and
higher the frame rates. While ideally you want a higher resolution when computing depth
maps, a higher resolution may not be necessary if the expected obstacles are closer.
Changing the input capture resolution would require a recalibration of the camera system.
Additionally, some post filtering could be applied to the depth map to remove the
additional noise but improving the quality of the depth map should not try to out weight
the performance of generating the depth map.
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