
Multi-sensor fusion for inventory
monitoring

Ruofan Lin

Department of Automatic Control and Systems Engineering
University of Sheffield

This dissertation is submitted for the degree of
Doctor of Philosophy

September 2024





Acknowledgements

First and foremost, I would like to extend my deepest gratitude to my supervisor,
Professor Ashutosh Tiwari, whose support, encouragement, and patience have
been instrumental throughout my Ph.D. journey. Each encounter with him
provided valuable insights and constructive suggestions that significantly enriched
my research. His vast knowledge across many domains and his assistance in both
academic and non-academic matters have been a boon to my doctoral pursuit. I
am incredibly fortunate to have had the opportunity to complete my academic
journey under his guidance, which has enabled me to view problems from a fresh
perspective.

I also wish to express my heartfelt appreciation to all my colleagues in
Professor Ashutosh Tiwari’s group, who have contributed to a conducive research
environment and were always ready to provide necessary resources. A special
thanks goes to Dr. Boyang Song, who provided support during the initial, yet
bewildering, stages of my journey.

I cannot overstate my appreciation for my parents, Hanhong Peng and Changy-
ong Lin, whose unconditional and wholehearted support has been my bedrock at
all times. The values they instilled in me growing up have illuminated my path,
both in academia and in life. Moreover, my deepest thanks go to my partner, Dr
Manyu Zhang whose companionship, understanding, and sacrifices during this
period have been nothing short of a sanctuary.

Moreover, I consider myself fortunate to have spent a significant portion of my
life in Sheffield, a place I hold dear second only to my hometown city Shenzhen.
I have lived through my youthful years here, encountering many remarkable
individuals along the way. The warmth, openness, and friendliness of the people
here resonate with the hospitable nature of my hometown, making this a treasure
trove of unforgettable memories.

In conclusion, my sincere appreciation goes to all who have contributed to
making this thesis a reality. Your impact has not only facilitated my academic
journey but also shaped my character, and for that, I am eternally grateful.





Abstract

A large number of parts are used in the production activities of the assembly
plant. The quantity and quality of these parts in the process of transportation,
distribution, use, and recycling in the factory have an impact on production.
With a large amount of parts and tools, how to provide the right types and
quantity of parts at the time and right location becomes the key to business
success. Especially in recent years, with the advent of flexible manufacturing
systems, various parts or tools are being customised according to individual
preferences, leading to heightened requirements for material supply and process
tracking. In order to increase inventory visibility and traceability in internal
logistics hence improving the efficiency of the supply chain. The traditional
method uses manpower which is costly and time-delayed. Previous single-sensor
monitoring has its own limitations. For example, weight recognition is hard to
determine when multiple type items are mixed. Visual identification is susceptible
to problems such as occlusion and difficulty in identifying dense areas and every
item needs to be tagged by using Radio-Frequency identification (RFID).

Hence, this research proposes the use of the multi-sensor method, to address
three key topics. Firstly, we examine how to gather information from shelves and
identify which sensors are suitable for such inventory checks, design a weight and
vision detection method in the rack to identify the object in the rack. Secondly, we
explore the use of data fusion from two types of sensors to enhance the accuracy
of detections, compared to using a single sensor. In this context, we discuss
two fusion techniques: one based on conventional methods and deep learning
approaches. The concluding segment underscores the utilization of real-time data
to refine strategies concerning parts replenishment within the workstation area.
This dynamic improvement replenishment, in turn, augments dispatching and
delivery performance. This research aims to develop a multi-sensor data fusion
method capable of acquiring inventory information in assembly line storage racks
and enabling inventory monitoring with high precision and accuracy, leading to
improved intra-logistics performance.



This thesis commences with a literature review on the storage devices for

materials, and their characteristics, and revisits the applications of both manual

and single sensor methods in this domain. A novel dual-sensor design is proposed

for the detection of types and quantities of components. Furthermore, the

detection capability of a singular sensor was validated, followed by an exploration

of its detection capacity under various interference factors. Due to the limitations

of a singular sensor, and considering that no prior work has utilised both methods

for mixed object inventory detection, a comparison between traditional methods

and deep learning was undertaken. This included considerations of comparison

of accuracy, implementation di�culty, feature engineering, and prior knowledge.

The traditional method uses a mathematical approach to fuse weight and visual

data to predict di�erent types and quantities of parts in small containers. In the

realm of deep learning, attempts were made with both feature-level fusion and

decision-level fusion.

This research also presents a case study on the simulated classi�cation and

enumeration of Aircraft General Standard (AGS) parts, predominantly fasteners.

These parts are diminutive, expensive, and pose challenges for identi�cation by

single-type sensors. Results suggest that the deployed algorithms exhibit e�cacy

in scenarios with limited variety. Conventional fusion techniques demonstrate an

average accuracy of up to 80%, marking an enhancement compared to 73% for

single vision detection and 50% for weight-based detection. When employing deep

learning-based fusion at the decision-making level, an accuracy of 96% is achieved,

and at the feature level, it ascends to 88%. In the dynamic replenishment model

based on the Quantity, Recency, and Frequency (QRF) model, the time of out-of-

stock events is reduced at the same inventory level; or at the same out-of-stock

event time, the required inventory level is lowered.
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Chapter 1

Introduction

1.1 Background and Motivation

In recent years, digital factories have attracted increasing attention from manu-

facturing companies at both domestic and international levels. In the domain of

traditional, intensive assembly manufacturing, inventory management frequently

emerges as a time-consuming and laborious task. With the advent of Industry

4.0 [1, 2], a signi�cant proportion of enterprises have identi�ed the necessity to

enhance their existing assembly lines. As a pivotal component of the supply chain,

internal logistics streamline the transfer of raw materials, semi-�nished goods,

and �nished products within factory con�nes. Automated inventory management,

an innovative concept underpinned by Industry 4.0, o�ers manufacturers the

means to forestall out-of-stock situations. To curtail both out-of-stock incidents

and concomitant inventory expenses, an in-depth understanding of stock quan-

tity and location has become increasingly paramount [3]. The erstwhile evident

bene�ts of manual inventory checks, in terms of cost and e�ciency, may soon

become nebulous, especially given the non-real-time updating of inventory levels.

Conversely, a myriad of rack designs is ubiquitously employed in warehouses,

manufacturing plants, retail hubs, and other storage and distribution facilities,

lauded for their spatial e�ciency and ergonomic con�guration.

Using traditional methods, signi�cant manpower is requisitioned to under-

take periodic inventory audits or to enumerate each dispatch individually � an

endeavour that is both tedious and costly. While singular sensors might be apt

for speci�c tasks, they frequently manifest constraints, notably the ability to

detect or categorise solely one type of object. In stark contrast, each item under

inspection requires a radio frequency identi�cation (RFID) tag [4]. Applying
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these to a plethora of non-recyclable components is not only labour-intensive but

might also compromise the external aesthetics of the product.

Fortunately, with the advancement of the Internet of Things (IoT) and sensor

detection technologies, the potential exists to integrate multi-sensors for inventory

detection into assembly line �ow racks [5�7].

On the conventional factory �oor, a vast array of parts are consumed during

the manufacturing assembly process. For optimal internal logistics outcomes, it

is imperative that parts are available in the right quantity, at the right location,

and at the opportune moment. Especially in the aerospace manufacturing sector,

the production environment demands high standards and precision, involving

complex components and assembly processes. Typical aerospace manufacturing

facilities are equipped with advanced machinery, automated assembly lines, and

specialized storage systems to handle a variety of materials and components. To

glean insights into the logistics and performance, monitoring such activities is

indispensable. Counting and classi�cation emerge as the primary methodologies.

In environments where parts are dispatched to the workstation by a `shop',

there's a tendency among operators to overstock, leading to ine�ciencies. For

such settings, inventory management is crucial to ensure the availability of parts

while minimizing waste and costs.

To surmount these challenges, this thesis will introduce detection rooted in

multi-sensor fusion, amalgamating the strengths of multiple sensors to bolster

predictive e�cacy. Noteworthy studies in this domain include unmanned su-

permarkets such as Amazon's `Just Walk-Out Technology' [8, 9] and AIM3S

cashier-less convenience stores [10]. These pioneering establishments alleviate

the perennial issue of queuing at checkouts and furnish more accurate real-time

inventory insights, minimising out-of-stock events. For example, common con-

venience stores encounter shelf stockout rates of around 5-10%, resulting in a

possible sales loss of up to 4% [11]. The merits of automated inventory monitoring

discerned in retail settings could be transposed to manufacturing contexts: metic-

ulous inventory oversight results in fewer stock shortages, diminished wastage,

reduced assembly line interruptions, and enhanced pro�tability. Unlike retail

environments where products are predominantly displayed on shelves, assembly

line components are frequently stashed in storage devices, such as Euro contain-

ers. These components are often stacked or positioned in rack compartments

for spatial and ergonomic reasons. Manufacturing assembly parts, which often

bear similar morphological characteristics (e.g., nuts with varying diameters) and

denser detection zones (e.g., a substantial number of parts in a box), present

2



distinct challenges. Thus, relying solely on location-based information, as is the

norm in unmanned supermarkets, may not be e�cacious for this study.

1.2 Aim, objectives and contribution

This research aims to develop a sensor data fusion method that can acquire the

inventory level of the storage racks on the assembly line, and achieve inventory

monitoring with high precision and accuracy, therefore, improving the internal

logistics performance.

1.2.1 Research objectives

1. Developing a novel architecture sensor system to optimise dispatching

schedules and liaise with the logistics team, while implementing a sensor

network for in-rack inventory monitoring. The architecture of the system

includes two main parts:

(a) Weight-based inventory monitoring

(b) Vision-based inventory monitoring inside the rack.

2. To devise a mathematical algorithm for the integration of inventory data

from two distinct dimensions: weight-based and vision-based, capitalising on

prior knowledge. Additionally, to demonstrate the feasibility and ascertain

the accuracy of conventional fusion methods for inventory monitoring.

3. To develop two sensor fusion techniques based on deep learning networks

and transfer learning, aiming to enhance accuracy in monitoring both the

quantity and type of inventory.

4. Development of a Predictive Quantity, Recency, and Frequency (QRF)

Analysis Method to Enhance Logistics Performance through Dynamic Re-

plenishment Dispatching policy.

1.3 Research Methodology

Objective 1 (Chapter 3) : Designing a sensor system for improved part trace-

ability.

To implement automatic inventory detection, a review of various sensors and

their principles is needed. Comparing the placement, type, and number of sensors

3



will guide the inventory detection approach. The chosen sensor should be cost-

e�ective, highly stable, capable of detecting multiple categories, and due to factory

edge device computational limitations, not too numerous. Additionally, these

sensors should complement each other to capture as much inventory information

as possible. Simulations of sensor placements in racks followed by experiments

have demonstrated that weight and visual sensors can detect parts on shelves.

However, their recognition capability may diminish in the presence of multiple

interferences.

To ensure that sensors can e�ectively monitor inventory levels, it is paramount

to �rst enable the sensors to receive valid data. Initially, a comparison of di�erent

sensor characteristics was conducted to determine the appropriate sensor selection.

Following this, a comparative analysis was carried out by placing sensors at various

positions on the shelves to evaluate the e�cacy of the information collected. A

setup that aimed at maximising data collection while minimising the number of

sensors was chosen. This, in turn, reduced the complexity of the algorithm and

computational demands.

Subsequently, IoT technology was employed to transmit the information from

the sensors, via the connected edge devices, to computers for further analysis.

By simulating potential challenges such as noise/occlusion from various positions

and insu�cient lighting, a series of experiments were conducted. This was done

to validate the feasibility of the proposed sensor types and placement positions in

inventory monitoring.

Objective 2 (Chapter 4) : Data Analysis and Fusion for Enhanced Detection

Accuracy.

Building on the foundation of the �rst objective, once sensor output data

is available, it's possible to analyse and merge this data, leveraging the fused

information to boost detection accuracy. Generally, there are two methodologies:

traditional data fusion and the recently popular deep learning approach. Either

method should enhance accuracy. A purpose-designed dataset is introduced, with

di�erent detection categories and quantities selected to ensure comparability.

When attempting to traditionally merge weight and visual data, this approach

allows for a limited combination and quantity of fusion. A comparative study is

conducted to quantify the accuracy enhancement brought about by the fusion,

analysing how much data is needed, the capability to overcome obstructions, and

the required conditions and prior knowledge. This comparison aims to benchmark

the performance of each algorithm in detecting inventory levels.
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In order to achieve Objective 2, advanced visual models were selected, employ-

ing decision-level fusion. Through the image models, image results are outputted.

Weights are determined by integer programming, outputting a set of possible

combinations. Based on prior knowledge and boundaries, a large portion of

the possibilities are eliminated. Lastly, the remaining options are subjected to

probability calculations through the Noise Channel model, thereby facilitating

the prediction of object types and quantities.

Objective 3 (Chapter 5) : Creation of an Optimised Algorithm for Simplicity

and Reduced Dependency on Feature Engineering.

The third objective is to develop an optimised algorithm, reducing the com-

plexity of manual calculations and minimising the need for extensive feature

engineering. Deep learning techniques are explored here, to circumvent reliance

on manual prior knowledge, extensive observations, and numerous other require-

ments. This will introduce two levels of fusion: feature level and decision level.

Using previously established testing methods, the performance of the model is

assessed. This endeavour is geared towards a more e�cient large-scale applica-

tion, both in terms of ease of implementation and future model enhancement.

Comparisons are made with previous algorithms to conclude the study.

The design of this objective is to extract features through the latest object

detection models followed by data fusion. One advantage is the utilisation of

the most advanced detection algorithms without the necessity of expending

substantial time and e�ort on primary feature extraction, with updates to more

advanced models as image models iterate.

Within typical feature-level fusion, there generally exist three methods: mul-

tiplication, addition, and concatenation. The choice of method depends on the

information content of the fused data, and also on empirical attempts to ascertain

which method is most e�ective. Employing multiplication can exponentially

increase the computational di�culty of the model, while using the concatena-

tion method can increase the data dimensions, thereby augmenting the model's

complexity, which is unfavourable for operation on factory edge devices.

Regarding a data set with a weight scaler, an initial attempt was made to

incorporate it into image features using addition. Here, a noise map was employed,

as the weight, being a numerical value, may have a relation with all image features.

Unlike semantic understanding where all vocabularies have relevance with the

image features thus requiring multiplication for vector fusion. The accuracy of

the aforementioned can be veri�ed through experimentation, details of which are

elaborated in Chapter 5.
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Objective 4 (Chapter 6) : Enhancing Internal Logistics through Simulation-

based Forecasting via a dynamic change in replenishment policy.

This computational model is engineered to simulate and juxtapose the oper-

ational dynamics of a traditional supply chain against a real-time data-driven

supply chain within the context of aerospace manufacturing. By meticulously

analysing the simulated outcomes, this thesis aims to unravel the potential ad-

vantages imbued within a �exible, data-centric supply system. Through this

investigative lens, it envisages elucidating how such a system can reduce waste, re-

duce out-of-stock events, and henceforth usher the manufacturing process towards

an enhanced level of e�ciency and predictability.

Speci�cally, a model was designed that can process real-time data, establish

a database, and then analyse its QRF (Quantity, Reliability, Frequency) score.

A higher score indicates a higher consumption trend of a particular component,

thereby adjusting the replenishment quantity and replenishment threshold in real

time. Conversely, a lower index would indicate a lower consumption trend, which

would also lead to adjustments in replenishment levels accordingly.

1.4 Thesis outline

This thesis �rst investigates and demonstrates the possibility of collecting infor-

mation from factory �owrack, in the ability to detect internal inventory using

sensors, and explores the shortcomings of each sensor, enabling monitoring to

be used for sensor fusion tasks to obtain highly accurate inventory data. This

includes the use of prior knowledge, observations of internal logistics, and supply

characteristics, and deep learning.

ˆ Chapter1 Introduce the subject and research inquiry, along with outlining

the aim and objectives for this research.

ˆ Chapter2 A review of the literature pertaining to automatic detection

techniques in manufacturing and industry, with a speci�c focus on the

manufacturing sector, as well as sensor fusion and other �elds where similar

use cases are applied.

ˆ Chapter3 Development of an inventory monitoring system inside the �ow

rack for detecting and classifying manufacturing parts

ˆ Chapter4 This one utilises a mathematical approach to sensor fusion based

on prior knowledge to fuse information from weight and vision sensors,

6



Fig. 1.1 Research methodology

which is based on a noisy channel model, eliminating the need for fusion

using devices such as GPUs and enhancing the simplicity and ease of use of

fusion on the edge device.

ˆ Chapter5 This chapter develops a novel FEI-DEO and DEI-DEO-based

transfer learning solution that extracts features from state-of-the-art models

as a novel way to join weight sources for fusion. There are also attempts

to bene�t from the adaptive capability of deep learning by introducing

probabilistic deep learning through the database to address the challenges

in sensor fusion and reducing the reliance on time-consuming industrial

observation and prior knowledge.
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ˆ Chapter 6 In this chapter, a consumption assessment methodology based on

QRF (Quantity, Reliability, Frequency) has been developed. This approach

harnesses real-time data to predict future consumption rates, enabling a

swift response to variations in consumption. This reduces the reliance on

large amounts of high-quality data upfront, increases �exibility and reduces

computational consumption.

ˆ Chapter7 Discussion and conclusions based on the completed research are

presented, alongside an overview of the research's limitations and potential

avenues for future work.

1.5 Associated publications

Conference Proceedings

1. Lin, R., Tiwari, A., & Oyekan, J. (2022, September). Counting assistant

through multi-sensor fusion for inventory monitoring. In 2022 27th In-

ternational Conference on Automation and Computing (ICAC) (pp. 1-6).

IEEE.
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Chapter 2

Literature review

2.1 Introduction

In today's increasingly complex manufacturing landscape, monitoring and manag-

ing inventory is paramount to e�cient production [ 12]. The evolution of inventory

control and its underlying technologies has become a subject of critical impor-

tance, especially in sectors characterized by high-value and intricate products,

such as aerospace manufacturing. Yet, despite advancements in other �elds, the

integration of automated monitoring within manufacturing has lagged [13]. This

literature review aims to provide a comprehensive overview of the current research

on inventory monitoring techniques within the manufacturing industry [14, 15].

It seeks to understand the placement methods and internal �ows of materials,

with an emphasis on their application in the high-value aerospace sector.

Additionally, the review aims to explore why automatic monitoring has not

been as widely implemented in other industries. The following themes will be

addressed: an introduction to the most common methods of material stacking

and internal logistics; an examination of prevalent inventory detection methods,

including implementation techniques and visual models; an exploration of various

sensor detection methods, including both single and multiple types, with a focus on

the technology of sensor fusion; and �nally, an analysis of the current applications

of these technologies within both the manufacturing and commercial sectors. It

then reviews predictive methodologies aimed at reducing inventory levels while

enhancing replenishment e�ciency. By dissecting these aspects, this review aims

to contribute valuable insights into the state of the art in inventory monitoring

technology, paving the way for future advancements and wider applications.
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2.2 Overview of Automated Inventory Detection

Systems and Techniques

Inventory management is a multifaceted process encompassing forecasting, re-

quirement determination, data abstraction, and decision-making. A key objective

within this domain is to mitigate execution errors such as over-picking, stock-outs,

inaccurate inventory counts, and misdelivery of parts, as these shortcomings can

deleteriously a�ect logistics performance, precipitate retail sales losses or interrupt

manufacturing operations [16]. Therefore, regular manual stock inspections are a

quintessential exercise for companies.

Commonly employed stock counting methodologies are grounded in periodic

accounting principles, notably cycle counting and residual balance counting [17].

These methods facilitate the abstraction of essential data concerning the type and

quantity of items, and in more expansive terms, the temporal and spatial aspects

related to these items. Such data is instrumental not only for adept inventory

control and production planning but also for prognosticating inventory levels,

thereby aiding informed decision-making. However, the prevalent practice of

labour-centric inspection regimes is often neither cost-e�ective nor time-e�cient,

leading to delays in critical decision-making processes. Consequently, the proposal

to leverage sensor-based detection mechanisms emerges as a salient solution to

the aforesaid human resource constraints.

A scrutiny of various inventory detection technologies reveals their utilisation

across a diverse array of environments, albeit for analogous purposes. The infor-

mation gleaned encompasses, among others, quantity, product name, location, and

temporal data. Ergo, from a manufacturing standpoint, this discourse delineates

the employment of certain detection techniques to obtain the requisite informa-

tion. Below is a review of typical inventory monitoring methods, elucidating their

operational paradigms and contributory signi�cance to the broader inventory

management milieu.

2.2.1 Single-sensor based detection

A single type of sensor can detect, classify, and localize objects with some

limitations, and these are already widely used in factory automation.

Weight-based detection

Weight-based identi�cation is a cost-e�ective, mature, and robust technology

extensively employed in inventory monitoring, owing to its resistance to external
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interference such as light and spatial density. This technology primarily utilises

load cells, as shown in Figure 2.1, placed on shelves or tables, employing weight

variance as a key metric for estimating container availability [18, 19]. However, it

falters when an object's weight is a multiple of another.

Piezoresistive textile sensors have been deployed in smart retail settings

to ascertain object count, placement, and displacement time on shelves for

loads ranging between 0.5 to 1.5 kg [20]. Given the sensor's position beneath

the detected object, it can approximate the object's location, facilitating a

rudimentary estimation of object type (albeit requiring pre-input information

and the assumption that identical object types occupy a given position).

Additionally, capacitive sensing mat technology, when aligned vertically to an

object, can infer the object's shape and orientation, thereby deducing its type or

quantity [ 21, 22]. Techniques such as the Four Legs Method have been employed

to ascertain tabletop product locations [23], comparing pre-input location data

to infer object type and quantity [10]. Nevertheless, neither textile nor capacitive

sensing adequately addresses scenarios involving containers, e.g., boxed items,

warranting the incorporation of alternative sensing technologies.

Earlier studies have explored capacitive weight-sensing mats, which gauge ca-

pacitance alterations between two parallel plates to analyse item presence, absence,

or shape, thus identifying and enumerating them [24� 26]. Moreover, cost-e�ective

controllers often accommodate weight-based identi�cation systems. Utilising

a capacitive mat or textile to capture object imprint shape facilitates object

recognition [27, 28]. However, this technology, prone to permanent deformation,

continuous impact, and liquid interference, presents longevity challenges.

The application of weight detection in smart homes, particularly in refrig-

erators through IoT, is well-documented [29]. Nonetheless, it necessitates prior

object location prediction. Noteworthy attempts to surmount this include [30],

proposing a four-bed setup on support points to simultaneously ascertain object

position and quantity.

Comparatively, load cell technology, as depicted in [31� 33], often proves

more viable than weight-sensing mats. Typically con�gured in a "Z" shape to

apply torque to steel bars, a load cell's four strain gauges measure bending

deformation�two gauging pressures and two tension. When integrated within a

Wheatstone bridge structure, minute resistance variations in the strain gauges

are precisely measured, enabling accurate weight change determination.
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Fig. 2.1 One of many kinds of load cells

Vision-base detection

Vision is a potent sense that enables interaction with the physical world sans direct

physical contact. In the recent wave of machine learning advancements, computer

vision has emerged as a popular detection modality. Notable applications include

autonomous vehicles [34], product quality inspection [35], face recognition [36],

and shelf inspection.

Despite signi�cant strides in vision identi�cation, limitations persist, particu-

larly concerning neural networks and light propagation. The constraints are as

follows:

ˆ The e�cacy of vision technology is compromised by lighting conditions and

installation angles, and it is prone to occlusion.

ˆ Blind spots may occur due to the camera's installation angle.

ˆ Image occlusion is exacerbated when numerous boxes are placed on racks.

ˆ The risk of over-training the neural network or the inadequacy of the training

set.

ˆ Noise intrusion during signal capture, conversion, transmission, and pro-

cessing.

Vision-based identi�cation excels when packaging di�erentiation exists. How-

ever, the convenience retail sector often presents visually similar items with

distinct content.

Adopting Deep Learning techniques alongside a data-driven methodology has

shown promise. Models such as Mask R-CNN [37], Fast R-CNN [38], Faster

R-CNN [39], and Yolo [40] have made signi�cant strides. Nonetheless, challenges

like the necessity for hyper-parameter tuning and the requirement of thousands
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of training images under varied conditions persist. Moreover, the similarity in

appearance across products (same type with di�erent sizes) may compromise

vision accuracy. In light of the rapid evolution in this �eld, currently, YOLO V8

stands as one of the superior models. However, a method that can swiftly adapt

to the state-of-the-art is preferable for our inventory testing pursuits.

The graph-structured visual imitation approach leverages computer vision

and machine learning to emulate human �nger movements using robotic hands,

grounded on visual entities (objects, parts or points) and spatial relationships

[41]. This technology requires merely a few object mask examples to ascertain

the key points of the human hand, displaying robustness to background clutter

and generalising across di�erent object instances [41]. Experimental validations

include actions like pushing, stacking, and pouring.

RFID detection

RFID presents an alternative solution worthy of consideration. As noted in the

German patent [42], RFID technology has already found applications on �ow

racks as illustrated in Figure 2.2. While it allows for the detection of box presence,

discerning the contents within remains a challenge.

Fig. 2.2 RFID application on �ow rack
[42]

Typically, RFID is employed at the case and pallet level rather than at an

item level. The high cost and suboptimal read rate hinder its applicability for
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small items within a factory setting. Furthermore, the abundant presence of

metallic objects within the factory can disrupt the RFID signals. During object

localisation, the system struggles to ascertain speci�c locations due to metal-

induced re�ections and interference from other tags, culminating in positional

reading errors [19].

The substantial cost entailed in setting up RFID system infrastructure poses

a signi�cant drawback, with several limitations yet to be fully explored. For

instance, di�culties arise when reading stacked items [43]. Besides, labelling

each item induces additional labour costs. In one instance, RFID was utilised

to locate goods within a building [44]. While RFID proves advantageous with

larger products, it encounters disturbances when dealing with stacked small items.

Existing technology is striving to mitigate cross-reading issues and reduce the

number of required readers by integrating antennas [45]. However, this solution

compromises �exibility as it necessitates �xed antennas.

The research by [46] highlights that, although RFID could resolve supermarket

inventory challenges, maximising its e�ciency generally necessitates optimising

shelf space. Given these considerations, the scope and feasibility of RFID ap-

plication, particularly within an aerospace manufacturing factory setting, are

brought into question. The practicality of labelling hundreds or thousands of

parts appears to be signi�cantly diminished.

Barcode-Based Inventory Detection Systems

Upon its invention, barcode technology quickly garnered widespread adoption,

demonstrating e�ective identi�cation capabilities across various complex environ-

ments. Employing barcode technology for inventory management and monitoring

has emerged as a common practice, presenting a range of bene�ts and drawbacks.

On the positive side, barcode systems notably enhance e�ciency, reduce errors,

save time, improve data reliability, prove cost-e�ective over time, allow smooth

integration with other IT systems and enable inventory monitoring [32].

Conversely, there are signi�cant shortcomings linked with the implementation

of barcode systems. A primary concern is the system's rigidity, which might pose

challenges when dealing with non-standard or specialised inventory items, thus

showing a lack of adaptability to speci�c needs. Another major issue is the heavy

reliance on barcode labels. The accuracy and e�ciency of inventory data hinge on

the preservation and readability of the barcodes, rendering the system susceptible

to disruptions if labels are damaged or lost.
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Furthermore, the necessity to a�x labels to all items represents another

limitation. This mandate introduces an additional procedural step, potentially

heightening operational complexities, particularly in scenarios where items are

excessively small or have surfaces unsuitable for barcode labelling. In such cases,

the labelling process can become cumbersome, especially on manufacturing parts,

and it will also damage the property of the item.

Inductive Detection

Inductive sensors operate by detecting changes in inductance caused by the

presence of an object, making them suitable for counting metallic objects. These

sensors can measure the position, speed, and distance of metal objects, and are

commonly used in applications such as monitoring vehicle tra�c [47]. However,

they are susceptible to electromagnetic interference, which may not be suitable

in large and can a�ect their performance.

Ultrasonic sensors and and Laser scanners

Ultrasonic technology calculates distance by measuring the time it takes for

ultrasonic waves to travel to a surface and re�ect back [48]. Inventory systems

utilising this technology are particularly e�ective for detecting smooth liquid

surfaces, as ultrasonic sensors are one-dimensional and can only estimate the level

from a single point on the surface.

In contrast, laser scanners use laser beams to scan objects and calculate the

re�ected light signals, allowing for precise measurement of an object's size and

shape. This makes them suitable for scenarios requiring high precision and the

ability to handle complex shapes [49]. They are ideal for bulk solid inventory

management and industries where maintaining a distance from the inventory is

essential for hygiene and preventing damage to products or sensors. Laser scanners

are also more e�ective at scanning larger areas compared to deploying numerous

scanners in smaller regions, making them particularly useful in food processing,

cement, and chemical processing industries. However, laser scanners are generally

more expensive than cameras and generate larger amounts of three-dimensional

data, requiring signi�cant computational and storage resources for processing.
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2.2.2 Multi-sensor based detection

Based on previous reviews of single-sensor technology, object recognition methods

can be primarily divided into four categories: size and weight measurement,

electromagnetic characteristics, optical scanning, and sound analysis.

None of these solutions can fully tackle the autonomous inventory monitoring

issue on their own, due to the sensory modality limitations and environmental

complexity. There is still a lot of work to be done to identify objects by weight

and appearance characteristics, and most of the cases focus on only one sensing

method. Although the previous technology is e�ective, it has the disadvantages of

low accuracy, long delay in obtaining results and cost prohibitive. This automatic

monitoring can reduce user input errors, which are common in other popular

applications such as expensive tools failure detection or defects of the products.

Therefore multi-sensor-based approaches are starting to be invented.

Several studies have ventured to improve food classi�cation through multi-

sensor integration, targeting applications such as grocery re-identi�cation or

expired item detection within refrigerators [50� 52]. Even within restricted and

highly controlled environments, these studies underscore the utility of multi-

modal sensing for item detection. A notable challenge in sensor fusion is the

accurate estimation of the joint conditional probability. Addressing this, Ruiz et

al. [53] proposed a higher relevance weighting for product prediction, highlighting

that the performance of weight sensors remains stable amidst occlusion. They

advocated for additive modalities prediction over multiplication to mitigate the

adversities posed by light and angle on vision, thereby averting a null detection

probability outcome.

Despite the proprietary nature of industry applications like Amazon Go [54],

there has been a dearth of similar techniques concerning sensor fusion via deep

learning for inventory acquisition. Nonetheless, other domains such as workpiece

repair prediction and process inspection exhibit potential in this realm.

Within a con�ned scope, certain investigations have delved into multi-sensor

implementations in supermarkets, exploring the autonomous shopping experience

through the integration of weight and visual sensors. However, the placement of

weight sensors at the base of objects, facilitating the capture of object information

via location assistance [10, 55], presented challenges. Techniques like capacitive

sensing and quadrilateral localisation have been employed to ascertain object

positioning [30, 56], yet when applied to �ow racks housing multiple boxes

within each column, these techniques disrupt the �ow and substantially increase

the demand for weight sensors, consequently quadrupling the information �ow.
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This surge imposes a signi�cant demand on invaluable industrial computational

resources. Additionally, challenges arise from the intricacies of estimating joint

conditional probability within this sensor fusion paradigm.

2.3 Review of Image Detection Model

Image detection, a pivotal subset of computer vision, has markedly evolved with

the advent of deep learning algorithms [57]. The principal objective of image

detection is to identify and locate objects within images. Over the years, a

myriad of models has been developed, each exhibiting distinct advantages and

limitations. This section endeavours to elucidate some of the seminal models in

image detection, o�ering a succinct critique of their performance and applicability

in diverse settings. By comparing them, we selected 3 cases that are suitable for

us, preferably real-time, lightweight, and less computationally intensive models.

Convolutions neural network (CNN)

Historically pivotal in object detection, Convolutional Neural Networks (CNNs)

are now witnessing a diminished prevalence due to several emerging trends

[58]. A performance plateau has been reached with CNNs in certain domains,

prompting a turn towards alternative models that promise enhanced performance

or better computational e�ciency, crucial in real-world applications with resource

constraints. The latency exhibited by CNNs in scenarios demanding real-time

object detection is also a factor driving this shift [59]. Furthermore, the rise of

multi-modal learning models, which e�ciently handle various types of data in a

uni�ed manner, has overshadowed the somewhat uni-modal nature of conventional

CNNs [60]. Additionally, newer models showcasing better generalisation across

diverse tasks and datasets, evolving research focus towards better interpretability

and robustness, along with a trend towards hybrid models integrating CNNs with

other architectures, like Transformers, represent the contemporary shifts in the

object detection realm, steering away from traditional CNN-centric approaches.

You Only Look Once (YOLO) Model

You Only Look Once (YOLO) is a real-time object detection model introduced in

2015 by Joseph Redmon et al [40]. Since its inception, the model has undergone

rapid evolution, now being in its eighth iteration.

YOLO, along with the Single Shot Multibox Detector (SSD), has signi�cantly

advanced the �eld by o�ering real-time detection capabilities. YOLO is particu-

17



larly acclaimed for its swiftness, achieving object detection in a single forward

pass through the network. However, it tends to trade o� accuracy for speed,

especially in scenarios involving small or overlapping objects [61].

Despite this, YOLO maintains a respectable level of accuracy while keeping

the model size compact. It can be trained on a single GPU, making it accessible

to a wide range of developers. The a�ordability of deploying it on edge hardware

or cloud platforms further adds to its appeal.

In terms of object detection within an image, YOLO generates thousands of

candidate anchor boxes throughout the image to localize potential objects. For

each anchor box, an o�set is predicted to form a candidate box approximating

the true object's shape and size. A loss function is then computed relative to

the ground truth, measuring the error between the predicted candidate box and

the actual object location. Concurrently, a probability is assessed, quantifying

the likelihood of overlap between the o�set candidate box and a genuine object

within the image. If this probability exceeds a threshold of 0.5, it is factored into

the loss function, thereby actively in�uencing the error measurement. Through

this iterative process of rewarding and penalising predicted boxes, the model is

steered towards accurately localising true objects within the image.

E�cientNet

E�cientNet, a robust neural network architecture, was proposed by Google

researchers Mingxing Tan and Quoc V. Le [62]. This network distinguishes

itself by achieving a high level of accuracy while maintaining a reduced count of

parameters and computational demand, accomplished through a balanced scaling

of network depth, width, and resolution.

A more recent advancement, the E�cientDet model, presents a harmonious

blend of accuracy, e�ciency, and scalability, making it a suitable candidate for

various real-world applications. Its innovative architecture, encompassing a bi-

directional feature pyramid network and a weighted feature fusion mechanism,

bestows superior detection performance compared to its predecessors.
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2.4 Inventory Management in Aerospace Manu-

facturing

2.4.1 Characteristics of Inventory in Aerospace Manufac-

turing

Inventory management in aerospace manufacturing is characterized by unique

challenges due to the industry's stringent requirements and complex processes.

This section outlines the critical aspects involved in managing inventory within

this sector.

Precision and Reliability

Aerospace components necessitate highly precise manufacturing and assembly pro-

cesses. Inventory systems must meticulously track each part's location, condition,

and quantity, ensuring compliance with stringent quality standards. Components

are often tagged with unique identi�ers such as batch or serial numbers, facil-

itating quick identi�cation and recall if needed [63]. These unique identi�ers

allow real-time control over the product value chain throughout the production

process. This capability enables dynamic and e�cient production path planning,

and immediate retrieval of component information such as origin, storage status,

and location, enhancing production e�ciency and quality management.

Unlike the high-volume, repetitive operations in the automotive industry,

aerospace manufacturing involves lower production volumes and more varied

processes. This often necessitates manual operations, introducing potential

variability. However, the industry is gradually integrating automation to support

these manual processes. For example, while hand layup is labour-intensive and

suited for complex, low-volume parts, automated processes like �lament winding

and tape lamination ensure higher production rates and consistent quality[64].

High Value

Due to complex designs, advanced materials, and high precision requirements,

aerospace components are typically high-value items. The integration of smart

manufacturing and Industry 4.0 technologies, such as robotics and arti�cial intel-

ligence, is increasingly prevalent in aerospace production to enhance e�ciency

and precision. These technologies optimise production processes, reduce errors,

and improve overall component quality [65]. Incorporating cyber-physical sys-

tems, additive manufacturing, and product traceability enhances �exibility and
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responsiveness, crucial for managing small-batch and customized production

demands.

Complexity and Diversity

Aircraft are assembled from thousands of unique components, each with speci�c

requirements. Managing such extensive inventory necessitates meticulous tracking

and forecasting to ensure availability and regulatory compliance. For instance,

the diverse nature of maintenance, repair, and overhaul (MRO) operations means

inventories must include a wide range of parts, from frequently used items to

those needed for rare or unscheduled repairs [66].

To address these challenges, the aerospace industry is increasingly adopting

advanced technologies. AI is used for predictive analytics, RFID for real-time

inventory tracking and blockchain for ensuring supply chain transparency and

traceability. These technologies optimise inventory levels, reduce costs, and

enhance supply chain responsiveness [66].

The quality of aircraft components must strictly adhere to aeronautical stan-

dards, as even minor defects can signi�cantly impact safety. Using incorrect parts,

even with a small error rate but large volumes, can cause signi�cant defects, pro-

duction delays, and damage to the company's reputation. By integrating Industry

4.0 technologies, manufacturers can better meet the demand for personalized and

customized products while achieving higher production e�ciency and �exibility.

These technologies not only help manufacturers reduce costs but also improve

their competitiveness in a demanding market.

2.4.2 Unidirectional �ow of parts

Unlike conventional production lines, aerospace manufacturing demands higher

quality standards. While there have been attempts to implement automated

production such as [67] and material allocation technologies [68], the industry

still primarily relies on labour-intensive processes. This distinction arises from

the fact that aerospace production varies in scale and customization compared to

industries such as automotive manufacturing. Aircraft often require a diverse array

of specialized components, leading to the need for skilled workers to manually

assemble a large number of parts. These factors, compounded by the unique

nature of the products, result in considerable waste of materials in internal

logistics.

One quintessential example of this is when pickers estimate the quantity of

parts needed, they often select more than required, leading to an oversupply.
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Fig. 2.3 Unidirectional �ow of parts on the manufacturing �oor

This excess has serious consequences; once placed on the production line, these

parts cannot be directly returned to the warehouse due to quality and safety

concerns. Unused parts must then be scrapped, resulting in considerable waste.

This problem is compounded by the fact that some parts have a shelf life and

therefore cannot be reused. Moreover, mistakes in the picking process further

contribute to the waste, as wrongly picked parts are rendered unusable.

2.4.3 Storage System in Manufacturing2.

Flow rack

This research is predicated on the monitoring of inventory within gravity �ow

racks. A gravity �ow rack comprises an inclined roller frame, wherein stock is

loaded from the rear and withdrawn from the front, as demonstrated in Figure

2.6. This system operates on a First-In-First-Out (FIFO) basis, which enhances

inventory density and ergonomics relative to traditional shelving systems due to

its depth and the perpetual foreground positioning of inventory for facile retrieval

[69]. Given that gravity propels the inventory movement, there is no requisite for

additional electricity or other forms of power.

While various types of racking systems may be present within an assembly

line�such as the Last-In-First-Out (LIFO) push back rack depicted in Figure

2.4�this research exclusively focuses on the gravity �ow rack and its operating

principle, as illustrated in Figure 2.5 and 2.6.

Flow rack roller

In the �ow rack depicted in Figure 2.7, three types of rollers are identi�ed. The

selection of rollers is contingent upon the size and the intended use case of the
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Fig. 2.4 Push back rack
[70]

Fig. 2.5 Gravity rack in ware-
house

[71]

Fig. 2.6 FIFO �ow rack

boxes. The full-bed polycarbonate wheels are adept at accommodating varying

box widths due to the absence of �xed lanes. Conversely, full-width steel rollers

and polycarbonate wheels are more suited for storing boxes of consistent widths

as they possess �xed lanes.

Additional accessories for the �ow rack are available to enhance its functionality.

For instance, guides can be employed to fashion tilt trays at the discharge end,

thereby facilitating easier access to the box or tote bag tops for piece-picking

tasks.

The two-column downward roller, illustrated in Figure 2.8, is noteworthy due

to its provision of a more �exible loading scheme.
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Fig. 2.7 Examination of various types of �ow Rollers

[72]

Fig. 2.8 The �ow rack roller

[73]

Euro container (�ow rack box)

The box housed within the �ow rack is designated for accommodating Euro

containers (Figure 2.9). These containers, characterized by their solid bases and

sides, are optimally suited for small load carriers. Additionally, they are equipped

with a top handle, facilitating easy transportation. A noteworthy feature is their

capability for vertical stacking across multiple levels. Supplementary components

such as top covers and dividers may be employed, the utility of which is governed

by the speci�c requirements at hand. The dimensions of these containers are

inherently dependent on the spacing between the rollers of the �ow rack, with a

recommended maximum weight of 12 kg per box, epitomizing typical industrial

applications. It is pertinent to mention that the scope of this research does not

extend to the stacking or crossover of boxes within the compartments.
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Fig. 2.9 Box applied in �ow rack

2.5 Multi-Sensor fusion technique

Sensor fusion is the process of combining data from multiple sensors to provide

a more comprehensive view of a system or environment. This can be achieved

through techniques such as Kalman �ltering [74], Bayesian estimation [75], and

decision-making algorithms [76]. Sensor fusion is commonly used in robotics,

autonomous vehicles, and other applications where a single sensor may not

provide enough information to make decisions. By combining multiple sources

of information, the resulting data can be more accurate and reliable, leading to

improved decision-making and overall system performance [77].

2.5.1 Classi�cation of Sensors Based on Inter-relationships

Data fusion is an interdisciplinary domain encompassing various �elds, making

it challenging to delineate a precise and rigid classi�cation. The methods and

techniques utilised can be segregated based on the subsequent criteria:

ˆ Considering the relations among the input data sources as delineated by

Durrant-Whyte [ 78] shown in Figure 2.11. These relations are categorized

as:

1. Complementary : Obtaining more complete global information by

merging di�erent parts of a scene from multiple input sources, e.g.,

two cameras with distinct �elds of view in visual sensor networks.

2. Redundant : Incrementing con�dence by fusing overlapping or identi-

cal data from multiple sources, e.g., overlapped areas in visual sensor

networks.

3. Cooperative : Generating more complex new information by combin-

ing provided data, e.g., multi-modal (text and video) data fusion.
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ˆ Based on the input and output data source and their inherent nature as

delineated by Dasarathy [79] The classi�cations are illustrated in Figure

2.10, broadly encompassing the following categories:

1. Data In-Data Out (DAI-DAO): This basic fusion method takes in

raw data and outputs raw data too, usually with increased reliability.

It's an immediate process post data collection, primarily utilising signal

and image processing algorithms.

2. Data In-Feature Out (DAI-FEO): At this stage, raw data is used

to extract descriptive features of an observed entity.

3. Feature In-Feature Out (FEI-FEO): Here, features are both input

and output, aiding in re�ning or generating new features. It's also

referred to as feature fusion or information fusion.

4. Feature In-Decision Out (FEI-DEO): Features are processed to

produce decisions. Most classi�cation systems working with sensor

data operate at this level. This architecture is prevalently employed

in sensor fusion for monitoring purposes, with an extensive body of

literature within this domain substantiating its widespread utilisation

[80, 81].

5. Decision In-Decision Out (DEI-DEO): Known as decision fusion,

it re�nes or forms new decisions by combining initial decisions [82].

ˆ Classi�cation based on the architecture style [77]:

1. Centralized a central processor hosts the fusion node, receiving and

processing data from all input sources. This setup optimally centralises

all fusion processes, given proper data alignment, association, and

negligible data transfer time. However, real systems may su�er due to

time delays in data transfer and the extensive bandwidth required for

raw data transmission, especially in visual sensor networks. Within the

context of a �ow rack scale, centralising the connection of all sensors

to a single host emerges as a more judicious option. Establishing a

dedicated processing host for each sensor load cell is deemed impractical

due to the associated logistical and economic implications.

2. Decentralized This setup forms a network of nodes, each with process-

ing capability, but no singular fusion point. Every node independently

fuses its local data with data from its peers. Despite facilitating au-

tonomous data fusion, this architecture may face scalability issues as
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node numbers increase due to the necessity of peer-to-peer communi-

cation.

3. Distributed Each node processes its data before sending it to a

fusion node. The fusion node then aggregates this pre-processed

information from all nodes, creating a uni�ed view. With options for

single or multiple fusion nodes, this architecture allows for initial local

processing, reducing the burden on the central fusion process. Upon

an examination of performance, considering one rack as an entity, it

appears that this architecture is better suited to the shop �oor scale

but it will also bring computational cost.

Fig. 2.10 Dasarathy's classi�cation

Whyte's classi�cation is based on distinguishing between various data sources

based on the relations among them. This classi�cation system can be a useful

way of structuring and understanding the data gathered in qualitative or mixed-

methods research. Here's a more detailed breakdown of the key aspects and a

review of Whyte's classi�cation system.
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Fig. 2.11 Classi�cation by Whyte is based on the relationships among the sensor
sources

2.5.2 Traditional Mathematical Fusion

Kalman Filter The Kalman �lter, proposed by Rudolph in 1960 [83], is a

prominent sensor fusion algorithm. It fuses data from di�erent sources to estimate

unknown values and is predominantly used in navigation and control technology.

In dynamic systems, where uncertainty prevails, Kalman �lters o�er superior

accuracy over predictions made using a single measurement method. Their

recurrent nature enables the anticipation of present and future conditions, given

the previously recognised position and speed of an object, like a car [84]. Despite

their usefulness, they come with inherent limitations:

ˆ Assumption of Linearity and Normality: Assumes linearity in the modelled

process and normal distribution for errors. Real-world systems often violate

these assumptions.

ˆ Initialization Sensitivity: Initial state estimates greatly in�uence the �lter's

accuracy and convergence speed.

ˆ Stationarity Assumption: Assumes time-invariant statistical properties

which are unsuitable for inventory time series.

ˆ Handling of Outliers: Vulnerability to outliers due to Gaussian distribution

assumption.

ˆ Limited Multi-modal Capability: Cannot represent multi-modal probability

distributions.
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Bayesian Inference and Dempster-Shafer theory

The domain of statistical inference has witnessed the emergence and evolution

of various frameworks aimed at handling uncertainty and facilitating decision-

making processes in a plethora of �elds. Among these, Bayesian Inference

and the Dempster-Shafer Theory stand as signi�cant paradigms with distinct

mathematical foundations and practical implementations. Bayesian Inference and

Dempster-Shafer Theory provide two compelling, albeit di�erent, methodologies

for reasoning under uncertainty.

Bayesian Inference is grounded in the theory of probability. It epitomises

a quantitative approach to expressing uncertainty by employing probability

distributions [85]. The key to Bayesian Inference lies in Bayes' theorem, which in

its essence, provides a mechanism for updating beliefs in light of new evidence

[86].

Mathematically, Bayes' theorem is expressed as:

P(AjB) =
P(B jA) � P(A)

P(B)

whereP(AjB) is the posterior probability of event A given event B,P(B jA) is

the likelihood of event B given event A,P(A) is the prior probability of event A,

and P(B) is the marginal likelihood of event B.

Contrasting Bayesian Inference, Dempster-Shafer Theory does not necessitate

probabilistic assumptions, thus providing a more �exible framework for managing

uncertainty. It is built upon the notion of belief functions, which allow for the

representation and combination of partial and con�icting evidence.

The mathematical foundation of Dempster-Shafer Theory is rooted in two

primary elements: the belief functionBel(:) and the plausibility function Pl(:).

These are de�ned as:

Bel(A) =
X

B � A

m(B)

Pl(A) = 1 � Bel(: A)

wherem is a basic probability assignment function de�ned on the power set of

the frame of discernment.

The comparative analysis between Bayesian Inference and Dempster-Shafer

Theory unveils a divergence in the handling of uncertainty and the associated

mathematical frameworks. While Bayesian Inference employs a probabilistic

approach, the Dempster-Shafer Theory o�ers a belief-function based methodology,
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which could potentially render it more suitable in scenarios laden with ambiguous

or incomplete information [87].

2.5.3 Machine Learning based Fusion

As the volume of data burgeons, the utilisation of deep learning-based fusion

methodologies has witnessed a surge in recent years. They o�er numerous

advantages such as [88�90]:

ˆ Handling High-Dimensional Data : Uncovering patterns in high-dimensional

data is a forte of machine learning algorithms.

ˆ Feature Learning : The ability to autonomously learn and extract perti-

nent features from raw sensor data obviates the necessity for manual feature

engineering, which is often laborious and demands expert knowledge.

ˆ Robustness to Noise : Pro�ering robustness to noise and outliers, proba-

bilistic models are adept at managing real-world, disordered sensor data.

ˆ Scalability : Machine learning algorithms exhibit pro�ciency in e�ciently

managing copious amounts of data, a critical attribute when assimilating

data from a multitude of sensors.

ˆ Predictive Capabilities : Predictive maintenance or forecasting environ-

mental conditions are among the plethora of applications bene�tting from

the predictive prowess of machine learning algorithms.

ˆ Adaptability : The amenability of machine learning models to retrain-

ing and adaptation with new data accrual is pivotal for accommodating

alterations in the environment or sensor con�guration.

The fusion algorithm can process myriad sensor data channels in unison, yield-

ing classi�cation results grounded on image recognition. For instance, employing

convolution neural network-based algorithms, a robot discerns tra�c signs from

a distance, while in healthcare applications, a sensor fusion system employing a

convolutional neural network (CNN) monitors transitional movements [91].

Decision Trees

Decision trees engender decisions based on multiple sensor outputs by evaluating

the relationships between sensors and the desired output [92]. Their simplicity

and real-time execution e�ciency are commendable, albeit their propensity for

over�tting and struggle with complex relationships pose challenges.
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Random Forests

An extension of decision trees, random forests amalgamate outputs from multiple

decision trees for sensor fusion. They exhibit lesser susceptibility to over�tting, can

manage complex relationships, and are adept at real-time execution [93]. However,

their sensitivity to hyperparameter selection and interpretability challenges due

to the multiplicity of trees used are notable drawbacks.

Support Vector Machines (SVMs)

SVMs categorise multiple sensor outputs into distinct classes aiding system state

decisions. They excel with high-dimensional data and non-linear relationships

but may falter with extensive feature sets and real-time computational e�ciency.

Their performance is contingent upon apt kernel function selection, and they are

susceptible to over�tting [94].

Gaussian Mixture Models (GMMs)

GMMs model the probability distributions of multiple sensor outputs, amalga-

mating them for a more precise system state estimate. Their �exibility and easy

interpretability are advantageous, yet they demand ample data, are computation-

ally intensive in real-time, and are sensitive to hyperparameter and initialization

parameter selection [95].

2.6 Predictive replenishment process

In light of evolving market demands, practitioners and scholars alike have explored

various models for adept inventory management, especially focusing on predictive

analytics within warehouse and retail sectors. A paramount goal within this

sphere is to accurately forecast the consumption of each item on the shelf,

facilitating timely replenishments and reducing carrying costs. Despite the

advancements, predicting the demand for smaller objects remains a relatively

under-explored domain. Predominantly, enterprises rely on elementary methods

such as spreadsheet analysis for inventory prediction, which frequently fall short

in terms of precision and foresight. The primary methodologies employed for

projecting future sales or consumption by analysing historical data encompass

the following:
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2.6.1 Time series analysis

AR, Autoregressive Model

The application of autoregressive models in inventory prediction manifests as a

nuanced, yet potent, method to forecast inventory levels. By leveraging the tem-

poral dependencies inherent in inventory data, autoregressive models meticulously

capture the dynamics of inventory changes over time. The model's emphasis on

analyzing past observations to predict future inventory levels o�ers a robust mech-

anism to accommodate the temporal �uctuations in demand and supply, thereby

aiding in e�cient inventory management [96]. In the case of inventory prediction

in manufacturing, using an AR model may not be the most ideal choice because

AR models predict future consumption based on linear relationships and past

usage data, but in our scenario, usage has signi�cant non-linear characteristics

(e.g., the presence of outliers). However, to create a model based on time series

analysis to solve this problem.

ARMA, Autoregressive Moving Average Model

A robust predictive model necessitates a thorough analysis of historical data

encompassing various parameters like operation time, daily or weekly stock levels,

and promotional or seasonal demand among others. For instance, retail inventory

prediction often deals with products having di�ering sales patterns�some are

sold consistently throughout the year while others exhibit seasonal demand.

The foundation of a robust predictive model is laid on a meticulous analysis

of historical data, embracing a variety of parameters such as operational time,

daily or weekly stock levels, and the impact of promotional or seasonal demand,

to name a few [97]. For instance, retail inventory prediction often wrestles with

products manifesting disparate sales patterns�some maintain a steady sales

trajectory throughout the annum, while others are beholden to seasonal demand

�uctuations.

2.6.2 Quantity, Recency, and Frequency(QRF) Model

Quantitative models are invaluable tools for understanding customer behaviours

and forecasting various aspects within a business realm, especially in inventory

management and demand forecasting. The models' QRF [98], and Recency,

Monetary, and Frequency (RMF) [99] have found their relevance not only in

marketing analysis but also in predicting stock consumption to a certain extent.
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The QRF model, which focuses on the Quantity, Frequency, and Recency of

purchases, can be applied in inventory consumption forecasting. The `Quantity'

aspect can help businesses understand the volume of products customers tend to

purchase over a speci�c period. The `Frequency' aspect helps in understanding

how often these purchases are made, and the `Recency' aspect can give insights

into the latest buying trends. By analyzing these three dimensions, businesses can

anticipate demand and thus plan their inventory levels accordingly to minimize

holding costs and avoid out-of-stock or overstocking situations.

On the other hand, the RMF model, with its focus on Recency of purchase,

Monetary value, and Frequency of purchases, can also o�er valuable insights

for inventory consumption forecasting. The `Monetary' aspect could help in

understanding the �nancial value of the inventory consumed, while the `Frequency'

and `Recency' aspects can also provide insights into buying patterns [100].

These models can help in identifying customer segments that contribute

signi�cantly to inventory consumption. High-frequency buyers or high monetary

value buyers can signi�cantly impact the rate at which inventory is consumed.

Understanding the buying behavior of such segments can aid in better demand

forecasting and in turn, better inventory management. This may also be re�ected

in trends in the consumption of manufacturing spare parts.

ˆ Quantity (Q) : The total amount purchased by the customer, typically the

total purchase amount over a speci�c period.

ˆ Frequency (F) : The frequency of the customer's purchases, typically the

number of purchases made over a speci�c period.

ˆ Recency (R) : The time since the last purchase, typically measured in days

from the present.

The basic expression for Customer Value can be written as:

QRF score= a � Q + b� F + c � R (2.1)

wherea, b, and c are weight parameters that can be adjusted based on di�erent

business objectives and strategic needs.

Drawing parallels with the paradigm of Customer Relationship Management,

the QRF mode, analogous to the Recency, Monetary, and Frequency (RMF)

model delineated furnishes invaluable insights for inventory management. Both

frequency and recency depend on time series analysis. However, for assembly

factories, Monetary is not a major factor. The consumption of parts is in�uenced

not only by the demands of Recency and Frequency but is more a�ected by noise.
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2.6.3 Discrete Event Simulation

Discrete Event Simulation (DES) serves as a potent tool for modelling the

inventory system, thereby prognosticating its behaviour and performance under a

miscellany of conditions. DES facilitates the examination of complex interactions

within inventory systems, making it an indispensable instrument for predictive

replenishment strategy development [101].

2.6.4 Commonly Used Deep Learning Based Inventory

Prediction

Deep learning (DL) has been increasingly adopted for inventory and sales fore-

casting due to its capability to handle vast amounts of data and unveil complex

relationships therein [102, 103]. The method can usually handle non-linear and

complex data patterns without the need for a priori statistical assumptions.

Recurrent Neural Networks (RNN)

Recurrent Neural Networks (RNNs) are a class of neural networks designed

to handle sequential data by incorporating a form of memory through cyclic

connections [104]. Unlike traditional feedforward neural networks such as CNN

mentioned earlier, RNNs maintain a hidden state that captures information from

previous time steps, allowing them to process sequences of variable length.

The fundamental operation of an RNN can be expressed mathematically as

follows:

ht = � (Wh � ht � 1 + Wx � x t + b); (2.2)

whereht represents the hidden state at time stept, ht � 1 is the hidden state from

the previous time step,x t is the input at time step t, Wh and Wx are weight

matrices,b is the bias, and� is the activation function (such as tanh or ReLU)

[105].

Despite their capabilities, RNNs su�er from signi�cant limitations, particularly

the problems of vanishing and exploding gradients. These issues arise during the

backpropagation process when dealing with long sequences, making it di�cult to

learn long-term dependencies [106].

To address these limitations, Long Short-Term Memory (LSTM) networks

were introduced by Hochreiter and Schmidhube [107]. LSTMs incorporate a

memory cell and gating mechanisms to better manage the �ow of information

through the network, thereby mitigating the vanishing gradient problem.
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An LSTM cell consists of three primary gates: the forget gate, the input gate,

and the output gate, each controlling di�erent aspects of the cell's operation. The

key equations governing an LSTM cell are as follows:

Forget Gate:

f t = � (Wf � [ht � 1; xt ] + bf ); (2.3)

Input Gate:

i t = � (Wi � [ht � 1; xt ] + bi ); (2.4)

~Ct = tanh( WC � [ht � 1; xt ] + bC ); (2.5)

Cell State Update:

Ct = f t � Ct � 1 + i t � ~Ct ; (2.6)

Output Gate:

ot = � (Wo � [ht � 1; xt ] + bo); (2.7)

ht = ot � tanh(Ct ); (2.8)

where� is the sigmoid activation function,Wf ; Wi ; WC ; Wo are weight matrices,

bf ; bi ; bC ; bo are biases,ht is the hidden state, andCt is the cell state [108].

RNNs and their variant LSTM networks are pivotal in time-series prediction

tasks. For instance, [109] utilised LSTM networks to predict the consumption of

materials in inventory management. Their results show that the average inventory

demand prediction accuracy of the deep inventory management (DIM) method

exceeds 80%, can reduce inventory costs by approximately 25%, and can quickly

detect abnormal inventory behaviours. Although the paper mentions the ability

to quickly detect abnormal inventory behaviours, it does not discuss how to

handle these anomalies. In practical applications, e�ectively managing sudden

anomalies and making real-time adjustments is a question that requires further

exploration.

Gated Recurrent Units (GRUs), introduced by [110], are a type of RNN

designed to address the vanishing gradient problem inherent in standard RNNs.

GRUs achieve this by incorporating gating mechanisms, speci�cally the update

gate and the reset gate, which regulate the �ow of information.

The architecture of GRUs is simpler compared to LSTMs, as GRUs combine

the functionalities of the forget and input gates of LSTMs into a single update

gate. This reduction in complexity results in fewer parameters and faster training

times, making GRUs computationally more e�cient.
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Studies such as [111] have demonstrated the e�ectiveness of GRUs in cap-

turing short-term dependencies in material consumption data. However, GRUs

may struggle with long-term dependencies due to their relatively simpler gating

mechanisms compared to LSTMs.

GRUs present a compelling alternative to LSTMs for predicting material con-

sumption due to their computational e�ciency and ability to capture short-term

dependencies. However, their shortcomings in handling long-term dependencies

and high variability in data highlight the need for careful consideration when

choosing long-term prediction.

Transformer model

The Transformer model, introduced by Vaswani et al. in 2017 [112], is based

on a self-attention mechanism that allows the model to weigh the importance

of di�erent elements in the input sequence dynamically. This capability is

particularly advantageous for time series forecasting, where capturing long-range

dependencies and intricate patterns is essential. Unlike previously mentioned

RNNs and LSTMs, Transformers do not rely on sequential data processing,

enabling parallel computation and thus, greater e�ciency in handling large

datasets.

In the context of material consumption prediction, several studies have ex-

plored the e�ectiveness of Transformer models. For instance, Li et al. [113] demon-

strated that the self-attention mechanism of the Transformer could e�ectively

capture the complex temporal dynamics of material usage data, outperforming

traditional RNN-based approaches. Their experiments on a large manufactur-

ing dataset showed improvements in forecasting accuracy and computational

e�ciency.

Furthermore, Wu et al. [114] proposed a hybrid model combining Transformer

networks with Convolutional Neural Networks (CNNs) to enhance feature ex-

traction and temporal pattern recognition. This hybrid approach leverages the

strengths of both models, where CNNs capture local patterns and spatial features,

and Transformers handle the temporal dependencies. The study reported gains

in predictive performance and robustness, particularly in scenarios with highly

volatile material consumption patterns.

Another contribution is the work by Zhou et al. [115], who introduced the

Informer, an extension of the Transformer model designed for long-sequence time-

series forecasting. The Informer employs a ProbSparse self-attention mechanism
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to reduce the computational complexity and memory usage, making it suited for

real-time material consumption prediction in industrial settings.

Nevertheless, despite their strengths in capturing long-range dependencies

and handling large datasets, Transformers have certain limitations when it comes

to predicting material usage in industrial applications. One key limitation is their

requirement for substantial computational resources due to the self-attention

mechanism, which scales quadratically with the input sequence length. This can

be particularly challenging when dealing with high-resolution time series data

or very long sequences typical in industrial contexts. Furthermore, transformers

can struggle with extrapolation outside the range of the training data, making

them less e�ective when future material usage patterns deviate signi�cantly from

historical data [113]. Another challenge is the need for extensive hyperparam-

eter tuning to achieve optimal performance, which can be resource-intensive

and time-consuming. Consequently, these limitations can hinder the practical

implementation of transformers in material usage prediction for industrial settings.

Challenges of Deep Learning for inventory prediction

Although there are bene�ts from above, several challenges that practitioners may

encounter when leveraging deep learning for forecasting purposes in inventory

include:

ˆ Data Dependency: Deep learning models heavily rely on large volumes of

high-quality data for training. The predictive performance of these models

can signi�cantly degrade if they are trained on insu�cient or poor-quality

data [116].

ˆ Lack of Interpretability: Often dubbed as �black-box� models, deep

learning models su�er from a lack of interpretability. It becomes exceedingly

di�cult to understand or explain the decision-making process of these

models, which could be a critical shortfall in business scenarios that require

transparency and accountability [117]. This issue is particularly important

in sectors where decision rationale must be clear for compliance and trust

reasons [118].

ˆ Computational Resource Intensiveness: The training and execution

of deep learning models require substantial computational resources. This

could translate to high computational costs, especially for large datasets

and complex models.
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ˆ Model Complexity: Designing and optimising deep learning models

necessitate a high level of expertise and a considerable time investment.

The tuning process of these models can be tedious and time-consuming[119].

ˆ Risk of Over�tting: Deep learning models can easily fall into the trap of

over�tting, especially in scenarios where the available data is limited or the

data distribution is skewed.

ˆ Real-time Performance Challenges: In scenarios necessitating real-time

forecasting, the computational complexity of deep learning models may

result in response latency, failing to meet the real-time requirements.

2.7 Case Studies in Manufacturing and Retail

Industry

2.7.1 M4 Intelligent Manufacturing

A typical example is the assembly of high-value, low-volume production because

they are not su�cient to set up automatic assembly lines. Flexible manufacturing

can save working space and assemble more products in one place. Such as the

assembly of aviation components. A similar case is Meggitt Modular Modi�able

Manufacturing (M4), where they assemble diverse aerospace components in one

workstation [120]. A Multi-sensor system has the ability to detect the location and

quantity of objects. Information obtained from the sensor system will feedback to

the operator. They used lasers and video guiding the operator that the racks were

selected in order and placed on the table, and machine vision and AR technology

would continue to be integrated in the future [121]. On the other hand, [120]

also proposed an architecture that uses multiple sensors to fuse information. The

information �ow of each component can be interoperable to achieve scheduling

optimisation, KPI visibility and traceability, thereby reducing costs.

2.7.2 Just Walk-Out Technology

Just walk out technology (JWOT) is a new technology that is for cashless

checkout in order to enhance customer experience queue time. This technology is

developed and implemented by Amazon.com [122]. When they pick up goods,

three technologies consisting of computer vision, sensor fusion, and deep learning

algorithms will work together to increase the reliability and accuracy of the results.

RFID was used in early versions [123]. But more is that it uses a large number of
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cameras to scan the code as soon as the customer enters the store to con�rm the

identity. Tracking with a large number of cameras installed on the ceiling [29].

These cameras not only detect products and their location but also track shoppers.

However, JWOT is very expensive and it is not real-time, customers need to wait

10 minutes to a few hours according to the customer report in order to receive

them receive the bill, this waiting time is unacceptable in the assembling line. In

addition, the system can only accommodate up to 20 people in store [29].

2.8 Research Gap

Drawing upon the literature reviewed and the challenges discussed in the preceding

section regarding sensor application for inventory monitoring on �ow racks, this

section delineates the identi�ed research gaps:

ˆ Research gap 1 (Objective 1): In industrial production facilities, the

systematic arrangement of materials is a commonplace practice; however,

extracting data from these con�gurations proves challenging, particularly

when diverse types and quantities of components are compactly organised

within a con�ned area. Traditionally, single sensors have found utility

across various detection domains, albeit with a limitation to recognising

only one type of object, demonstrating a heightened sensitivity to complex

environmental conditions. While there have been sporadic forays into multi-

sensor based methodologies, they typically necessitate auxiliary inputs

such as positional data during the detection phase. However, acquiring

the positional data of an individual component on a �ow rack can be an

arduous task, which complicates the distinction among multiple types of

objects. As such, the �rst objective posits the novel application of multi-

sensor technology on a �ow rack to accrue valid data, which could later be

harnessed for fusion purposes, obviating the need for positional information.

ˆ Research gap 2 (Objective 2): The exploration of fusion methods, tailored

for multi-sensors � notably those concerning weight and vision sensors

� demands a meticulous investigation, particularly focusing on the fusion

of information post data acquisition. Within the academic discourse, two

predominant approaches have emerged: the conventional fusion methods

and those grounded in deep learning algorithms. The literature, as of

yet, does not present a universally accepted method to fuse speci�c data,

thus rendering it a challenge to ascertain an optimal solution amidst the

prevalent methods. Traditional fusion methods possess certain merits, such
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as the minimal requirement for extensive data sets, a robust interpretative

framework, and a lesser reliance on intensive computational resources for

e�ective detection. Object 2 endeavours to scrutinise these claims, evaluating

the e�cacy and performance of traditional fusion methods in comparison

to their deep learning counterparts. This research aims to contribute a

nuanced understanding towards determining a more e�ective fusion method.

ˆ Research gap 3 (Objective 3): In traditional fusion methodologies, a

certain degree of accuracy can be attained; however, deep learning algorithms

stand out as signi�cantly advantageous and have demonstrated success

across various domains. Despite this advancement, the public availability

of deep learning-based inventory detection remains limited. One of the

de�ning attributes of this approach is its independence from domain-speci�c

knowledge, which consequently lowers the potential introduction of high

levels of uncertainty. Deep learning possesses the ability to autonomously

learn and output features, thereby expanding the scope for exploring various

fusion strategies including feature-level fusion and decision-level fusion. In

addition, the comparative performance of deep learning models versus

traditional models warrants a thorough investigation. Particularly, an

analytical comparison at the decision level and feature level may provide

invaluable insights.

ˆ Research gap 4 (Objective 4): Examining the potential for predicting

future consumption inventory levels using real-time inventory data presents

an uncharted territory. Models hinged on deep learning necessitate high-

quality data and substantial computational prowess. On the contrary,

empirical methodologies often yield inaccurate forecasts, thus failing to

establish precise replenishment strategies grounded in real-time inventory

assessments.

While literature exists on forecasting inventory to address issues of stock

depletion, they invariably require data to some extent and �nd it challenging

to rapidly respond to current consumption �uctuations. Regarding the

anticipation by retailers of the sales potential of certain goods, the concepts

of QRF and QFM have been utilised to evaluate a customer's potential

purchase intent. However, the application of these concepts has not yet

been explored in terms of forecasting factory parts consumption. Objective

4 aims to bridge this gap while ensuring the model's interpretability.
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2.9 Summary

In this review, initially, the working principles of various types of racks and their

accessories are introduced. Following that, the discourse shifts to an examina-

tion of technologies potentially applicable to our inventory monitoring e�orts,

encompassing both single-sensor and multi-sensor applications. Subsequently,

methods of data fusion and prediction are scrutinised, illustrating how di�erent

data sources can be coalesced to form actionable insights. Furthermore, recent

research examples from two distinct industrial applications are cited to o�er a

real-world perspective on the discussed theories and technologies. Lastly, the

review delves into the realm of demand forecasting, examining how it informs

parts consumption, contrasting it with traditional replenishment strategies to

potentially unveil a pathway for enhanced inventory management.
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Chapter 3

Sensor network equipped �ow

rack

3.1 Introduction

In workstations along the assembly line, the continual engagement in repetitive

production activities necessitates a timely supply of raw materials by the logis-

tics team, as the inventory of parts steadily decreases. In traditional factory

settings, reliance is placed on operators to report inventory levels and replenish

stock based on past experience. Out-of-stock scenarios during periods of high

production activity can cause delays across the entire assembly line, culminating

in unnecessary cost expenditures and potential delays in delivery. Automated

inventory management solutions present a viable resolution to this issue.

In Chapter 2, we summarised the monitoring of inventory and solutions o�ered

by existing research, noting that a majority of the research employs a single

sensor. The prevailing research endeavours are still centred on transitioning from

traditional methods to digital ones to address real-time and �exible requirements.

The objective of utilising data fusion in multi-sensor environments is to reduce

the probability of detection error and enhance reliability by harnessing data

from various distributed sources. This is evidenced in industrial cases such as

unmanned supermarkets [10] and Just Walk Out technology (JWOT) [8].

According to [53], the integration of weight sensor data and vision information

remains a challenging feat, having been executed only a handful of times. The

current state of the art involves monitoring shelf inventory using vision and

weight sensors, achieving a remarkable accuracy rate of 93.2%. This method was

simulated in a convenience store and relies on sensor information and location-

based knowledge for product identi�cation. In addition, within the rack setting,
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objects are not placed vertically on the sensor. The force exerted on the sensor is

at an inclined angle to the horizontal, thereby potentially reducing the accuracy

of detection.

On the other hand, the stacking of inventory on the ground is impractical,

thus manufacturing operations typically employ shelves or racks to store inventory,

aiming to optimise storage space utilisation, alongside improving safety and er-

gonomics. Raw materials, being constantly consumed in manufacturing processes,

are better suited to �ow rack storage solutions. This is due to their ability to

utilise gravity for loading, organising, and retrieving parts to the forefront without

necessitating additional manpower or electricity, as compared to other rack types.

3.2 Methodology

3.2.1 Selection of the object to be detected

This research also provides a case study, simulated classi�cation and counting

of Aircraft General Standard (AGS) parts, AGS parts encompass a category of

components chie�y characterized as fasteners, crucial to the aerospace industry.

These diminutive elements, albeit small in size, bear a signi�cant expense due

to their specialized nature, conforming to stringent quality and performance

benchmarks requisite in aviation. The identi�cation and classi�cation of AGS

parts pose a unique challenge, particularly to single sensor systems, given the

subtle variations in their physical attributes, such as being lightweight, having

similar shapes, colours, and sizes, and existing in large quantities. Their critical

function of ensuring structural integrity and the need for accurate identi�cation

and management underscore the importance of a sophisticated tracking and

monitoring system within the aerospace sector. In this thesis, Round washers,

Flat square washers, External coach screws, and Studding connectors are utilised

to simulate AGS, as they embody all the characteristics of AGS. Figure 3.1

illustrates their appearance and its detail below:

ˆ Object 1 is a round washer with a weight of 38g;

ˆ Object 2 comprises �at square washers with a weight of 60g;

ˆ Object 3 consists of external coach screws with a weight of 14g;

ˆ Object 4 is represented by studding connectors with a weight of 41g.
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These simulated AGS parts were then tested to determine the classi�ca-

tion results of single sensors and fused model results under di�erent types and

quantities.

(a) Round washers (b) Flat square washers

(c) External coach screw (d) Studding connectors

Fig. 3.1 Di�erent AGS parts were used for the experiment

3.2.2 A Selection of sensors

Automatic inventory monitoring primarily involves obtaining information from

one or more sensors. High-quality visual sensors can provide both raw data

and contextual information, being readily amenable to analysis and utilisation.

However, they are susceptible to environmental in�uences and obstructions from

objects. In contrast, weight sensors require only physical contact to receive

information, are not a�ected by object obstructions, and are less likely to be in�u-

enced by environmental conditions, yet they can only provide limited information.

Therefore, experiments are needed to ascertain the impact of the environment on

the material inventory detection capabilities and whether the sensors are capable

of extracting valid data under such conditions.

Load cells, often utilised as weight sensors, are principally grounded in strain

gauge technology. They are pivotal in a plethora of domains encompassing

industrial, commercial, and scienti�c research sectors, mainly to accomplish

precise weight measurement and monitoring. Among the critical features for

employing load cells as weight sensors are:

ˆ Accuracy : Load cells are renowned for their high precision in measuring

load or weight. This precision is indispensable in myriad applications such as

commercial weighing, industrial manufacturing, and experimental research,

where accurate weight data are paramount.
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ˆ Linear Outpu : Load cells provide a linear output signal when within the

elastic limit, signifying a directly proportional relationship between the

output signal and the measured weight. This linearity facilitates straight-

forward readings or uncomplicated calculations to ascertain the actual load

values.

ˆ Stability and Reliability : Characterized by robust design and stable

operation, load cells can reliably function over extended periods across a

variety of manufacturing environments.

ˆ Cost-e�ectiveness : The relative a�ordability of load cells, coupled with

their low long-term maintenance costs.

ˆ Digitization : In the wake of technological advancement, contemporary load

cells can embody digitization and intelligence features. In this research, the

load cells are connected with Raspberry Pi 3 model B+ . When connected

with the Pi, they require minimal computation overhead to enable automatic

monitoring.

The camera has the following characteristics as a non-contact detection

method:

ˆ Recognition Ability : Visual sensors can recognize various attributes of

items such as type, colour, and shape, facilitating more complex inventory

management tasks like categorization and sorting. Conversely, weight sen-

sors only provide weight information and cannot support multi-dimensional

item recognition and categorization.

ˆ Non-Contact Measurement : Visual sensors are non-contact, posing

no risk of damaging the items being monitored, making them particularly

suitable for fragile or high-value items. In contrast, weight sensors require

direct contact with the items, which may potentially a�ect the integrity of

the items.

ˆ Compatibility : Visual sensors are easy to integrate with other intelligent

systems. In most cases, the camera is provided with an interface that can

be easily connected and implemented to the computer or edge device, like

Figure 3.2.

Nonetheless, visual sensors have their constraints, such as being in�uenced

by lighting conditions, occlusions, and image processing algorithms, and may
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demand heightened computational resources and advanced algorithmic backing. In

summary, both visual sensors and weight sensors hold their respective advantages

in the realm of inventory monitoring and management. Given that visual sensors

can be employed more e�ectively for multi-classi�cation, harnessing the merits of

both presents becomes promising.

Fig. 3.2 Raspberry Pi camera module

3.2.3 Coordinate of the rack

To discuss the use of sensors to monitor inventory, the location of the inventory on

the shelf is important because each sensor focuses on a di�erent area. Hence, use

the common positioning coordinate system to represent the position of inventory

as shown in Figure 3.3.

There are three rows and four columns for this rack. The corresponding row 3

and column 2 are a compartment. We �rst construct each compartment to place

3 boxes and count the �rst box from the exit.

3.2.4 Boundary and constrain

It is not easy to perceive densely packed parts, because they may not be e�ectively

covered by the camera when placed inside the rack, or the weight is too small

to coincide with the weight of the box. A single sensor has its own limitations,

as clearly seen in Figure 3.7. Hence, inspections based on multiple information

sources may have the potential to be improved to an acceptable level. The �rst

step of the project is to determine the scope of the research and verify that the

sensors at the designated location can provide valid inventory information. The

following assumptions have been enumerated, and determining the scope of the

research is essential:
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