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Abstract 

The problem of Reduced Capability (RedCap) User Equipment (UE) positioning within indoor 5G 
networks is addressed. While conventional approaches rely on time-domain ranging, the limited 
signal bandwidth associated with RedCap devices often prevents these methods from satisfying 
stringent accuracy requirements. As an alternative, this paper proposes a positioning framework 
based on Angle-of-Arrival (AoA) measurements. The framework incorporates a low-complexity AoA 
estimation algorithm derived from the analysis of the spatial covariance matrix. This procedure 
inherently generates a link quality metric which, alongside the AoA estimate, is utilized for final UE 
localization. The proposed localization algorithm belongs to the class of Weighted Least Squares 
(WLS) estimators and provides a unified approach to UE positioning in both 2D and 3D physical 
space. Simulation results demonstrate the effectiveness of the proposed framework under the 
challenging high-multipath conditions inherent to 5G indoor deployments. 

Keywords: indoor positioning; 5G RedCap; Angle of Arrival (AoA); antenna arrays; weighted least 
squares (WLS); spatial covariance matrix; multipath mitigation; indoor factory (InF) 
 

1. Introduction 

The ongoing evolution of fifth-generation (5G) networks and the subsequent transition to sixth-
generation (6G) networks are driven by rising commercial and technical demands. The diverse set of 
5G applications is characterized by the well-known triangle formed by Enhanced Mobile Broadband 
(eMBB), Ultra-Reliable Low Latency Communications (URLLC), and Massive Machine-Type 
Communications (mMTC). While the primary objective within each group of applications is to 
maximize communication performance, the capability to perform positioning is of crucial importance 
for many existing and potential applications. 

In the context of 5G communication systems, positioning is a procedure aimed at estimating the 
unknown coordinates of user equipment (UE), under the assumption that the coordinates of the 
transmission and reception points (TRPs) are known. The TRPs involved in this process are 
commonly referred to as reference nodes or anchor points. 

A variety of ambitious 5G applications, such as autonomous vehicles, digital twins, and 
augmented reality can potentially benefit from high-accuracy positioning. Furthermore, access to 
location-aware services is of great practical interest for a range of industrial segments known as 
Industry 4.0. For example, highly automated plants may require high-precision positioning for 
gathering information about resource placement, as well as for tracking assets and tools in both 
production and storage. As 5G deployments gain momentum, the challenge of 5G positioning and, 
specifically, indoor positioning, is aĴracting significant research interest [1,2]. 

The performance of widespread time-domain positioning methods based on Time of Arrival 
(ToA) or Time Difference of Arrival (TDoA) estimation is known to be strongly dependent on the 
signal bandwidth (BW) [2]. While a wide signal BW is inherent to some 5G use cases, this is not 
always the case. In particular, 3GPP Rel-18 features the positioning of Reduced Capability (RedCap) 
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UEs [3]. RedCap UEs include wearables (e.g., smartwatches, medical devices, and AR/VR goggles), 
industrial wireless sensors, and video surveillance. The primary motivation for RedCap UEs is to 
reduce cost and complexity compared to high-end eMBB and URLLC devices. This requires 
significant hardware simplification and, more importantly for positioning, a reduction in signal BW. 
Specifically, the maximum UE bandwidth is 20 MHz for FR1 and 100 MHz for FR2. At the same time, 
stringent positioning performance must be maintained. For commercial use cases, the horizontal and 
vertical positioning accuracy should be beĴer than 3 m, while for industrial use cases, the target is 
under 1 m (horizontal) and 3 m (vertical) for 90% of UEs [4]. 

Given the bandwidth (BW) limitations, achieving the required positioning accuracy with 
ToA/TDoA approaches may be challenging. Therefore, alternative methods must be considered. One 
such approach is based on Angle of Arrival (AoA) measurements [1]. The primary advantage of 
angular-domain positioning is that its performance is only weakly dependent on the signal BW [5]. 
A practical drawback of AoA-based methods is the requirement for multiple-antenna systems at the 
receiver; however, antenna arrays are already widely used for communication and are an inherent 
part of 5G networks. Furthermore, AoA estimation can be performed on the uplink. Consequently, 
AoA-based positioning can be implemented for low-cost RedCap UEs equipped with only a single 
antenna. 

In multipath conditions, the accuracy of AoA estimation is known to degrade more severely 
than that of ToA/TDoA [5]. This can lead to a significant reduction in positioning performance. Since 
dense multipath environments are inherent to 5G indoor deployments (e.g., the Indoor Factory (InF) 
scenario [6]), obtaining accurate AoA estimates for RedCap UEs may be challenging. Nevertheless, 
the high density of TRPs ensures that multiple AoA estimates are potentially available. Consequently, 
rather than focusing solely on the precision of individual estimates, one can utilize a link quality 
metric as an indicator of estimation quality. This metric can then be used for selecting or weighting 
the AoA estimates involved in the positioning process 

The main contributions of this paper are as follows: 

 Low-Complexity AoA Estimation: A simple algorithm for 1D and 2D Angle of Arrival (AoA) 
estimation based on the principal eigenvector of the spatial covariance matrix. This method is 
applicable to both Uniform Linear Arrays (ULAs) and Uniform Rectangular Arrays (URAs). 

 Intrinsic Link Quality Metric: A novel metric generated inherently during the AoA estimation 
process. This metric enables the dynamic weighting of User Equipment (UE)-to-TRP 
communication links to prioritize reliable measurements in multipath-rich environments. 

 Unified Localization Framework: An effective UE localization algorithm utilizing the derived 
AoA estimates and link quality metrics. Based on the Weighted Least Squares (WLS) estimation 
framework, it provides a consistent approach for positioning across both 2D and 3D physical 
spaces. 

The effectiveness of the proposed positioning framework in the dense multipath conditions 
inherent to 5G indoor deployments is demonstrated by the presented simulation results. The findings 
show that the stringent positioning accuracy requirements for RedCap UEs can be satisfied even in 
the challenging Indoor Factory (InF) scenario. 

2. Positioning Framework 
2.1. Motivation for AoA-Based Approach 

The most common approach to 5G positioning is based on time-domain ranging [7]. The 
underlying principle of the ToA method is to measure the propagation delay between transmission 
and reception, which is subsequently translated into the distance between a transmiĴer (e.g., the UE) 
and a receiver (e.g., the TRP). For ToA-based ranging to be effective, the TRP and the UE must be 
strictly synchronized. This requirement can be relaxed by transitioning to TDoA method, which 
utilizes the difference in arrival delays between the UE and two or more TRPs. In this scenario, only 
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the TRPs must be synchronized, which simplifies the practical implementation of the positioning 
system. 

Both ToA and TDoA methods can potentially provide high ranging accuracy, even in the dense 
multipath conditions inherent to 5G indoor deployments. This accuracy can be further enhanced by 
utilizing carrier phase (CP) measurements [8]. However, to achieve the extremely high precision 
offered by CP-based methods, the integer ambiguity problem must be resolved. In general, this 
requires additional system resources, such as multiple carriers or a greater number of TRPs compared 
to standard ToA/TDoA approaches. 

Once the time delays corresponding to several unique TRP-UE pairs are available, the UE 
coordinates can be determined by solving a trilateration (or multilateration) problem. This problem 
has a clear geometric interpretation [9]: for ToA, each delay value defines a sphere centered on the 
corresponding TRP, while for TDoA, each pair of delay values defines a hyperboloid with foci at the 
respective TRPs. Ideally, if measurements are error-free, the UE coordinates are located at the 
intersection of these spheres or hyperboloids. Consequently, trilateration is a fundamentally non-
linear problem. While some linearization techniques are possible [9], solving the original non-linear 
problem can require considerable computational resources. 

It is straightforward to see that any timing jiĴer between reference nodes translates directly into 
a dilution of precision for TDoA-based positioning. Nevertheless, in the context of 5G networks, the 
required nanosecond-level time synchronization can be maintained. The fundamental boĴleneck of 
ToA/TDoA-based positioning remains the strong dependency of ranging accuracy on the signal BW 
[2]. Consequently, positioning performance degrades considerably as the BW decreases. 
Furthermore, multipath interference is more problematic for narrowband signals, as the signal’s 
temporal characteristics become wide relative to the channel delay spread [5]. 

Therefore, it is expected that applying time-domain methods to indoor RedCap UEs will result 
in insufficient positioning accuracy. This challenge can be addressed by alternative approaches that 
analyze the received signal in either the power or angular domains. 

The simplest form of power-based positioning utilizes Received Signal Strength (RSS) 
measurements to perform power-domain ranging. However, due to the non-linear mapping between 
signal power and distance, particularly in dense multipath environments, this method typically 
yields low positioning accuracy. While significantly higher accuracy can be achieved through 
fingerprinting, such solutions require an extensive offline calibration stage and lack robustness 
against environmental changes or setup alterations [1]. 

Angle-based positioning utilizes information regarding the direction from which a signal is 
received, specifically through AoA measurements. The primary advantage of AoA-based positioning 
is that estimation accuracy is largely independent of the signal BW. Consequently, AoA-based 
methods can perform effectively with narrowband or even unmodulated signals [6]. This imposes 
significantly more relaxed bandwidth requirements compared to ToA, TDoA, and CP techniques. 
Moreover, AoA-based positioning has less stringent time synchronization requirements than those 
of time-domain methods [6]. 

Provided that the AoAs corresponding to several unique TRP-UE pairs are available, the UE 
coordinates can be determined by solving a triangulation problem. Similar to trilateration, 
triangulation has a clear geometric interpretation [9]: assuming error-free measurements, the UE 
coordinates are located at the intersection of rays originating from the respective TRPs. Consequently, 
unlike trilateration, triangulation can be formulated as a fundamentally linear problem. Furthermore, 
only two reference points are required to perform AoA-based positioning in 3D space, which offers 
a significant practical advantage over ToA/TDoA-based methods that require at least four. 
Accordingly, AoA-based techniques represent a promising alternative for the positioning of RedCap 
UEs. 

Despite its advantages, AoA-based positioning possesses certain limitations. First, a practical 
drawback is the requirement for specialized hardware to perform AoA estimation. While the field of 
AoA estimation has been established in radar and other sensing systems for decades, it generally 
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relies on phase-based methods [10]. This approach evaluates the orientation of the constant-phase 
wavefront and can be implemented in various ways. For example, AoA can be estimated by rotating 
a directional antenna; in this case, the AoA estimate corresponds to the direction where the RSS is 
maximized or minimized. 

With advancements in digital signal processing, another phase-based approach known as spatial 
aperture sampling [10] has seen widespread adoption. While this can take various forms, it is most 
commonly implemented using antenna arrays. To ensure accurate AoA estimation, these arrays must 
be calibrated following installation and periodically maintained to minimize measurement 
uncertainty. Nevertheless, given that antenna arrays are already extensively utilized in 5G systems 
for communication, their reuse for positioning provides a significant added benefit. Furthermore, by 
performing positioning on the uplink, all complex processing and hardware requirements are shifted 
to the TRPs. This allows low-cost RedCap UEs to remain simple, requiring only a single antenna. 

A more fundamental drawback of AoA-based positioning is that its accuracy is determined by 
both the precision of the AoA estimate and the distance between the TRP and the UE. This stands in 
contrast to ToA/TDoA methods, where ranging accuracy depends primarily on the precision of the 
delay measurements. While this distance dependency can be a limiting factor in outdoor positioning, 
the indoor environment typically involves much shorter TRP-to-UE distances. Consequently, 
provided the AoA estimation is sufficiently accurate, high positioning precision can be achieved. This 
suggests that the boĴleneck for such systems lies primarily in the accuracy of the AoA estimation 
itself. 

Numerous AoA estimation methods for antenna arrays have been presented in the literature. 
The beamformer developed by BartleĴ [11] is widely considered a reference technique, known for its 
effectiveness and robustness against hardware impairments. However, its performance can 
significantly degrade in the dense multipath conditions inherent to indoor deployments. This 
degradation is primarily caused by wavefront distortion, which occurs when multiple replicas of the 
transmiĴed signal arrive at the receiver from closely spaced angles. 

To address this challenge, one may apply super-resolution techniques, such as Capon’s 
algorithm [12] or subspace-based methods like MUSIC [13] and ESPRIT [14]. Other notable 
techniques include the Maximum Likelihood (ML) estimator [15] and the computationally efficient 
Root-MUSIC algorithm [16]. While these methods can provide superior AoA estimation accuracy, 
they often require significant computational resources. Furthermore, super-resolution algorithms are 
known to be sensitive to hardware impairments [17]. Beyond these factors, the number of antenna 
elements imposes a fundamental limit on the maximum number of resolvable paths, which may 
significantly degrade performance in dense multipath environments. 

As an alternative strategy, rather than focusing on resolving individual multipath components 
to enhance AoA estimation accuracy, one can incorporate a quality indicator for the AoA estimates. 
Such an indicator enables the ranking and weighting of AoA measurements used for localization. 
Provided the TRP density is sufficiently high and an adequate number of AoA estimates is available, 
the target positioning performance can be aĴained even with a low-complexity estimation method. 

2.2. Positioning in 2D Space 

2.2.1. 1D AoA Estimation 

Assume a TRP is equipped with an ULA consisting of N identical isotropic elements with 
uniform inter-element spacing d (Figure 1). Let J be the number of narrowband plane waves, centered 
at a carrier frequency fc (with a corresponding wavelength λc), impinging on the array from directions 
൛θଵ, θଶ, … , θ௃  ൟ. The ith wave is associated with the ith of J signal sources whose AoA is denoted as θ௜ . 
As illustrated in Figure 1, the AoA is defined as the angle between the broadside of the array (the line 
orthogonal to the array axis) and the direction of the impinging wave’s propagation. 
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Figure 1. 2D signal model and geometric configuration of the antenna array. 

The response of the antenna array to a plane wave impinging at an angle θ is defined by the 
steering vector [18]. Accordingly, we define the N×J steering matrix, 𝚽 , whose columns are the 
steering vectors for angles ൛θଵ, θଶ, … , θ௃  ൟ: 

𝚽 = ൣ𝐅(θଵ) 𝐅(θଶ) … 𝐅൫θ௃൯൧ (1)

It is apparent that the steering matrix 𝚽 characterizes the information regarding the angular 
positions of the signal sources. Consequently, by identifying the components of 𝚽, one can derive 
the estimates of the AoAs. 

In the case of a ULA, the steering vector takes the following simple form: 

𝐅(θ௜) = ൣ1 𝑒ି௝௞೔  𝑒ି௝ଶ௞೔ … 𝑒ି௝(ேିଵ)௞೔൧
்
 (2)

where the superscript ‘T’ indicates the transpose. The parameter 𝑘௜ is defined as: 

𝑘௜ =
2𝜋𝑑

𝜆௖

sin θ௜ = 2𝜋𝑑ఒ sin θ௜  (3)

where 𝑑ఒ represents the normalized inter-element spacing in units of wavelength. 
Assuming the ith source corresponds to the received signal 𝑠௜(𝑡), the array output vector can be 

expressed as: 

𝐗(𝑡) = 𝚽𝐒(𝑡) + 𝐍(𝑡) (4)

where 𝐒(𝑡) = ൣ𝑠ଵ(𝑡) 𝑠ଶ(𝑡) … 𝑠௃(𝑡)൧
்
  is the signal vector and 𝐍(𝑡) = [𝑛ଵ(𝑡) 𝑛ଶ(𝑡) … 𝑛ே(𝑡)]்  is the 

additive noise vector. 
Based on this model, the spatial covariance matrix of the received signal vector can be defined 

as: 

𝐌 = 𝔼{𝐗(𝑡)𝐗(𝑡)ு} (5)

where 𝔼{∙}  denotes the expectation operator and the superscript ‘H’ indicates the Hermitian 
transpose. 

Under the assumption that the noise is spatially white and uncorrelated with the signals, it 
follows from (5) that 

𝐌 = 𝚽𝐏𝚽ு + σଶ𝐈 (6)

where σଶ is the noise variance, I is the N×N identity matrix. The J×J matrix P represents the source 
covariance matrix, defined as: 

𝐏 = 𝔼{𝐒(𝑡)𝐒(𝑡)ு} (7)

The ith diagonal element of matrix P represents the power of the signal 𝑠௜(𝑡). In the event that 
the received signals are pairwise uncorrelated, P becomes a diagonal matrix. 
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Being a Hermitian matrix, the spatial covariance matrix 𝐌 can be represented by its spectral 
decomposition: 

𝐌 = ෍ 𝜆௜𝐔௜𝐔௜
ு

ே

௜ୀଵ

 (8)

where 𝜆௜  is the ith eigenvalue and 𝐔௜ is the corresponding ith eigenvector of the matrix M. 
If the number of antenna elements exceeds the number of signals (i.e., N>J) and the steering 

matrix is of full rank, the spectral decomposition in (8) can be partitioned into two distinct 
components. The first part consists of eigenvectors corresponding to eigenvalues equal to the noise 
variance, thereby spanning the noise subspace. The second part corresponds to the remaining J larger 
eigenvalues, which span the signal subspace: 

𝐌 = 𝐄௦𝚲௦𝐄௦
ு + σଶ𝐄௡𝐄௡

ு  (9)

where 𝐄௦ = ൣ𝐔ଵ, 𝐔ଶ, … 𝐔௃൧ and 𝐄௡ = ൣ𝐔௃ାଵ, 𝐔௃ାଶ, … 𝐔ே൧ are the matrices, whose columns consist of the 
signal and noise eigenvectors, respectively. The J×J matrix 𝚲௦ = diagൣ𝜆ଵ, 𝜆ଶ, … 𝜆௃൧  is the diagonal 
matrix containing the corresponding signal eigenvalues. 

By exploiting the orthonormality of the eigenvectors, Equation (9) can be transformed into: 

𝐌 = 𝐄௦(𝚲௦ − σଶ)𝐄௦
ு + σଶ𝐈 (10)

In the case where only a single source exists (i.e., J=1), Equation (6) reduces to: 

𝐌 = 𝑝𝐅(θଵ)𝐅(θଵ)ு + σଶ𝐈 (11)

where p represents the power of the signal 𝑠ଵ(𝑡). Furthermore, Equation Error! Reference source not 
found. can be simplified as follows: 

𝐌 = (𝜆ଵ − σଶ)𝐔ଵ𝐔ଵ
ு + σଶ𝐈 (12)

where 𝜆ଵ is the signal eigenvalue and 𝐔ଵ is the corresponding eigenvector. 
By comparing (11) and (12), it can be concluded that in the single-source case, the steering vector 

𝐅(θଵ) and the principal eigenvector 𝐔ଵ of the spatial covariance matrix 𝐌 coincide, differing only 
by a scaling factor. Since eigenvectors are defined with a unit L2-norm and considering the structure 
of the steering vector in (2) and (3), the relationship can be expressed as: 

𝐔ଵ =
1

√N
𝐅(θଵ) =

1

√N

⎣
⎢
⎢
⎢
⎢
⎡

1
𝑒ି௝ଶగௗഊ ୱ୧୬ ஘భ

…
𝑒ି௝ଶగ(௜ିଵ)ௗഊ ୱ୧୬ ஘భ

…
𝑒ି௝ଶగ(ேିଵ)ௗഊ ୱ୧୬ ஘భ⎦

⎥
⎥
⎥
⎥
⎤

 (13)

It is straightforward to see from (13) that the phase difference Δ between any two adjacent 
elements of the eigenvector 𝐔ଵ is given by: 

Δ = ∠൫𝐔ଵ௜൯ − ∠൫𝐔ଵ௜ିଵ൯ = φ௜ − φ௜ିଵ = −2𝜋𝑑ఒ sin θଵ (14)

where 𝐔ଵ௜
 denotes the ith element of 𝐔ଵ and φ௜  is its corresponding phase. 

Thus, the locus of ∠൫𝐔ଵ௜൯ is a straight line with a slope equal to Δ (represented by the dashed 
line in Figure 2). Based on this relationship, the estimate for the AoA θ෠ଵ is directly obtained as: 

θ෠ଵ = − sinିଵ ൬
Δ

2𝜋𝑑ఒ
൰ (15)
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Figure 2. Phase progression of the principal eigenvector elements for the ideal Line-of-Sight (LoS) case (J=1, stars) 
and the multipath scenario (J>1, filled circles). 

As follows from (15), the obtained AoA estimate is inherently ambiguous. The maximum 
angular support provided by a ULA with isotropic elements is limited to a semi-plane, i.e., θ෠ଵ ∈

[− 𝜋 2⁄ , 𝜋 2⁄ ] provided that 𝑑ఒ ≤ 0.5. In practice, however, this ambiguity can be readily resolved, 
for example, by utilizing non-isotropic elements with specific radiation paĴerns. 

A more fundamental challenge is that (15) is valid only for the single-source case. In a 
communications context, this implies ideal Line-of-Sight (LoS) conditions, which assume the absence 
of multipath propagation. Such conditions are improbable for the majority of 5G deployments, 
particularly in Indoor Factory (InF) scenarios. Conversely, under more realistic LoS-plus-multipath 
conditions, one may expect a considerable number of indirect paths, each acting as a distinct signal 
source. Each of these sources contributes a corresponding signal eigenvalue and signal eigenvector 
to the spatial covariance matrix. 

Assuming the direct path yields the strongest signal, it corresponds to the largest eigenvalue. 
The related signal eigenvector is defined as the principal eigenvector 𝐔௦ . It can be shown that, 
provided the sources are uncorrelated, any signal eigenvector is a linear combination of the steering 
vectors. Consequently, the locus of ∠൫𝐔௦௜൯ deviates from a straight line, and equality (15) no longer 
holds. 

Nevertheless, one can identify the principal eigenvector 𝐔௦ of the spatial covariance matrix 𝐌 
and approximate its phase progression with a straight line (represented by the solid line in Figure 2). 
This is achieved by formulating the task as a linear regression problem. In other words, a functional 
dependent on two parameters (representing the slope and the intercept) must be minimized: 

𝑓൫Δ෩, β൯ = min ൝෍(φෝ ௜ − φ෥ ௜)
ଶ

ே

௜ୀଵ

ൡ = min ൝෍ ε௜
ଶ

ே

௜ୀଵ

ൡ = min{‖𝐄‖ଶ} (16)

where φෝ௜   represents the phase of the ith element of principal eigenvector 𝐔௦  and φ෥ ௜   is the 
corresponding phase value derived from the linear approximation. The operator ‖∙‖ denotes the L2-
norm and E is the residual error vector composed of the individual approximation errors 𝜀௜. 

The functional in (16) reaches its minimum for the parameter vector: 

൤
Δ෩

β
൨ = (𝐂்𝐂)ିଵ𝐂் ൦

φෝଵ

φෝଶ

…
φෝே

൪ (17)

where the observation matrix C is defined as: 

𝐂 = ൦

1 1
2 1
… …
𝑁 1

൪ (18)
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By replacing the slope Δ  in (15) with its approximation Δ෩  derived from (17), the required 
estimate for the LoS AoA is obtained as: 

θ෠௅௢ௌ = − sinିଵ ቆ
Δ෩

2𝜋𝑑ఒ
ቇ (19)

Equation (19) provides a low-complexity method for 1D AoA estimation in the presence of 
multipath. Similar to the BartleĴ beamformer, this estimator lacks super-resolution capability; 
however, it naturally yields a quality indicator for the AoA estimate, or more concisely, a link quality 
metric. 

It is straightforward to see that the AoA estimate provided by the proposed algorithm coincides 
with the true AoA under ideal LoS conditions. In such a case, the residual approximation errors 𝜀௜ 
are zero, and the functional in (16) reaches its absolute minimum of zero. Consequently, the L2-norm 
of the error vector E serves as an indicator of how closely the UE-to-TRP communication link 
approximates the favorable propagation conditions required for high-quality AoA estimation. 

It follows from (16) and (17) that the residual error vector E can be expressed as: 

𝐄 = ൦

φෝଵ

φෝଶ

…
φෝே

൪ − 𝐂 ൤
Δ෩

β
൨ (20)

Considering that the number of antenna elements affects the L2-norm of vector E and to account 
for the variability in antenna array configurations, it is appropriate to define the link quality metric 
as the normalized norm: 

χ = ඨ
1

𝑁
෍ ε௜

ଶ
ே

௜ୀଵ
=

‖𝐄‖

√𝑁
 (21)

where χ represents the Root Mean Square (RMS) phase error across the array. 
It should be emphasized that (5) defines the true spatial covariance matrix, assuming it is 

perfectly known. In practice, however, the true matrix is unavailable, and one must operate with an 
estimate. Numerous approaches exist for estimating the spatial covariance matrix, including 
adaptations for correlated sources [16,19–21]. These methods typically derive the estimate from a 
finite number of time-domain snapshots. A straightforward yet effective approach is to utilize the 
sample covariance matrix, 𝐌෡ , which represents the unstructured maximum likelihood estimate of 
the spatial covariance matrix. 

Since 5G NR utilizes OFDM signals, frequency-domain channel estimation is typically more 
practical than time-domain methods [22]. In practice, the spatial covariance matrix is estimated using 
a finite number of channel estimates obtained from a set of pilot subcarriers. Analogous to the time-
domain approach, the frequency-domain sample covariance matrix can be employed as the spatial 
covariance estimate: 

𝐌෡ = diag൫𝐌෩ ൯
ିଵ ଶ⁄

𝐌෩  diag൫𝐌෩ ൯
ିଵ ଶ⁄

 (22)

where 𝐌෩  is the unnormalized sample covariance matrix defined as: 

𝐌෩ =
1

𝐿
෍ 𝒉෡(𝑙)𝒉෡(𝑙)ு

௅

௟ୀଵ

 (23)

In these expressions, L denotes the number of pilot subcarriers used for channel estimation and 
𝒉෡(𝑙) is the N×1 channel estimate vector across N receiving antennas. 

Consequently, to perform AoA estimation, specifically to apply the estimator (19) and derive the 
link quality metric (21), the principal eigenvector of the true spatial covariance matrix is replaced by 
the corresponding eigenvector of the sample covariance matrix 𝐌෩  defined in (22). 
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2.2.2. UE Localization 

Assume that positioning is performed using K TRPs with known coordinates. In the 2D space 
under consideration, the position of the pth TRP is defined by the coordinates ൫𝑥௣, 𝑦௣൯. These K UE-
to-TRP links provide a set of AoA estimates, {θ෠௣}, which are defined within a global coordinate system. 
The objective is to estimate the UE coordinates in 2D space, denoted as (𝑥ො୭, 𝑦ො୭). 

It is important to note that the AoA estimate (19) is defined within the local coordinate system 
of the specific antenna array. Therefore, to transform this estimate into the global coordinate system, 
the orientation of each antenna array is assumed to be precisely known. 

It is straightforward to see that each AoA estimate defines a straight line passing through the 
coordinates of both the TRP and the UE. Under the assumption of perfect AoA estimation, the unique 
intersection of these K lines determines the UE position, (𝑥ො୭, 𝑦ො୭), as illustrated in Figure 3a. 

  
(a) (b) 

Figure 3. 2D AoA-based positioning geometry: (a) ideal scenario with error-free angular estimates; (b) practical 
scenario in the presence of estimation errors. 

Using the point-slope form of a linear equation, the relationship for the pth UE-to-TRP link can 
be expressed as: 

𝑦 − 𝑦௣ = 𝑎௣൫𝑥 − 𝑥௣൯ (24)

where 𝑎௣ = tan θ෠ ௣ represents the slope of the line determined by the estimated AoA. 
Expression (24) facilitates the construction of a system of K linear equations: 

⎩
⎪
⎨

⎪
⎧

𝑦 = 𝑎ଵ𝑥 + (𝑦ଵ − 𝑎ଵ𝑥ଵ)
…

𝑦 = 𝑎௣𝑥 + ൫𝑦௣ − 𝑎௣𝑥௣൯
…

𝑦 = 𝑎௄𝑥 + (𝑦௄ − 𝑎௄𝑥௄)

 (25)

Alternatively, this system can be expressed in the following matrix form: 

൦

−𝑎ଵ 1
−𝑎ଶ 1

… …
−𝑎௄ 1

൪ ቂ
𝑥଴

𝑦଴
ቃ = ൦

𝑦ଵ − 𝑎ଵ𝑥ଵ

𝑦ଶ − 𝑎ଶ𝑥ଶ

…
𝑦௄ − 𝑎௄𝑥௄

൪ ⟺ 𝐀 ቂ
𝑥଴

𝑦଴
ቃ = 𝐛 (26)

If only two TRPs are available (K=2), the system in (25) consists of two equations and yields a 
single unique solution, provided the equations are consistent. This implies that, theoretically, AoA-
based positioning can be performed using only two TRPs. For K>2, the system in (25) becomes an 
overdetermined system of linear equations. In general, such a system has no exact solution due to 
measurement noise and multipath. 
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However, assuming that matrix A is of full rank, an approximate solution can be derived using 
the Moore–Penrose pseudoinverse, which corresponds to the Ordinary Least Squares (OLS) 
estimator [23]: 

൤
𝑥ො୭

𝑦ො୭
൨ = (𝐀்𝐀)ିଵ𝑨்𝐛 (27)

In the case where all AoAs are estimated perfectly (i.e., the error-free scenario), the solution 
provided by (27) coincides with the true UE position, as illustrated in Figure 3a. In practice, however, 
the accuracy of AoA estimation is finite. Consequently, the position estimate deviates from the true 
UE coordinates, resulting in a positioning error (see Figure 3b). Generally, this positioning error 
depends on both the AoA estimation accuracy and the TRP deployment geometry, the laĴer of which 
is characterized by the Geometric Dilution of Precision (GDOP). 

The primary drawback of the OLS estimator (27) is that it does not incorporate information 
regarding the quality of the AoA estimates. To address this, one can apply additional conditioning to 
the available estimates based on the link quality metric (21). While a rigid link selection achieved by 
selecting a subset of the ‘best’ links (those corresponding to the smallest metric values) out of the K 
available links is possible, a soft link selection approach is generally superior. This is realized by 
incorporating a weighting matrix into the LS estimator, which provides a more optimal and robust 
solution. 

Following this strategy, the UE position estimate can be determined using the Weighted Least 
Squares (WLS) estimator: 

൤
𝑥ො୭

𝑦ො୭
൨ = (𝐀்𝐖𝐀)ିଵ𝐀்𝐖𝐛 (28)

where the KxK weighting matrix W is a diagonal matrix defined as: 

𝐖 =
1

∑ χ௣
ିଶ௄

௣ୀଵ

⎣
⎢
⎢
⎡
χଵ

ିଶ 0 … 0

0 χଶ
ିଶ … 0

… … … 0
0 0 0 χ௄

ିଶ⎦
⎥
⎥
⎤
 (29)

In this expression, 𝜒௣ represents the link quality metric of the pth UE-to-TRP link, calculated 
according to (21). 

2.3. Positioning in 3D Space 

2.3.1. 2D AoA Estimation 

The 2D positioning problem discussed previously relies on 1D AoA estimation. In contrast, 
positioning in 3D physical space necessitates 2D AoA estimation, requiring the simultaneous 
estimation of both the azimuth angle θ௜ and the zenith angle ψ௜ (see Figure 4). It is important to 
highlight that the 2D AoA estimation problem can be decoupled into two independent 1D AoA 
estimation tasks. Specifically, the azimuth and zenith angles can be estimated separately by exploiting 
the orthogonal geometry of the antenna array. 

While various antenna configurations exist, it is appropriate to generalize the ULA concept by 
considering a Uniform Rectangular Array (URA). In this case, the 1D AoA estimation results 
presented in Section 2.2 remain applicable, requiring only minor modifications to accommodate the 
two-dimensional spatial sampling. 

Assume a TRP is equipped with a URA consisting of N identical isotropic elements with an inter-
element spacing 𝑑ு in the horizontal plane, and M identical isotropic elements with an inter-element 
spacing 𝑑௏ in the vertical plane (see Figure 4). It is evident that the URA comprises of M×N elements, 
organized into M rows and N columns. 

Each row and column of the URA can be treated as a separate horizontal or vertical ULA. 
Consequently, the horizontal spatial covariance matrix can be estimated by averaging the sample 
covariance matrices across all M rows. Using Equation (23), this is expressed as: 
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𝐌෩ ு =
1

𝑀
෍ 𝐌෩ ௜

ெ

௜ୀଵ

=
1

𝑀
෍ ൝

1

𝐿
෍ 𝒉෡௜(𝑙)𝒉෡௜(𝑙)ு

௅

௟ୀଵ

ൡ

ெ

௜ୀଵ

 (30)

where L denotes the number of subcarriers utilized for channel estimation and 𝒉෡௜(𝑙)  is the Nx1 
channel estimate vector for the ith antenna row. 

 

Figure 4. 3D signal model and geometric configuration of the uniform rectangular array (URA). 

Similarly, the spatial covariance matrix for the vertical plane can be estimated by averaging the 
sample covariance matrices across all N columns: 

𝐌෩ ௏ =
1

𝑁
෍ 𝐌෩௝

ே

௝ୀଵ

=
1

𝑁
෍ ൝

1

𝐿
෍ 𝒉෡௝(𝑙)𝒉෡௝(𝑙)ு

௅

௟ୀଵ

ൡ

ே

௜ୀଵ

 (31)

where 𝒉෡௝(𝑙) is the Mx1 vector channel estimate vector for the jth antenna column. 
By applying the results of Section 2.2.1 to the spatial covariance matrices (30) and (31), the 

estimates for the azimuth angle θ෠௅௢ௌ and the zenith angle ψ෡௅௢ௌ can be obtained as follows: 

θ෠௅௢ௌ = − sinିଵ ቆ
Δ෩ୌ

2𝜋𝑑ఒு
ቇ (32)

ψ෡௅௢ௌ = − sinିଵ ቆ
Δ෩୚

2𝜋𝑑ఒ௏
ቇ (33)

where Δ෩ு and Δ෩௏ are the slopes derived from the linear approximation of the phase progression of 
the principal eigenvectors of matrices 𝐌෩ ு and 𝐌෩ ௏, respectively. 

In addition to the 2D AoA estimates, the link quality metrics can be readily determined for both 
the horizontal and vertical planes: 

χு =
‖𝐄ு‖

√𝑁
 (34)

χ௏ =
‖𝐄௏‖

√M
 (35)

where 𝐄ு and 𝐄௏  are the residual error vectors derived from the linear phase approximations in the 
horizontal and vertical dimensions, respectively. 

In practice, it is beneficial to utilize a single metric to reflect the overall link quality. Such a metric 
can be obtained by combining (34) and (35). By simply aggregating the individual components, the 
total link quality metric χஊ is defined as: 

χஊ = χு + χ௏  (36)
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Consequently, the implementation of 2D AoA estimation involves constructing the spatial 
covariance matrices (30) and (31), extracting their principal eigenvectors, and subsequently applying 
the estimators in (32) and (33). The link quality metric (36) is obtained as an intrinsic part of this 
estimation procedure. 

2.3.2. UE Localization 

Assume that positioning is performed using K TRPs with known coordinates. In the 3D space 
under consideration, the position of the pth TRP is defined by the coordinates ൫𝑥௣ , 𝑦௣, 𝑧௣൯. These K 
UE-to-TRP links provide a set of 2D AoA estimates, {θ෠ ௣, ψ෡௣ }, which are defined within a global 
coordinate system. The objective is to estimate the UE coordinates in 3D space, denoted as (𝑥ො୭, 𝑦ො୭, 𝑧̂୭). 

The UE coordinates (𝑥ො୭, 𝑦ො୭, 𝑧̂୭)  can be estimated using several approaches. One method 
involves decoupling the 3D problem into two 2D tasks; for example, by considering the XY and XZ 
planes separately to solve for the coordinate pairs (𝑥ො୭, 𝑦ො୭) and (𝑥ො୭, 𝑧̂୭). Alternatively, a successive 
estimation approach can be employed where the horizontal coordinates (𝑥ො୭, 𝑦ො୭) are determined in 
the first step. Given the known TRP positions and the available zenith angle estimates, the vertical 
coordinate 𝑧̂୭ can then be directly recovered for each UE-to-TRP link. 

Nevertheless, the 3D positioning problem can be addressed using a unified approach based on 
the generalized parametric representation of a straight line in ℝଷ. By leveraging projective geometry 
and the WLS framework, the 3D UE position can be estimated as [24]: 

቎

𝑥ො୭

𝑦ො୭

𝑧̂୭

቏ = ቆ෍ 𝐖௣𝐔௣
ୄ

௄

௣ୀଵ
ቇ

ିଵ

෍ 𝐖௣𝐔௣
ୄ ൥

𝑥௣

𝑦௣

𝑧௣

൩
௄

௣ୀଵ
 (37)

where 𝐖௣ is the 3×3 weighting matrix for the pth UE-to-TRP link and 𝐔௣
ୄ = 𝐈 − 𝐮௣𝐮௣

் is the 3×3 rank-
2 symmetric idempotent projection matrix. This matrix projects any vector onto the plane orthogonal 
to the unit direction vector 𝐮௣ . The vector 𝐮௣  is determined by the 2D AoA estimate {θ෠௣, ψ෡௣ } as 
follows: 

𝐮௣ = ൦

cos θ෠௣ sin ψ෡௣

sin θ෠௣ sin ψ෡௣

cos ψ෡௣

൪ (38)

The solution (37) can be efficiently implemented using a block-matrix representation: 

቎

𝑥ො୭

𝑦ො୭

𝑧̂୭

቏ = ቀ𝐔ୄ்
𝐖𝐔ୄቁ

ିଵ

𝐔ୄ்
𝐖𝛒 (39)

where matrix 𝐔ୄ is a 3K×3 matrix composed of the individual projection matrices 𝐔௣
ୄ: 

𝐔ୄ = ൥
𝐔ଵ

ୄ

…
𝐔௄

ୄ
൩ (40)

The 3K×3K block diagonal matrix 𝐖  consists of K symmetric positive-definite weighting 
matrices: 

𝐖 = ൦

𝐖ଵ 0 … 0
0 𝐖ଶ … …
… … … …
0 … … 𝐖௄

൪ (41)

and the 3K×1 vector 𝛒 is formed by the concatenated coordinates of the TRPs: 
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𝛒 =

⎣
⎢
⎢
⎢
⎢
⎡൥

𝑥ଵ

𝑦ଵ

𝑧ଵ

൩

…

൥

𝑥௄

𝑦௄

𝑧௄

൩
⎦
⎥
⎥
⎥
⎥
⎤

 (42)

It is evident that while the WLS estimator (39) requires a 3×3 weighting matrix for each UE-to-
TRP link, the link quality metric derived in (36) is a scalar value. To satisfy this requirement, the 
weighting matrix for the pth link can be defined as: 

𝐖௣ =
1

∑ χஊ௣
ିଶ௄

௣ୀଵ

൦

χஊ௣
ିଶ 0 0

0 χஊ௣
ିଶ 0

0 0 χஊ௣
ିଶ

൪ (43)

It is important to note that AoA estimation accuracy often depends on the value of the true AoA. 
Generally, peak estimation performance is achieved when the incident signal aligns with the antenna 
array boresight. Consequently, as the azimuth approaches ± 𝜋 2⁄  (the array end-fire), the precision 
of the AoA estimates typically degrades. In practice, it is therefore effective to perform pre-filtering 
of the metrics used in (43) based on their angular values. Given a set of K available links, one can 
select only those whose AoA estimates fall within a specified angular support interval. This pre-
filtering approach can be formulated as: 

χஊ௟
= χஊ௣ቚห஘෡೛หஸ ೝ்

หந෡ ೛หஸ ೝ்

, (44)

where 𝑇௥ is the angular threshold defining the reliable estimation range. 

3. Experiment and Result Analysis 
3.1. Positioning in 2D Space 

The simulation results evaluating the performance of the proposed positioning method are 
presented in Figure 5. These results correspond to the InF-SH scenario [6], utilizing a 5 MHz signal 
bandwidth with all TRPs and UEs located at a uniform height, consistent with the 2D positioning 
model described in Section 2.2. The UEs are assumed to be uniformly distributed throughout the 
horizontal plane. Each TRP is equipped with a ULA consisting of N = 8 identical isotropic elements 
with an inter-element spacing of 𝑑ఒ = 0.5 , while the UE utilizes a single isotropic antenna. The 
transmit power is set to 23 dBm. 

The 1D AoA estimation is performed on the uplink using the estimator (19). The positioning is 
derived from either the OLS (27) or WLS (28) estimators, incorporating the link quality metric 
provided by (21). The positioning error is defined as the Euclidean distance between the true and 
estimated UE coordinates. 

In the InF-SH scenario, 18 TRPs are arranged in a regular grid within a rectangular area, 
providing a maximum of K = 18 reference points for positioning. As illustrated in Figure 5, the 
positioning accuracy achieved using the OLS estimator with all available links is notably poor (blue 
curve). In the absence of link quality information, one might aĴempt to improve results by randomly 
selecting a subset of links (e.g., K = 3). However, this approach yields only a marginal improvement 
in accuracy (brown curve). 

The availability of the link quality metric enables significant improvements in positioning 
accuracy through link selection. By applying a rigid link selection strategy, one can choose the K best 
links (e.g., K = 4) from the total set of 18 and calculate the OLS solution (red curve, Figure 5). It is 
evident that this approach substantially enhances accuracy compared to random selection. However, 
employing the WLS estimator (28), which acts as a soft link selection mechanism, on the full set of 18 
links yields even beĴer performance (black curve). Specifically, the 90th percentile of the positioning 
error is reduced to 1.45 m. 

Preprints.org (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 1 April 2026 doi:10.20944/preprints202604.0043.v1

© 2026 by the author(s). Distributed under a Creative Commons CC BY license.

https://doi.org/10.20944/preprints202604.0043.v1
http://creativecommons.org/licenses/by/4.0/


 14 of 18 

 

 

Figure 5. CDF of the positioning error for the 2D InF-SH scenario (5 MHz bandwidth, 1x8 ULA). 

3.2. Positioning in 3D Space 

The simulation results evaluating the performance of the proposed 3D positioning method are 
presented in Figure 6. The figure illustrates the horizontal positioning accuracy for the InF-SH 
scenario utilizing a 5 MHz signal bandwidth. In this setup, all TRPs are deployed at a uniform height 
of 8 m, while the UEs are distributed throughout the horizontal plane at a constant height of 1.5 m. 
Each TRP is equipped with a URA consisting of M×N elements (M = N= 8) with identical inter-element 
spacings of 𝑑ఒு = 𝑑ఒ௏ = 0.5. The UE utilizes a single isotropic antenna and the transmit power is set 
to 23 dBm. 

The 2D AoA estimation is performed on the uplink using the estimators (32) and (33). The 
positioning is derived from the WLS estimator (39), incorporating the link quality metrics defined in 
(34), (35) and (36). Where indicated, the angular pre-filtering described in (44) is applied with a 
threshold of 𝑇௥ = 60°. 

 

Figure 6. CDF of the horizontal positioning error for the 3D InF-SH scenario (5 MHz bandwidth, 8x8 URA). 

As illustrated in Figure 6, the baseline approach utilizing the WLS estimator (39) with the link 
quality metric (36) without the additional angular pre-filtering (44) provides acceptable positioning 
accuracy (red curve). Specifically, the 90th percentile of the positioning error is below 2.4 m, which 
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fulfills the requirements for commercial use cases specified in [4]. Furthermore, it is expected that 
positioning performance could be enhanced by utilizing a larger URA configuration. 

If only the metric (34) corresponding to the horizontal plane is considered, the positioning error 
at the 90th percentile increases to 2.8 m (blue curve). Consequently, it is evident that the combination 
of metrics from both the horizontal and vertical planes, as defined in (36), provides a significant 
performance benefit. 

It is important to note that 2D AoA measurements can also be performed using an antenna array 
consisting of only a single row and a single column. Such a configuration, known as a cross antenna, 
may be more aĴractive from an implementation standpoint than a full URA. However, this 
simplification leads to a notable reduction in positioning accuracy (magenta curve). Specifically, the 
90th percentile of the positioning error increases to approximately 3.6 m. 

The presented results demonstrate that the WLS approach significantly outperforms the OLS 
approach. When rigid selection is applied to the K = 4 best links, the positioning error at the 90th 
percentile is approximately 3.4 m (brown curve). This performance is comparable to that of the WLS 
estimator using a cross antenna and is notably inferior to the baseline WLS performance that utilizes 
the full set of links. 

In conclusion, the performance of the baseline approach is significantly improved by the 
additional pre-filtering (44). Specifically, applying a threshold of 𝑇௥ = 60° reduces the 90th percentile 
positioning error to approximately 1.2 m (black curve). This level of accuracy surpasses the 
requirements for commercial use cases and closely approaches the stringent targets for industrial use 
cases [4]. 

The proposed method enables UE positioning in 3D space. Consequently, the overall system 
performance is determined by both the horizontal and vertical accuracy. Figure 7 illustrates the 
vertical positioning accuracy obtained under the simulation parameters outlined at the beginning of 
this section. 

 

Figure 7. CDF of the vertical positioning error for the 3D InF-SH scenario (5 MHz bandwidth, 8x8 URA). 

The results demonstrate that the proposed positioning method provides a highly accurate 
estimate of the UE height. Unlike the horizontal positioning results, the additional pre-filtering (44) 
has a negligible impact on vertical performance. This can be explained by the specific geometry of 
the simulated deployment, which prevents the occurrence of zenith angles near π (the array end-fire). 
Consequently, the achieved vertical positioning accuracy meets the requirements for both 
commercial and industrial use cases. 
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4. Conclusions 

5G indoor deployments are characterized by dense multipath conditions. For bandwidth-limited 
network entities such as RedCap UEs, these conditions hinder the application of conventional 5G 
positioning methods based on time-domain ranging (e.g., ToA and TDoA). A limited bandwidth 
prevents the proper resolution of direct and indirect paths, resulting in a drastic degradation of time-
domain positioning performance. Consequently, the achieved accuracy may fail to satisfy specified 
requirements, necessitating the consideration of alternative approaches. Among these, methods 
based on AoA measurements are recognized for their robust performance in narrow-bandwidth 
scenarios. 

In this paper, a comprehensive AoA-based positioning method is proposed, encompassing 
algorithms for 1D and 2D AoA estimation as well as a WLS-based localization framework for both 
2D and 3D physical space. The enabling feature of this method is a link quality metric that facilitates 
high-precision indoor positioning. This metric is generated inherently during the 1D and 2D AoA 
estimation procedures, demonstrating the feasibility of standalone AoA-based 3D positioning. 

While AoA-based positioning requires TRPs to be equipped with antenna arrays, these arrays 
primarily serve communication purposes. This work demonstrates that they can provide significant 
secondary benefits for localization. Furthermore, although 3D positioning can be achieved with 
simpler cross antenna arrays, the implementation of URAs is shown to be superior for ensuring 
accuracy. Simulation results indicate that the positioning requirements for RedCap UEs can be 
satisfied even in challenging InF scenarios, providing a robust alternative to bandwidth-constrained 
time-domain methods. 

As a direction for future research, the proposed framework can be integrated into a hybrid 
localization solution. In particular, the obtained UE coordinates may serve as an initial estimate for 
high-precision carrier-phase positioning. Furthermore, the framework can be extended to other 
bandwidth-limited network entities, such as Ambient IoT (A-IoT) tags. 
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Abbreviations 

The following abbreviations are used in this manuscript: 

AoA Angle of Arrival 
A-IoT Ambient Internet of Things 
BW Bandwidth 
CP Carrier Phase 
eMBB Enhanced Mobile Broadband 
LoS Line of Sight 
ML Maximum Likelihood 
mMTC Massive Machine-Type Communications 
OFDM Orthogonal Frequency-Division Multiplexing 
OLS Ordinary Least Squares 
RedCap Reduced Capability 
RSS Received Signal Strength 
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TDoA Time Difference of Arrival 
ToA Time of Arrival 
TRP Transmission and Reception Point 
URLLC Ultra-Reliable Low Latency Communications 
UE User Equipment 
UL Uplink 
ULA Uniform Linear Array 
URA Uniform Rectangular Array 
WLS Weighted Least Squares 
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