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ABSTRACT – This paper presents a novel hybrid 
localization algorithm designed for healthcare systems, 

integrating Received Signal Strength Indicator (RSSI) and 

Time of Arrival (ToA) measurements with machine 

learning techniques. The algorithm aims to enhance the 

accuracy, robustness, and computational efficiency of 

sensor localization in dynamic healthcare environments. 

Experimental results demonstrate that the hybrid algorithm 

achieves a significantly lower localization error, averaging 

0.5 meters, compared to traditional RSSI-only and ToA-

only methods. The algorithm's rapid convergence and low 

computational time make it suitable for real-time 

applications. Additionally, its robustness to measurement 
noise, a common challenge in healthcare settings, 

underscores its reliability. This research underscores the 

potential of advanced localization technologies to improve 

patient monitoring, safety, and overall healthcare delivery, 

with future work poised to further enhance performance and 

adaptability. 

KEYWORD- Hybrid localization, RSSI, Time of Arrival 

(ToA), Machine Learning, Healthcare, Localization 

I. INTRODUCTION 

In recent years, the intersection of healthcare and 

technology has produced ground breaking advancements, 

particularly in the field of wireless sensor networks 

(WSNs). Among these, wireless sensor localization has 

emerged as a critical area of focus, promising to 

revolutionize patient monitoring, disease management, and 

overall healthcare delivery. The integration of wireless 

sensor technology into healthcare systems addresses several 

pressing needs, including real-time patient monitoring, 
remote healthcare services, and enhanced accuracy in data 

collection. This introduction provides an overview of the 

significance, applications, challenges, and prospects of 

wireless sensor localization in the healthcare sector [1-4]. 

The advent of wireless sensor networks has paved the way 

for innovative solutions to traditional healthcare challenges. 

WSNs consist of spatially distributed sensor nodes that 

communicate wirelessly to collect, process, and transmit 

data. In a healthcare context, these sensors can monitor a 

wide range of physiological parameters, such as heart rate, 

blood pressure, glucose levels, and body temperature, 
providing continuous and real-time data that is crucial for 

patient care. Localization, the process of determining the 

precise location of these sensors, is integral to ensuring the 

accuracy and reliability of the data collected. Accurate 

localization enables healthcare providers to contextualize 

sensor data, making it possible to track patient movements, 
detect falls, and ensure that sensors are correctly positioned 

on the body. One of the primary applications of wireless 

sensor localization in healthcare is in patient monitoring 

systems [5-6]. These systems are particularly beneficial for 

elderly patients and those with chronic illnesses who 

require constant supervision. By deploying a network of 

sensors in a patient’s home or in a healthcare facility, it is 

possible to continuously monitor vital signs and 

environmental conditions. Localization algorithms ensure 

that the data collected is accurately associated with the 

correct patient and sensor position, which is essential for 
diagnosing and responding to health issues promptly. 

Furthermore, these systems can alert caregivers and medical 

professionals to abnormal conditions, potentially preventing 

medical emergencies. Another significant application is in 

the management of chronic diseases. Patients with 

conditions such as diabetes, hypertension, and 

cardiovascular diseases benefit immensely from continuous 

monitoring. Wireless sensor localization facilitates precise 

tracking of physiological parameters, enabling timely 

interventions and personalized treatment plans. For 

instance, continuous glucose monitors (CGMs) equipped 
with localization capabilities can provide diabetics with 

real-time feedback on their blood sugar levels and alert 

them to potential hypoglycemic events. This proactive 

approach not only improves patient outcomes but also 

reduces the burden on healthcare facilities by minimizing 

hospital visits and admissions[7-11]. 

In the context of acute care, wireless sensor localization 

plays a crucial role in surgical environments and intensive 

care units (ICUs). During surgeries, precise localization of 

sensors can assist in real-time monitoring of a patient’s vital 

signs, ensuring that the surgical team can respond swiftly to 

any changes. In ICUs, where patients are often immobile 
and connected to multiple monitoring devices, localization 

ensures that data from various sensors is accurately 

attributed, reducing the risk of errors in patient care. This is 

particularly important in scenarios where patients cannot 

communicate their discomfort or symptoms, and the 

reliance on sensor data is paramount. Despite the numerous 

advantages, the implementation of wireless sensor 

localization in healthcare is fraught with challenges. One of 
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the primary challenges is ensuring the accuracy and 

reliability of localization algorithms in diverse and dynamic 

healthcare environments. Factors such as signal 

interference, physical obstructions, and varying patient 

movements can impact the performance of these algorithms. 
Moreover, the integration of localization systems into 

existing healthcare infrastructures requires careful planning 

and coordination to ensure compatibility and 

interoperability. Privacy and security concerns also arise, as 

the transmission of sensitive patient data over wireless 

networks necessitates robust encryption and data protection 

measures [12]. 

To address these challenges, ongoing research is focused on 

developing advanced localization techniques and 

algorithms. Machine learning and artificial intelligence are 

being leveraged to enhance the accuracy and adaptability of 
localization systems. These technologies can analyze vast 

amounts of data and learn from patterns, improving their 

ability to predict and adapt to changes in the environment. 

Additionally, hybrid localization methods that combine 

different technologies, such as GPS, RFID, and ultrasound, 

are being explored to improve robustness and precision [13-

15]. The future of wireless sensor localization in healthcare 

holds immense potential. As technology continues to 

evolve, the integration of Internet of Things (IoT) devices 

with advanced localization capabilities is expected to 

become more prevalent. This will enable more 
comprehensive and seamless patient monitoring systems, 

facilitating the transition towards personalized and 

preventive healthcare. Wearable sensors, smart implants, 

and ambient sensors will work in unison to provide a 

holistic view of a patient’s health, empowering both 

patients and healthcare providers with actionable insights 

[16]. 

II. RELATED WORKS 

The application of wireless sensor localization in healthcare 
has garnered significant attention from researchers, 

resulting in a rich body of related work that explores 

various aspects of this technology. This section reviews key 

studies and advancements in the field, highlighting the 

diverse approaches and methodologies employed to 

enhance the accuracy, efficiency, and applicability of 

wireless sensor localization in healthcare settings. Early 

research in wireless sensor networks (WSNs) primarily 

focused on the development of fundamental localization 

algorithms and their potential applications in various 

domains, including healthcare. The pioneering work by 

Hightower and Borriello (2001) [17] on location systems 
for ubiquitous computing laid the groundwork for 

subsequent advancements in sensor localization. They 

proposed a taxonomy for location systems and identified 

key challenges, such as the trade-off between accuracy and 

resource consumption, which have continued to influence 

research in this area [18-19]. 

In the healthcare domain, one of the seminal studies by 

Yuce (2010) [20] explored the use of wireless body area 

networks (WBANs) for health monitoring. Yuce's work 

demonstrated the feasibility of using WBANs to 

continuously monitor vital signs and other physiological 
parameters. The study highlighted the importance of 

accurate localization in ensuring the reliability and context-

awareness of the collected data. Building on this 

foundation, researchers have developed various localization 

techniques tailored to the unique requirements of healthcare 

applications. 

One notable approach is the use of Received Signal 

Strength Indicator (RSSI)-based localization, which 
estimates the distance between sensor nodes based on the 

strength of the received signal. [21-22] investigated RSSI-

based methods for WSNs, emphasizing their simplicity and 

low cost. In healthcare applications, RSSI-based 

localization has been extensively studied due to its 

practicality in environments where deploying additional 

infrastructure may be challenging. However, factors such as 

signal interference and multipath effects can impact the 

accuracy of RSSI-based methods, prompting researchers to 

explore hybrid approaches. 

Hybrid localization techniques combine multiple methods 
to improve accuracy and robustness. For instance, Yang and 

Liu (2010) [23] proposed a hybrid algorithm that integrates 

RSSI and Time of Arrival (ToA) measurements. Their 

approach demonstrated improved accuracy in indoor 

environments, which are typical settings for healthcare 

applications. Similarly, He et al. (2015) [24] developed a 

hybrid localization system that utilizes both RSSI and 

Angle of Arrival (AoA) to enhance precision in tracking 

patient movements within a healthcare facility. These 

hybrid methods address the limitations of individual 

techniques, offering more reliable localization solutions. 
The advent of machine learning and artificial intelligence 

has further advanced the field of wireless sensor 

localization. Machine learning algorithms can analyze large 

datasets to identify patterns and improve localization 

accuracy. For example, [25-26] reviewed machine learning-

based localization techniques, highlighting their potential to 

adapt to dynamic environments and varying conditions. In 

healthcare, these algorithms can be trained on data from 

different patients and settings, enabling more personalized 

and accurate localization. 

Privacy and security are critical considerations in healthcare 

applications of wireless sensor localization. The 
transmission of sensitive patient data over wireless 

networks raises concerns about data breaches and 

unauthorized access. To address these issues, researchers 

have developed secure localization protocols that ensure 

data integrity and confidentiality. [27, 28] proposed a secure 

localization scheme that uses cryptographic techniques to 

protect the transmitted data. Their work underscores the 

importance of integrating security measures into the design 

of localization systems to safeguard patient information. 

Recent advancements in Internet of Things (IoT) 

technologies have also contributed to the evolution of 
wireless sensor localization in healthcare. IoT-enabled 

devices, such as smart wearable and ambient sensors, can 

be seamlessly integrated into WSNs to provide 

comprehensive health monitoring. In [29] the role of IoT in 

healthcare, highlighting how IoT devices can enhance the 

capabilities of traditional WSNs. The integration of IoT and 

advanced localization techniques facilitates more accurate 

and efficient health monitoring, paving the way for 

personalized and preventive healthcare [30-32]. 

Furthermore, studies have explored the use of localization 

in specific healthcare scenarios, such as fall detection and 

patient tracking. Alwan et al. (2006) developed a fall 
detection system using WSNs that accurately identifies falls 

and alerts caregivers. Their system combines localization 
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data with accelerometer readings to distinguish between 

falls and other activities[33-34]. Another technique 

proposed a patient tracking system for hospitals that uses 

ultra-wideband (UWB) technology to achieve high-

precision localization. These applications demonstrate the 
practical benefits of wireless sensor localization in 

enhancing patient safety and care quality [35-36]. 

III. PROPOSED ALGORITHM 

In this section, we will propose a detail of the proposed 

system 

A. Problem Formulation 

In healthcare applications, accurate localization of wireless 

sensor nodes is critical for effective patient monitoring and 

data collection. The problem of localization involves 

determining the position of a sensor node within a 

predefined space, typically an indoor environment such as a 

hospital or a patient's home. Let us formulate this problem 

mathematically. Consider a wireless sensor network (WSN) 

consisting of N sensor nodes and M anchor nodes. The 
sensor nodes are deployed to monitor various physiological 

parameters, while the anchor nodes have known fixed 

positions and serve as reference points for localization. The 

goal is to estimate the position of each sensor node with in 

2D coordinate system. Following parameters and variables 
are considered.  

 𝑠𝑖 = (𝑥𝑖 , 𝑦𝑖):  shows the coordinates of i-th sensor node 

to be estimated. 

 𝑎𝑗 = (𝑥𝑖 , 𝑦𝑖):  known coordinates of the j-th anchor 

node for j=1,2,…, M 

 𝑑𝑖,𝑗 =measure distance between the i-th sensor and jth 

anchor node. 

 𝑑𝑖,𝑗̂ =estimated distance between the i-th sensor and jth 

anchor node which can be derived from RSSI or time 

of arrival ToA measurement.  

The measured distance 𝑑𝑖,𝑗 between the ith sensor node and 

j-th anchor node can be modeled as: 

𝑑𝑖,𝑗 = ‖𝑠𝑖 − 𝑎𝑗‖ + 𝑛𝑖𝑗                                  (1) 

  
 where ‖𝑠𝑖 − 𝑎𝑗‖ denotes the Euclidean distance between 

the i-th sensor node and the j-th anchor node, and 𝑛𝑖𝑗  

represents the measurement noise, assumed to be a zero-

mean Gaussian random variable. The objective is to 

minimize the error between the measured distances and the 

estimated distances. This can be formulated as an 
optimization problem: 

𝑚𝑖𝑛𝑠 = ∑  𝑁
𝑖=1 ∑  𝑀

𝑗=1 (𝑑𝑖𝑗 −  ‖𝑠𝑖 − 𝑎𝑗‖)                (2) 

The sensor nodes must be located within the predefined 
area of interest (e.g., a room or building) i.e.,  

(𝑥𝑖 , 𝑦𝑖) ∈ 𝐴𝑟𝑒𝑎                                 (3) 

The estimated distances 𝑑𝑖,𝑗 should be consistent with the 

physical properties of signal propagation. For RSSI-based 

measurements, the relationship between the RSSI value and 
distance can be modeled using the path-loss model. 

𝑅𝑆𝑆𝐼𝑖,𝑗 = 𝑅𝑆𝑆𝐼0 − 10𝑛 log10

𝑑𝑖,𝑗

𝑑0
                (4) 

Where 𝑅𝑆𝑆𝐼0 is the received signal at reference point 𝑑0 

and n is the path loss model. Combining these elements, the 

localization problem can be formally stated as shown in 
Equation 2, which is subjected to:  

(𝑥𝑖 , 𝑦𝑖) ∈ 𝐴𝑟𝑒𝑎     ∀ i = 1,2, … , N                 (5)                              

𝑑𝑖,𝑗 = 𝑓(𝑅𝑆𝑆𝐼𝑖,𝑗) ∀ i = 1,2, … , N and j = 1,2, . . M.       (6) 

  
 This formulation provides a mathematical foundation for 

developing a hybrid localization algorithm that can be 

further enhanced using machine learning techniques to 

adapt to varying environmental conditions and improve 

accuracy. 

B. The Algorithm  

To develop an effective localization algorithm for 

healthcare applications, we propose a hybrid approach that 

combines Received Signal Strength Indicator (RSSI) and 

Time of Arrival (ToA) measurements with machine 

learning techniques. This algorithm aims to improve 

localization accuracy in the presence of environmental 

noise and patient movement. Below are the detailed steps of 

the proposed algorithm.  

Step 1: Initialization: Deployment of Nodes: Deploy N 
sensor nodes and M anchor nodes in the healthcare 

environment. Anchor nodes have known fixed positions i.e., 
𝑎𝑗 = (𝑥𝑖 , 𝑦𝑖):  for j=1,2,…,M. At this point collect RSSI 

values from each nodes from I to j. Similarly at each point 
the TOA will be measured  

Step 2: Distance Estimation: RSSI-Based Distance 

Estimation: Convert RSSI values to distance estimates 

𝑑𝑖,𝑗
𝑅𝑆𝑆𝐼  using the path loss model, we have: 

𝑑𝑖,𝑗
𝑅𝑆𝑆𝐼 = 𝑑0. 10 

𝑅𝑆𝑆𝐼0−𝑅𝑆𝑆𝐼𝑖,𝑗

10𝑛
                                 (7) 

Next step is ToA-Based Distance Estimation: Convert 

ToA values to distance estimates 𝑑𝑖,𝑗
𝑇𝑂𝐴 using the speed of 

signal propagation c (e.g., the speed of light for RF signals): 

𝑑𝑖,𝑗
𝑇𝑂𝐴 = 𝑐. 𝑇𝑜𝐴0                                      (8) 

Step 3: Hybrid Distance Estimation: Weighted Average: 

Combine RSSI-based and ToA-based distance estimates to 

obtain a hybrid distance estimate 𝑑𝑖,𝑗̂𝑑𝑖,𝑗̂ =

𝑤𝑅𝑆𝑆𝑆. 𝑑𝑖,𝑗̂𝑅𝑆𝑆𝐼 + 𝑤𝑇𝑜𝐴.  𝑇𝑜𝑎              (9) 

Where wRSSI and wToA are weights determined based on 

the reliability of each measurement method. These weights 

can be learned from training data. 

Step 4: Localization Estimation: Formulate the 

Optimization Problem: Define the objective function to 

minimize the error between the measured and estimated 

distances: 

𝑚𝑖𝑛𝑠 = ∑  𝑁
𝑖=1 ∑  𝑀

𝑗=1 (𝑑𝑖𝑗 −  ‖𝑠𝑖 − 𝑎𝑗‖)𝑅𝑆𝑆𝐼. 𝑇𝑜𝐴        (10) 

Gradient Descent: Use a gradient descent algorithm to 
iteratively update the positions of the sensor nodes  

𝑠𝑖
𝑡+1 = 𝑠𝑖

𝑡 − 𝜂. ∆(∑ (𝑑𝑖,𝑗̂ − ‖𝑠𝑖 − 𝑎𝑗‖)2𝑀
𝑗=1            (11) 

Where η is the learning rate, and ∇denotes the gradient. 

Step 5: Machine Learning-Based Refinement: Feature 

Extraction: Extract features from the environment and the 

sensor data that can affect localization accuracy, such as 
signal strength variance, environmental noise levels, and 
node mobility. 
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Training: Use historical data to train a machine learning 

model (e.g., a neural network or a support vector machine) 

to predict localization errors and adjust the weights wRSSI 
and wTOA. 

Refinement: Apply the trained model to refine the hybrid 

distance estimates and improve localization accuracy. 

Step 6: Iterative Improvement: Iteration 

 Repeat Steps 2-5 iteratively to refine the positions of the 

sensor nodes until convergence is achieved, i.e., the change 

in the estimated positions between iterations falls below a 

predefined threshold. 

Validation: Validate the localization results against ground 
truth positions, if available, and adjust the model 

parameters as needed. The pseudocode is available in 

Figure 1. 

 

Figure 1: Pseudocode 

IV. RESULT AND DISCUSSION 

The proposed localization algorithm was tested in a 

simulated healthcare environment to evaluate its 

performance in terms of accuracy, robustness, and 
computational efficiency. The experimental setup involved 

multiple sensor nodes placed within a predefined area, such 

as a hospital ward, with anchor nodes positioned at known 

locations. The algorithm's performance was compared 

against traditional RSSI-based and ToA-based localization 

methods. In the simulation environment, the healthcare 

setting was represented using a 2D grid where sensor nodes 

and anchor nodes were deployed. The grid size was chosen 

to mimic a typical hospital room, providing a realistic 

scenario for testing the algorithm. A total of 20 sensor 

nodes and 5 anchor nodes were used in the experiments. 

The anchor nodes were strategically placed at the corners 

and the center of the grid to ensure comprehensive coverage 

and to facilitate accurate distance measurements. To 
simulate real-world conditions, Gaussian noise was added 

to the RSSI and ToA measurements with standard 

deviations of 2 dB for RSSI and 0.1 ns for ToA. This noise 
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simulated the environmental variability and interference 

typically encountered in healthcare settings. 

The performance of the localization algorithm was 

evaluated using several metrics. Localization error was 

measured as the average Euclidean distance between the 
estimated and actual positions of the sensor nodes. The 

convergence time was assessed based on the number of 

iterations required for the algorithm to reach a stable 

solution. Computational efficiency was determined by 

measuring the total time taken by the algorithm to localize 

all sensor nodes. The results of the experiments indicated 

that the proposed hybrid localization algorithm achieved 

significantly higher accuracy compared to methods relying 

solely on RSSI or ToA. The average localization error for 

the hybrid method was found to be 0.5 meters, which was 

notably lower than the 1.5 meters observed for the RSSI-
only method and the 1.2 meters for the ToA-only method. 

This demonstrates the effectiveness of combining RSSI and 

ToA measurements to leverage the strengths of both 

methods and provide more reliable distance estimates. 

Furthermore, the hybrid algorithm showed efficiency in 

terms of convergence time. On average, the algorithm 

converged within 50 iterations, demonstrating its ability to 

quickly reach stable localization results. The use of gradient 

descent optimization played a crucial role in achieving rapid 

convergence. Additionally, the inclusion of machine 

learning-based refinement further reduced the number of 

iterations needed, enhancing the overall efficiency of the 

localization process. In terms of computational efficiency, 

the algorithm was able to localize all 20 sensor nodes 

within 2 seconds on a standard desktop computer. This 
quick computational time is crucial for real-time healthcare 

applications where timely localization is essential for 

effective patient monitoring and intervention. The results 

suggest that the proposed hybrid localization algorithm 

significantly improves localization accuracy in healthcare 

environments. By combining RSSI and ToA measurements, 

the algorithm takes advantage of the complementary 

strengths of these methods, resulting in more precise 

positioning of sensor nodes. The machine learning-based 

refinement further enhances accuracy by adapting to 

environmental variations and mitigating the impact of 
measurement noise. Despite its advantages, the hybrid 

approach also introduces some challenges. The increased 

complexity due to the integration of multiple measurement 

methods and machine learning components requires more 

sophisticated hardware and software. Additionally, accurate 

distance estimation relies on proper calibration of RSSI and 

ToA measurements, which can be challenging in dynamic 

healthcare environments. The overall localization error is 

shown in Figure 2.  

 

Figure 2: Overall localization error

In real-world healthcare environments, sensor 

measurements are often subjected to various sources of 

noise, such as interference from medical equipment, 

multipath effects, and signal attenuation due to walls and 

other obstacles. To evaluate the robustness of the proposed 

localization algorithm under such conditions, Gaussian 

noise was added to both the RSSI and ToA measurements. 

This simulation of noisy data helps to understand how the 

algorithm performs when faced with realistic signal 

degradation and variability, ensuring its reliability and 

accuracy in practical applications as shown in Figure 3. 
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Figure 3: Localization error in noisy environment

V. CONCLUSION 

the proposed hybrid localization algorithm, combining 

RSSI and ToA measurements with machine learning 

techniques, significantly enhances localization accuracy and 
robustness in healthcare environments. It outperforms 

traditional methods, achieving an average localization error 

of 0.5 meters and demonstrating resilience to measurement 

noise. The algorithm's efficiency and rapid convergence 

make it suitable for real-time applications, providing precise 

patient and equipment localization essential for effective 

healthcare delivery. Future work could further improve 

accuracy and adaptability, reinforcing its potential to 

transform patient monitoring and care in dynamic, real-

world settings. 
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