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Mechanical Engineering

A collaborative robot is a type of robot built to interact with humans in a shared
workspace physically. This thesis will introduce a system that manipulates a collaborative robot
to play a chess game with a human. This system heavily relies on computer vision to plan the
robot's action. The thesis will present a workflow of pose estimation about a chessboard's
position to the robot base and the process of using transfer learning to develop a pre-trained
neural network to detect the chess pieces. The detection of the chess piece is based on images
collected in real-time, and one major factor that influences the picture is the lighting condition.
Some suggest that data augmentation can improve the neural network's ability against light
variation. This thesis compares the performance of neural networks trained with the computer
augmented dataset and real collected dataset, and studies the data augmentation effects about the
neural network. Results will suggest that the real collected dataset is still better than the
computer augmented dataset, and data augmentation can improve the neural network's

performance but has limitations.
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Chapter 1: Introduction

1.1Thesis Introduction

The world is marching into the autonomous era as humans continuously improve production
efficiency and reduce costs. A consensus is that cooperation between humans and robots can work
much better than just human or just robot teams alone. One problem that restraints the robot's
implementation is that it cannot precept and react to its surroundings. Hence, computer vision is
introduced to the robot system to solve this obstacle. With the visual information, the robot can
have the ability to precept the surrounding environment and make necessary adjustments and
decisions.

The thesis carried this idea and aimed to build a system that uses the visual information
detected by computer vision and drives a collaborative robot to interact with humans and to finish
a task together. The chess game was selected as the task. This game is highly interactive. The robot
will react after a human makes a move. More than that, the system needs to detect the location of
the chessboard and each chess piece on the fly. Therefore, this task involves problems in detection,
decision, and action.

Wining the chess game was the first objective of this thesis. Therefore, searching for a powerful
chess engine is necessary. Secondly, developing a program that can detect the chessboard's
location was important. The thesis utilizes the functions provided by OpenCV to create a workflow
of series image processing and traditional detection methods to solve this problem. The third task
was detecting and locating the chess piece on the chessboard. Transfer learning was considered to
solve this challenge. We first needed to select an appropriate neural network, training method, and

fully connected layers. The next was collecting the dataset.



In industry, applying a collaborative robot in the production line will also face this thesis's

problems. Hence this thesis can give insight into the application of robots.

1.2Related Project

There is a paper called “Gambit: An Autonomous Chess-Playing Robotic System” [1]. This
paper introduces a robotic arm system integrated with computer vision to play a chess game with
a human player. The robot in the article had two visual sensors, one depth camera, and one small
USB camera. The main goal was to develop a system that could successfully pick up the chess
piece no matter where the piece was placed in the square and move to the correct square without
colliding with other pieces. The overlaps between the paper and our thesis are locating the
chessboard and detecting the pieces on it.

The prior system first detects the corner points on the chessboard's 2D (RGB) image to locate
the board and the grid of squares. Then it incorporates the depth information of corner points and
uses the RANSAC algorithm to find the plane where most points lied. It chooses the best match
of all 3D points on the board plane with a template of the eight-by-eight contiguous chessboard
cells to localize the board. Next, the system uses the point cloud consisting of all points above the
board plane to detect the chessboard occupancy. It projects these points on the chessboard plane
and examines which square has points in it.

The paper proposes a detection and recognition system that consists of four hierarchical
classifiers [1]: “a square detector, a binary piece/background detector, a binary piece color
(white/black recognizer, and two piece-type recognizers, each with the six class labels {B, N, K,
P, Q, R}”. The square detector is used to find the board squares. The author extracted histograms

of oriented gradients feature of 20 square templates, and the system uses those features to detect.



The piece/background detector uses a trained SVM to reconfirm a square is empty or non-empty.
Finally, the features of the chess piece classifier are concatenated SIFT and kernel descriptors.
The most significant difference between the paper’s system and ours is that ours only relies on
one 2D RGB camera. We explored and stretched the capability of a 2D RGB camera. Our system
uses that camera to capture the image for locating the chessboard and detecting the chess pieces.
Besides, we hardcoded the chess pieces' size into the program, so the robot actions had already

been planned not to hit other pieces during the execution.

1.3Locating Object from The Image
1.3.1 Perspective Transformation

The image formation of a Pin-hole camera with a lens is the perspective transformation.
A convention for describing this idea is using the central perspective imaging model. The model

1s shown below.

P=(X,Y,2)

Figure 1.1 The central perspective imaging model [2]
The first important part is the camera frame, which is the {C} in the image. It is the frame
used to describe the location of points to the camera. The frame's Z-axis, Z, is collinear with the

principal axis of the camera's lens and pointing out from the camera. An image plane is a plane for



forming a non-inverted image. The center of this plan is on the z-axis, at z = f, where f is the
focal length. Let a point P = (X, Y, Z) be reprojected on the image as p. The point p is calculated
using similar triangles because light transmits straight and converges on the origin because of
image formation. The function of the x and y value of point p is shown below:
x=fxZ, y=fx* (1.1)
The camera uses a plane of image sensors to capture light and forms an image, so the
previously calculated image point is caught inside an image sensor in pixels. They are commonly
square, and their edge length is p. The coordinate vector inside the image plane includes width
index u and height index v. Each index starts from zero, and the index of the center pixel, where
the camera frame's Z-axis passes through, is (uy, vy). The pixel index is calculated by:

u=§+u0,v=%+v0 (1.2)

The process of the coordinate transformation can be written in matrix form, with the

coordinate written in the homogenous form:

u' 1/p 0 wuy\/f 0 O
<v’> = < 0 1/p v0> <O f 0
w 0 0 1 0 0 1

Then, u and v can be obtained by dividing u" and v’ by w.

(1.3)
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1.3.2 Pose Estimation

Pose estimation estimates an object's location and orientation to the camera. It is developed
from perspective transformation.
In the previous introduction, the coordinate point P is in the camera frame, but now the

coordinate is in the object's frame for pose estimation. Thus, there is a transformation matrix from



the object's frame to the camera frame, and that transformation is the pose of the object to the

camera. The transformation matrix's structure follows:

(6 1) (14

where R is a three-by-three rotation matrix. The T is a three by one translation vector. The zero is
a one-by-three zero vector, and 1 is the scaler. The previous matrix form of the coordinate

transformation is then modified to become:

u/ 1/p O uO f 0 0 0 gll }Rslz }Rsl?)
! — 21 22 23
(v) = ( 0 1/p v0>(0 f 0 0 ) R R R
31 32 33
w 0 0 1/\0 0 1 O 0 0 0

The vector, (u', v', w), is set to (u, v, 1) for further processing. This is based on the

(1.5)

p—\N'ﬂ‘é'ﬂk'ﬂ
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property of the homogenous form. The goal for pose estimation is solving the transformation
matrix and the twelve unknowns. Hence, four points' pixel information and coordinates are needed.

The thesis uses the OpenCV's built-in function, solvePNP, to solve this problem. This built-
in function can take more than four points' information. It is an iterative method based on a
Levenberg-Marquardt optimization. First, the function randomly assigns the parameters to the
transformation matrix and finds the coordinates’ reprojected pixel accordingly. The function then
calculates reprojection error, the sum of squared distances between the feature extracted points and
their projections. Finally, the function minimizes this error by the optimization algorithm until the

error value is under the threshold.

1.4Transfer Learning

1.4.1 Transfer Learning Introduction



Transfer Learning is one popular method in the application of neural networks.
The main idea of transfer learning is to use a neural network trained on a similar task

as a start point to develop a new neural network to solve a given task.

Pan and Yang gave the formal definition of Transfer Learning in reference [3]. They first
defined the concept of domain and task. The domain D consists of a feature space U and a marginal
probability distribution P(X) over the feature space, where X = u,, ..., u, € U, and D is expressed
as D = {U, P(X)}. The task T consists of a label space Y and a conditional probability distribution
P(Y|X), which is learned from the training data consisting of pairs u; € U and y,, € Y. The formal
definition is shown below [3]:

"(Transfer Learning) Given a source domain Ds and learning task Ts, a target domain Dt

and learning task Tr, transfer learning aims to help improve the learning of the target

predictive function fr (-) in Dt using the knowledge in Ds and Ts, where Ds # Dr, or Ts #

Tr."

The motivation behind transfer learning is solving the lack of data and the vast training
time of building a raw network. The size of a dataset for training a raw network to have promising
performance in the general condition is enormous. Collecting and labeling vast amounts of data
for supervised models can be complex, relative to the effort it needs to mark data points. Even if
there is enough data, the time spent for a neural network to learn from that dataset is a lot because
of the size of data and the randomly assigned initial parameters. Besides, most deep learning
models have a spectacular performance on specific tasks but have a significant performance loss
even when applied to a new similar task. The desire to leverage the knowledge from pre-trained

models so that the neural network application can go beyond specific tasks and domains is also a

motivation for transfer learning.

1.4.2 Transfer Learning Application



There are three major scenarios for applying transfer learning on convolution network
(ConvNet) [4]: ConvNet as fixed feature extractor, fine-tuning the ConvNet, and Pretrained
models.

ConvNet as a fixed feature extractor is taking a ConvNet pretrained on other datasets,
replacing the last-fully connected layer, and fixing the parameter of the remaining structure as a
fixed feature extractor. Therefore, when training this setup, the transfer learning only updates the
last layer’s parameter.

Fine-tuning the ConvNet also replaces the last-fully connected layer first. However, it does
not treat the rest of the parameters as fixed values, which means that the parameters of the entire
neural network get updated during the training process. The difference from training the raw neural
network is that the transfer learning starts with the parameter not being entirely random. That is an
advantage compared with training from the raw neural network.

Pretrained models usually use other released final ConvNet checkpoints for fine-tuning.
Whether choosing fine-tuning or a fixed feature depends on the situation. There are four major
scenarios where fine-tuning will be a good choice [4]:

"1. New dataset is small and similar to the original dataset. Since the data is small, it is

not good to fine-tune the ConvNet due to overfitting concerns. Since the data is similar to

the original data, we expect higher-level features in the ConvNet to be relevant to this
dataset as well. Hence, the best idea might be to train a linear classifier on the CNN codes.

2. New dataset is large and similar to the original dataset. Since we have more data, we

can have more confidence that we won't overfit if we were to try to fine-tune through the

full network.

3. New dataset is small but very different from the original dataset. Since the data is small,

it is likely best to only train a linear classifier. Since the dataset is very different, it might

not be best to train the classifier form the top of the network, which contains more dataset-
specific features. Instead, it might work better to train the SVM classifier from activations
somewhere earlier in the network.

4. New dataset is large and very different from the original dataset. Since the dataset is

very large, we may expect to afford to train a ConvNet from scratch. However, in practice

it is very often still beneficial to initialize with weights from a pretrained model. In this
case, we would have enough data and confidence to fine-tune through the entire network."



Chapter 2: The Robot System

2.1Hardware and Software

Three hardware pieces are used to build this system: a URSe robotic arm, a gripper, and a
camera. This camera is a fixed focal length camera and mounts on the top of the gripper.
The software of this system relies on the ROS platform to connect each part. In addition,

OpenCV is used for visual detection, and PyTorch is adopted to form a neural network for image

classification. Fig. 2.1 shows the program structure.

@ ROS service @w———»

ROS topic

State Detection
Service

Chess Al
Service Task
- Planning
=

Robot Service
UR5e " ’ Gripper
v

Visual detection

— v

2

o \/(

AVT camera
controller

v
=9
Figure 2.1 System's software structure map
The user interacts with the system through the GUI node. The GUI node connects to the task
planning. The task planning subscribes the message from the GUI node and executes the
corresponding function. Three ROS services link to the task planning: Chess Al Service,
Chessboard State detection service, and robot service. The chess Al service generates a chess move.

The state detection service loads the neural network to detect the chessboard state. The robot

service has two parts: motion planning and visual detection. The optical detection here estimates



the chessboard pose relative to the robot base. The motion planning calculates the waypoints for
the robot arm to reach and sends the message to open or close the gripper.

2.2System Workflow

The robot first moves to the standby position and takes an image of an empty chessboard.

Figure 2.2 Robot at the standby position

The system detects the chessboard and estimates its pose to the robot base. Then, with the
pose information, the system calculates the inspection position at which the camera can have a
closer view, and the chessboard can fit into the picture. The first step of this calculation process is
to define four pixels that the chessboard’s corners need to align with. Secondly, the system sets
the chessboard’s center as the origin and recalculates the chessboard corner’s coordinate value.
The idea of calculating the camera's height away from the chessboard is like equation 1.1. The
point coordinate and corresponding pixel value are given, so the height could be obtained using
the similar triangular theory. Finally, the system has the desired camera's position, multiplies with
the transformation matrix obtained by the pose estimation, and gets the inspection position to the
robot base. Then the robot moves to that position, and the system does the estimation again, and

the robot moves back to the standby position.
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Figure 2.3 Robot at the inspection position

The system also detects each square's corner information for the upcoming chessboard state
detection. Finally, a chess piece can be placed on the chessboard after preparations, and the human
player can make the first move.

After the human player moves, the robot will move back to the top of the chessboard and
detect the chessboard state. The system prints the detection result on the GUI window. A human
performs the final verification to ensure the detection is a hundred percent correct and then sends
it to the chess engine to search for the best move. According to the command from the chess engine,
the system plans the action that the robot needs to do and sends that series of steps to the robot

motion driver to execute.
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Figure 2.4 Robot doing an action

2.3Chess AI Service

An external chess engine searches for a move. We use a python package called python-
chess to load the engine. This chess engine is called stockfish 11 [5], configured to the most
challenging model. The default output of the engine only contains four characters, for example,
e2e4, in which e2 is the start square, and e4 is the end square of the move. However, this message
is oversimplified. The move could be just moving a piece or capturing a piece or other actions.
These different moves led to further action planning. Therefore, to output a more informative
message, we use functions in the python-chess library to check what type of action this move is.
The system then arranges the message and sends it to the action section for further processing. One
example message is "e2e4,n0,no": the first "no" means this move is not capturing a piece, and the

second means this move is not castling.

2.4Robot Action Planning and Execution

The proposed action section has the planning part and execution part. The action section

first decodes the message. Then, it checks which action is this move and then calculates the start
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square and end square positions from the information provided by pose estimation. Next, the
system checks which piece needs to be picked up via the chessboard state then calculates the
pickup position. Since some chess piece moves in a particular pattern, during the planning process,
the system needs to know how much this piece needs to be raised to not hit other pieces during the
action. Next, the planning program calculates key trajectory waypoints and constructs a list of
activities that include waypoints and gripper action. Then, it sends to the robot execution part a
package for robot motion planning and controlling. My mentor Hui Xiao developed this package.

It moves the robot from the current waypoint to the goal waypoint in a straight path.

2.5Pose Estimation Workflow and Limitation

The pose estimation of the chessboard is a crucial step for this system. The first step is
placing the chessboard on the workspace and inside the image frame and then taking a picture of
the empty chessboard at the standby position. No chess piece is placed on the chessboard at this
point. The system uses the OpenCV's built-in function, goodFeaturesToTrack, to extract the

possible points in the image (Fig. 2.5).

Figure 2.5 Extracted points in the image
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Since the points on the chessboard have a unique pattern, the system takes each point as the center
to crop a small square and performs the K-means clustering. The total number of clusters is set to

two (Fig. 2.6), and after this process, this small image's color becomes only black and white.

B
B

Figure 2.6 K-mean clustering of a point's image
The system then checks a small segment of pixel value at each corner in this small image. If the
corner has only one color and its diagonal counterpart also has the same color, the system identifies
it as a point on the chessboard. Although this method works well to find points inside the
chessboard most of the time, it does fail very few times when some points coincidently satisfy the
criteria. The black box on the upper left of Fig. 2.7 shows an example of this noise. The solution
1s just moving that noise object out from the image frame physically. The system uses the points
inside the chessboard to perform the pose estimation. However, lighting and overexposure would
affect the result of extracting points from the image. Inside Fig. 2.7, The sizeable black box circles

the area where extracted points are missing or not precisely alienate actual chessboard points.

Figure 2.7 Unwanted point and missing points due to noise
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Based on the observation, we found that the lighting noise only affects a particular area, and in
that area, the points that are supposed to be detected are always missing. Hence, the system needs
to select a set of feasible points. The system first finds a pair of points with the longest distance
between them. This pair of points is the chessboard's vertices, and the points are always alien with
actual chessboard points because of no lighting noise. With the vertices information, the system
chooses the one with a lower histogram value than others. The histogram value indicates the
image's brightness, where lower brightness is affected less by the overexposure noise. Then the
system collects nine points of that corner, lists them in order, and sends them to OpenCV's built-

in pose estimation function to solve the chessboard pose to the camera.

Figure 2.8 Pose estimation result

The advantage of this pose estimation feature is that the robot can adjust its motion without
precisely placing the chessboard at pre-defined fixed locations. The disadvantage is that the pose
estimation accuracy is not entirely satisfying using a 1.92-megapixel camera. For example, given
a point's coordinate in the chessboard base, the final motion error of the robot could have 1 to 5
millimeters of error. Usually, the error in the z-direction is more significant. Also, sometimes the
orientation of the coordinate system is not parallel to the chessboard surface. The first factor that

can cause this inaccuracy is that the feature points extracted from the image are not perfectly
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aligned. The second factor is that when the camera is far from the target, a pixel corresponds to a
relatively large area in the real world, so even a tiny error in points extraction can cause non-
negligible effects on the pose estimation. The current solution is modifying the z direction's
translation entry in the pose estimation matrix to a measured value and rotating the orientation of

the matrix so that the x-y surface is parallel to the horizontal surface.

2.6Detect the Chessboard State

The deep learning method is adopted as a tool to detecting the chessboard state. The overall
detection system needs to detect the pieces on the chessboard and locate each piece on the board.

2.6.1 Image Detection: YOLO Neural Network

This problem was first treated as image detection. The reason is that the image detection
detects the object in the image and draws a bounding box around the object, satisfying the detecting
the locating requirements. Then, we initially tried the Yolo neural network [6]. The highlight
feature of this neural network is fast detection with relatively high accuracy. The neural network
was trained with an online dataset provided by Roboflow. The dataset is called “Chess Piece
Dataset™ [7]. It is an augmented dataset. The image type of the data is JPG. The size of this
augmented dataset is 693 images. The size of the original dataset that the augmented dataset
originated from is 289 images. The augmented dataset splits the data into three parts: train, valid,
and test. There are 606 images in the train, 58 images in the valid, and 29 images in the test. A
detection result is presented below. From the image, it is obvious that the neural network still
requires further adjustment to adapt to our system, but the outcome shows that it can achieve the

task.
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Figure 2.9 Yolo detection result

However, this method was no longer used in our system. The first reason was that, in this
task, the priority was not fast detection but accuracy. Second, it was not straightforward to know
which square had a piece by using the bounding box. Besides, it would be even more complicated
when occlusion happened because the bounding box could be cover by another piece. The third
was that the process of collecting the data is time-consuming. Therefore, the thesis modified the

goal from image detection to image classification.

2.6.2 Image Classification: Resnet

There are many neural network models for image classification provided by PyTorch.
Comparing each model's Top1 error, inference time on GPU, and model size (Fig. 2.10), Resnet-

50, 34, and 18 were chosen as candidates for our task.
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Figure 2.10 Plot of the pre-trained models [8]
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ReX101: ResNeXt-101-32x8d
ReX59: ResNeXt-50-32x4d
InV3: Inception v3
Re101:ResNet-101

De201: Densenet-201
Re50: ResNet-50

De169: Densenet-169
De121: Densenet-121
Re34:ResNet-34
Vg19:VGG-19

MoV2: MobileNet V2
GoNet: GoogleNet

Re18: ResNet-18

Shv2: shuffleNet V2

Sq11: SqueezeNet 1.1
Sq10: SqueezeNet 1.0
AlNet: AlexNet

For transfer learning, there are three scenarios: fix feature extractor, fine-tuning, and pre-

trained model. The thesis chose to fine-tune the neural network since the system augmented the

collected dataset to a relatively large size. Therefore, the dataset is somewhat similar to the dataset

used for pre-trained data.

We augmented the collected 832 chessboard images to 3328 data frames and used the

Adam optimizer to learn the parameter to prevent overfitting. The mechanism of this optimizer

has the same effect as L2 regularization [9]. We then collected a test dataset under the same lighting

condition as when collecting the training dataset.

We replaced the last fully connected layer with a linear layer and trained all three neural

networks for 25 epochs. The performance is shown below in Table 2.1.



Dataset Resnet-18 Resnet-34 Resnet-50
Validation 96% 93% 89%
Test 96% 90% 75%
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Table 2.1 Performance of Resnet-20, Resnet-34, and Resnet-50 with a linear fully connected layer
The Resnet-18 had the best performance and followed by Resnet-34, and Resnet-50 was the worst.
The explanation is that all these neural networks are trained with the ImageNet dataset with 200
classes. The difference of Topl error between them is relatively not that large, so they all have
sufficient ability to fit a 13-class dataset. On the other hand, Resnet-50 had a bad outcome because
the time required for training was relatively more extended than the other, and since the training
epoch was fixed, the training time for Resnet-50 was not enough.

For the second attempt, the system added a softmax layer after the linear layer. The softmax
function is for multi-class classification. It assigns each class with a decimal probability, and all
probability values add up to one. This feature helps the training to converge faster. The new layout

was still trained and tested on the same training and testing dataset. The performance is shown

below.
Dataset Resnet-18 Resnet-34
Validation 96% 93%
Test 97% 88%

Table 2.2 Performance of Resnet-20 and Resnet-34 with a softmax layer

Adding the softmax did improve 1 percent for Resnet-18 during testing. However, the Resnet-34's
test performance decreases by 5%. Overfitting could have caused this, so we added a drop-off

layer to the current Resnet-34 layout and trained again. The performance is shown in Table 2.3.
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Dataset Resnet-34(drop off)
Validation 96%
Test 95%

Table 2.3 Performance of Resnet-34 with a drop-off layer and a softmax layer

The data shows that Resnet-18 with a softmax layer and Resent-34 with a drop-off softmax
layer had an equivalent promising performance under the same lighting condition of the training

dataset. A sample detection output is shown below.

Figure 2.11 Resnet-18 detection result

Chapter 3: Lighting Variant Experiment

3.1Define the Goal of the Experiment

The previous training shows that Resnet-18 with a softmax layer and Resent-34 with a
drop-off softmax layer had an equivalent promising performance under a lightning condition,
which is the same as when collecting the training data. This thesis explores further the performance
of these two models when lighting changes. There are three goals for this study. The first is to

know how severe the lighting change can affect a trained neural network. The second is to identify
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whether brightness variation during the data augmentation process could help the neural network's
performance. The third goal compares the performance between the same neural network trained

on data augmentation and trained on real collected light varying training dataset.

3.2Experiment and Result

The first preparation was to collect the light varying test dataset. The test dataset had twenty
images divided into four categories: insufficient light, light coming from the left side, light coming
from the right side, and light coming from a random side. The images below show a chessboard

state under these four different conditions.
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Figure 3.3 light coming from tile left side Figure 3.4 ligﬁt cz)r;l‘ing from fadom side

This test dataset was named the "varied" dataset, and the previous test dataset with regular light

conditions was called the "regular" dataset.
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The previously trained Resnet-18 and Resnet-34 were tested on the light varied test data.

The result is shown below.

Test data Resnet-18 Resnet-34(drop off)

Varied light 68% 65%

Table 3.1 The performance of the trained Resnet-18 and Resnet-34 (drop off) on the varied dataset

The accuracy of the two neural networks had a dramatic decrease. Compared with testing on the
“regular” dataset, the Resnet-18 decreased 29%, and Resnet-34 decreased 30%. Therefore, it was
evident that the light condition of the environment has a significant effect on neural network
detection.

The thesis explored how much data augmentation can help to improve performance. We
used the Albumentation, a recommended data augmentation package, to augment the dataset,
including the brightness variation. The total size of the new augmented dataset was still 3328
images. The brightness variation was achieved by applying the provided function,
RandomBrightness. The possibility that an image would have a brightness variation was set to be

0.33. The performance of the neural network trained by this augmentation dataset is shown below.

Test data Resnet-18 Resnet-34(drop off)
Regular 97% 94%
Varied 72% 62%

Table 3.2 The performance of the Resnet-18 and Resnet-34 (drop off) trained with an augmented dataset
with brightness variation

The performance of Resnet-18 tested on the "regular" dataset remained the same and had a 5%
increase on the "varied" data set. However, the Resnet-34 with drop-off layer performance was

even worse. The reason could be the neural network could not fit the new augmented data.
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Therefore, the drop-off layer was removed from the Resnet-34 and trained again. The performance

i1s shown below.

Test data Resnet-34
Regular light 97%
Varied light 73%

Table 3.3 The performance of the Resnet-34 trained with an augmented dataset with brightness variation
The accuracy of Resnet-34 tested on the "regular" dataset was bouncing back to 97%, and the
performance on varied light reached 73%. Although the neural network's performance increased,
the degree of improvement was limited.

Due to the limited performance of the neural network trained with the computer augmented
dataset, collecting a new dataset with the same size as the augmented dataset was necessary. The
data were collected under natural lighting variation. We collected additional 2496 images and
combined them with previously collected 832 images. The total number of this new dataset was
still 3328. In this dataset, a quarter of the dataset was contained under low-light condition. Another
quarter was collected under more light applying to normal lighting condition, and the last quarter
was collected under random lighting condition. Comparing the performance of the same neural
network trained under different datasets can suggest whether the data augmentation does not
positively affect performance or the lighting variation in the test dataset is too large to detect. The

performance of the algorithm trained with this new dataset is shown below.

Test data Resnet-18 Resnet-34
Regular 98% 98%
Varied 87% 92%

Table 3.4 The performance of the neural networks trained real collected dataset
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The performance had improved. Both neural networks were enhanced by 1% for the
“regular” dataset. The performance of Resnet-18 tested under varied light improved by 15% from
the network trained under the computer augmented dataset. The performance of Resnet-34
improved even more, by 19%. The data clearly shows that the neural networks trained with a real

collected dataset outperform those trained with a computer augmented dataset.

3.3Discussion

Comparing the difference between data in the two-dataset led to an explanation for this

outcome. For example, here are three different images of the same square.

Figure 3.5 Regular light Figure 3.6 Augmented Figure 3.7 Real lighting variation
The image obtained by brightness augmentation turns whiter than the regular lighting condition
image. However, the image with real light intensity change had more effective variation. The color
in the actual light variant picture is different from the regular shot, some areas of the piece are
brighter, and some areas are dimmer.

This experiment suggests that the augmentation model of changing the image brightness
cannot vividly simulate the natural light variation. Therefore, it cannot help the neural network to
identify the lighting change. Data augmentation can improve the performance when the neural
network only works for unchanged lighting conditions. It is recommended to control the lighting

condition to cover any physical variations.
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Chapter 4: Future Work

4.1Detecting Chess Piece inside the Square

Currently, the system does not locate the exact position of the chess piece inside the square.
This design limitation causes trouble when the chess piece is not at the center of the square. As
mentioned in section 2.5, the pose estimation has certain errors, so the chess piece would
sometimes not be placed at the center by the robotic arm. This error could accumulate after several
times of pick and place, and finally, the gripper would hit the chess piece and fail to pick it up. If
the system can detect the piece's location, it can adjust the error.

To accomplish this task, the system will need to detect the piece’s contour and pose. The
system will need to construct the computer model of each chess piece and train the six dimensions

pose estimation algorithm to achieve this task.

4.2Light Variant Simulator for Data Augmentation

This thesis has discussed the shortage of currently adopted data augmentation in generating the
image data for neural networks to learn the light variations. Suppose a simulator can compellingly
create the effect of the light coming from a different direction. In that case, the neural network's
performance trained with the computer augmented dataset may improve. Thus, searching or

developing a data augmentation could be a future work to do.
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