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The storage shelves are available in different sizes for storing objects in different
shapes, colours, sizes and surfaces. Many technologies are available for transforming
human-intensive jobs into machines, such as robots handling picking, placing and
sorting, but these robots need datasets to process and handle effectively. A distance
sensor is suitable to measure distances between objects and to obtain free spaces that
are available in a shelf tier. A Light Detection and Ranging (LiDAR) sensor can measure
distances better than Ultrasonic (US) and Infrared distance sensors (IR) because it has
good sensitivity to detect near and far objects. Spherical coordinates that are recorded
from a LiDAR are transformed into cartesian coordinates to obtain a 3D impression of
a shelf tier. This study aims to propose an effective 3D sensory scanning system to
estimate the percentage of free space in a shelf tier by using cloud point data (CPD).
The first step is to determine a suitable distance sensor that can be mounted on a tripod
scanner to obtain CPD. The spherical datasets then were converted into cartesian
coordinates. The motor speed was analysed with Pearson Correlation analysis to
determine a suitable rotating speed to construct a 3D impression. Experimental results
showed the designed scanner is capable to scan CPD at a suitable motor rotational
speed, and with the 3D plot from cartesian coordinates, it is easy to distinguish
between areas with and without objects in a shelf tier.

1. Introduction

Storage shelves are important for daily use in homes, offices and in manufacturing enterprises.
The shelves are used for keeping objects in various sizes, shapes, surfaces and colours. It is a tedious
process to estimate free spaces in a shelf tier because it is computationally challenging and more
time is required for measuring and calculating the volume of every object before storing.

However, human being applies cognitive, perception and imaginative methods to solve complex
object arrangements. In the future, machines will be handling most laborious jobs, like stocking,
picking, placing, monitoring and cleaning. The machines need sufficient datasets for reasoning and
processing action functions. A pick-place robot becomes versatile in arranging objects on a shelf if
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the robot knows the available spaces. Distribution or production warehouses have a multi-story
automatic shelf, but shelves do not come with alerting function to inform storekeepers about free
spaces in a shelf [1]. A distance sensor is suitable for measuring the distances between objects, and
by processing distance data is easier to determine the available free space. A distance sensor is
eccentrically sensitive to temperature, humidity and position, so it is important to validate distance
sensors for measuring distances for different applications. Although there are various types of
machine learning algorithms to predict accurately, corrupted data harvested from a data acquisition
system will be affecting the prediction accuracy.

2. Literature Survey
2.1 Automation Storage

An automated storage rack and retrieval system (AS/RS) has a higher density to utilise inventory
spaces, from spending to rent or buying additional spaces for increasing storage capacity [2].
Manufacturers already start requesting rack builders to build dynamic shelves that can improve the
goods delivery mechanisms because the yearly e-commerce business trend shows exponential
growth [3]. There are processes like unloading, counting, identifying, quality control and final
acceptance of goods area in a warehouse. When goods arrived, they are transferred to the holding
bay and then moved to dedicated shelves for storage [4]. The operation issues in a warehouse can
be solved with a smart automation environment. Put-away information is an essential picker list, but
this process is expensive and will take 15% of the operation time in a warehouse. Almost 55% of
operation time is absorbed by the warehouse employees while handling pick-list and processes like
searching, extracting and recording data. As to conclude, each process in a warehouse takes time,
consumes extra human resources, and uses bundles or papers for recording data, tracking and
monitoring processes. Therefore, smarter processes are required to optimise productivity in a
warehouse [5]. There is demand for designing automation shelves which exponentially
revolutionizing. The pick and place system manipulate object orientation, but it has lesser spaces to
pick items inside a shelf’s tier. There is a pick-place system that relatively manipulates object
orientation, but these shelves have lesser spaces to pick items inside a shelf’s tier because these
shelves are narrow, dark, and consist of multiple things [6].

2.2 Sensors

A high-definition camera captures clear images to extract features for tracking and detecting
objects, however, brighter colours like vests will cause a distraction to images captured from a
camera [7]. On the other hand, Light Detection and Ranging (LiDAR) sensor is another choice to obtain
input signals for the predictive model to automatically prohibit vehicles from entering a restricted
area than estimating from the unclear images. A camera detection decays under diverse weather
conditions, especially during sunset which is causing darker and lesser contrasts [8]. LiDAR has been
used in application development for detecting roads, especially suitable for places with marginal
weather. LIDAR measures shorter with accurate distances between 10 to 100 meters [4]. Different
types of distance sensors have different characteristics and detection ranges. For example, a distance
sensor applied to a mobile robot estimates distances in obstacle paths. A microcontroller reads the
sensor data and coordinates the moving path. Therefore, factors like sensor price, atmospheric
conditions, obstacles characteristics, detection ranges and precision levels have to be considered in
selecting a sensor [9]. The characteristic analysis between infrared, ultrasonic and laser sensors are
the basis to determine the suitability sensor for its application [10]. An ultrasonic sensor uses Time
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of Flight (ToF) in measuring distances between objects because the echo signals hit an object’s
surface and return the reflective signal in a definite time [11]. LiDAR sensor is preferable for 3D object
detection in an autonomous vehicle as comparatively, point cloud data are more reliable and
accurate than RGB images from video cameras. The point cloud data detect objects and describes
shapes, but point cloud properties are unordered and sparsity, causing the challenge to detect an
object directly from the point cloud [12]. Additional care is needed to position and mount a sensor
otherwise a little change in the angle position will affect measurement values. An ultrasonic sensor
has a wide beam for measuring the distances of reflective surface objects within 0.5 m. Measuring
distances in an unknown environment using an IR sensor is a challenge, but combining an ultrasonic
and IR sensor will compensate for the disadvantages to estimates accurate distance measurements
[13]. An experiment was conducted with infrared sensors on a rig to construct a 3D image. Five
infrared sensors mounted on a rotating rig at 2 degrees at each turn has reconstructed 3D impression
of different shapes of prosthetic cone, but the IR sensor is sensitive to surrounding reflection e,
especially reflecting objects. The experiment was conducted in a dark room and rotational angles
were reduced for achieving accurate results for getting good 3D images [14].

2.3 Calibration

Sensor calibration is important for achieving error-free measurement against noise. Linearly
deviated values between calibrated and uncalibrated sensors are error levels. Small deviation values
indicate calibration and testing datasets that match equally. A distance sensor is sensitive and has
the highest possibility of receiving errors in measurement data [15]. The suggestion of calibrating
without using ground-truth information is by moving an uncalibrated and calibrated sensor
simultaneously that points to a fixed target on a linear line, but calibrating a distance sensor using a
ground-truth device gives an accurate measurement value, nevertheless, it is tedious and expensive.
Furthermore, calibrating terrestrial robots using ground-truth data is even unrealistic, because
distance sensors are non-linear and heteroscedasticity [16]. Correlation coefficient analysis will
determine the appropriate selection of a distance sensor by measuring distances using a sensor
mounted on a vehicle at a constant speed to detect the distances, and that consequently measures
both sensors’ performance. The objects; like cardboard, paper, sponge, wood, plastic, rubber and tile
as the obstacles to determining the capability of the distance sensor’s accuracy. The ultrasonic sensor
detects different sets of materials, but an IR sensor detects certain types of materials. Furthermore,
the present supervise machine learning algorithms contributing to the selection of a suitable distance
sensor [17].

2.4 Sensor Application

2D LiDAR is suitable for mapping 3D impression since the 3D scanner is expensive but not suitable
for all different applications, especially automation driving system that needs higher detection range
to build a real-time scanning system. 2D LiDAR is suitable for indoor like the moving robot in their
dedicated zone only needs to use a cost-effective scanner. Secondly, 2D LiDAR has a customizable
field of view (FOV) and angular resolution. However, the 2D LiDAR movement is giving an error
dataset when scanning at lower than 1Hz. To overcome the resolution issue, extrapolation
techniques and machine learning algorithms are applied to reduce the shortfall effects in cloud point
data when rotating a 2D LiDAR scanner. Furthermore, in the future 3D LiDAR will be much cheaper,
but 2D LiDAR will be available if the cost is competitive to support low-cost application developments
[18]. There are four common scanning methods, which are opto-mechanical, electromechanical,
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micro-electromechanical system (MEMS) and solid-state. The electromechanical type is considered
suitable, especially the MEMS stands out as the best because of its size, weight and consuming low
energy. The solid-state is robust with a good field of view (FOV) and scanning rates, therefore
research and industries use more in their experiments and products. The low-cost 3D LiDAR is
relatively cheap but not recommended for fast rate requirements [19].

2.5 Sensor Detection Issues

Laser shadowing occurs when using LiDAR because of its Line-of-Sight (LOS) data, therefore
airborne laser hybrid with LiDAR mounted on a tripod has been suggested for generating a fusion
dataset that provides accurate measurements. The LiDAR sensor mounted on a tripod is confirmed
giving accurate geometrical data of all surfaces. The fusion dataset from the airborne laser and LiDAR
transformed to cartesian representation using a proprietary software, Optech which has features like
built-in filters and different data representation [20]. LiDAR has been there ever since the 1960s but
permeated during the introduction of automation systems for agriculture and robotics. LiDAR is
suitable for calculating distances and representing scanned data to 3D digital impressions. The
LiDAR’s wavelength variations at reflection time measure the distance values. Therefore,
transmitting lights calculates differences, so the equation below shows the distance formula Eq. (1)
[21].

D=c(5) (1)

D = The distance of the object
¢ =Speed of light
A = Time required by the light to travel

To acquire 3D coordinates of a LiDAR, the initial point of detection refers to the consequence
points until the last point of the cloud. The final 3D reconstruction XYZ consists of the LiDAR
horizontal angle, radial distance, motor vertical angle, and the distance value between the cloud
points. The points translation of PO to P1, P1 to P2, and, consequently, until the cloud's final point
will transform from 2D to 3D view. Generally, 2D representation is transformed into 4x4 dimension
matrix and respective equation Eq. (2);

Ty =Ry XR,XR, XT (2)

R, , R, and R, represent the rotational matrix of the x-axis, y-axis and z-axis. The final 4x4 matrix
elements consist of the XYZ axis rotational points, and the last column is the distance readings. The
3D construction is detected with noise, but removed with a filter. The illumination is affecting
incident angles and causing outrange values. Compared to indoor measurement accuracy, outdoor
measurements are affected due to sunlight rays [22].

3. Methodology
The proposed scanning method consists of testing sensors to nominate a suitable distance sensor
for detecting objects on a shelf, followed by the scanner design for recording spherical coordinates,

methods for tackling missing cloud points during scanning, and conversion of spherical to cartesian
coordinates.
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Sensor testing and validation

Distance sensors like Infrared (IR), Ultrasonic (US) and Light Detection and Ranging (LiDAR)
have been tested and validated to select a suitable sensor in a rotating scanner system for
harvesting spherical coordinates consisting of azimuth angle, elevation angle and
distances [23-26]. A testing sensor was moved step by step towards a static object located
at a distance. Each sensor measurement was compared and cross-validated to the
readings obtained from a laser distance meter and a distance measuring tape. The
selected sensor was mounted on a scanner to record distances of obstructing objects and
the free spacesin a shelf tier. Figure 1 shows an experimental setup to record the distance
of a distance sensor under test.

Target

Step N-6
Step N-5
Step N-4
Step N-3

Step N-2

Step N-1

seen v L &

I

Sensor A or Bor C
Mounted on a Acrylic plat

Sensors Key:

A - Infrared (IR)

B - Ultrasonic (US)

C - Light Detection and Ranging (LiDAR)

Fig. 1. Sensor distance measurement

The distance sensor was mounted firmly on an acrylic plate and moved gradually at a 5
cm distance on a step-by-step basis from N to N« towards a static target that was placed
at a distance.

Scanner System Design

The scanner has a microcontroller to automatically record the spherical coordinates.
Figure 2 shows a LiDAR sensor and two servo motors connected to a controller for
manoeuvring the scanner in a designated pattern (Figure 4). Figure 3 illustrates the parts
in a scanner system, that has two integrated servo motors with a mounting bracket to
mount a distance sensor, and a base plate at the bottom of the horizontal servo motor for
mounting on a tripod. This complete cost-effective scanner design was made up of servo
motors, a LIDAR sensor and a tripod.
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Fig. 3. Proposed integrated scanner design

>

>

Fig. 4. Scanner manoeuvring path

iii.  Mis-Matching Cloud Point Data

Figure 5 shows the harvesting of the spherical dataset from the scanner. Although
LiDAR was selected for scanning distances, outliers, blunders or missing data are still
presented in CPD datasets. Thus, the scanner needs a mismatched data handler when
recording the spherical coordinates. Data outliers and inconsistencies happen due to

the effects like vibrations, different light intensities and temperature radiation.
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Front View (e) Elevation Angle
zZ

(a) Sensor Mounting Bracket

(d) Scanning Distance
\ (.)

J)
(c) LiDAR VL530LX

(b) Scanner Tripod Stand

(f) Azimuth Angle

Fig. 5. Harvesting spherical data coordinates

iv.  Spherical to Cartesian Coordinates
To convert spherical to cartesian coordinates, Eq. (3), Eg. (4) and Eq. (5) applied with
the values from radius, azimuth and elevation in the dataset to determine x, y and z
coordinates.

X =r1cos¢@sin® (3)
Yy =1 cos@cosO (4)
Z=rsing (5)

4. Implementation

This section explains the implementation of sensor selection, harvesting of spherical coordinates
and preprocessing of the CPD dataset. Figure 6 shows the steps to determine measurement error
between a distance sensor and ground truth devices, which with using the laser meter and measuring
tape in a straight line, ranging between 0 to 60 cm.

i.  Selecting Distance Sensor

Straight Line
Measurement
(6 - 60) cm

Sensor
Undertesting

WY Displace sensor
every 5cm

Determine Plot Sensor

Record Distance
Detection Error § Performance (cm)

Rate Graph

Fig. 6. Sensor testing process flow

The VL53LOX LiDAR sensor harvests the CPD dataset based on the control system
process flow that is illustrated in Figure 7. The scanner rotates at 50ms to record the
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radius (r), elevation (e) and azimuth (¢) angles as the pattern shown in Figure 3. The
scanner operation shown in Figure 5, is operated according to the pre-set
manoeuvring path from the beginning until the finish and returns to the centre origin
of the x-axis.

Harvesting LiDAR Sensor Dataset
When a vertical motion was elevated by 1°, consequently horizontal motion started
1° displacement to capture spherical coordinates. These processes repeated until the
maximum elevation angles were achieved. The scanner stopped scanning
automatically, and the spherical dataset was saved for further process using MATLAB.
Sometimes during scanning, the LiDAR sensor misses detections and records either
zero or out-range.

Y

Y

Scanning
Executes

Move Horizontal

No

from right to
left

Servo Motor &
VL53LOX LiDAR
Sensor
Activated

Positioning

Vertical &

Horizontal
servos

Connected
to Serial
Port

No

1

|

Increase
Vertical Step
by 1°

l

Position Servos
at Center

Increase
Horizontal Step
by 1°

Record
Elevation
Angle

I

®

Establish
Serial

Connection

1

Record Azimuth
Angle

Record Radius

Horizont
al Steps
Complete

Scan
completes

Fig. 7. Scanner Control System Process Flow

Data Pre-processing Strategies
a) Avoiding Data Mis-Match
The controller detected and stored temporarily ten elements of an array, and
calculated averages from the first five valid readings. The servo motor’s rotation
speed does influence the detection of LIDAR CPD. Even though a LiDAR sensor can
detect the farthest distances, a detection cloud slips due to the rotational motion
of the servo motor. Therefore, as shown in Figure 9, an experiment was modelled
to collect CPD when the servo motor rotated at various speed delays at 50ms,
125ms, 250ms and 500ms.

Position
scanner to
center

Stop scanning

Data saved
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Start
Detection

Count of
Valid
Detection = 5

Detected Mis-
Match No

Compute Average

|

Print Average

Attempt =
Attempt + 1
&& Attempt
<= 10

Detect valid

Reading
Data saved

Fig. 8. Mis-match handler

b) Handling Scanner Motion Speed

Scan CPD

Analyze
Delay

Fig. 9. Analysis of servo motion delay

As shown in Figure 10, Pearson correlation analysis and linear regression were conducted on the
data between the values 50ms and 125ms, 250ms and 500ms.

Data n Data o0 Data o®
L ] e e
D b .. . ....

Motion Delay Dataset Columns of Motion Correlations Analysis of Scatter Plotting of
Delay Dataset Motion Delay Dataset Motion Delay Dataset

Fig. 10. Pearson correlation and regression line analysis

Figure 11 shows two important variables to determine a cartesian coordinate, which is a distance
of a CPD and the armature distances, which are denoted as d and da. The armature distance d; is the
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length of the mounting bracket from the origin of the servo motor location. The Eq. (1), Eq. (2) and
Eq. (3) were deduced to form Eq. (6), Eq. (7), Eq. (8) and Eq. (9). These expressions were programmed
in MATLAB based on the steps shown in Figure 11 to determine the cartesian coordinates of the CPD.

S

Ongin of Sensor Motion
|
Connecting point

of Vertical and Horizonta
Servo Motor

Fig. 11. Sensor armature (da.) and distance point (d)

z=d xsin (6, —6,) (6)
hc =d xcos (6y — 6,) (7)
x = hc X cos (0y) (8)
y = hc X sin (6y) (9)
where,

Variables Description

d Sensor captured distance

da Sensor armature distance

he The horizontal component of distances
0y Sensor vertical angle

B4 Sensor declination angle

On Sensor horizontal angle

Figure 12 shows an overall implementation for converting a spherical to a cartesian coordinate.
A lookup table stored the spherical and cartesian coordinates to use for computing space volume
rate. The lookup table consists of vertical, horizontal, distances, x, y and z coordinates. Since the
scanner was placed in the middle front of the x-axis, the cartesian coordinates appeared in both
positive and negative quadrants. Each negative value in the x and z axis were substituted with the
minimum positive value of the respective axis, so that the coordinates appeared in the positive
qguadrant, and the negative y-axis value was kept to zero.
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Horizontal
Component :
hc =
(d + da) x cos
(6y - 64)

Lookup Table Z-axis =
(Vert, Hozi, (d + da) x sin
Dist, x, y and Z) (6y - 8y)

Y-axis = X-axis =
hc x sin(6y) hc x cos(6y)

Fig. 12. Spherical to cartesian conversion steps

The vertical servo motor has to rotate from zero level position; therefore, ©4 represents the zero-
level position. However, tilted projecting was caused by 8y, as in Figure 13 (a). To correct the titling
effects, ©4 was deducted in conversion to Eq. (4) and Eg. (5), and the projection outcome was shown
in Figure 13 (b).

uot3Tsod oeg JaTL

ongin orngin

Fig. 13. (a). B4 projection effect, (b). Projection effect after removing (64)
5. Results

This study applied LiDAR as the scanner to measure the field of view (FOV) distances as the LiDAR
sensor has a narrow laser beam signal with lesser refraction comparable to the ultrasound sensor,
which is a radar wave in a canonical pattern that emits to detect obstacles. Capturing cloud point
data (CPD) in FOV is challenging when a scanner rotates at half or full cycle. There is a high possibility
of losing a detection point due to rotating speed, unavoidable mechanical vibration and surrounding
changes. A code snippet shown in Figure 14, implemented to determine an average of five successive
readings from the LiDAR sensor. The purpose of this code was to detect and register valid cloud point
data in a dataset to determine the unutilised space. The motion delay controlled the rotational speed
of two servo motors.
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const int avg_attempts = 5;
const int avg_max_samples = 10;
Adafruit_VL53LOX lox = Adafruit_VL53LOX();

float measureAverageDistance(int attempt, int max_samples) {
VL53LeX_RangingMeasurementData_t measure;
long int sum = @;
float count = @;
double avg =
int i = 0;

while ((i < max_samples) &% (count < attempt)) {
lox.rangingTest(&measure, false); // pass in "true’' to get debug data printout!
if ((measure.RangeStatus != 4) & (measure.RangeMilliMeter > 0)) {
sum += measure.RangeMilliMeter;
count++;

¥
i++;
¥

if (count > 0) {
avg = sum / count;

¥

return avg;

Fig. 14. Snipnet of Mismatch Handler

Figure 15, Figure 16 and Figure 17 show scatter plotting of distance data with regression line to
compare 50ms distance dataset with 125ms, 250ms and 500ms datasets. Supportively, Pearson
correlation analysis in Table 1 determines the comparison between the delays. There was no
significance between the delays from scatter plots and Pearson correlation analysis, therefore lowest
motion delay, 50ms is suitable for scanning at higher speed. Finally, a scanner was developed using
a tripod, low power, durable servo motors and a small lightweight LiDAR sensor.

Motion Delay Correlation of 5@ms Vs 125ms
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-
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o"
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500 e
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- }
430
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475.0 - 500.0
500.0 - 525.0
a0 “
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450 500 520 540 560

Sams

Fig. 15. Linear Regression Comparison of 50ms with 125ms
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Motion Delay Caorrelation of 5@ms Vs 250ms
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Fig. 16. Linear Regression Comparison of 50ms with 250ms
Motion Delay Carrelation of 50ms Vs 500ms
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Fig. 17. Linear Regression Comparison of 50ms with 500ms

Table 1

Pearson Correlation Data Analysis
Delays (s) 50x10° 125x10° 250x10° 500x1073
50x103 1.000 0.977 0.977 0.983
125x103  0.977 1.000 0.997 0.990
250x10°  0.977 0.977 1.000 0.999
500x10°  0.983 0.990 0.990 1.000

Figure 18 shows an impression of 3D cartesian coordinates of a shelf tier with the object inside
of the shelf tier, and the labels indicated areas with and without objects. The scanner is positioned
at the middle position of a tier shelf. The cartesian coordinates appeared in positive and negative
guadrants, shown in Figure 18 (a), and Figure 18 (b) has shown negative coordinates translation to
the positive region of cartesian. The coordinates translation is important to compute the percentage
of unutilised space in a shelf tier.
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Fig. 18. 3D of An Object and Empty Space

6. Conclusions

The scanner design incorporated a function that avoids data discrepancy in the dataset. The 50ms
motor rotational speed increases the scanning speed and efficiently harvests data to produce the 3D
impression from cartesian coordinates. The experimental results of this study have confirmed that
the proposed scanner design is suitable for obtaining the CPD of a shelf tier. The data recorded from
LiDAR has data loss, therefore extrapolation needs to complete the hidden zone to produce an
accurate 3D impression. In future work, machine learning algorithms such as support vector machine,
(SVM) or K-Nearest Neighbour (KNN) models will be applied to develop a sensory self-healing model
to countermeasure outliers or loss data that either extrapolate or modify data value in the dataset
to estimate the availability of the free space in a shelf tier.
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