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ABSTRACT 
 

This study focuses on the application of an Indoor Positioning System (IPS) using 

Bluetooth Low Energy (BLE) network for estimating key manufacturing metrics, 

specifically cycle time. The manufacturing flow is represented as a Hidden Semi 

Markov Model (HSMM) problem, and a model is trained using RSSI data from the 

BLE network. An algorithm is proposed to determine the duration probability 

distribution, a critical parameter of the model. The study also addresses scenarios where 

no RSSI data is available, such as when products are stored away from BLE scanners. 

This problem is formulated as a Duration and Interval Hidden Markov Model (DI-

HMM), and a combined architecture of a classification tree and HSMM is proposed. 

The algorithms are extended to handle the DI-HMM problem. RSSI observation 

sequences are generated using software, real-world experiments, and simulations. The 

estimated HSMM duration probability is evaluated using the Kullback-Leibler 

Divergence (KLD), resulting in a score of 0.0573. The estimated duration and interval 

of the DI-HMM are compared to the actual values using a vector distance score of 

0.4717. 

 

Keywords: Manufacturing process, Bluetooth Low Energy, Duration and Interval 

Hidden Markov Model, Classification Tree, Hidden Semi Markov Model 
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CHAPTER 1 

INTRODUCTION 
1.1 Background  

 The Global Positioning System (GPS) is widely used in outdoor navigation but 

fails inside an indoor environment due to inadequate GPS signals. The Indoor 

Positioning System (IPS) is a technology used to track down objects or people inside 

an indoor environment. IPS had become an essential tool to provide better services in 

several domains such as commercial, hospitals, airports, shopping malls, manufacturing 

areas, and supply chain.  

A factory is a combination of various buildings to conduct several processes to 

produce final products to be stored and sent to customers. Generally, the factory area 

has two sections based on their operations: manufacturing (production) area and 

warehouse area. A production area is a sequence of works to manufacture final 

products, and a warehouse is an area to store these products until customers demand 

them. The production area consists of multiple working areas and storage areas. There 

are usually storage areas within production area is to temporarily keep intermediate 

parts among working areas.  

 

Fig. 1.1 Flow within of production area 

In the production area, the sequence of works from initial to final working areas are 

usually pre-defined for a product. Production flow refers to how raw materials move in 

sequential order from one working area to another to get final products. Working areas 
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complete their specific individual task and move finished parts to the next working area. 

If the next working area occupies some work, then the parts will be shifted into a 

temporary storage area. This production flow can be understood by the tracking of 

changes from raw material to parts then products in production area. 

Indoor Positioning Systems use sensing devices based on radio-communication 

technology to track an object. The most used technology is Radio-Frequency 

IDentification (RFID). RFID is a technology with two main components: reader and 

tag. Tag is attached to a tracking object and communicates to the reader when it is 

closed to tags thus defines the object's location. There are two types of RFID tags: 

passive RFID and active RFID tags. Passive RFID tags obtain power from the reader; 

therefore, the reader can receive a signal from a tag only when a tag is near the reader. 

The passive RFID reader tends to be bulky in size and covers less distance. As an 

example, RFID reader gates are bulky, and tags are only detected when the pass through 

the RFID reader gate. Hence, the implementation of passive RFID system requires 

modification in the pre-existing building that is not flexible for industries as shown in 

the below figure. 

 

Fig. 1.2 Passive RFID asset [adopted from www.entigral.com] 

Active RFID tags unite battery power to broadcast signals that lead to reducing 

the reader size and increasing the range of communication. Related wireless 

technologies that can be used with the concept of active RFID are Bluetooth Low 

Energy (BLE), WiFi, and LoRaWAN (Long Range Wide Area Network). Thus, this 

technology is easy to implement, and no reconstruction of buildings required. In this 

study, we use BLE-based indoor positioning because of its high (RSSI) accuracy over 

a small area and can use globally without license. 

The indoor Positioning System does not use information about the physical 

arrangement and flow between working areas. We use the Hidden Semi Markov Model 
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(HSMM) to define physical arrangement and flow between working areas, where the 

object's location is considered a hidden state and the Received Signal Strength Indicator 

(RSSI) values are an observation value. The main advantage of using HSMM is that we 

can create a reasonable production flow based on historical data that can be easily 

modified in the future.  

1.2 Objective 

The main target of this thesis is to study Indoor Positioning System within factory 

environment using active RFID technologies. The objectives of this thesis are 

decomposed into two sub-objectives:  

1) Mathematical model of production flow using RSSI data from BLE devices. 

2) Estimate manufacturing KPIs such as cycle time and throughput using a 

mathematical model. 

1.3 Scope 

This study will apply math notions from the HSMM framework with RSSI data 

acquired from BLE devices with the assumptions of factory environment. The 

following tools will be used in the study: 

1) Hardware:  

a) Wemos D1 ESP32 – The ESP32 can work as a BLE beacon (tag) and 

BLE scanner for BLE tracking. The BLE beacon broadcasts its existence 

so that the BLE scanner can scan. Whereas BLE scanner will send all 

scanned data to the server via Wi-Fi. 

2) Software:  

a) Arduino IDE 1.0.4 – Arduino IDE is open-source software, which 

allows us to write code and upload to Arduino-compatible boards and 

other boards like ESP32 using third-party Arduino cores. Libraries 

used - ESP32 BLE Arduino, ESP32 WiFi, and Firebase-ESP32. 

b) MATLAB R2022a – MATLAB compute and simulate with Bluetooth 

toolbox. 

c) Firebase – Firebase is a type of NoSQL database program, which 

collects RSSI data from BLE devices in JSON-like documents. 
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1.4 Terminology  

1) RFID  

a) RFID reader is a device that transmits and receives radio waves to 

communicate with RFID tags. 

b) RFID tag is a device to be attached to a tracking object. The tag 

broadcast signals and sends signals to RFID readers. 

2) BLE 

a) Scanner is a device that receive data from beacon. 

b) Beacon is a device that only advertise information in form of radio 

signal. 

c) Received Signal Strength Indicator (RSSI) measure of how much 

power a scanner receives from a beacon. 

3) Manufacturing 

a) Working area is the fixed location where a unique operation is 

performed.  

b) Storage area is used to temporarily store intermediate parts between 

working areas. 

c) Production flow is the movement of products in the manufacturing 

area. 

4) Hidden Semi Markov Model (HSMM) 

a) State is a symbol representing working area (Scanner) 

b) State duration refers to the length of time spent in a particular state 

within the model (Cycle time and throughput). 

c) Observation is the term for data that can be seen (RSSI). 
 

 

1.5 Literature Review 

Academic problems arising in the Indoor Positioning System can be classified 

into localization and tracking problems. Localization describes the position of 

stationary object. Tracking problem is about the location of the moving object over 

time. 
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1.5.1 RFID (Radio-frequency Identification) 

RFID is a radio-based technology used for wireless communication over a fixed 

distance. RFID is the oldest technology used for tracking and localization techniques. 

RFID can communicate and store information of multiple objects at the same time. 

 

Fig. 1.3 Passive and active RFID systems [adopted from www.aucxis.com ] 

Ail Monstaser and Osama Moselhi (2014) have discussed the indoor location 

tracking for construction sites using RFID for collecting essential data related to the 

locations of workers, materials, and equipment’s to see the progress of construction. 

The methodology had applied RFID and localization methods using a two-step 

algorithm assisted with relational databases. Authors resolved the location of workers 

by moving mobile RFID reader to find materials and equipment’s and nearby workers. 

The location and material identification uses two methods triangulation and proximity. 

In the construction site, passive RFID tags at areas known as reference points. A worker 

carries a mobile RFID reader, which is used to read RFID tags. The worker location is 

determined using a Received Signal Strength Indicator (RSSI) approach a database 

stores location values in 2-D coordinates. The location of workers and materials placed 

nearby workers can be located with respect to the mobile reader. Bayesian probability 

and K-Nearest Neighbor (BKNN) applied to resolve issues of are noisy signal and path 

loss affected the visibility of materials. The results show a mean error of 1.0 m and 1.9 

m for user location identification and material tracking using the triangulation method, 

respectively. The results also show a mean error of 1.9 m and 2.6 m for location 

identification of the worker and for material tracking using the proximity method, 
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respectively. The proposed system identifies the areas of worker and material location 

with 100% accuracy. 

 

Fig. 1.4 The process of deploying RFID reference tags. 

Xu et al. (2017) described the problem regarding low accuracy in indoor 

localization. The proposed system applied Bayesian probability and K-Nearest 

Neighbor (BKNN) algorithms with data from RFID. BKNN implemented three 

implemented algorithms are the K-Nearest Neighbor (KNN), the Gaussian filter, and 

the Bayesian estimation. The KNN algorithm selects three reference tags to know object 

location. Then the Gaussian filter and the Bayesian estimation algorithm are applied to 

remove the signal noise. As a result, the BKNN system has approximately a 15cm error 

and nearly a 38cm error in the Gaussian-based system. 

 

 Fig. 1.5 BKNN experimental environment  
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Zhang et al. (2014) outlined the problem of indoor localization is not suitable for a 

large range. It proposed RTLS using active RFID for IoT (iLocate). The localization 

accuracy improved by the concept of virtual reference tags and tag-tag communication 

protocol. To remove the RFID RSSI noise, iLocate applied the frequency-hopping 

technique. To serve a wide-range RFID network used Zigbee. An object detection 

accuracy of the proposed iLocate system is up to 30 cm with ultralong distance 

transmission. The proposed system has large computation and complexity, which is not 

suitable for industries.  

 

Fig 1.6 Architecture of the iLocate system 

1.5.2 Bluetooth 

A beacon is a small Bluetooth Low Energy (BLE) device that broadcasts a 

continuous radio frequency signal and its unique ID number (like RFID Tag).  Nearby 

smart devices can receive beacon broadcast signals. Nowadays, shopping-malls and 

airports utilize beacon technology for offline advertisements. 

 

Fig 1.7 Beacon Asset Tracking [adopted from www.todaysoftmag.com] 
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Jun-Ho Huh and Kuyungryong Seo (2017) proposed indoor localization using 

Bluetooth beacons. They designed a system that tracks the activity of a user when it 

enters its vicinity. The applied location techniques include spatial partitioning, 

Received Signal Strength Indication (RSSI), trilateration, and Centre of Gravity (CoG). 

The proposed system is comprised of three main parts: location-based server, service-

provision client, and user application. The location-based server controls the access of 

the client's smartphone then predicts its location and maintains the indoor map. Service-

provision client provides indoor map information by the location-based server. The 

User Application an Android applications that performs socket communication with a 

server for sending RSSI values of beacons. The Android application displays the 2-D 

RSSI coordinates of location-targeted. As a result, the system provided an 74% 

accuracy with margin of error is 1 meter.  

 

Fig. 1.8 Indoor location-based system 

Sou et al. (2019) described the problem regarding line-of-sight in indoor location 

tracking. The proposed system implemented the Markov chain model in wireless 

fingerprinting that improves the visibility of a targeted object. Nine beacons are set on 

the top of a bookshelf in the library to test the proposed system. The location of a child 

is tracked using smart-phone Bluetooth services. As a result, the estimated position of 

the child is displayed on a mobile application with 34.29% ∼ 69.92% accuracy and the 

mean distance error is 1.31 ∼ 2.34 m. 
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Fig. 1.9 Basic concept of kid tracking on the bases of visibility. 

1.5.3 Hidden Markov Model (HMM) 

A Hidden Markov Model is a double-layered finite-state process, with a hidden 

Markovian process that controls the selection of states based on an observation process. 

HMM parameters have the conditional probability distribution upon such observation 

(output parameter) (Rabiner, L. R. (1989), Nguyen, L. (2016)).  

Young Ho Lee and Ivan Marsic (2018) highlighted the problem of motion detection 

of medical objects based on UHF RFID technology and proposed a solution using the 

HMM with RSSI collected with tags information. The RSSI values are analysed by 

Simplified Augmented HMM (SAHMM) of frame-based segments to detect a motion-

transition with the exact time movement. SAHMM observe a change in position by 

comparing the present and previous data without using all history of data shown. Then 

supervised learning is implemented on the bases of emission probability. As a result, 

the passive UHF RFID system can provide information about the movement and 

location of a medical object.  

 

Fig 1.10 State of SHMM 
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SUN et al. (2019) proposed crowdsourcing based indoor mobile localization by 

combining Wi-Fi RSSI data with HMM framework. The HMM-based model extended 

to a Hidden Semi Markov Model (HSMM) to solve sojourn time. The author focused 

on the Viterbi algorithm to find the most likely sequence of hidden states. The first 

stage of the system used to analyse the state of the mobile user by applying the Ground 

Truth State Generation algorithm. Then RSSI observation sequence is sampled from 

the collected RSSI database. At each Monte-Carlo simulation, the error rate is 

computed for each algorithm (RSSI fingerprinting, HMM-Viterbi, and HSMM-

Viterbi). Based on 10000 Monte-Carlo runs, the error rates are 10.42%, 7.82% and 

15.11% for HMM-Viterbi, HSMM-Viterbi and RSSI fingerprinting, respectively. The 

result shows that the HMM solution is more reliable than the pure RSSI fingerprinting 

method.  

 

Fig 1.11 Framework of Crowdsourcing Localization System 

SUN et al. (2020) highlight that HSMM are more flexible than HMM for 

modelling radio source dynamic properties and introduce observation missing mode in 

HSMM to deal with the missing RSSI measurement. The author focused on all three 

HSMM problems: forward-backwards, Viterbi, and leaning algorithm. The author 

evaluates the similarity between the estimated duration probability and the ground truth 

using the Kullback-Leibler divergence (KLD), concluding that HSMM requires more 

training data and demonstrating its impact by examining different data lengths. 
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Fig 1.12 Example of using the HSMM to model RSSI measurements with 

varying missing entries. 

Narimatsu et al. (2015) proposed the Duration and Interval Hidden Markov Model 

(DI-HMM), a new sequential data model that effectively represents the "state duration" 

and "state interval" of data events. This has significant implications for how time-series 

sequential data is represented in practice. The author first explains why support for 

"state duration" and "state interval" is essential for representing practical sequential 

data. Then, to explain "state duration" and "state interval," extend the HSMM by newly 

introducing state interval probability to each transition probability between two states. 

This present paper calls this new extended model as Duration and Interval Hidden 

Markov Model (DI-HMM). 

 

Fig 1.13 Concept of DI-HMM using interval probability. 
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The above Literature reviews on indoor tracking system gathered from the following: 

1) IEEE (Institute of Electrical and Electronics Engineers) 

2) Elsevier 

3) MDPI sensors 

4) Google Scholar 

Table 1.1 Literature Review Summary 

References Survey focus Method Device IPS Type 

Montaser 

et al. 

(2014) 

Determine location 

of workers in 

construction site and 

materials placed 

nearby workers. 
 

 

⁃ RSSI 

⁃ Triangulation 

⁃ Proximity  

 

 

RFID 

 

 

 

 

 

 

 

 

 

 

 

Localization 

Xu et al. 

(2017) 

Improve 

localization by 

introducing 

Bayesian 

probability and K-

Nearest Neighbor 

(BKNN) algorithms. 

 

 

⁃ K-Nearest 

(KNN) 

⁃ Gaussian filter 

⁃ Bayesian 

estimation 

 

 

 

 

RFID 

SUN et al. 

(2020) 

The main goal is to 

show HSMM is a 

better option for 

dealing with 

missing data issues 

because of its 

flexibility in 

modeling state 

sojourn time. Also, 

show that HSMM is 

better than HMM.  

⁃ RSSI  

⁃ HSMM and 

HMM 

⁃ KLD 

 

 

HackRF 

One 

software 
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References Survey focus Method Device IPS Type 

Zhang et al. 

(2014) 

The goal of the 

iLocate system is to 

locate objects 

accurately and 

quickly in large-

scale networks. 

⁃ RSSI  

⁃ K-nearest 

neighbors 

(KNN) 

 

 

RFID 

 

Huh et al. 

(2017) 

The activity 

tracking of a user 

when user enters in 

a room. 

⁃ Spatial 

Partitioning, 

⁃ RSSI 

⁃ Trilateration, 

and Centre of 

Gravity 

 

 

Bluetooth 

 

 

    Tracking 

 

Sou et al. 

(2019) 

Resolve line-of-

sight in indoor 

location tracking. 

⁃ Markov chain 

⁃ fingerprinting 

 

Bluetooth 

Lee et al. 

(2018) 

Detection of 

medical objects. 

⁃ RSSI 

⁃ Hidden 

Markov model 

 

RFID 

SUN et al. 

(2019) 

Tracking location in 

crowdsourcing. 

⁃ Hidden Semi 

Markov model 

⁃ Fingerprinting, 

Bayesian 

 

Wi-Fi 

 

 

 

1.6 Contribution  

The main contributions of this study include the development and evaluation of an 

IPS based on a BLE network for estimating manufacturing Key Performance Indicators 

(KPIs), such as cycle time. The study formulates the manufacturing flow as a HSMM 

problem and proposes algorithms for training and parameterizing the model using RSSI 

data. Additionally, the study addresses scenarios where RSSI data is not available by 

formulating the problem as a DI-HMM and proposing a combined architecture of a 
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classification tree and HSMM. Experimental validation is performed using simulated, 

real-world, and software generated RSSI observation sequences, demonstrating the 

accuracy and effectiveness of the proposed methods in estimating durations, intervals, 

and forecasting. Overall, this research contributes to the advancement of IPS 

technology in manufacturing industries and provides valuable insights for improving 

manufacturing processes and productivity. 

The research contributions of this study have been recognized and accepted for 

publication in reputable journals and presented at a conference. The following papers 

have been accepted: 

1) Conference Paper: 

Title: "Modeling of Manufacturing Processes using Hidden Semi 

Markov Model and RSSI Data" 

Conference: iSAI-NLP-AIoT 2022 Conference 

Date of Conference: November 5-7, 2022 

Date Added to IEEE Xplore: November 30, 2022 

2) Journal Paper: 

Title: "Production flow modeling based on BLE-based RSSI data with 

non-detectable areas" 

Journal: Songklanakarin Journal of Science and Technology 

Acceptance Date: April 21, 2023 

3) Journal Paper: 

Title: "A Hidden Semi-Markov Model for Predicting Production Cycle 

Time using Bluetooth Low Energy Data" 

Journal: Advances in Technology Innovation 

Acceptance Date: June 10, 2023 
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CHAPTER 2 

RELATED THEORIES 

2.1 Model of Manufacturing Process 

Manufacturing systems are usually modelled by their temporal describes the arrival 

and departure time of the product at the system.  The manufacturing system breaks into 

several working areas being arranged sequentially to produce final products.  

2.1.1 Key Performance Indicators  

Key Performance Indicators (KPI) is a method to measure the system 

performance concerning a time for a specific job. Manufacturing KPI computes 

tracking progress in the various working area with specific goals. Moreover, the sum 

of various working KPIs reports the performance of the production area. Below 

mentioned are the basic manufacturing KPIs used by manufacturers to track the process 

in the production area:  

1) Cycle-time (CT) defined as the time-spend in each working area as well as 

total manufacturing time.  

2) Utilization is the total of product generate as a ratio of total possible 

product. 

3) Work-in-process (WIP) represents the partially completed product in each 

working area.  

4) Throughput is the number of products that pass through each working area 

and production area. 

KPIs that manufacturing systems tend to monitor are:  

1) Average cycle-time at each working area  

2) Average factory cycle-time  

3) Throughput rate 

2.1.2 Queuing Theory 

Queueing theory (Ghimire et al. 2017) is a traditional way that describes the 

manufacturing system's behavior and performance. The basic definition of queueing 

system is that a client arrives, waits for service, and then exits after finishing the 

process. Kendall’s notation was adopted to describe various behaviors of the queuing 
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systems and represented as A/S/n, where A is arrival process, S is service process and 

n is number of servers. Queuing system comprises three main parts:  

1) Server is a processing area of queue system. 

2) Buffer is a waiting part in system, which is interconnected with server and used 

when sever is busy. 

3) Event arrival 𝝀 and departure rate 

To avoid complexity, assume a finite capacity of buffer, and inter-arrival time is 

negligible. The sum of arrival rate 𝝀 and service rate μ is response time. Queuing system 

used to define two main qualities N and T, where N is the average number of jobs in a 

system (can be at buffer or server) and T is the average delay in a job. 

 

Fig 2.1 Basic Queueing system  

The Little’s law determines a throughput rate or the average number of jobs in 

a system. Little's law correlates the long-flowing jobs in a system 𝐿௤ is equal to the 

average arrival rate 𝜆 multiply by the average amount of time spent 𝑊 in a system, i.e., 

𝐿௤ = 𝜆 𝑊                                                         (1) 

Little’s law is based on the black box because only input and output are visible and, the 

internal process of the model is invisible. Another parameter is utilization, defined as 

the ratio of average arrival rate 𝜆 with respect to service rate 𝜇, i.e., 

𝜌 =  
ఒ

ఓ
                                                           (2) 

Using the utilization factor, average number of customers N in a system can be 

determined, i.e.,  

𝑁 =  
ఘ

ଵିఘ
                                                       (3) 
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Cycle-time (CT) and work-in-process (WIP) of the manufacturing system can 

be determined by applying queuing theory. The Manufacturing system modelling 

(2010) divides cycle-time into two-part for analysing: average Factory Cycle-time and 

average Cycle-time at 𝑖௧௛ working area. Cycle-time consists of two components: 

processing time and waiting time. Thus, the average cycle time at 𝑖௧௛ working area is 

given as the sum of two components. 

𝐶𝑇(𝑖) = 𝐶𝑇௤ (𝑖) + 𝐸[𝑇௦ (𝑖)]                                       (4) 

 𝐶𝑇௤(𝑖) is the average time a job spends in the queue in front of the working area and 

𝑇௦ (𝑖)  is the service time (or processing time) at 𝑖௧௛ working area. Assume 

manufacturing system is ‘steady state’ i.e., obey Little’s law and use ergodic property 

then only queuing theory is applied. Notations used for explaining manufacturing 

system into mathematical form are:  

1) 𝑇௜
௔ à arrive time for the 𝑖௧௛ jobs. 

2) 𝑇௜
ௗà departure time for 𝑖௧௛ jobs 

3) 𝐴 (·) à number of jobs that arrived with time-interval [0, 𝑡] 

4) 𝐷 (·) à number of jobs departed with time-interval [0, 𝑡] 

5) 𝑁(𝑡)  =  𝐴(𝑡) − 𝐷(𝑡) à number of jobs in the system at time 𝑡 

6) 𝑁௔௕  à number of jobs with time-interval [𝑎, 𝑏] 

7) 𝜆à average arrival rate ቀ
ே௔௕

௕ି௔
ቁ 

8) 𝜇 à average service rate 

 

Fig 2.2 Arrival 𝐴(·) and departure 𝐷(·) functions realization 
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The mean waiting time CT during jobs considering for the period of (𝑎, 𝑏) period, 

given as: 

CT(a, b) =  
ଵ

ேೌ್
∑ (𝑇௜

ௗ −  𝑇௜
௔)

ேೌ್
௜ୀଵ                                         (5) 

In Figure 2.2 assume 𝐴𝐵 is an area between curve 𝐴(𝑡) and 𝐷(𝑡), where 𝑡 is between 

(𝑎, 𝑏) interval. To estimated 𝐴𝐵 area standard integration approach is used. 

𝐴𝐵 =  ∫ (𝐴(𝑡) − 𝐷(𝑡))
௕

௔
𝑑𝑡                                        (6) 

An average work-in-process in the system with a time interval (𝑎, 𝑏) is defined as: 

𝑊𝐼𝑃(𝑎, 𝑏) =  
1

𝑏 − 𝑎
න (𝐴(𝑡) − 𝐷(𝑡))

௕

௔

𝑑𝑡 

𝑊𝐼𝑃(𝑎, 𝑏) =  
ଵ

௕ି௔
 𝐴𝐵                                                           (7) 

Cycle-time in the system with time-interval (𝑎, 𝑏) can be correlated with the work-in-

progress. 

𝐶𝑇(𝑎, 𝑏) =  
ଵ

ேೌ್
 𝐴𝐵                                                         (8) 

Thus, the following relationship is found.  

𝑊𝐼𝑃(𝑎, 𝑏) =  
ேೌ್

௕ି௔
 𝐶𝑇(𝑎, 𝑏)                                            (9) 

Since 
ேೌ್

௕ି௔
=  𝜆 then, 

𝑊𝐼𝑃(𝑎, 𝑏) =  𝜆 𝐶𝑇(𝑎, 𝑏)                                               (10) 

The above equation follows Little’s law. Assume average arrival rate and average 

service rate is in exponential form and the probability of steady state system with n 

number of jobs.  

Pr{𝑁 = 𝑛} = ቀ1 −
஛

ஜ
ቁ ቀ

஛

ஜ
ቁ

௡

    for n =  0,1,··· , ∞ ,                 (11) 

In the above equation, N denotes the jobs number in the system.  

Assume 𝐸  denote Erlang formula in below equation. Average work-in-processes 

(WIPs) of the system is expressed in a discrete probability distribution as: 

𝑊𝐼𝑃௦ = 𝐸[𝑁] = ∑ 𝑛𝑝௡
ஶ
௡ୀ଴                                                 (12) 

𝑊𝐼𝑃௦ =
஛

ఓൗ

ଵି஛
ఓൗ

     , 𝑔𝑖𝑣𝑒𝑛 𝑡ℎ𝑎𝑡 𝜆 <  𝜇                                   (13) 
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Note that queuing model is implemented only when 𝜆 <  𝜇 is satisfied, i.e., the system 

is at equilibrium state.  The expected time in the system or cycle time (𝐶𝑇௦) computed 

using Little’s law, 𝐶𝑇௦ =  
ଵ

 ఓି ఒ 
. 

The queueing theory has some disadvantages to implement due to the following 

reasons. 

1) Queueing system provides no visibility to any stage other than input and 

output. 

2) In equation (11) system is in a steady state, which is valid only for long-

term analysis. Queuing systems rarely reach to steady state. Therefore, 

implementation of queuing system in real-world is impossible. 

2.2 Indoor localization 

2.2.1 RFID (Radio-frequency Identification) 

Radio-frequency Identification (RFID) technology works on tracking objects using 

radio waves. RFID has two main components: RFID tags and RFID reader. RFID tags 

are utilizing radiofrequency. These tags are manufactured using an antenna (receiving 

and transmitting) and microchip (store unique id). These tags are of two types: active 

and passive tags. Active tags have a power supply (battery) to drive the broadcast of 

signals, whereas passive tags are battery-less and have short-range than active tags. 

                   

(a) Active tags                                (b) Passive tags 

Fig. 2.3 Types of RFID Tags 

The RFID reader generates radio waves at a fixed frequency, which transmits and 

receives back from RFID tags. RFID tags are attached to objects for auto-identification. 
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RFID reader identifies the location when RFID tags are under a range of radio-wave. 

Hence, the RFID reader communicates with RFID tags without physical contact. 

In our project, we use Beacons that is a type of active RFID that uses BLE. BLE (or 

active RFID) systems operate by a tag “beaconing,” or sending out transmission, to a 

reader, and then transmitting that location to the cloud. Beacons are a type of active 

RFID that use BLE. 

2.2.2 Bluetooth Low Energy (BLE) 

Bluetooth Low Energy (BLE) (Surian et al. 2019) is low power and short-range 

wireless technology that can be utilized for indoor localization. Received Signal 

Strength Indicator (RSSI) is the fundamental value in wireless localization system, 

which calculates a distance between the BLE scanner and BLE tag by inverse-square 

law and propagation model, hence estimate the location of the tracking object.  

 

Fig 2.4 BLE Localization [Surian et al. (2019)] 

In general, RSSI has three main issues: Signal Strength Attenuation, Signal 

Interference, and Multipath Propagation. Mostly, these issues resolve via fingerprinting 

and trilateration method. In the fingerprint method, gradually locate BLE tag near 

multiple fixed BLE scanners to collected RSSI values for creating a database (offline 

phase), then compare with a real-time (online) RSSI value and estimate the location. 

Trilateration is a method used to determine the location of an object using RSSI distance 

relationship. Localization of the BLE tag using trilateration technique assumes three or 

more BLE scanners as a specific fixed location-point. Each BLE scanner receives 

different RSSI values from the same BLE tag and then converted each RSSI value into 
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the distance using the path-loss model. Hence by comparing a distance value of 

individual BLE scanner location is confirmed. 

 

Fig 2.5 Fingerprint positioning scheme [Yasmine et al. (2016)] 

 

 

Fig 2.6 Triangulation setup in the 2-D plane [V. Pierlot et al. (2019)]  

The main advantage of using the BLE is that it is a freely available (or license-

free) wireless technology. The operating frequency range of BLE is 2.402 to 2.483 GHz 

ISM band. Gaussian Frequency Shift Keying (GFSK) is a modulation technique used 

by BLE which is easy to actualize. The usage of power consumption of BLE reduces 

due to the modulation index range 0.45 to 0.55. 
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2.2.3 Received Signal Strength Indicator  

Received Signal Strength Indicator (RSSI) estimates the power level that a radio-

frequency scanning device received from a broadcasting device considering a distance. 

RSSI values directly depend on the distance between a signal transmitted and received, 

and usually varies over time, called non-stationary signals (Jung et al. 2013). When 

RSSI strikes with any object reduces the original RSSI value, and distance calculation 

has an error. This error compensates through the path-loss model. RSSI is measured as 

dBm (decibel-milliwatts), which is a unit that indicates a signal power in decibels (dB) 

with reference to one milliwatt (mW). Figure. 2.3 shows RSSI variation with respect to 

the distance of Bluetooth device. This demonstrates characteristic of Bluetooth RSSI 

and distance in real environment. 

 

Fig 2.7 RSSI vs distance 

 Path loss models estimate the decrease in radio signal power as it propagates away 

from the transmitter. Mostly two types of path loss models are used in RSSI ranging: 

free space propagation and shadowing model. The path loss model of free space 

propagation calculates power signal loss along with a single line-of-sight propagation 

path only. 

𝐿𝑜𝑠𝑠 = 32.44 + 10𝑛𝑙𝑜𝑔(𝑑) + 10𝑛𝑙𝑜𝑔(𝑓)                          (14) 

Where 𝐿𝑜𝑠𝑠 is path loss of signal power, 𝑑 is signal transmission distance (in meter), 

𝑓 is wireless signal frequency and 𝑛 is path attenuation factor in real-world. When it 
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comes to real-world scenarios such as industrial production areas, it needs to assume 

shadowing caused by various barriers, thus requires the shadowing model. The 

shadowing model (logarithmic) is a stochastic path loss model where power levels obey 

a lognormal distribution. 

𝑃௅ (𝑑) =  𝑃௅ (𝑑଴ ) + 10𝑛𝑙𝑜𝑔(𝑑/𝑑଴) + 𝑋ఙ                                (15) 

Where: -  𝑃௅(𝑑) is absolute power value and describe receiving signal pathloss with 

distance 𝑑 (𝑑 in meter), 𝑃௅(𝑑଴ ) is path loss of receiving signal with reference distance 

𝑑଴ , 𝑛 is path loss index in particular conditions also speed of pathloss, and 𝑋ఙ is normal 

distributed random value used to model shadowing effects. General formula for 

calculating RSSI value of receiving node is: 

𝑅𝑆𝑆𝐼 = 𝑃௧ − 𝑃௅(𝑑)                                              (16) 

Where,  𝑃௅(𝑑) is path loss with distance 𝑑, 𝑃௧ is signal transmission power, and 𝑅𝑆𝑆𝐼 

Received Signal Strength Indicator (in dBm). Assume 𝐴 is received signal strength 

from reference nodes with reference distance 𝑑଴. 

𝐴 =  𝑃௧ − 𝑃௅(𝑑)                                              (17) 

The path loss model measured at the real distance 𝑑 (m): 

𝑃(𝑑) = 𝑃(𝑑଴) − 10௡𝑙𝑜𝑔 ቀ
ௗ

ௗబ
ቁ − 𝑋ఙ                             (18) 

Where, 𝑃(𝑑) is received signal strength with real distance is 𝑑 (m) and 𝑑଴ = 1 meter 

(reference distance) 

𝑅𝑆𝑆𝐼 = 𝐴 − 10𝑛𝑙𝑜𝑔 ቀ
ௗ

ௗబ
ቁ − 𝑋ఙ                             (19) 

𝑅𝑆𝑆𝐼തതതതതത is defined as 𝑅𝑆𝑆𝐼 value multiple times of measurement.  

𝑅𝑆𝑆𝐼തതതതതത = 𝐴 − 10𝑛𝑙𝑜𝑔(𝑑)                                         (20) 

𝑑 is defined as the undetermined distance. 

𝑑 = 10(஺ିோௌௌூ)/ଵ଴௡                                              (21) 

The above equation shows the relationship between distance and RSSI i.e., 𝑅𝑆𝑆𝐼 ∝

1/𝑑𝑖𝑠𝑡𝑎𝑛𝑐𝑒. 

2.3 Hidden Markov Model (HMM) 

2.3.1 Hidden Markov Model (HMM)  

Hidden Markov Model (HMM) is a double-layer stochastic process with some 

specific hidden state based on the Markov process that relies upon observation states. 
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Utilizing Markov's property, the next state probability is predicted by considering the 

present state of the model. Hidden Markov Model consists of 5-elements:  

1) State (𝑆) is a stationary subprocess of the hidden non-stationary process.  

𝑆 = {𝑆ଵ, 𝑆ଶ, 𝑆ଷ, … … , 𝑆ே}                                        (22) 

2) Initial state probability (π) represents the starting of a stochastic process. 

π = {πଵ, πଶ, πଷ, … … , πே} 

π =  ∑ π௜ௌ೔ఢௌ = 1                                                (23) 

3) Transition matrix (𝐴) is a probability that varies from state to state. 

𝐴 = ൛𝑎௜௝ൟ = 𝑃(𝑆௝|𝑆௜)                                        (24) 

where 𝑎௜௝  refer to the probability that transition from present state 𝑆௜ to next 

state 𝑆௝ with time. 

4) Observation state (𝑂) is a secondary stochastic process that correlates with 

hidden states. 

𝑂 = {𝑂ଵ, 𝑂ଶ, 𝑂ଷ, … … , 𝑂ெ}                                  (25) 

5) Emission matrix (𝐵) represents the probabilities of one observation state to 

another. 

𝐵 = {𝑏௜௞} = 𝑏௜(𝑂௞) = 𝑃(𝑂௞|𝑆௜)                        (26) 

The above equation represents the probability distribution for observation state 

(𝑂௞)  concerning each state ( 𝑆௜ ) where, 𝑖 ≠ 𝑘 , 1 ≤ 𝑘 ≤ 𝑀  and 1 ≤ 𝑖 ≤ 𝑁 . 

Assume 𝑘 be any observation state for any state 𝑖 concerning any time. A sum 

of all observation probabilities of any state should be equal to 1. 

⩝ 𝑆௜, ∑ 𝑏௜(𝑘)ைೖ
 = 1                                           (27) 

We consider the HMM structure known as the left-right model, as depicted in 

Figure 2.8, in which state transition starts at the left and proceeds to the right. For the 

left-right HMM, the initial probability distribution is 1 for the initial state and 0 for the 

others. The left-to-right HMM is a suitable model for manufacturing processes because 

products move in manufacturing flow in a specific order, and the cycle does not repeat. 
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Fig 2.8 Left-right Hidden Markov Model 

Formulation of HMM requires the following three conditions to be satisfied. 

1) The Markov assumption: The transition probabilities of HMM define by the 

Markov assumption, which bases on the first-order Markov chain property. 

Hence, the first-order Markov chain property says that the HMM's next state is 

depends on the just previous state. 

2) Independent assumption: emission probability of current observation depends 

only on the current state, consequently independent from other states and 

another-observation. 

3) The stationarity assumption: state transition probabilities do not consider an 

actual time at which the transformation of state performs. 

There are three problems of Hidden Markov Model (L. Nguyen 2016) are:  

1) Evaluation or Explanation Problem – The evaluation problem determines the 

way to compute the probability 𝑃(𝑂|∆) based on observation sequence 𝑂 and 

HMM model ∆. A probability 𝑃(𝑂|∆)  can determine through a forward-

backward procedure. The forward-backward has two sub-divided variables: 

forward variable and backward variable.  

a) Forward variable –  

𝛼௧(𝑖) =  (𝑂ଵ, 𝑂ଶ, … ,  𝑂௧ , 𝑥௧  =  𝑆௜ |∆)                     (28) 

Where joint probability 𝛼𝑡 (𝑖) is forward variable of partial observation 

sequence (O1, O2, …, O𝑡) = O and state 𝑥𝑡 = S𝑖 where 1 ≤ 𝑡 ≤ T, assume 

n possible states of 𝑥T. 

Step1 Initialization: Initializing for all 1 ≤ 𝑖 ≤ n. 

𝛼௜(𝑖) =  𝑏௜(𝑂ଵ)𝜋 ௜                                      (29)                        

Step 2 Recurrence: Calculating all αt+1(j) for all 1 ≤ 𝑗 ≤ 𝑛 and 1 ≤ 𝑡 ≤ 

𝑇 −1. 

Ref. code: 25656210030018FRH



26 
 
 

 

𝛼௧ାଵ(𝑗) = ൫∑ 𝛼௧(𝑖)𝑎௜௝
௡
௜ୀଵ ൯𝑏௝(𝑂௧ାଵ)                          (30) 

Where 𝑏௝(𝑂௧ାଵ)is the probability of observation (𝑂௧ାଵ) when the state 

stochastic process is in state 𝑆௝.  

Step 3 Evaluation: Probability 𝑃(𝑂|∆) based on forward variable. 

𝑃(𝑂|∆) = 𝑃(𝑂ଵ, 𝑂ଶ, … , 𝑂௧) 

𝑃(𝑂|∆) =  ෍ 𝑃(𝑂ଵ, 𝑂ଶ, … , 𝑂௧, 𝑥௧ = 𝑆௜|∆)

௡

௜ୀଵ

 

𝑃(𝑂|∆) =  ∑ 𝛼்(𝑖)௡
௜ୀଵ                                                 (31) 

b) Backward variable – 

𝛽௧(𝑖) =  (𝑂௧ାଵ, 𝑂௧ାଶ, … , 𝑂் |𝑥௧  =  𝑆௜ , ∆)                      (32) 

Where conditional probability 𝛽𝑡 (𝑖) is forward variable of partial 

observation sequence (Ot+1, Ot+2, …, OT) = O and state 𝑥𝑡 = S𝑖 where 1 

≤ 𝑡 ≤ T.  

Step 1 Initialization: Initializing for all 1 ≤ 𝑖 ≤ 𝑛. 

𝛽்(𝑖)  =  1                                                (33) 

Step 2 Recurrence: Calculating all 𝛽௧(𝑖) for all 1 ≤ 𝑖 ≤ 𝑛 and 𝑡 =

𝑇– 1, 𝑡 = 𝑇– 2, … , 𝑡 = 1. 

𝛽௧(𝑗) = ൫∑ 𝑎௜௝𝑏௝(𝑂௧ାଵ)𝛽௧ାଵ
௡
௝ୀଵ (𝑗)൯                                           (34) 

  Step 3 Evaluation: Probability 𝑃(𝑂|∆) based on backward variable. 

𝑃(𝑂|∆) =  ∑   𝜋௜  𝑏௝(𝑂ଵ)𝛽ଵ(𝑖)௡
௜ୀଵ                                                         (35) 

2) Uncovering Problem – The uncovering problem determines the hidden state 

sequence by observation sequence. In other words, the simple criterion is the 

conditional probability of sequence X  concerning sequence 𝑂  and model ∆, 

denote 𝑃(X|𝑂, ∆) 

X=𝑎𝑟𝑔𝑚𝑎𝑥௑ 𝑃(X|𝑂, ∆)                                 (36) 

Assume γ ௧(i) be a joint probability (individually optimal criterion) that the 

arbitrary process in state Si at time point t with observation sequence O = {O1, 

O2, …, OT}.  By reference equations (30) and (34), the forward variable αt and 

backward variable βt can be calculated. 

γ ௧(i)  =  P(𝑂ଵ, 𝑂ଶ, … , 𝑂௧, x௧  =  S௜ |∆)  =  α௧ (i)β௧ (i)              (37) 
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The probability (𝑂ଵ, 𝑂ଶ, … , 𝑂௧ |∆) is unrelated to state sequence X. The below 

formula defines how to determine the optimal state x௧ of X at time point t. 

x୲  =  argmax௜γ୲ (i)  =  argmax ୧ α୲ (i)β ୲(i)                      (38) 

In the above formula, 𝑖 denote as state 𝑆௜  ∈  𝑆. The ideal state x୲ of 𝑋 for time 

𝑡 is equal to the estimated product of α୲ (i)β ୲(i) for an overall value of 𝑆௜ . 

Finally, state sequence X =  {xଵ, xଶ  … , x୘} is determined when its partial states 

x୲(S) where 1 ≤ 𝑡 ≤ T. 

3) Learning Problem – The learning problem defines how to adjust a parameter 

of the model so that initial state distribution π, transition probability matrix A, 

and observation probability matrix B improve the quality and determine the 

maximum likelihood of the HMM ∆. 

θ = (A, B, π) =  argmax୅,୆,஠ P(O|Δ)                             (39) 

The Expectation-Maximization (EM) or Baum-welch algorithm can resolve the 

HMM learning problem. Generally, the EM algorithm obtains a maximum-

likelihood estimation of observed values with the help of the Gaussian 

distribution method from raw observed values. EM algorithm sub-divided into 

two parts: - Expectation step (E-step) and Maximization step (M-step). The 

main aim of EM algorithm is to estimate 𝜃 by finding out which 𝜃෠ maximizes 

the likelihood function 𝐿(𝜃) = 𝑃(𝑂|𝜃). 

𝜃෠ = 𝑎𝑟𝑔𝑚𝑎𝑥ఏ𝐿(𝜃) = 𝑎𝑟𝑔𝑚𝑎𝑥ఏ𝑃(𝑂|𝜃)                       (40) 

       𝜃෠ = 𝑎𝑟𝑔𝑚𝑎𝑥ఏ ∑ 𝑃(𝑋|𝑂, 𝜃) ln൫𝑃(𝑂, 𝑋|𝜃)൯௫                   (41) 

Where: -  𝜃෠ – parameter estimate, and “ln”- natural logarithm function.  

Let us assume ∆ = (𝑎௜௝, 𝑏௝(𝑘), π௜)  be the current parameter and ∆෠ =

(𝑎ො௜௝, 𝑏ఫ
෡ (𝑘), πෝ௜) be the next parameter.  

E-step: To begin E-step, we need two predefined forward variable (𝛼௧) and a 

backward variable (𝛽௧) from the forward-backward algorithm. Assume we need 

to calculate  𝛾௧  posteriori probability and ξ௧(i, j)  joint probability that the 

stochastic process receives state S୧ at time point 𝑡 − 1 and state S୨at the time 

point 𝑡 of given observation sequence 𝑂. 

ξ௧  (i, j) =  P൫O, x୲ିଵ = S୧ , x௧ = S௝ ห∆൯ 
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ξ௧  (i, j) = α୲ିଵ(i)  𝑎௜௝  b୨ (O୲)  β୲(j)                               (42) 

When 𝑡 ≥ 2    

γ୲ (j) =  P൫O, x௧  =  S௝ ห∆൯ =  α ௧(j) β୲(j)                   (43) 

Where forward variables α ௧  and backward variables β୲ are can be calculated by 

the previous equation (31) and (35), respectively.  

M-step: Estimating next parameter    ∆෠ = (𝑎ො௜௝, 𝑏ఫ
෡ (𝑘), πෝ௜)  on the joint 

probabilities (𝑖, 𝑗) and γ୲ (j) determined at E-step. 

𝑎ො௜௝ =  
∑ ஞ೟ (୧,୨)೅

೟సమ

∑ ∑ ஞ೟ (୧,୪)೙
೗సభ

೅
೟సమ

                                                (44) 

 

𝑏ఫ
෡ (𝑘) =  

∑ ஓ౪(୨)೅
೟సభ

ೀ೟సകೖ

∑ ஓ౪(୨)೅
೟సభ

                                                    (45) 

 

 

πෝ௜ =  
ஓభ(୨)

∑ ஓభ(୨)೙
೟సభ

                                                        (46) 

The estimate ∆෠  becomes the current parameter for next iteration. 

2.3.2 Hidden Semi Markov model (HSMM) 

The HMM explained above has some limitations for scenarios when the data of 

a system is dependent upon time. To resolve this problem, the Hidden semi-Markov 

model (Sun et al. (2019)) introduces the variable duration 𝐷 = {𝑑ଵ, 𝑑ଶ, … , 𝑑ே}  that 

relies on each state, also controls transition probabilities. Model accuracy increases if 

the system is dependent on time in comparison with HMM. Three main properties that 

distinguish HSMM from HMM are:  

1) The self-transition probability is assumed zero, i.e., no return to the same state.  

2) The duration of a state determines whether it will remain in that state or move 

to the next. The duration for state 𝑖  is expressed as 𝑝௜(𝑑) ≜ 𝑃𝑟 (𝑑| 𝑠௧ =

𝑖) ,where 𝑑 = 1,2, … , 𝐷  and 𝐷  is maximum duration, with condition that 

∑ 𝑝௜(𝑑)஽
ௗୀଵ = 1.  

3) The observation sequence between successive time instants is assumed to be 

independent in the emission probability, i.e., 𝑏௜(𝑂௧:௧ାௗିଵ) = ∏ 𝑏௜(𝑂௞)௧ାௗିଵ
௞ୀ௧ .      
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Fig 2.9 Hidden Semi Markov Model 

HSMM ∆ுௌெெ consist of four mains of parameters (Sun et al. (2020)).  

∆ுௌெெ =  {𝐴, 𝐵, π, 𝑝}                                             (47) 

Where, 𝐴  represents transition matrix with duration probability 𝑝  for each state, 𝐵 

signifies emission matrix, and π is initial state probability. The sequential likelihood of 

the HSMM denoted as  𝑃(𝑂|∆𝐻𝑆𝑀𝑀)   can determine through a forward-backward 

procedure. The forward-backward has two sub-divided variables: forward variable and 

backward variable. The HSMM forward-backward algorithm is defined as follows: 

𝛼௧(𝑖) = 𝑃( 𝑂ଵ:௧,  𝑆𝑖 𝑒𝑛𝑑𝑠 𝑎𝑡 𝑡 | 𝜆)  =  ∑ 𝛼௧ିௗ
∗ (𝑖)

௠௜௡ (௧,஽)
ௗୀଵ  𝑝௜(𝑑)𝑏௜(𝑂௧ିௗାଵ:௧)      (48) 

𝛼௧
∗(𝑖) = 𝑃(𝑂1:𝑡 , 𝑆௜  𝑏𝑒𝑔𝑖𝑛𝑠 𝑎𝑡 𝑡 + 1 |𝜆) = ෍ 𝛼௧(𝑖)

ே

௜ୀଵ

 𝑎௝,௜ 

    𝑡 =  1, … , 𝑇      𝑖 =  1, … , 𝑁                                                                                 (49) 

 

𝛽௧(𝑖) = 𝑃(𝑂௧:்| 𝑆௜ 𝑏𝑒𝑔𝑖𝑛𝑠 𝑎𝑡 𝑡 , 𝜆) =  ∑ 𝛽௧ାௗ
∗ (𝑖)

(்ି௧,஽) 
ௗୀଵ  𝑝௜(𝑑)𝑏௜(𝑂௧:௧ାௗିଵ)       (50) 

𝛽௧
∗(𝑖) = 𝑃(𝑂𝑡:𝑇 |𝑆௜ 𝑒𝑛𝑑𝑠 𝑎𝑡 𝑡 − 1, 𝜆) =  ෍ 𝑎௜,௝

ே

௝ୀଵ

 𝛽௧(𝑗) 

     𝑡 =  𝑇, … ,1      𝑖 =  1, … , 𝑁                                                                                 (51) 

To estimating the next parameters of the model i.e., πෝ௜, 𝑎ො௜௝, 𝑏෠௜(𝑘), and 𝑝̂௜(𝑑) 
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 πෝ௜ =   
గ೔ఉభ(௜)

∑ గ೔ఉభ(௜)ಿ
೔ సభ

       𝑓𝑜𝑟  𝑡 ≤ 0                                      (52)           

𝑎ො௜௝ =  
∑ ఈ೟(௜)௔೔ೕఉ೟శభ(௝)೅షభ

೟సభ

∑ ఈ೟(௜)ఉ∗
೟శభ(௜)೅షభ

೟సభ
   1 ≤  𝑖 ≠  𝑗 ≤  𝑁                        (53) 

𝑎ො௜௜  =  0    𝑖 =  1,2, . . , 𝑁                                                      (54) 
 

𝑏෠௜(𝑘) =
∑ [∑ ఈഓ

∗ .ఉഓ ି ഓ స೘೔೙ (೟,ವ) ∑ ఈഓ.ఉഓ
∗ ഓ స೘೔೙ (೟,ವ) ]೅

೟సభ(ೞ.೟.ೀ೟సೖ)  

∑ ∑ [∑ ఈഓ
∗ .ఉഓ ି ഓ స೘೔೙ (೟,ವ) ∑ ఈഓ.ఉഓ

∗ ഓ స೘೔೙ (೟,ವ) ]೅
೟సభ(ೞ.೟.ೀ೟సೖ)  

ಾ
ೖసభ

            (55) 

 

𝑝̂௜(𝑑)  =  
∑ ఈ೟షభ

∗ (௜) ୮೔(ௗ) ௕೔(ை೟:೟శ೏షభ)ఉ೟శ೏
∗ (௜) ೅ష೏శభ

೟సభ

∑ ∑ ఈ೟షభ
∗ (௜) ୮೔(ௗ) ௕೔(ை೟:೟శ೏షభ)ఉ೟శ೏

∗ (௜) ೅ష೏శభ
೟సభ

ವ
೏సభ

                       (56) 

2.4 Tools 

2.4.1 Hardware tools 

Devices selected to accomplish the thesis goals is Wemos D1 ESP32. The Wemos 

D1 ESP32 board uses ESP32 module in the form factor of the Arduino Uno and can 

communicate with Wi-Fi and Bluetooth (BLE) network.  

                            
Fig.2.10 Wemos D1 ESP32 

 

2.4.2 Software tools 

The MATLAB software is used for extracting and analysing data using following 

functions: 

1) Web access — webread function is used to read the data from RESTful web 

service. 

2) Preprocessing data — readtable function to create table from extracted data, 

table array with named variables that can contain different types, cell2table 
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convert cell array to table, findgroups used to find groups and return group 

numbers, discretize function used group data into categories, and groupcounts 

function used number of group elements. 

3) 2-D plots — plot creates a 2-D line plot of the data in y versus the corresponding 

values in x and stairs used to represent stairstep graph based on categories data. 

4) Bluetooth Toolbox — simulates, analyses, and tests Bluetooth communication 

systems by simulating both links and networks. Run bit error rate and packet 

error rate simulations on those links with the toolbox. Set up piconet and mesh 

networks and test their performance in the presence of WLAN interference. 

Create localization scenarios and test with various impairments. 

5) Classification tree — fitctree classify multiple classes, make a binary decision 

tree. 

6) Normal distribution — fitdist fit the data to the probability distribution object. 
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CHAPTER 3 

METHODOLOGY 

3.1 Problem definition 

Manufacturing are a complex process where products go through different working 

areas and operations, including picking, scheduling, and forwarding. The initial and 

final working areas are usually pre-defined for each manufactured product. Production 

flow refers to how raw materials are moved and processed in sequential order from one 

working area to the next until the final area. Workers or machines in each working area 

will spend time to complete their tasks, known as Cycle time. Cycle time is a critical 

KPI in the manufacturing industry because it describes temporal charatersitics of 

working areas which can be used in the forecasting of production efficiency.This study 

used a BLE-based indoor positioning system to track and collect product movement 

information to estimate the total cycle time of products. A BLE-based indoor 

positioning system uses a BLE tags being attached to products, and BLE scanners being 

strategically placed in working areas to detect BLE tags. However, the coverage area 

of the BLE scanner in the working area is limited. As a result, when the product is 

between two working areas, the BLE scanner may not be able to receive precise RSSI 

data, and the product location becomes unknown. 

We compute the total cycle time of a product in terms of duration and interval in 

each area. Duration determines how long a product stays in a working area, whereas 

the interval determines how long the product stays between two working areas, such as 

the product is being transferred or put in a storage area. The HMM approach is used to 

achieve accurate indoor positioning. HMM combines fingerprints and motion sensors 

to solve missing data issues and overcome the high-dimensions classification challenge 

posed by a large number of scanners.The conventional HMM model is a time-

independent model, i.e., the state transitions are time-independent, such that the cycle 

time of products can not be defined directly. Hence, this study formulates the product 

tracking problem as a HSMM model ∆ுௌெெ =  {𝐴, 𝐵, π, 𝑝}  that defines its state 

transistion probability to depend on the sojour time, that is the time for workers or 

machines to complete their task.  
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A HSMM model can represent duration time in its context, but cannot capture the 

transition period between working areas HSMM. The Duration and Interval Hidden 

Markov Model (DI-HMM) ∆஽ூିு  = {𝐴, 𝐵, 𝜋, 𝑝, 𝐿}   defines the periods without 

observations as state intervals. In HSMM, the next state 𝑆௝  starts immediately after 

ending the present state  𝑆௜, but, next state 𝑆௝ in DI-HMM starts after a state interval 

that occurs after ending its previous state 𝑆௜ .  A state interval 𝐼௜,௝  between two 

consecutive states where 𝑖, 𝑗 ∊ {1,2, … , 𝑁} is expressed by interval length probability 

𝑃(𝐿௜,௝) assumed to be the Gaussian distribution. A time length of observation of the DI-

HMM is ∑(𝑑௜ + 𝐼௜,௝), where 𝑑௜ ∊ 𝐷 and  𝐼௜,௜ାଵstands for the time difference between 

ending-time of 𝑆௜ and stating-time of 𝑆௝.  

 

Fig 3.1 Sequence of DI-HMM (Narimatsu et al. 2017) 

The objective of our work can be separated into two goals: first to develop a 

mathematical model that estimates the duration of each working area using collected 

RSSI data. Second, to further consider the interval concept in the mathematical model 

that reflects when products are kept temporarily between two working areas. 

3.2 Research Methodology  

This study aims to answer the following question: how can we estimate the total 

Cycle Time using data acquired from a BLE-based indoor positioning system? and is 

divided into two parts: 

1) Modelling of duration using HSMM 

2) Modelling of duration and interval using DI-HMM. 
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We assume no periods without observations in the first study, and we consider the 

situation of interval, i.e, no RSSI data for some period, in the second study. 

3.2.1 Duration estimation 

The main goal of the first study is to develop a mathematical model that uses RSSI 

data to estimate how long each working area takes to complete a particular operation. 

This RSSI data is analyzed using the concept of HSMM that characterizes the sequence 

in the production area statistically. Then the expected duration of product for each 

working area is predicted from the obtained HSMM model. The physical setting of our 

study is depicted in Fig 3.2. 

 

Fig. 3.2. Information flow for duration estimation 

 

Fig.3.3. BLE scanning and sending data to server. 
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To model the production flow in the HSMM framework, each working area with 

BLE scanner represents state 𝑆௜ , where 𝑖 =  1,2,3, . . . . 𝑁 and 𝑁 denotes the number of 

working areas. Let all BLE scanners start independently with the same 

scanning/sending period. The RSSI data collected from all scanners are related to each 

other based on their scanning/reporting period. As shown in Figure 3.3, the data timing 

are allocated as discrete steps based on the scanning/reporting periods.  

For a timing step 𝑡, multiple RSSI values observed at BLE scanners represent a 

group of observations 𝑂 = {𝑂ଵ
௠భ , 𝑂ଶ

௠మ , … , 𝑂௧
௠೟}  with 𝑚௧  observable mode. Let 

observable mode 𝑚௧ = (𝑚௧
ଵ, 𝑚௧

ଶ, … , 𝑚௧
ெ) represents the status of BLE scanners that 

report RSSI value. The observable mode 𝑚௧
௞ = 0 indicates that BLE scanner 𝑘 has not 

received signal at the time 𝑡, while 𝑚௧
௞ =  1 indicates that BLE scanner 𝑘 has received 

signal. This study assumes the following conditions that correspond to characteristics 

of manufacturing process. 

1) Each working area with BLE scanner represents state 𝑆௜ , where 𝑖 =

 1,2,3, . . . . 𝑁  and  𝑁  denotes the number of working areas. In this case, 𝑀 

observed (RSSI) signals are generated based on the states, here 𝑀 = 𝑁. 

2) The transition matrix 𝐴 is fixed to reflect that the manufacturing process of 

similar products is sequential and identical. Since all product manufacturing 

begins in the 𝑆ଵ working area, the initial state probability for the 𝑆ଵ working 

area is 1 and 0 for the others. 

3)  The emission probabilities 𝐵 are assumed to be fixed, but may be updated 

periodically based on the collected RSSI data (Sun et al. 2020), as follows: 

𝑏௜൫𝑂௧
௠೟൯ ≜ 𝑃൫𝑆௧ = 𝑖|𝜇௜

௠೟ , ∑௜
௠೟൯                                           (57) 

𝑏௜൫𝑂௧:௧ାௗିଵ
௠೟:௠೟శ೏షభ൯ =  ∏ 𝑏௜(𝑂௞

௠ೖ)௧ାௗିଵ
௞ୀ௧                                           (58) 

The mean and covariance of the Gaussian component at state 𝑖 is µ௜
௠೟  and ∑௜

௠೟ , 

respectively with 𝑚௧ = (𝑚௧
ଵ, 𝑚௧

ଶ, … , 𝑚௧
ெ) observable mode.  

For an HSMM model, 𝛼௧(𝑖) and 𝛼௧
∗(𝑖) represent forward variables, while 𝛽௧(𝑖) and 

𝛽௧
∗(𝑖)  represent backward variables. The forward algorithm estimates state 𝑆௧  by 

recursively computing the forward variable 𝛼௧(𝑖) using only observation sequences 
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until time-length 𝑡. In the same way, we can compute the backward variable 𝛽௧(𝑖). 

Observable mode is used to define the HSMM forward-backward algorithm as follows: 

𝛼௧(𝑖) = 𝑃൫𝑂ଵ:௧
௠భ:௠೟ , 𝑆௜ 𝑒𝑛𝑑𝑠 𝑎𝑡 𝑡|𝜆൯  =  ∑ 𝛼௧ିௗ

∗ (𝑖)
௠௜௡ (௧,஽)
ௗୀଵ  𝑝௜(𝑑)𝑏௜൫𝑂௧ିௗାଵ:௧

௠೟ష೏శభ: ௠೟൯   (59) 

𝛼௧
∗(𝑖) = 𝑃൫𝑂ଵ:௧

௠భ:௠೟ , 𝑆௜ 𝑏𝑒𝑔𝑖𝑛𝑠 𝑎𝑡 𝑡 + 1 |𝜆൯ = ∑ 𝛼௧(𝑖)ே
௜ୀଵ  𝑎௝,௜                   (60) 

where 𝑡 =  1, … , 𝑇      𝑖 =  1, … , 𝑁                                                                       

𝛽௧(𝑖) = 𝑃൫𝑂௧:்
௠೟:௠೅|𝑆௜ 𝑏𝑒𝑔𝑖𝑛𝑠 𝑎𝑡 𝑡, 𝜆൯ =  ∑ 𝛽௧ାௗ

∗ (𝑖)
(்ି௧,஽) 
ௗୀଵ  𝑝௜(𝑑)𝑏௜൫𝑂௧:௧ାௗିଵ

௠೟: ௠೟శ೏షభ൯   (61) 

𝛽௧
∗(𝑖) = 𝑃൫𝑂௧:்

௠೟:௠೅|𝑆௜ 𝑒𝑛𝑑𝑠 𝑎𝑡 𝑡 − 1, 𝜆൯ =  ∑ 𝑎௜,௝
ே
௝ୀଵ  𝛽௧(𝑗)               (62) 

where  𝑡 =  𝑇, … ,1      𝑖 =  1, … , 𝑁                                                                           

We replace the 𝑝 with a re-estimated 𝑝̂ for each area's cycle time. The duration 

probability 𝑝̂௜(𝑑) matrix is re-estimated based on the forward-backward algorithm as: 

𝑝̂௜(𝑑) =  
∑ ఈ೟

∗(௜)೅ష೏శభ
೟సభ ௣೔(ௗ)ఉ೟శ೏

∗ (௜)௕೔ቀை
೟శభ:೟శ೏

೘೟శభ: ೘೟శ೏ቁ

∑ ∑ ఈ೟
∗(௜)೅ష೏శభ

೟సభ ௣೔(ௗ)ఉ೟శ೏
∗ (௜) ௕೔ቀை

೟శభ:೟శ೏

೘೟శభ: ೘೟శ೏ቁವ
೏సభ

                       (63) 

As mentioned in the above assumption, manufacturing process transitions 𝐴 occur in a 

set order from left to right, although the duration 𝑝 of each product varies. To find this 

hidden duration 𝑝 pattern where the sequence does not need to be estimated, use 

Algorithm 1.  

Input: 𝑂ଵ:்
௭  =  {𝑜ଵ

௭ , 𝑜ଶ
௭ , . . . . . . 𝑜்

௭}  where 𝑍 is number of training sequences 

Training phase: 
1. 𝑝௦௨௠  =  0 
2. for z = 1 to 𝑍  
3.     Assign the HSMM parameters  {𝜋, 𝐴, 𝐵}  
4.      z == 1 assign 𝑝 as uniformly distributed probability 
5.      for 𝑡 =1 to 𝑇 
6.             Calculate 𝛼௧ , 𝛼௧

∗, 𝛽௧, and 𝛽௧
∗  using  (59), (60), (61), and (62) 

7.      end 
8.      Update parameter 𝑝̂ using (63) 
9.       𝑝௦௨௠  =  𝑝௦௨௠  + 𝑝̂  

10.       𝑝௔௩௚   =
 𝑝௦௨௠

𝑧ൗ  

11.       𝑝 =  𝑝௔௩௚ 

12. end    
13. Output:  𝑝̂ 

Algorithm 1. Re-estimate the original probability of duration. 
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3.2.2 Duration and interval estimation 

In this section, we will examine when a product may be either in a working area or 

a storage area and estimate how much time products spend in each using two different 

terms: duration and interval. The working area contains BLE scanners that collect RSSI 

data from BLE tags and determine the location of BLE tags based on strong RSSI 

values. While the movement and storage of products outside working areas will lead to 

weak and noisy RSSI values such that product location becomes unknown.  

To model duration and interval with incomplete RSSI data we propose a 

classification tree to identify inside/outside scenarios based on BLE data, as shown in 

Figure 3.4. When RSSI data is classified as a positive case (working area), the training 

algorithm of HSMM model ∆ுௌெெ =  {𝐴, 𝐵, π, 𝑝} will proceed normally. When RSSI 

data is classified as a negative case (outside working area), the traning algorithm of 

HSMM model ∆ுௌெெ =  {𝐴, 𝐵, π, 𝑝} is paused and the counting of the timing steps will 

be used for the modeling of interval probability 𝐿௜,௝ . That is, the classification tree 

model supervises the flow of RSSI data to two training algorithms. 

𝐿௜,௝ = 𝑝(𝐼௜,௝) =
ଵ

ఙ√ଶగ
𝑒

ష(಺೔,ೕషഋ)మ

మ഑మ                                       (64) 

where 𝑖 =  1,2, . . 𝑁 − 1 and  𝑗 =  1,2, . . 𝑁 

 

Fig 3.4. Classification tree split data into two area 
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Input: 𝑂ଵ:்
௭  =  {𝑜ଵ

௭ , 𝑜ଶ
௭ , . . . . . . 𝑜்

௭}  where 𝑍 is number of training sequences 

             𝑐𝑡𝑟𝑒𝑒 Classification tree model 

 

Training phase: 

1. 𝑝௦௨௠  =  0 

2. 𝐼௦௨௠  =  0 

3. for z = 1 to 𝑍 

4.      Assign the HSMM parameters  {𝜋, 𝐴, 𝐵}  
5.        z == 1 assign 𝑝 as uniformly distributed probability 
6.       for 𝑡 =1 to 𝑇 
7.              𝑙𝑎𝑏𝑒𝑙  =  𝑝𝑟𝑒𝑑𝑖𝑐𝑡(𝑐𝑡𝑟𝑒𝑒 , 𝑜௧)   
8.              if 𝑙𝑎𝑏𝑒𝑙 ==  {𝑤𝑜𝑟𝑘𝑖𝑛𝑔 𝑎𝑟𝑒𝑎} 
9.                    Calculate 𝛼௧ , 𝛼௧

∗, 𝛽௧, and 𝛽௧
∗  using  (59), (60), (61), and (62) 

10.              else 
11.                    Calculate interval 𝐼  
12.            end 
13.      end 
14.      Update parameter 𝑝̂ using (63) 
15.      Calculate 𝐿 using (64) 
16.       𝑝௦௨௠  =  𝑝௦௨௠  + 𝑝̂  

17.        𝑝௔௩௚   =
 𝑝௦௨௠

𝑧ൗ  

18.       𝑝 =  𝑝௔௩௚    

19. end 
20. Output:  𝑝̂ and 𝐿 

Algorithm 2. Re-estimate the duration and interval probabilities  
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CHAPTER 4 

EXPERIMENT AND RESULTS  

4.1 Experiment setting 

In this study, we used three different settings to generate a sequence of RSSI 

observations:  

1) Software  

2) Real-world  

3) Simulation.  

HSMM will use software and real-world settings to generate a sequence of RSSI 

observations, whereas DI-HMM will use simulation based on the distance factor. 

4.1.1 Software-based sequence generation 

We use Algorithm 3 to generate the software-based sequence using the HSMM 

parameters 𝝅, 𝑨  and 𝒑  as probability distributions, and multiple 𝝁  and 𝝈  for RSSI 

observations.  

The duration probability 𝒑 =  𝑷𝒓𝒐𝒃(𝑺𝒕𝒂𝒕𝒆|𝒅𝒖𝒓𝒂𝒕𝒊𝒐𝒏)  is based on a 

probability mass distribution in which the state is specified by the row and the duration 

by the column, with the maximum duration value of any state denoted to 𝑫 and the sum 

of each row must equal one. 
 

 

 

Input:  ∆𝑯𝑺𝑴𝑴 =  {𝑨, 𝝁, 𝝈, 𝛑, 𝒑}, 𝑵 is number of states and 𝑴 is RSSI observations  

Output: Hidden state 𝑺 and RSSI observations 𝑶   

 

 

1. for 𝒊 = 𝟏 to 𝑵  

2.        if  𝒊 ==  𝟏 

3.              𝑺𝒔𝒆𝒍𝒆𝒄𝒕𝒆𝒅  = Using the 𝝅 initial probability, randomly select a state. 

4.        else 

5.             𝑺𝒔𝒆𝒍𝒆𝒄𝒕𝒆𝒅  = randomly select state using previous state and 𝑨 probability 

6.        end 

7.         𝒅𝒖𝒓𝒂𝒕𝒊𝒐𝒏𝒔𝒆𝒍𝒆𝒄𝒕𝒆𝒅  = Based on the 𝑺𝒔𝒆𝒍𝒆𝒄𝒕𝒆𝒅 and 𝒑 probability, choose the        

                                        duration at random. 

8.        for  𝒌 = 1 to  𝒅𝒖𝒓𝒂𝒕𝒊𝒐𝒏𝒔𝒆𝒍𝒆𝒄𝒕𝒆𝒅  
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9.                for   𝒎 =  𝟏 to 𝑴 

10.                     𝒐(𝒎, 𝒌) = Generate random value from 𝝁 and 𝝈 with 𝑺𝒔𝒆𝒍𝒆𝒄𝒕𝒆𝒅  

11.                end 

12.        end 

13.       𝑺𝒅𝒖𝒓𝒂𝒕𝒊𝒐𝒏 (1: 𝒅𝒖𝒓𝒂𝒕𝒊𝒐𝒏𝒔𝒆𝒍𝒆𝒄𝒕𝒆𝒅 ) = 𝑺𝒔𝒆𝒍𝒆𝒄𝒕𝒆𝒅  

14.       𝑺  =  [𝑺 , 𝑺𝒅𝒖𝒓𝒂𝒕𝒊𝒐𝒏]  

15.      𝑶  =  [𝑶 , 𝒐]  

16. end 

Algorithm 3 Sequence generation using software. 

We can see the variation in duration with respect to each state in fig 4.1. 

 
Fig 4.1. Duration variation for each state 

 

4.1.2 Real-world 

Physical experiments consist of three components: ESP32 boards as BLE tags and 

scanners, Wi-Fi access points as network, and Firebase as the database. The ESP32 

boards are programmed differently to function as BLE scanners and BLE tags, 

respectively. The scanning time for all BLE scanners is 5 seconds. Figure 4.2 depicts 

the fundamental operation of a BLE scanner, which includes scanning, storing, and 

sending data to the Firebase’s real-time database. 
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Fig.4.2. Fundamental operation of a BLE scanner 

RSSI values from BLE scanners are collected and computed as patterns in fig 4.3 based 

on the placement of BLE tags at specific positions. 

 

Fig. 4.3. Experiment BLE RSSI vs Distance  

4.1.3 Bluetooth toolbox based BLE network. 

MATLAB Bluetooth® Toolbox is used in this study to simulate end-to-end 

Bluetooth low energy (LE) transmission modes in the presence of a path loss model, 

RF impairments, and additive white Gaussian noise (AWGN). The bit error rate (BER), 

path loss, and distance between transmitter and receiver are all estimated using the 

simulation results. To run an end-to-end simulation with path loss, we use these steps: 

1) Generate random bits. 

2) Generate a Bluetooth BR/EDR waveform. 

3) Add impairments. 
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4) Attenuate the waveform based on the path loss. 

5) Add AWGN 

6) Show the spectrum of transmitted and received waveforms. 

The end-to-end example chain is depicted in Figure 4.4. Algorithm 4 show the process 

how to estimate the RSSI based on the scanner position with motion of tags. 

 

Fig. 4.4 Summary of the end-to-end chain. 

Input:  Environment = Industrial,  𝑃௧  =  0 𝑑𝐵 Tx power 
            𝑆𝑐𝑎𝑛𝑛𝑒𝑟 ௣௢௦ 

= [𝑥ଵ 𝑦ଵ; 𝑥ଶ 𝑦ଷ;  . . ; 𝑥ே 𝑦ே] , where 𝑁 is number of scanners. 

            𝑇𝑎𝑔ெ௢௧௜௢௡ =  [𝑥ଵ 𝑦ଵ; 𝑥ଶ 𝑦ଷ;  . . ; 𝑥௅ 𝑦௅], where 𝐿 is total path steps. 

             𝑇𝑎𝑔௔௧ ௦௖௔௡௡௘௥ =  [𝑝𝑜𝑠ଵ; 𝑝𝑜𝑠ଶ;  . . ; 𝑝𝑜𝑠ே] , 𝐼𝑛𝑡𝑒𝑟𝑣𝑎𝑙 =  [𝐼௠௜௡ 𝐼௠௔௫] 

             𝐷𝑢𝑟𝑎𝑡𝑖𝑜𝑛 =  [𝑑ଵ೘೔೙
 𝑑ଵ೘ೌೣ

; 𝑑ଶ೘೔೙
 𝑑ଶ೘ೌೣ

;  . . ; 𝑑ே೘೔೙
 𝑑ே೘ೌೣ

]     

Output: Hidden state 𝑺 and RSSI observations 𝑶   

1. for 𝑡𝑟𝑎𝑗𝑒𝑐𝑡𝑜𝑟𝑦 =  1 to 𝐿  

2.        Tag position = 𝑇𝑎𝑔ெ௢௧௜௢௡(𝑡𝑟𝑎𝑗𝑒𝑐𝑡𝑜𝑟𝑦, : ) 

3.         Nearest scanner = 𝑓𝑖𝑛𝑑 (𝑇𝑎𝑔௔௧ ௦௖௔௡௡௘௥ == 𝑡𝑟𝑎𝑗𝑒𝑐𝑡𝑜𝑟𝑦) 

4.         if isempty(Nearest scanner) == 1 

5.               t = randomly select 𝐼𝑛𝑡𝑒𝑟𝑣𝑎𝑙. 

6.               𝑆௦௘௟௘௖௧௘ௗ  = ‘Storage area’ 

7.         else 

8.               t = Select a random 𝐷𝑢𝑟𝑎𝑡𝑖𝑜𝑛 based on the Nearest scanner 

9.               𝑆௦௘௟௘௖௧௘ௗ  = Nearest scanner 

10.         end 

11.                 𝑆௧௜௠௘ (1: t) = 𝑆௦௘௟௘௖௧௘ௗ  

17.                𝑺  =  [𝑺 , 𝑺𝒕𝒊𝒎𝒆]  

12.         for 𝑠𝑐𝑎𝑛 =  1 to 𝑁 
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13.              Scanner position =  𝑆𝑐𝑎𝑛𝑛𝑒𝑟 ௣௢௦ 
(𝑠𝑐𝑎𝑛, : ) 

14.              Distance real = distance between the Tag position and Scanner position           

15.              for  𝑘 = 1 to t 

16.                      Distance = Distance real ± randomly generated minor error 

17.                      𝑃𝐿𝑑𝐵   =   End-to-End Bluetooth BR/EDR Simulation Procedure  

                                     was used to calculate path loss. (Shown in figure 4.4) 

18.                       𝑅𝑆𝑆𝐼 = 𝑃௧ − 𝑃𝐿𝑑𝐵 

19.                       𝑜(𝑠𝑐𝑎𝑛, 𝑘)  =    𝑅𝑆𝑆𝐼 

20.                end 

21.                𝑂  =  [𝑂 , 𝑜] 

22.         end 
23. end 

Algorithm 4 Generate RSSI using MATLAB Bluetooth toolbox. 

4.2 Duration estimation  

In the duration estimation, the performance of the HSMM model is evaluated based 

on generated and real-world data. 

4.2.1 Numerical result of generated data  

The generated data consists of 1000 data sequences. Each sequence contains two 

types of data: observed (RSSI) signals and state sequences. The data generateion steps 

assume the following parameters: 

1) The number of working areas 𝑁 = 5, and state 𝑆ହ is an absorbing (end) state. 

Based on our problem defined in section 3.2.1, 𝜋 and 𝐴 are declared as: 

                                  (65) 

2) The duration probability 𝑝  for state 𝑖  is specified using a probability mass 

distribution with duration 𝑑 = 1,2, . . ,8, indicating that state 𝑖 will stay in the 

same state until duration 𝑑. 
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                    (66) 

3) RSSI observations are generated for each state using normal distribution 

probabilities with 𝜇  and 𝜎 as shown in (67) and (68). In this case, 𝑀 observed 

(RSSI) signals are generated based on the states, here 𝑀 = 𝑁. The Gaussian 

mixture model defined by (65)- (66) is used as the emission probability 𝑏௜൫𝑂௧
௠೟൯ 

for state 𝑖. 

                                       (67) 

                                                  (68) 

Use Algorithm 3 with the parameters listed above generate the state/observation 

sequences. A sample of generated data based on duration is shown in Figure 4.5. 

 
Fig. 4.5. Example of duration based generated data. 

For each coupled state/observation sequence, the forward-backward algorithm (58)-

(61) is applied with predefined HSMM parameters {𝜋, 𝐴, 𝐵} described above. Assume 
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that HSMM duration probabilities 𝑝𝑖
ෞ(𝑑) for each state 𝑖  are bounded with 𝐷 ≤  8. 

Then, the duration probabilities of each state are re-estimated using Algorithm 1. The 

comparison between 𝑝 and 𝑝̂   is shown in figure 4.6.        

 

                  Fig. 4.6. Re-estimated duration parameter based on generated sequences.  

To compare the similarity of two probability distribution functions 𝑝 and 𝑝̂ this 

paper considers the Kullback–Leibler divergence (KLD) (Sun et al. 2020).  

𝐷௄௅(𝑝‖𝑝̂)  =  ∑ ∑ 𝑝௜(𝑑)஽
ௗୀଵ  𝑙𝑛 

௣೔(ௗ)

௣ഢෞ(ௗ)

ே
௜ୀଵ                            (69) 

 

Fig. 4.7. 𝑝̂ and the updated 𝑝 KLD value 

The average KLD value for the entire system is approximately 0.0573, which is close 

to zero and proves that 𝑝̂  is nearly equal to 𝑝. Figure 4.7 depicts the re-estimated 

𝑝̂ KLD value after each sequence versus different training data lengths.  This resulted 

uses the Algorithm 1 and estimate the KLD based 𝑝 declared in (66). 
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4.2.2 Numerical results of simulated data 

The MATLAB Bluetooth Toolbox is a useful tool for creating simulations of 

Bluetooth Low Energy (BLE) devices. By using this toolbox, we can simulate the 

movement of BLE tags and generate RSSI values based on their trajectory. In this study, 

we utilized the MATLAB Bluetooth Toolbox to simulate BLE transmission and obtain 

RSSI values while the tags were moved along a specified path. Fig. 4.8 illustrates the 

2D coordinates of the BLE scanners and the moving BLE tags in the simulation 

environment.  

 

Fig. 4.8. 2-D Scanner Coordinates Layout for BLE 

To generate state/observation sequences, we randomly advanced the BLE tags 

according to predefined durations, resulting in one thousand sequences. An example of 

observed RSSI values and states in a simulated sequence is shown in Fig. 4.9. 

 

Fig. 4.9. Simulated Data Example. 
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In the simulated experiment, we generated 1000 sequences and used Algorithm 

1 to parameterize an HSMM model. The average throughput time for the simulated 

sequences was 20.53 epochs, and the estimated throughput time using the HSMM 

model was 19.89 epochs. This shows that the estimated throughput time closely 

matches the simulated sequences. To assess the forecast accuracy, we conducted 

simulations and estimations for an additional 500 state sequences. We compared the 

forecasted and simulated sequences using run-length encoding (RLE) and vector 

distance. As we increased the number of samples from one to 500, the average vector 

distance decreased from 3.8531 to 0.9740. This reduction indicates that the forecasted 

and simulated sequences became more similar, indicating improved precision in the 

estimated duration as the number of samples increased. 

 

Fig. 4.10. Vector Distance Comparison: Simulated vs. Forecasted Durations 

4.2.3 Numerical results of real-world data  

 

Fig. 4.11. Indoor localization with BLE 

Ref. code: 25656210030018FRH



48 
 
 

 

To collect the real-world data, seven BLE scanners are placed in separate areas and 

arranged in a U-shape over a 7 × 4 𝑚  an area so that only a few BLE scanners can scan 

BLE tags, as shown in figure 4.11. A total of 25 datasets are collected while moving 

BLE tags from one working area to the next in a predefined sequence. At the final area 

(BLE Scanner 7), the BLE tag will be shut down at the ending of the process. Based on 

the RSSI values collected, Figure 4.12 shows the pattern of estimating the object 

location. 

 

Fig. 4.12. RSSI pattern based on experimental data. 

The procedure to process collected data is as follows: 

1) Sort the data collected by each scanner using a timestamp, and then index to add 

a discrete-time column.  

2) Retrieve discrete-time and RSSI values based on product_ID and rename the 

RSSI column to represent the scanner. Then, join the retrieved data based on 

discrete-time and product_ID. 

3) Split the retrieved data based on product_ID and then join the based-on 

product_ID with a discrete-time column and multiple RSSI based on a scanner. 

As described in the simulation, these data are used to train and re-estimate duration 

probabilities using HSMM. Figure 4.13 and table 4.1 depicts the performance of 

HSMM approaches based on one of the indoor localizations. 

Table 4.1 Average Cycle Time 

Working area #1 #2 #3 #4 #5 #6 #7 Total Cycle Time 

Real World average duration  3 6 6 8 4 4 1 32 

HSMM average duration 4 5 6 7 4 4 1 31 
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Fig. 4.13. Experimental performance comparison  

4.3 Duration and interval estimation  

The second objective of this study focuses on evaluating the performance of the DI-

HMM model using RSSI sequences obtained from both simulated and real-world data. 

The aim is to assess the effectiveness of the DI-HMM in capturing and study the RSSI 

patterns in different scenarios. 

4.3.1 Numerical results of simulated data 

The MATLAB Bluetooth toolbox is used to generate simulated data by providing 

the 2-D coordinates of the BLE scanner and moving points for BLE tags. The RSSI 

data is simulated using the MATLAB Bluetooth® Toolbox, which simulates and 

evaluates localization performance in the presence of channel and radio frequency (RF) 

impairments. The RSSI observation sequence is generated using algorithm 4 based on 

the position of a BLE scanner and the trajectory of a BLE tag setting, as shown in Figure 

4.14. 

 

Fig. 4.14 BLE scanner position and BLE tag trajectory. 
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The MATLAB Bluetooth Toolbox is used to generate 500 data sequences based 

on the setup of the BLE scanners and BLE tag trajectory shown in Figure 4.14. Each 

simulated data sequence contains two types of information: observed (RSSI) signals 

and state sequences, as illustrated in Figure 4.15. 

 

Fig. 4.15. Example of duration and intervals based simulated data 

4.3.1.1 Runtime estimation scenario 

In runtime scenario, we use the RSSI signals and classify the activity at each time step 

using the following procedures: 

1) Randomly select 100 observed signal sequences and estimate their duration and 

interval using Algorithm 2. 

2) Classify the state sequence corresponding to the observed signal at each time 

step based on the estimated duration and intervals. 

Figure 4.16 shows the comparison of the estimated and original states, and the accuracy 

of each sequence is determined using the multiclass accuracy formula. The multiclass 

accuracy formula considers the sum of True Positive and True Negative elements in the 

numerator and the sum of all confusion matrix entries in the denominator. The average 

accuracy of the 100 test sequences was approximately 95%. 
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Fig 4.16 Comparison of the original and estimated states  

 

4.3.1.2 Offline forecast scenario  

In offline forecast parameter 𝒑ෝ  and 𝑰 obtained from algorithm 2 is used for 

forecasting the state sequences. We then, use Run-Length Encoding (RLE) to encode 

the original/predicted state sequence and then compare it using the vector distance. RLE 

is a simple lossless data compression algorithm for sequences that contain the same 

value multiple times. After RLE has encoded the input sequence, only its unique 

sequence number and count in series are stored as output. For example, RLE's input is 

"AAABBCCCC," and the output is "3A2B4C". After that, the vector distance is used 

to see how similar two or more RLE vectors are in multi-dimensional space. The 

following procedures are used in the offline estimation scenario: 

1) The 200 state sequences are forecasted using estimated duration and interval 

probability distributions, and 200 original sequences are randomly selected. 

2) The forecasted sequence and selected original sequences are encoded using 

Run-Length Encoding. 

3) Based on the number of test sequences, calculate the average of the forecasted 

and original sequences with the encoded value. 
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4) After comparing the average encoded value of the forecast sequence and the 

original sequence using vector distance, shown in figure 4.17. 

 

Fig 4.17 Vector distance for simulated and forecasted sequences. 

The average vector distance value for the entire system is approximately 0.4717, which 

is close to zero and demonstrates that the estimated duration and interval are close to 

the original sequences used for the training of duration and interval parameters. 

 

4.3.2 Numerical results of real-world data 

In a real-world scenario, RSSI data from BLE devices is collected using various 

stations that perform different tasks. The experiment comprises three components: 

Wemos R32 boards serving as BLE tags and scanners, Wi-Fi access points, and the 

Firebase database. To conduct the experiment, four BLE scanners are strategically 

positioned in a U shape across a 12×5m area, as depicted in Figure 4.18. 
 

 

Fig 4.18. Scanner location in the experiment 
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During the experiment, data collection occurred every 5 seconds as a timing 

unit. Each BLE scanner scanned the surroundings, stored the collected data, and 

transmitted it to Firebase's real-time database. In a predetermined order, the BLE tags 

were moved from one working location to the next, and 20 datasets were collected from 

the designated area displayed in Figure 4.18. 

Table 4.2 provides a comparison between the average state duration and interval 

values generated by our DI-HMM model and the actual data collected. The results 

demonstrate that our proposed method can achieve reasonable accuracy even with 

realistic and limited datasets. This comparison serves as evidence supporting the 

effectiveness of our approach in accurately estimating state durations and intervals. 

 

Table 4.2. Duration and Interval of DI-HMM States  

Working Area 
Real DI-HMM 

#1 (Duration-1) 
5.50 5.15 

#2 (Duration-2) 
5.35 5.80 

#3 (Duration-3) 
5.70 5.70 

#4 (Duration-4) 
3 1 

Storage (Interval) 
18.80 18.80 

Throughput-Time 
38.35 36.45 
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CHAPTER 5 

CONCLUSIONS AND DISCUSSION 

5.1 Conclusion  

This paper studies the usage of an IPS-based BLE network to estimate 

manufacturing KPIs such as cycle time. Our approach is to model the manufacturing 

flow as a Hidden Semi Markov Model (HSMM) problem and then train a model using 

RSSI data from the BLE network. HSMM enables the system to learn and incorporate 

prior knowledge of state duration. Furthermore, this work examines when no RSSI data 

is available, i.e., when products are kept in temporary storage facilities away from BLE 

scanners. The problem is represented as state intervals by the Duration and Interval 

Hidden Markov Model (DI-HMM). Then, our first algorithm is extended to the DI-

HMM problem using a combined architecture of a classification tree and HSMM. 

In algorithm 1, the HSMM initial probability matrix and transition matrix are 

pre-specified because manufacturing production teams pre-define the unchangeable 

production flow. Emission probabilities are also pre-determined based on previously 

collected data. As a result, algorithm 1 re-estimates the duration probability distribution 

as the model's key parameter. The RSSI observation sequences are generated using 

HSMM parameters in the software. RSSI values are collected from ESP32 boards 

programmed as BLE scanners and BLE tags in real-world experiments. 

Table 5.1 Generated data vs estimated HSMM duration  

WORKING 

AREA 

CYCLE TIME 

Worst Result   Best Result Average Result 

Generated  HSMM Generated  HSMM Generated  HSMM 

1 2 2 2 2 2.41 2.41 

2 8 1 5 5 6.61 5.74 

3 8 8 6 6 6.47 6.27 

4 4 5 4 4 4.00 4.13 

5 1 1 1 1 1.00 1.00 

Total 23 17 18 18 20.49 19.55 
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Table 5.2 Real-world data vs estimated HSMM duration 

WORKING 

AREA 

CYCLE TIME 

Worst Result   Best Result Average Result 

Real-world  HSMM Real-world HSMM Real-world  HSMM 

1 4 1 3 3 3.28 2.88 

2 8 7 8 8 6.68 5.88 

3 4 5 7 6 5.84 6.16 

4 10 10 8 7 8.76 8.56 

5 3 1 4 4 3.36 1.52 

6 4 4 5 4 4.60 4.44 

7 2 1 1 1 1.48 1.04 

Total 35 29 36 34 33.99 30.48 

 

As shown in tables 5.1 and 5.2, the HSMM method can re-estimate the duration of each 

working area using observed RSSI data. 

When products are temporarily stored away from BLE scanners, Algorithm 1 

cannot estimate the period when no RSSI data is available. Algorithm 2 uses a 

classification tree and HSMM architecture to solve the DI-HMM problem. The HSMM 

re-estimation using the classification tree is supervised by Algorithm 2, which allows 

the duration and interval probability distributions to be trained from RSSI data. The 

simulation setting is used in DI-HMM, and the MATLAB Bluetooth® Toolbox is used 

to generate RSSI observations, with the scanner position and tag movement defined in 

a 2D map. The estimated Cycle-time (CT) of the products in the manufacturing area is 

summation of state’s duration and interval time, represented as ∑ (𝑑௤ + 𝐼௤,௤ାଵ)ே
௤ୀଵ . 

Throughput-time (Th) is a ratio of time taken to complete production to a unit of the 

product so, the estimated CT of the product is equal to the Th. Work-in-Process (WIP) 

defines the current state of the product in the manufacturing area. 

5.2 Future Work 

The limitation of the IPS-based BLE network is that it does not define the exact 

location of the product in the storage area due to the short range of BLE. In the future, 
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combining two or more different wireless technologies, such as BLE and LoRaWAN, 

will improve the performance of Indoor Positioning Systems. LoRaWAN is a low-

power, wide area networking protocol built on top of the LoRa radio modulation 

technique. Due to the long range of LoRaWAN, it can track areas and define the 

location of products where BLE is not available, such as the space between two working 

areas. 
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Abstract— Temporal behaviors, e.g., cycle time and 

throughput, are among essential key performance indicators for 

the management of manufacturing processes. This paper 

presents a statistical model that captures the processing time 

spent throughout a production line using RSSI data acquired 

from Bluetooth Low Energy (BLE) network. First, a Hidden 

Semi-Markov Model (HSMM) is formulated based on the 

characteristics of production processes. Then, a learning 

problem is discussed for the re-estimation of state duration 

probability distribution using the forward-backward algorithm. 

The Kullback-Leibler Divergence is used to verify the accuracy 

by comparing between the original and estimated state duration 

probability distribution with a score of 0.0573. Finally, physical 

experiment was performed to evaluate the proposed method. 

Keywords—Hidden Semi-Markov Model, Bluetooth Low 

Energy, Received Signal Strength Indicator, Learning problem 

I. INTRODUCTION 

Manufacturing is a complex process that schedules and 
traces different working areas and operations, including 
picking, assembly, and forwarding as shown in Fig.1. To 
understand what happens inside its production, each factory 
often implements one or more technologies to monitor the 
status and location of assets and products. Examples of such 
technologies include barcode, RFID, and indoor positioning 
systems that have their own advantages and disadvantages. 
This paper considers the Bluetooth Low Energy (BLE) 
technology [1] that is widely used as a location tracking and 
positioning system in industrial, commercial, and personal 
uses. Compared to other solutions, BLE technology exhibits 
several characteristics that meet the requirements of 
production tracking, e.g., suitable range (< 10 m), reasonable 
tag price (< $30), and battery lifetime (> 1 year). 

Fig. 1. An example of manufacturing process. 

BLE is a wireless personal area network technology that 
operates in the 2.4GHz frequency band of the Industrial, 
Scientific, and Medical radio band (or the ISM band). For 
location tracking applications, the BLE network consists of 
two groups of devices, BLE tags that broadcast their identities 
and BLE scanners that discover the presence of nearby BLE 
tags. After each scanning period, each BLE scanner will report 
its finding as the list of found BLE tags’ data, i.e., tag identity, 

packet-embedded data, and Received Signal Strength 
Indicator (RSSI) of such transmission. The timestamp is 
usually assigned on the server side when the report is received. 

There are two major issues to be addressed for applying 
the BLE technology with product tracking in a factory. The 
first issue is RSSI varies [2] greatly even though the distance 
between scanner and tag does not change due to factors such 
as interference, random noise, and the multipath effects. 
Another issue is the receiver sensitivity which limits 
communication range may be different for devices. These 
results in the RSSI data to be acquired from scanners may be 
randomized and incomplete. Fig. 2 shows the fluctuating 
relationship between distance and RSSI values from a BLE 
experiment using ESP32 devices. 

Fig. 2. Relationship between distance and RSSI values. 

There are research works attempting to solve RSSI 
variations for object tracking scenarios. Triangulation and 
fingerprinting are two popular techniques [3,4] for indoor 
localization problems that estimate object coordinates from 
RSSI data obtained from multiple BLE scanners located at 
anchor points. However, those methods are not suitable for a 
factory environment that is significantly larger than the 
coverage area of BLE devices. Another approach is based on 
the proximity detection of tags [5], then analyzing the time of 
presence in each area. Even simpler to deploy, this approach 
constrains the understanding of how products are handled 
through the whole process. Therefore, this work aims to apply 
a statistical model that captures both RSSI variations and the 
flow of products along the production line. 

This work aims to model temporal behaviors of 
manufacturing processes with respect to their benefits in 
process monitoring and improvement. The Hidden Markov 
Model (HMM) framework is selected as the mathematical tool 
to capture how products were handled throughout the process. 
The structure of the paper is outlined as follows. Section 2 
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explains the notion of the Hidden Semi-Markov Model 
(HSMM) as an HMM extension for problems with timing 
dependency. Our problem of interest is formulated and solved 
as a learning problem in Section 3. Section 4 discusses 
numerical results for simulated sequences using MATLAB. 
Our work is concluded in Section 5. 

II. HIDDEN SEMI-MARKOV MODEL 

HMM [6] is a stochastic model in which the system being 
modeled as hidden states is assumed to be a Markov process 
with an observable layer of outcomes. The notion of HMM 
consists of 5-elements: state (�), initial state probability (�), 
transition probability matrix (�), observation state (�), and 
emission probability matrix (�). Even the HMM framework 
can be applied to real-world problems, the stationarity 
assumption, i.e., state transition is time-independent, prevents 
the capture of temporal behaviors that are often used as Key 
Performance Indicators (KPIs) in manufacturing processes. 

This paper considers the notion of Hidden Semi-Markov 
Model (HSMM) [7] that redefines the transition of hidden 
states to depend on the sojourn time. Consequently, the 
processing time at each working area can be characterized as 
a corresponding element in the transition probability matrix.  
Contrary to the HMM notion, the HSMM notion prohibits the 
self-transition of hidden states. Then, how long the system will 
remain in the same state, or state duration, depends on the 
current state and its transition probabilities to other states. One 
merit of the aforementioned concept is to solve the issue of 
probability computation that decreases exponentially with the 
number of time steps. 

Fig. 3. Structure of Hidden Semi-Markov Model. 

The HSMM is defined by a five-tuple: λ = (S, �, A, O, B) 

where S ∈ {1,2,…,N} is a set of hidden states, � is the initial 
probability matrix, A is state duration probability distribution, 
O ∈ {1,2,…,M} is a set of observations, and B is observation 

probability distribution. Let elements aij ∈ A; i,j ∈ S are 
probabilities to transition from a hidden state i to j that depend 
on how long the system remains in the state i. Then, all 
elements aii of A are supposed to be zero to prevent the self-
transition of hidden states. 

The choice of a probability distribution for both A, the 
state duration probability distribution, and B, the observation 
probability distribution, depends on the problem to be 
exploited. Since the BLE scanning pattern tends to be 
periodic, the notion of discrete time is considered throughout 
the paper, i.e. t ∈ {0,1,2,…,∞}. To simplify the computation, 
the state duration is supposed to be a random variable with 
discrete probability distribution bounded by an integer D > 1. 
Then, the state duration probability distribution A can be 
represented as an N×N×D matrix. That is, the matrix element 

A(i,j,d) denotes the probability to transition from a state i to j 
when the system remains in the state i for d step. 

��	, 
, �� 
 ������ 
 
|������ 
 ⋯ 
 �� 
 	�      (1) 

The HMM/HSMM topology can be classified into three 
groups:  left-to-right, parallel left-to-right, and ergodic 
models. For sequential processes, the left-to-right HSMM 
model is suitable due to its one direction of transition to the 
next state. Consequently, its sequences of states/observations 
will be bounded with respect to bounded state durations. That 
is, the state sequence ��  is expressed by s1s2...sTk with its 
corresponding observation sequence �� 
 ���� … ��� where 
Tk ≤ ND denotes the upper bound of time spent in the process. 
For manufacturing processes, such coupled sequence aligns 
with data collected from production tracking systems. 

There are three fundamental problems based on the 
HSMM framework widely considered in academic works. 

• Likelihood problem: Given an HSMM parameter λ 
and an observation sequence �� , determine the 
likelihood ����|��. 

• Decoding problem: Given an observation sequence Ok 
and an HSMM parameter λ, discover the best match of 
a hidden state sequence ��. 

• Learning problem: Given a collection of observation 
sequences Ok and their known state sequences �� , 
learn the HSMM parameters A and B. 

This paper mainly considers the learning problem in which a 
collection of coupled sequences (known locations and their 
corresponding RSSI data) is used as the training dataset to find 
the state duration probability matrix. 

III. PROBLEM STATEMENT 

The physical setting of our study is depicted in Fig. 4 
where one BLE scanner is installed in each working area and 
one BLE tag is attached to each product. When a BLE tag 
comes within range of any BLE scanner, the broadcasting data 
is captured and collected. The data reported by BLE scanners 
includes scanner ID, timestamp, and a list of product IDs and 
their corresponding RSSI values. BLE tags may not be visible 
for every BLE scanner due to the limited range of BLE 
communication, but each BLE tag is assumed to be visible to 
at least one BLE scanner. We assume that BLE tags will 
always start at the initial working area and end at the final 
working area. Therefore, the period of data collected from 
each BLE tag will be bounded. 

Fig. 4. BLE devices in a manufacturing process. 
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A. Assumptions 

To formulate manufacturing processes in the HSMM 
framework, the following assumptions have been made 
regarding how raw materials and parts are assembled into final 
products through organized jobs of a production line. 

• One BLE scanner is installed for each working area. 
Therefore, the set of hidden states S and observations 
O are similar, i.e., S = O = {1,…,N}. 

• The process is sequential, i.e., each BLE tag will 
always start at area 1 and end at area N. Then, 
A(i,i+1,d) ≥ 0 and A(i,j,d) = 0 where j ≠ i+1 denotes 
the state transition will occur only from state i to i+1. 

• The initial state probability �1 
 1 denotes every 
sequence will always start at state 1. 

Note that the assumptions can be generalized for multiple 
production lines or product families by grouping each variant 
based on product IDs. 

B. HSMM Model 

By equipping one BLE scanner with each working area, 
the structure of HSMM becomes N hidden states and N 
observations. Assume that BLE scanners start independently 
with the same scanning/reporting period. Then, RSSI data 
collected from BLE tags is related to others based on their 
timing slot. As shown in Fig. 5, the data timing is grouped as 
discrete steps regarding the scanning/reporting period.  

Fig. 5. Timing pattern of BLE scanners. 

By storing data from BLE scanners in a database, RSSI 
values can be queried and composed into a sequence of 
observations for each BLE tag. Let ��� be a collection of RSSI 
values of kth BLE tag at a timing step t: 

��� 
 � ��� ��� , ��� ��� , … , ��� !��  ",               (2) 

where ��� #��  is the RSSI value of the kth BLE tag observed 
at the nth BLE scanner. Then, the sequence of observations �� 

is expressed by { ��� , ��� ,…, ���� } where Tk denotes the 
bounded time step for the kth BLE tag. To avoid missing 
element in the sequence ��, let ��� with unobservable ��� #��  
be filled by the value of receiver sensitivity.  

 To model the relationship between BLE tag locations and 
observed RSSI values, the observation probability distribution 
B is supposed to be a multivariate Gaussian [8] and time-
invariance. Then, $#����� is defined as the probability that the 
RSSI pattern ��� is observed in the nth working area: 

$#����� 
 �����  % �� 
 &, '#, Σ# �,                 (3) 

where μn = {μ1n,…,μNn} and Σn = {Σ1n,…,ΣNn} are the mean 
and covariance of multivariate Gaussian distribution of RSSI 
values observed at the nth working area. 

C. Algorithm 

To capture temporal behaviors of the process, this paper 
considers the learning problem of the HSMM framework. The 
main parameter to be solved is the state duration probability 
distribution A in which its element A(i,i+1,d) where 1 ≤ d < D 
represents the probability of processing time of the ith area. 
The observation probability distribution B is obtained by 
performing data collection experiments and assumed to be 
stationary during the time of interest. Due to the sequential 
process assumption, the state duration probability distribution 
A can be simplified by decomposing into a probability 
distribution of state transition )*���; 	 ∈ �, 1 - � . /  with 
respect to the dwell time d in state i and a simplified strictly 
upper triangular matrix �̅. 

�̅�	, 
� 
 11 ;   
 
 	 2 1
0; 45�46ℎ484                            (4) 

The re-estimation of the probability distribution )*��� 
from coupled sequences ���, ��� is performed based on the 
computation of forward-backward variables [7]. The forward 
variable 9��	� is the likelihood of being in state i considering 
��:� as partial observations up to time t with respect to a given 

HSMM parameter λ. 

9��	� 
 ����:� , �� 
 	|��
 
 ∑ 9���∗ �	�)*��� ∏ $*>�?@,�?A�����

BCD ��,E�
�A�

   (5) 

where 9�∗�
� 
 9��	� if j = i+1 and 0 otherwise denotes the 
probability for the transition into state i at time t+1. While the 
backward variable F��	� is the likelihood of being in state i 
considering ��:� as partial observations from time t to the end 
with respect to a given HSMM parameter λ.  

F��	� 
 ����:� , �� 
 	|��
 
 ∑ F���∗ �	�)*��� ∏ $*>�?@,�����?A�

BCD ����,E�
�A�

  (6) 

where F�∗�
� 
 F��	� if j = i+1 and 0 otherwise denotes the 
probability for the system to leave state i at time t-1. 

 The probability distribution )*���  can be updated by 
computing (5) and (6) for each coupled sequence ���, ���, 
then solving for its re-estimated value. 

)̂*��� 
  ∑ HI∗�*�JK���LIMN�*� ∏ OK�PQ�IMNQRIMSTUNMSIRS
∑ ∑ HI∗�*�JK���LIMN�*� ∏ OK�PQ�IMNQRIMSTUNMSIRSVNRS

           (7) 

The learning problem is outlined as follow. 

Algorithm 1: re-estimation of WX�Y� 

Input: A, B, coupled sequences ��� , ���; k = 1,2,…,K 

Training: 

1) Populate )*��� with uniform distribution values. 

2) Initialize �Z*��� matrices 

3) Loop for k = 1,…,K 

 3.1) Loop for t = 1,…,T 

  3.1.1) Compute 9��	�, 9�∗�[�, F��	�, F�∗�[�, )̂*���   

  3.1.2) �Z*��� 
  �Z*��� 2 )̂*��� 

 3.2) )*��� 
 �Z*���/] 

Output: )*��� 
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IV. NUMERICAL RESULTS 

Two numerical studies were performed to evaluate our 
proposed algorithm using data from simulated and real-world 
scenarios.  

A. Simulated data 

The first study was to statistically generate state and RSSI 
sequences using given parameters A, B and )*���. HSMM 
parameters were defined as follows: 

• Number of working areas N = 5. 

• State duration is bounded by D = 8. 

• Probability distribution matrix � 
 �)*���" for the 
system to leave state i after time d is given by 

� 

⎣⎢
⎢⎢
⎡0 0.6 0.4 0 0 0 0 0
0 0 0 0 0.3 0.1 0.3 0.3
0 0 0 0 0 0.7 0.1 0.2
0 0 0.3 0.4 0.3 0 0 0
1 0 0 0 0 0 0 0 ⎦⎥

⎥⎥
⎤
 

• RSSI values are generated using a Gaussian mixture 
model with mean and variance: 

' 
  
⎣⎢
⎢⎢
⎡ j50 j75 j100 j100 j100

j78 j55 j100 j100 j100
j85 j67 j56 j70 j100

j100 j100 j70 j50 j70
j100 j100 j100 j100 j50 ⎦⎥

⎥⎥
⎤
 

m 

⎣⎢
⎢⎢
⎡5 3 1 1 1
1 3 2 1 1
1 3 2 3 1
1 1 2 5 3
1 1 1 1 3⎦⎥

⎥⎥
⎤
 

Based on the given parameters, 1000 coupled sequences are 
generated with an example shown in Fig. 6.  

Fig. 6. Example of simulated data. 

Algorithm 1 is used with the simulated data to estimate the 

probability distribution matrix �Z. To compare the similarity of 

the original P and the re-estimated �Z, this paper considers the 
Kullback-Leibler divergence [7] as the distance metric.  

/no�)*���||)̂*���� 
 ∑ )*��� ln JK���
JrK���

E�A�            (8) 

 The average value of KLD is 0.057 which is close to zero, 
hence proves that )*��� is nearly equal to )*���. To visualize 
the closeness, Fig. 7 compares the range of state durations 

between original sequences and the sequences generated from 

the re-estimated parameters �Z. 

Fig. 7. Comparison of state durations generated from original and re-
estimated parameters. 

 Fig. 8 depicts the trend of average KLD values regarding 
the number of coupled sequences used in the training phase. 
This shows that our proposed algorithm converges quite fast 
with a reasonable amount of data. 

Fig. 8. Trend of average KLD values.  

B. Real-world data 

The second study was to investigate real-world scenarios 
by collecting RSSI data from BLE devices brought by subjects 
through stations with different activities. Physical 
experiments consist of three components: ESP32 boards as 
BLE tags and scanners, Wi-Fi access points, and Firebase as 
the database. Seven BLE scanners were placed in a U-shape 
over a 7 × 4 s an area so that only a few BLE scanners can 
scan BLE tags, as shown in figure 9.  

Fig. 9. Allocation of stations in the experiment.  
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Fig. 10.  Pattern of RSSI values as observations.  

The ESP32 boards are programmed to function as BLE 
scanners and BLE tags, respectively. Each BLE scanner is 
programmed to scan, store, and send data to the Firebase’s 
real-time database. The scanning period for all BLE scanners 
is 5 seconds. A total of 25 datasets are collected while moving 
BLE tags from one working area to the next in a predefined 
sequence. At the final area, the BLE tag will be reset to mark 
the end of the process. Timing mentioned in the following was 
expressed as the unit of scanning period, i.e., 5-second.  

The dataset is used for the fitting of Gaussian mixture 
model B and the estimation of )̂*���. Fig. 11 illustrates the 
alignment between one experimental data and a state sequence 
obtained from the trained HSMM model. 

Fig. 11. Alignment of hidden states.  

 Table 1 compares between average values of state 
durations between the collected data and those generated by 
our HSMM model. The average cycle time can be computed 
from the summation of state durations, of which are 33.99 and 
30.48, respectively.  

 

 

TABLE I.  STATE DURATIONS (UNIT OF 5 SECS) 

Duration #1 #2 #3 #4 #5 #6 #7 

Real 3.28 6.68 5.84 8.76 3.36 4.60 1.48 

HSMM 2.88 5.88 6.16 8.56 1.52 4.44 1.04 

V. CONCLUSION 

This paper presents an approach to capture the temporal 
behaviors of manufacturing processes as an HSMM model. 
Based on the learning problem, the probability distribution 
)̂*���  can be estimated from RSSI data collected from 
experiments. Then, the HSMM model can be used in many 
aspects. One possible application is to generate the sequence 
of state durations that can be used to compute the 
manufacturing cycle time. This will gain advantages for the 
estimation of productivity in production lines. 
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Abstract 8 

This study proposes a statistical model that uses received signal strength indicator (RSSI) data acquired from 9 

a Bluetooth Low Energy (BLE) network to characterize the temporal characteristics of an entire production process. 10 

A Hidden Semi-Markov Model (HSMM) is formulated based on the production process characteristics, and the 11 

forward-backward algorithm is used to re-estimate the probability distribution of state durations. The proposed 12 

method is validated using numerical, simulation, and real-world experiments with promising results. The Kullback-13 

Leibler Divergence (KLD) score is 0.1843 for the numerical result, and the model achieved an average vector 14 

distance score of 0.9740 in the simulation result. The real-time experiment also shows a reasonable accuracy, with 15 

an average HSMM estimated throughput time of 30.48 epochs, compared to the average real throughput time of 16 

33.99 epochs. Overall, the model provides a useful tool for predicting a production line's cycle time and throughput 17 

time. 18 

Keywords: Bluetooth low energy, received signal strength indicator, hidden semi-Markov model, learning problem 19 

1. Introduction 20 

Production is a systematic and organized process that involves a series of interconnected working areas or stages, each of 21 

which has a specific set of tasks/operations that transform raw materials into finished products, as shown in Fig. 1. To ensure 22 

that the production process is completed on time, it is critical to have accurate and up-to-date product status and location 23 

information. Many industries now use barcodes or RFID [1-2] to track products in production areas. However, the main 24 

disadvantage of employing RFID or barcodes is the possibility of human errors. For example, data loss or inaccuracy may 25 

occur if the RFID tag/barcode is not read correctly or if a worker scans the wrong RFID tag/barcode. This work uses Bluetooth 26 

Low Energy (BLE) technology to collect Received Signal Strength Indicator (RSSI) and timestamp data, which provides the 27 

proximity of products being manufactured. Even though the scope of BLE detection is larger than that of barcode/RFID, the 28 

collected data from BLE devices usually suffers from signal strength fluctuation and a noisy environment. Consequently, the 29 

application of BLE tracking is much more limited compared to barcode/RFID. 30 

 31 

Fig. 1 General example of a production process. 32 
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Key Performance Indicators (KPIs) of a production process can be defined using temporal behaviors [3-4]. Examples of 33 

KPIs for production processes are cycle time and throughput time. Cycle time [3, 5] refers to the amount of time it takes to 34 

complete one cycle of a particular operation, while throughput time [4] is the total amount of time it takes to process a certain 35 

material from raw material to a final product. Based on these KPIs, manufacturers can identify areas for improvement, reduce 36 

costs, and optimize productivity. Therefore, this information is especially important for manufacturers who attempt to produce 37 

high-quality products in the shortest possible timeframe to remain competitive. 38 

The traditional method of manually monitoring products to calculate cycle time in manufacturing had various limitations, 39 

such as the potential for human errors and limited data collection. At present, manufacturers have adopted a more precise and 40 

efficient approach by utilizing barcode/RFID [1-2] and statistical methods to analyze historical data for cycle time calculation. 41 

The queuing theory is a widely used and traditional approach to analyzing and predicting the temporal properties of production 42 

processes. This theory states that production tasks arrive, await maintenance, and then exit once the process is complete. 43 

However, queuing models [6] usually consider the timing of each station independently and do not capture the dynamic nature 44 

of the whole production process. 45 

The main objective of this study is to predict cycle time and throughput time in a production line using RSSI values. To 46 

achieve this, Hidden Semi-Markov Models (HSMM) are used to analyze the RSSI and timestamp data. The paper presents an 47 

algorithm to determine the model parameters. The study contributes by using RSSI values to estimate cycle time and 48 

throughput time, which is a new approach compared to previous studies [7-8] that mainly focused on tracking and monitoring 49 

activities. This paper provides a more detailed and comprehensive version of the work [9] presented at the iSAI-NLP 50 

conferences, including detailed explanations and additional experiments.  51 

The paper is structured as follows: Section 2 provides a background on BLE technology and introduces the concept of 52 

HSMM. Section 3 defines and explains the problem and presents mathematical solutions based on RSSI-based data. In Section 53 

4, three experiments are conducted in numerical, simulation, and real-world settings. Section 5 analyzes three case studies to 54 

demonstrate the practical application of the proposed method. Finally, Section 6 discusses and concludes how the cycle time 55 

of a production product can be computed using the mathematical solutions presented in this paper. 56 

2. Backgrounds 57 

2.1.  Bluetooth Low Energy (BLE) technology 58 

Bluetooth Low Energy (BLE) [8-9] technology offers wireless connectivity with low cost, low power consumption, and 59 

simple installation, making it a popular choice for tracking applications. A BLE network consists of two types of devices: BLE 60 

scanners and BLE tags. Typically, BLE tags are battery-powered devices that periodically broadcast their IDs and packet-61 

embedded data, and RSSI data [10-11]. BLE scanners detect and collect these signals, along with a timestamp, and send the 62 

information to the server. RSSI is a measurement that indicates the strength of the signal between a BLE tag and a scanner, 63 

where higher values mean a stronger and more dependable connection. Decibels (dBm) is the standard unit of measurement 64 

for RSSI. 65 

There are two major problems in using BLE technology to monitor products during production. Firstly, the RSSI can 66 

fluctuate significantly, even if the distance between the BLE scanner and tag remains unchanged, due to interference, random 67 

noise, and multipath effects [10]. Secondly, the inconsistent receiver sensitivity of each device [10-11] limits the 68 

communication range and generates random and insufficient RSSI data from the scanner. To illustrate these problems, Fig. 2 69 

demonstrates the correlation between the RSSI values and distance obtained from an experiment conducted using WeMos R32 70 

(ESP32) boards.  71 
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 72 

Fig. 2 RSSI vs Distance of BLE devices. 73 

Various studies have been conducted to resolve the issue of RSSI fluctuation in object-tracking applications. Two popular 74 

methods for indoor localization are trilateration and fingerprinting, which utilize RSSI values obtained from multiple BLE 75 

scanners to estimate the 2D coordinates of a BLE tag [10]. However, these methods may not be suitable for production 76 

environments due to their large coverage area. Proximity detection presents a simpler approach, which estimates an object's 77 

location by detecting the presence of a BLE tag near a BLE scanner [10]. However, it may have limitations when multiple 78 

BLE scanners give conflicting results.  79 

Recent studies have shown that the Hidden Markov Model (HMM) has the potential to explain indoor trajectory using RSSI 80 

data. For example, Han, Rho, & Lim [12] used the BLE signal from the smartwatch and implement an HMM algorithm to 81 

determine the user's indoor location and most likely sequence based on previous RSSI data. Similarly, Arslan, Cruz, and 82 

Ginhac [13] utilized real-time BLE RSSI data from the construction site and HMM to identify semantic trajectories for 83 

extracting worker movement insights to improve safety. However, conventional HMM approaches do not specify the dwell 84 

time of the object in each state, which is highly unlikely in practical scenarios [14-15]. The Hidden Semi-Markov Model 85 

(HSMM) has been proposed as an extension of the conventional HMM, which includes modeling the duration of each state. 86 

HSMM has been successfully applied in indoor tracking [14-16] and various other domains, including Human-Robot 87 

Collaboration (HRC) [17] in assembly scenarios and Machine Condition Recognition [18]. Despite these advancements, there 88 

is limited literature specifically focusing on understanding and predicting temporal characteristics in production settings. 89 

2.2. Hidden Semi-Markov Model (HSMM) 90 

The Hidden Markov Model (HMM) [12-14] is a double-layer stochastic process that uses the Markov property to model a 91 

sequence of hidden states and observed outputs. The first layer represents the underlying, hidden states of the process, which 92 

are not directly observable. The second layer represents the emission states, which are related to the hidden states but can be 93 

observed or measured. The concept of HMM comprises five components, including state (S), initial state probability (π), 94 

transition probability matrix (A), observation state (O), and emission probability matrix (B). The emission probability matrix 95 

(B) defines the probability of an observation Ot at any given time instance t to determine a state S ∈ {1, 2, ..., N}. The transition 96 

probability matrix A represents the probability of moving from one hidden state to another. These transition probabilities are 97 
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utilized to calculate the probability of a sequence of states given a sequence of observations. The HMM uses the Markov 98 

property, which defines that the probability of transitioning from one state to another depends only on the current state, to 99 

predict the next state based on the current state. This paper considers various stages of production, such as material preparation, 100 

processing, and finishing as the set of hidden states S, since RSSI information being used as observation O may not imply the 101 

exact location of a device.  102 

 103 

(a) HMM 104 

 105 

 106 

(b) HSMM 107 

Fig. 3 Graphical representation of HMM and HSMM. 108 

The transition probability matrix A in an HMM is time-independent, which is not suitable for modeling temporal behaviors. 109 

The Hidden Semi-Markov Model (HSMM) [17-20] addresses this issue by introducing the variable duration d, which defines 110 

how long to be in each state. Fig. 3 illustrates the two primary characteristics of an HSMM that distinguish it from an HMM 111 

[16]:  112 

(1) The probability of self-transition is assumed to be zero, i.e., aii = 0 no return to the same state.  113 

(2) The transition from a single state depends upon the sojourn duration or the amount of time spent in that state. 114 

These properties of the HSMM allow for the representation of variable state durations, making it possible to estimate the 115 

duration or cycle time of each stage in the production process which conventional HMM fails to do.  116 

In this study, the BLE scanning pattern is analyzed using a discrete time approach, where an epoch is defined as t ∈ {1, 117 

2, …, ∞}. To simplify computations, the duration of each state is treated as a discrete random variable, bounded by an integer 118 

value D>1.  The probability of duration for state i given d, is represented by pi(d), where i ∈ [1, N] and d ∈ [1, D].  119 
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 (1) 

The constraint for pi(d) is that the sum of pi(d) from d = 1 to D is equal to 1 for all states i [9]. There are three basic problems 120 

with the HSMM framework used in academic works [9, 16]: 121 

(1) Likelihood problem: This involves the computing of the likelihood of an observed sequence O given an HSMM parameter 122 

λ. 123 

(2) Decoding problem: This refers to the problem of finding the optimal state sequence given an observed sequence O and an 124 

HSMM parameter λ.  125 

(3) Learning problem: This involves estimating an HSMM parameter λ from an observed sequence O. Its re-estimates the 126 

distribution of transitions, emission probabilities, and state durations. 127 

This paper focuses on the learning problem of determining the probability matrix for state durations. 128 

3. Problem Statement  129 

This study considers a BLE system with a BLE tag on each product and a BLE scanner in each working area to collect data 130 

on the movement of products being manufactured. The main objective of this study is to use HSMM concepts to create a 131 

mathematical model that can predict the cycle time of production based on the duration characteristics of each working area. 132 

This study formulates the product tracking problem as the HSMM model λ = {A, B, π, p}, where A represents the transition 133 

matrix with duration probability matrix p for each state, B signifies the emission matrix, and π is the initial state probability. 134 

The following KPIs are studied in the paper: 135 

(1) Cycle time: Cycle time is the time it takes to complete a single task in a specific working area during the production 136 

process. The equation for calculating the cycle time is as follows: 137 

      (2) 

where CTi represents the average cycle time for a product to complete its operations in the working area i. STi is the time 138 

when the operation begins, and ETi is the time when it ends.  139 

(2) Throughput Time: The throughput time is the total time required for a product to move through the production process. 140 

Then, the throughput time can be represented as: 141 

  (3) 

where CTi represents the cycle time for a product to complete its operations in the working area i.  142 

The following assumptions are made for a production process based on how raw materials move in the production line to 143 

produce finished products [9]. 144 

(1) The working areas (stations) are represented as the hidden states S ∈ {1, 2, ..., N}. Each manufactured product is equipped 145 

with a specific tag ID, and a BLE tag is attached to it. BLE scanners scan these BLE tags and capture RSSI values. These 146 

RSSI values at time t are collected by multiple scanners and used as an observation Ot = [RSSI1, t, RSSI2, t, ..., RSSIN, t]. 147 

(2) The emission probabilities B consisting of bi (Ot) = P (Ot | st = i, µi, ∑i) are assumed to be fixed but may be updated 148 

periodically based on the collected RSSI data [14-15]: 149 
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  (4) 
 
 

where, µi
m and ∑i

m are the mean and covariance for the mth Gaussian component for observed RSSI values at the state i, 150 

respectively. The Gaussian distribution is denoted by 𝒩. To simplify the calculation, the assumption is made that the 151 

observations are independent across time [15-16]. Therefore, bi (Ot1: t2) can be expressed as the product of the probabilities 152 

of observing each RSSI data point from epoch t1 to t2, i.e., 153 

 (5) 

(3) The BLE tag moves through areas sequentially from 1 to N. Therefore A (i, j), which represents the probability of moving 154 

from area i to area j, can be simplified as: 155 

 
(6) 

(4) The initial state probability πi is set to 1, indicating that every sequence will always begin at state 1.  156 

This study focuses on the learning problem of the HSMM framework to capture the cycle time of the production process. 157 

To re-estimate the duration probability of each state, it is necessary to solve likelihood problems using a forward-backward 158 

procedure P (O| λ) with two subdivided variables: forward and backward. The forward variable αt (i) in HSMM is the likelihood 159 

of being in the state i given O1:t as partial observations up to time t, for a given HSMM parameter λ [16]. 160 

       (7) 

     (8) 

where, t =1, …, T, i =1, …, N, α t*(i) is the joint probability of obtaining the observation sequence up to time t, and entry to 161 

state i begins at the next time t+1, given the model λ. The proximity likelihood of a location is calculated using the formula  162 

. The HSMM backward variable β t*(i) is defined as follows [16]: 163 

       (9) 

    (10) 

where, t = T, …,1, i = 1, …, N, β t*(i) is the probability of the partial observation sequence from time t to the end, given that 164 

the system leaves the state i at the previous time t-1 and with a model λ. Then, the duration probability p̂i(d) matrix is re-165 

estimated based on the forward and backward variables as [16]: 166 

       (11) 

 167 

 168 
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The outline of the learning problem used in the paper is as follows [9]. 169 

Algorithm 1: re-estimation of pi(d). 170 

 

 

 171 

The pi(d) parameter in the HSMM represents the probability of the system staying in the state i for a duration of d time units. 172 

In other words, the pi(d) distribution of state i govern the cycle time for that specific stage of the production process. It is 173 

important to note that the p̂i(d) Eq (11) is computed from the entire sequence. To predict temporal properties, a sequence is 174 

constructed by sampling durations from the transition probabilities and p̂i(d). This allows for the estimation of cycle times and 175 

throughput time. Overall, the HSMM can be modeled from collected RSSI and timestamp data in a production process, and 176 

the p̂i(d) parameter plays a key role in estimating these KPIs. 177 

4. Experiments 178 

Three studies were conducted to evaluate the performance of the proposed algorithm based on numerical, simulated, and 179 

real-world experiments. 180 

4.1. Numerical experiment  181 

In this experiment, 1000 state/observation sequences were based on given HSMM parameters (π, A, B, P). Each coupled 182 

sequence contains two types of data: observed (RSSI) signals and state sequences. HSMM parameters were defined as follows: 183 

(1) The number of working areas N is 7. 184 

(2) The maximum duration D = 8 epochs. 185 

(3) Probability distribution matrix P = {pi(d)} for the system to leave the state i after d duration is given by.  186 

 

(12) 

(4) The values of RSSI are computed using a Gaussian mixture model with mean and variance: 187 
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,                                                                                  
(13) 

The sequence generation is outlined using Algorithm 2. Then, Algorithm 1 is used with the generated data to estimate the 188 

probability distribution matrix p̂. 189 

Algorithm 2: Sequence generation. 190 

 

 

4.2. Simulated experiment. 191 

The MATLAB Bluetooth toolbox allows users to create a simulation environment of BLE devices. Fig. 4 shows the 2-D 192 

coordinates of the BLE scanners with moving BLE tags. This study uses MATLAB Bluetooth Toolbox to simulate BLE 193 

transmission to find RSSI values when tags are moved along the given trajectory. 194 
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 195 

Fig. 4 Layout with BLE 2-D scanner coordinates 196 

One thousand state/observation sequences are generated from the movement of BLE tags in the simulated environment by 197 

randomly advancing BLE tags according to the selected duration. Fig. 5 provides an example of the observed RSSI values and 198 

state in a simulated sequence.  199 

 200 

Fig. 5 Example of simulated data. 201 

4.3. Real-world experiment. 202 

In a real-world scenario, different stations were prepared to collect RSSI data from BLE devices using the components: 203 

WeMos R32 boards as BLE tags and scanners, Wi-Fi access points, and the Firebase database. The data collection was 204 

performed in a U-shaped area of 7 × 4 m with approximately 2 meters between each scanner as shown in Fig. 6.  205 

(1) WeMos R32 boards programmed as BLE scanners that connect with the WiFi access point and report ID/RSSI/timestamp 206 

to the Firebase database.  207 

(2) WeMos R32 boards programmed as BLE tags were moved from one working area to another according to a predetermined 208 

sequence. 209 

(3) Each BLE tag is reset at the endpoint to renew the tag ID. 210 
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 211 

Fig. 6 BLE scanner allocation in real-time experiment. 212 

The scanning period for all BLE scanners is set at 5 seconds. 25 sets of data were collected by moving the BLE tags through 213 

a pre-determined sequence from one working area to the next. As illustrated in Fig. 7, the results show that not all scanners 214 

can receive the RSSI signal. The occupation of the tag in each BLE scanner area is determined using the relationship between 215 

distance and RSSI in Fig. 2. 216 

 217 

Fig. 7 RSSI measurements in real-world environments. 218 
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5. Discussion 219 

5.1. Analysis of numerical experiment 220 

In this study, the Kullback-Leibler Divergence (KLD) [16] is utilized as the distance metric to determine the similarity 221 

between the original p and the re-estimated p̂. 222 

 
(14) 

The average KLD value for the entire system is approximately 0.1843. This value is close to zero, indicating that the 223 

estimated p̂i(d) is nearly equivalent to the actual pi(d). To show the similarities, Fig. 8 displays a comparison between the 224 

predicted duration using HSMM and the actual duration with a range represented by minimum and maximum values. The 225 

average throughput time based on numerical data is 28.51 epochs, while the HSMM estimated average throughput time is 226 

27.69 epochs. 227 

 228 

Fig. 8 Predicted vs Actual Duration Comparison. 229 

Fig. 9 shows the trend of the average KLD values with respect to the number of coupled sequences used in the training 230 

phase. This demonstrates that the proposed algorithm converges quickly with a reasonable amount of data. The decrement of 231 

the KLD value from 1.7281 to 0.1843 as the number of samples increased from 100 to 1000 provides strong evidence that 232 

Algorithm 1 is a reliable and accurate method for estimating the duration probability. 233 

 234 

Fig. 9 Trend of average KLD value in numerical experiment. 235 
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5.2.  Analysis of simulation experiment 236 

In the simulated experiment, 1000 sequences were generated, and then Algorithm 1 was employed to parameterize an 237 

HSMM model. The average throughput time for the simulated sequences was 20.53 epochs, while the estimated throughput 238 

time using the HSMM model was 19.89 epochs. This result is favorable because it shows that the estimated throughput time 239 

is close to the simulated sequences. The study was then continued by running simulations and estimations for another 500 state 240 

sequences as part of the forecast setting.  241 

The similarity between the forecasted and simulated sequences is evaluated using run-length encoding (RLE) and vector 242 

distance. RLE is a simple data compression technique that works well for sequences where the same value occurs in many 243 

consecutive manners. It encodes the sequence by replacing consecutive repeating values with a single value and its count. For 244 

example, the RLE input is “aaabbcccc” and the output is “3a2b4c”. The vector distance is used to measure the similarity of 245 

RLE repetitive counts as a vector. The vector distance is calculated using the equation  , where X represents the 246 

simulated data, and Y is the forecasted data. For example, the RLE of the simulated data X becomes “3a2b4c” and the RLE of 247 

the forecasted data Y becomes “3a2b4c”. In this case, the vector distance between the RLE encoded sequences would be 248 

. The lower the vector distance, the greater the similarity between the 249 

two sequences. A value of zero indicates that the two sequences are identical. 250 

The comparison of vector distances between one sample to 500 samples is depicted in Fig. 10. The average vector distance 251 

decreased from 3.8531 for one sample to 0.9740 for 500 samples, indicating that the forecasted and simulated sequences had 252 

become more similar. This result shows that the estimated duration becomes more precise as the number of samples increases. 253 

 254 

Fig. 10 Vector distance for simulated and forecasted sequences. 255 

5.3.  Analysis of real-world experiment 256 

The objective of the real experiment is to demonstrate the effectiveness of Algorithm 1 with realistic data. To achieve this, 257 

data were collected from 7 BLE scanners for 25 BLE tags. The dataset was then filtered based on tag ID to retain only the 258 

RSSI values associated with the scanner number. The filtered data was then input into Algorithm 1, which is used to re-estimate 259 

parameters p̂. Fig. 11 compares the state sequences generated by the trained HSMM model to the actual data collected during 260 

the experiments. 261 
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 262 

Fig. 11 Hidden state alignment example. 263 

 264 

Table 1 State Durations (Unit of 5 secs). 265 

Area (State) Average Cycle Time (in epochs) 

Real-world HSMM 

#1 3.28 2.88 

#2 6.68 5.88 

#3 5.84 6.16 

#4 8.76 8.56 

#5 3.36 1.52 

#6 4.60 4.44 

#7 1.48 1.04 

Throughput Time (in epochs) 33.99 30.48 

 266 

Table 1 presents a comparison of the average state duration values between the collected data and those generated by the 267 

proposed HSMM model. The average throughput time for the realistic data is 33.99 epochs (169.95 seconds), while the average 268 

throughput time for the HSMM model is 30.48 epochs (152.4 seconds), with a difference of only 3.51 epochs. This difference 269 

highlights the accuracy of the HSMM model in capturing the dynamics of the system. The close match between the realistic 270 

data and the HSMM model suggests that the model is capable of accurately predicting throughput time and state sequences 271 

based on the RSSI data. 272 
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6. Conclusions 273 

The main objective of this study is to uncover the temporal behavior and identify potential correlations in the HSMM using 274 

RSSI data from the production line, which previous research has been unable to achieve. The proposed method updates 275 

duration probabilities and utilizes forward and backward procedures to determine the likelihood of observed sequences in an 276 

HSMM, and then employs learning procedures to update the duration parameter. 277 

To evaluate the performance of the HSMM method, three experiments were conducted, demonstrating reasonable accuracy. 278 

The numerical experiment resulted in a comparison of 28.51 epochs versus 27.69 epochs, the simulation experiment showed 279 

20.53 epochs versus 19.89 epochs, and the real-world experiment yielded 33.99 epochs versus 30.48 epochs. These results 280 

show that the actual and predicted values are quite close to each other, indicating the effectiveness of the HSMM model in 281 

predicting temporal behavior. 282 

Future work could involve further refinement of the method to include the condition when there is no RSSI available. 283 

Additionally, it is important to note that the limitations of this work include the dependence on accurate and consistent RSSI 284 

data and the assumption of stationary behavior in the production process. Despite this limitation, this study has shown the 285 

potential of using RSSI and timestamp data for predicting important production metrics in a manufacturing setting. 286 

 287 
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Abstract  8 

This study presents a method for modeling manufacturing processes to predict key 9 

performance indicators (KPIs) such as cycle time using Bluetooth Low Energy (BLE) data. We 10 

consider BLE applications to be similar to Radio-Frequency IDentification (RFID) scenarios, 11 

with a single BLE scanner indicating a single working area. This work considers when 12 

Received Signal Strength Indicator (RSSI) data is unavailable in some areas, such as, when 13 

products are in temporary storage areas away from the production areas. We solve this problem 14 

with a Duration and Interval Hidden Markov Model (DI-HMM), in which time spent in 15 

production areas is represented as duration and those with absence data as intervals. To 16 

parameterize the DI-HMM model, we propose a two-stage machine-learning problem based on 17 

a classification tree and a Hidden Semi Markov Model (HSMM). To investigate the proposed 18 

model, the RSSI observation sequences are generated using MATLAB Bluetooth Toolbox and 19 

real-world experimentation. The runtime scenario compares estimated and original states, and 20 

the average accuracy of 100 test sequences is around 95%. In the offline forecast scenario, an 21 

estimated DI-HMM parameter is used to forecast 200 sequences, then compared with 22 

sequences with a vector distance with a similarity score of 0.4717. 23 

 24 
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Keywords: Manufacturing process, Bluetooth Low Energy, Duration and Interval Hidden 26 
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 28 

1. Introduction  29 

A factory is a combination of various buildings that host several manufacturing 30 

processes to produce final products to be stored and sent to customers. Generally, the factory 31 

area has two sections based on their operations: production areas and warehouse areas. The 32 

production areas are where a sequence of works is performed to manufacture final products, 33 

and the warehouse areas store these products until customers demand them. There are usually 34 

small storage areas within the production area to temporarily keep intermediate parts among 35 

working areas. Product tracking data plays a crucial role to provide visibility of productivity in 36 

manufacturing areas such as the amount of work-in-process, storage capacity, and machine 37 

status. 38 

Production flow refers to how raw materials move in sequential order from one working 39 

area to another to get final products. Each working area will complete its specific task and 40 

move the finished parts to the next working area. If the next working area is occupied with 41 

some unfinished work, then the parts will be shifted into a temporary storage area. Several 42 

manufacturing KPIs are being defined based on production flow information including cycle 43 

time, machine utilization, and production throughput. The behavior of production flow can be 44 

understood by the tracking of changes from raw material to parts and then products in 45 

production areas using barcode and RFID systems. 46 

A Radio-Frequency IDentification (RFID) device is the most widely used device for 47 

tracking objects in malls, hospitals, factories, and other buildings (Zhu, Mukhopadhyay, & 48 
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Kurata, 2012). An RFID system consists of two parts: an RFID reader and tags. RFID tags are 49 

attached to moving objects, while RFID readers are placed in a specific location to detect tag 50 

entries. The tags communicate via radio signal with readers as they pass by. The main drawback 51 

of RFID is that it can only determine entry time, whereas knowing when products enter and 52 

leave a production flow is essential for predicting their temporal behavior. Bluetooth Low-53 

Energy (BLE) devices are widely used for indoor detection applications (Subedi & Pyun, 54 

2020). In comparison to other solutions, BLE technology has several characteristics that satisfy 55 

the requirements of production tracking, such as a suitable range (10 m), a reasonable price tag 56 

(<$30), and a long battery life (>1 year). BLE object detection consists of two types of devices: 57 

BLE tags that broadcast their identities and BLE scanners installed at particular locations that 58 

look for nearby BLE tags. Proximity detection uses Received Signal Strength Indicator (RSSI) 59 

signals to identify nearby BLE devices and collect data such as RSSI, product ID, and 60 

timestamps for analyzing entry and exit times (Narzt et al., 2016).  61 

Numerous studies have been proposed for the modeling of the temporal behaviors of 62 

production flow. Queuing theory is the most popular and traditional approach for estimating 63 

the temporal behaviors of production flow, such as cycle time and throughput time. The basic 64 

definition of queueing is that the production task arrives, waits for service, and then exits after 65 

finishing the process. However, these works (Gao et al., 2019) usually consider the timing for 66 

each station separately. An RFID-enabled graphical deduction model (rfid-GDM) (Ding, Jiang, 67 

Sun, & Wang, 2017) was proposed to capture the time-sensitive and other aspects of RFID-68 

tagged products in the production flow. Their approach allows the decomposition of events 69 

from fixed and moveable RFID readers into a sequence of states. But the rfid-GDM concept 70 

does not aggregate RFID data from multiple production sequences into statistical parameters. 71 

This limits its application in the manufacturing process with respective operations. The 72 

unsupervised measurement (Nakai, Maekawa, & Namioka, 2016) studied, wearable sensor data 73 
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arranged as segments or "motifs" and figures out cycle time based on the motif's repetition 74 

intervals. However, the unsupervised measurement considers only the cycle time of one station, 75 

while neglecting the temporal characteristics of the whole production line. The use of BLE and 76 

HMM (Subedi & Pyun, 2020) was used to define trajectories, and another work that combined 77 

BLE and HMM (Arslan, Cruz, & Ginhac, 2019) explained semantic trajectories to better 78 

understand worker mobility and improve safety. But these works ignore scenarios with the 79 

absence of BLE data due to the limited range of BLE communication. To overcome limitations 80 

related to the BLE detection range, we consider the HMM mathematical framework since the 81 

model can represent both the statistical behavior of RSSI values as observations and the 82 

sequence of production flow as state transitions. 83 

The main objective of this paper is to develop a mathematical model for predicting 84 

temporal metrics of the production flow using the HMM concept. We consider BLE 85 

applications similar to RFID scenarios where a single BLE scanner is installed in a single 86 

working area. Three core ideas make our works different from others:  87 

1) Our scenario is motivated by the installation of barcode/RFID in production 88 

lines, so the BLE signal may be detected by one scanner of the occupied area, 89 

many (closed by areas), or none (no closing area). 90 

2) The conversion of RSSI values into the proximity of areas is to be aggregated 91 

as a stochastic model of sequence along the production line. 92 

3) We use a two-stage learning problem to parameterize the model. 93 

The paper is structured as follows. Section 2 reviews the concepts and technologies used. 94 

Section 3 defines the tracking problem as the DI-HMM model and the algorithm used to solve 95 

it. Section 4 contains the numerical results. The conclusion of the paper is discussed in Section 96 

5. 97 
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 98 

2. Concept and Technologies 99 

2.1. BLE based Radio Frequency IDentification (RFID) technology 100 

RFID has two components: reader and tag. There are two types of RFID tags: passive 101 

RFID and active RFID (Zhu, Mukhopadhyay, & Kurata, 2012). Mostly, passive RFID is used 102 

in industries. RFID tags obtain power from the reader therefore, the reader can receive a signal 103 

from that tag only when that tag reaches the reader. The RFID reader tends to be bulky in size 104 

and covers less distance. BLE is a related technology that uses a similar concept to RFID but 105 

with a battery-powered tag. We use an RFID-like scenario where a single BLE scanner 106 

identifies a particular working area. 107 

BLE is a low-power and short-range wireless technology that can be utilized for indoor 108 

object detection. RSSI reflects the distance between tags and scanning devices in dBm (Subedi 109 

& Pyun, 2020). Theoretically, distance and RSSI have an inverse relationship, but the RSSI 110 

fluctuates even when the location is the same. In our paper, we used the Wemos D1 R32 which 111 

is an ESP32 board with a PCB antenna. The initial study employed two boards, one as a BLE 112 

tag (broadcasting mode) and the other as a BLE scanner. By positioning the BLE tag at various 113 

distances and gathering RSSI data. Figure 1 shows the relationship between distance and RSSI. 114 

 115 

Fig. 1 RSSI vs Distance of BLE devices 116 

Figure 1 depicts the RSSI variation for each distance. Three fundamental issues with 117 

RSSI-based systems are signal strength attenuation, signal interference, and multipath 118 

propagation (Subedi & Pyun, 2020). Trilateration and fingerprinting (Jondhale et al., 2022) are 119 

popular approaches that use RSSI values to detect the position of objects. Both approaches 120 

assume there are three or more BLE scanners that read RSSI values from the same BLE tag to 121 

find the object in 2D coordinates. However, BLE localization methods are ineffective in our 122 
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study because they require at least two or more BLE scanners to find the coordinates and match 123 

the closest suitable area. Additionally, it will not work when no BLE data is available. That is 124 

why we propose the HMM-based method to compensate for such issues with the information 125 

of states in the production sequence. 126 

2.2. Hidden Markov Model (HMM) 127 

HMM is a double-layer stochastic process with some specific hidden states based on 128 

the Markov process that relies upon observation states (Rabiner, 1989). Based on the HMM 129 

concept, the production sequence and transition in the manufacturing area can be determined 130 

from an observation sequence. HMM consists of 5-elements: State (𝑆), Initial State probability 131 

(𝜋), Transition Matrix (𝐴), Observation State (𝑂), and Emission Matrix (𝐵). The following 132 

three conditions are required for the realization of HMM: 133 

1) The Markov assumption: The HMM's next state depends just on the current 134 

state. 135 

2) Independent assumption: The emission probability of the current 136 

observation depends only on the current state, consequently independent from 137 

other states and another observation. 138 

3) The Stationarity assumption: State transition probabilities do not consider 139 

an actual time at which the transformation of the state performs 140 

Manufacturing is a complex process where products go through different working areas 141 

and operations, including picking, assembly, and forwarding. Cycle time is a critical KPI in the 142 

manufacturing industry because it describes temporal characteristics of working areas that can 143 

be used in the evaluation and forecasting of production efficiency. In the production process, 144 

production time is a fundamental aspect of the transition. To resolve this problem, the Hidden 145 

Semi Markov Model (HSMM) introduces the variable duration (𝐷) that relies on each state 146 
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and controls the transition matrix (𝐴) (Sun, Wang, Moran & Rowe, 2020). Model accuracy 147 

increases if the system depends on time in comparison with HMM. HSMM has two main 148 

properties that make it different from HMM. First, the self-transition probability is assumed 149 

zero, i.e., no return to the same state, and a single state depends upon the sojourn duration (Sun, 150 

Wang, Moran & Rowe, 2020). 151 

3. Problem statement  152 

This study used a BLE-based system to track and collect product movement information to 153 

estimate the total cycle time of products. A BLE-based system uses BLE tags being attached 154 

to products, and BLE scanners being strategically placed in working areas to detect BLE tags. 155 

However, the coverage area of the BLE scanner in the working area is limited. As a result, 156 

when the product is between two working areas, the BLE scanner may not be able to receive 157 

precise RSSI data, and the product location becomes unknown. Collecting product ID and RSSI 158 

data is the first step in understanding the production flow and its temporal metrics. Then, using 159 

the RSSI data sequence, the product's proximity location and production flow are estimated 160 

using the DI-HMM forward-backward algorithm. The other parameters, such as the overall 161 

cycle time and the cycle time for each area, are predicted using the learning algorithm. 162 

Our previous study (Vorapojpisut & Agrawal, 2022) formulated the product tracking 163 

problem as an HSMM model ∆ுௌெெ =  {𝐴, 𝐵, π, 𝑝} that defines its state transition probability 164 

to depend on the sojourn time, which is the time for workers or machines to complete their 165 

tasks. HSMM ∆ுௌெெ consist of four mains of parameters (Sun, Wang, Moran & Rowe, 2020).  166 

∆ுௌெெ =  {𝐴, 𝐵, π, 𝑝}                                             (1) 167 

Where 𝐴 represents the transition matrix with duration probability 𝑝 for each state, 𝐵 signifies 168 

the emission matrix, and π is the initial state probability.  169 
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The HSMM model can represent duration time in its context, but cannot capture the 170 

transition period between working areas. The Duration and Interval Hidden Markov Model 171 

(DI-HMM) ∆஽ூିுெெ = {𝐴, 𝐵, 𝜋, 𝑝, 𝐿} defines the periods without observations as state 172 

intervals (Narimatsu & Kasai, 2015). In HSMM, the next state 𝑆௝ starts immediately after 173 

ending the present state  𝑆௜, but, the next state 𝑆௝ in DI-HMM starts after a state interval that 174 

occurs after ending its previous state 𝑆௜.  A state interval 𝐼௜,௝ between two consecutive states 175 

where 𝑖, 𝑗 ∊ {1,2, … , 𝑁} is expressed by interval length probability 𝑃(𝐿௜,௝) assumed to be the 176 

Gaussian distribution. A time length of observation of the DI-HMM is ∑(𝑑௜ + 𝐼௜,௝), where 𝑑௜ ∊177 

𝐷 and  𝐼௜,௜ାଵstands for the time difference between ending-time of 𝑆௜ and stating-time of 𝑆௝.  178 

 179 

Fig. 2. Sequence of DI-HMM  180 

 181 

The following assumptions are made to reflect manufacturing process characteristics. 182 

1) Each working area with a BLE scanner represents the state 𝑆௜, where 𝑖 =  1,2,3, . . 𝑁 183 

and 𝑁 denotes the number of working areas. In this case, 𝑀 observed (RSSI) signals 184 

are generated based on the states, therefore 𝑀 = 𝑁. 185 

2) The transition matrix 𝐴 is fixed to reflect that the manufacturing process of similar 186 

products is sequential and identical. Since all product manufacturing begins in the 𝑆ଵ 187 

working area, the initial state probability for the 𝑆ଵ working area is 1 and 0 for the 188 

others. 189 

3) The emission probabilities 𝐵 are assumed to be fixed, but may be updated periodically 190 

based on the collected RSSI data (Sun, Wang, Moran & Rowe, 2020), as follows: 191 

𝑏௜(𝑂௧:௧ାௗିଵ) = ∏ 𝑏௜(𝑂௞)௧ାௗିଵ
௞ୀ௧                                        (2) 192 
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The sequential likelihood of the HSMM denoted as 𝑃(𝑂|∆𝐻𝑆𝑀𝑀)  can be determined 193 

through a forward-backward procedure. The forward-backward has two sub-divided variables: 194 

forward variable and backward variable. The HSMM forward variable (Sun, Wang, Moran & 195 

Rowe, 2020) for estimating likelihood is defined as follows: 196 

𝛼௧(𝑖) = 𝑃( 𝑂ଵ:௧,  𝑆𝑖 𝑒𝑛𝑑𝑠 𝑎𝑡 𝑡 | ∆ுௌெெ)  =  ∑ 𝛼௧ିௗ
∗ (𝑖)

௠௜௡ (௧,஽)
ௗୀଵ  𝑝௜(𝑑)𝑏௜(𝑂௧ିௗାଵ:௧)      (3) 197 

𝛼௧
∗(𝑖) = 𝑃(𝑂1:𝑡 , 𝑆௜  𝑏𝑒𝑔𝑖𝑛𝑠 𝑎𝑡 𝑡 + 1 |∆𝐻𝑆𝑀𝑀) = ∑ 𝛼௧(𝑖)ே

௜ୀଵ  𝑎௝,௜                              (4) 198 

   𝑡 =  1, … , 𝑇      𝑖 =  1, … , 𝑁           199 

where, 𝛼௧(𝑖) is the joint probability of obtaining the partial observation sequence up to 200 

time t and ending in the state 𝑖 at the time 𝑡, given the model ∆ுௌெெ, and 𝛼௧
∗(𝑖) is  the joint 201 

probability of obtaining the observation sequence up to time t, and entry to state 𝑖 begins at the 202 

next time 𝑡 + 1, given the model ∆ுௌெெ. The proximity likelihood of a location is calculated 203 

using the formula 𝑆௧
෡ = 𝑎𝑟𝑔 max

ଵழ௜ழே
 𝛼௧(𝑖). The HSMM backward variable (Sun, Wang, Moran 204 

& Rowe, 2020) is defined as follows:  205 

𝛽௧(𝑖) = 𝑃(𝑂௧:்| 𝑆௜ 𝑏𝑒𝑔𝑖𝑛𝑠 𝑎𝑡 𝑡 , ∆𝐻𝑆𝑀𝑀) =  ∑ 𝛽௧ାௗ
∗ (𝑖)

(்ି௧,஽) 
ௗୀଵ  𝑝௜(𝑑)𝑏௜(𝑂௧:௧ାௗିଵ)       (5) 206 

𝛽
௧
∗(𝑖) = 𝑃(𝑂𝑡:𝑇 |𝑆௜ 𝑒𝑛𝑑𝑠 𝑎𝑡 𝑡 − 1, ∆𝐻𝑆𝑀𝑀) =  ∑ 𝑎௜,௝

ே
௝ୀଵ  𝛽௧(𝑗)                             (6) 207 

     𝑡 =  𝑇, … ,1      𝑖 =  1, … , 𝑁                                                                                  208 

where 𝛽௧(𝑖) is the probability of the partial observation sequence from epoch t to the end, given 209 

that the systems start in state 𝑖 at the time 𝑡 and with a model ∆ுௌெெ, and 𝛽
௧
∗(𝑖) is the 210 

probability of the partial observation sequence from time 𝑡 to the end, given that the system 211 

leaves the state 𝑖 at the previous time 𝑡 − 1 and with a model ∆ுௌெெ. Then, the duration 212 

probability 𝑝̂௜(𝑑) matrix is re-estimated based on the forward and backward variables as (Sun, 213 

Wang, Moran & Rowe, 2020): 214 

𝑝̂௜(𝑑)  =  
∑ ఈ೟షభ

∗ (௜) ୮೔(ௗ) ௕೔(ை೟:೟శ೏షభ)ఉ೟శ೏
∗ (௜) ೅ష೏శభ

೟సభ

∑ ∑ ఈ೟షభ
∗ (௜) ୮೔(ௗ) ௕೔(ை೟:೟శ೏షభ)ఉ೟శ೏

∗ (௜) ೅ష೏శభ
೟సభ

ವ
೏సభ

                          (7) 215 
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The working area contains BLE scanners that collect RSSI data and determine the location 216 

of BLE tags based on strong RSSI values. While the movement and storage of products outside 217 

working areas will lead to weak and noisy RSSI values such that product location becomes 218 

unknown. To solve the problem of missing RSSI data for some tags, we propose a classification 219 

tree (Kang & Zadorozhny, 2016) to identify inside/outside scenarios based on BLE data, as 220 

shown in Figure 3. 221 

 222 

Fig 3. Classification tree to detect inside/outside scenarios 223 

 224 

Input: 𝑂ଵ:்
௭  =  {𝑜ଵ

௭ , 𝑜ଶ
௭ , . . . 𝑜்

௭}  where 𝑍 is number of training sequences 225 

             𝑐𝑡𝑟𝑒𝑒 Classification tree model 226 

Training phase: 227 

1. 𝑝௦௨௠  =  0 228 

2. 𝐼௦௨௠  =  0 229 

3. for z = 1 to 𝑍 230 

4.      Assign the HSMM parameters  {𝜋, 𝐴, 𝐵}  231 
5.        z == 1 assign 𝑝 as uniformly distributed probability 232 
6.       for 𝑡 =1 to 𝑇 233 
7.              𝑙𝑎𝑏𝑒𝑙  =  𝑝𝑟𝑒𝑑𝑖𝑐𝑡(𝑐𝑡𝑟𝑒𝑒 , 𝑜௧)   234 
8.              if 𝑙𝑎𝑏𝑒𝑙 ==  {𝑤𝑜𝑟𝑘𝑖𝑛𝑔 𝑎𝑟𝑒𝑎} 235 
9.                    Calculate 𝛼௧ , 𝛼௧

∗, 𝛽௧, and 𝛽௧
∗  using  (3), (4), (5), and (6) 236 

10.              else 237 
11.                    Calculate interval 𝐼  238 
12.            end 239 
13.      end 240 
14.      Update parameter 𝑝̂ using (7) 241 
15.      Calculate 𝐿 using (8) 242 
16.       𝑝௦௨௠  =  𝑝௦௨௠  + 𝑝̂  243 

17.        𝑝௔௩௚   =
 𝑝௦௨௠

𝑧ൗ  244 

18.       𝑝 =  𝑝௔௩௚    245 

19. end 246 
Output:  𝑝̂ and 𝐿 247 

           Algorithm 1. Re-estimate the duration and interval probabilities using DI-HMM 248 
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 Algorithm 1 is to re-estimate the duration and interval probabilities using the classification 249 

tree and HSMM. When RSSI data is classified as a positive case (working area), the training 250 

algorithm of the HSMM model ∆ுௌெெ =  {𝐴, 𝐵, π, 𝑝} will proceed normally. When RSSI data 251 

is classified as a negative case (outside the working area), the training algorithm of HSMM 252 

model ∆ுௌெெ =  {𝐴, 𝐵, π, 𝑝} is paused, and the counting of the timing steps will be used for the 253 

modeling of interval probability 𝐿௜,௝.  254 

𝐿௜,௝ = 𝑝(𝐼௜,௝) =
ଵ

ఙ√ଶగ
𝑒

ష(಺೔,ೕషഋ)మ

మ഑మ                                       (8) 255 

where 𝑖 =  1,2, . 𝑁 − 1 and  𝑗 =  1,2, . 𝑁. 256 

 257 

4. Numerical Results 258 

To evaluate our proposed algorithm, we conducted three numerical studies using data from 259 

simulated and real-world scenarios. A simulated experiment generates the RSSI sequence using 260 

the left-to-right HMM concept and the MATLAB Bluetooth toolbox. Real-world data is 261 

collected in a physical setup using four BLE scanners to represent the working areas and one 262 

storage area without a BLE scanner. 263 

4.1. Simulated Experiment   264 

This study simulated end-to-end BLE transmission scenarios in the presence of a path loss 265 

model, RF impairments, and additive white Gaussian noise (AWGN). The MATLAB 266 

Bluetooth toolbox version R2022b was used to generate simulated data by providing the 2-D 267 

coordinates of the BLE scanners and moving positions for BLE tags. Algorithm 2 illustrates 268 

how to estimate the RSSI based on the scanner position with moving tags.  269 

Input:  Environment = Industrial,  𝑃௧  =  0 𝑑𝐵 Tx power 270 
            𝑆𝑐𝑎𝑛𝑛𝑒𝑟 ௣௢௦ 

= [𝑥ଵ 𝑦ଵ; 𝑥ଶ 𝑦ଷ; . . . ; 𝑥ே 𝑦ே] , where 𝑁 is number of scanners 271 
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            𝑇𝑎𝑔ெ௢௧௜௢௡ =  [𝑥ଵ 𝑦ଵ; 𝑥ଶ 𝑦ଷ; … ; 𝑥௅ 𝑦௅], where 𝐿 is total path steps 272 

             𝑇𝑎𝑔௔௧ ௦௖௔௡௡௘௥ =  [𝑝𝑜𝑠ଵ; 𝑝𝑜𝑠ଶ; . . . ; 𝑝𝑜𝑠ே] ,  273 

            𝐼𝑛𝑡𝑒𝑟𝑣𝑎𝑙 =  [𝐼ଵଶ௠௜௡ 𝐼ଵଶ௠௔௫;  𝐼ଶଷ௠௜௡ 𝐼ଶଷ௠௔௫; … ; 𝐼(ேିଵ) ே೘೔೙
 𝐼(ேିଵ) ே೘ೌೣ

] 274 

             𝐷𝑢𝑟𝑎𝑡𝑖𝑜𝑛 =  [𝑑ଵ೘೔೙
 𝑑ଵ೘ೌೣ

; 𝑑ଶ೘೔೙
 𝑑ଶ೘ೌೣ

; . . . ; 𝑑ே೘೔೙
 𝑑ே೘ೌೣ

]     275 

Sequence generation: 276 

1. for 𝑡𝑟𝑎𝑗𝑒𝑐𝑡𝑜𝑟𝑦 =  1 to 𝐿  277 

2.        Tag position = 𝑇𝑎𝑔ெ௢௧௜௢௡(𝑡𝑟𝑎𝑗𝑒𝑐𝑡𝑜𝑟𝑦, : ) 278 

3.         Nearest scanner = 𝑓𝑖𝑛𝑑 (𝑇𝑎𝑔௔௧ ௦௖௔௡௡௘௥ == 𝑡𝑟𝑎𝑗𝑒𝑐𝑡𝑜𝑟𝑦) 279 

4.         if isempty (Nearest scanner) == 1 280 

5.               t = randomly select 𝐼𝑛𝑡𝑒𝑟𝑣𝑎𝑙 based on the two Nearest scanners 281 

6.               𝑆௦௘௟௘௖௧௘ௗ  = ‘Storage area’ 282 

7.         else 283 

8.               t = Select a random 𝐷𝑢𝑟𝑎𝑡𝑖𝑜𝑛 based on the Nearest scanner 284 

9.               𝑆௦௘௟௘௖௧௘ௗ  = Nearest scanner 285 

10.         end 286 

11.                 𝑆௧௜௠௘ (1: t) = 𝑆௦௘௟௘௖௧௘ௗ  287 

12.                𝑆  =  [𝑆 , 𝑆௧௜௠௘]  288 

13.         for 𝑠𝑐𝑎𝑛 =  1 to 𝑁 289 

14.              Scanner position =  𝑆𝑐𝑎𝑛𝑛𝑒𝑟 ௣௢௦ 
(𝑠𝑐𝑎𝑛, : ) 290 

15.              Distance real = distance between the Tag position and Scanner position            291 

16.              for  𝑘 = 1 to t 292 

17.                      Distance = Distance real ± randomly generated minor error 293 

18.                      𝑃𝐿𝑑𝐵   =   Calculate path loss with End-to-End Bluetooth BR/EDR                  294 

                                     Simulation Procedure. 295 

19.                       𝑅𝑆𝑆𝐼 = 𝑃௧ − 𝑃𝐿𝑑𝐵 296 

20.                       𝑜(𝑠𝑐𝑎𝑛, 𝑘)  =    𝑅𝑆𝑆𝐼 297 

21.                end 298 

22.                𝑂  =  [𝑂 , 𝑜] 299 

23.         end 300 

24. end 301 

Output: Hidden state 𝑆 and RSSI observations 𝑂   302 

           Algorithm 2 Generate RSSI using MATLAB Bluetooth toolbox 303 
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 304 

Fig. 4 BLE scanner position and BLE tag trajectory. 305 

 306 

500 different sequences were generated based on the setup of the BLE scanners and 307 

BLE tag trajectory shown in Figure 4 𝑫𝒖𝒓𝒂𝒕𝒊𝒐𝒏 =  [𝟑, 𝟖;  𝟓, 𝟔;  𝟒, 𝟕;  𝟐, 𝟒;  𝟏, 𝟏] and 308 

𝑰𝒏𝒕𝒆𝒓𝒗𝒂𝒍 =  [𝟑, 𝟏𝟓;  𝟓, 𝟏𝟎;  𝟓, 𝟖; 𝟏𝟎, 𝟏𝟓] were used for algorithm 2. Each simulated 309 

sequence contains two types of information: observed (RSSI) signals and state sequences, as 310 

illustrated in Figure 5. 311 

 312 

Fig. 5. Example of simulated sequences (states and RSSI) 313 

 314 

  We conducted the runtime estimation and the offline forecast studies. The runtime 315 

estimation compares the state sequences and estimated DI-HMM sequence. In the offline 316 

forecast scenario, the re-estimated DI-HMM is used to forecast sequences, then average the 317 

forecast and state sequences using the sample count.  318 

4.1.1.  Runtime estimation scenario 319 

In runtime estimation, 100 observed sequences are randomly selected to re-estimate the 320 

duration and interval probabilities using Algorithm 1. Then, the DI-HMM state sequences are 321 

estimated from RSSI values using the re-estimated duration and interval probabilities. Figure 322 

6 shows the simulated state sequence as ground truth and the estimated DI-HMM state 323 

sequence. 324 

 325 

Fig 6. Comparison of the original and estimated states  326 

 327 

Ref. code: 25656210030018FRH



DI-HMM model accuracy is evaluated using the confusion matrix, as shown in figure 7. 328 

The confusion matrix is then used to evaluate performance, and classification 𝒂𝒄𝒄𝒖𝒓𝒂𝒄𝒚 =329 

 𝒄𝒐𝒓𝒓𝒆𝒄𝒕 𝒑𝒓𝒆𝒅𝒊𝒄𝒕𝒊𝒐𝒏𝒔 / 𝒕𝒐𝒕𝒂𝒍 𝒑𝒓𝒆𝒅𝒊𝒄𝒕𝒊𝒐𝒏𝒔 ∗  𝟏𝟎𝟎. The accuracy of this model is (𝟓𝟐𝟏 +330 

𝟓𝟔𝟏 + 𝟓𝟏𝟗 + 𝟐𝟕𝟑 + 𝟒𝟏 + 𝟒𝟓𝟔𝟗)/𝟔𝟕𝟓𝟗, 𝟎. 𝟗𝟓𝟗𝟑 or approximately 𝟗𝟓%. 331 

 332 

Fig. 7 Confusion matrix 333 

 334 

4.1.2. Offline forecast scenario 335 

In the offline forecast, different state sequences are sampled to re-estimate the duration and 336 

interval probabilities with Algorithm 1. Then, the model is used to forecast another 200 state 337 

sequences. To compare the similarity of sequences, we encode the simulated/forecasted state 338 

sequence using run-length encoding (RLE). RLE is a simple algorithm for lossless data 339 

compression that works when a simulated/forecasted state sequence contains the same value 340 

repeatedly. For example, RLE's input is "AAABBCCCC," and its output is "3A2B4C".  After 341 

that, the vector distance is used to compare the multidimensional similarity of the forecasted 342 

and simulated RLE vectors. The relationship between the training sample size and its vector 343 

distance is displayed in Figure 8. The average vector distance value for the entire system is 344 

approximately 0.4717, which is close to zero and demonstrates that the estimated duration and 345 

interval are close to the original sequences used for the training of duration and interval 346 

parameters. 347 

 348 

Fig 8. Vector distance for simulated and forecasted sequences 349 

 350 

 351 

 352 
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4.2. Real-World Experiment  353 

In a real-world scenario, different stations carry out various tasks to collect RSSI data 354 

from BLE devices. The experiment consists of three components: Wemos R32 boards as BLE 355 

tags and scanners, Wi-Fi access points, and the Firebase database. Figure 2 demonstrates the 356 

BLE scanner's coverage area and the relationship between distance and RSSI. Four BLE 357 

scanners are arranged in a U shape over a 12×5m area, as shown in Figure 9.  358 

Every 5 seconds as one timing unit, each BLE scanner scans, stores, and sends data to 359 

Firebase's real-time database. Each BLE tag was moved from one working location to the next 360 

in a predetermined order with 20 datasets collected from the area shown in figure 9.  361 

 362 

Fig 9. Scanner location in the experiment. 363 

 364 

Table 1 compares the average state duration and interval values between the data 365 

generated by our DI-HMM model and the data collected. This proves that our proposed method 366 

can achieve reasonable accuracy with realistic and limited datasets. 367 

 368 

 369 

Table 1. State durations and interval (unit of 5 secs) 370 

 371 

5. Conclusion  372 

The main benefit of our study is that it can uncover temporal behavior and extract potential 373 

correlations in the DI-HMM that earlier research was unable to do using RSSI data from the 374 

production flow. With the help of a two-stage learning problem, it is possible to estimate the 375 

probability distributions 𝑝̂௜(𝑑) and 𝐿௜,௝ from RSSI data collected from experiments. After that, 376 
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the DI-HMM model can be used to compute the crucial KPI metric, i.e., cycle time and 377 

throughput time. The estimated cycle time of the products in the manufacturing area is the 378 

summation of the state’s duration and interval time represented as ∑ (𝑑௤ + 𝐼௤ିଵ,௤)ே
௤ୀଵ . 379 

Throughput time is the ratio of time taken to complete production to a unit of the product so, 380 

the estimated cycle time of the product is equal to the throughput time. Work-in-Process defines 381 

the current state of the product in the manufacturing area. This will benefit manufacturers by 382 

assisting them in estimating productivity on production flow. Moreover, we can forecast future 383 

target product behavior based on the most recent forecasts. 384 

 385 

 386 

 387 

 388 

 389 

 390 

 391 

 392 

 393 

 394 

 395 

 396 

 397 

 398 

 399 
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Fig. 1 RSSI vs Distance of BLE devices 

 

 

 

Fig. 2. Sequence of DI-HMM  
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Fig 3. Classification tree to detect inside/outside scenarios 

 

 

 

Fig. 4 BLE scanner position and BLE tag trajectory. 
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Fig. 5. Example of simulated sequences (states and RSSI) 

 

 

 

Fig 6. Comparison of the original and estimated states 
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Fig. 7 Confusion matrix 

 

 

Fig 8. Vector distance for simulated and forecasted sequences 
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Fig 9. Scanner location in the experiment 
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Table 1. State durations and interval (unit of 5 secs) 

Area #1 
(Duration-1) 

#2 
(Duration-2) 

#3 
(Duration-3) 

#4 
(Duration-4) 

Storage 
(Interval) 

Cycle 
Time 

Real 5.50 5.35 5.70 3 18.80 38.35 

DI-HMM 5.15 5.80 5.70 1 18.80 36.45 
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