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ABSTRACT 

Wireless capsule endoscopy (WCE) is a well-established diagnostic tool for visualizing the 

Gastrointestinal (GI) tract. WCE provides a unique view of the GI system with minimum 

discomfort for patients. Doctors can determine the type and severity of abnormality by analyzing 

the taken images. Early diagnosis helps them act and treat the disease in its earlier stages. However, 

the location information is missing in the frames. Pictures labeled by their location assist doctors 

in prescribing suitable medicines. The disease progress can be monitored, and the best treatment 

can be advised for the patients. Furthermore, at the time of surgery, it indicates the correct position 

for operation. Several attempts have been performed to localize the WCE accurately. Methods 

such as Radio frequency (RF), magnetic, image processing, ultrasound, and radiative imaging 

techniques have been investigated. Each one has its strengths and weaknesses. RF-based and 

magnetic-based localization methods need an external reference point, such as a belt or box around 

the patient, which limits their activities and causes discomfort. Computing the location solely 

based on an external reference could not distinguish between GI motion from capsule motion. 

Hence, this relative motion causes errors in position estimation. The GI system can move inside 

the body, while the capsule is stationary inside the intestine. This proposal presents two pose fusion 

methods, Method 1 and Method 2, that compensate for the relative motion of the GI tract with 

respect to the body. Method 1 is based on the data fusion from the Inertial measurement unit (IMU) 

sensor and side wall cameras. The IMU sensor consists of 9 Degree-Of-Freedom (DOF), including 

a gyroscope, an accelerometer, and a magnetometer to monitor the capsule’s orientation and its 

heading vector (the heading vector is a three-dimensional vector pointing to the direction of the 

capsule's head). Four monochromic cameras are placed at the side of the capsule to measure the 

displacement. The proposed method computes the heading vector using IMU data. Then, the 

heading vector is fused with displacements to estimate the 3D trajectory. This method has high 

accuracy in the short term. Meanwhile, due to the accumulation of errors from side wall cameras, 

the estimated trajectory tends to drift over time. Method 2 was developed to resolve the drifting 

issue while keeping the same positioning error. The capsule is equipped with four side wall 

cameras and a magnet. Magnetic localization acquires the capsule’s global position using 9 three-

axis Hall effect sensors. However, magnetic localization alone cannot distinguish between the 

capsule’s and GI tract’s motions. To overcome this issue and increase tracking accuracy, side wall 

cameras are utilized, which are responsible for measuring the capsule’s movement, not the 
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involuntary motion of the GI system. A complete setup is designed to test the capsule and perform 

the experiments. The results show that Method 2 has an average position error of only 3.5 mm and 

can compensate for the GI tract’s relative movements. Furthermore, environmental parameters 

such as magnetic interference and the nonhomogeneous structure of the GI tract have little 

influence on our system compared to the available magnetic localization methods. The experiment 

showed that Method 2 is suitable for localizing the WCE inside the body. 
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Chapter 1 

Introduction 

1.1 Overview of Wireless capsule endoscopy 

Gastrointestinal (GI) diseases constitute about 8 million deaths worldwide [1]. Several severe 

disorders, such as obscure GI bleeding [2], [3], ulcer infection [4], celiac disease [5], Crohn’s 

disease [6], Barrett’s esophagus [7], tumors, and cancer occur [8] in different regions of the GI 

tract without any symptoms [9]. Hence, the elderly population aged over 50 years old [10] is 

recommended to be examined by gastroenterologists regularly. Conventional endoscopy (CE) [11] 

approaches, such as colonoscopy and gastroscopy, are powerful tools for routine GI checkups. CE 

is used to visually examine the digestive system with a tiny camera attached to the end of a long, 

flexible tube. In gastroscopy, the CE probe enters from oral, as shown in Figure 1.1(a), and 

effectively and reliably visualizes the esophagus, stomach, and duodenum. Meanwhile, in 

colonoscopy, the probe enters from the rectum and operates inside the colon. A specialist in 

gastroenterologists uses the CE to diagnose and, sometimes, treat digestive diseases. The CE probe 

is illustrated in Figure 1.1(b), which is invasive and may cause discomfort for patients [12]. 

Endoscopy is a very safe procedure; however, rare complications, such as bleeding, infection, 

tearing of the gastrointestinal tract, etc., might happen [13]. The commonly used CE enable 

diagnosis inside the esophagus, stomach, and duodenum [14]. However, the small bowel remains 

unseen [15]. The pains and problems with sedation caused by the conventional endoscope make 

patients quite reluctant to undergo the endoscopy.  

 

                                            (a)                                                                           (b) 

Figure 1.1 a) Human GI system1, b) conventional endoscopy probe 

 
1 https://www.jiahui.com/en/healthLibrary/153 
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Wireless capsule endoscopy (WCE) [16][17][18][19][20] has had a significant impact on the 

field of endoscopy. WCE is a powerful tool for monitoring the human GI tract in a single step, and 

it can significantly reduce the patient’s discomfort level [21]. Before introducing the WCE, 

examining the small intestine was impossible for gastroenterologists without performing a surgical 

operation. Soon this technology became a golden standard for diagnosing the GI tract [22]. A 

camera, transceiver unit, and a battery to support the device for 8 hours of operation are integrated 

into a pill-size electronic capsule. The capsule passes through the GI tract by peristalsis motion, 

shown in Figure 1.2(a). While traveling through the GI tract, the capsule takes images and sends 

information to a data logger unit attached to the patient's body wirelessly. The data logger records 

images and can transfer them to a personal computer (PC). Later, a doctor will review these images 

to diagnose the diseases. Patients are free to perform their daily tasks throughout the WCE process. 

Figure 1.2(b) depicts a sample image taken by WCE from the small bowel. Image processing 

algorithms are developed to assist doctors in examining the WCE images. Artificial intelligence 

(AI) can detect bleeding [23], polyps [24][25], tumors [26], and several other abnormalities [27] 

from the visual and texture properties of the images. 

 

(a)                                                                    (b) 

Figure 1.2 a) WCE2 a device, d) images were taken by the WCE device 

 

 
2 MAYO foundation for medical education and research 
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1.2 Motivation 

The key focus of this research is to propose a novel method to localize the capsule inside the GI 

tract. Providing position information and tagging the frames by location is a great advantage. The 

abnormality's location helps doctors determine a suitable treatment plan [28]. It is required at the 

time of surgery [29]. It is crucial to map the images into the GI tract so that doctors can track the 

abnormality's progress. Furthermore, capsules can be designed to deliver drugs [30] and release 

them on abnormality spots [31], [32]. The current WCE devices only provide images of the GI 

tract, and frames do not provide location information. Several research groups have focused on 

tracking the position and attitude of the WCE [33]–[37]. Several approaches have been proposed, 

including image processing, radio frequency, magnetic, ultrasound, medical and radiological 

imaging, etc. The mentioned methods do not consider the GI motion inside the body coordinate 

[38]. The GI relative motions cause positioning errors. Available localization methods need a 

bulky sensor array around the patient’s body to capture the data from the capsule. For magnetic 

and RF-based localization, the sensor array (antenna) acts as a stationary reference point to 

measure the relative distance between the capsule and the antenna. In this research, a novel method 

for WCE localization is proposed to distinguish between the capsule’s motion and relative motions 

of the GI tract. A complete prototype of the WCE device consisting of the electronic capsule, 

sensor belt, and workstation software is developed and tested on a pig intestine. 

1.3 Thesis objectives 

Several WCE localization methods have been proposed, some of which provide the precise 

location of the capsule during the WCE process but sacrifice the patients' convenience or require 

a particular facility and care during the process. On top of that, most of them reduce the positioning 

error when dealing with the GI involuntary and relative motion. This research aims to develop a 

localization algorithm to reduce the positioning error caused by GI relative motions. We have 

developed a prototype WCE system and validated the proposed method's performance with real-

world experiments. Considering the challenges faced by WCE localization, the following 

objectives are investigated for this research. 
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• To develop a method for localizing the WCE inside the body. 

• To develop a robust method, i.e., less affected by the involuntary and relative motions of 

the GI tract. 

• To develop a complete WCE localization system consisting of an electronic capsule, a data 

logger, or a sensor belt. 

• To develop a workstation software that can capture the data, conduct localization 

algorithms, and visualize the 3D tracking results for the user. 

• To validate the localization method for measuring various motions that a capsule 

experiences inside the GI tract. 

• To investigate the performance of the proposed localization algorithm in various scenarios.  

1.4 Thesis organization 

This thesis is structured into seven chapters. A brief description of each chapter is presented below. 

 Chapter 1: Introduction provides an overview of the endoscopy system, the motivation of the 

thesis, thesis organization, and research contribution. 

 Chapter 2: Research background presents the literature review of WCE localization methods. 

 Chapter 3: Localization using IMU and side wall camera (Method 1) proposes a novel method 

for localizing a capsule inside the GI tract. This method uses an IMU sensor and a side wall camera 

to distinguish the capsule's motion from the GI tract's relative motion. The capsule prototype and 

the experimental setup are discussed in this chapter. 

 Chapter 4: Results and discussion for Method 1 presents the results of experiments to evaluate 

the performance of the localization Method 1. 

 Chapter 5: Localization using magnet sensor and side wall camera – MagnetOFuse (Method 

2) proposes the second localization method to resolve the drifting issue of Method 1 while keeping 

the same positioning error. The capsule prototype, workstation software, and experimental setup 

are discussed in this chapter. 

 Chapter 6: Results and discussion for Method 2 presents the results of experiments to evaluate 

the performance of the localization Method 2. 
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 Chapter 7: Summary and conclusion provides a summary of this research and a list of 

publications generated from this research. 

1.5 Research contribution 

In this research, two localization methods for WCE are proposed. This research focuses on 

distinguishing the capsule's motion from the relative motion of the GI tract. This achieves by 

considering the unique properties of the GI system. At the time of writing this thesis, the 

commercial capsules [39]–[41] do not support localization. Only a rough estimation of the capsule 

trajectory is possible using RF localization. 

The first method uses an IMU sensor to measure the capsule heading vector and a side wall 

camera to capture the relative displacement. Then, a fusion algorithm combines the data to estimate 

the traveled trajectory. This method eliminates the need for a fixed, stationary sensor belt wrapped 

around the patient’s body. The contributions of Method 1 are: making use of an IMU sensor to 

calculate the heading vector, a tiny monochromic camera to measure the displacement in the GI 

lumen, and a fusion algorithm to combine all information and calculate the 3D traveled trajectory.  

Method 2 was developed based on magnetic localization and side wall camera fusion. This 

method requires a sensor belt attached to the patient's body. The proposed fusion method is robust 

to positioning errors caused by the relative motion of the capsule. A complete prototype of the 

WCE system is designed and implemented. This includes an electronic capsule with sensors, a 

datalogger or sensor belt to receive the information from the capsule, and workstation software to 

visualize the incoming data. The developed datalogger is portable and can be powered up using a 

power bank. Patients carry the datalogger throughout the process. The data logger has two options, 

either log the data in its internal memory or connect to a PC for real-time data transfer using a USB 

interface. The workstation software is connected to the datalogger to read and plot the information 

online on a screen. In addition, it can record the data and perform localization algorithms offline. 

Then, the workstation software plots a 3D track to show the estimated trajectory of the capsule. 

Finally, ex-vivo experiments of the localization methods have been performed using a pig's 

intestine, and several capsule motions have been captured to validate its performance. 

 A list of publications which are generated from this research during the program is presented 

in Appendix A. 
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Chapter 2 

Research background 

Given Imaging introduced the first commercial WCE in 2000 [41] and named it PillCam. Several 

WCEs are now available in the market, such as PillCam Crohn’s, PillCam SB2, and SB3. Other 

companies also commercialized their product, including Microcam and Olympus. However, they 

do not support precise localization. Several techniques have been developed for WCE localization, 

including image processing, radio frequency, magnetic, ultrasound, medical and radiological 

imaging, etc. In this section, a review of available methods, along with their advantages and 

limitations, is provided. 

2.1 Image-based localization 

Localization based on image processing techniques has been studied by several researchers [42]–

[44]. WCE sends the raw frames to a datalogger outside of the body. Hence, utilizing these frames 

to estimate the capsule's position would be a suitable method, as it does not require any extra 

equipment. A study by Turan et al.[45] have proposed a monocular visual odometry for capsule 

tracking. Their approach uses convolutional neural networks (CNNs) for feature extraction and 

recurrent neural networks (RNNs). The proposed deep learning network consists of three inception 

layers and two Long short-term memory (LSTM) layers concatenated sequentially. The inception 

layers imitate human beings' visual cortex and extract multi-level features. The last inception layer 

passes the feature representation into the RNN network. RNNs are suitable for modeling the 

dependencies of image sequences and creating a temporal motion model because they have a 

memory of hidden states over time. The current hidden state is a function of an arbitrary series of 

inputs. Due to the lack of sufficient annotated datasets, they have trained the system in an end-to-

end manner; hence, the network parameters do not need to be fine-tuned. The method is analyzed 

and evaluated on a real pig stomach dataset. Their results showed a 3% positioning error in a 1 m 

long trajectory. Koulaouzidis et al.[46] implemented generic visual odometry. Their proposed 

algorithm uses geometric features of each frame; hence, it does not require any prior information 

to tune its intrinsic parameters, and it can perform on various frameworks. Furthermore, they 

exploited color information to increase positioning accuracy. As shown in Figure 2.1, they have 

prepared an experimental test setup that includes a robotic arm, a bowel model, and a CE device. 
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The CE is attached to a robotic arm that moves the capsule in a predefined trajectory inside the 

bowel. They added color features to the bowel, as shown in Figure 2.1 (d). Hence, the capsule can 

analyze these features during its travel inside the bowel and reconstruct the cylindrical shape of 

the test experiment with details. They reported a mean absolute error of 4.1 ± 3.9 cm.   

 

Figure 2.1 a) Overview of experimental test setup for [46]. b) Setup view. c) Detail of assembled bowel model. d) 

Opened experimental bowel, showing simulated color features. e) capsule endoscopy fixed to the end of a straight 

plastic rod to enable movement through the model bowel lumen. f) Real-time CE viewer datalogger. 

Mackiewicz et al. [47] developed a feature vector that incorporates color, texture, and motion 

information of frames. They utilized multivariate Gaussian classifiers implemented within the 

framework of a hidden Markov model. Finally, they used color image analysis to automatically 

discriminate between the esophagus, stomach, small intestine, and colon tissue. Cunha et al. [48] 

utilized a combination of texture and color features with a support vector machine (SVM) for 

localization. Similarly, they used the median error for the esophagogastric junction, pylorus, and 

ileocecal valve. They reported 2, 287, and 1057 median frame errors, respectively. Vu et al.[49] 

utilized color features, principal component analysis (PCA), and a customized thresholding 
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approach for localization. The median error was used for the pylorus and ileocecal valve as a metric 

defined on the frame difference unit and achieved 105 and 319 median frame error, respectively. 

Marques et al.[50] made use of color features and SVM for the pylorus and ileocecal valve 

localization. They reported an overall accuracy of 85.2%. Shen et al. [51] used the scale-invariant 

feature transform for extracting local image features. The probabilistic latent semantic analysis 

model is used to localize the capsule in the esophagogastric junction, pylorus, and ileocecal valve. 

They reported 99.9%, 98.3%, and 94.7% accuracy, respectively. Bao et al. [52] extracted color 

intensity, motion, and texture features and used a kernel SVM to locate the pylorus and ileocecal 

valve. This method can map the low-dimensional feature vectors to a higher dimensional space in 

order to form a non-linear decision hyper-plane. Their results showed that the proposed method 

could achieve an accuracy of 92%. Bao et al.[53] tried to localize the capsule with the aim of speed 

estimation in video frames. The algorithm is tested under several capsule motion speeds, as shown 

in Table 2.1. The results showed that the average estimation error is 0.022 mm/s and 0.298 mm/s, 

while the capsule speed is 1 mm/s and 4 mm/s, respectively. They analyzed consecutive frames to 

calculate the spatial displacement and achieved an average of 93% accuracy for speed estimation 

and 2.49 cm error as localization error. 

Table 2.1 Average estimation error in video frames 

Average speed 

(mm/s) 

Number of detected feature 

points 

Average estimation 

error (mm/s) 

1 79 0.022 

… … … 

4 32 0.298 

10 NA NA 

 

 Dimas et al.[54] proposed a novel visual odometry approach based on multi-layer perceptron 

(MLP), which is applied to SIFT features. They estimated the WCE location according to anatomic 

landmarks and reported an error of 2.70 ± 1.62 cm.  The accuracy of an image processing-based 

algorithm is proportional to the image quality and framerate; meanwhile, the WCE has the low 

image quality and can take two to four frames per second. Above all, localization approaches based 

solely on visual information suffer from the accumulation of errors and deviation from the ground 

truth, as these methods have no recalibration or feedback process. 
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2.2 RF-based localization  

The WCE takes pictures and sends them by RF signals. As all necessary equipment for RF-based 

localization methods has already been installed in the capsule, this method became the primary 

research interest of scientists. Techniques such as Time of arrival (TOA), Direction of arrival 

(DoA), Received signal strength indicator (RSSI), Radio frequency identification (RFID)-based 

methods, and hybrid forms are investigated. Nafchi et al. [55] introduced an RF-based WCE 

localization method to track the capsule. They utilized an arrangement of the circular antenna array 

for receiving the RF signals. Then, with the aim of a Kalman filter, they filtered out all fluctuation 

in the received signal. Their proposed method has a positioning error of up to 10 mm. Figure 2.2 

shows an antenna array wrapped around the patient’s body to receive signals from WCE and 

perform localization. 

 

Figure 2.2 An antenna array wrapped around the patient’s body to receive signals from WCE and perform 

localization [55] 

In [56], authors proposed a method to estimate the location and orientation of an electronic 

capsule based on the DOA method by exploiting the Unscented Kalman filter. Hekimian-Williams 

et al. [57] analyzed signals reflecting from an RFID tag by software-defined radio. They 

successfully estimated the capsule's orientation with a positioning error of up to 0.02°–0.12°. Yi 

et al. [58] have developed an RFID reader consist of a 4×4 sensors array to detect the WCE signals 
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inside the stomach with a positioning error of about 65 mm. Chandra et al.[59] proposed a 

localization method based on the phase difference method. The proposed technique consists of an 

antenna array with N elements attached to the patient’s waist that can capture the received signal 

from the WCE inside the body. By analyzing the received signal information, the 2D and 3D 

localizations of the capsule can be determined. They have reported a positioning error of around 

5.4 mm. In studies [60]–[63], RSSI measurement and TOA are considered for WCE localization. 

A study by Khan et al.[64] have used a 3D human body representation model for TOA propagation 

and investigated the localization method based on TOA and Received Signal Strength (RSS) in 

three different GI organs to determine an optimum number of sensors and their arrangement. They 

achieved a mean positioning error of 50 mm. Xu and his team [65] adopted a multi-source fusion 

approach to estimate the capsule location. They have integrated TOA data with an Inertial 

measurement unit (IMU) sensor, using a Kalman filter and Chebyshev center-based optimization 

method. The distance information derived from the TOA algorithm and elliptical data from the 

IMU sensor concurrently feed to a fusion algorithm and efficiently improve localization accuracy 

and decrease drift error. Studies indicate that RF-based localization approaches for WCE are 

possible. However, higher positioning errors hindered its further progress. The RSSI-based 

localization methods depend on the frequency. At higher frequencies, the tracking process suffers 

from signal scattering and attenuation due to the loss in the human body's non-homogenous 

structure, such as tissues, muscles, blood, and bones.  

2.3 Magnetic-based localization  

Magnetic localization is considered a promising option for WCE localization [66] and has been 

investigated by several researchers till now [67]–[77]. Magnetic localization is known as a 

promising option for future ingestible capsule localization [66], [78]–[83]. Unlike RF signals, 

magnetic fields do not scatter by the unstructured environment of the GI. Researchers have 

developed tracking methods based on magnetic fields. They integrate a permanent magnet inside 

the capsule, and magnetic fields are measured by an array of magnetic sensors around the body. 

Then, an optimization algorithm is used to estimate the capsule location. Song and his team [84] 

have developed a magnetic localization based on differential signals. They used an array of 16 

sensors (HMC5883L), each separated by 4 cm distance in a planar sheet. As the sensors are near 

each other, the geomagnetic field can be considered the same. It uses Levenberg–Marquardt (LM) 

[85] algorithm to estimate the magnet location. This method achieved an average positioning error 
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of 5.2 mm and a mean orientation error of 6.6°. A similar work by Zeising et al. [86] was performed 

by placing the magnetic sensors on the surfaces of a box and achieved a better tracking result. 

Then, they utilized the same differential signal method to compute the magnet location. Their 

results showed positioning and orientation errors of 4 mm and 2°, respectively. However, the rigid 

sensor array box will limit the patient's activities. Moreover, the relative displacement of the box 

and the patient’s body could increase positioning error. Boroujeni et al.[87] utilized a new 

magnetic localization by considering the dynamic equations of the capsule's motion. They 

proposed a fusion method to combine this information using a Kalman filter. In addition, the fusion 

algorithm could estimate the position if the magnetic data are interrupted during localization. Their 

magnetic sensor array for experimental setup consists of 16 sensors. Their method achieved a 

positioning error of 1 mm. Shao et al. [88] proposed a method to reduce the drifting effect by 

introducing simultaneous geo-noise cancellation and adding two sensors on the patient's chest. 

Their proposed method obtained the initial position guess through the variance-based algorithm. 

Their proposed method achieved higher localization accuracy. Shao reported a positioning error 

of less than 10 mm and an average orientation error of 12°. They also investigated the effect of 

bio-tissue on the magnetic field. It showed that the non-ferromagnetic bio-tissues have a minor 

impact on the magnetic fields, so human tissues will not influence positioning accuracy. Figure 

2.3 shows the experimental setup they have prepared. Figure 2.3 (a) & (b) demonstrate the sensor 

array, which has four magnetic sensors on each face. Figure 2.3 (b) & (c) show a patient put on 

the sensor belt while an extra magnetic sensor is attached to its chest. This sensor measures the 

base magnetic flux of the environment, resulting from the earth’s magnetic field and other 

ferromagnetic material around the patient. Then, this value will be considered as a base offset for 

the method to compensate for the errors. Xu et al.[68] proposed an adaptive simultaneous magnetic 

actuation and localization for WCE by considering the tubular environment of the GI tract. Their 

algorithm automatically selects and activates an optimal subset of magnetic sensors during capsule 

movements. An improved multiple objects tracking [89] algorithm is used to estimate the position 

and orientation of the capsule in real time. They reported an average position error and orientation 

estimation of 4.3 mm and 5.4˚, respectively.  



12 
 

 

Figure 2.3 Magnetic-based localization experimental setup of [88]. 

Apart from the advantages of magnetic localization methods, they cannot distinguish between 

the WCE movements and the relative motion of GI inside the body. This affects localization 

accuracy and introduces errors.  

2.4 Other and hybrid localization methods 

Other methods such as Magnetic resonance imaging (MRI) [90], Computerized tomography (CT), 

ultrasound [91], X-ray [92], and gamma-ray techniques [93] or hybrid methods are investigated 

for WCE tracking. Although radiation-based methods such as MRI and X-ray offer a high level of 

accuracy, it is not feasible to perform those methods for long periods due to the risk of radiation 

exposure. Kalantar-Zadeh and his team [94] integrated oxygen, hydrogen, and carbon dioxide gas 

sensors into an electronic capsule to measure the GI gas concentration profile. Their results showed 

that oxygen concentration is at the highest in the stomach, then decreases as the capsule enters 

Jejunum and Ileum. Finally, the oxygen concentration is almost zero in the colon. Meanwhile, 

carbon dioxide percentage remains the same in the stomach, then increases in the small bowel. As 

stated above, the gas content of the GI system could be a potential parameter for localizing the 
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capsule. Figure 2.4 shows Gas profiles and their association with the capsule location. 

 

Figure 2.4 Gas profiles and their association with the capsule location [94] 

A research team [95] mounted an array of capacitive pressure sensors on the capsule's semi-

spherical head. The GI peristalsis motion induces pressure on the capsule. They analyzed this 

information and estimated the latitude and longitude of the capsule. 

The GI involuntary motion is non-predictable, and it leads to inaccurate localization. It is 

impossible to compensate for these motions with classical mathematics methods. GI relative 

motion can be modeled as a two-nested coordinate system in which one might freely move against 

the other. The first system is the array antenna surrounding the body, and the second is the small 

bowel. The small bowel may move according to an external coordinates system, while the GI organ 

may move or rotate within the body coordinates in a different direction. Hence, most localization 

techniques are not able to detect relative motion. 
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Chapter 3 

Localization using IMU and side wall camera (Method 1) 

3.1 Introduction 

The Human GI tract is a tubular pathway. Using this feature, we have developed a method for 

WCE localization. The primary focus of the proposed method is to localize the capsule inside the 

intestine, as CE could not reach out to this section of the GI system. We started this section with 

an example to shed some light on the method. A train is traveling in a tunnel, and a passenger 

inside the wagon has a compass and is looking toward the tunnel's wall. The compass gives the 

wagon's heading direction and points toward the direction of travel. In addition, that person, by 

looking toward the tunnel's wall, knows how far it has traveled. Similarly, we have proposed a 

system composed of an IMU sensor, side wall cameras, a processing unit, and a transceiver unit. 

The device's orientation comes from an IMU sensor, and side wall cameras measure the capsule's 

displacement. On top of that, a fusion algorithm is introduced to combine the orientation data and 

the displacement. Finally, the system can plot a traveled trajectory in a 3D space. 

3.2 Materials and methods 

3.2.1 Displacement measurement using Side wall camera 

Odometry originated from the Greek words "hodos metron,” which means measure travel. Visual 

odometry is a technology that measures displacement and orientation using a stream of images. 

The images contain enough meaningful information, such as color, texture, shape, etc., to estimate 

the movement of the scene. In principle, a camera captures images. Then the processing unit 

analyses them to measure optical flow and performs odometry algorithms to measure the 

displacements. However, image processing is typically computationally expensive, and it involves 

several steps, including 1) images acquisition, 2) feature extraction (edges, corners, lines, etc.), 3) 

frame matching to highlight the changes between adjacent frames, 4) position calculation by 

measuring the pixel displacement between frames. Figure 3.1 illustrates the working principle of 

visual odometry for WCE localization. Four cameras are placed at the side of the capsule, and they 

look toward the GI wall and take images. Then, the image processing unit conducts the 

displacement measurement algorithms. The GI tract is tubular, and peristalsis motions squeeze the 
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capsule. So, at least one side of the capsule touches the GI wall. Image processing-based algorithms 

are susceptible to environmental conditions, such as lightning, illumination changes, textures, 

image blurriness, presence of shadows [96]. A camera takes pictures, and an image processing 

algorithm calculates the displacement. The image processing can be performed outside or inside 

the capsule. Adding four cameras on the capsule's side and sending frames require huge power 

resources and transmission bandwidth. The second approach is to utilize an ASIC, which integrates 

a low-resolution camera and image processing unit inside the IC. Figure 3.1 shows the working 

principles of the motion estimation algorithm. ℎ is the fixed distance between the camera and the 

intestine's wall 𝜃 is the angular position of each pixel, and 𝐷⃗⃗  is a vector that shows the displacement 

of individual pixels compared to the previous frame. The displacement comes from four cameras 

located at the capsule's side wall. As a rule of thumb, at least one camera should stick to the 

intestine's wall. The camera takes pictures every 10 ms. Then, images are compared, and distinct 

points at each frame will be selected. Then, the algorithm looks for the same point at adjacent 

frames. The algorithm can calculate motion vectors for individual pixels (𝐷⃗⃗ 1, 𝐷⃗⃗ 2, …). Finally, it 

computes the average vector and finds the average displacement vector (𝐷⃗⃗ 𝑚). 

 

Figure 3.1. The side wall camera is placed toward the intestine wall and takes images. Then, it compares 

consequence frames and measures the displacement. 
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3.2.2 Inertial measurement unit 

An Inertial measurement unit, commonly known as an IMU, is an electronic device that measures 

and reports gravitational forces, angular velocity, and magnetic forces using accelerometers, 

gyroscopes, and magnetometers. The gyroscope measures angular velocity. In other words, the 

gyroscope reports how fast the device spins about an axis. Rotation about different axes is 

illustrated in Figure 3.2, which is named roll, pitch, and yaw.  

 

Figure 3.2. Rotation about different axes of the capsule. 

 

The gyroscope gives the rate of change of the angular position over time with a unit of (
deg

rees
), 

according to equation 3.1 [99]. 

𝜃̇ =
𝑑𝜃

𝑑𝑡
            (3.1) 

We integrate the angular velocity over time to derive the angular position. It can be 

mathematically shown as equation 3.2. 

𝑡ℎ𝑒 𝜃(𝑡) = ∫ 𝜃̇(𝑡)
𝑡

0

𝑑𝑡 ≈∑𝜃̇(𝑡)𝑇𝑠

𝑡

0

                (3.2) 

where Ts is the sampling time and represents the time interval between samples. The gyroscope 

data is reliable only in the short term and is susceptible to drift. Hence, accelerometer data is used 

to compensate for the gyroscope data. 

The accelerometer measures all forces that are working on the object and sends them as 𝐴𝑥 , 

𝐴𝑦, and 𝐴𝑧. To obtain the angular position with the accelerometer, we will determine the position 

of the earth's gravity vector, which is always visible on the accelerometer. This can be done by 
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using an atan function. In addition, the yaw is derived from a magnetometer, so a fusing algorithm 

is required to combine the sensors altogether.  

The IMU sensor and side wall cameras have different coordinate systems. The IMU's z-axis is 

placed along the front and back of the capsule, as depicted in Figure 3.2. The heading vector 

( ⃗ ℎ𝑒𝑎𝑑𝑖𝑛𝑔) shows the capsule's motion direction (IMU's z-axis) in a 3D space.  ⃗ ℎ𝑒𝑎𝑑𝑖𝑛𝑔 is defined 

based on the earth's gravity and north magnetic pole. 

The IMU sensor must be calibrated before use to compensate for the surrounding conditions 

and noises. The magnetometer should only perceive the earth's magnetic field to measure a correct 

orientation. The magnetic measurements will be subjected to two types of distortion - hard iron 

and soft iron distortions. Objects that produce a magnetic field cause hard iron distortion, which 

is a permanent bias in magnetometer output. Soft iron distortion, on the other hand, is caused by 

ferromagnetic objects and leads to deflections or alterations in the existing magnetic field. Bias 

terms are added to the raw data to cancel the hard iron effect. Meanwhile, correction factors in 

matrix format will neutralize the soft iron distortion according to equation 3.3 [100]. 

[

𝑀𝑥𝑐

𝑀𝑦𝑐

𝑀𝑧𝑐

] = [

𝑆11 𝑆12 𝑆13
𝑆21 𝑆22 𝑆23
𝑆31 𝑆32 𝑆33

] × [

𝑀𝑥

𝑀𝑦

𝑀𝑧

] + [

𝐵𝑥
𝐵𝑦
𝐵𝑧

]        (3.3) 

where 𝑀𝑥 , 𝑀𝑦, and 𝑀𝑧 are magnetic fields. 𝑀𝑥𝑐, 𝑀𝑦𝑐 and 𝑀𝑧𝑐 are calibrated magnetic fields. 

𝐵𝑥, 𝐵𝑦 and 𝐵𝑧  are the applied biases to compensate for the hard iron effect, and 𝑆𝑚𝑛 are correction 

factors to remove the soft iron distortion. 

3.2.3 Compute the heading vector 

Information captured by the accelerometer, gyroscope, and magnetometer will be fused using the 

Attitude heading reference system (AHRS) algorithm [101] to measure the 3D orientation of the 

capsule. This algorithm creates a model based on the IMU sensor's data, then it estimates the earth's 

gravity and measures the capsule's orientation with respect to the gravity vector. It uses a Kalman 

filter to update the orientation and remove the noises from the data. Kalman filters have 

demonstrated their usefulness in various applications. Kalman filtering is an algorithm that 

provides estimates of some unknown variables given the measurements observed over time and 

can minimize the variance of the estimation error. Figure 3.3 (a) demonstrates the IMU sensor 

fusing schematic described by Roetenberg et al.[102]. The accelerometer is designed based on 

MEMS technology and suffers from noises on its output. Hence, a filter is used to cancel the 
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noises. The Kalman filter is part of the fusion algorithm and fuses the IMU data to find the 

capsule's orientation. Figure 3.3(b) shows the 3D orientation result. The output provides an 

accurate orientation estimation. 

The next step toward capsule localization is fusing the orientation with displacement data. The 

capsule's orientation is derived via the IMU fusion algorithm, and the heading vector can be 

calculated using roll, pitch, and yaw angles according to equation 3.4. The heading vector should 

be normalized for further processing. By moving along the heading vector, we could compute the 

location in 3D space [101].  

 ⃗ ℎ𝑒𝑎𝑑𝑖𝑛𝑔 = (−cos (𝜓)sin (𝜑)sin (𝜃) − sin (𝜓)cos (𝜃) )𝑋̂ 

+(−sin(𝜓) sin(𝜑) sin(𝜃) + cos(𝜓) cos(𝜃))𝑌̂ 

+(𝑐𝑜𝑠(𝜑)𝑠𝑖𝑛(𝜃))𝑍̂       (3.4) 

 

where 𝜓 is yaw,  𝜑 pitch, and 𝜃 roll angles. The 𝑋̂, 𝑌,̂and 𝑍̂ are the unit vectors in a cartesian 

coordinate system. 

The side wall camera sensor provides the displacement along the heading vector. The 3D 

projection of the capsule's movement will be derived from equation 3.5.  

𝐷⃗⃗ = 𝐷mx.  ⃗ heading      (3.5) 

where 𝐷⃗⃗  shows the 3D displacement vector, and 𝐷mx is the 𝑋̂ component of the 𝐷⃗⃗ 𝑚. Finally, 

to get the 3D position, we have used the following equation: 

𝑃𝑡+1(𝑥, 𝑦, 𝑧) = 𝑃𝑡(𝑥, 𝑦, 𝑧) + 𝐷⃗⃗          (3.6) 

where 𝑃𝑡+1 is a new position and 𝑃𝑡  is the previous position. Thus, we can calculate the new 

position of the capsule from the last position. Finally, a 3D trajectory is generated.  

Since the capsule is confined in a tubular shape track and peristalsis motion pushes the capsule 

through the cylindric structure, it moves only along  ⃗ heading (IMU's z-axis, and not along the x or 

y direction). The capsule can move either forward or backward (± IMU's z-axis) depending on 

how it is entered into the small bowel. As shown in Figure 3.2(b), the red vector shows the  ⃗ heading, 

which points out the direction of the capsule. The algorithm ignores motions that are not along the 

 ⃗ heading. As a result, intestinal motions inside the body will not interfere with capsule tracking. 

An overview of the heading vector and fusion algorithm is depicted in Figure 3.2(c).  
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3.3 Hardware prototype 

The proposed capsule and its necessary components are provided in this section. 

3.3.1 Capsule architecture 

The block diagram of the capsule is shown in Figure 3.4. The microcontroller unit is a bridge 

between different parts of the system, and it controls all modules, including the IMU sensor, side 

wall cameras, and RF transceiver unit. The capsule is equipped with four cameras, one for each 

side; however, to make it easy for presentation, only two of them are depicted in the schematic. 

Side wall cameras have an Inter-integrated circuit (I2C) interface and need two pins for their 

communication. Serial data (SDA) pin is a line for the master and slave to send and receive data. 

The Serial clock (SCL) pin is used to carry the clock signal. They are shared between all modules. 

The RF transceiver unit uses UART communication protocol. This interface needs two pins, a TX 

pin to transmit and RX pin to receive the data. The IMU sensor is connected via a Serial peripheral 

 
 

(a) 

         
(b)                                                                                                 (c) 

Figure 3.3. (a) AHRS algorithm, which computes the orientation of the capsule using IMU sensor 

data, (b) 3D orientation result, and (c) overview of the fusion algorithm 
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interface (SPI) with three pins for communication. The Master output slave input (MOSI) pin sends 

the data from the microcontroller to the sensor. The Master input slave output (MISO) pin sends 

the data from the sensor to the microcontroller, and the Serial clock (SCK) pin shares the clock 

between devices. The capsule captures the data and sends them in a raw format to the data logger 

outside the body; therefore, it does not require any data processing inside the capsule, significantly 

reducing the design complexity. After receiving the data, a computer-based program is responsible 

for applying algorithms and calculating the 3D result. The final prototype is shown in Figure 3.5. 

The capsule size is 3.5 cm × 3.5 cm × 4 cm. 

 
Figure 3.4 Schematic overview of the capsule. The microcontroller unit is connected to the IMU, side 

wall cameras, and RF transceiver units. 

 

 

  

                          (a)                                            (b)                                            (c) 

Figure 3.5 Capsule prototype designed in the lab from different view angles 

 

 

 

 

IMU Sensor
Gyroscope, Accelerometer 

and Magnetometer

Side Wall Camera

Microcontroller

Battery

RF 
Transceiver

SPI

I2C

UART

ANT

Side Wall Camera

I2C



21 
 

3.3.2 Microcontroller unit 

A microcontroller (µC) is responsible for connecting all components to work as a system. 

Individual sensors are connected to the µC through specific protocols. For this project, 

ATmega32U4 is used as a processing unit. This µC has built-in I2C and SPI, making it easier for 

different applications. 

The µC reads all sensors and sends the raw data using a wireless link. The capsule reads 2 

Bytes from each side wall camera and 18 Bytes from the IMU sensor. Finally, the µC creates a 

frame of 28 Bytes with all data and headers, then sends them to a data logger outside the body. 

The µC only sends the frame when it detects a motion to reduce the transmission power. Figure 

3.6 shows the designed PCB for the microcontroller unit. 

 
                                    (a)                                                                              (b) 

Figure 3.6 a) PCB layout and its dimension b) pinout for microcontroller unit 

 

3.3.3 Side wall camera 

Visual odometry is a technology that measures the displacement using the optical flow of the scene. 

In principle, a camera captures the pictures and sends the frames out of the body for processing. 

Then an image processing algorithm calculates the displacement. However, adding four cameras 

on the capsule's side and sending frames require huge power resources and transmission 

bandwidth. While processing images inside the capsule adds complexity to the design. A motion 

measurement camera is an IC with a low-resolution camera with onboard Digital signal processing 

(DSP) unit to run the image processing algorithms and communication interface, all on a tiny 

silicon dye. Figure 3.7 illustrates the side wall camera. The actual size of this IC is 1 mm × 2 mm. 

The light-sensitive part is a Charged coupled device (CCD) camera with an 18×18 pixels sensor 
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array. A chip with part number YS8008B is selected for the design. This IC works with a 3 V 

power supply and has an I2C interface protocol. 

 

Figure 3.7 Optical motion measurement sensor (similar to the one used in computer optical mouse today), 

(a) Dual inline package IC, (b) Microscopic view, and (c) 18×18 pixels CMOS camera. 

The technology inside the side wall camera is similar to the one used in PC's optical mouse today. 

It consists of three essential components: motion sensor (monochromatic camera), optical lens, 

and lighting source. Figure 3.8 illustrates the camera and related optical system. The optical system 

consists of a prism and a focus lens. The prism guides the light source so that it lights up the camera 

view then the lens focuses the reflected light from the surface to the CCD. The light guider is 

positioned to receive the light rays from the right side and guides the beams with a correct angle 

to be emitted to the surface and reflected precisely to the CCD. In addition, a Light emitting diode 

(LED) with red color is selected to have the highest reflection rate in the GI tract. A magnifier 

(lens) is placed between the side wall camera and the surface. 

 

Figure 3.8 Side wall camera and its optical parts, including prism, light guider, and lens 



23 
 

 The lens magnifies the surface and makes it possible to see several small markers. The raw 

image has only 18×18 pixels of a macroscopics’ view of the surface. Hence, motion sensing 

depends on these tiny markers on GI walls. The processor inside the side wall camera is 

responsible for measuring the global motion vectors. The side wall camera takes pictures every 20 

ms, and by looking at the global motion of pixels frame to frame, it can detect the size and direction 

of movements. The side wall camera uses a separate light source to adjust the brightness. In 

addition, due to the configuration of side wall cameras around the capsule, at least one of them is 

always attached to the GI wall.  

3.3.4 RF transceiver unit 

At this stage of designing, we are not concerned about the capsule’s size, so we have hired a Lora 

RF module operating at 433 MHz. The Lora is configured on Transmitter/Receiver (TX/RX) mode 

to create a serial wireless bridge. The µC sends and receives data through the Universal 

asynchronous receiver-transmitter (UART) protocol. 

3.3.5 IMU sensor 

An Inertial measurement unit, commonly known as an IMU, is an electronic device that measures 

and reports orientation, velocity, and gravitational forces using accelerometers, gyroscopes, and 

magnetometers. The gyroscope measures angular velocity. In other words, the gyroscope says how 

fast the device is spinning about an axis. For this design, we have used a 9-axes IMU sensor with 

part number MPU-9250 and designed a PCB, as shown in Figure 3.9. 

 
Figure 3.9 IMU sensor board 
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3.4 Experimental setup 

A robotic arm with five axes of freedom is used for all experiments to have a precise ground truth 

for verification, as shown in Figure 3.10. The robotic arm is connected to a PC using RS485 cable. 

All information receives through a serial communication port from the PC. The robotic arm is 

programmed using GCODEs to simulate the capsule's motions inside the GI tract, including 

peristalsis, involuntary, and random movements across different trajectories. Hence, the ground 

truth is defined and can be used to compare with the estimated trajectory. The robotic arm has five 

axes of freedom, making it a suitable testbed for all experiments. The robotic arm has a grabber to 

pick up the capsule. The grabber is made of a non-ferromagnetic material and does not interfere 

with magnetic fields. So, the magnetometer inside the IMU sensor will measure the earth's 

magnetic fields without distortion. The test surface is placed on a tray, and the robotic arm moves 

the capsule on the test surface.  

 

Figure 3.10 A 5 axes robotic arm experimental setup for Method 1, and a PC to control the arm 

 

Figure 3.11 shows more details on the test setup. The surface material is another important 

factor and should be similar to the human intestine. A piece of pig intestine is selected and cut so 

the internal surface of the intestine is exposed. Figure 3.11 (d) illustrates the pig intestine. 

 

Axis 1
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                                                (a)                                                                   (b) 

          
                                                (c)                                                                   (d) 

Figure 3.11. a & b) Robotic arm for the experimental setup, c) grabber holds the capsule, and d) porcine 

intestine as the test surface 

One of the significant challenges in wireless communication is the possibility of data 

corruption during transmission and reception. The transceiver unit has a built-in capability of 

cyclic redundancy check (CRC)-based error detection and replies with an acknowledgment (i.e., 

it resends the data packet until it is successfully received), which makes it a reliable choice. 

However, several retries may hamper the data transmission rate in a noisy environment. To verify 

the performance of our prototype, we performed two additional experiments using an equivalent 

liquid phantom and minced meat, as shown in Figure 3.12. Since the transceiver module has a 

CRC functionality (i.e., detects error bits automatically), it is impossible to measure the exact BER 

(Bit error rate, the ratio of the number of bits received in error to the total number of bits received) 

in this experiment. However, considering the loss of the entire packet, we implemented test cases 

to measure the number of bytes lost per test case. The prototype was placed in a liquid phantom 

and then in minced meat of 4 pounds, as shown in Figure 3.12. The liquid phantom was made of 
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distilled water, methanol, and sodium chloride to mimic human GI fluids [103], [104]. The 

chamber size of liquid phantom and minced meat were: 40 cm × 30 cm × 16.5 cm (Length × Width 

× Height) and 26 cm × 17cm × 7cm (Length × Width × Height), respectively. The capsule was 

placed in the middle of the chamber in all test cases. The distance between the capsule and the data 

logger varied gradually from 0.3 m to 10 m. 

 
                                                (a)                                                                             (b) 

Figure 3.12 Experimental setup to test the transmission rate of the capsule in (a) liquid phantom and (b) 

minced meat 

3.5 Data structure 

Figure 3.13 shows the raw recorded data in excel format. As illustrated, each file consists of 13 

columns. From left to right, columns A and B present the internal timer, and the algorithm uses 

this information for synchronization. Columns C and D present displacement in the y and x-axis, 

respectively. As mentioned earlier, the capsule can only move in the x direction due to the GI 

tract's tubular shape. Hence, the algorithm ignores the y displacements. Columns E, F, and G are 

accelerometer data for the x, y, and z axes, respectively. H, I, and J columns are the gyroscope 

data. Finally, K, L, and M columns present data for the magnetometer. 
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Figure 3.13 Raw data received from the capsule and stored in an excel file 
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Chapter 4 

Results and discussion for Method 1 

4.1 Surface pattern 

The surface pattern is one of the critical properties that can influence the side wall camera 

performance. As depicted in Figure 4.1 (a), some basic patterns are prepared and printed on a sheet 

to understand the behavior of the side wall camera on various surface patterns. Patterns are 

expanded on horizontal columns and printed on a white sheet. The side wall camera is placed on 

these patterns, and the robotic arm moves the capsule on a predefined trajectory. The results 

showed that the YS8008B could measure the displacement in all patterns except parallel patterns. 

Furthermore, the sensor's sensitivity and lens' focal length are important properties. In the real-

world scenario, the capsule is placed on intestine tissues. Our experiments are extended to explore 

the side wall camera performance on colored patterns, as shown in Figure 4.1 (b).  

 

The next objective is to see whether the camera can track the motion on a soft surface (like 

animal skin or meat). The surface's material defines the optical reflection properties of that surface. 

Several materials are selected, such as porcine intestine, ground meat, and human skin. The capsule 

is equipped with four side wall cameras. Hence, at least one of them is attached to the surface, and 

it can measure displacements. The initial experiment shows that the side wall camera can measure 

the traveled distance on soft surfaces like the porcine intestine. 

Figure 4.2 shows that the surface consists of several tiny patterns visible under a magnifier, 

and the side wall camera captures these tiny patterns. The image processing unit tracks these 

 
               (a)                                                                                                (b) 

Figure 4.1. (a) Basic patterns, (b) colored patterns that are printed on a sheet 
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patterns and calculates the global motion. The side wall camera reports the displacement toward 

its x and y-axis. 

       

          
Figure 4.2. A surface consists of several tiny patterns visible under a magnifier, and the side wall camera 

captures these tiny patterns 

4.2 1D tracking 

This experiment is designed to evaluate the accuracy of the side wall camera for distance 

measurements. A robotic arm moves the capsule toward the x direction, and the side wall camera 

measures the distances. Figure 4.3 presents the 1D tracking data, in which Figure 4.3(a) is the raw 

data from the side wall camera. The slope of the traveled distance plot indicates the velocity. Figure 

4.3(b) illustrates the IMU data and shows minimal changes in gyroscope and magnetometer 

outputs, which means that the heading vector was not changed. Figure 4.3(c) is the output of our 

fusion algorithm (estimated trajectory). 

 
Figure 4.3. Results of 1D tracking, in which a) shows the cumulative displacement captured by side wall 

camera, b) IMU sensor data, and c) estimated 3D trajectory by Method 1 
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Information form 
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Slop shows the velocity. Moving at constant speed1D motion, moving the capsule at x direction. 1D movement does not include rotation. Hence, gyroscope and 
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Figure 4.4 illustrates another experiment to evaluate the motion sensors' accuracy. In this 

experiment, the capsule traveled 15, 30, and 60 cm in a straight line. Each experiment was repeated 

three times. Figure 4.4 (a) shows that positioning errors are 3%, 3.1%, and 3.71% for 15, 30, and 

60 cm displacements, respectively. Figure 4.4 (b) illustrates the positioning error. It is shown that 

the positioning error will increase as the capsule moves farther due to the accumulation of errors 

caused by the side wall camera. 

 

                                           (a)                                                                                       (b) 

Figure 4.4. (a) Estimated distance captured by side wall camera for 15, 30, and 60 cm. (b) positioning 

error of various path lengths. 

4.3 Leap and peristalsis motions 

Leap and peristalsis motions are two common motions inside the GI system. Leap motion consists 

of a series of fast and small movements. This experiment is performed to understand whether the 

side wall camera can detect surge motions. The side wall camera captures images at every 

sampling time (Ts). So, the frame rate plays a key role. The YS8008B measures the displacement 

between two samples and sends the information to the host. Hence, Ts limits the maximum speeds. 

Shorter Ts makes the buffer overflow and misses the displacement; as a result, the positioning error 

will increase. On the other hand, longer Ts leads to higher drift error. The capsule is moved at 0.5 

cm/s, 2 cm/s, 5 cm/s, and 7 cm/s as depicted in Figure 4.5. The results show that the side wall 

camera can successfully track velocity up to 7 cm/s.  

Test 1
Test 2
Test 3

Max error 
±3.71%

Max error 
±3.10%

Max error 
±3.00%

60+2.50 cm
60+1.75 cm
60-3.45 cm
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Figure 4.5. Leap motion analysis while the capsule is moving at different speeds. 

In another experiment, the peristalsis motion is investigated. Peristalsis motion is an involuntary 

contraction and relaxation of muscles that push the foods ahead of the wave. The muscle's 

contraction behind the food keeps it from moving backward. Then longitudinal contraction pushes 

the capsule forward. Commonly, peristaltic waves exist in the small intestine at irregular intervals 

and travel for different distances. Tracking an object under peristalsis motion could be difficult 

since the object might go forward and slightly backward.  

In this experiment, the robotic arm moves forward and backward in the x direction to simulate 

the GI peristalsis motion. Figure 4.6 illustrates a peristalsis motion. Figure 4.6(c) shows the 

estimated 3D trajectory. The results show a relationship between the direction of travel and 

acceleration, as shown in Figure 4.6(b). The blue and yellow plots show accelerations across the 

x and z axes. The acceleration is visible only in the heading vector direction. 

The peristalsis motion’s sequence includes: 

1) Forward motion  

i. constant speed (velocity: +, acceleration: 0) 

2) Backward motion 

i. slow down until complete stop (velocity: +, acceleration: -) 

ii. speed up at opposite direction (velocity: -, acceleration: +) 

3) Forward motion  

i. slow down until complete stop (velocity: -, acceleration: -) 

ii. speed up at opposite direction (velocity: +, acceleration: +) 
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This sequence is depicted in Figure 4.6. The size of acceleration depends on the rate of velocity 

changes. 

 

Figure 4.6. Peristalsis motion analysis. The capsule is pushed forward. Then slightly, it is pushed 

backward. 

Figure 4.7(a) shows how peristalsis motion works. Due to the contraction of muscles, we could 

ensure that side wall cameras will stick to the GI wall. The experiments are performed in Two-

Dimensional (2D) space to monitor the side wall camera behaviors in such movement. Figure 

4.7(b) illustrates the effect of peristalsis motion in the experiment. The capsule travels on a 15 cm 

path, and it moves forward and backward several times during the path. The results show that the 

error in the estimated distance is around 7.4%. 

     

                                        (a)                                                                      (b) 

Figure 4.7. (a) Peristalsis motion, contraction, and relaxation of muscles which leads to pushing food 

ahead of the wave, (b) experiment results. 
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4.4 Relative motion 

In relative motion, the capsule remains stationary with respect to the GI tract, but it moves with 

respect to the body coordinate. The capsule is placed inside the intestine, and the side wall camera 

will not detect any motion during relative motion (Figure 4.8 (a)). However, the relative motion 

changes IMU data (Figure 4.8 (b)). Based on the proposed Method 1, if the displacement is zero, 

the 3D trajectory shows a single point with no motion (Figure 4.8 (c)). The results show that 

Method 1 can reject the relative motion of the GI tract and only consider the actual motion of the 

capsule inside the intestine. 

 

Figure 4.8. Results of Involuntary motion analysis. The side wall camera does not show any motion, as 

the capsule is stationary with respect to the GI tract. 

4.5 3D tracking 

A robotic arm moves the capsule based on a predefined trajectory (ground truth). Several tracks 

are examined, but only three of them are shown in Figure 4.9. Then, the proposed algorithm fuses 

the side wall camera and IMU sensor information to estimate the 3D trajectory. For the sake of 

explanation, the recorded data from the trajectory of Figure 4.9 (a) will be described. 
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Figure 4.9. A piece of porcine intestine for the test surface 

 

As illustrated in Figure 4.10, the trajectory is divided into three sections, 1) moving with 

constant speed at  ℎ𝑒𝑎𝑑𝑖𝑛𝑔(1), 2) 90-degree rotation, 3) moving with constant speed at  ℎ𝑒𝑎𝑑𝑖𝑛𝑔(2). 

As shown in Figure 4.10(a), during (1) and (3), the side wall camera detects motions, but during 

(2), it does not show any motion. Instead, IMU data shows rotation during this time. 

 

Figure 4.10. Results of 3D tracking analysis of L shape motion. 

 

Several experiments are shown in Figure 4.11. For each experiment, three plots are reported, 

(a) Cumulative displacement data from the side wall camera, which is denoted as traveled distance, 

(b) Raw data from the IMU sensor, and (c) The 3D traveled trajectory. In this plot, the dashed line 

shows the ground truth, and the blue line indicates the estimated trajectory from the proposed 

algorithm. According to the results, the proposed method could estimate the position with 7.4% 

accuracy.  
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The side wall cameras should touch the GI wall; otherwise, it does not measure the 

displacement correctly. In the stomach, the side wall camera will not touch the surface, which may 

result in positioning errors.  

 
(a) 

 

 
 (b)  

 

 
(c) 
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(d) 

 

 
(e) 

 

 
(f) 

Figure 4.11. 3D tracking for several trajectories is reported, including traveled distance, IMU data, and 

computed trajectory. 
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4.6 Validation experiment 

This experiment aims to examine the feasibility of tracking inside the intestine. Figure 4.12 shows 

the test setup for validation experiments. The capsule was manually inserted into the porcine 

intestine and pushed through it. Since it is an in-vitro experiment, the ground truth is measured by 

hand. The results show that the capsule can enter the pig’s intestine. 

 
                                  (a)                                                  (b)                                                 (c) 

Figure 4.12. Test setup with the porcine intestine. The capsule is placed inside the pig intestine 

4.7 Pseudo-body effect 

In a real-world scenario, the capsule enters the digestive system, and human tissues, bones, etc., 

surround it. Hence, it is important to investigate the effect of the body on the localization method. 

The capsule is placed at a pseudo-body setup for this experiment, as illustrated in Figure. 4.13, 

then the capsule starts to send the data out. 

 
 (a)                                                                              

 
(b) 

Figure 4.13 Measurement setup to test the transmission rate of the proposed capsule in (a) liquid phantom 

(b) minced meat 
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 All data were transmitted to the data logger with no loss when the distance between the data 

logger and the capsule in the liquid phantom was up to 5 m. When the distance increased to 10 m, 

we noticed the loss of data packets, and the transmission rate was 90%. In another test case, the 

capsule was placed in minced meat. Like before, when the distance between the capsule and the 

data logger was varied up to 5 m, no loss of data packets was observed. However, when the 

distance increased to 10 m, we noticed that the transmission rate was affected by 80%. Since the 

data logger is wearable and generally worn around the waist in practice, the distance between a 

swallowed capsule and the data logger is generally about 0.3 m [105]. Therefore, we expect our 

prototype to work with no loss of data during communication. 

Table 4.1: Transmission performance of the capsule 
 

Experiment 

Distance between 

capsule and data 

logger (m) 

Transmitted 

bytes 

Received 

bytes 

Percentage of 

transmitted data 

(%) 

Liquid phantom 

0.3 20 20 100 

3 20 20 100 

5 20 20 100 

10 20 18 90 

Minced meat 

0.3 20 20 100 

3 20 20 100 

5 20 20 100 

10 20 16 80 

 

4.8 Extra experiments 

Several experiments have been performed, and their estimated trajectories are depicted below 

in Figure 4.14. The blue line shows the estimated trajectory, and the black dashed line is the ground 

truth. The results show that the proposed method can track the capsule, but it has some limitations. 

First, due to the accumulation of errors from the side wall camera, the tracking method tends to 

drift in position over time. Second, this method cannot track the sharp edges. In a 90-degree 

rotation, the robotic arm rotates the capsule; however, during this motion, the side wall camera 

still measures displacement along its x axis, resulting in a curve edge. It should be noted that sharp 

edge movements do not occur due to the characteristics of the GI path. 



39 
 

 

Figure 4.14 The estimated trajectories for some of the experiments 
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4.9 Power consumption 

Due to the small size of the capsule, there is limited space remaining for batteries, and it must 

power up the device throughout the process, which takes around 8 hours. In this section, the power 

consumption of the capsule is investigated. Table 4.2 presents the device's operating voltage and 

current in active mode at 3.3 V. To work properly for 8 hours, the capsule needs a battery with a 

94 mAh capacity. However, integrating all the required components in an integrated chip (IC) will 

lower the power consumption significantly.  

Table 4.2. Power consumption of the capsule prototype 

Component Current (mA) Power Consumption (mW) 

MPU9250 1.84 6.07 

ATmega32 1.23 4.06 

Red LED 1.28 4.22 

Lora 5.25 17.32 

 Motion sensor 2.10 6.93 

Total 11.70 38.61 
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Chapter 5 

Localization using magnet senor and side wall camera (Method 2) 

5.1 Introduction 

In Method 1, the side wall camera can distinguish between the capsule's motion and the relative 

motion of the GI tract. However, side wall cameras' errors will accumulate, so the estimated track 

tends to deviate from its ground truth, worsening over time. Furthermore, there is no global 

positioning defined in Method 1 to recalibrate the capsule's position. In Method 2, a magnetic 

localization is added to the capsule to recalibrate the capsule's position and compensate for the side 

wall camera's errors. Magnetic localization is considered a promising option for WCE localization 

[66] and has been investigated by several researchers till now. However, this method has 

deficiencies that could be overcome by a hybrid method proposed in this chapter. The primary 

focus of the Method 2 is to localize the capsule inside the intestine, as CE could not reach out to 

this section of the GI system. The capsule is integrated with a tiny permanent magnet and a 

magnetometer sensor array wrapped around the patient's body to measure the magnetic field and 

estimate the capsule's global position. In addition, the magnetic moment vector (𝐻⃗⃗ ) will be 

calculated simultaneously. The magnetic moment shows the capsule's direction of travel while side 

wall cameras [38] distinguish the capsule's motion from the GI tract's relative motion. 

5.2 Materials and methods 

5.2.1 Magnetic localization 

Magnetic localization has two main elements: a small magnet integrated inside the capsule and a 

sensor array (sensor belt) placed on the patient's body. The sensor belt is an array of magnetometer 

sensors that can measure the magnetic field in three axes. Figure 5.1 shows an overall view of this 

method. Equation (5.1) represents the magnetic field [84]: 

𝐵𝑖 = ∇ × (
𝜇𝑟𝜇0𝑀𝑇

4𝜋𝑟𝑖
2 .

𝐻⃗⃗ × 𝑃⃗ 𝑖
𝑟𝑖

) 

𝐵𝑖 =
𝜇𝑟𝜇0𝑀𝑇

4𝜋
(
3(𝐻⃗⃗ .𝑃⃗ 𝑖)𝑃⃗ 𝑖

𝑟𝑖
5 −

𝐻⃗⃗ 

𝑟𝑖
3)  

𝐵𝑇 (
3(𝐻⃗⃗ .𝑃⃗ 𝑖)𝑃⃗ 𝑖

𝑟𝑖
5 −

𝐻⃗⃗ 

𝑟𝑖
3) = [𝐵𝑖𝑥, 𝐵𝑖𝑦, 𝐵𝑖𝑧]

𝑇
         (5.1)      
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Figure 5.1 An overview of the magnetic localization method. A small magnet is integrated into the 

capsule, and an array of magnetometer sensors is provided to capture the magnetic fields. 

 

which, 𝐵𝑖 is the magnetic field at the 𝑖𝑡ℎ sensor, and [𝐵𝑖𝑥, 𝐵𝑖𝑦,  𝐵𝑖𝑧]
𝑇
 presents its matrix form. 

𝜇𝑟 is relative permeability, 𝜇0 is permeability in a vacuum, and 𝑀𝑇 is a constant based on the 

magnet. 𝐻⃗⃗  is the magnet moment unit vector. 𝑃⃗ 𝑖 is a vector span from the magnet to the 𝑖𝑡ℎ sensor 

with the norm of 𝑟𝑖. The 
𝜇𝑟𝜇0𝑀𝑇

4𝜋
 is abbreviated to 𝐵𝑇 for further simplification. According to 

equation (5.2), the 𝐻⃗⃗  is shown in matrix format and consists of three elements m, n, and p. The 

magnet coordinates are [𝑎, 𝑏, 𝑐]𝑇, and 𝑡ℎ𝑒 𝑖𝑡ℎ sensor is placed at [𝑡ℎ𝑒 𝑥𝑖 , 𝑦𝑖,  𝑎𝑛𝑑 𝑧𝑖]
𝑇 coordinates.  

 

                   

{
 
 

 
 𝐻 = [𝑚, 𝑛, 𝑝]𝑇

𝑠. 𝑡.  𝑚2 + 𝑛2 + 𝑝2 = 1

𝑃𝑖 = [𝑥𝑖 − 𝑎, 𝑦𝑖 − 𝑏, 𝑧𝑖 − 𝑐]𝑇

𝑟𝑖 = ‖𝑃𝑖‖ = √(𝑥𝑖 − 𝑎)2 + (𝑦𝑖 − 𝑏)2 + (𝑧𝑖 − 𝑐)2

        (5.2) 

x

y

z

Magnetic moment direction

Sensori coordinate

Magnet coordinate Magnet to sensori vector

Sidewall camera
Displacement across H vector
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By combining equation (5.2) with equation (5.1), we have equation (5.3). 

𝐵ix = 𝐵𝑇 {
3[𝑚(𝑥𝑖 − 𝑎) + 𝑛(𝑦𝑖 − 𝑏) + 𝑝(𝑧𝑖 − 𝑐)](𝑥𝑖 − 𝑎)

𝑟𝑖
5 −

𝑚

𝑟𝑖
3} 

𝐵iy = 𝐵𝑇 {
3[𝑚(𝑥𝑖 − 𝑎) + 𝑛(𝑦𝑖 − 𝑏) + 𝑝(𝑧𝑖 − 𝑐)](𝑦𝑖 − 𝑏)

𝑟𝑖
5 −

𝑛

𝑟𝑖
3} 

                                      𝐵iz = 𝐵𝑇 {
3[𝑚(𝑥𝑖 − 𝑎) + 𝑛(𝑦𝑖 − 𝑏) + 𝑝(𝑧𝑖 − 𝑐)](𝑧𝑖 − 𝑐)

𝑟𝑖
5 −

𝑝

𝑟𝑖
3}          (5.3) 

Hence, a set of six parameters ([𝑎, 𝑏, 𝑐]𝑇 and [𝑥𝑖, 𝑦𝑖,  𝑧𝑖]
𝑇) is unknown in each sensor. 𝐵im is 

the measured magnetic field by an 𝑖𝑡ℎ sensor which is a superposition of 𝐵𝑖, earth magnetic field 

(𝐵ig), noises (𝐵𝑛𝑜𝑖𝑠𝑒), and differential magnetic caused by the dipole (∆𝐵𝑑𝑖𝑝𝑜𝑙𝑒) as equation (5.4) 

shows [84]. 

𝐵𝑖𝑚 = 𝐵𝑖 + 𝐵𝑖𝑔 + 𝐵𝑛𝑜𝑖𝑠𝑒 + ∆𝐵𝑑𝑖𝑝𝑜𝑙𝑒   (5.4) 

The ∆𝐵𝑑𝑖𝑝𝑜𝑙𝑒 is usually tiny, and 𝐵𝑛𝑜𝑖𝑠𝑒 can be ignored. To remove the effect of the earth's 

magnetic field, every binary combination of ith and jth sensor measurement will be subtracted. This 

mathematically can be presented as equation (5.5). 

𝐵𝑖𝑚 − 𝐵𝑗𝑚 = 𝐵𝑖 − 𝐵𝑗 + 𝐵𝑖𝑔 − 𝐵𝑗𝑔   (5.5) 

The earth's magnetic field will be the same for adjacent sensors. Hence, the result would be 

equation (5.6).  

𝐵𝑖𝑔 = 𝐵𝑗𝑔 

𝐵𝑖𝑚 − 𝐵𝑗𝑚 = 𝐵𝑖 − 𝐵𝑗 

                                                                   ∆𝐵𝑖𝑗𝑚 = ∆𝐵𝑖𝑗                  (5.6) 

The matrix form equation (5.6) can be represented as equation (5.7). 

[

𝐵𝑖𝑚𝑥 − 𝐵𝑗𝑚𝑥
𝐵𝑖𝑚𝑦 − 𝐵𝑗𝑚𝑦
𝐵𝑖𝑚𝑧 − 𝐵𝑗𝑚𝑧

] = [

𝐵𝑖𝑥 − 𝐵𝑗𝑥
𝐵𝑖𝑦 − 𝐵𝑗𝑦
𝐵𝑖𝑧 − 𝐵𝑗𝑧

]           (5.7) 

The error between the differential signal of measured data and theoretical measurement can 

be written as equation (5.8). 
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𝐸𝑙ij = ‖∆𝐵ijm − ∆𝐵ij‖
2
         (5.8) 

where, 𝐸𝑙ij  is the error of differential signals. Finally, the total error would be equation (5.8). 

A particle swarm optimization (PSO) [106] algorithm minimizes the total error. Consequently, the 

magnet location [𝑎, 𝑏, 𝑐]𝑇and magnet moment [𝑚, 𝑛, 𝑝]𝑇 will be driven. 

𝐸𝐿 = ∑ 𝐸𝑙ij𝑖,𝑗          (5.9) 

Two types of distortion may influence magnetic sensors - hard iron and soft iron distortions. 

Hard iron distortion is created by materials that produce magnetic fields. This distortion applies a 

constant additive field to the magnetic sensor output. Hence, a bias should be added to the 

measured data to cancel that. Soft iron distortion is caused by ferromagnetic materials, leading to 

deflections and magnetic field alterations. A correction matrix should be used to compensate for 

that. The calibration formula is expressed mathematically in equation 5.10 [100]. 

[

𝐵𝑐𝑥
𝐵𝑐𝑦
𝐵𝑐𝑧

] = [

𝑆11 𝑆12 𝑆13
𝑆21 𝑆22 𝑆23
𝑆31 𝑆32 𝑆33

] × [

𝐵mx
𝐵my
𝐵mz

] + [

𝑏𝑥
𝑏𝑦
𝑏𝑧

]        (5.10) 

where, 𝐵cx, 𝐵cy, and 𝐵cz are calibrated magnetic fields. 𝐵mx, 𝐵my, and 𝐵mz measure magnetic 

fields from a magnetic sensor. 𝑏𝑥, 𝑏𝑦, and 𝑏𝑧  are biasing matrix elements to cancel the hard iron 

effect, and 𝑆mn is correction matrix elements to eliminate the soft iron distortion. 

5.2.2 Side wall camera 

The GI system uses a mechanism known as peristalsis motion to push food ahead of its track. It 

contracts and relaxes muscles around the food in a wave pattern to push the food through its 

cylindrical structure. A method is developed to localize the capsule using a side wall camera. A 

miniaturized monochromic camera is integrated into the capsule's side and uses odometry 

techniques to measure displacement. As shown in Figure 5.2 (a), when the capsule enters the GI, 

the muscles are contracted and continuously surround it. Hence, the side wall camera touches the 

GI wall, and its on-die image processing unit uses an odometry algorithm to measure 

displacements in adjacent frames, then sends the data out. The capsule is confined by the GI wall 

and can only move forward or backward through this tubular track, which shows the direction of 

travel in Figure 5.2 (a). The side wall camera will measure both x and y displacement. However, 
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only displacement in the x-axis will be considered and presented by (𝐷mx), as mentioned in chapter 

3. Because the direction of travel is the same as 𝐻⃗⃗ . Peristalsis's motion pushes the capsule forward 

and slightly backward. As a result, positive values from the side wall camera indicate displacement 

along the 𝐻⃗⃗ , and negative values show backward displacement with the direction of 𝐻⃗⃗ . 

The displacement vector in 3D (𝐷⃗⃗ ) is expressed in equation (5.11). 

𝐷⃗⃗ = 𝐷mx. 𝐻⃗⃗       (5.11) 

Then, to calculate the next location (𝑃𝑡+1), the current location (𝑃𝑡) adds on to 𝐷⃗⃗ , as shown in 

equation (5.12). 

𝑃𝑡+1(𝑥, 𝑦, 𝑧) = 𝑃𝑡(𝑥, 𝑦, 𝑧) + 𝐷⃗⃗          (5.12) 

For the next iteration, 𝑃𝑡 will be stored, and it changes to 𝑃𝑡+1 to keep updating the loop for the 

next location. Finally, all locations will be plotted for the estimated 3D trajectory. Figure 5.2(b) 

illustrates a schematic view of the human GI tract and capsule moving inside the intestine. The 𝐻⃗⃗  

is always toward the capsule's motion, and at the same time, displacement information is derived 

from the side wall camera. 
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(a) 

 

 

(b) 

Figure 5.2 a) Peristalsis motion and side wall camera displacement measurement, b) Human gut and 

capsule moving inside it. 

5.2.3 Fusion Algorithm 

The positioning information comes from two different sources: magnetic localization and side wall 

camera. The environment and magnetometer sensors' noises lead to a jittery estimated position. 

Peristalsis motion Capsule

GI track
Direction of travel

GI’s wall pushes the food. At least 
one side of the cameras attached 
to the wall.

Camera

Lens

Intestine wall

Side wall camera under the microscope

Current location

Displacement measured 
by side wall camera

Next location

Direction of travel same as magnet 

moment ( ), which calculated by 
magnetic localization.
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However, as magnetic localization measures the absolute position of the capsule from the sensors, 

the time parameter does not affect the positioning error. Hence, magnetic localization is reliable 

for extended tracking, which means this method is robust against drifting error but has lower 

accuracy in the short term. Also, the relative motion of the GI tract has a negative effect on 

localizing the capsule. Meanwhile, the side wall camera has higher accuracy in the short term, and 

it can distinguish between the capsule's motion and involuntary motion of the GI tract, but it is 

susceptible to accumulation of error. A complementary filter with a dynamic mixture coefficient 

(α) is used to fuse two localization methods. The location derived from magnetic localization is 

multiplied by 𝛼 factor, and the estimated location from the side wall camera is multiplied by the 

(𝛼 − 1) factor. The 𝐷⃗⃗  coming from side wall camera localization is fed to the dynamic coefficient 

controller, and based on the length of this vector which represents the velocity of displacements, 

α is adjusted from 0.001 to 0.200. Figure 5.3 shows the fusion algorithm with the dynamic 

coefficient controller. 

 

Figure 5.3 Fusion algorithm to mix magnetic and side wall camera localization methods. 
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5.3 Hardware prototype 

5.3.1 Capsule architecture 

The capsule consists of a magnet, side wall cameras, a microcontroller (µC), an RF transceiver, 

and power supply units, as shown in Figure 5.4. In the following sections, we will elaborate on 

each part. PCBs are designed so each unit will connect to the other using appropriate connectors. 

 
Figure 5.4 Capsule prototype for Method 2 

5.3.2 Microcontroller unit 

ATmega32U4 is selected for the µC unit due to its smaller footprint. It is connected to the side 

wall camera using I2C protocol and reads x and y displacements. Then, it sends the data by a 

wireless link to the sensor belt outside the body. To reduce the transmission power and increase 

the battery life, the µC only sends the data when it detects a motion. Figure 5.5 shows the 

microcontroller unit, which has a diameter of 16 mm. 

 

 

Figure 5.5 Microcontroller unit 
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5.3.3 Side wall camera 

The same technology is used as described in Method 1. To reduce the diameter of the capsule, only 

one side wall camera is used. However, extending the design to work with four side wall cameras 

is possible. 

5.3.4 Magnet 

A Neodymium Iron Boron permanent magnet with dimension of 10 mm × 12 mm is used. Figure 

5.6 illustrate the magnet. The magnet is attached to the center of the capsule in the final prototype. 

 
Figure 5.6 Permanent magnet 

 

5.3.5 RF Transceiver unit 

Selecting a suitable RF module is essential when it comes to capsule design. The module should 

be power efficient and operate at a suitable frequency. Higher frequencies are prone to be absorbed 

by the water, and up to 60% of the human adult body is composed of water—moreover, the RF 

signals are scattered by human tissues. According to the literature [107], 433 MHz is a suitable 

frequency for the data transceiver of the ingestible capsules. Figure 5.7 demonstrate the RF 

transceiver unit, which has 16 mm diameter. 

 

Figure 5.7 RF transceiver unit 

5.3.6 Power supply unit 

Low dropout regulators (LDO) with miniature footprints are utilized for the power board, each 

having a rated voltage and current of 3.3 V and 150 mA, respectively. The capsule prototype could 
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be powered up with any silver oxide or Li-ion battery with a voltage range over 3.7 V. Figure 5.8 

shows the PCB of the power supply unit. 

 
Figure 5.8 Power supply unit 

5.3.7 Sensor Belt 

Magnetometer sensors are spaced 5 cm apart in a 3 by 3 array and formed a belt to fasten around 

the patient's waist. LIS3MDL is a triple-axis magnetometer with a sensing range of ±1.6 mT with 

ultra-high precision at a sampling rate lower than 155 Hz. All 9 sensors are connected to an I2C 

multiplexer controlled by the µC unit. The µC samples magnetometers' data and data received 

from the capsule every 20 ms. Then, it transfers the data to a PC using a USB cable or stores them 

in its local memory. The sensor belt is illustrated in Figure 5.9.  

 

 
Figure 5.9 Sensor belt consists of 9 triple axes magnetometer sensors, an I2C multiplexer, and an 

Arduino. 
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5.4 Experimental setup 

For Method 2, the test setup of Method 1 is changed to meet the requirement of the new method. 

In this method, the localization is based on magnetic localization and the side wall camera. For 

magnetic localization, a sensor belt must place at a fixed distance against the capsule. In addition, 

the side wall camera needs a surface to be attached to its surface and becomes functional. As shown 

in Figure 5.10, a tray is installed on top of the sensor belt at a fixed distance. To perform the 

experiments, a 5 axes robotic arm is used. The robotic arm moves the capsule in a predefined path 

programmed on a PC. The robotic arm has a non-ferromagnetic body, and it does not cause 

interference with magnetic localization. The same PC is used to connect and capture the data from 

the sensor belt. 

 

Figure 5.10 Experimental setup for Method 2. A 5 axes robotic arm and a laptop to control the arm. 

5.5 Workstation software 

A workstation software is prepared to communicate with the sensor belt and perform the 

localization algorithms. The front end is designed to visualize all plots and results, while the back 

end processes the data. As shown in Figure 5.11, a graphical user interface (GUI) is designed for 

the software to interact with the user using python QT. It has both online and offline functionality. 

In the online mode, the software connects to the sensor belt, captures all data, and plots them on 

PC

5 axes Robotic Arm

Tray

Sensor belt

Capsule
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the screen in real-time. While in the offline mode, the software can read the data from a file and 

perform the required analysis on them. In the following, we will elaborate on some of the software 

features. In the Device tab, the user searches for existing serial ports to connect to the sensor belt. 

The user selects the correct serial port and clicks on the connect button. The connect label turns to 

blue if the software receives a correct acknowledgment from the sensor belt, and finally, the status 

changes to "The device is connected". On the next tab, the user calibrates the magnetic sensors and 

compensates the output data for hard iron and soft iron effects, according to chapter 3.3. A 

calibration method named "offset equalizer" is provided for testing. To use that, place the sensor 

belt in a stationary position and keep the sensors away from any external magnetic field. Then, 

click the offset equalizer button, and it takes 50 samples, measures all input signals from magnetic 

sensors, and calculates the offset from the zero states. Finally, it creates a table of all biases and 

adds them to the reading. The next tab is "One-shot tracking", it calculates the position by magnet 

localization merely for one location. It takes an average of 5 consequence samples from magnetic 

sensors, performs the PSO algorithm to estimate the capsule's location, and shows them on the 

screen. This mode shows the exact location of the magnet and the magnetic moment or heading 

vector on the same plot so that the user can visualize the capsule in 3D space. Every time the user 

clicks on the run button, the new position will calculate and depict on the screen. To clear the 

screen the user might use a clear plot button to clear the screen so that the new position will be 

shown on a new plot. The Data capture tab visualizes the real-time information from the sensors. 

As shown in Figure 5.11, the raw data from all 9 magnetic sensors and the information received 

from the side wall camera are available in real time. According to the proposed method, it tracks 

the capsule. The sensor belt can record all information and act as a stand-alone device. Later, when 

the capsule is connected to a PC, it transfers all information for further processing. The software 

reads the data and stores them in a comma-separated values (.csv) format. 
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Figure 5.11 Graphical user interface for the software which can connect to the sensor belt and perform 

localization algorithms 

5.5.1 User define variables 

The software is designed with a high level of flexibility. Several parameters are accessible to the 

user to be set. Figure 5.12 shows a brief review of them. "alpha_min" and "alpha_min" is the 

dynamic range of the α used for the complementary fusion algorithm. "disp_alpha_max" is the 

displacement in which α reaches its maximum. "dx_coef" is a constant value to convert the side 

wall camera outputs to the displacement, this parameter is calculated by experiment. The software 

makes it possible to investigate a different number of sensors and their configuration. The 

parameter "MAG_SENSOR_NUM" indicates the total number of magnetometers installed in the 

sensor belt. "OPTIC_SENSOR_NUM" is the number of side wall cameras on the capsule. Using 

"MAG_SESNOR_COORD," the coordinate of the magnetometers can be specified. 

"serial_baudrate" is the baud rate of the serial connection between the sensor belt and the PC. 

"MAX_BUFFER_LEN" indicates the size of the display buffer. A higher value means more 

samples will be displayed on the real-time plot display. However, it also slows down the PC as it 

consumes more memory. The optimizer section provides the variables of PSO and LM algorithms. 

Using "PSO_OPTIONS," parameters c1, c2 and w are accessible. "PSO_PARTICLES" sets the 
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number of particles to solve the PSO. "PSO_ITERATION" sets the number of iterations. 

"OPT_BOUNDS" indicates a boundary for the optimizer. Optimizers accept the answers which 

are inside the bounds. This parameter should be set up based on the magnetometer coordinates. 

"UPDATE_LOC_INTERVAL" is the refresh interval time for localization in real-time mode. The 

LM needs less computational power and gives the result faster; however, PSO is precise but 

requires more time. As the capsule will not move fast and its previous position is adjacent to the 

current position, "MAX_OPT_CYCLE" provides the number of performing LM algorithms before 

using the PSO algorithm. The "OPT_AVG_SAMPLE_NUM" parameter defines the number of 

samples that should be averaged for each estimated position. 

 

# ----------------------------- Fusion ------------------------------- 

alpha_min = 0.01 

alpha_max = 0.1 

disp_alpha_max = 70 

dx_coef = 0.0035 

 

# ----------------------------- Sensors ------------------------------ 

MAG_SENSOR_NUM = 9 

OPTIC_SENSOR_NUM = 1 

MAG_SESNOR_COORD = [(10, 10, 0), 

                    (10, 5, 0), 

                    (10, 0, 0), 

                    (5, 10, 0), 

                    (5, 5, 0), 

                    (5, 0, 0), 

                    (0, 10, 0), 

                    (0, 5, 0), 

                    (0, 0, 0)] 

serial_baudrate = 115200 

MAX_BUFFER_LEN = 50 

 

# ----------------------------- Optimizer --------------------------- 

PSO_OPTIONS = {"c1": 0.5, "c2": 0.3, "w": 0.9} 

PSO_PARTICLES = 150 

PSO_ITERATION = 150 

OPT_BOUNDS = ([-3, -3, -3, -1, -1, -1], [15, 15, 15, 1, 1, 1]) 

UPDATE_LOC_INTERVAL = 100 

MAX_OPT_CYCLE = 50 

OPT_AVG_SAMPLE_NUM = 5 

 

Figure 5.12 User defines a variable for the software 

5.5.2 Data structure 

Similarly, the software saves the raw data of magnetometers and side wall cameras in an excel 

format. As shown in Figure 5.13, each row indicates one sample. Every three columns are 

dedicated to a magnetometer where the measured data for axes x, y, and z are stored. The last two 
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columns, AB and AC, record the displacements measured by the side wall camera in directions x 

and y, respectively. Unlike method 1, magnetic localization does not require to capture the precise 

sample's time. Hence, it was no longer needed to store the internal timer of the microcontroller. 

The software has the flexibility to set up various configurations of sensors, so the number of 

columns in the excel file depends on the software configuration. The magnetometer output data 

have a float value between -100 to 100 depending on its resolution parameter. At the same time, 

the side wall camera has an integer value between -127 to 127. 

 
Figure 5.13 Raw data from the lab capsule prototype  

5.6 Cost breakdown 

Table 5.1 shows the breakdown of the material costs of our capsule prototype. The miscellaneous 

cost in Table 5.1 includes packaging and fabrication costs. 

Table 5.1 Cost breakdown of the proposed capsule prototype. 

Component Model/Specification Cost ($USD) 

Side wall camera  10 

Magnet Magnet Neodymium Iron Boron 3 

Microcontroller ATMEGA328P-MMHR 5 

Transceiver RFM96W 20 

Antenna  2 

PCB  10 

Miscellaneous  40 

Total Cost  90 
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Chapter 6 

Results and discussion for Method 2 

Several experiments are performed in this section, and their results are compared with magnetic 

localization [84] and Method 1 [38]. RF-based and image-based methods have lower localization 

accuracy and do not provide acceptable positioning errors. So, we do not consider them for 

comparison study. 

6.1 Optimizing the alpha parameter 

Several experiments have been performed to select the optimum α. In the following, we have 

demonstrated a couple of examples. In the first step, let us disable the dynamic coefficient 

controller. Hence, αmin = αmax. Two extreme cases are 1) αmin = αmax = 1, leading to localization 

solely based on the magnetic method. 2) αmin = αmax = 0, which leads to localization solely based 

on the side wall camera method.  

Several experiments in the manuscript show the difference between magnetic localization and 

odometry. In the following we will test several 0 < αmin = αmax = α < 1. 

Figure 6.1 illustrates several α tests. Figure 6.1(a) the α is set to 0.001, and as a result, it could 

testify that the MagnetOFuse tends to Method 1, which causes the offset issue of the side wall 

camera. In Figure 6.1(b), the α is set to 0.01, which means that 1% of the estimated track comes 

from magnetic localization and 99% comes from side wall cameras. Figure 6.1(e) shows the results 

of α equal to 0.7. In this case, the estimated track gets its behavior mostly from magnetic 

localization, which involves jittery and noisy results. However, the results of α equal to 0.2 in 

Figure 6.1(c) have lower positioning error with smooth tracking. 

On the next experiments the 0 < αmin ≠ αmax < 1 is investigated. The α coefficient will be 

determined by the dynamic coefficient controller, which uses the size of 𝐷⃗⃗  to adjust the α on the 

given range. As shown in Figure 6.2, αmin does not significantly affect the results of a normal 

motion. However, the dynamic coefficient controller shows its behavior in relative motions.   
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                                  (a)                                                     (b)                                             (c) 

 
                                              (d)                                                   (e) 

Figure 6.1 Investigating the effect of α while the dynamic coefficient controller is disabled (αmin = αmax = 

α), a) α = 0.001, b) α = 0.01, c) α = 0.2, d) α = 0.5, e) α = 0.7 

 

  
                             (a)                                                 (b)                                                    (c) 

Figure 6.2 Investigating the effect of α on normal motion, a) αmin = 0.001 and αmax = 0.2, b) αmin = 0.01 and 

αmax = 0.2, c) αmin = 0.1 and αmax = 0.2 
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Figure 6.3 illustrates the effect of αmin in a relative motion. Two test cases are performed with 

different αmin. Smaller αmin results higher rejection rate of the relative motion. However, 

considering the capsule has a relative motion and seats in a new position, if αmin=0, then the 

algorithm will fail to follow the capsule's position (it ignores all relative motions). Hence, αmin>0 

makes it possible to sit in the stationary position after some iterations. 

 

 
                        (a)                                                      (b)                                                    (c) 

 
                                 (d)                                               (e)                                                    (f) 

Figure 6.3 Investigating the effect of α on relative motion, a) Test case 1. αmin = 0.001, αmax = 0.2, b) Test 

case 1. αmin = 0.01, αmax = 0.2, c) Test case 1. αmin = 0.1, αmax = 0.2, d) Test case 2. αmin = 0.001, αmax = 0.2, 

e) Test case 2. αmin = 0.01, αmax = 0.2, f) Test case 2. αmin = 0.1, αmax = 0.2 

 

6.2 Stability experiments 

The stability experiment is initially performed to compare the proposed method with some 

available techniques. In this experiment, the capsule is placed at a stationary position, and the 

algorithm localizes the capsule for 60 s. As illustrated in Figure 6.4, the blue line shows the 

magnetic localization. The data is quite noisy because several noise sources are involved in 

magnetic localization, such as environmental conditions, sensors' noise, and optimization 
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algorithms, leading to unstable and jittery results with average and standard deviations of 1.82 and 

0.86 mm, respectively. Method 1 showed in green. The side wall camera in this method does not 

detect any motion, so the positioning error remains constant, and the initial position of the capsule 

determines it. The MagnetOFuse is shown with red color, and it has lower position error with 

average and standard deviation of 0.84 and 0.25 mm, respectively.  

 
Figure 6.4 Position error in stationary localization experiment. 

 

6.3 Localization experiments 

In the second experiment, a robotic arm moves the capsule in a predefined track known as the 

ground truth. Results for some trajectories are shown in Figure 6.5. The black line shows the 

ground truth, the blue line shows the magnetic localization, and the red line shows the 

MagnetOFuse. It can be observed that magnetic localization tends to have higher localization 

noises. Hence, the estimated track jumps to the wrong location. Meanwhile, the MagnetOFuse has 

a smoother path. Figure 6.5 (a) shows that the Odometry localization diverges from the ground 

truth. Since this method has no feedback mechanism, a small error accumulates, and the 

positioning error increases over time. Figure 6.5 (b) shows that although the capsule moves in a 

straight line, the magnetic localization has errors due to the ambient magnetic noises. However, 

MagnetOFuse has lower jittering and positioning errors. 
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                                    (a)                                                                          (b) 

 
                                      (c)                                                                        (d) 

Figure 6.5 Path tracking results of Magnetic, Odometry & IMUand MagnetOFuse localization methods 

Figure 6.6 illustrates the position error of the test trajectories. For example, in test 1, magnetic 

localization has maximum and minimum positioning errors of 7 mm and 1 mm, respectively. The 

odometry has an average positioning error of 4.2 mm. Finally, MagnetOFuse has maximum and 

minimum positioning errors of 4 mm and 1 mm, respectively. Considering all experiments, the 

average positioning error for magnetic localization and odometry is about 5.5 mm and 8.2 mm, 

respectively, while it is 3.5 mm for MagnetOFuse. 

Magnet
Odometry & IMU
MagnetOFuse

The Odometry localization has no 
feedback and positioning error is 
never corrected.
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Figure 6.6 The mean position error for magnet, odometry & IMU, and MagnetOFuse test trajectories. 

6.4 Relative motions 

As stated earlier, the relative motions cause significant error accumulation in all the existing 

localization methods. Two relative motions can be defined as: I) the GI tract's involuntary motion 

and II) the relative motion between the sensor belt and the abdomen. 

First, the GI system has the freedom to move inside the body. At the same time, the capsule 

might be stationary with respect to the GI tract, which causes some localization errors. Magnetic 

localization measures the actual location of the capsule where the reference point is the sensor belt; 

in contrast, side wall camera localization measures the translations working on the capsule. During 

the GI tract’s motion, 𝐷⃗⃗  is zero, which leads to α becoming αmin. Thus, localization relies heavily 

on side wall camera data. However, if the GI tract returns to its initial position, all the relative 

motions will be ignored as soon as the capsule starts to move. Otherwise, based on the size of 𝐷⃗⃗ , 

α will be modified to adjust the estimated location. The capsule is placed on top of an intestine for 

this experiment to simulate the GI tract's motion. Both the intestine and capsule are manually 

displaced. In this case, the capsule still has a relatively stationary position while the intestine is 

moving. Then, the capsule starts to move. As shown in Figure 6.7 (a), the GI tract has changed its 

position, and the displacements are reflected in magnetic localization; however, the GI tract reverts 

to its previous state, which means that the relative motion is ignored for odometry and 

MagnetOFuse. Figure 6.7 (b) shows another experiment in which the GI tract’s relative motion 

does not end at the initial position. In this case, the relative motion is captured by magnetic 

localization, showing a 4 cm upward jump followed by a 2 cm downward jump. Odometry does 

not capture any motion because the side wall camera was stationary with respect to the GI tract’s 

wall. However, the MagnetOFuse only sees the 2 cm jump while ignoring the relative motions. 

Magnet        Odometry & IMU        MagnetOFuse

Experiments
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                                                  (a)                                                                      (b) 

Figure 6.7 GI involuntary motion, a) GI returns to its initial position, and b) GI is in a new position after 

its motion. 

The relative movement between the sensor belt and the patient's abdomen is another source of 

error. In this experiment, the capsule and intestine have a stationary position. However, the sensor 

belt is moving, as shown in Figure 6.8 (a). The blue lines show the magnetic localization, and the 

red lines show the MagnetOFuse method. A small portion of the plot is magnified to have a better 

view. The magnetic localization measures the absolute position of the capsule with respect to the 

sensor belt. Therefore, it captures all motion. On the other hand, the MagnetOFuse ignores a 

significant portion of the relative motions because the side wall cameras do not measure any 

motions during relative motions. The results show that this motion leads to a considerable 

positioning error for magnetic localization. In contrast, the MagnetOFuse can reduce the 

positioning error by about 70%. Figure 6.8 (b) and (c) illustrate two random relative motions of 

the sensor belt. 

 

 

 

 

 

Intestine

GI relative motion changes the 
position of both the capsule and GI

Capsule and GI back to 
their initial position

Capsule Capsule

GI create a new position, and 
capsule will continue its track 
based on the new trajectory

Intestine

Magnet

Odometry & IMU

MagnetOFuse

(cm)
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(a) 

 

(b)                                                       (c) 

Figure 6.8 Relative motion between the sensor belt and the abdomen. The blue lines show the magnetic 

localization, and the red lines show the MagnetOFuse method. 

 

6.5 Surge motions 

Surge motion is a kind of sudden movement or a fast displacement at a short time, which the 

capsule might experience in the body due to the peristalsis motion. The sensor belt reads 

magnetometer data at Ts of 20 ms. To measure the surge motions, Ts should be as small as possible. 

However, shorter Ts leads to higher noise level and errors in reading the magnetometers' data. 

Hence, magnetic localization cannot capture surge motion. On the other hand, the side wall camera 

can detect every tiny displacement of the capsule and measure the surge motions. In addition, the 

integrated processing unit inside the side wall camera is independent of the Ts and reports total 

displacements over Ts. Hence, accuracy remains the same. For this experiment, the robotic arm 

moves the capsule at short distances with different movement speeds. Table 6.1 shows the 

experiment results for MagnetOFuse and localization solely based on the magnetic method. 

Intestine

Intestine and the capsule fixed at 
a stationary position

Sensor belt

Capsule

The sensor belt has a
random motion

(cm)

(cm)

(cm)

(cm)

(cm)

(cm)
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At lower velocities, the fusion algorithm has a higher gain for the side wall camera localization 

method because this method has higher short-term accuracy. For example, at 0.5 cm/s, the α is 

equal to 0.001. As velocity increases, the α rises to 0.2, which means the magnetic localization 

contributes the most to track, and it leads to compensate for the drift issue of side wall cameras 

over time. Results show that the magnetic localization has almost the same positioning error 

regardless of the capsule's displacement velocity, which is about 5.5 mm. Meanwhile, for 

MagnetOFuse, the positioning error at lower speeds is around 1.2 mm, and at higher speeds, the 

positioning error rises to 3.5 mm.  

Table 6.1 Effect of capsule velocity over positioning error 

Velocity (cm/s) Average positioning error (mm) 

 Magnet MagnetOFuse 

0.5 3.8 1.2 

1 4.8 1.2 

2 5.2 1.5 

3 5.5 2.5 

4 5.5 2.7 

5 5.5 3.4 

6 5.5 3.5 

7 5.5 3.5 

 

6.6 Pseudo-body effect 

In a real-world scenario, the capsule enters the digestive system and is surrounded by human 

tissues, bones, etc. Hence, it is essential to investigate the effect of the body on localization. For 

this experiment, the space between the capsule and the sensor belt was filled with an 

inhomogeneous material, including ground beef and water. Figure 6.9 (a) shows the test setup. The 

grounded beef packs are inserted between the sensor belt and capsule plane. Then, the robotic arm 

moves the capsule in a predefined trajectory. Figure 6.9 (b) illustrates the positioning error over 

time while the filling material changes. Results show that the positioning error for grounded beef, 

water, and air are almost similar. Hence, the inhomogeneous environment of the human body will 
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not affect the positioning error. The non-ferromagnetic materials do not affect magnetic 

localization. Furthermore, the side wall camera method is independent of filling materials. 

(a) 

 

 
(b) 

Figure 6.9 a) Test setup for placing the bio-tissue, b) Effect of bio-tissue in position tracking 

6.7 Power consumption 

The capsule is designed with a small and limited battery size. The WCE process takes about 8 

hours; hence, batteries should power up the device for the entire process. The data shows that the 

capsule consumes 29.83 mW. Therefore, the capsule requires a battery with 72.32 mAh capacity 

to work properly for 8 hours of operation. The sensor belt consumes 260.14 mW and uses a battery 

pack attached to the belt. It should be noted that power consumption could be significantly reduced 

with the aim of an IC in commercial products. 
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Chapter 7 

Summary and conclusion 

7.1 Summary 

The work done in this thesis can be summarized as follows: 

• Based on the unique properties of the GI tract, two methods are developed to track the 

WCE inside the GI system. These methods take advantage of the new use of side wall 

cameras, IMU sensor, and magnetic localization followed by optimization and fusion 

algorithms. 

• To fuse IMU sensor information with the side wall camera to distinguish between the 

capsule’s motion and the involuntary motion of the GI tract inside the body coordinate. 

• To fuse magnetic localization information with a side wall camera to increase the tracking 

accuracy and distinguish between the capsule's motion and involuntary motion of the GI 

tract inside the body coordinate. 

• To propose methods that consider the GI tract's involuntary and relative motion. 

• To develop a prototype consisting of electronic capsules, a data logger, sensor belt. 

• To develop a workstation software that can capture the data, conduct localization 

algorithms, and visualize the 3D tracking results for the user. 

• To investigate the effect of pseudo-body on proposed localization methods. 

• To develop a robotic arm test setup to simulate the GI motions, such as peristalsis, relative, 

surge, linear, etc. 

• To perform ex-vivo experiments in the pig’s intestine and validate the performance of the 

proposed localization algorithms. 
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7.2 Conclusion 

7.2.1 Method 1 

In chapter 3, we discussed Method 1 for WCE localization. This method is developed based on 

the tubular shape of the GI tract, which confines the capsule to move through this path. Method 1 

tracks the capsule in a 3D space by knowing the direction and size of the capsule's displacement. 

The method uses an IMU sensor and four side wall cameras. The IMU sensor has a gyroscope, 

accelerometer, and magnetometer. The IMU data are fused with the aim of the AHRS algorithm 

to estimate the capsule's orientation. The side wall cameras use 18×18 pixels CCD and a 

processing unit in the same IC to measure the displacements. The four-camera topology ensures 

that at least one of them will be in touch with the GI wall to measure the displacement. Finally, 

the fusion algorithm combines orientation and displacement to generate a 3D trajectory. The 

proposed capsule has no external reference point. Therefore, compared with other capsule 

localization methods, this system has many robust features, including no interference from the 

patient's movement or GI involuntary movements. The RF and Magnetic-based localization 

methods have lower positioning errors compared to Method 1. However, these methods require a 

static reference antenna surrounding the patient body. Radiation and ultrasound-based methods 

are not feasible as they need hospital facilities and expose patients to unwanted radiation. Image-

based tracking methods are unreliable for complete localization due to the lack of fixed markers 

inside the GI tract. Furthermore, all the above methods fail to consider the involuntary motion of 

the small bowel, which leads to localization errors.  

The proposed method has several significant advantages. Hospital facilities and technicians are 

not required in this method, and it does not confine patient movement. Most importantly, the 

involuntary motions of the GI tract will not interfere with the localization, so the capsule’s actual 

displacement can be projected. Side wall cameras reject involuntary motions and eliminate the GI 

tract motion inside the body. As described in chapter 2, accuracy alone is not the ultimate factor 

for comparing different methods. Instead, several factors contribute to select the suitable method, 

such as considering GI involuntary motion, patient's comfort, need for a fixed external reference 

point, hospital facility, etc. Finally, the proposed method is experimentally verified in laboratory 

conditions. Table 7.1 provides a list of intra-body capsule localization methods and compares them 

based on the accuracy (how much the estimated measurement is close to the ground truth), extra 

hardware or weight inside the capsule, patient's comfort (i.e., patients' mobility during the period 
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of diagnosis), fixed reference point (patient's outside movement vs. capsule's inside movement), 

interference of transmitted signal with other sources, involuntary GI motion, and prototype 

validation (in vitro or in vivo). 

7.2.2 Method 2 

Method 1 has high accuracy in the short term. But, due to the accumulation of errors from side 

wall cameras, the estimated trajectory tends to drift over time. In chapter 5, Method 2 was 

developed to resolve the drifting issue while keeping the same positioning error. This hybrid 

method utilizes magnetic localization and side wall camera techniques to track the capsule. 

Magnetic localization provides the global position, while the side wall camera measures the precise 

motions. This hybrid method can distinguish between the capsule's motions and the relative motion 

of the GI system. Localization techniques that solely rely on magnetic fields measure the absolute 

position of the magnet with respect to the sensor belt, which results in a miss interpretation of the 

GI tract relative motions and the capsule's motions; hence, it increases the positioning error. On 

the other hand, side wall camera localization methods are based on measuring the capsule's motion, 

so the GI tract relative motions do not interfere with the localization. However, they suffer from 

the accumulation of errors. This work combines both methods to improve tracking accuracy. 

Several experiments have been conducted to evaluate the performance of the proposed method. 

The results showed that Method 2 has an average of 0.84 mm, and 3.5 mm for tracking a stationary 

and a moving capsule, respectively. According to the experiments, MagnetOFuse can detect surge 

motions up to 7 mm/s and slow motions less than 0.5 mm/s, with a positioning error of 1.2 mm. 

Method 2 has a lower positioning error, and it can distinguish the capsule's motion from the GI 

tract's relative motions. Table 7.2 shows a comparison between this work and some promising 

methods. This table demonstrates that the proposed method is suitable for localizing the WCE 

inside the body, and it paves the path for further investigation. 
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Table 7.1 Comparing Method 1 with competitive WCE localization methods 

 
Localization Method Accuracy Additional 

hardware inside 

the capsule 

Additional 

hardware for 

patients 

(Patient’s 

comfort) 

Static position for 

reference 

Interference Considering GI 

involuntary motion 

In vitro or in 

vivo 

validation 

Ref 

RF 
ToA, Received 

Signal Strength 

Indicator (RSSI) 

0.2 cm 
NO – all necessary 

modules for RF 

localization are 

already 

implemented in 

capsules. 

The patients must 

carry extra 

hardware 

(antenna array 

mounted on a 

cube). Limits the 

patient's mobility 

significantly. 

YES- An array of 

antennas or a belt 

is required. 

Antennas must 

have fixed 

positions. 

Different tissues and 

muscles lead to 

inhomogeneous 

path loss and huge 

errors in 

localization. 

Involuntary motion makes 

GI organs move inside the 

body coordinate while the 

outside antenna cube is 

stationary. Results in 

significant error in 

localization since the RF 

method cannot distinguish 

between these two 

motions. 

None of them [10

8] 

DoA 1 cm None of them [56] 

ToA/RSS and 

Spatial Sparsity 

0.8 cm None of them [10

9] 

Image-

based 

Hybrid video 

motion tracking 

& RF 

2.3 cm NO- The frames 

captured by the 

capsule are used for 

localization 

No interference 

with the patient's 

mobility 

NO- There is no 

internal reference 

used to measure 

the accurate 

displacement. 

Fluctuation or 

inappropriate light. 

Poor quality 

imaging and low 

frames rate causes 

error in 

displacement 

measurement 

Image-based localization 

is partially immune to 

peristalsis or involuntary 

motions, but more errors 

from the missing frames 

are introduced over time. 

In vivo. The 

dataset from 

Pillcam 

[11

0] 

RCNN 3.5 cm In vitro 

validation 

[45] 

Ultrasoun

d imaging 

Ultrasonic and 

MRI 

0.2 cm NO- The capsule is 

implemented with 

MRI and 

ultrasound-friendly 

materials. 

 

They perform at 

the hospital. In 

addition, a doctor 

or technician 

must be present at 

all times. 

YES- All distances 

are measured 

based on the 

sensors' position. 

Hence, it is 

considered a fixed 

reference for 

localization. 

Ultrasound's speed 

in different 

materials is the 

basis of 

displacement. 

However, it varies 

in other organs and 

human bodies, 

which may cause 

errors.  

The GI organs are visible 

using this method; hence, 

we could compensate for 

the peristalsis motion. 

None of them [93] 

Radiation 

imaging 

MRI compatible 0.3 cm NO- The capsule is 

implemented with 

MRI-friendly 

materials. Capsule 

They performed 

at a hospital by 

lying on a bed. In 

addition, a doctor 

or technician 

YES- The position 

is measured in 

coordinates of the 

MRI device 

Electronic devices 

are not allowed 

because they cause 

problems with MRI 

devices and 

The GI organs are visible 

using this method; hence, 

we could compensate for 

the peristalsis motion. 

None of them [11

1] 
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fabrication is 

expensive. 

must be present at 

all times. Risk of 

exposure to 

radiation 

introduce noises. 

High level of 

radiation 

 

Magnetic 

On-board 

magnetic 

sensing 

0.5 cm YES- A small 

magnet is installed 

inside the capsule.  

An array of hall 

sensors is 

attached to the 

body, 

significantly 

limiting the 

patient's mobility. 

 

YES- An array of 

hall sensors is 

required. Antennas 

must have fixed 

positions. 

Interference with 

other sources of 

magnets. Such as 

ferromagnetic 

materials, wires 

with high current, 

etc.  

Involuntary motion of the 

GI system inside the body 

leads to losing track of the 

capsule. Similar issues 

like RF methods 

NO [11

2] 

Jacobian-based 

iterative 

algorithm 

0.7 cm NO [11

3] 

Magnetic 

sensing 

0.5 cm YES- In vivo 

validation on 

a porcine 

[11

4] 

Proposed 

method 

IMU sensor and 

sidewall 

cameras 

0.95 cm YES- Sidewall 

camera and IMU 

sensor. 

No additional 

hardware is 

required—no 

interference with 

the patient's 

mobility. 

NO- Track from 

the beginning to 

the end of the GI 

path with no fixed 

reference point. 

External magnetic 

fields may affect the 

IMU sensor. 

Involuntary and peristalsis 

motions have no 

interference with the 

actual motion. 

YES- In vitro 

validation on 

a porcine 

intestine 
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Table 7.2 Comparing Method 2 with competitive WCE localization methods 
 

 Localization 

method 

Positioning 

error 

(mm) 

Considering 

GI 

involuntary 

motion 

Degree 

of 

freedom 

Number of 

sensors 

Notes 

Method 

2 

Hybrid 

(magnetic 

and side wall 

camera) 

3.5 YES 6 9 × 

Magnetometer 

1 × Odometry 

It gets global position from magnetic localization 

and fine-tunes the location using a side wall camera. 

(2020) 

[38] 

Hybrid 

(IMU and 

side wall 

camera) 

± 3.71% YES 7 1 × IMU 

1 × Odometry 

It suffers from an accumulation of errors and loses 

accuracy over time. It does not require an external 

reference point. 

(2021) 

[84] 

Magnetic 5.2 NO 6 16 × 

Magnetometer 

Eliminate the geomagnetic fields noises by 

introducing differential signals 

(2021) 

[86] 

Magnetic 3.4 NO 6 12 × 

Magnetometer 

An extension of [84]but placing the magnet sensor in 

a box belt. 

(2019) 

[88] 

Magnetic 10 NO 6 18 × 

Magnetometer 

They mounted two extra noise cancellation sensors 

to reduce drifting error and improve initial guesses. 

(2018) 

[64] 

RF (TOA) 50 NO 3 17 × RF 

antenna 
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7.3 Future works 

Several future works can be done to take the research to the next level. They are listed below: 

• To design and implement the capsule with a small footprint. This can be accomplished by 

using application-specific integrated circuit (ASIC) design. The side wall camera and 

optical lenses should be designed and optimized. A suitable capsule enclosure can be 

designed and printed using 3D printers with bio-compatible and acid-resistive materials. 

• To perform experiments on animal trials. 

• To integrate a digital camera and lighting system in the capsule to send live images of the 

GI tract. Then, upgrade the workstation software to label images by their position according 

to our proposed method. Finally, to create a 3D panoramic view of the entire GI tract. 

• To investigate other hybrid methods for WCE localization that can distinguish between the 

capsule's motion and the relative motion of the GI system. 

• To investigate the use of other biosensors, such as temperature, pH, etc., for enhancing 

localization accuracy. 

• To investigate machine learning or other optimization techniques for improving 

localization accuracy. 

• To further investigate magnetic localization and the effect of magnet configuration on the 

sensor belt. 

•  To integrate drug delivery, tissue sampling, etc. apparatuses into the capsule. 
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