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 Localizing ground sensors with unmanned aerial vehicles (UAVs) in dense 

urban environments is challenging because multipath and non-line-of-sight 

(NLoS) propagation distorts path loss (PL) measurements. This paper 

proposes a two-stage UAV localization framework that refines PL data and 

selects geometrically stable waypoint subsets before position estimation. In 

stage 1, PL samples are spatially smoothed by averaging measurements at 

neighboring UAV waypoints to reduce localized fluctuations. In stage 2, 

waypoint subsets are filtered using non-collinearity and non-adjacency 

constraints, and sensor positions are estimated using weighted least squares 

(WLS) and particle swarm optimization (PSO), with final estimates averaged 

across valid subsets. Wireless InSite ray-tracing simulations show that the 

framework reduces mean absolute error (MAE) from over 150 m to 

approximately 8.5 m. The proposed approach improves the practicality of 

UAV-assisted localization for urban internet of things (IoT) sensor 

deployments. 
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1. INTRODUCTION 

Unmanned aerial vehicles (UAVs) have become popular in recent years, attracting growing 

interest from both industry and academia as a promising solution for a wide range of applications. Due to 

their ability to navigate complex urban structures, they have been utilized for localization purposes to 

overcome challenges arising from global positioning system (GPS) signal blockage. In such scenarios, the 

UAV utilizes communication channel parameters to estimate the ground sensors’ locations [1]. 

In general, localization techniques can be classified into several categories. Range-based 

methods estimate positions using signals’ propagation characteristics such as time of arrival (ToA), angle 

of arrival (AoA), and received signal strength indicator (RSSI) or path loss (PL), which provide distance 

or angle information between nodes. In contrast, range-free methods do not rely on precise physical 

measurements; instead, they use network connectivity to estimate locations. Another method is 

fingerprinting-based localization, which involves collecting signal features like RSSI at known reference 

locations to build a database and then matching real-time data to this database to estimate the unknown 

position. While range-free methods are simple, they typically suffer from low localization accuracy due 

to their sole dependency on connectivity information without exploiting physical signal properties. 

Therefore, range-based methods are preferred for ground sensor localization in urban environments using 

a UAV [2]. 

https://creativecommons.org/licenses/by-sa/4.0/
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For resource-constrained internet of things (IoT) applications, such as ground sensors, RSSI-based 

methods are widely regarded as the most suitable solution for localization due to their low cost, minimal 

hardware requirements, and energy efficiency [3]. However, their effectiveness in urban environments is 

significantly challenged by strong signal fluctuations caused by dense multipath reflections and obstructions, 

which can severely degrade localization accuracy. The most popular solution to address these challenges is 

calibrating the parameters of the PL model using a curve-fitting technique. However, this technique often 

proves insufficient in practice, since the standard PL model cannot capture the complex variations and 

distortions in RSSI/PL measurements caused by multipath propagation and environmental dynamics in dense 

urban settings. As a result, this leads to significant errors in distance estimation and, consequently, poor 

localization accuracy [4]. 

To address this issue, this work proposes a two-stage localization framework to minimize PL 

measurement errors and enhance localization accuracy. In the first stage, the PL measurements are refined to 

reduce errors caused by multipath effects, thereby improving distance estimation accuracy. In the second 

stage, subsets of UAV waypoints are selected from the entire waypoint set to compute the ground sensor’s 

location. The waypoint combinations are based on the well-known geometric dilution of precision (GDOP) 

criterion [5]. The final localization estimate is then obtained by averaging the solutions from all selected 

combinations. Overall, the proposed two-stage approach improves the reliability of PL measurements and 

enhances localization accuracy by leveraging both spatial and geometric insights. The two-stage proposed 

framework is illustrated in Figure 1. 

i) Stage 1: collect PL at UAV waypoints → apply spatial refinement → fit/calibrate log-distance PL 

model (parameters using reference node). 

ii) Stage 2: generate waypoint subsets under geometric constraints (non-collinear, non-adjacent) → run 

weighted least squares (WLS)/particle swarm optimization (PSO) multilateration → average estimates. 

 

 

 
 

Figure 1. Proposed two-stage localization framework 

 

 

The novel contributions of this work are summarized as follows: 

i) A spatial-based refinement technique is introduced to reduce PL measurement error by leveraging the 

spatial coordinates of waypoints. The refined PL at each waypoint is computed as the average of its own 

PL measurement and those of its spatial neighbors.  

ii) A waypoint selection scheme is developed to improve the localization accuracy of multilateration 

algorithms. The scheme, guided by the well-known GDOP principle, operates in two steps: i) selecting 

non-collinear waypoints and ii) selecting non-adjacent waypoints from the subset obtained in the first step.  
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The remainder of this paper is organized as follows: section 2 reviews related works, while section 3 

outlines the system model. Sections 4 and 5 present the preliminaries and the spatial-based refinement 

technique. Section 6 details the localization algorithm, covering the waypoint selection scheme and location 

estimation. Section 7 describes the simulation environment setup. Section 8 discusses the results. Finally, 

section 9 concludes the paper. 

 

 

2. RELATED WORKS 

Recently, studies have proposed to utilize RSSI as a parameter for localization to estimate the 

target’s location. According to Teeda et al. [6], RSSI measurements obtained by UAV at 865 MHz over open 

farmland was used to estimate the target’s location. The path loss exponent (PLE) was assumed to be fixed 

value near-free-space. On the other hand, Aamir and Ali [7] have investigated the utilization of PL 

measurements of long range (LoRa) technology along with [8] using 915 MHz for localization. At 3.9 GHz, 

air-to-ground surveys above mixed woodland–suburb blocks still enjoyed largely line-of-sight conditions 

with only moderate extra loss [9]. Similarly, Ahmad et al. [10] RSS measurements at 5.9 GHz have been 

used to estimate the positions of the target nodes that were near line of sight (LoS) condition. 

Higher carrier frequencies are often required for modern IoT applications to support high data rates. 

However, a key challenge in RSSI-based localization is the large measurement error observed at higher 

frequencies, particularly in dense multipath environments such as urban areas [11]. Existing approaches can 

be broadly categorized into: i) treating key PL parameters (e.g., PLE and transmit power) as unknown and 

estimating them jointly with the position and ii) assuming fixed values for these parameters. For example,  

Jin et al. [12] treats the PLE as an unknown random state that is jointly inferred with the node position,  

while Najarro et al. [13] jointly estimates position, transmit power, and PLE using differential evolution. 

Similarly, Mukhopadhyay and Alouini [14] cooperative localization techniques (with unknown parameters) 

(CTUP) system in [15] estimate node position and transmit power jointly. Liu et al. [16] presented piecewise-

convex approximation localization (PCAL) to investigate the ability of UAV to localize a mobile station (MS) 

using RSSI measurements at 2.4 GHz. The PCAL was used to calculate the location of MS and unknown PLE. 

Although jointly estimating these parameters can improve localization accuracy, it significantly 

increases computational complexity. To reduce this complexity, several works assume that the PL parameters 

are known. For instance, Cheng et al. [17] assumes fixed PL parameters, while Li et al. [18] exploits known 

distances between trajectory points to compute PL parameters and improve localization accuracy. Likewise, 

Chu et al. [19] uses a fixed PLE with expectation-maximization, and Wang et al. [20] applies semidefinite 

programming with a fixed PLE. However, assigning fixed parameter values remains challenging because PL 

parameters are environment-dependent. There are several methods that have been proposed to tackle this issue.  

However, Kumar et al. [21] solved the self-localization problem using RSSI measurements as well 

as the anchor positions information by utilizing the solution of WLS. Moreover, Hu et al. [22] proposed an 

ultra-wideband (UWB) positioning framework for non-line-of-sight (NLoS) scenarios using WLS based on 

reference sensor and using ray-tracing to convert NLoS into LoS environment. Subsequently in [23], a 

trilateration algorithm for using RSSI for localization avoiding the no uniqueness of a solution by minimizing 

the error function and using Taylor series approximation. Research by Prasad and Bhargava [3], two-step 

linear least squares (TLLS) solution is proposed for distance estimation, then estimating the location and the 

PLE as well. Research by Kang et al. [24], a target localization algorithm based on hybrid RSSI/AoA 

measurements is proposed using error covariance WLS (ECWLS) algorithm and comparing it with WLS and 

other loss functions. 

Esrafilian et al. [25] proposed a hybrid channel model to improve the localization accuracy. In such 

model, the PSO was used to optimize the parameters of channel model at 5 GHz. Although the accuracy is 

improved using this method compared to his previous work [26], the drawback of this method is the required 

data collected at known locations to train the model which is unavailable in some scenarios. Subsequently in 

[27], hierarchical reference particle swarm optimization (HRPSO) was proposed to improve the performance 

of PSO utilized in UAV localization. Moreover in [10], the PL parameters have been calculated using the least 

square technique. However, this technique is suspected to be affected by PL measurements outliers. Research 

by Yang [28], PSO algorithm is proposed in different types such as self-adaptive inertia weight particle swarm 

optimization (SAPSO) and improved self-adaptive inertia weight particle swarm optimization (ISAPSO). 

To overcome this issue, we propose a PL refining method to address the fluctuations caused by 

multipath effects from inevitable dense reflections in urban environments. Based on the refined PL, the 

model parameters are then determined and subsequently utilized for deriving the ranging model to estimate 

the distance and location. Table 1 summarizes the most closely related UAV-assisted RSSI/PL localization 

studies, highlighting their key assumptions and limitations in comparison with the proposed framework. 
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Table 1. Summary of closely related UAV-assisted RSSI/PL localization studies 
Ref. Frequency Methodology Parameter assumptions Key outcome/limitation 

[7] 915 MHz RSSI→distance + 
trilateration 

Log-distance/log-normal 
shadowing; fitted PLE 

reported 

Reports fitted PLE values; limited 
quantitative urban benchmarking and 

no MPC mitigation pipeline 

[8] 3.9 GHz Channel measurement +  
ray-tracing comparison 

Reports PLE/σ and 
discusses two-ray effects; 

channel modelling emphasis 

Provides PL/shadowing baselines; not 
an end-to-end localization framework 

under severe MPC 

[20] 5 GHz PSO + hybrid channel model 
(map/learning aided) 

Hybrid LoS/NLoS 
modelling; often needs 

training/map context 

Improves accuracy in urban settings; 
depends on model tuning/training 

and/or map context 

Proposed 5.9 GHz Two-stage: spatial PL 
refinement + constrained 

subset selection + WLS/PSO 

Targets urban MPC/NLoS 
without 3D maps/training; 

refinement + geometry 

constraints before estimation 

Reduces error from >150 m to ~8.5 m; 
designed specifically for dense-urban 

PL distortion 

 

 

3. SYSTEM MODEL 

This section elaborates on system model as is illustrated in Figure 2. In this model, 𝑆 ground sensors 

are randomly distributed within an outdoor urban environment at locations 𝑃𝑠 = [𝑥𝑠, 𝑦𝑠], 𝑠 = 1, 2, … , 𝑆. One 

sensor serves as a known reference point (shown as a green square), while the locations of the remaining 

sensors are unknown and must be determined (shown as red squares). These ground sensors periodically emit 

signals that are captured by a UAV. The UAV navigates a predetermined trajectory generated by the systematic 

coverage area navigation (SCAN) algorithm at a constant altitude, a method well-suited for systematic area 

coverage [29]. While flying along this path (shown as a black dotted line), the UAV stops at 𝑁 waypoints with 

known locations 𝑊𝑃𝑖 = [ 𝑥𝑖 , 𝑦𝑖], 𝑖 = 1,2, … , 𝑁, (shown as black circles), to collect PL measurements.  

In this work, the PL data is obtained using a ray-tracing technique implemented in wireless  

insite [30] to ensure a high-fidelity representation of the complex propagation environment. The data 

collected from the known reference sensor is used to optimize the parameters of the PL model, as explained 

in section 5. This optimized model is then used to estimate the distance between the UAV and the unknown 

ground sensors. Subsequently, the locations of the unknown sensors are calculated using the optimization 

methods detailed in section 6. 
 

 

 
 

Figure 2. System model overview 
 

 

4. PRELIMINARIES 

This section explains the preliminaries of the PL model used to relate signal strength to the distance 

between the UAV and a ground sensor. The PL at the i-th waypoint is computed as (1). 
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𝑃𝐿𝑖 = 𝑃𝑡 − 𝑅𝑆𝑆𝐼𝑖 (1) 

 

Where 𝑃𝑡 is the sensors transmit power in dBm, and 𝑅𝑆𝑆𝐼𝑖  is the received power at the i-th waypoint in dBm. 

This formulation assumes that antenna gains, and other system losses are already accounted for. 

The relationship between this measured PL and distance is widely described by the log-distance PL 

model [31], which is expressed as (2). 

 

𝑃𝐿(𝑑𝑖) = 𝑃𝐿(𝑑0) + 10𝛽. log10 (
𝑑𝑖

𝑑0
) (2) 

 

Where 𝑃𝐿(𝑑𝑖) denotes the measured PL at distance 𝑑𝑖, and 𝑃𝐿(𝑑0) is the reference PL at a close-in reference 

distance e𝑑0. Theoretically the 𝑃𝐿(𝑑0) can be theoretically calculated using the free-space path loss (FSPL) 

formula as shown in (3). The parameter 𝛽 is PLE. The PLE is a critical, environment-dependent parameter 

that must be determined to ensure accurate distance estimation. The FSPL formula is given by (3). 

 

𝑃𝐿(𝑑0) = 20 log10(f) + 32.44 (3) 

 

Where f is the carrier frequency in GHz.  

 
 

5. SPATIAL-BASED REFINEMENT TECHNIQUE 

This section explains how the raw PL data is processed to reduce errors caused by multipath 

components (MPC). While a Kalman filter is often used to refine PL measurements, it is not suitable for this 

scenario. The stationary nature of the reflectors (buildings) means that PL samples collected at the same 

waypoint are identical, violating the assumption of independent measurement noise that a Kalman filter relies 

on. To overcome this issue, this work employs a spatial-filtering approach. In this method, the PL value at a 

specific waypoint is replaced by a weighted average of itself and its immediate physical neighbors. This 

technique is justified by the physical properties of the channel; PL is spatially correlated, meaning adjacent 

waypoints are expected to have similar large-scale signal characteristics. By averaging nearby measurements, 

the filter effectively smooths out localized, random errors caused by small-scale MPCs. 

After the raw PL data has been refined using this spatial filter, the parameters of the log-distance 

model are determined using the data from the known reference sensor. A linear least-squares regression is 

performed on the smoothed PL data to find the optimal values for the reference PL 𝑃𝐿(𝑑0) and the PLE 𝛽 

that create a linear fit for the log-distance model by solving the following minimisation problem. 

 

[𝑃𝐿̂(𝑑0), 𝛽̂] = arg min
𝑃𝐿(𝑑0),𝛽

 ∑  𝑁
𝑖=1 (𝑃𝐿𝑖 − (𝑃𝐿(𝑑0) + 𝛽 ⋅ 10log10 (𝑑𝑖/𝑑0)))

2

 (4) 

 

This provides an accurate PL model tailored to specific environment before it is used for distance estimation. 

 
 

6. LOCALIZATION ALGORITHM  

This section details the localization algorithm, which processes the estimated ground distances to 

determine the final 2D coordinates of each unknown sensor as shown in Algorithm 1. The process is 

fundamentally based on the principle of multilateration, where multiple known UAV waypoint positions and 

their respective distances are used to find an unknown position. A crucial pre-processing step, waypoint 

combination selection, is first applied to select geometrically stable sets of waypoints. These selected 

waypoints (SWP) are then fed into the main localization algorithms for the final position calculation. 

 

Algorithm 1. Two-stage UAV localization framework 

Inputs: waypoint set and coordinates, PL measurements, reference node data, thresholds/constraints. 

1) Acquire PL measurements along SCAN waypoints. 

2) Stage 1: spatial refinement (neighbor averaging). 

3) Fit/calibrate log-distance PL parameters using reference node. 

4) Convert PL → distance estimates for unknown sensors. 

5) Stage 2: generate waypoint subsets satisfying (non-collinear, non-adjacent). 

6) For each subset: estimate position via WLS or PSO. 

7) Average/aggregate all valid subset solutions → final estimate. 

Outputs: estimated sensor position(s). 
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6.1.  Waypoint combination generation 

Initially, a set of the n most suitable waypoints, denoted SWP, is created. This is achieved by first 

estimating the 3D slant distance from the unknown sensor to every available UAV waypoint. Then, only the 

waypoints whose estimated distance falls within a predefined range are included in the SWP set. This 

filtering step is designed to exclude waypoints that are either too close (which may suffer from near-field 

effects) or too far away (which are more susceptible to severe measurement inaccuracies), thereby retaining 

only the most reliable data for localization. 

The geometric configuration of the UAV waypoints relative to the unknown sensor is a crucial 

factor that greatly affects the final localization accuracy. This relationship is formally measured by a metric 

called dilution of precision (DOP), which indicates how the waypoint geometry impacts the accuracy of the 

position estimate. Statistically, DOP acts as a multiplier of the ranging error; a lower DOP value signifies a 

more favorable geometric arrangement and thus a greater potential for accurate localization. For the 2D 

localization problem, the horizontal dilution of precision (HDOP) is utilized. It is derived from a geometry 

matrix, denoted as H, constructed as (5) [5]. 
 

𝐻 =

[
 
 
 
 
 

(𝑥𝑠−𝑥1)

𝑟1− actual 

(𝑦𝑠−𝑦1)

𝑟1− actual 

(𝑥𝑠−𝑥2)

𝑟2− actual 

(𝑦𝑠−𝑦2)

𝑟2− actual 

⋮ ⋮
(𝑥𝑠−𝑥𝑁)

𝑟𝑁− actual 

(𝑦𝑠−𝑦𝑁)

𝑟𝑁− actual ]
 
 
 
 
 

 (5) 

 

Where (𝑥𝑠 , 𝑦𝑠) are the coordinates of the unknown sensor, ( 𝑥𝑖 , 𝑦𝑖  ) for 𝑖 = 1, . . , 𝑁 are the coordinates of the 

𝑖-th waypoint, and 𝑟𝑖−𝑎𝑐𝑡𝑢𝑎𝑙 is the true 2D ground distance between them. The covariance matrix 𝐺 is then 

derived as (6). 
 

𝐺 = (𝐻𝑇𝐻)−1 (6) 
 

From which HDOP can be computed from the diagonal elements of this covariance matrix. Specifically, it is 

the square root of the sum of 𝐺1,1 which represents the variance of the error in the x-coordinate, and 𝐺2,2 

which represents the variance of the error in the y-coordinate as (7). 
 

𝐻𝐷𝑂𝑃 = √𝐺1,1 + 𝐺2,2 (7) 
 

A direct calculation of HDOP for each potential waypoint combination is impractical, as the formula 

for the geometry matrix 𝐻 requires the unknown sensor coordinates (𝑥𝑠,𝑦𝑠). Therefore, this work uses the 

HDOP concept as a guiding principle to establish two practical geometric conditions that ensure a  

well-conditioned matrix and a low HDOP value without needing to solve this circular problem. The stability 

of the HDOP calculation depends entirely on the properties of the matrix product (𝐻𝑇𝐻). A high HDOP is 

the direct result of this matrix being singular or ill-conditioned. The proposed geometric rules are designed to 

prevent this: 

i) The non-collinear condition: if waypoints are collinear (on a straight line), the geometry provides ranging 

information in only one dimension. This causes the geometry matrix 𝐻 to become rank-deficient,  

which in turn makes the (𝐻𝑇𝐻) matrix singular (non-invertible). Mathematically, this corresponds to an 

infinite HDOP. The non-collinear rule is therefore a direct safeguard to eliminate these geometrically 

unstable combinations. 

ii) The non-adjacent condition: if waypoints are clustered closely together, the directional vectors in the 

rows of matrix 𝐻 become very similar. This causes the (𝐻𝑇𝐻) matrix to be ill-conditioned (nearly 

singular). Inverting an ill-conditioned matrix is a numerically unstable process that significantly 

amplifies any small measurement errors, resulting in a large HDOP. The non-adjacent rule ensures that 

waypoints are well-spread, leading to a well-conditioned matrix and a low, stable HDOP. 

Following the principles of multilateration, all possible combinations of four waypoints are then 

generated from this SWP set. The total number of these candidate subsets, 𝑚, is given by 𝑚 = (𝑆𝑊𝑃
4

). Each 

candidate subset, denoted as 𝐶 ∈ 𝑅4×2, is a matrix and must be a subset of SWP, expressed as (8). 

 

𝐶 ⊆ 𝑆𝑊𝑃 and |𝐶| = 4 (8) 

 

After the candidate subsets are generated, each candidate is evaluated to ensure it has a suitable geometry that 

satisfies both non-collinear and non-adjacent conditions. 
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The non-collinearity condition is critical for a stable localization result, as it ensures the waypoints 

are well-spread and are not on a single line. This is satisfied by verifying that the area of the triangle formed 

by any three waypoints within the candidate subset is significantly greater than zero. For any three points 

(𝑥1, 𝑦1), (𝑥2, 𝑦2), and (𝑥3, 𝑦3) in the subset, the area must satisfy as (9). 

 

𝐴𝑟𝑒𝑎 =
1

2
𝑥1|(𝑦2 − 𝑦3) + 𝑥2(𝑦3 − 𝑦1) + 𝑥3(𝑦1 − 𝑦2)| > 𝜖𝑎𝑟𝑒𝑎 (9) 

 

Where 𝜖𝑎𝑟𝑒𝑎 is a small positive threshold used to reject nearly collinear waypoint triplets, not only perfectly 

collinear ones. In practice, measurement noise and limited numerical precision can produce very small 

triangle areas even when points are not exactly on a single line. Therefore, 𝜖𝑎𝑟𝑒𝑎 is selected relative to the 

waypoint spacing used in the SCAN spacing, so that degenerate or near-degenerate geometries are excluded 

while keeping the majority of well-spread triplets valid. This improves the conditioning of multilateration 

and stabilises the localization solution. 

The non-adjacency condition is then applied to ensure the waypoints in a candidate subset are not 

clustered together, which improves the geometric strength of the multilateration. This is enforced by 

requiring the Euclidean distance between any two waypoints, 𝑊𝑃𝑖  and 𝑊𝑃𝑗 , in the subset to be greater than a 

minimum separation threshold, 𝑑𝑡ℎ𝑟𝑒𝑠ℎ as (10). 

 

𝑑(𝑊𝑃𝑖 ,𝑊𝑃𝑗) > 𝑑𝑡ℎ𝑟𝑒𝑠ℎ (10) 

 

Where 𝑖 and 𝑗 are waypoint indices. The threshold 𝑑𝑡ℎ𝑟𝑒𝑠ℎ is set with respect to the waypoint spacing  

used in the SCAN grid to prevent clustered subsets. Specifically, 𝑑𝑡ℎ𝑟𝑒𝑠ℎ is chosen slightly larger than the 

diagonal-neighbour separation (approximately √2 times the SCAN waypoint spacing), so that immediate 

horizontal, vertical, and diagonal neighbours are excluded. This increases the effective baselines between 

SWP, improves geometric diversity, and reduces sensitivity to small distance-estimation errors. 

In cases where waypoints are indexed sequentially along the flight path, a computationally simpler 

method can be used by requiring that indices of any two waypoints are not consecutive as shown in (11). 

 

|𝑖𝑛𝑑𝑒𝑥(𝑊𝑃𝑖) − 𝑖𝑛𝑑𝑒𝑥(𝑊𝑃𝑗)| > 1 (11) 

 

Finally, a candidate subset 𝐶 of four waypoints is included in the final set of valid subsets, 𝐶𝑣𝑎𝑙𝑖𝑑 , only if it 

simultaneously satisfies both geometric conditions.  

In (12), let (
𝐶
𝑘
) denotes the set of all k-element subsets of 𝐶.The non-collinearity condition requires 

𝐶𝑣𝑎𝑙𝑖𝑑 ⊆ 𝐶 to satisfy the condition 𝐴𝑟𝑒𝑎(𝑇) >  𝜖𝑎𝑟𝑒𝑎, for all 𝑇 ∈ (
𝐶
3
). At the same time, the non-adjacency 

condition mandates that 𝑑(𝑃) > 𝑑𝑡ℎ𝑟𝑒𝑠ℎ  for all 𝑃 ∈ (
𝐶
2
). Both of these geometric constraints must hold true 

for the subset to be considered valid. In other words: 

 

𝐴𝑟𝑒𝑎(𝑇) > 𝜖𝑎𝑟𝑒𝑎 , ∀𝑇 ∈ (𝐶
3
)

𝑑(𝑃) > 𝑑𝑡ℎ𝑟𝑒𝑠ℎ , ∀𝑃 ∈ (𝐶
2
)

 (12) 

 

where 𝐶𝑣𝑎𝑙𝑖𝑑 is the final set containing all valid subsets.  

 

6.2.  Ground sensor localization 

For an unknown sensor, let the actual 2D position be denoted by 𝑝𝑠 = [𝑥𝑠 , 𝑦𝑠]. Its estimated position 

by 𝑝̂𝑠 = [𝑥̂𝑠, 𝑦̂𝑠]. The estimation is carried out using the PL measurements obtained from 𝑁 known UAV 

waypoint locations. First, the 3D slant distance 𝑑̂𝑖 from the unknown sensor to the 𝑖-th waypoint is estimated 

using the PLE, 𝑑̂𝑖, determined from the reference sensor data via the log-distance model. In the (13) gives 

estimated 3D slant distance. 

 

𝑑̂𝑖 = 𝑑0. 10
(
𝑃𝐿(𝑑𝑖)−𝑃𝐿(𝑑0)

10𝛽
)
 (13) 

 

Next, the estimated 3D slant distance is converted to the estimated 2D horizontal (ground) distance, 𝑟̂𝑖, using 

the known UAV altitude, ℎ. In the (14) converts the estimated 3D slant distance to 2D horizontal distance. 
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𝑟̂𝑖 = √𝑑̂𝑖
2
− ℎ2 (14) 

 

The error for a single measurement, 𝑒𝑟𝑖, is the difference between the calculated distance from a potential 

sensor location [𝑥𝑠 , 𝑦𝑠] to a waypoint and the estimated ground distance, 𝑟̂𝑖, for that waypoint as (15). 

 

𝑟𝑖 − 𝑎𝑐𝑡𝑢𝑎𝑙 = √(𝑥𝑠 − 𝑥𝑖)
2 + (𝑦𝑠 − 𝑦𝑖)

2 (15) 

 

Where 𝑥𝑖  and  𝑦𝑖  are the coordinates of the 𝑖-th waypoint. In the (16) defines the measurement error. 

 

𝑒𝑟𝑖 = 𝑟𝑖−𝑎𝑐𝑡𝑢𝑎𝑙 − 𝑟̂𝑖 (16) 

 

The localization problem is then formulated as an optimization task. The goal is to find the sensor 

coordinate estimate, 𝑝̂𝑠, that minimises the total error across all 𝑁 waypoints. For this, the multilateration 

method is used to formulate the objective function. The standard approach is to minimise the sum of the 

squared errors (SSE), which can be expressed as (17). 

 

𝑝̂𝑠 = 𝑎𝑟𝑔 𝑚𝑖𝑛𝑒(|𝑒𝑟𝑖|) = 𝑎𝑟𝑔 𝑚𝑖𝑛𝑒 (∑ (√(𝑥𝑠 − 𝑥𝑖)
2 + (𝑦𝑠 − 𝑦𝑖)

2 − 𝑟̂𝑖)
2

𝑁
𝑖=1 ) (17) 

 

Where 𝑝̂𝑠 is the estimated ground-sensor coordinates (𝑥̂𝑠 , 𝑦̂𝑠). 
Since the sensors are in a dense reflective environment, the measured PL is prone to high errors 

from multipath propagation phenomena. This makes it difficult to find an optimal solution close to the actual 

location; therefore, powerful optimization algorithms must be utilized. In this work, two distinct algorithms 

are used to solve the localization problem: WLS and PSO. These two approaches are selected because they 

combine competitive accuracy with practical implementability under noisy path-loss–derived ranges and 

multipath reflections. PSO maintains a swarm of candidate solutions and explores multiple regions of the 

search space simultaneously; candidates that drift towards local minima caused by multipath effects can be 

guided away through the social and cognitive terms towards fitter regions, which improves robustness on a 

rough error surface.  

In contrast, WLS provides a computationally efficient estimate after linearizing the range equations 

and incorporates a weighting matrix so that less reliable range estimates contribute less to the final solution. 

This diversity enables a systematic comparison between a heuristic search method (PSO) and an analytical 

linearized method (WLS). The following paragraph exhibits the mathematical models of these algorithms. 

 

6.2.1.  Particle swarm optimization 

PSO explores multiple candidate solutions simultaneously, making it resilient to multipath-induced 

false minima. For a swarm of 𝑀 particles let 𝑥𝑘
𝑚 and 𝑣𝑘

𝑚 be the position and velocity of particle 𝑚 at iteration 

𝑘.PSO evolves according to (18). 

 

𝑣𝑘+1
(𝑚)

= 𝜔𝑣𝑘
(𝑚)

+ 𝑐1𝑙1(𝑝𝑘
(𝑚)

− 𝑥𝑘
(𝑚)

) + 𝑐2𝑙2(𝑔𝑘 − 𝑥𝑘
(𝑚)

),

𝑥𝑘+1
(𝑚)

= 𝑥𝑘
(𝑚)

+ 𝑣𝑘+1
(𝑚)

,
 (18) 

 

Where 𝜔 is the inertia weight, 𝑐1and 𝑐2 are cognitive and social coefficients respectively, 𝑙1, 𝑙2 ∼ 𝒰(0,1) are 

independent scalars, p𝑘
(𝑚)

= 𝑎𝑟𝑔 min
𝑝∈{𝐱0

(𝑚)
,…,𝐱𝑘

(𝑚)
}

𝑝̂ is particle 𝑚’s personal best, and  

𝑔𝑘 = 𝑎𝑟𝑔 𝑚𝑖𝑛
𝑚∈{1,..,𝑀}

𝑓(𝑝𝑘
(𝑚)

) which is the best position found by any particle in the entire swarm up to that 

point.𝑓(𝑝) is the objective function value at position 𝑝. 

Boundary conditions (clamping, reflection, or projection) are applied to 𝑥𝑘+1
(𝑚)

 to keep particles inside 

the feasible region. After a determined number of iterations, the global best 𝑔𝑘𝑓𝑖𝑛𝑎𝑙
 is reported as the PSO 

estimate location 𝑝̂𝑃𝑆𝑂. In summary, for the particle-swarm process, each particle 𝑚 = 1,… ,𝑀 at iteration 𝑘 

is characterised by a position vector 𝑥𝑘
(𝑚)

∈ ℝ2 and a velocity vector𝑣𝑘
(𝑚)

; the update law contains the inertia 

weight 𝜔 ∈ (0,1], which scales the memory of the previous velocity, together with the cognitive and social 

acceleration coefficients 𝑐1 and 𝑐2 that weight, respectively, the attraction toward the particle’s best-ever 

position 𝑝𝑘
(𝑚)

 and the swarm’s global best position 𝑔𝑘. The scalars 𝑙1 and 𝑙2 appearing in the velocity 

equation are independent draws from the continuous uniform distribution 𝒰(0,1). 
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6.2.2. Weighted least-squares  

WLS reduces the influence of unreliable measurements by weighting them inversely to variance. 

The WLS algorithm is used to find an analytical solution to the system of non-linear range equations. The 

equation for each of the 𝑁 waypoints in a selected group is (19). 

 

(𝑥̂𝑠 − 𝑥𝑖)
2 + (𝑦̂𝑠 − 𝑦𝑖)

2 = 𝑟̂𝑖
2 (19) 

 

To linearize this system, the equation is expanded and a new variable, = 𝑥̂𝑠
2 + 𝑦̂𝑠

2, is introduced. This 

rearranges the system into the standard linear form 𝑏 = 𝐴𝑥, where 𝑥 = [𝑥̂𝑠, 𝑦̂𝑠, 𝐾]𝑇 is the vector of unknowns to 

be solved. The design matrix A and observation vector b are constructed for the N waypoints as (20) and (21). 

 

𝐴 = [

2𝑥1 2𝑦1 −1
2𝑥2 2𝑦2 −1
⋮

2𝑥𝑁

⋮
2𝑦𝑁

⋮
−1

] (20) 

 

𝑏 =

[
 
 
 
𝑥1

2 + 𝑦1
2 − 𝑟̂1

2

𝑥2
2 + 𝑦2

2 − 𝑟̂2
2

⋮
𝑥𝑁

2 + 𝑦𝑁
2 − 𝑟̂𝑁

2]
 
 
 
 (21) 

 

The WLS solution incorporates a weight matrix 𝑊, where the diagonal entries are typically the 

inverse of the measurement variance, giving less influence to less reliable data. The solution is given by (22). 

 

𝑥̂ = (𝐴𝑇𝑊𝐴)−1𝐴𝑇𝑊𝑏 (22) 

 

The final estimated sensor location [𝑥̂𝑠 , 𝑦̂𝑠] is given by the first two elements of the solution vector 𝑥̂. 

 

6.2.3. Evaluation parameters  

The performance of the localization algorithms is evaluated and compared using three standard 

metrics: the mean absolute error (MAE) and the root-mean-square error (RMSE). These metrics are defined 

for the set of S unknown sensor locations. Let 𝑝 = [𝑥̂𝑠 , 𝑦̂𝑠] be the true location of sensor s, and 𝑝̂𝑠 = [𝑥̂𝑠, 𝑦̂𝑠] 
be its estimated location. The localization error is the Euclidean distance between these two points,  
‖𝑝𝑠 − 𝑝̂𝑠‖. The metrics are then defined as (23) and (24). 

 

𝑀𝐴𝐸 =
1

𝑆
∑  𝑆

𝑠=1 ‖𝑝𝑠 − 𝑝̂𝑠‖ (23) 

 

𝑅𝑀𝑆𝐸 = √
1

𝑆
∑  𝑆

𝑠=1 ‖𝑝𝑠 − 𝑝̂𝑠‖
2 (24) 

 

MAE averages the absolute deviations and therefore measures the typical linear error magnitude;  

RMSE squares the deviations before averaging and taking the square root, penalizing larger errors  

more heavily. 

 

 

7. SIMULATION ENVIRONMENT SETUP 

This section outlines the simulation setup employed to assess the effectiveness of the proposed 

framework. The simulation setup is partially inspired by [32]. The wireless insite (WI) simulator is used to 

emulate a realistic UAV-to-ground communication scenario within an urban landscape. The urban region of 

Rosslyn is selected due to its complex and heterogeneous building structures, which contribute to a 

multipath-rich propagation environment. The UAV maintains a fixed altitude of 110 m, chosen as a balance 

between enhancing the probability of line-of-sight (PLOS) connectivity and maximizing ground coverage. 

In the simulated environment, 20 ground nodes are randomly distributed across a 400×500 m 

deployment area. The UAV operates along a predetermined flight path generated using the SCAN algorithm 

with a 20 m spacing between waypoints, resulting in a total of 546 discrete waypoints. PL estimation is 

conducted via WI’s ray-tracing engine to provide high-fidelity propagation modelling. The key simulation 

parameters are summarized in Table 2. 
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Table 2. Environment and simulation parameters 
Parameter Value 

Carrier frequency 5.9 GHz 

Reference distance 𝑑0 1 m 

UAV altitude 110 m 

Number of ground nodes 20 

Nodes distribution Random uniform distribution 
Deployment area  400×500 m2 

Number of swarm particles 50 

Transmit power 10 dBm 
Channel bandwidth 500 MHz 

Antenna type Isotropic, gain = 0 dB 

Waypoints’ spacing 20 m 
Number of reflections (max) 6 

Number of diffraction (max) 1 

 

 

8. RESULTS AND DISCUSSION 

This section presents and discusses the results obtained from the simulation. It begins by analyzing 

the characteristics of the simulated PL data, which forms the input for the localization algorithms. 
 

8.1.  Path loss analysis 

The statistical properties of the PL error, 𝑒𝑘, are first analysed for the 𝑁 individual measurements. 

This error is the difference between the measured PL, 𝑃𝐿𝑚𝑒𝑎𝑠𝑢𝑟𝑒𝑑,𝑘, and the theoretical PL, 𝑃𝐿theoretical ,𝑘, 

which is the value predicted by the log-distance model using the true distance. In (25) defines the PL error. 
 

𝑒𝑘 = 𝑃𝐿𝑚𝑒𝑎𝑠𝑢𝑟𝑒𝑑,𝑘 − 𝑃𝐿theoretical ,𝑘 (25) 
 

From the resulting set of 𝑁 error values, the mean error, 𝜇𝑒, is calculated as the arithmetic average. In (26) 

gives the mean error 
 

𝜇𝑒 =
1

𝑁
∑ 𝑒𝑘

𝑁
𝑘=1  (26) 

 

The standard deviation of the error, 𝜎𝑒, which quantifies the spread or variability of the error, is then 

calculated using the standard formula for an unbiased sample standard deviation. In (27) defines the standard 

deviation of the error. 
 

𝜎𝑒√
1

𝑁−1
∑ (𝑒𝑘 − 𝜇𝑒)

2𝑁
𝑘=1  (27) 

 

These (25) to (27) provide the mathematical basis for the statistical analysis of the PL measurement 

errors presented in this work. The distribution of the PL error is shown in Figure 3. The histogram reveals a 

non-Gaussian, skewed pattern with heavy tails, indicating significant outliers. This broader variability 

reflects multipath and shadowing-induced fluctuations and underscores the need for further error reduction to 

improve localization accuracy. 
 

 

 
 

Figure 3. PL errors distribution 
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To further assess normality, Figure 4 presents a set of diagnostic plots for the linear regression 

model. The quantile-quantile (QQ) plot in Figure 4(a) compares the empirical residual quantiles against those 

expected under a Gaussian distribution. While the central portion of the data lies close to the reference line, 

the systematic divergence in both tails demonstrates clear departures from normality. The upper tail in 

particular shows extreme deviations, reflecting the influence of large outliers. This behavior is reinforced by 

the residuals vs fitted plot in Figure 4(b), which shows that the spread of residuals widens systematically as 

the fitted PL increases. Rather than a constant cloud around zero, the points fan out from a few dB at  

93-96 dB to well over 10 dB beyond 101 dB, with several extreme outliers exceeding 30-50 dB. This pattern 

indicates that the error variance is not constant. Together, these plots provide strong evidence that the 

residuals cannot be treated as normally distributed and that heavy-tailed effects must be accounted for in 

robust modelling. 

 

 

 
(a) 

 
(b) 

 

Figure 4. Linear regression model assumption checks (a) residuals vs fitted value plot and (b) QQ plot of 

residuals vs normal 

 

 

Figure 5 visualizes the PL field observed by UAV across the SCAN region for the known reference 

sensor. Although the transmitter location is fixed, the PL surface is clearly non-uniform due to blockage and 

multipath in the dense urban layout. This motivates the proposed stage-1 spatial refinement, which reduces 

local irregularities in the PL samples before estimating PL parameters and performing localization. 

 

 

 
 

Figure 5. Spatial distribution of PL in the urban SCAN area for the reference sensor 
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PL values (dB) are obtained from the ray-tracing simulation at the UAV SCAN waypoints and 

interpolated over the (x,y) region for visualization. The star marks the true sensor location. The pronounced 

spatial fluctuations and localized high-loss regions (e.g., around building blocks) indicate strong NLoS and 

multipath effects, which can cause large ranging errors if raw PL samples are used directly.  

Figure 6 illustrates the effectiveness of the data refining process by comparing the raw PL 

measurements against the refined PL data. The raw measured data (blue circles) exhibit a significant degree 

of scatter and contain numerous outliers, such as the measurement above 160 dB, which is characteristic of a 

multipath-rich environment. In contrast, the spatially refined data (red crosses), using the proposed method 

described in section 5, is visibly more concentrated around the central trend, showing a clear reduction in 

variance. This demonstrates that the refining process successfully mitigates the impact of severe outliers and 

reduces the overall measurement noise. The resulting refined dataset provides a cleaner, more stable input for 

the subsequent PL model fitting and localization algorithms, as shown by the log-distance fit of the linear 

model (solid black line). 

 

 

 
 

Figure 6. Comparison between PL measured and refined data 

 

 

8.2.  Localization results 

This section presents the performance evaluation results for the proposed framework. The evaluation 

is conducted on the error distribution illustrated in Figure 3. A statistical analysis of this data reveals a high 

shadowing standard deviation of 8.41 dB. The WLS and PSO localization algorithms are considered to 

validate the effectiveness of proposed method. Moreover, the obtained results are compared with the baseline 

approach that uses unprocessed, raw data [33] in terms of MAE and RMSE, as summarized in Table 3. 

As illustrated in Table 3, a significant improvement in localization performance was achieved by the 

proposed method compared with the baseline method. The most dramatic improvement is seen when 

comparing the "refined data" methods against the "raw data" baseline. Using the raw, unprocessed data 

resulted in very high localization errors, with an MAE exceeding 150 m. By simply applying the refining 

process (the "refined data" method), this error was more than halved to approximately 62 m. This proves that 

mitigating the effects of noise and multipath through data refining is a critical first step for achieving a 

reasonable level of accuracy, and this reflects on the necessity of data refining. 

The most important conclusion is drawn from comparing the "proposed method" against the "refined 

data" method. While both use refined data, the proposed method adds the crucial step of conditional 

geometric combination (selecting non-collinear and non-adjacent waypoints), the quantitative impact of 

which is demonstrated in the detailed analysis in subsection 8.3. This single step reduced the localization 

error from over 60 m MAE down to 8.5 m MAE, a very high improvement. This demonstrates that simply 

refining the data is insufficient; the conditional geometric combination of waypoints is the dominant factor in 

achieving high-precision localization, and this shows critical impact of conditional geometric combination. 

The performance of the WLS and PSO algorithms was very competitive. In the "proposed method", 

PSO achieved a lower error (8.42 m MAE) compared to WLS (8.54 m MAE). This suggests that under 

conditional geometric combination, both algorithms achieved a similarly accurate localization result. 



                ISSN: 2252-8938 

Int J Artif Intell, Vol. 15, No. 1, February 2026: 412-428 

424 

Table 3. Localization performance comparison 
Method MAE (m) RMSE (m) 

Proposed method (WLS) 8.54 15.28 m 
Proposed method (PSO) 8.42 15.08 m 

Refined data (WLS) 62.48 65.83 m 

Refined data (PSO) 61.41 62.14 m 
Raw PL (WLS) [24] 157.71 168.77 m 

Raw PL (PSO) [29] 150.92 160.14 m 

 

 

Figure 7 summarizes localization robustness as the shadowing standard deviation\sigma increases. 

Raw PL [3] for WLS and [28] for PSO produces very large errors and is highly sensitive to shadowing, and 

refinement alone improves performance but still leaves substantial error. In contrast, the proposed two-stage 

method remains consistently low-error for both WLS and PSO, confirming that spatial refinement must be 

combined with geometry-conditioned subset selection for stable localization in dense urban conditions. The 

proposed method maintains low and stable localization error across increasing shadowing levels, while raw 

and refined-only processing exhibit substantially larger RMSE due to multipath/NLoS distortion and weaker 

geometric conditioning. 
 

 

 
 

Figure 7. RMSE versus shadowing standard deviation/sigma for WLS and PSO under raw PL, refined PL, 

and the proposed two-stage framework 
 

 

8.3.  Analysis of the impact of the geometric waypoint  

In this analysis, the WLS results are obtained via grid search to find the minimum sum of squared 

errors. This ensures the optimal solution is found and provides a fair comparison against the PSO algorithm. 

To analyze the impact of the waypoint geometry on the localization accuracy, four scenarios are considered 

with different geometric configurations: i) adjacent and non-collinear, ii) collinear and non-adjacent,  

iii) collinear and adjacent, and iv) non-collinear and non-adjacent. For all scenarios, four waypoints are 

selected. The distance estimation error at each waypoint is kept constant across the scenarios, with values of 

+10 m, -7 m, +15 m, and -18 m. The comparative analysis is carried out based on the region of the minimum 

error surface, which reflects the localization accuracy associated with each geometric configuration.  

As illustrated in Figure 8, although the error at each waypoint was kept constant across all scenarios, 

the region of minimum error on the surface (dark blue area) varies significantly. These results suggest that 

variation is purely caused by the geometry of the waypoints. It is evident that when waypoints are selected 

for scenarios 1-3, the area of the minimum error surface region is flat/elongated compared to the area of the 

region obtained by scenario 4, which utilizes the geometrical conditions mentioned above. These findings 

highlight that, in scenarios 1-3, the area of global minima is large, making it difficult for localization 

algorithms to converge on an optimal solution close to the true ground sensor location. 

To further analyze the impact of waypoint geometry on localization error, a 50-iteration  

Monte Carlo simulation was performed for both the WLS and PSO algorithms. In each iteration, the 

waypoint positions were randomly disturbed while adhering to the geometric constraints of each of the four 

scenarios. The final localization error was calculated for each run and is illustrated using cumulative 

distribution function (CDF) in Figure 9. This figure comparing the performance of the four geometric 

waypoint configurations. The CDF plots for both WLS as in Figure 9(a) and PSO as in Figure 9(b) showed 
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that the ‘non-adjacent, non-collinear (proposed)’ geometry configuration significantly improves the 

localization accuracy compared to the other configurations. In both figures, the curve for the proposed 

method rises steeply and is furthest to the left, indicating a very high probability of achieving a low 

localization error. In contrast, the other three geometries show significantly poorer performance, with their 

curves shifted far to the right, signifying much larger localization errors. 

The numerical results from the simulation reinforce these findings. The ‘proposed’ geometry yielded 

an exceptionally low average error of approximately 5.9 and 5.8 m for WLS and PSO, respectively.  

This is an order of magnitude better than the other scenarios, where average errors ranged from 44 m to over 

100 m. Notably, the results for the ‘proposed’ geometry are nearly identical for both algorithms, which 

demonstrates that when the waypoint geometry is optimal, the localization result is robust and independent of 

the specific optimization method used. 
 

 

 
 

Figure 8. Visualization of the error surface for four different waypoint geometries 
 

 

  
(a) (b) 

 

Figure 9. Cumulative CDF of localization error of (a) WLS and (b) PSO 
 

 

9. CONCLUSION 

In this work, we proposed and validated a two-stage framework for accurate UAV-assisted ground 

sensor localization in dense urban environments using PL measurements. We demonstrated that processing 



                ISSN: 2252-8938 

Int J Artif Intell, Vol. 15, No. 1, February 2026: 412-428 

426 

raw PL data is insufficient, leading to localization errors exceeding 150 m. The proposed framework 

addresses this by first refining the PL data. The stage-2 introduces a conditional geometric combination 

approach to select the non-collinear and non-adjacent waypoints, which proved to be the dominant factor in 

achieving high accuracy. Unlike prior UAV/RSSI localization studies that rely on fixed PLE assumptions, 

map-aided LoS/NLoS classification, or direct optimization on raw measurements, our key novelty is the 

combination of i) spatial PL refinement and ii) conditional geometric subset selection that explicitly rejects 

near-degenerate waypoint geometries before applying WLS/PSO. Through simulation, we demonstrated that 

our proposed framework reduced the localization error to ~8.5 m. These findings confirm that data 

processing and waypoint selection using conditional geometric combination is essential for reliable UAV-

based localization in dense multipath scenarios. Practically, the proposed framework enables meter-level 

UAV-assisted localization in dense urban environments. However, the current results are based on ray-

tracing simulations, and the computational load grows with the number of sensors and the waypoint subsets 

evaluated, which can also increase UAV flight time. The framework is relevant to urban IoT monitoring, 

post-incident infrastructure/disaster assessment, and asset or sensor tracking in areas where global navigation 

satellite system GNSS is unreliable. These limitations will be addressed in future work through real-world 

measurement campaigns and adaptive waypoint/subset and trajectory planning to reduce the required 

measurements and computation. Future work will evaluate the framework using real-world measurement 

campaigns in urban environments to validate robustness beyond ray-tracing simulations. In addition, we will 

explore dynamic 3D UAV trajectories in which altitude is jointly optimized with the horizontal path, and 

adaptive waypoint planning to reduce the number of measurements while preserving geometric strength. 

From a scalability perspective, we will investigate how the framework performs as the number of sensors 

increases, including strategies to reduce computational load through subset pruning and parallel processing, 

while maintaining accuracy. Finally, integrating 3D urban map awareness into the waypoint-selection stage 

may further improve reliability under severe NLoS conditions. 
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