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1 Introduction

Over the past several decades, many engineers and scientists have used animals for clues
into effective robot design, and have developed a diverse set of legged robots. One such example
is Boston Dynamics’ “Spot”, which is able to perform extremely lifelike and complex
movements. Currently, Spot is being employed to help people in many places, from helping
doctors communicate with COVID patients, to running fully automated and remote routine
checkups in factories and dams. It is not hard to see that in the future, robots such as Spot could
be able to improve society as a whole. However, currently, Spot is very expensive, at around
$75,000, making the cost a barrier for many non-profit or public organizations.

The main goal of this project was to build a cost effective legged robot that would be able
to achieve autonomous movement and navigation through a variety of different terrain. The
ultimate use of such a robot would be to explore human-unreachable or hazardous areas, as well
as provide domestic help to people in need.

2 Previous work

Previously, the physical prototype of the robot was created from scratch, from 3D
designing, to manufacturing, to basic control system programming. It could move in a straight
line using some simple walk cycles, and could adaptively walk over slopes, stairs, and other
rough terrain. However, the robot still was missing one major component: the vision system.
Without it, the robot would not be able to detect and avoid obstacles, plan its own paths, or
follow objects.

3 Hypothesis

It is hypothesized that with only a stereo camera and no prior knowledge of the area, a
walking robot should be able to autonomously pick an optimal path, and traverse rough terrain.
Together with the built-in motor feedback system developed in the previous project and a
sophisticated control system, a robot costing less than $1,000 should be able to be created, and
still achieve autonomous navigation as well as a variety of other functions.



4 Design

4.1 Hardware and Electronics
In addition to the previous hardware, the following items have been added :
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Figure 1: Electronic diagram of the robot

4.2 Overall Control System

To achieve autonomous navigation, including obstacle detection, avoidance, and rough
terrain traversal, there are several major components which have been researched and developed.
This includes vision-based environment, terrain, and obstacle detection, mapping and path
planning, and procedural gait generation. Several novel algorithms have been developed and
implemented, along with a full control system that integrates all the different components.
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Figure 2: Flowchart of robot control system.
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4.3 Depth and Disparity Processing

Stereo vision is one of the key components in this vision-based environment detection
system. It allows the robot to see its surroundings in 3d, while being fast and relatively
inexpensive. Through the OAK-D stereo camera, a depth image can be created. Additional
processing to convert the depth image into a disparity image is required for later v-disparity
processing.

P focal length in pixels o baseline

depth

(1.0): Disparity =

: — A\« Using equation 1.0, the disparity can be calculated by dividing the focal length
) —p, times the baseline by the depth of each pixel.

Image credit: cs.toronto.edu

4.3.1 Augmented Ground Plane Detection

In order to set a reference point for what areas the robot can easily navigate, the robot
needs to know what objects can be walked over or under. As such, the floor height must be
determined. An augmented ground plane detection algorithm based on v-Disparity and
superpixel segmentation was researched and developed. V-Disparity is a matrix which stores the
frequencies of disparity values for every row of the disparity image.

cols
(2.0): V= Eo hi],, hij = 1if dlspij =d, else 0

where v,; represents the amount of pixels with a disparity of d in row j of the disparity
image. As in figures 5 and 9, the ground surface is indicated with a slanted line of bright pixels.
A line detection algorithm, called the hough line transform, is run on the v-disparity image to
find the slope of the ground plane. During testing, it was observed that under certain conditions
the camera could not detect the depth of certain areas, or would detect it wrongly, resulting in
noise. To reduce these errors and result in better masking between ground and non-ground pixels,
the monocular image was processed into groups of similarly coloured and grouped pixels, called
superpixels. Specifically, the SLIC (Simple Linear Iterative Clustering) algorithm was
implemented and tested for the generation of superpixels. Each pixel in a superpixel is then set to
the average depth of all the pixels within the superpixel, excluding the unknown values. This
algorithm will be run if the ground detection does not provide an accurate result, as an attempt to
better segment the floor from obstacles. The result is then used to create a mask of the floor, to
differentiate between walkable and unwalkable areas.
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Figures 3-10: From left to right: color image, depth image, v-disparity, floorless depth image.



4.4 Object Detection
The next step of the process is to determine the size and position of obstacles, so that the
robot would know what areas to avoid.

4.4.1 Depth to 3D
With equations 3.0 to 5.0, each pixel in the depth image can be

(3.0): X, = depth,,, ... mapped to a 3D coordinate, where X,y Ypoino and Zygy are
4.0): Y =x . Aderthiag.  relative to the camera, with the camera pointing towards the
pomt. - “mage fgg;t’hfe'igth positive X direction, positive Y being right of the camera, and

(3:0): Z point = Vimage * Toeallemsh  DOSItive Z being vertically upwards of the camera. This results

in a point cloud (Figure 11), which can be further processed.
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Figure 11: Depth image converted into a point cloud.

4.4.2 Panoramic View of 3D Point Cloud

To gain a wider view of the environment, the camera and LiDAR can be turned up to 80°
in either direction. Thus, three depth images, and therefore 3 point clouds, can be captured. Each
point cloud is rotated with the rotation matrix in equation 3.0, where 4 is the angle at which each
point cloud was captured. These point clouds can be merged together, to result in a wide
panoramic view of the surrounding areas (Figure 12). This provides a wider field of view for
finding potential paths and detecting obstacles.
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Figure 12: 3 point clouds merged together, with 6 = -45, 0, and 45 respectively.



4.4.3 Fast Voxel Occupancy Grid Generation

Algorithm: Fast voxel occupancy grid and 2.5D height map construc-

tion using 3D point cloud

A 3D point cloud provides a lot of
useful information, in the form of a

Input:

Point cloud P

Voxel size w, in mm
Total grid size g, in mm

Density threshold slope T, .. threshold minimum 77,;,,, and threshold CompU—tatlonal

maximuin Trmar

Initialization:

Initialize g/w by g/w by g/w density grid D , max height grid & , and
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Create list of floor heights F

for points p in P do
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for coordinate (i, j, k) in D do

if (1,4, k) is part of floor then
| append k to F

L set O ;. to “object”

for objects 0 in O do
L Hovo, ¢ wax(Hy, o, Go, o, 0.~ averago(F))

for coordinate (i, j) in H do

y —ixw —g/2

Uy — j xw — g2

(SRS [tii.ll_-l(%f),f:ln_](—‘—“ uJ:”"),ta11_1(—5—“ ), tan ™1 (Letw))

oy /? Uy s
a < ({g * c08(Omaz) + 9/2) /w , (g% si(Orar) + g/2) /w)
ty = ((g % c08(Opi) + ¢/2)/w , (g #8100 i) + 9/2) /)

for coordinate (,y) in H do

| H., « max(H,,, H;;)

if 0.< v, < g/wand 0 < v, < g/w and 0 < v, < g/w then
1

. . K . 1 ;
if Di.‘j,k > Tmo,:r or -D'r)}\ > T?.Lu;u: ® m + Tmin then

non-discrete view of the surrounding
environment. However, it suffers from
complexity and
maintains noise stemming from the
original depth images. To solve these
problems, a fast voxelization and
occupancy grid generation algorithm
has been developed to reduce both
computational complexity and the
majority of present noise. The algorithm
accumulates all the points in the point
cloud into discrete cubes, or voxels.
This results in a 3D density grid of
voxels (Figure 13). A threshold
proportional to the distance to the
camera is applied by filtering out voxels
with less density than the threshold.
This greatly reduces the amount of
noise, and gives the program a solid set
of objects. To facilitate the path
planning algorithm, this occupancy
voxel grid is then projected onto a 2.5d
plane, with each cell containing the
highest filled voxel in the wvertical
column (Figure 14). Cells which are
collinear to an obstacle and the camera
are considered as “unknown”, as they
could be obscured by an object, and are

L if {x,y within the polygon formed by (g/2,9/2), a,, and ¢, then get to the maximum of the current

height of the cell and the height of the

ob;curing cell (Figure 15). This ensures that taller features only half-obscured are preserved. In
order to detect unwalkable areas, if the difference between a cell and a neighboring cell is greater

than a set threshold, the boundary is
considered an obstacle, and unwalkable
(Figure 17). Finally, all areas outside of the
robot’s view are considered as unwalkable, as
the robot does not know what could be in
those areas.

Figure 13: Generated voxel occupancy grid.



Figures 14-17: From left to right: height map, height map with inferred cells, birds-eye view of height
map, map of walls.

4.5 Path Planning

The 2d grid map is preprocessed, by expanding the unwalkable areas by half of the
robot’s walking width. This allows the path planning algorithm to ignore the robot’s width, while
ensuring that the robot does not collide with obstacles.

4.5.1 Enhanced A*

Path planning has been a deeply-studied field in robotics. There have been many
algorithms developed, each built for different limits and use cases. Some examples include ant
colony algorithms, particle swarm optimization, artificial potential fields, and the A* algorithm.
The A* algorithm is a common path planning algorithm, utilized to find the shortest path
between two nodes. The algorithm works by expanding the unfinished path with the least cost -
determined by the cost from start to the current node, as well as a heuristic distance function
from the current node to the goal. This results in a fast searching algorithm. However, this
algorithm only seeks to minimize the path length, and is unfit for the purpose of a walking robot.
As can be seen in Figure 19, the path stays close to obstacles for a shorter path. This causes the
robot, following the path, to stay close to obstacles as well, increasing the risk of collision and
uncompensatable external influence. As well, this standard algorithm ignores the risk from
traversing over rough and sloped terrain. Thus, an enhanced version of the A* algorithm was
developed to better prioritize risk over path length. At every iteration of the loop, this algorithm
determines the most effective path to extend, or more specifically, the path which minimizes

cost(n) =a x g(n) +bx h(n) —ex f(n)+d x k(n)
where a, b, ¢, and d are tuned weights, and # is the end node on the path being checked. g(n) is

the cost from the start to n, designated as the path length. Specifically, it is calculated as
path length—1

gln) = Y dist(P;, Pipy)
i=1
where P is the ith node on the current path to node n. 4(n) is the heuristic function for the cost
from n to the goal. It is set as the distance (Euclidean or Manhattan) from # to the goal. f{n) is the

distance between the current path to n and the closest obstacle. This is represented with
fn) =min{Dy, ..., Dy}, D; = I}lin (dist(P;, Oy))
j=1—o0

bs
where P; is the ith node on the current path to node n, obs is the amount of cells marked as
“obstacle”, and O is the set of all cells marked as “obstacle”. This causes the algorithm to prefer
paths which are further from obstacles, smoothing the path and preventing the algorithm from


https://www.codecogs.com/eqnedit.php?latex=cost(n)%20%3D%20a%20%5Ctimes%20g(n)%20%2B%20b%20%5Ctimes%20h(n)%20-%20c%20%5Ctimes%20f(n)%20%2B%20d%20%5Ctimes%20k(n)#0
https://www.codecogs.com/eqnedit.php?latex=g(n)%20%3D%20%5Csum_%7Bi%3D1%7D%5E%7B%5Ctextrm%7Bpath%20length%7D-1%7D%20dist(P_%7B%5C%2C%20i%7D%5C%2C%2C%20P_%7B%5C%2C%20i%2B1%7D)#0
https://www.codecogs.com/eqnedit.php?latex=f(n)%20%3D%20%5Cmin%5C%7BD_1%2C%20...%2C%20D_k%5C%7D%5C%3B%2C%5C%3B%20D_i%20%3D%20%5Cmin_%7Bj%3D1%5Crightarrow%20%5Ctextrm%20%7Bobs%7D%7D(dist(P_i%5C%2C%2C%20O_j))#0

attempting to cut corners. k(n) is the cost to traverse over the terrain from the start to n,

calculated as the sum of slopes on the path, or
path length—1

k(n) = Z ‘P height — £} hZ(;'i_glht
i=1
where P’ is the ith node on the current path to node n. This makes it so the algorithm would
prefer a flat path over a bumpy or sloped path. For g, 4, and £, multiple distance functions have
been tested, including Manhattan, Euclidian, and other Minkowski distance metrics. For the
robot to autonomously navigate, the goal was set to the outer edges of the map, incurring the
robot to walk as far from its origin as possible.

Figures 18-27: From left to right: 2d occupancy grid, A* with Manhattan distance, A* with
Euclidean distance, map of distances to closest object, enhanced A* with Euclidean distance.

4.5.2 Curved Path Generation

The enhanced A* algorithm provides a list of points on the path. However, for the robot
to properly walk along this path accurately and stably, the amount of points, as well as
high-frequency noise, must be removed, while keeping intact the shape of the path. The
Ramer-Douglas-Peucker (RDP) algorithm was chosen. The algorithm recursively divides the
path, removing points that deviate less than a set threshold, resulting in a simplified path (Figure
29). For more smoothness, the path is converted into a set of quadratic bezier curves, using the
midpoints of the line segments as ending and starting points (Figure 30).

Figures 28-30: From left to right: raw path, simplified path, path as bezier curve.
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4.6 Procedural Gait Generation
To make the robot walk smoothly, a novel gait generation algorithm was created to
generate leg movements from a set of bezier curves. The robot simulates its body following the
curve, while keeping the legs in the same global position. Every time a leg is projected to be
outside of its reachable range, the leg is stepped forwards both in simulation and in real life. The
relative positions of the legs are calculated, and the motor angles required to move the leg to its
destination are calculated using inverse kinematics. However, during testing, it was found that
the legs were not properly staggered, resulting in the robot becoming unbalanced and falling over
in certain conditions. This was fixed by adding a reference leg system. Every time the reference
leg takes a step, the algorithm forward-simulates the robot’s body, as if it were to continue
following the curve, without actually moving the robot. The algorithm figures out the distance
the robot body travels between the current step, and the next step that the reference leg will have
to take. The algorithm then tells the other three legs to take a step at V4, ’2, and % of the distance
between the two steps of the reference leg. This ensures that no two legs step too soon after one
another, causing the robot to fall over. When the reference leg is on the inside of a turn, the
reference leg travels less relative to the legs on the outside of the turn. This results in the
inside-legs staying in their range, but the outside-legs overextending. A further improvement was
made to switch the reference leg between

/ Refem”‘“}@ the left or right side of the robot. When a

S S leg that is a candidate for a reference leg,
but is not currently one, takes a step, the
Reference Leg robot again forward-simulates the robot’s

body. The algorithm calculates the
distance the body would move in
between the current non-reference leg step and its next, as well as the distance between the
reference leg’s next step and the step after that. It picks the one with the shortest distance,
meaning the leg moves the fastest, ensuring that the reference leg picked is on the outside of a
turn (Figure 31). In the process of creating this algorithm, a visual simulation tool was made to
aid in debugging (Figure 32).

Figure 31: Chosen reference legs.
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Figure 32: Gait visualization tool.



S Results
With all the subsystems integrated into a full control system, various tests have been
conducted, as listed below:

- Basic instruction testing: straight line walking with various gaits, spot turn,
self-leveling, ground detection.

- Integrated testing: single to multi-obstacle avoidance, in a variety of path shapes
(Figure 33), flat vs. sloped path planning (Figure 34), and stairs and slopes traversal
(Figure 35).

- Real-world testing: Indoor and outdoor navigation.

The results show that the robot can detect and avoid obstacles, while choosing the best
path for it to follow. This means that the robot avoids being too close to obstacles, as well as
bumpy or very sloped terrain. However, if necessary, it can still walk over slopes and stairs.
Listed below in table 1 are the robot’s current performance specifications.

Figure 33: Robot avoiding boxes by walking in S-curve. The blue line shows the detected path,
the green line shows the already-walked path.
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Figure 34: Robot choosing flat path over stairs. Figure 35: Robot walking over stairs.



Table 1: list of robot performance specifications

Trotting Gait Speed 0.5m/s

Crawling Gait Speed 0.25m/s

Rough Terrain Gait Speed 0.1m/s

Max Slope Degree 16° N W ; ] e
Max Stair Height 10cm - i —
Straight Line Accuracy +5cm ' o
Spot Turn Accuracy +6% crfcnd k!
Vision Processing Time 2s

6 Future Improvements

There are a few future improvements that could be made. Firstly, the ability to track the
robot’s current global position would be greatly beneficial. Further research into Simultaneous
Localization and Mapping (SLAM) algorithms could possibly result in the development of such
a system. This would improve the robot’s walking and turning accuracy, and would allow for the
robot to merge data from multiple locations and rotations, leading to a full map of the
environment, as currently, there is a chance for the robot to get stuck in a loop, as it cannot
record the areas that it has already been in. Global positioning would also allow for concurrent
imaging and walking, aiding in the detection of dynamic and non-stationary obstacles. Secondly,
a more extensive motor and sensor feedback system, allowing for reactions in unexpected
situations, such as in losing stability or being flipped over. A platform for various attachments
would greatly increase the possible use cases of this robot, as well as allowing for more sensors
and limbs. Finally, exploration into object detection and recognition could greatly increase the
robot’s capabilities in more complex tasks.
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