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Chapter 1

Abstract

The manual unpacking of parcel boxes, known for its repetitive and labor-

intensive nature, could greatly benefit from the introduction of a fully automated

unpacking robot. In this paper, we evaluate and compare two distinct methods to

obtain the key points and volumetric dimensions of a rectangular box, which are

crucial for the accurate operation of the unpacking robot. The first method relies

on two 2D LiDAR installed both vertically and horizontally to capture the essen-

tial sides of the box. The second method leverages the structured-light stereo depth

camera which takes depth images from multiple perspectives to get the complete

point cloud model of the rectangular container. Furthermore, we combine both ap-

proaches to acquire more accurate measurements. Both of these methods benefit

from the RANSAC-based algorithm to segment the side of the box. The unpack-

ing process is subsequently performed by moving the robotic arm equipped with a

sharp-edge tool to cut open the box. Additionally, we propose our method to fuse the

2D LiDAR points with the depth camera point cloud by using a custom calibration

target.
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Chapter 2

Introduction

Automatic box unpacking robots present a unique challenge in industrial au-

tomation, where the precise handling of rectangular containers is needed to optimize

logistics and manufacturing processes. A system that relies only on a single sensor,

such as a robotic arm with limited sensing capabilities, is more likely to encounter

difficulties in acquiring a complete model of various boxes with differing sizes and

imperfections. By combining data from different sensors, such as multiple cameras

and LiDAR, sensor fusion systems extend the spatial coverage, and hence, overall

understanding of the environment.

To fuse the information obtained from multiple sensors, sensor calibration needs

to be carried out to estimate the intrinsic (e.g. focal length in cameras) and extrinsic

(i.e. position and orientation) parameters of the sensors. This process is essential to

transform all the sensor information to be expressed in the common frame of refer-

ence. The procedure for sensor calibration depends on the type of sensor, however,

some of the generalized steps include the use of an identifiable calibration object or

setting up the sensor and other equipment in a controlled environment.

While various studies have explored the modeling of the box with sensor fusion

[1, 2], the development of automated systems specifically focused on the unpacking

process is an area that has yet to receive extensive attention.
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2. Introduction

2.1 Contributions

This paper will discuss our three main contributions. First, we introduce a custom

calibration object based on three mutually orthogonal colored planes which function

as a pose estimation and camera-to-lidar calibration object. Next, we present our

approach to fusing the LiDAR sensor and point cloud information from the depth

camera using the aforementioned calibration target. Third, we describe the method

to extract key points and dimension information of rectangular boxes by using the

fused data. Additionally, the measurement results will be tested by performing box

cutting using a robotic arm equipped with a sharp-edge tool. The demo of the box-

cutting is available at this link: video link.

Based on our evaluation of measurement and real-world testing, both the cali-

bration procedure and unpacking process show promising results despite the use of

such accessible sensors. Therefore, we anticipate our study to set the groundwork

for future research to improve and refine the ongoing effort.
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Chapter 3

Related Works

3.1 Sensors

3.1.1 Depth Camera

Depth cameras provide 3D or distance information from the camera to an object

in addition to the color or intensity information. The common underlying technology

behind the depth camera separates into structured light and Time of Flight (ToF)

cameras. Depth cameras usually consist of two identical cameras that capture images

from slightly different perspectives, which allows the camera to measure distances

on the scene.

Traditional stereo cameras operate by comparing two images from different per-

spectives to perform triangulation to acquire the 3D location of its corresponding

pixel. The challenge with this approach is to find the corresponding points between

one image and the other. While researchers have conducted numerous studies on

feature matching to identify pixel correspondences [3, 4, 5], this approach tends to

fall short especially when large parts of the image lack distinctive features.

One approach to tackle this problem is to actively illuminate structured light

onto the scene to be captured by the camera. The earlier version of the structured

light depth camera uses a stripe pattern projected onto the scene to calculate the

3D location of every pixel on the image [6]. With this approach, only one camera is

needed to acquire the 3D information of the scene, provided the illumination plane

of the light is known.
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3. Related Works

Figure 3.1: Depth Camera D435i [7]
. Camera components from left to right: first infrared camera, structured light

projector, second infrared camera, RGB camera.

In the more modern depth cameras, such as shown in Figure 3.1, the structured

light might not be projected as a striped pattern. Instead, a points pattern is pro-

jected where point correspondences can easily be acquired from the two infrared

cameras. This scheme enables the camera to function with and without structured

light [8]. In an environment where light is dim, an infrared structured light camera

is able to benefit from the clear pattern projected onto the scene. However, in the

outdoor environment when the infrared light is less effective, the system can still

estimate the depth by performing features matching techniques.

3.1.2 LiDAR

Light detection and ranging (LiDAR) is a remote sensing technique to measure

the distance from a sensor to a point in 3D space by using light. The two common

techniques for LiDAR to measure the distance are ToF (Time of flight) and FMCW

(Frequency Modulated Continuous Wave) with the former dominating most of the

LiDAR types currently in mass production.

Time of Flight LiDAR works by measuring the time taken by the transmitted

laser to travel from the transmitter until it is received back to the receiver from the

object reflection. FMCW LiDAR takes a different approach by measuring the phase

difference between the emitted and backscattered signals to determine its distance

from an object.

LiDAR can also be categorized based on the spatial information captured by the

sensor. For example, 2D LiDAR records distances in a single 2D plane. Hence, pro-

ducing a 2D map representation of the environment. 3D LiDAR, on the other hand,

captures distances in multiple planes. It produced a 3D structure of points commonly

referred to as point clouds. In addition to the range measurements, LiDAR might
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3. Related Works

produce reflectance information for each point. Examples of laser scan recorded by

2D and 3D LiDAR is depicted in Figure 3.2

(a) (b)

Figure 3.2: An example of (a) 2D LiDAR points and (b) 3D LiDAR point cloud.

Through the advancement of manufacturing technologies, LiDAR has become

a more accessible and popular choice in numerous surveying applications. Some of

the applications in 3D LiDAR can be found in environmental mapping [9], vehicle

detection [10, 11], and building reconstruction [12, 13].

3.2 3D reconstruction

One of the common approaches to constructing a 3D model from images is the

structure from motion (SfM) [14]. This method deals with a stationary scene in

which the objective is to recover its 3D structure from a set of projective measure-

ments. The SfM method generally involves three main steps. First, feature extraction

and matching from multiple 2D images. Second, motion estimation for the camera.

Third, 3D reconstruction by using the estimated features and motion; this final step

is usually performed by minimizing the reprojection error. Although this method

has shown great results, it suffers from the common problem when the scene con-

tains low textured, specular and reflective regions which result in incomplete 3D

reconstruction. The recent deep learning-based 3D reconstruction techniques such

as MVSNet [15] tried to tackle this issue. MVSNet introduces an end-to-end deep

learning architecture approach for depth map inference by taking a reference image

and multiple source images as input.
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3. Related Works

The ability to reconstruct 3D structures in real time is generally more crucial in

robotics. Its importance is even more pronounced in mobile robots since their mo-

tion is usually affected by the newest information in the environment. Reconstructing

3D structures in a mobile robot usually involves tracking its motion while traversing

the environment. The common approach to achieve this is to mount the camera

on the mobile robot while tracking its changes in location and orientation. This

tracking process is usually referred to as visual odometry [16]. SLAM (Simultaneous

Localization and Mapping)[17, 18, 19], for example, is the superset of visual odom-

etry which not only localizes its position but also maps the environment around

it. Another approach to tracking the motion of robots is to rely on the hardware

odometry such as encoder wheels and robotic arm joints odometry system [20].

3.3 6 DoF Extrinsic Calibration

Sensor calibration in machine vision can be divided into two: intrinsic and ex-

trinsic calibration. Intrinsic calibration is the process of determining the internal

parameters (i.e. focal length, principal point, and lens distortion coefficients) of the

camera while extrinsic calibration deals with the estimation of the position and ori-

entation of the camera with respect to the world or other entities. In robotics, this

process is an essential requirement to fuse multiple sensor data (e.g. camera, LiDAR,

odometer).

Camera and LiDAR are the two sensors that have been broadly used in the

fields of robotics, autonomous vehicles, and industrial automation. Fusing the infor-

mation from these two sensors is currently an open research and there have been

many contributions to this topic. Determining the extrinsic calibration between the

camera and LiDAR can be performed by directly finding the feature correspondences

between the two sensors. This approach, however, assumes that the point correspon-

dences between the camera and LiDAR can be known. Since LiDAR illumination is

not visible in a normal RGB camera, this method usually relies on infrared cameras.

Rather than relying on point correspondence, scientists have conducted research

to find the extrinsic parameters between the camera and LiDAR by using certain

constrain derived from lines and depth edges. Some of the 3D features that are

commonly used are points at corners edges [21, 22], and lines [23, 24] in 3D. In the
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points-based feature method, extrinsic calibration is performed by minimizing the

distance between these points’ features either in 3D or 2D images (after projection).

Due to the limited information 2D LiDAR provides, acquiring the its extrin-

sic calibration information with the camera is generally more challenging than 3D

LiDAR. The 2D LiDAR provides a single laser measurement which result in 2D

plane scan. Compared to 3D LiDAR, the limited data from 2D LiDAR make it

harder to find feature correspondences between the two sensor.
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Chapter 4

Proposed Methods

In this chapter, we begin by examining the experiment setups including the

sensors and robotic arm system employed for the box unpacking (i.e. cutting).

Additionally, the software architecture developed in each computer will also be dis-

cussed. Next, we will describe the camera-robot calibration method using our custom

calibration target which is useful for reconstructing the 3D point cloud from multiple-

depth camera information. Subsequently, our method to fuse the 2D LiDAR points

into the camera’s point cloud will be discussed. Finally, we will focus on the two

methods to estimate box corners and dimensions: one relying on multiple cameras

and the other on two 2D LiDAR.

4.1 Experiment Setup

The architecture diagram involving the sensors and other hardware is illustrated

in Figure 4.1. The software implemented in each hardware can also be seen to better

understand their roles. Each computer runs the Robot Operating System (ROS)

framework on top of a Linux-based operating system for exchanging information

through messages and services (e.g. sensor data and commands). In ROS, each

running process called node can exchange messages with the other nodes that are

in the same or different machine (in the same network). In this project, this feature

is utilized to exchange sensor information including camera images and 2D LiDAR

scans. Moreover, a trigger request can also be sent between nodes, for instance, to

control the robot’s movement.
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4. Proposed Methods
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Figure 4.1: Architecture diagram of the automatic box unpacking system.

The RaspberryPi task is to gather the data from two 2D LiDARs where the

measured scans are then broadcasted to the control station PC. The reason for this

relay is more of a practical purpose since we avoid many sensors connecting to the

control station which is a significant distance from the robot operation space. For the

2D LiDAR, we use two RPLidar A1 that are installed vertically and horizontally

with respect to the ground (see Figure 4.2). These installations ensure that the

vertical 2D LiDAR is able to capture the top and the side of the box that is placed

on the conveyor. Similarly, the horizontal 2D LiDAR should be able to capture two

sides of the box: the one facing the robotic arm and the other facing the 2D LiDAR

itself.

In this experiment, we use an Intel real sense D435 depth camera which connects

directly to the control station PC. Note that the camera is mounted onto the robotic

arm and hence moves around with it. With this setup, the robotic arm can be

RaspberryPi

Vertical Lidar

Horizontal
Lidar

Camera

Figure 4.2: Hardware setup for the experiment.
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4. Proposed Methods

moved around the box to gather depth maps from multiple angles in which later the

point cloud information can be merged. The robotic arm is equipped with a highly

accurate odometry system in its joints, hence camera pose can be acquired during

the operation which is essential information to fuse the point cloud.

The control station PC retrieves the data from the 2D LiDAR and camera sensor

through ROS. Then, a running node in the control station takes the acquired sensor

data to estimate box corner locations and dimensions. The estimated box model

is then passed to the high-level controller node before it sends a command to the

robotic arm to perform the box cutting. The robotic arm also has its own computer

which manages the odometry data acquisition and control for the robotic arm.

(a) (b)

Figure 4.3: (a) The sharp edge tool from the bottom view (b) the sharp edge tool
from the top view (mounting section to the robotic arm).

The experiment is performed by placing the box on the conveyor. The robotic

arm is then moved to capture the four box corners from a predetermined distance.

Since the object (i.e. box) does not move, this scheme emulates the use of four depth

cameras from multiple views. Once the data is acquired, the box dimension estimator

algorithm is run to calculate the box dimension and corner location which then be

used to move the robotic arm to cut open the box. The sharp edge tool mounted at

the robotic arm can be seen in Figure 4.3. Meanwhile, the box unpacking using the

2D LiDAR data shares a similar procedure except the box measurement is performed

by using 2D LiDAR instead of a depth camera.
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4. Proposed Methods

4.2 Camera-Robot Calibration

The final objective of the calibration process is to acquire the 6-degree of Freedom

(DoF) transformation between the camera and the base of the robotic arm. Since

the base of the robotic arm is stationary, we can refer to this coordinate frame as the

world coordinate frame. To perform this calibration, we introduce a colored plane

calibration object in which the transformation can be obtained when detected by

the depth camera. This device can later be utilized to obtain the transformation

between the camera and the world given the calibration object is placed in a known

location and orientation in the world coordinate. The calibration object can be seen

in Figure 4.4.

Figure 4.4: The calibration target placed on the conveyor where the box will be
unpacked.

The first step in estimating the pose of the calibration box is to detect the planes

of the object. The robust fitting method can be applied to deal with such a problem,

especially when the data contain outliers. An early example of this algorithm is

RANSAC [25] which works iteratively until a sufficiently good model is found based

on the number of inliers. This method is also extended to find multiple instances

(e.g. finding multiple planes) known as sequential RANSAC [26, 27]. There are

numerous other robust fitting methods that deal with multiple instances that can

be applied for multiple plane detection [28, 29, 30, 31, 32]. In this study, we applied

sequential RANSAC to detect multiple planes since it is conceptually simple and

straightforward to implement. Once the planes are found, the three planes can be

represented as Equation 4.1.
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4. Proposed Methods

a1x+ b1y + c1z + d1 = 0

a2x+ b2y + c2z + d2 = 0

a3x+ b3y + c3z + d3 = 0

(4.1)

The location of the calibration object can be calculated by finding the intersection

point of the three planes. This intersection point can simply be found by solving the

linear system of equations of the three detected planes as shown in equation 4.2.

AX = Ba1 b1 c1
a2 b2 c2
a3 b3 c3

xy
z

 = −

d1d2
d3

 (4.2)

To estimate the rotation of the calibration object, we first need to calculate the

intersection vector between every combination of the three detected planes. Note

that since the plane is colored, we can assign an axis to a certain intersection vector.

For example, the x-axis can be defined along the intersection between the red and

green planes. The y-axis and z-axis can then be chosen accordingly.

For example, given the normal vector of the planes N1 = (a1, b1, c1) and N2 =

(a2, b2, c2), the intersection vector between the planes can be calculated by using

V = N1 × N2. The calculated vector V is orthogonal to both normal vectors,

therefore it lies along the line of intersection.

Performing this operation to every intersection of the three detected planes yields

the three vectors that represent the coordinate system of the calibration target.

It is important to take care that the calculated vectors might not be orthogonal

to one another. Hence, it is essential to orthogonalize the vectors. One common

approach for orthogonalization is the Gram-Schmidt process. Equation 4.3 shows the

alternative form of the Gram-Schmidt process which combines orthogonalization and

normalization. Given a linearly independent vector x1,x2, and x3 the orthonormal

vector w1,w2, and w3 can be calculated.

v1 = x1, w1 =
v1

∥v1∥
v2 = x2 − ⟨x2,w1⟩w1, w2 =

v2

∥v2∥
,

v3 = x3 − ⟨x3,w1⟩w1 − ⟨x3,w2⟩w2, w3 =
v3

∥v3∥
,

(4.3)

Following the orthogonalization and normalization, the three vectors can be ar-

ranged in a row-wise fashion as Equation 4.4 to obtain the rotation matrix.
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4. Proposed Methods

(a) (b)

Figure 4.5: (a) The estimated pose of the calibration object with respect to the
depth camera (b) The visualization of the rigid body configuration after the

calibration box is estimated.

R =

 w1x w1y w1z

w2x w2y w2z

w3x w3y w3z

 (4.4)

With the rotation and translation information of the calibration target acquired,

the coordinate system of the calibration object can be visualized as shown in

Figure 4.5.

Thus far, we are able to estimate the calibration target’s pose with respect to the

camera. Since we already know the transformation between the calibration device

and the world, the camera pose in the world coordinate can be estimated.

This calibration scheme assumes the pose information of the calibration target

in the world coordinate is known. However, this information might not be known in

some other instances. In this example, we benefit from the robotic arm odometry

system to measure the location of the calibration target by aligning the robotic arm

to the target location to gain its pose. Since the transformation between the robotic

arm and the world is also known through the robot odometry, the location of the

calibration box in world coordinates can be retrieved.

4.3 2D LiDAR-Camera Point Cloud Fusion

The laser-based method is known to yield a more accurate and longer-range 3D

measurement compared to an active stereo camera [33]. However, LiDAR usually
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4. Proposed Methods

cannot obtain a denser depth map compared to the depth camera. Therefore, in-

corporating a LiDAR into the depth camera system might help in measuring the

critical space at the scene where the depth camera fails to reconstruct with minimal

noise.

In this section, the method to fuse the 2D LiDAR data with the depth camera

point cloud will be discussed. To merge the data points from the 2D LiDAR with the

depth camera point cloud, we estimate the illumination plane of the 2D LiDAR on

the scene. Since the depth camera is equipped with infrared cameras, the illumination

line of the 2D LiDAR is visible on the captured image.

(a) (b)

Figure 4.6: (a) Vertical and (b) horizontal 2D LiDAR illumination captured by
infrared camera.

To model the 2D LiDAR illumination plane, a calibration object is placed on

the scene where it can be captured by the 2D LiDAR and the depth camera as well.

Figure 4.6 shows the illumination line of the 2D LiDAR on the calibration box.

By taking any two points captured by the 2D LiDAR illumination line on the

infrared image, we can then back-project those points to get the ray vectors. Let K

be the intrinsic matrix of the depth camera and R, t consecutively the rotation and

translation component which transform the world coordinate to the camera. The

projection matrix can then be acquired by Equation 4.5

P = K[R | t] (4.5)

or in the invertible form shown in Equation 4.6

P̃ =

[
K 0
0T 1

] [
R t
0T 1

]
= K̃E (4.6)
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4. Proposed Methods

The calculated camera matrix then can map the 3D point in world coordinate

pw = (xw, yw, zw, 1) to the 2D pixel xs = (xs, ys, 1, d). The P̃ then can be inverted

and applied to the 2D point on the image to gain the back-projected ray vector that

passes through the camera focal point.

By back-projecting the two-pixel locations where the 2D LiDAR line is identified,

the plane that goes through the focal point and both rays can be calculated. First, the

plane normal can be found by n = v1×v2 where v1 and v2 are the two ray vectors.

The point on the plane can then be determined as the location of the camera’s focal

point in the world coordinate. By repeating this process from another perspective,

we can have two planes that intersect in the 2D LiDAR illumination line on the box.

This plane intersection creates a 3D line which represents the illumination line of

the 2D LiDAR.

In order to estimate the 2D LiDAR illumination plane, we need at least three

separate lines in 3D. This can be achieved by repeating the aforementioned steps

multiple times with different planar objects (e.g. boxes with different sizes) or by

using one object in which three non-parallel planes are illuminated by the 2D LiDAR.

To fit a plane into these multiple 3D lines we can minimize the sum of squares

of the acute angle between the normal vector of the fitted plane and the 3D line

representing the illumination of the 2D LiDAR on multiple boxes. Given the vector

of 3D lines ui, their angles θi with the normal vector v can be calculated as Equation

4.7.

θi = arccos

(
ui · v
∥ui∥∥v∥

)
(4.7)

And then ensure that these are acute angles by Equation 4.8

αi =


π − θi if θi > π

2

−π − θi if θi < −π
2

θi otherwise
(4.8)

The estimated plane can then be calculated by minimizing J in Equation 4.9

J =
N∑
i=1

(αi)
2 (4.9)
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4. Proposed Methods

(a) (b)

Figure 4.7: (a) and (b) shows the estimated illumination plane of the vertically
installed 2D LiDAR visualized along the point cloud from the depth camera

(shown in two different views).

The point on this plane can then be defined as the centroid of the points passed

through by the 3D illumination lines we fit the plane into. The visualization of

this fitted plane, which represents the 2D LiDAR illumination plane, is shown in

Figure 4.7.

Once the illumination plane of the 2D LiDAR is known, we need to find a trans-

formation that maps the 2D LiDAR points into the 3D point cloud reconstructed

by the camera. First, we sample the points on the depth camera point cloud around

the illumination plane. To do this, measure the distance between every point in the

point cloud to the plane and include the points in which the distance is below a

certain threshold.

Next, the sampled points are projected onto the illumination plane in 3D. For

each sampled point x, the vector v is calculated by v = x− p, where p is a point on

the plane. Next, the distance d along the normal plane is computed from a point to

the plane by taking the dot product of v and the plane normal as d = v ·n. Finally,

the projected point x′ can be computed by x′ = p− d · n

Thus far, the sampled points are in the same plane, however, they are still defined

in 3D. To transform the sampled points to 2D we need to define three basis vectors

which mutually orthogonal on the illumination plane. First, we take a random point

on the plane which acts as the origin. The z-axis can then be defined by the normal
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4. Proposed Methods

of the plane, then the x-axis can be defined randomly from point a to any point

on the plane. The y-axis is calculated by taking the cross product of the normal

vector and vector along the x-axis. Given the normalized basis vectors û, v̂, and n̂,

we obtain the basis points as shown in Equation 4.10

a = a, ũ = a+ û, ṽ = a+ v̂, ñ = a+ n̂ (4.10)

With a as the point of origin on the plane, now we can map these four basis

points into (0, 0, 0), (1, 0, 0), (0, 1, 0), (0, 0, 1), representing the target origin, x,

y, and z axis consecutively. This mapping can be achieved by affine transformation

whose relation can be described in Equation 4.11.

M


ax ũx ṽx ñx

ay ũy ṽy ñy

az ũz ṽz ñz

1 1 1 1

 =


0 1 0 0
0 0 1 0
0 0 0 1
1 1 1 1

 (4.11)

Finding the matrix M which maps the original basis points to the new target

coordinate system can be carried out by 4.12

M · S = D

M · S · S−1 = D · S−1

M = D · S−1

(4.12)

Applying the matrix M to the sampled point cloud (which is already projected to

the plane) will yield a 3D point with zero on the z component. We can then discard

the z-axis and perceive the transformed points as 2D.

(a) (b)

Figure 4.8: (a) Sampled point cloud from the depth camera after transformed into
2D. (b) 2D LiDAR points before alignment with the sampled points.
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The next step is to align the 2D LiDAR points and the sampled depth-camera

point cloud in 2D. Our approach aims to align the two lines and their intersection.

The image of the two data points is visualized in Figure 4.8. The translation can be

found by aligning the intersection point of the line in both 2D LiDAR and depth

camera points. Meanwhile, the rotation can be acquired by aligning the two vectors

representing the lines as the new coordinate system.

After the 2D LiDAR points are aligned with the depth-camera point cloud, the

2D LiDAR points can be transformed back into 3D by applying M−1 which we have

acquired in 4.12.

4.4 Box Dimension Estimation

4.4.1 Depth Camera-based Measurements

Point cloud acquisition

To capture all sides of the box, the depth images have to be taken from multiple

perspectives. Since the depth camera is mounted on the robotic arm, this can be

achieved by moving the camera around the four corners of the box while capturing

its depth map. The four resulting depth images were subsequently converted into

point clouds and merged together by using the camera pose information to produce

a complete model of the box. The pose of the camera with respect to the world

and the robotic arm is essential information that can be acquired by following the

camera-robot calibration method (4.2).

Plane detection

The plane detection algorithm runs sequential RANSAC into the merged point

cloud and yields exactly five planes (as shown in 4.13) representing the visible sides

of the box.

p1 : a1x+ b1y + c1z + d1 = 0

... (4.13)
p5 : a5x+ b5y + c5z + d5 = 0
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The sequential RANSAC algorithm starts by taking the minimum number of

samples (i.e. three for a plane) from a set of data points to fit a plane. The plane’s

performance is then evaluated by counting the number of inliers based on a prede-

fined threshold. For plane fitting, inliers are determined by the distance of the point

to the plane. If the number of inliers is higher than the previous model, it would

be considered the best model (the inlier number of the previous model is zero upon

initialization). This process is repeated for a number of iterations to find the best

model by the highest number of inliers.

Algorithm 1 Multi-plane Detection
Function SeqRANSAC(P , t, n, ε)
Data: A set of input points P , number of iterations t, inlier threshold ε, number of

plane to detect n
Result: List of refined planes

allRefinedPlanes← {}
for j ← 1 to n do

bestPlane← null bestInliers← {}
for i← 1 to t do

randomSample← sample minimally from P .
currentPlane← estimate a plane using randomSample.
inliers← find plane inliers in P using currentPlane and ε.
if |inliers| > |bestInliers| then

bestPlane← currentPlane bestInliers← inliers
refinedPlane← fit a plane to bestInliers
allRefinedPlanes← allRefinedPlanes ∪ {refinedPlane}

return allRefinedPlanes

The best plane is finally refined by fitting a new line into the inlier points by using

PCA (Principal Component Analysis). In this step, we can calculate the covariance

matrix of the 3D points in which its eigenvalue and eigenvector can be computed. The

normal of the fitted plane can be acquired by taking the eigenvector corresponding

to the smallest eigenvalue. It is also important to take care that the data needs to

be centered first to remove the translation effect hence the PCA focuses on data

distribution relative to its center.

It is important to note that since the bottom side of the box is not visible, the

calibration process is needed to obtain the base plane equation. This process is done

by placing a calibration box at the extreme edge of the conveyor and running the

plane detection algorithm to model the bottom side of the calibration box as shown
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(a) (b)

Figure 4.9: (a) The original point cloud before the planes are segmented. (b) the
result of five segmented planes.

in Figure 4.4. This scheme enables us to obtain all six planes of a box. An example

of the five detected planes (without the bottom plane) is shown in Figure 4.9.

Planes matching

Let S be the set of all the six detected planes (4.14).

S = {p1, p2, p3, p4, p5, p6} (4.14)

The objective is to match the planes that are considerably parallel to one another.

This process is carried out by calculating the acute angle of every combination plane

and matching the plane if the acute angle is less than a certain threshold. The

resulting matches indicate that the plane pairs are opposing each other and hence

do not intersect with one another. The example results of sets of matches are shown

in 4.15.

X1 = {p1, p2}
X2 = {p3, p4}
X3 = {p5, p6}

(4.15)

In the example above, p1 is parallel with p2 and so is p3 with p4. Matching the

opposite plane together is an essential step in computing the corners since parallel

planes are considered to not intersect with one another.

Calculating corners

Getting the 3D coordinate of the box’s corners is a matter of solving the linear

system of equations of three intersecting planes. This can be achieved by solving
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the combination of three planes from three different sets X1, X2, X3. Hence all the

possible combinations of the example 4.15 are shown in 4.16:

{p1, p3, p5}, {p1, p3, p6}, {p1, p4, p5}, {p1, p4, p6},
{p2, p3, p5}, {p2, p3, p6}, {p2, p4, p5}, {p2, p4, p6}

(4.16)

Solving the linear system of plane equations for every combination set will yield

the eight points that indicate the eight corners of the box. For example, solving for

x, y and z for p1, p3, and p5 yield one corner location of the box.

4.4.2 2D LiDAR-based Measurements

In this section, we present a procedure to perform an automatic measurement of

box size (i.e. height, width, and length) by using the input of two 2D LiDAR data.

Each 2D LiDAR is configured in such a way that they are able to capture the two

specific surfaces of the box. Specifically, one 2D LiDAR is placed in a horizontal

position to capture the two sides of the box, and the other is positioned vertically

to record the top and one other side of the box.

Points Filtering by ROI

Filtering the points acquired by the 2D LiDAR is carried out to obtain the

relevant points where the box can be found. This process involves defining the Region

of Interest (ROI) which describes the potential space where the box may be located.

Since the 2D LiDAR points are given in polar coordinate form, we can define the

ROI based on the 2D LiDAR rotation angle. By eliminating the points outside of

the ROI, the number of outliers is reduced which makes the subsequent process (i.e.

multi-line detection) easier.

Multi-line Detection

Multiple line detection is performed as the step to find the relevant lines repre-

senting the side of the box. In this algorithm, the detected lines are the proposed

lines which may or may not indicate the box sides. The number of detected lines is

user-defined, however, these proposed lines will be rejected to find the relevant line

pair in the subsequent step.
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After the 2D LiDAR data is filtered based on the scanning angle, sequential

RANSAC is applied to find the most significant lines. The complete algorithm which

returns all the detected lines is presented in Algorithm 2. The multi-line detection

algorithm is similar to the multi-plane detection (4.4.1) with some additional stop-

ping conditions. Supposedly, the RANSAC iteration terminates after the number of

iterations t is fulfilled. However, early stopping conditions can be triggered based on

the minimum inliers τ or minimum points θ. If the detected lines do not contain a

sufficient amount of inliers τ the iteration is stopped early since the estimated line

following this iteration most likely contains only outliers. Likewise, when the number

of data points left is less than θ the remaining points are presumed to contain only

outliers. Similar to the multi-plane detection algorithm (4.4.1), line refinement fits

the line using PCA to the detected inlier points except it is applied in 2D.

Algorithm 2 Multi-line Detection
Function SeqRANSAC(P , t, ε, n, τ, θ)
Data: A set of input points P , number of iterations t, inlier threshold ε, max number

of models to detect n, minimum inliers τ , minimum points θ
. Result: List of refined lines

allRefinedLines← {}
for j ← 1 to n do

bestLine← null bestInliers← {}
for i← 1 to t do

randomSample← sample minimally from P .
currentLine← estimate a line using randomSample.
inliers← find line inliers in P using currentLine and ε.
if |inliers| > |bestInliers| then

bestLine← currentLine bestInliers← inliers

if |bestInliers| < τ then
break

refinedLine← fit a line to bestInliers
allRefinedLines← allRefinedLines ∪ {refinedLine}
P ← P \ bestInliers
if |P| < θ then

break
return allRefinedLines

2D LiDAR scan data contains fewer points and is more vulnerable to detecting

the wrong model compared to 3D LiDAR. Although only two lines need to be iden-

tified from each 2D LiDAR, detecting only two lines is not an effective strategy since

the detected lines can also be outliers. Hence, in this step, multiple-line detection
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needs to be carried out followed by subsequent filtering to choose the relevant line

pair.

Lines Rejection

Given several detected lines, the irrelevant lines (i.e. lines that do not correspond

to the box’s plane) will be rejected by testing every combination of lines for their

orthogonality and connectivity. The more orthogonal and "connected" the lines are,

the more likely they correspond to the relevant sides of the box.

To find the two corresponding sides of the box, we run through this test for

every line intersection to examine the orthogonality and connectivity. For example,

the intersection of two lines is considered to be false positive when the acute angle

is less than 85 degrees. In the case of connectivity, two intersecting lines are said to

be more connected when there are more inlier points found around the intersection

point.

While the size of the box can be arbitrary, one of the limitations of this im-

plementation is the farthest corner of the box is placed in a fixed position. This

allows the region where the box can be detected predictable. Therefore, the region

of interest where the box is located can be defined.

Dimension Measurement

Calculating the size of the box is performed by measuring the distance of the

detected inlier points of two sides of the box to their corresponding opposite side.

However, since the opposite side of the box is not visible by the 2D LiDAR, a

calibration box is utilized which represents these opposing sides. This method is

feasible since the location of one of the box corners is fixed.

Note that the process discussed above is shown only for one 2D LiDAR. Since

multiple 2D LiDARs are implemented, this process is similar for each 2D LiDAR

when measuring two dimensions of the box.
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Chapter 5

Results and Analysis

5.1 2D LiDAR-Camera Fusion

2D LiDAR-Camera fusion aims to merge the data points from multiple 2D

LiDAR and depth cameras in a frame of reference. However, before fusing these

sensors, the 3D point cloud of the scene needs to be reconstructed by using multiple

depth cameras.

The point cloud information is reconstructed by fusing data captured from four

different angles which simulates the use of four-depth cameras. By focusing on a

rectangular box as the object of interest, the depth camera captures the box from

all four corners. We adjust the camera distance to the target to evaluate its effect

on depth noise and measurement error during the box dimension estimation. The

distance chosen between the camera and the box corner is 200 mm and 300 mm.

The choice of 200 mm distance comes from the operational limitation of the

(a) (b)

Figure 5.1: Box corner captured from (a) 200 mm and (b) 300 mm distance from
the depth camera.
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Figure 5.2: The result of point cloud fusion combining four depth camera
information and two 2D LiDAR. The green and red points are recorded by two

separate 2D LiDAR.

depth camera (Intel D435i), as this represents its lowest feasible range. On the other

hand, the 300 mm distance is chosen due to a practical consideration. Since the

camera is mounted on the robotic arm, it cannot extend to the 300 mm span from

the farthest corner of the box. It is also important to notice that the camera is

looking down 45 degrees to the rectangular box.

As shown in figure 5.1, it is expected that the point cloud captured from a

distance farther from the object tends to develop more depth noise on the fused

point cloud. The depth map is estimated by comparing point correspondences be-

tween two views. Between these points, interpolation is performed which introduces

depth noise. The inability of the camera to find point correspondences can therefore

introduce noise and missing data to the reconstructed point cloud.

To fuse the depth camera and 2D LiDAR information, we sample the point cloud

constructed by the depth camera along the illumination plane of the 2D LiDAR. The

steps to acquire the illumination plane are discussed in the 2D LiDAR-Camera cali-

bration method (4.3). Take into consideration that when constructing basis vectors

to map the sampled 3D points into 2D, the axes directions are crucial. We need to

make sure that the transformed point cloud in 2D is not mirrored. Failing to do so

will cause the projected point cloud to not be able to be aligned with the original

2D LiDAR points.
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Figure 5.2 shows the result of the fusion process between the depth camera and

2D LiDAR with the camera distance of 200 mm to the object and the 2D LiDAR

installed vertically and horizontally with respect to the box.

5.2 Multiple Depth-camera Measurement

5.2.1 Multiple Plane Detection

By applying the sequential RANSAC plane detection algorithm to the filtered

point cloud yields the five segmented planes in a regular box. Which from visual

inspection seems to result in the correct planes representing all sides of the box

(Figure 5.3b). However, applying the algorithm to the thinner box (i.e. pizza box)

might cause a problem where all the five planes found are parallel. This is because

the sides of the boxes are too thin and the number of points is too small to be

considered as a plane.

One way to solve this is to separate the detection between the top plane and

the other sides of the box. More specifically, during the RANSAC random sampling,

consider only the planes that are parallel to the base of the box to find the top box.

Once the top box is found, the same process is applied except this time only the

(a) (b)

Figure 5.3: (a) The modified sequential RANSAC plane detection applied to the
thin box (b) Sequential RANSAC plane detection applied to the regular sized box.
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plane orthogonal to the box base plane is considered. The resulting modification of

the sequential RANSAC applied to the filtered point cloud is shown in 5.3a.

The presence of an object around the box, especially the ones directly in contact

with it, might cause a significant error in the measurement. This is because the

objects around the box edges can alter the estimated plane where the wrong object

points are included as inliers. We found that this noise is more pronounced at the

bottom side of the box since we require a clamp at the conveyor to fix the box in

place. Since the fused point cloud is defined in the common coordinate frame, we

can easily define the ROI (Region of Interest) where the box can be found around

the conveyor. This filtering process is done to minimize the amount of outliers in

the point cloud since the box is the only object that we are interested in.

The parameters used for the RANSAC-based plane detection are chosen based on

trial and error of multiple boxes which yield the most optimal parameters. Although

a theoretical approach can be applied such as determining the number of iterations

based on the optimal model fitting probability, our empirical results show that a fixed

number of iterations is preferred. This is because the inlier and outlier threshold is

unknown which results in a less stable detection. In this experiment, iteration is

performed 800 times per plane with point clouds ranging from around 14000 to

30000 data points.

In the case of when the reconstructed point cloud is noisy as the example shown

in Figure 5.1b, the inlier threshold for the RANSAC might need to be increased.

This is to avoid multiple fitting of parallel planes on the same side of the box. Our

experiment identifies the inlier based on a 2.5 mm geometric distance from a point

to the plane and a 3.5 mm distance for the camera located farther from the object.

5.2.2 Key Points Extraction

The corner location of the box is extracted by calculating the intersection of

three mutually orthogonal planes of the box. From manual visual inspections, the

extracted key points aligned to the original point cloud have shown accurate corner

locations. The corner points located at the top plane of the box are later used for

trajectory planning of the robotic arm to cut open the box. The estimated box

corner locations can be seen in Figure 5.4.
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Figure 5.4: The green points exhibit the estimated location of the box corners. Note
that the point cloud is shown in full (all data points constructed by four cameras),
however, the key points are extracted from the point cloud under a certain ROI.

The accuracy of the corner locations is highly dependent on the plane detection

of each side of the box. Hence, for the smaller-sized boxes, as long as the planes

can be segmented accurately, the corner location of the box can also be estimated.

Figure 5.5 shows the estimated corner points on the thinner and smaller box.

Although it might seem that the corner points at the bottom of the box do not

accurately represent the edges, the view from the side of the box shows that the

green points at the bottom are parallel with the conveyor plane which the box is

(a) (b)

Figure 5.5: Corners extraction in relatively (a) thin and (b) small boxes.
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in contact with. Although practically we only need the top corner locations for box

unpacking, all the corner points are equally important to extract the dimension of

the box.

5.2.3 Dimension Measurement

As discussed in 2D LiDAR-Camera Fusion (5.1), depth noise from the stereo

camera tends to increase as the distance to the object grows. In this measurement,

we present two setups of distance viewpoints to evaluate the effect of the object

distance from the multi-camera system. The two different setup places each camera

at 200 mm and 300 mm distance from the top corner of the box (see Experimental

Setup).

To derive the dimension of the box from the detected key points, firstly, the

average of four corner points on each side of the box is calculated. The resulting

average points are exhibited in Figure 5.6a. The distance is then calculated by

taking the length for each opposing average point (Figure 5.6b).

The result of the measurement by using the aforementioned parameter is shown

both in Table 5.1 and Table 5.2 for 200 mm and 300 mm measurement distance

consecutively. It can be seen in the table that the maximum error for any dimension

(a) (b)

Figure 5.6: (a) Points shown in cyan are the average points of each side of the
box’s corner points (red points) (b) The dimensions of the box are calculated by

measuring the distance between every opposing averaged point (x, y, and z
dimensions of the box are measured consecutively by the length of red, green, and

blue lines.)
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Box Dim. Ground Truth Estimation Abs. Error Rel. Error

Box 1
W 240 mm 247 mm 7 mm 2.92%
L 389 mm 394 mm 5 mm 1.29%
H 153 mm 154 mm 1 mm 0.65%

Box 2
W 193 mm 197 mm 4 mm 2.07%
L 261 mm 266 mm 5 mm 1.92%
H 196 mm 194 mm 2 mm 1.02%

Box 3
W 398 mm 399 mm 1 mm 0.25%
L 394 mm 395 mm 1 mm 0.25%
H 184 mm 184 mm 0 mm 0.0%

Box 4
W 372 mm 380 mm 8 mm 2.15%
L 368 mm 378 mm 10 mm 2.72%
H 307 mm 304 mm 3 mm 0.98%

Box 5
W 144 mm 147 mm 3 mm 2.08%
L 197 mm 202 mm 5 mm 2.54%
H 203 mm 209 mm 6 mm 2.96%

Mean 4.07 mm 1.59%
Standard Deviation 2.89 mm 1.01%

Table 5.1: Box dimension estimation for 200 mm distance between camera and
object (measured from the closest box corner.)

Box Dim. Ground Truth Estimation Abs. Error Rel. Error

Box 1
W 240 mm 249 mm 9 mm 3.75%
L 389 mm 396 mm 7 mm 1.8%
H 153 mm 155 mm 2 mm 1.31%

Box 2
W 193 mm 198 mm 5 mm 2.59%
L 261 mm 268 mm 7 mm 2.68%
H 196 mm 195 mm 1 mm 0.51%

Box 3
W 398 mm 399 mm 1 mm 0.25%
L 394 mm 397 mm 3 mm 0.76%
H 184 mm 185 mm 1 mm 0.54%

Box 4
W 372 mm 382 mm 10 mm 2.69%
L 368 mm 379 mm 11 mm 2.99%
H 307 mm 307 mm 0 mm 0.0%

Box 5
W 144 mm 148 mm 4 mm 2.78%
L 197 mm 205 mm 8 mm 4.06%
H 203 mm 209 mm 6 mm 2.96%

Mean 5.00 mm 1.98%
Standard Deviation 3.60 mm 1.32%

Table 5.2: Box dimension estimation for 300 mm distance between camera and
object (measured from the closest box corner.)
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is less than 10 mm. Note that the maximum size of the measured box is under

400 mm in length. These measurements (i.e. ground truth) are measured by hand

which is deemed to be accurate. Meanwhile, the relative error shows the ratio of the

absolute error and the true value.

From both measurements, we can conclude that the camera closer to the object

performs better in the measurement with lower Mean Absolute Error (MAE) and

lower standard deviation (less variability). However, the difference might be consid-

ered to be minute in certain applications. Nevertheless, the constructed point cloud

in greater observation distance is noisier which may indicate the need for adjustment

in the plane detection parameter (i.e. inlier threshold).

5.3 Multiple 2D LiDAR Measurement

5.3.1 Box Side Line Segmentation

As shown in Figure 4.6, the two 2D LiDAR illumination lines can be observed

at the surface of the calibration target. This gives a nice visual representation of

where the 2D LiDAR illuminates the object during the measurement. The raw mea-

surement of a box from vertical 2D LiDAR can also be seen in Figure 5.7a. Before

performing line segmentation on these 2D LiDAR points, the recorded data can be

filtered around a certain ROI to include only the points with the box as presented

in Figure 5.7b.

Following our discussion in the 2D LiDAR-based measurement method (4.4.2),

the valid sides of the box can be obtained by testing the detected line pair based

on their connectivity and orthogonality. The visualization of these attributes can

be seen in Figure 5.8 in which the green circles indicate the intersection of all the

proposed lines. The two lines’ segment points are said to be connected when a

number of points can be found inside the intersection circle. Take care that the

number of proposed lines is the user-defined parameter, however, only one line pair

will be chosen based on their orthogonality and connectivity. Setting the radius

points parameter is essential to get the correct lines that represent the side of the

box. The radius has to be big enough to capture the points around the valid line

intersection, but not too big that the invalid line intersection starts to include the

valid line points.
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Figure 5.7: (a) The original raw data of the vertically positioned 2D LiDAR
scanning 360 degrees upright across the room. (b) The filtered 2D LiDAR data

focuses only on the ROI where the box can be found.
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Figure 5.8: (a) The green circles show the radius where the inliers are counted to
measure the connectivity of intersecting lines. (b) The selected valid line pair after

the invalid line is rejected.

Setting the maximum number of proposed lines is also essential. Since we are

interested in looking for a pair of valid lines, a number of proposed lines higher than

two is recommended. In this case, we detect three lines and reject one consequently.

Which results in a more robust valid line pair detection.

5.3.2 Dimension Measurement

After acquiring the valid line pair that represents the 2D LiDAR points on the

side of the box, the next goal is to calculate the box dimension. Since we do not
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have the information on the opposite side of the line pair, a plane that acts as a

virtual plane should be recorded to substitute the other sides of the box that are

not reached by the 2D LiDAR points. The merged data of the virtual line pair and

the original line pair is shown in Figure 5.9.
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Figure 5.9: The red and green points are the detected top and side of the box
consecutively while the purple and brown points are the calibration box. Notice

that the blue points are the geometric median of each detected line.

Referring to Figure 5.9, the blue points are the calculated median points of each

proposed line inliers. Be aware that the blue point at the bottom (the median of

purple points) will be rejected, given that its line does not satisfy the orthogonality

and connectivity criteria.

Finally, to calculate the dimension of each side of the box, the distance is taken

from each median point to the opposite virtual line. Keep in mind that the result

above is shown for the vertical 2D LiDAR, however, an identical method can be

applied to the horizontal 2D LiDAR by finding the box line pair and consecutively

calculating the distance to the calibration line.
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Box Dim. Ground Truth Estimation Abs. Error Rel. Error

Box 1
W 240 mm 237 mm 3 mm 1.25%
L 389 mm 387 mm 2 mm 0.51%
H 153 mm 142 mm 11 mm 7.19%

Box 2
W 193 mm 187 mm 6 mm 3.11%
L 261 mm 261 mm 0 mm 0.0%
H 196 mm 180 mm 16 mm 8.16%

Box 3
W 398 mm 385 mm 13 mm 3.27%
L 394 mm 389 mm 5 mm 1.27%
H 184 mm 181 mm 3 mm 1.63%

Box 4
W 372 mm 370 mm 2 mm 0.54%
L 368 mm 371 mm 3 mm 0.82%
H 307 mm 299 mm 8 mm 2.61%

Box 5
W 144 mm 140 mm 4 mm 2.78%
L 197 mm 191 mm 6 mm 3.05%
H 203 mm 201 mm 2 mm 0.99%

Average 5.60 mm 2.48%
Standard Deviation 4.56 mm 2.37%

Table 5.3: Box measurement using two 2D LiDAR.

Table 5.3 shows the measured dimension for each side of the box (width, length,

height). Note that the tested box sizes are identical to the test during the camera-

based measurement. From the table, it can be seen that the 2D LiDAR-based mea-

surement tends to be less stable with such large errors throughout the measurements.

For example, the maximum error of the 2D LiDAR-based method is 16 mm com-

pared to 10 mm in camera-based measurement. Other large errors are also spotted

in box 1 and box 2 which surpass the maximum error of camera-based measurement.

5.4 Combining Measurements

The measurement from multiple 2D LiDAR and depth cameras can be combined

in an attempt to gain an even more accurate measurement of the box. This technique

is usually referred to as high-level sensor fusion when the estimated measurement is

combined during the late stage of the pipeline. The combined results can simply be

acquired by taking the average of both measurements. Table 5.4 shows the averaged

measurements of all box dimensions.

Since all the boxes measured throughout the experiments stay consistent, com-

parison can be performed for all measurement methods. Conclusively, combining
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Box Dim. GT Combined Est. Abs. Error Rel. Error
Box 1 W 240 mm 242.0 mm 2.0 mm 0.83%
Box 1 L 389 mm 390.5 mm 1.5 mm 0.39%
Box 1 H 153 mm 148.0 mm 5.0 mm 3.27%
Box 2 W 193 mm 192.0 mm 1.0 mm 0.52%
Box 2 L 261 mm 263.5 mm 2.5 mm 0.96%
Box 2 H 196 mm 187.0 mm 9.0 mm 4.59%
Box 3 W 398 mm 392.0 mm 6.0 mm 1.51%
Box 3 L 394 mm 392.0 mm 2.0 mm 0.51%
Box 3 H 184 mm 182.5 mm 1.5 mm 0.81%
Box 4 W 372 mm 375.0 mm 3.0 mm 1.81%
Box 4 L 368 mm 374.5 mm 6.5 mm 1.77%
Box 4 H 307 mm 301.5 mm 5.5 mm 1.79%
Box 5 W 144 mm 143.5 mm 0.5 mm 0.35%
Box 5 L 197 mm 196.5 mm 0.5 mm 0.25%
Box 5 H 203 mm 205.0 mm 2.0 mm 0.98%

Mean 3.23 mm 1.29%
Standard Deviation 2.55 mm 1.20%

Table 5.4: Box measurement using the combination of 2D LiDAR and depth
camera.

Method MAE MRE Std. AE Std. RE
Multi-2D LiDAR 5.60 mm 2.48% 4.56 mm 2.37%

Multi Depth Camera (200) 4.07 mm 1.59% 2.89 mm 1.01%
Multi Depth Camera (300) 5.00 mm 1.98% 3.60 mm 1.32%

2D LiDAR-Depth Cam. 3.23 mm 1.29% 2.55 mm 1.20%

Table 5.5: Final comparison of the four measurement methods.

both methods yields the lowest error (MAE and MRE) compared to relying only on

the 2D LiDAR or depth camera methods. However, the standard deviation of relative

error is higher than the multi-depth-camera method at the 200 mm distance. This

shows that although the estimates are close to the actual values on average there

is a significant amount of variability in predictions. As discussed in the 2D LiDAR

dimension measurement (5.3.2), the LiDAR-based method performs poorly in some

instances. This is most likely the cause of higher variability in the measurement.

The comparison of all methods can be seen in 5.5.
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5. Results and Analysis

5.5 Box Unpacking

To unpack the box, a robotic arm is equipped with a sharp edge tool to slice

through the top side of the cardboard material. With this unpacking scheme, we

can generate the path for the robotic arm to move from one corner of the box to the

other (with a specified offset applied from each corner) while making sure that the

sharp blade sufficiently penetrates the box. An example of the box that has already

been cut can be seen in 5.10.

Based on our test results, the sharp edge tool consistently demonstrated the abil-

ity to scratch the box’s surface in a significant portion of trials. However, variations

in cutting depth were observed, ranging from insufficient to excessive penetration

into the box surface. We observe that numerous factors can cause this issue.

Figure 5.10: The box that is already unpacked by the robotic arm.

One of the factors is due to the imperfection of the box itself. The path planning

of the box cutting relies on the assumption of a perfectly rectangular box. However,

this might not always be true since the surface of the box could slightly be convex

or concave.

It is also worth noting that the margin for error during the arm movement of

the cutting is very limited. The sharp metal part of the blade is only 2 cm long,

demanding precision in determining the ideal depth of cutting. This makes an error

as small as a 1 cm distance from the box to result in inadequate cutting depth.
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Chapter 6

Conclusion

This research aims to provide a complete procedure for sensor fusion and its sub-

sequent application. First, a new calibration procedure is shown to merge multiple

depth cameras and 2D LiDAR information. Subsequently, we tested the fused 3D

structure by performing measurements on various boxes. Finally, the conclusion is

drawn of whether the system is accurate and reliable for an automatic box unpacking

application.

Based on our measurement and practical usage, sensor fusion between the depth

camera and 2D LiDAR has shown a satisfactory result. Segmenting lines in the

recorded 2D LiDAR points do not show any major error after the measurement is

compared with the ground truth of box dimensions. Likewise, plane detection on

the reconstructed point cloud shows considerably high accuracy with a dimension

error of less than 1 cm for boxes larger than 10 cm in each dimension. Ultimately,

the combined approach has shown the best performance among the two working

independently from one another.

Despite the high accuracy of box measurement, the problem of box cutting such

as slicing is not sufficiently deep or too deep into the cardboard is found from

time to time during the test. We also encounter cases where the path of the cut

is not parallel with the box surface. However, a handful of successful box cutting

has also been observed and we expect future research to improve the box unpacking

performance.
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6. Conclusion

6.1 Future Work

We expect future research to implement the state-of-the-art multi-model fitting

algorithm both for plane and line detection instead of the sequential RANSAC. Any

other robust fitting method could also be explored which improves the speed since

our current implementation is considered to be time-consuming.

Another box modeling technique can also be explored. Currently, we assume that

boxes are perfectly rectangular hence detecting more than the corner points of the

box might provide more comprehensive information to cut the box.

Finally, solving the box unpacking problem goes beyond estimating an accurate

model of the box. It is a combination of accurate robotics control, suitable hardware,

and precise measurement. While accurate modeling of the box is important, we also

need to take care to build a cutting system that can accommodate errors. We also

recommend exploring other robot end effectors that might improve the box-cutting

performance.
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