
The goal of this experiment was to construct an algorithm to 
adapt to human decisions regarding different situations. Due to 
recent events, no data was collected. The simulation was prepared 
and the robot was capable of responding to human input that was 
preplanned beforehand. The network that was determined to be the 
best fit for the project was a combination of a convolutional neural 
network and recurrent neural network. These would allow for the 
combination of inputs taking all previous examples into 
consideration. A follow up experiment could look at what settings 
would allow for efficient learning regarding these combined 
networks. A look at the environmental effects is also important, as 
the robot used the environment to see its current location. If it is in 
a non-detailed environment, then it might experience some 
different problems than in a closed area. These conditions would 
result in different accuracy and time for navigation. Consideration 
for human input is also important for the network, as the input also 
plays a key factor in how the network develops overtime. In the 
end, the project was not able to conclude anything about the 
hypothesis without trial runs. 

path, an ideal route was decided before hand. The pathways were 
run in succession with the result and accuracy given to the network 
to improve the interpretation of human input. When all 30 trails 
were finished, the accuracy was collected.  The test conducted was 
a one-sided t-test. The null hypothesis of the project was µ = 95% 
accuracy by the end. All four tests would have N = 30.

The goal of this experiment was to see if a robot can respond to 
human preferences through quantifying information given by the 
human. This information helps to show that human's decisions are 
able to be interpreted by the robot. There were two phases; the first 
phase was a simulation using Gazebo, a 3D modeling software. The 
second phase was a physical robot using the Oculus Prime, a robot 
by Xennon (Figure 1 & 2). The first phase of the project looked at a 
simulation of the robot. First, the robot had to be imported into 
gazebo using the pre-built files provided by Xennon. Once it was 
able to move, the mapping needed to be changed. The robot used 
two maps, a world map, which was given to the robot at the start, 
and the local map, which was built during the current run of the 
robot. The world map was changed to allow values other than wall 
or empty pixels . This allowed for the program to be able to adapt 
and change pixels. The next step was to create a convolutional 
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neural network to figure out what the configuration should be. The 
human influence came from highlighting areas and how each pixel 
value would be adjusted to meet what the human wants. This is 
called an occupancy grid map which is where “Each cell contains 
occupancy information of the part of the environment that it covers 
… two types of occupancy grid maps are used in the 
implementation of the algorithms: binary occupancy grid maps and 
weighted occupancy grid maps.” (Cikes, Dakulovic, & Petrovic, 
2011) (Figure 3). A path based on the current layout was 
determined. Then the human either approved or corrected the 
pathway. Then the network adjusted and presented another path. 
This was repeated until an accuracy of 95% was reached after thirty 
runs were asked. This information was then updated to the world 
map which the robot follows. This process would then be updated 
for the real-life robot.

As modern technology develops, machine learning is developing 
along with it to solve problems and increase efficiency. However, 
not all problems are solvable with the most efficient solution. 
Humans don’t just focus on the most efficient solution, instead 
having their own views that influence problem solving. Machine 
learning has enabled machinery to be able to complete difficult 
tasks that humans are barely able to complete, but what happens 
when machines need to work with humans? This project’s goal was 
to show that machine learning can include human input during 
planning. This was demonstrated through a robot navigating an 
area with obstacles. The human then influenced the process by 
designating areas in which they wanted the robot to avoid. The 
robot then needed to adapt to the new environment in the way the 
human would, based on the changes made. 

Unfortunately, with current events, while the simulation and 
navigation aspects of my project were setup and prepared, my 
project was unable to get to the point where testing to produce data 
was possible. This section will discuss what the plan was for testing 
if the project had reached that point. For the test, the robot was 
supposed to be given 4 different styles of paths with 30 runs each. 
The four paths were the straight path: no adaptation to human 
needed to complete the path, no path: not possible to complete the 
path, adapted path: must move around a human designated 
restricted area to complete the path, and the combined path: has to 
enter the designated restricted area at some point. For each 
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Figure 3(left): The 
picture shows an 
occupancy grid map 
observed by the 
robot in the middle 
of a trial. The black 
pixels are the world 
map,  while the 
colorful pictures are 
local. 
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Figure 1(left): The 
simulated version of 
the Oculus Prime 
robot.
Figure 2(right): The 
physical version of the 
Oculus Prime robot. 


