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 Massive Multiple-Input Multiple-Output (MIMO) systems use large number of antennas at 
the base station, to serve multiple users simultaneously. This system can utilize beamforming 
techniques to improve cell coverage and spectral efficiency (SE). In a traditional radio access 
network (RAN) architecture, the beamforming weights are computed at the distributed unit (DU) , 
based on the channel state information (CSI) received at the base station. These beamforming 
weights need to be transferred to the remote unit (RU), which introduces additional load on the 
fronthaul.   
 
The thesis aims to provide a practical solution to fronthaul congestion due to beamforming weight 
transfer, that may be a challenge for beamforming with large antenna arrays. The representation 
of the channel, in the subspace spanned by the eigen vectors of the channel’s covariance, is 
known to be the most compact representation of the channel. By utilizing large uniform 
rectangular array (URA), under certain channel conditions the channel eigen vectors can be 
approximated by appropriately selected 2-dimensional discrete Fourier transform (2D-DFT) 
vectors. The benefit of using 2D-DFT vectors is that they can be pre-defined and stored in memory 
at RU. DU needs to send only the vector indexes of the selected 2D-DFT vectors to RU. The 
algorithm proposed in the thesis uses 2D-DFT vectors to approximate the dominant eigen modes 
from the channel covariance matrix (CoMa), that are used to transform the channel estimates. 
Transformed channel estimates are then used to compute regularized zero-forcing (RZF) 
beamforming weights with reduced dimensions, thus decreasing the data transfer load over the 
interface between DU and RU. Spectral efficiency and mean throughputs are compared between 
the un-compressed weight-vectors and the compressed weight-vectors based 3D-beamforming 
via computer simulations. Moreover, the computational complexities are computed, and the 
fronthaul load reduction rates of each algorithm have been evaluated. 
 
Thesis framework is defined and developed at L1 – algorithms and simulation (A&S) department 
of Nokia Networks in Oulu, Finland. 
 
 
 
Keywords: Massive MIMO, Regularized Zero-forcing beamforming, 2-Dimensional Discrete 
Fourier Transform (2D-DFT) vectors. 
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1. OVERVIEW 

With the advancements in wireless communication systems, the mmWave communications 

systems are becoming the area of interests of many studies. For RAN systems that utilize higher 

frequency mmWave spectrum, it is possible to have massive antenna arrays, without the need of 

extra space and load at the base station [2]. These systems have potential to increase the channel 

capacity, by simultaneously serving multiple UEs over the same time-frequency resources. By 

using beamforming technique, the signal directivity is controlled by changing amplitudes and 

phases of the transmitted signal from each antenna element of the array, such that the signals 

combine and enhance the signal to noise ratio (SNR) in a particular direction [18]. However, the 

beamforming weight coefficients computed at DU for each transmitting antenna element must be 

transferred to the RU, which may overcrowd the interface between DU and RU [1].   

The thesis presents algorithms to reduce data transfer loads over the fronthaul by transferring 

compressed beamforming weights over the interface between DU to RU. A block diagram shown 

in Figure 1.1 illustrates the steps of the proposed beamspace transformation algorithm. The 

compression algorithm is applied on the channel estimates (CE) received at the base station from 

the uplink (UL) transmission. These compressed channel estimates are then used to compute the 

downlink regularized zero-forcing (RZF) beamforming weights at DU. As shown in Figure 1.1, the 

beam domain RZF-BF weights are then transferred from DU over the fronthaul to the RU. The 

beam domain RZF-BF weights are then expanded back to antenna domain in the RU.  

 

Figure 1-1 Beam space transformation methodology. 

The studies of this thesis are carried out for multi-layer, single user multiple-input-multiple-output 

(SU-MIMO) and the antenna domain uplink channel realization is assumed to be the channel 

estimate received at the base station. Previous studies (as listed in these references [2] [3] [4]), 

on beamspace transformation of the channel have used Uniform Linear Arrays (ULA) in their 

channel model. In paper [5], they have presented the Uniform Rectangular Array (URA) for indoor 

signal propagation environment. This thesis extends the same concept of using URA transceivers 

and explains the practicality of using subspace beamforming for modern cellular transmission 
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systems in accordance with 3GPP defined standards for urban micro (UMi) channel propagation 

environment. The gNB is equipped with a dual polarized URA, explained further in section 4.1.  

1.1 Introduction 

Channel state information (CSI) compression and subspace beamforming refers to the 

compression of CE that is performed at the DU, while the subspace beamforming is a technique 

used to enhance beamforming performance by utilizing the knowledge of channel’s subspace 

[22]. The subspace of a channel can be defined as the space spanned by the channel’s eigen 

vectors that correspond to the non-zero eigenvalues [6]. Once the channel matrix is formed at the 

base station (BS), the channel can be decomposed into its eigenvalues and corresponding eigen 

vectors, by solving the principal component analysis (PCA) or computing the singular values 

decomposition (SVD) of the channel matrix. Both methods can be used to compute a compact 

representation of the channel. These algorithms take spatially correlated channel vectors as an 

input and produce non co-relating, orthogonal set of vectors, called the eigenvectors [6]. In 

subspace beamforming technique, we use the channel subspace information (the eigenvectors) 

to form a beam in the spatial direction of UE. The subspace of the channel captures important 

characteristics of the channel i.e. rank of the channel that determines the number spatially 

orthogonal paths between the BS and the UE.  

The term beamspace representation of the channel estimates is used in the thesis, that refers to 

the compact representation of the channel estimates in a space spanned by set of orthonormal 

basis vectors. These orthonormal basis-vectors are pre-selected based on channel covariance 

matrix. The basis vectors selection process is elaborated in chapter 3. The pre-selected basis 

vectors are used for compression of CE at the DU and decompression of beamforming weights 

at the RU.  

Mainly two CE compression algorithms are used in the thesis to compress the channel 

estimates. 

 Eigenvectors based CSI compression. 

 DFT-vectors based CSI compression.  

As by Karhunen–Loéve (KL) channel representation, the most compact representation of the 

channel can be achieved by representing the channel in the subspace spanned by the eigen 

vectors (corresponding to the non-zero eigenvalues) computed from the channel covariance [7]. 

The eigenvectors-based CSI compression method is based on KL channel representation. When 

the wireless channel is characterized by a limited number of independent physical propagation 

paths (or equivalently, a small number of dominant multipath clusters), it exhibits low rank and 

can be efficiently represented and compressed using a reduced number dominant singular values 

(or eigenvalues of the channel covariance matrix) and their corresponding singular vectors (or 

eigenvectors), spanning the effective signal subspace [8]. Therefore, reduced number of the 

eigen vectors  are required to represent the channel in its compact form. 
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In this thesis, the eigenvectors are computed by eigenvalue decomposition (EVD) of channel 

covariance matrix. The motivation of using these eigenvectors to compress the CE lies in the fact 

that they represent the principal spatial directions of the channel's second-order statistics. When 

the instantaneous channel realization is projected onto the dominant eigenvectors of the channel 

covariance matrix, it produces coefficients with large variance (equal to dominant eigenvalues). 

Since eigenvectors form an orthonormal basis, they can also be interpreted as statistically optimal 

beamforming directions that maximize received signal power under second-order channel 

statistics. The principle is closely related to spatial division multiplexing of the channel, where 

multiple data streams are transmitted along orthogonal spatial modes of the channel [8].  

DFT-vectors based CSI compression, utilizes pre-selected set of DFT-vectors to represent the 

channel estimates in the beamspace. The motivation for using DFT vectors as a transformation 

basis stems from the structural properties of the channel covariance matrix for large antenna 

arrays. The channel covariance matrix of a very large ULA with wide-sense stationary (WSS) 

spatial statistics exhibits a Hermitian Toeplitz structure, i.e. its entries depend only on the antenna 

separation. Large Toeplitz matrices can be approximated by circulant matrices [8]. A fundamental 

property of circulant matrices is that they are diagonalized by the unitary DFT matrix. Thus, the 

eigenvectors of channel covariance matrix are approximately the columns of the DFT matrix [11]. 

This property provides a theoretical foundation for the effectiveness of DFT-based beamspace 

representations in spatially correlated channels, although the eigenvectors of the true covariance 

remain the optimal (KLT) basis for minimizing projection error [10].  

Extending this principle to a uniform rectangular array (URA), the covariance matrix exhibits a 

block Toeplitz structure with Toeplitz blocks (BTTB). For large array dimensions, this matrix can 

be approximated by a block circulant matrix with circulant blocks (BCCB), which is diagonalized 

by the two-dimensional (2D) DFT matrix. Hence, the eigenvectors of the channel covariance 

matrix can be represented by appropriately selected 2D-DFT vectors [7]. Like the eigenvectors 

based CE compression, the 2D-DFT vectors-based compression of channel estimates comprises 

of two steps, first we select the appropriate 2D-DFT vectors based on the channel covariance 

matrix, these pre-selected 2D-DFT vectors are then utilized to transform the CE into its beam 

domain representation. The second step is decompression of BF weights at the RU, the same set 

of pre-selected 2D-DFT (used for compression of CE) are used to transform the CE back to 

antenna domain. An advantage of using 2D-DFT based CE compression is that it can be 

predefined and stored in memory. Therefore, it is not required to send the selected 2D-DFT 

vectors over from DU to RU and only the selected beam indexes are transferred. 

1.2 Thesis structure 

This thesis is organized as follows. Chapter 1 introduces beamspace compression schemes, 

objective of the thesis and highlights the basic steps of beamspace compression schemes. 

Chapter 2 provides theoretical background, including MIMO fundamentals, channel estimations 
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and beamforming. Chapter 3 presents the mathematical framework for beamspace 

transformation, detailing eigenvector-based compression, conventional 2D-DFT, and phase-

rotated DFT methods, along with the off-grid leakage analysis. Chapter 4 describes the simulation 

environment, including the QuaDRiGa channel model, system parameters, and wideband 

assumptions used for performance evaluation. Chapter 5 presents the main results, comparing 

spectral efficiency, mean throughput rates, and the impact of angular spread to the proposed CSI 

compression schemes. Chapter 6 evaluates the computational complexity of each algorithm and 

the possible fronthaul data load reductions by utilizing beamspace compression schemes. Finally, 

Chapter 7 concludes the thesis by summarizing key findings, discussing practical implications, 

and outlining directions for future research in beamspace compression for massive MIMO. 

Throughout this thesis, capital letters denote matrices (e.g., 𝐻, 𝑊), small letters denote vectors 

(e.g., ℎ, 𝑤). This convention is used consistently in place of boldface notation for typographical 

simplicity. 
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2.  EVOLUTION IN WIRLESS COMMUNICATION  

Early mobile communication devices emerged in the mid-20th century. In 1946, Bell Labs, in 

collaboration with AT&T, introduced the first commercial mobile telephone service (MTS), 

consisting of large vehicle-mounted car phones that provided very limited voice communication 

capacity. These pre-cellular systems were followed by incremental improvements in the 1950s–

1970s, but true scalability came with 1G (first-generation cellular networks) in the early 1980s. 

Evolution in wireless communication technologies from 1G to present fifth generation (5G) or also 

called new radio 5G, has revolutionized the global connectivity [12]. 

Now the devices are power efficient, support much higher data rates, with lower latency and 

provide reliable wireless connectivity. Figure 2.1 shows the evolution from 1G to 5G. Every 

generation was replaced by the next after a decade. 

 

 

Figure 2-1 Evolution of mobile technology [58]. 

 

Every succeeding generation has brought enhancement in data rates and multiple other features, 

with second generation 2G also known as the global system for mobile communications (GSM),  

enabled users with voice communication capacity and short message services (SMS) with limited 

data support introduced later through enhancements such as GPRS and EDGE. However, fourth 

generation (4G) was the most well-known after the invention of wireless communication, also 

called long term evolution (LTE) supported highest numbers of simultaneous users in network 

and boosted the data rates up to 100 Mbps under high mobility conditions and up to 1 Gbps under 

low mobility, enabled by technologies such as orthogonal frequency-division multiplexing (OFDM) 

and multiple-input multiple-output (MIMO) systems. The fifth generation (5G), also referred to as 

5G New Radio (NR), began commercial deployment around 2019 and provides substantial 

improvements in peak data rates (reaching multiple Gbps), ultra-low latency, high reliability, and 
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flexible network architectures [59]. After decades long wireless connectivity evolution, the 

research continues towards next generation in line, the sixth generation that further enhances 

data rates, latency, and overall network intelligence.   

2.1 5G New Radio 

The 5G New Radio (NR) is known for providing best solutions for three of the key utilization areas, 

enhanced mobile broadband (eMBB), ultra reliable and low latency communication (URLLC) and 

massive machine type communications (MMTC), as shown in Figure 2.2.   

 

 

Figure 2-2 Key areas of 5G utilization [13]. 

 

5G networks offer larger network capacity and massive MIMO as a key enabler, expands system 

capacity while it saves the cost of deploying more BS units. 5G mm-Wave frequency spectrum 

delivers extreme capacity, ultra-high throughput, and ultra-low latency.  

Mm-Wave transmission operates above 24GHz, and it utilizes massive MIMO antennas to enable 

larger antenna arrays within smaller space. However, one of the major limiting factors in 5G 

performance is degradation in sounding reference signal (SRS) or pilot contamination, especially 

in cases when massive MIMO multiplexing technique is used. Thus, it is crucial to investigate 

further in this domain.   
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2.2  MIMO 

The concept of using multiple receive antennas to improve wireless communication performance 

has been studied for several decades. Based upon this principle, multiple-input multiple-output 

(MIMO) systems utilize multiple transmit and receive antennas at both the transmitter and 

receiver. This configuration enables the system to use spatial degrees of freedom, allowing the 

system to either improve link reliability or increase data throughput [15]. MIMO systems enhance 

performance by utilizing the array gain, spatial diversity and spatial multiplexing. 

 

Figure 2-3 Channel multipath components, shadowing, fading. 

 

Array gain is achieved through coherent combining of signals across multiple antennas, leading 

to an effective improvement in received signal-to-noise ratio (SNR). In space diversity 

configuration, MIMO systems transmit redundant versions of the same signal from multiple 

antennas, across independently fading channels. Since the probability that all channels 

simultaneously experience deep fading is low, therefore the receiver can combine the signals 

significantly improving signal reliability and robustness against fading. This technique provides 

diversity gain, increasing the effective SNR and reducing the outage probability, especially in 

environments with rich scattering or mobility [8]. 

Through spatial multiplexing, MIMO systems can enhance the channel capacity by dividing the 

data streams into multiple data streams to be transmitted simultaneously from different transmit 

antennas [16]. As shown in Figure 2.3, the transmitted signal scatters off different objects in the 

environment and is received by the UE from multiple directions. In a rich scattering environment, 

these paths are often uncorrelated, resulting in a channel matrix with multiple spatial degrees of 

freedom. This enables the receiver to separate and decode multiple parallel streams effectively 

increasing capacity linearly with the minimum number of transmit and receive antennas. In 

addition to the spatial multiplexing, MIMO systems can also use space–time coding techniques, 
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such as Alamouti scheme, to exploit spatial diversity in practical systems. In essence, MIMO 

techniques enhance spectral efficiency and reliability without requiring additional bandwidth or 

increased transmit power, making it a fundamental component of modern wireless standards [17]. 

As shown in Figure 2.3, the transmitted signal typically propagates through a non-line-of-sight 

(NLoS) wireless channel, where it reaches the user equipment (UE) after undergoing multiple 

reflections, diffractions, and scattering from surrounding objects. These multipath components 

arrive at the receiver with different delays, phases, and amplitudes, leading to constructive and 

destructive superpositions. The phenomenon, known as multipath fading, causes fluctuations in 

both the amplitude and phase of the received signal [18]. In addition to fading, thermal noise and 

interference further degrade signal quality, which makes it difficult for the UE to reliably retrieve 

the transmitted signal. Accurate estimation of the channel fading characteristics is therefore 

essential to compensate for these distortions and improve signal reception. Channel estimation 

enables compensation for channel-induced distortions and improves the signal receptions. In a 

traditional radio access network (RAN) the gNB is responsible for facilitating channel estimation. 

Utilizing the accurate channel state information (CSI), the gNB can efficiently adapt its 

transmission parameters — such as beamforming, modulation and coding scheme (MCS), and 

power allocation — to match the channel conditions and select an optimal transmission strategy 

[10].  

2.2.1 MIMO Types in 5G  

 

Figure 2-4 Multi-user MIMO compared to single user MIMO [60]. 

 

MIMO can operate in two principal modes, as shown in Figure 2.4, single user MIMO (SU-MIMO) 

and multi-user MIMO (MU-MIMO). The key distinction between these two modes lies in how 

spatial and time-frequency resources are utilized. In SU-MIMO, multiple spatial streams are 

transmitted to a single UE within the allocated time-frequency resources. The UE exploits multiple 

receive antennas to separate these spatial streams, thereby increasing its individual data rate. In 

this case, the allocated physical resource blocks (PRBs) are dedicated to a single user during a 

given transmission interval. MU-MIMO enables the gNB to simultaneously serve multiple UEs 

using the same time-frequency resources. Separation between users is achieved in the spatial 
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domain through beamforming and precoding, rather than relying solely on orthogonal time-

frequency allocation. A PRB consists of a set of consecutive subcarriers over one slot duration in 

an OFDM-based system. Allocated PRBs to one UE are orthogonal to PRBs allocated to another 

UE [19]. Such time-frequency resource allocation is necessary to avoid inter-user channel 

interference. MU-MIMO allows overlapping PRB allocation if users are spatially separable. 

Based on channel state information (CSI) obtained from each UE, a precoding matrix is formed 

at the transmitter gNB. This precoding matrix is multiplied to the transmit signal of each UE. In 

MU-MIMO systems, precoding techniques exploit the spatial separation between UEs to enable 

simultaneous transmission to multiple users on the same time-frequency resources without 

causing inter-user interference [20]. Common precoding strategies include zero-forcing (ZF), 

minimum mean square error (MMSE), which suppress inter-user interference by designing the 

precoding matrix based on channel estimates. 

With MIMO systems it is possible to have multiple simultaneous transmissions between the 

transmitter and receiver. Rank Indicator (RI) of a channel, refers to number of spatially 

independent paths between BS and UE, also known as spatial diversity of a channel [4]. The RI 

determines the maximum number of spatial data streams or layers which can be transmitted 

simultaneously over channel [21]. However, to transmit 𝐿 simultaneous data streams the number 

of transmitters and receivers both should be greater than or equal to number of layers 𝐿 [22].  

From the transmission scheme perspective, multiple transmit antennas provide the ability to 

precisely control the direction of the transmitted signal. By applying appropriate precoding 

weights, the transmitter can focus energy in the direction of the intended UE(s) while suppressing 

transmission in undesired directions, thereby improving signal-to-interference-plus-noise ratio 

(SINR) and overall system efficiency. 

2.3 Channel State Information (CSI)  

In wireless communication system, usually the signal transmission between the transmitter and 

receiver happens over the air. The transmitted signal propagates through certain environments 

that may attenuate the signal due to reflections and diffractions caused by different moving or 

stationary objects (scatters) in the environment. Moreover, due to multiple other wireless 

transmissions and electrostatic distortions in the environment, all of which significantly degrade 

signal quality. CSI describes the channel conditions and their effects on the transmitted signal [3]. 

In 5G NR, CSI acquisition relies on sounding reference signals (SRS) in the uplink and channel 

state information reference signals (CSI-RS) in the downlink to measure channel conditions. In 

orthogonal frequency division multiplexing (OFDM) systems, the total bandwidth is divided into 

numerous narrowband subcarriers, which are grouped into subbands (e.g., Physical resource 

blocks (PRB) in 5G NR or larger subbands consisting of multiple PRBs) and channel estimation 

is performed independently for each subband. The subband estimates are then combined by 

methods such as adaptive combing or interpolation or frequency-domain smoothing to produce a 
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more accurate and coherent channel estimate across the entire bandwidth. By estimating the 

channel on smaller subbands, the receiver can better capture these frequency-domain variations, 

leading to improved signal transmission over frequency-selective channels, where the channel 

effects vary over different frequency components [12]. 

Channel estimates facilitate in characterizing the channel parameters such as channel gains, 

phase offsets, and fading statistics. Based on this information about the channel conditions, the 

transmitter can modify its signal transmissions such that the adverse channel effects on the 

transmitted signal are mitigated and the signal reaches the desired receiver with minimum, 

channel-induced signal attenuations and inter channel interferences (ICI). Accurate channel 

estimation at the receiver further improves the signal reception and maximizes throughput by 

reducing bit-error rates (BER). The receiver uses CE to equalize the received signals and retrieve 

the transmitted signals. Various equalization techniques can be used depending on the channel 

conditions, i.e. the receiver may utilize zero-forcing equalization (ZFE) technique to eliminate 

signal interference from the other sources [14]. 

With large numbers of antennas, mMIMO system has the capacity to maximize throughputs and 

spectral efficiency [8]. mMIMO system’s efficiency heavily relies on channel information at both 

the transmitter and receiver side. During the initial access procedure, UE sends pilot symbols 

called preamble (pre-defined sequence of symbols) to the BS, which is then processed at BS to 

extract channel estimates. 

 

Figure 2-5 Simplified block diagram of the transmitter processing chain, highlighting the use of DM-RS and 
CSI-RS [24]. 

As shown in Figure 2.5, the two specific types of reference signals that gNB sends to the UE. The 

demodulation reference signal (DMRS) and CSI-RS are downlink reference signals transmitted 

by the gNB. These reference signals are essential for reliable data transmission and link 

adaptation in 5G NR. DMRS is precoded using the same precoding matrix as the physical 

downlink shared channel (PDSCH) data. This enables the UE to perform channel estimation for 

coherent demodulation and data decoding. CSI-RS, in contrast, is used by the UE to estimate the 

downlink channel for purposes such as CSI reporting such as channel quality indicator (CQI), 

precoding matrix indicator (PMI), rank indicator (RI), CSI-RS resource indicator (CRI). These are 
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the key CSI feedback parameters essential for processes such as beam management, tracking, 

and radio link monitoring. CSI-RS can be transmitted independently of PDSCH and supports both 

precoded and non-precoded configurations depending on the use case [42]. 3GPPP standards 

for 5G (3GPP TR 38.211) provide the details for reference signals.  

When accurate CSI is known at both the transmitter and receiver, MIMO systems can achieve 

near Shannon maximum channel capacity by using appropriate modulation and adaptive 

precoding schemes [25]. In practice channel conditions are time-varying and frequency selective, 

so channel estimates must be refreshed periodically. This periodicity of reference signals can be 

pre-defined or triggered by request. The channel estimates update depends on the varying 

channel conditions, such as channel coherence time and bandwidth, by which reference signals 

require an update more frequently or after several slots. For MIMO systems operating in time 

division duplexing TDD, the uplink and downlink transmission is done over the same frequencies, 

hence channels characteristics are almost the same. Therefore, we can write 𝐻𝐷𝐿 ≈ 𝐻𝑈𝐿
𝑇 , where 

𝐻 represents the channel matrix, 𝑇 in the superscript represents transpose-function and 𝑈𝐿 and 

𝐷𝐿 in subindices represent the uplink and downlink, respectively [26]. 

2.3.1 Sounding Reference Signal (SRS) 

In 5G cellular network, the SRS is an uplink reference signals generated by UE and transmitted 

to the base station to recover channel estimates based on these sounding signals. The reference 

signal is of special importance as SRS based channel estimation provides information about 

effects of the channel over the full bandwidth of the UE [12]. Based on this information the base 

station can modify its transmission, i.e. beam management, adjust the modulation and coding 

schemes (MCS), adjusting transmission rank [26]. As specified in 3GPP TS 38.211 [13], the SRS 

sequence in 5G NR is generated from a Zadoff-Chu (ZC) base sequence or low peak to average 

power ratio (low-PAPR) sequence depending on the transmission configuration. These are 

mapped to designated time-frequency resources within the uplink resource grid, based on 

configuration parameters provided via radio resource control (RRC) signaling. Figure 2.6 presents 

the two types of SRS resources allocation in the resource grid. As showed in Figure 2.6 (on the 

left side), assuming there are 12 subcarriers (SC) per OFDM symbol and SRS transmission comb 

configurations is set to 𝑘𝑇𝐶 = 𝑛2, where every other SC is used for SRS transmission. Figure 2.6 

(on the right side), SRS transmission comb configurations is set to 𝑘𝑇𝐶 = 𝑛4, where very fourth 

SC is used for SRS transmission. Table 6.4.1.4.3-1 in TS 38.211 (version 17 and later) provides 

details for each of these SRS configuration parameters for 5G mobile networks. In FDD systems 

operating in rich scattering environments, downlink channel estimation must be performed at the 

UE and fed back to the gNB. Consequently, the training and feedback overhead scales with the 

number of transmit antennas at the base station, which becomes prohibitive for large-scale MIMO 

systems. 
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Figure 2-6  SRS transmission comb configuration [29]. 

In contrast, TDD systems exploit channel reciprocity. Uplink channel estimates obtained via SRS 

can be reused for downlink precoding after calibration. Therefore, required SRS resources 

depends on the number of active terminals rather than the number of base station antennas [28]. 

Here, the active terminals mean number of single-antenna UEs. In this thesis the assumption is 

that the system uses TDD transmission and accurate CSI is available at the base station. 

2.4 Beamforming 

Beamforming is a spatial signal processing technique that exploits the phase and amplitude 

differences of signals across an antenna array to form directional transmission or reception 

patterns. In other words, beamforming is used to transmit or receive a signal only in or from a 

particular direction and concurrently mitigate the effects of interfering signals originating from 

different directions [30]. As shown in Figure 2.7, usually the source of interference is arising from 

a different spatial location which can be exploited to distinguish the desired signal from the 

interfering signals. 

To illustrate how a beamformer directs energy toward or receives signals from a terminal of 

interest, consider uniform linear array (ULA) with 𝑁 number of isotropic antenna elements, 

receives a narrow band complex plane wave signal 𝑠(𝑡), at some carrier frequency 𝑓
𝑐
, from a 

source that is at direction of arrival (DOA) 𝜃, relative to broad side of the array.  

The assumption is that the source of the received signal is at some angle 𝜃 from the broad side 

antenna array, this means the signal will reach faster at the first antenna element 𝑛0 of the array 

(where 𝑛0 denotes the antenna element closest to the source of the signal) than the rest of the 

antenna elements of the array (𝑛1, … 𝑛𝑁−1), will receive slightly delayed version of the same signal 

due to the signal propagation delay. 
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Figure 2-7 Beamforming concept illustration. 

 

The propagation delay 𝜏𝑛 is the time, the signal requires to propagate from the first antenna 𝑛0 to 

the 𝑛𝑡ℎ antenna, that is computed as follows: 

𝜏𝑛 =
(𝑑 𝑛 𝑠𝑖𝑛 𝜃)

𝑐
 

(2.1) 

Where 𝑛 ∈ {0, 1,2, … , 𝑁 − 1}, 𝑑 is the distance between two antenna elements, and 𝑐 is the speed 

of light. The assumption  is 𝑑 = 𝜆/2 , where 𝜆 is the wavelength of the signal and can be computed 

as 𝜆 = 𝑐/𝑓𝑐. The phase shift of the received signal can be expressed as  𝜙
𝑛
= 2 𝜋𝑓

𝑐
𝜏𝑛. Substituting 

the expression for 𝜏𝑛 into the phase equation 𝜙
𝑛
= 2 𝜋(𝑛𝑑𝑠𝑖𝑛𝜃/𝜆) , where 𝜃 is the known DOA. 

In a distortion less environment, where DOA is known it is common to use the complex conjugate 

of the normalized steering vector as the beamforming weights. This maximizes the array gain 

from a known DOA 𝜃 [31]. The array response is the complex gain (amplitude + phase) that a 

plane wave from angle θ experiences across all 𝑁 antenna elements [32]. With the assumption 

of distortion-less environment and isotropic antennas, the amplitude will remain constant. This 

implies that the array response will be purely the phase response of the array. Which can be 

expressed by the following equation: 

𝑎(𝜃) =  [1, 𝑒𝑗·𝜙1    , 𝑒𝑗𝜙2 , … , 𝑒𝑗·𝜙𝑁−1  ]
𝑇
 (2.2) 

The signal received at the 𝑛 − 𝑡ℎ antenna is 𝑥𝑛(𝑡) = 𝑎𝑛(𝜃) 𝑠(𝑡). When the noise term is included, 

the received signal at ULA can be written as:  

𝑥(𝑡) = 𝑎(𝜃) 𝑠(𝑡) + 𝑛(𝑡) (2.3) 

𝑛(𝑡) denotes the noise vector, assuming we have i.i.d. complex Gaussian noise with unit variance. 

To compute the beamforming weights, we will use the delay and sum beamformer. The 

beamforming weights are designed to coherently align with the phase of the desired signal across 
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all antennas, compensating for the propagation delay differences caused by the DOA 𝜃. The 

beamforming weights are computed by complex conjugate of the normalized steering vector as 

𝑤 =
1

√𝑁
 𝑎∗(𝜃), here superscript (*) represents conjugate operation. The beamforming weights are 

normalized by dividing with √𝑁, to ensure the beamforming weights have unit norm and provide 

coherent gain [32]. In the next step, the beamforming weights 𝑤 are multiplied to across all 𝑁 

antenna outputs 𝑥(𝑡). This produces a complex scaler output 𝑦(𝑡) ϵ ℝN , that maximizes the 

received signal gain from the DOA 𝜃. The output of the beamformer can be written as 𝑦(𝑡) =

𝑤 𝑥(𝑡). Substituting the values of 𝑤 and 𝑥(𝑡), the beamformer output can be written as: 

𝑦(𝑡) =
1

√𝑁
 𝑎∗(𝜃) 𝑎(𝜃) 𝑠(𝑡) +

1

√𝑁
 𝑎∗(𝜃) 𝑛(𝑡) 

(2.4) 

The final output of the beamformer is 𝑦(𝑡) = √𝑁  𝑠(𝑡) + 𝑛̂(𝑡), where √𝑁  𝑠(𝑡) is the desired signal 

with coherent gain and 𝑛̂(𝑡) is the filtered noise at beamformer output, that is  𝑛̂(𝑡) =

1

√𝑁
 𝑎∗(𝜃) 𝑛(𝑡), Assuming spatially white noise, the output noise power is:  

𝐸[|𝑛̂(𝑡)|2] =  𝑤ᴴ 𝐸[𝑛(𝑡)𝑛(𝑡)ᴴ]𝑤 =  𝑤ᴴ (𝜎2𝐼)𝑤 =  𝜎2 (2.5) 

Therefore, the output noise power will be the same as it was at a single receive antenna, while 

the signal power  increases by a factor of 𝑁. This results in SNR improvement of 10 log10 𝑁 dB 

[33].In this example the beamforming weights are designed to perfectly align (compensate) the 

phase of the desired signal (arriving from a known AoA) across all antennas, resulting in coherent 

addition and maximum gain. Signals arriving from other angles experience residual phase 

differences that are not compensated for, causing their contributions to add destructively. 

This effect becomes more pronounced with larger array sizes, as the main lobe narrows and side 

lobes decrease, leading to stronger suppression of off-axis interferers. Therefore, beamforming 

increases the signal-to-interference-plus-noise ratio (SINR) and enhances overall spectral 

efficiency [34]. 

2.4.1 Types Of Beamforming 

Beamforming can be done in three types  

1. Digital  

2. Analog  

3. Hybrid.  

 

As shown in Figure 2.8, digital beamforming has digital phase shifters, that can shift through any 

phases configuration and provide ultimate flexibility for beamforming algorithms such as 

eigenvectors-based beamforming. However, digital beamforming requires a separate RF chain 
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per antenna element, resulting in high cost, increased power consumption, and greater 

complexity compared to analog or hybrid approaches. 

 

 

Figure 2-8 Digital and Hybrid RF-chains. 

Analog beamforming, in contrast, is simpler and less expensive, using fixed or adjustable time-

delay and phase shifters before up-conversion to adjust antenna weights for transmission or 

reception. It is well-suited for PMI/codebook-based methods, such as grid-of-beams (GoB) 

beamforming. However, analog beamforming has limited flexibility in beam shaping, as it cannot 

form multiple simultaneous beams, and suffers performance degradation in fast-fading or multi-

user interference scenarios [59]. The hybrid beamforming as shown in Figure 2.8, combines the 

benefits of both the analog and digital beamforming by using fewer RF chains to adjust large 

number of phase shifters for beam steering, while digital baseband precoding enables multi-

stream transmission, and interference suppression [35]. 

In this thesis, we utilize digital beamforming to leverage its inherent flexibility in applying arbitrary 

amplitude and phase weights to each antenna element. This capability is essential, as the focus 

of the thesis is to evaluate impact of CSI compression and decompression. Since hybrid 

beamforming is not directly applicable due to the constant modulus constraint imposed by analog 

phase shifters. Specifically, in hybrid architecture, multiple antenna elements are connected to a 

single RF chain via phase shifters that can only adjust phases, while maintaining equal amplitude 

contribution from each element to the RF chain. Consequently, realizing beamforming vectors 

with arbitrary amplitudes requires additional optimization or approximation algorithms, which may 

introduce performance degradation. For these reasons, fully digital beamforming is adopted to 

ensure exact implementation of the optimal singular-vector-based weights [36].   

Digital 

Hybrid 
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2.4.2 SVD Based MIMO Transmission 

Eigenvector-based beamforming transforms a MIMO channel into a set of independent parallel 

SISO channels by aligning transmission and reception with the singular vectors of the channel 

matrix. As illustrated in Figure 2.9 a 2 × 2 MIMO system, where transmitter and receiver both 

have two antennas each. Assume we have a vector Gaussian channel matrix, 𝐻 ∈ ℂ2×2 , between 

the transmitter and receiver. The singular value decomposition (SVD) of the channel matrix can 

be expressed as: 

𝐻 = 𝑈 Σ 𝑉𝐻 (2.6) 

Where 𝑈 ∈ ℂ2×2   is a unitary matrix that contains left singular vectors of the channel and 𝑉 ∈ ℂ2×2  

is a unitary matrix that contains right singular vectors of the channel.  While Σ ∈ ℝ2×2  is a diagonal 

matrix that contains corresponding singular values in descending order. The column vectors of 𝑈 

and 𝑉 are the eigenvectors of 𝐻𝐻𝐻 and 𝐻𝐻𝐻, respectively. The right singular vectors 𝑉 define the 

optimal precoding directions at the transmitter, while the left singular vectors 𝑈 define the optimal 

combining directions at the receiver. By transmitting only along the strongest eigenmodes (largest 

singular values), the system achieves maximum spectral efficiency, zero interstream interference, 

and the full MIMO capacity under perfect channel state information [37]. 

 

 

Figure 2-9 Eigenvectors are used as weight vectors. 

 

As shown in Figure 2.9, precoding the data vector 𝑠 = [ 𝑥1 , 𝑥2]
𝑇  ∈ ℂ2×1  with right singular vectors 

of the channel, that are column vectors of 𝑉. The transmitted signal can be expressed as follows: 

𝑥 = 𝑉𝑠  (2.7) 

For notional simplicity the noise terms have been omitted from the equations. Since singular 

vectors are orthonormal vectors, that is 𝑈𝐻𝑈 = 𝐼2 and 𝑉𝐻𝑉 = 𝐼2, where 𝐼2 is an identity matrix. 

The signal 𝑦 can be written as follows:  

Precoding 

V

Receiver 
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𝑦 = 𝐻𝑉𝑠 = (𝑈Σ𝑉𝐻)𝑉𝑠 (2.8) 

In this example it is assumed that both the transmitter and receiver terminals have accurate CSI 

available. At the receiver, the signal is multiplied by complex conjugate transpose of left singular 

vectors of the channel, that is 𝑈𝐻, hence the received signal can be written as: 

𝑦 = 𝑈𝐻  (𝑈Σ𝑠) = Σ𝑠 (2.9) 

 Σ𝑠 is a vector where each element of 𝑠 is scaled by the corresponding singular value. While 

eigenvector-based beamforming provides an optimal benchmark under perfect CSI, the following 

sections focus on a more practical framework based on covariance-driven beam selection and 

reduced-dimensional precoding, where RZF is applied in the resulting beamspace domain. Thus, 

eigenvector-based beamforming is presented here primarily as a theoretical benchmark, 

providing intuition for spatial multiplexing and channel diagonalization, while the proposed 

approach focuses on a more practical and scalable implementation, that significantly reduces 

fronthaul signaling overhead while maintaining good spatial multiplexing performance [38]. 

2.4.3 Zero Forcing Beamforming 

ZF is one of the simplest and commonly used linear precoding methods in MU-MIMO systems 

[69]. In zero-forcing (ZF) precoding, the weight vectors are derived from the Moore-Penrose 

pseudo-inverse of the composite channel matrix, effectively placing nulls in the directions of 

undesired UEs to suppress inter-user interference (IUI) [41]. In the multiuser multiple-input single-

output (MISO)  channel, Wiesel et al [39] demonstrated that, under a total transmit power 

constraint, zero-forcing (ZF) precoding based on the Moore-Penrose pseudo-inverse is optimal 

among the class of generalized inverses for performance criteria such as throughput 

maximization and fairness. However, this pseudo-inverse solution does not achieve the channel 

capacity, which requires nonlinear techniques like dirty-paper coding (DPC). When per-antenna 

power constraints are imposed, the standard pseudo-inverse ZF precoder becomes  suboptimal, 

due to uneven power distribution across antennas, necessitating alternative optimization 

approaches within generalized inverses [40]. 

Zero forcing beamforming (ZF-BF) is an optimal linear precoding technique when objective is to 

eliminate interfering signals. However, ZF-BF is suboptimal in terms of sum capacity, due to the 

inherent noise enhancement issue. The ZF-BF weights calculation relies on perfect CSI at the 

transmitter. The precoding matrix 𝑊𝑍𝐹 is computed as the pseudo-inverse of the composite 

channel matrix 𝐻: 

𝑊𝑍𝐹 = 𝐻
𝐻 ( 𝐻 𝐻𝐻)−1 (2.10) 

Where 𝐻 ∈ ℂ2×NBS represents the channel vectors of two UEs, as shown in Eq. (2.11). The goal 

of ZF is  to maximize signal power in the desired UE’s direction while minimizing it in any another 
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UE’s direction [41].  Mathematical explanation could be to have weight vectors as such that they 

result in greater inner product with desired UE’s channel vectors and smaller inner product with 

channel vectors of any other UE. This is achieved by adjusting amplitudes and phases of weight 

vectors of each transmitting or receiving antenna element as such that, the signal adds coherently 

at (or from) the desired UE and adds destructively at (or from) the un-desired UEs direction.  

Consider gNB has 𝑁𝐵𝑆 transmit antennas and two single antenna UEs are co-scheduled to receive 

data. The channel vectors of the UEs are represented by  ℎ1 ∈  ℂ
NBS×1 and ℎ2. ∈ ℂ

NBS×1, assuming 

the UEs have one antenna. The composite channel matrix can be written as: 

𝐻 = [ℎ1 ℎ2]
𝐻 (2.11) 

The assumption here is ℎ1 and ℎ2 are partially correlated, and perfect channel state information 

is available. To apply zero forcing we need precoding matrix 𝑊𝑍𝐹  such that 𝐻𝑊𝑍𝐹 = 𝐼2, where 

𝐻 ∈ ℂ2×NBS is the composite channel matrix, 𝑊𝑍𝐹 ∈ ℂ
NBS×2 is the precoding matrix, computed as 

shown in Eq. (2.10) and 𝐼 is an identity matrix. 𝑊𝑍𝐹 consists of column vectors 𝑤1 and 𝑤2, that 

are the precoding vectors for UE1 and UE2. 𝐻𝑊𝑍𝐹 = 𝐼2, this equation means that ℎ1
𝐻𝑤

2
= 0, 

ℎ2
𝐻𝑤1 = 0 and ℎ1

𝐻𝑤
1
= 1, ℎ2

𝐻𝑤2 = 1. In simpler words the 𝑤1 is complex vector that lies in the null 

space of ℎ2, hence the inner product of ℎ2
𝐻 and 𝑤1 results in a zero. But it is also necessary that 

ℎ1
𝐻𝑤

1
= 1. Hence 𝑤1 must fulfill two conditions, mentioned previously. To compute the 𝑤1, first 

step is to project ℎ1 onto the ℎ2, which basically reveals the part of UE1’s channel, that overlaps 

with channel of UE2, expressed as follows: 

𝑝𝑟𝑜𝑗ℎ2 (ℎ1) =
ℎ2
𝐻ℎ1

‖ℎ2‖
2  
 ℎ2 

(2.12) 

To compute 𝑤1, the computed projection in Eq. (2.12) is removed from the channel ℎ1. Therefore, 

ℎ̃1 = ℎ1 − 𝑝𝑟𝑜𝑗ℎ2 (ℎ1) and as a final step 𝑤1 must be scaled such as 𝑤1 =
ℎ̃1

ℎ1
𝐻 ℎ̃1   

, to ensure unit 

gain in desired UE’s direction. The computation of 𝑤2 can be done similarly. Note, the method 

described in the text is an alternative conceptual approach to derive the individual precoding 

vectors 𝑤1 and 𝑤2 and is presented only to illustrate the underlying principle of creating 

orthogonal channels. The standard ZF precoder uses the composite channel matrix 𝐻 to compute 

ZF weights 𝑊𝑍𝐹 = [𝑤1 𝑤2] , as shown in Eq. (2.10). This ensures the unit gain condition for the 

desired user, that is ℎ1
𝐻𝑤

1
= 1. Assuming the data streams for the UE1 and UE2 are 𝑠1, 𝑠2, 

respectively. Then the transmitted signal is 𝑥 = 𝑤1𝑠1 + 𝑤2𝑠2. The signals received at each of the 

UEs are 𝑦
1
and 𝑦

2
. These can be written as: 

𝑦
1
= ℎ1

𝐻𝑥 + 𝑛1 = ℎ1
𝐻𝑤1𝑠1 + ℎ1

𝐻𝑤2𝑠2 + 𝑛1 = 𝑠1 + 𝑛1 

𝑦
2
= ℎ2

𝐻𝑥 + 𝑛2 = ℎ2
𝐻𝑤1𝑠1 + ℎ2

𝐻𝑤2𝑠2 + 𝑛2 = 𝑠2 + 𝑛2 

 

(2.13) 
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As we have previous established that ℎ1
𝐻𝑤

2
= 0, ℎ2

𝐻𝑤1 = 0 and ℎ1
𝐻𝑤

1
= 1, ℎ2

𝐻𝑤2 = 1, this 

theoretically means there will be no interference between the signals transmitted to both of the 

UEs . Hence, ZF precoding  enables spatial separation of user equipment (UEs), allowing multiple 

transmissions to occur simultaneously by exploiting the spatial domain.  

In practice, the ZF precoder requires power normalization because the norm of the unnormalized 

ZF precoding matrix is arbitrary and highly dependent on channel conditions. The un-normalized 

precoder, derived as the pseudo-inverse 𝑊𝑍𝐹 = 𝐻
𝐻(𝐻𝐻𝐻)−1, can result in excessively high or low 

transmit power across transceiver (TRX) chains, posing significant hardware challenges such as 

power amplifier (PA) saturation. 

Matrix (trace-based) normalization is commonly applied to enforce the total transmit power 

constraint, but it leads to disproportionate power distribution among UEs: users with weaker 

(poorly conditioned) channels receive the majority of the transmit power to facilitate interference 

nulling, while users with stronger channels are allocated significantly less power. To mitigate this 

imbalance, practical systems frequently employ per-column (vector) normalization, where each 

precoding vector is individually normalized prior to transmission. This approach provides a more 

balanced power distribution across users and offers improved control over per-stream or per-user 

transmit power allocation [42]. However, per-column normalization may reduce the achievable 

sum rate compared to trace-based normalization, since it limits adaptive power allocation across 

spatial streams. 

These constraints arise from both hardware limitations i.e. individual power amplifier (PA) ratings 

and regulatory requirements dictated by national standards and 3GPP specifications i.e. 

maximum EIRP and emission masks in TS 38.101. 

This normalization highlights a key limitation of ZF precoding: the effective signal gain per 

transmitted stream is reduced, while additive noise is enhanced at the receiver. This effect arises 

from the inversion of the channel matrix, which amplifies components associated with small 

singular values. This phenomenon is particularly pronounced when the channel matrix 𝐻 is ill-

conditioned i.e. when it exhibits a high condition number due to strong spatial correlation or at 

low-to-moderate signal-to-noise ratios (SNRs) [43]. 

 

2.4.3.1 Regularized zero forcing beamforming 
 

Regularized zero-forcing (RZF) precoding is widely adopted in the literature to mitigate the severe 

noise amplification that arises in conventional zero-forcing (ZF) precoding [43]. This is achieved 

by introducing a regularization term 𝛼 that smooths the channel inversion and balancing 

interference suppression with noise enhancement. The un-normalized RZF precoding matrix is 

given by: 
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𝑊𝑅𝑍𝐹 =  𝐻
𝐻(𝐻𝐻𝐻 + 𝛼𝐼𝑀)

−1 (2.14) 

where 𝐻 ∈ ℂM × NBS is the channel matrix between the base station and UE. In this thesis, 𝛼 is 

computed as 𝛼 = 𝑀𝜎𝑛
2/𝑃𝑅𝐸 . Where 𝑀 is the number of  data streams (or 𝑀 users with single 

receive antennas),  𝜎𝑛
2 is the noise power and 𝑃𝑅𝐸 is the transmit power per resource element 

(RE). RE corresponds to one subcarrier during one OFDM symbol. Under this definition, 𝛼 is 

proportional to the inverse of the per-stream signal-to-noise ratio (SNR), thereby adapting the 

level of regularization to the operating SNR regime. This choice of 𝛼 enables a smooth transition 

between different precoding behaviors. At low SNR (large 𝛼), the precoder approaches a 

matched-filter (or maximum ratio transmission) solution, improving robustness to noise. 

Conversely, at high SNR (small 𝛼), the RZF precoder converges to the ZF solution, prioritizing 

interference suppression. As a result, RZF effectively balances noise amplification and 

interference cancellation across a wide range of channel conditions [20]. 

The normalized precoder is expressed as: 

𝑊𝑅𝑍𝐹
𝑛𝑜𝑟𝑚 = √

𝑃𝑠𝑐𝑎𝑙𝑒
∑ 𝑡𝑟𝑎𝑐𝑒 (𝑊𝑅𝑍𝐹𝑔𝑊𝑅𝑍𝐹 𝑔

𝐻 )𝐺
𝑔=1

  𝑊𝑅𝑍𝐹 ∈ ℂ
𝑁𝐵𝑆×𝑀  

(2.15) 

where 𝑃𝑠𝑐𝑎𝑙𝑒  denotes the transmit power allocated across all subbands. This normalization 

ensures that the total transmit power across all antennas, spatial streams and subbands is equal. 

The matrix (trace-based) normalization is applied to the RZF precoding matrix. Per-column 

normalization could be applied to control power distribution across spatial layers, it is not 

considered in this work, as the focus is to evaluate impact of beamspace transformation. 

Moreover, the regularization term inherently mitigates extreme power variations across streams, 

reducing the necessity for additional per-stream normalization. 
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3. CSI – COMPRESSION ALGORITHMS 

Accurate channel state information is extremely important to maximize spectral efficiency and 

accurate beamforming. However, transferring the beamforming weights in full dimensions i.e. 

dimensions based on number transmit antenna at base station, can congest the fronthaul 

(between DU and RU). CSI compression algorithms analyzed in this chapter offer to reduce the 

fronthaul data rates. Ideally the compression and de-compression of CSI are expected to be 

lossless, to avoid degradation of CE, however in practice DFT based CSI compression introduces 

some loss of information due to gird mismatch (discussed in section 3.1). The goal is to be able 

to represent channel estimates in reduced dimensions, such that the loss of CSI information can 

be minimized. Transferring beamforming weights with reduced dimensions reduces the fronthaul 

traffic. This chapter focuses on elaborating the CSI compression algorithms and in Chapter 5, 

MATLAB simulations-based results are presented to analyze the impact of CSI compression over 

the spectral efficiency. In chapter 6, the computational complexities of CSI compression 

algorithms are analyzed, and fronthaul data rates reduction is illustrated using bar charts. We will 

use the terms antenna domain and beamspace, assuming the un-compressed channel estimates 

reside in antenna domain.  

Figure 3.1 illustrates the overall methodology of the proposed CSI compression and 

decompression framework, highlighting both antenna-domain and beamspace-based 

beamforming approaches. In the conventional antenna-domain processing (middle block), 

instantaneous or averaged channel estimates are directly used to compute full-dimensional RZF 

beamforming weights, which are then transmitted over the fronthaul to the remote unit (RU) for 

beamforming. In contrast, the proposed beamspace approaches (top and bottom blocks) first 

transform the channel into a reduced-dimensional representation. In the 2D-DFT-based approach 

(top), a set of beams is selected from a 2D-DFT or phase-rotated 2D-DFT matrix using beam 

selection, where the selection is guided by the power captured from the instantaneous channel 

covariance matrix. The channel is then projected onto this reduced beamspace, and RZF weights 

are computed in the lower-dimensional domain/beamspace. Similarly, in the eigenvector-based 

approach (bottom), eigen decomposition of the instantaneous channel covariance matrix is 

performed, and a subset of dominant eigenvectors is selected as the beamforming basis. The 

channel is then compressed into this eigen beamspace, followed by reduced-dimensional RZF 

weight computation. In both beamspace methods, only the compressed beamforming weights 

along with the corresponding basis information (DFT indices or eigenvectors) are transmitted over 

the fronthaul. At the RU, the beamforming weights are reconstructed in the antenna domain 

before final transmission. This framework significantly reduces fronthaul data rates and 

computational complexity while maintaining beamforming performance. 
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Figure 3-1 CSI compression and decompression process. 

 

3.1 CSI - Representation Based on DFT Vectors 

The proposed DFT based CSI compression algorithm is well known for its reduced computational 

complexity compared to other  dimensionality reduction algorithms, such as eigen decomposition 

of channel covariance matrix [44]. In contrast to adaptive methods that require expensive per-

realization eigen-decomposition, the DFT based approach projects the channel onto a predefined 

orthonormal beamspace basis that approximates dominant eigenmodes for structured arrays 

such as ULAs. Vectors of DFT-matrix 𝐹 ∈ ℂN×N , where 𝑁 is the number of antenna elements per 

polarization, are orthogonal to each other such that  𝐹𝐹𝐻 = 𝐹𝐻𝐹 = 𝐼 and will become the new 

basis vectors of the channel estimates. 

To further illustrate the underlying principle, and particularly the effect of grid mismatch inherent 

in DFT-based compression, an example similar to that in [3] is included. The presentation has 

been adapted with modified notation to maintain consistency with the remainder of this thesis and 

is used to provide intuition on how angle-of-arrival (AoA) map onto discrete DFT bins. 
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With large number of  receive antennas the channel representation in beamspace domain exhibit 

increased sparsity, enabling efficient compression. To demonstrate the stated concept 

mathematically, consider a ULA with 𝑁 antenna elements. The channel ℎ ∈ ℂN×1  resides in 

antenna domain . For analytical insights, we assume ℎ is a single-ray channel with complex gain 

𝛼 and AoA (𝜃). The received signal at ULA is 𝛼 𝑎(𝜃).  Where steering vector 𝑎(𝜃) is expressed 

as follows: 

𝑎(𝜃) = [1, 𝑒𝑗 
2𝜋
 𝜆  
 𝑑 sin𝜃 , … , 𝑒𝑗 

2𝜋
 𝜆  
 (𝑁−1)𝑑 sin𝜃]

𝑇

 
(3.1) 

𝜆 is carrier frequency wavelength, 𝑑 = 𝜆/2  is antennas spacing. The DFT transformation is 

applied using normalized DFT matrix 𝐹𝑁 ∈ ℂ
N×N , where it’s (𝑝, 𝑞)𝑡ℎ  element is expressed as 

follows:  

[FN]p,q =
1

√𝑁
𝑒
(−𝑗

 2𝜋

𝑁
 𝑝𝑞)
, 𝑝, 𝑞 = 0, … , 𝑁 − 1 

(3.2) 

The channel ℎ in transformed domain (beamspace) is represented as ℎ̃ = 𝐹𝐻ℎ ∈ ℂ𝑁×1. The 𝑞𝑡ℎ 

component of ℎ̃ can be written as:  

[ℎ̃]
𝑞
 =

𝛼

√𝑁
 ∑ 𝑒−𝑗(

2𝜋
𝑁
  𝑛𝑞 −  

2𝜋
 𝜆  
 𝑛𝑑 sin 𝜃)

𝑁−1

𝑛=0

 
(3.3) 

The sum of Eq. (3.3) can be expressed in a closed form using geometric series formula as: 

[ℎ̃]
𝑞
=
𝛼

√𝑁
𝑒
−𝑗 
𝑁−1
2
 (
2𝜋
𝑁
 𝑞 − 

2𝜋
𝜆
 𝑑 𝑠𝑖𝑛𝜃) 

 
sin [

𝑁
2
(
2𝜋
𝑁
 𝑞 −  

2𝜋
𝜆
 𝑑 𝑠𝑖𝑛𝜃)]

sin [
1
2
(
2𝜋
𝑁
 𝑞 − 

2𝜋
𝜆
 𝑑 𝑠𝑖𝑛𝜃)] 

  

(3.4) 

This expression for [ℎ̃]
𝑞
exhibits the characteristic of the Dirichlet kernel, which is closely related 

to the Sinc function. Let 𝑋 =   
1

2
(
2𝜋

𝑁
 𝑞 − 

2𝜋

𝜆
 𝑑 𝑠𝑖𝑛𝜃), ignoring the phase term, the magnitude of [ℎ̃]

𝑞
 

is proportional to  
sin(𝑁𝑋)

𝑠𝑖𝑛𝑋
 .  This function has maximum value when the argument 𝑋 ≈ 0, that can 

also be written as follows: 

2𝜋

𝑁
 𝑞 −  

2𝜋

𝜆
 𝑑 𝑠𝑖𝑛𝜃 ≈ 0 

(3.5) 

This simplifies to 𝑞 ≈ 𝑁 (
𝑑

𝜆
  𝑠𝑖𝑛𝜃). This value of 𝑞 directly corresponds to the DFT bin that best 

matches the angle of arrival (AoA) 𝜃 of the incoming ray. As 𝑞 deviates from this peak value, the 

argument 𝑋 grows. The denominator 𝑠𝑖𝑛(𝑋) changes relatively slowly while the numerator 

𝑠𝑖𝑛(𝑁𝑋) oscillates quickly. This leads to distinctive Sinc-like behavior, with a strong central peak 

at the AoA-matched bin and rapidly declining side lobes.  

In the theoretical limit, when 𝑁 → ∞ , the 𝑞𝑡ℎ component of the transformed single ray channel 

approaches a Dirac delta-like distribution, expressed as  [ℎ̃]
𝑞
= |𝛼|√𝑁 𝛿 (

𝑞

𝑁
−
𝑑 𝑠𝑖𝑛𝜃

𝜆
),  where 𝛿 is 

Dirac delta function. The argument of 𝛿 is (
𝑞

𝑁
−
𝑑 𝑠𝑖𝑛𝜃

𝜆
), where 

𝑞

𝑁
 represents the normalized 
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frequency in DFT domain and 
𝑑 𝑠𝑖𝑛 𝜃

𝜆
  represents spatial frequency corresponding to the AoA. This 

implies that for an infinite array, a single incoming ray perfectly maps to a single, specific DFT 

point (beam), where  𝑞 = 𝑁 (
𝑑 𝑠𝑖𝑛𝜃

𝜆
  ). This allows for the exact determination of the AoA as 𝜃 =

arcsin (
𝑞𝜆

𝑁𝑑
) . 

In practice the number of receive antennas 𝑁 is not infinite leading to two main issues. One is the 

incoming ray is not mapped to single DFT index. Instead, its energy "leaks" into adjacent DFT 

bins. This is due to the Sinc-like behavior discussed previously. Nevertheless, as the number of 

antenna elements 𝑁 increases, the main lobe of the spatial spectrum becomes narrower, as 

illustrated in Figure 3.2, allowing the dominant energy of the channel to concentrate around only 

a few neighboring DFT bins. Consequently, the transformed channel coefficient [ℎ̃]
𝑞
 exhibits 

significant magnitude only near the DFT index corresponding to the spatial frequency of the 

incoming path. Since the DFT outputs represent discrete samples of the discrete-time Fourier 

transform (DTFT) of the channel vector ℎ, the non-zero coefficients are distributed around the 

dominant DFT index rather than being confined to a single point. The DFT index 𝑞 therefore 

corresponds to a discrete spatial beam direction [15]. 

 

Figure 3-2 Comparison of large to small ULA. 

The DFT matrix implicitly assumes that incoming paths align perfectly with their predefined spatial 

frequencies (beams). However, in real-world scenarios, channel multipaths arrive with arbitrary 

AoAs that rarely align exactly with these discrete DFT bins and even a single ray might excite 

multiple DFT bins, as illustrated in Figure 3.2 (top left plot) [47]. DFT vectors restrict the detection 

of channel multipaths by assuming paths are exactly equal to  
1

√𝑁
𝑒(−𝑗

 2𝜋

𝑁
 𝑝𝑞)

 for 𝑝, 𝑞 = [0, … , 𝑁 − 1] 
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[46]. However, as the number of receive antennas 𝑁 is increased  (i.e. from 16 to 1024), it helps 

to concentrate the energy of a single ray into fewer DFT bins, mitigating the effect of grid 

mismatch, but perfect alignment is still not guaranteed.  To address grid mismatch and encourage 

better channel sparsity, a phase-rotated DFT matrix can be employed, which effectively shifts the 

DFT grid to better align with arbitrary incoming angles. Explained further in section 3.1.2. 

In the previous example a ULA has been used, where the antenna elements are in single line, 

the phase progression of the signal across the array only varies in one dimension. Therefore 1D-

DFT matrix was used, which represents orthogonal spatial components along that single 

dimension. In this thesis the BS is equipped with URA, as shown in Figure 4.1. For a Uniform 

Rectangular Array (URA), where antenna elements are arranged in a 2D grid. The spatial 

characteristics of the signal vary across two orthogonal dimensions. Therefore, a 2D-DFT matrix 

is used to capture the signal power from spatial components in both dimensions. 

A normalized 2D-DFT matrix is obtained by Kronecker’s product of two 1D-DFT matrices as  

𝐹 =  𝐹𝑃⊗𝐹𝑄 ∈ ℂ
𝑃𝑄×𝑃𝑄, where  𝐹𝑃 ∈ ℂ

𝑃×𝑃  and 𝐹𝑄 ∈ ℂ
𝑄×𝑄. As per array dimensions explained in 

4.1, the URA consists of 𝑃 rows (vertical dimension) and 𝑄 columns (horizontal dimension), 

resulting in 𝑁 = 𝑃𝑄 , antenna elements per polarization. The (𝑝, 𝑞)𝑡ℎ element of the 2D-DFT matrix 

𝐹 can be expressed as follows: 

[F]p,q =
1

√𝑃𝑄
𝑒(−𝑗

 2𝜋
𝑃
 𝑎𝑝) 𝑒

(−𝑗
 2𝜋
𝑄
 𝑏𝑞)

 
(3.6) 

where that 𝑝 = 0,1, … , 𝑃 − 1, 𝑞 = 0,1, … , 𝑄 − 1 and 𝑎 = 0,1, … , 𝑃 − 1, 𝑏 = 0,1, … , 𝑄 − 1. The indices 

𝑎 and 𝑏 correspond to the vertical and horizontal spatial-frequency bins of the 2D-DFT 

beamspace, respectively, while 𝑝 and 𝑞 denote the antenna element indices along the vertical 

and horizontal array dimensions.  

In this thesis the URA supports dual polarizations, and the array receives a similar spatial 

response for both polarities and there is negligible cross-polar coupling. Therefore, a combined 

covariance matrix 𝑅 ∈ ℂ𝑁×𝑁  can be used for both polarities. This combined matrix is typically 

calculated as the average of the individual polarization covariance matrices as  𝑅 =

1

2
(𝑅𝑝𝑜𝑙0 + 𝑅𝑝𝑜𝑙1),  where 𝑝𝑜𝑙0  and 𝑝𝑜𝑙1 in subscript refer to the first and second polarization. This 

approach leverages the spatial correlation across polarizations to derive a single representative 

covariance matrix. 

3.1.1 2D-DFT Based Beam Selection 

The core of the beam selection process involves analyzing the channel's second-order statistics, 

specifically through the channel covariance matrix. While practical systems typically rely on long-

term covariance (which remains constant over the channel coherence time for wide-sense 

stationary channels), this thesis uses the instantaneous channel CoMa for beam pre-selection. 

Since TDD channels follow reciprocity, the antenna domain downlink channel CoMa can be 
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expressed as 𝑅𝐷𝐿 = 𝑐𝑜𝑛𝑗(𝑅𝑈𝐿) ∈ ℂ
𝑁×𝑁. To select dominant 2D-DFT beams, we evaluate the 

energy captured by using the diagonal elements of the transformed covariance matrix: 

𝑝𝑛 = [𝐹𝑅𝐷𝐿𝐹
𝐻]𝑛,𝑛 , 𝑛 = 0,…𝑁 − 1 (3.7) 

[. ]𝑛,𝑛 represents the 𝑛-th diagonal element of the matrix. Since 𝑅𝐷𝐿 is Hermitian positive semi-

definite, each 𝑝
𝑛
∈ ℝ≥0 is real and non-negative, and directly represents the average power 

associated with the 𝑛-th 2D-DFT component. The vector 𝑝 ∈ ℝ𝑁 can be referred to as the 

beamspace power spectrum. 

The coefficients 𝑝𝑛 are sorted as  𝑝𝑛0 ≥ 𝑝𝑛1 ≥ ⋯ ≥ 𝑝𝑛𝛽−1 ≥ ⋯ ≥ 𝑝𝑁−1, where 𝑁 is the number of 

TRXs per polarity. The indices 𝒮 = {𝑛0, … , 𝑛𝛽−1}, corresponding to the 𝛽 largest values are 

selected. These indices identify the most significant transform-domain components of the 

channel. The selected 𝛽 number of 2D-DFT vectors, is smaller number than 𝑁 dimensions of the 

channel covariance matrix, such that 𝛽 ≪ 𝑁. A reduced 2D-DFT matrix is then constructed by 

selecting the corresponding rows of 𝐹, can be written as [𝐹] 𝛽,: ∈ ℂ
𝛽×𝑁.  

As channel covariance is assumed to be approximately identical across both polarization 

branches, the same set of beam indices 𝒮 is used for both polarities. Therefore, the total number 

of beams used to compress the CE received over both polarities will be 2𝛽. The 2D-DFT based 

CE compression presented in section 3.1.3, provides further clarification. 

The choice of 2D-DFT beams and the total number of selected beams 𝛽, significantly impacts the 

representation of the channel in beamspace, a topic further explored in Chapter 5. 

3.1.2 Phase Rotated 2D-DFT Matrix  

Rotating the phases of the 2D-DFT basis vectors effectively steers (rotates) the corresponding 

beams in the angular domain. This phase rotation technique is employed to better align the fixed 

2D-DFT beam grid with the actual dominant angles of arrival/departure of the user's channel, 

thereby mitigating the grid mismatch (or off grid) problem illustrated in Figure 3.1. As a result, the 

channel representation becomes sparser in the beamspace domain, enabling improved energy 

concentration in a reduced number of beams. The phase rotation is applied independently in the 

azimuth 𝜙 and zenith 𝜃 domains using diagonal unitary matrices. Phase rotation angles are pre-

defined as Θ = ( − 
𝜋

𝑃
 ,
𝜋

𝑃
 ) and Φ = ( − 

𝜋

𝑄
 ,
𝜋

𝑄
 ), where 𝜙 ∈ Φ and 𝜃 ∈ Θ. The phase rotation 

matrices are defined as are defined as follows: 

𝚵𝑃(𝜃) = diag ([1  𝑒
−𝑗
2𝜋

𝑃
𝜃
 ⋯ 𝑒

−𝑗
2𝜋

𝑃
(𝑃−1)𝜃]) ∈ ℂ𝑃×𝑃 

𝚵𝑄(𝜙) = diag ([1  𝑒
−𝑗
2𝜋

𝑄
𝜙
 ⋯ 𝑒

−𝑗
2𝜋

𝑃
(𝑄−1)𝜙]) ∈ ℂ𝑄×𝑄 

 

(3.8) 
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where 𝜙 and 𝜃 denote the azimuth and zenith phase rotation parameters, respectively. These 

rotations introduce a controlled phase shift, shifting the spatial frequency grid of the 2D-DFT basis. 

The phase-rotated one-dimensional DFT matrices are obtained as: 

𝑭𝑄(𝜃) = 𝑭𝑄 𝚵𝑄(𝜃), 𝑭𝑃(𝜙) =  𝑭𝑷  𝚵𝑃(𝜙)  (3.9) 

The phase rotated 2-D DFT matrix can be expressed as  𝐹𝑟𝑜 = 𝐹𝑃
𝑇(𝜙) ⊗ 𝐹𝑄(𝜃) ∈ ℂ

𝑁×𝑁. The phase 

rotated 2D-DFT vectors maintain orthogonality, ensuring that the transformed channel remains 

unitary, such that  𝐹𝑟𝑜
𝐻𝐹𝑟𝑜 = 𝐼 .  

In the proposed simulation framework, the optimal phase rotation angles (𝜃̂, 𝜙̂) are determined 

through a grid search over predefined discrete sets of azimuth and elevation shifts. For each 

candidate pair, a phase-rotated 2D-DFT matrix is constructed, and the corresponding beamspace 

power distribution is evaluated using the diagonal elements of the transformed covariance matrix. 

The optimal parameters are selected by maximizing the ratio of energy captured by the strongest 

𝛽 beams to the total channel energy. 

It is important to note that the introduction of phase rotation increases the computational 

complexity compared to the conventional 2D-DFT beamspace transformation. In the standard 2D-

DFT approach, the beamspace basis is fixed and no additional optimization is required. 

Furthermore, the phase-rotated approach introduces additional processing requirements at the 

RU. Unlike the conventional 2D-DFT-based scheme, where the transformation matrix is fixed, the 

RU must apply the selected phase rotations to reconstruct the beamspace basis used for 

decompression. This involves additional element-wise complex multiplications to apply the 

diagonal phase rotation matrices to the selected 2D-DFT beams. 

3.1.3  2D-DFT Based CSI Compression 

The pre-selected 2D-DFT beams are chosen such that their span approximately captures the 

dominant subspace of the instantaneous channel estimates 𝐻 ∈ ℂ𝑀×𝑁𝐵𝑆, where 𝑁𝐵𝑆 are the 

antennas of the BS and 𝑀 are antennas of UE. In other words, the selected beams are computed 

to concentrate most of the channel energy in a low-dimensional beamspace representation. The 

resulting representation of the channel in beamspace spanned by selected 2D-DFT-vectors is 

expressed as:  

𝐻̃ =  𝐻 (𝐼2⊗ [𝐹𝐻]
:,𝛽
 )  ∈ ℂ𝑀×2𝛽 (3.10) 

The dimensions in beam space are reduced from (𝑀 × 𝑁𝐵𝑆)  to (𝑀 × 2𝛽), where 2𝛽 ≪ 𝑁𝐵𝑆 . Note, 

that dimensions of 2D-DFT matrix is 𝑁 × 𝛽, where 𝑁 =
𝑁𝐵𝑆

2
. As the channel experiences the same 

covariance over receive antennas of both polarities, same 2D-DFT columns are used to compress 

the channel estimates of the TRXs of both polarities. The beam space channel 𝐻 can be re-

expanded or transformed back to antenna domain, as such: 
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 𝐻 = 𝐻(𝐼2⊗ [𝐹] 𝛽,:) ∈ ℂ
𝑀×𝑁𝐵𝑆 (3.11) 

The phase rotated 2D-DFT matrix is also utilized similarly, to compress the 𝐻 as shown in Eq. 

(3.10). The beamspace channel representation can be written similarly as: 

𝐻 = 𝐻 (𝐼2⊗ [𝐹𝑟𝑜
𝐻]:,𝛽) ∈ ℂ

𝑀×2𝛽 (3.12) 

 

3.1.4 Decompression of Beamforming Weights 

The beamspace representation of channel estimates is used to compute the beamforming 

weights. In this thesis, regularized zero-forcing (RZF) beamforming is employed, with 

regularization details discussed in Section 2.4.3.1. The RZF beamforming weights in beamspace 

are then computed as:  

𝑊̃  = 𝐻̃
𝐻
(𝐻̃𝐻̃

𝐻
+ 𝛼𝐼𝑀)

−1
∈ ℂ2𝛽×𝑀 

(3.13) 

Where 𝐻 ̃ ∈ ℂ𝑀×2𝛽, is the beamspace channel matrix and 𝛼 is the regularization term. Since the 

beamspace weights 𝑊̃ the BF weights exist in the subspace of the spanned by the rows of 2D-

DFT matrix 𝐹.  Substituting the value of 𝐻̃ in Eq. (3.13) we get the following: 

𝑊̃ =  (𝐼2 ⊗ [𝐹]
𝛽,:
)  𝐻𝐻(𝐻(𝐼2 ⊗ [𝐹

𝐻]:,𝛽 [𝐹]𝛽,: )𝐻
𝐻 + 𝛼𝐼𝑀)

−1
 
𝑦𝑖𝑒𝑙𝑑𝑠
→       (𝐼2 ⊗ [𝐹]𝛽,:)𝑊 

(3.14) 

Since 𝐹𝛽,:𝐹:,𝛽 
𝐻 = 𝐼𝛽, we can transform beam space weights back to antenna domain as: 

𝑊 = (𝐼2  ⊗ [𝐹𝐻]:,𝛽)𝑊̃ ∈ ℂ𝑁𝐵𝑆×𝑀  (3.15) 

The transformation from beamspace weights back to antenna domain introduces no additional 

loss beyond the projection error already incurred by the reduced beamspace channel 

representation itself. In other words, within the subspace spanned by the selected 2D-DFT 

beams, the reconstructed antenna-domain precoder exactly realizes the RZF solution restricted 

to that subspace. 

The primary advantage of computing the beamforming weights in beamspace is significant 

reduction of the fronthaul data rates. Transferring full dimensions BF weights 𝑊 ∈ ℂ𝑁𝐵𝑆×𝑀 requires 

considerably large number of data bits than that required by BF-W in beam domain, as 𝑊̃ ∈ ℂ2𝛽×𝑀. 

The fronthaul rates have been discussed as a part of Chapter 6.  Note the re-transformation of 

beamforming weights from beam domain to antenna domain, is part of processes that take place 

at the RU, as shown in Figure 3.1.  
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3.2 Eigenvectors Based CSI Compression.  

The eigen decomposition of the channel covariance matrix 𝑅𝐷𝐿 ∈ ℂ
𝑁×𝑁 ,   enables the identification 

of the dominant spatial directions of the channel. These directions correspond to virtual angular 

sub-channels that are approximately orthogonal in space for large arrays. The eigenvectors 

computed from the channel covariance matrix provide a robust statistical basis for beamspace 

transformation [48]. Let the downlink channel covariance matrix be denoted as 𝑅𝐷𝐿 ∈ ℂ
𝑁×𝑁 which 

is  Hermitian and positive definite matrix. The Eigenvalue decomposition (EVD) of CoMa is 𝑅𝐷𝐿  =

𝑉Λ𝑉𝐻 ∈ ℂ𝑁×𝑁 ,  where columns of 𝑉 ∈ ℂ𝑁 × 𝑁 are the eigenvectors and  Λ = 𝑑𝑖𝑎𝑔(𝜆0, … , 𝜆𝑁−1 ) ∈

ℝ𝑁, are the corresponding eigenvalues sorted in descending order.  

The eigenvectors represent orthogonal spatial directions of the channel and form a statistically 

optimal basis for channel representation. According to the Karhunen–Loève Transform (KLT), 

these eigenvectors provide the optimal linear basis for representing a zero-mean random channel 

vector in the minimum mean square error sense [49]. The dominant eigenvectors corresponding 

to the largest eigenvalues capture the majority of the channel energy. 

3.2.1 Eigenvectors Based Beam Selection 

To reduce dimensionality, a subset of 𝛽 dominant eigenvectors is selected, where 𝛽 ≪ 𝑁. Let 

𝑉:,𝛽 ∈ ℂ
𝑁×𝛽 contain the eigenvectors corresponding to the 𝛽 largest eigenvalues. These selected 

vectors satisfy the orthonormality condition, that is  𝑉𝛽,:
𝐻𝑉:,𝛽 = 𝐼𝛽. This selection ensures that the 

reduced-dimensional subspace retains most of the channel energy while significantly reducing 

the representation dimension. The choice of 𝛽 therefore determines the trade-off between 

compression efficiency and reconstruction accuracy. It is Important to note that since channel 

CoMa is averaged over polarities, same set of beams 𝑉:,𝛽 is used to compress the CE received 

across the TRXs of second polarity, as illustrated in Eq. (3.16). Therefore, the total number of 

beams used is 2𝛽, which is still less than full dimension 𝑁𝐵𝑆 . 

3.2.2 Channel Representation in Beamspace 

Let antenna domain channel be denoted as 𝐻 ∈ ℂ 𝑀×𝑁𝐵𝑆 , where 𝑁𝐵𝑆 = 2𝑁 accounts for dual 

polarization. The beamspace representation of the channel is obtained by projecting the antenna-

domain channel onto the selected eigenvector basis: 

𝐻 =  𝐻(𝐼2⊗ [𝑉]:,𝛽)  ∈ ℂ
𝑀×2𝛽  (3.16) 

Note that beamspace transformation causes loss of information, when 2𝛽 ≪ 𝑟 ≪ 𝑁𝐵𝑆, where 𝑟 is 

the rank of channel. Hence by selecting 𝛽 the channel matrix dimensions have been reduced 

from (𝑀 × 𝑁𝐵𝑆) in antenna domain, to beam domain (𝑀 × 2𝛽).  
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3.2.3 Decompression of Beamforming Weights 

The decompression of  beamforming weights is done similarly as explained in section 3.1.4. The 

RZF beamforming weights 𝑊̃ are computed using the beamspace representation of the channel 

estimates as 𝑊̃  = 𝐻𝐻(𝐻𝐻𝐻 + 𝛼𝐼)
−1
∈ ℂ2𝛽×𝑀. Since the beamspace representation lies within the 

subspace spanned by 𝑉;,𝛽, the resulting beamforming weights are also confined to this reduced 

subspace. To obtain the antenna-domain precoding weights, the beamspace weights are 

projected back using the same eigenvector basis: 

𝑊 = (𝐼2  ⊗ [𝑉]:,𝛽)𝑊̃ ∈ ℂ𝑁𝐵𝑆×𝑀 (3.17) 

Here 𝑊 are represents the antenna domain beamforming weights. Note, that eigenvectors based 

beamspace decompression process is done at the RU side, therefore in addition to compressed 

RZF weights, the 𝛽 number of eigenvectors are also required at the RU side, as shown in Figure 

3.1.  This step is different than the previously discussed 2D-DFT vectors-based decompression, 

where only the 2D-DFT beam indexes are required to be transferred from DU to RU. The impact 

of transferring 𝛽 eigenvectors over the fronthaul has been presented in chapter 6. 
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4. SIMULATION EVIRONMENT 

In this chapter we describe the two simulation environments that are used to generate and  

evaluate the results. The programming language and computing environment is MATLAB [16]. 

The first simulator is custom statistical channel generator designed to provide controlled 

propagation conditions.  It models a narrowband flat fading channel, allowing precise control over 

parameters such as angular spread, path powers and number of multipaths. This environment is 

particularly useful for isolating the effects of beamspace transformation and CSI compression 

under controlled scenarios. In contrast, the QuaDRiGa-based simulator models a practical 

wideband 5G NR system with frequency-selective fading, OFDM transmission, clustered 

multipath propagation, path loss, shadowing, and realistic 3GPP TR 38.901 channel 

characteristics. Consequently, the wideband simulator captures practical implementation aspects 

such as per-subband beamforming, delay spread, and frequency-domain processing, enabling 

validation of the proposed compression techniques under realistic deployment conditions. 

The base station is equipped with a dual-polarized uniform rectangular array (URA) comprising 

64 transceiver (TRX) chains, arranged as 𝑄 = 8 columns and 𝑃 = 4 rows of physical antenna 

elements (see Figure 4.1). Each user equipment (UE) is equipped with 𝑀 = 4 antennas. The UE 

antenna elements are arranged linearly along the y-axis, with two co-located dual-polarized 

elements positioned at −0.5𝜆and +0.5𝜆, respectively, where each position contains one vertically 

polarized and one horizontally polarized antenna element. 

The channel is modeled under the assumption of wide-sense stationary and uncorrelated 

scattering (WSSUS), and it is assumed that there are no significant scatterers in the vicinity of the 

base station, while the UEs experience a rich scattering environment. Consequently, the signals 

arriving at the base station from a given UE exhibit a relatively narrow angular spread (AS).  

The processes of CSI compression and decompression process are evaluated for downlink 

transmission; hence uplink channels or the processing of channel estimates is out of the scope 

of this thesis. The channel covariance matrix is computed by utilizing the instantaneous uplink 

channel, leveraging TDD reciprocity.  

While most prior studies on beamspace channel representation have focused on uniform linear 

arrays (ULAs) at the base station, the work in [5] introduced the use of URAs with 2D-DFT based 

beamspace transformation for indoors wireless communications. Building upon this foundation, 

the present thesis extends the concept by incorporating phase-rotated 2D-DFT beams for 

improved grid alignment and enhanced energy capture in a 64TRX dual-polarized URA 

configuration. Further the thesis focuses on evaluating the performance of the beamspace 

compression algorithms, when used in practical 5G RAN (Radio Access Network). A brief 

description of the URA antenna element indexing and polarization arrangement is provided in 

Section 4.1 (Figure 4.1). 
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4.1 Uniform Rectangular Array 

 

 

Figure 4-1 Antenna elements arrangement in 64TRX chain URA [Nokia]. 

As illustrated in Figure 4.1, a uniform rectangular array (URA) consists of dual polarized 

transceivers, arranged in 𝑄 = 8 columns and 𝑃 = 4 rows. The total transmit-receive (TRX) chains 

over both polarities are 𝑁𝐵𝑆  =  2𝑃𝑄. The signal received over the transceivers of first polarization 

𝑝𝑜𝑙0  of the URA is arranged as a matrix: 

𝑌𝑝𝑜𝑙0 𝜖  ℂ
𝑃×𝑄 (4.1) 

Each element of this matrix corresponds to a specific antenna location in the array. In particular, 

the 𝑞-th column of 𝑌𝑝𝑜𝑙0, denoted as y:,𝑞 corresponds to the signal received by all the elements 

along the 𝑞-th column of the URA, where 𝑞 = [0,1, … , 𝑄 − 1]. Thus, the matrix 𝑌𝑝𝑜𝑙0 provides a 

structured spatial representation of the received signals across the vertical and horizontal 

dimensions of the array. Considering the URA is vertically mounted, with the vertical dimension 

(rows) controlling elevation and the horizontal dimension (columns) controlling azimuth, an uplink 

signal is received over 𝐿 number of multipath components, the array response is constructed 

using separable steering vectors in the horizontal and vertical domains. For the 𝑙-th propagation 

path, vertical and horizontal steering vectors for the URA are computed as follows: 

𝑎𝐻𝑜𝑟 = [1, 𝑒
𝑗(
2𝜋𝑑

𝜆
) sin𝜃l  𝑐𝑜𝑠𝜙𝑙 , … , 𝑒

𝑗(
2𝜋𝑑

𝜆
)(𝑄−1) sin 𝜃l  cos𝜙𝑙]

𝑇

  

𝑎𝑉𝑒𝑟 = [1, 𝑒
𝑗(
2𝜋𝑑
𝜆
) sin 𝜃lsinϕl , … , 𝑒𝑗(

2𝜋𝑑
𝜆
)(𝑃−1)sin 𝜃l sinϕl  ]

𝑇

 

 

(4.2) 
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where 𝑑 is the inter-element spacing (𝑑 = 𝜆/2), 𝜆 is the wavelength 𝜃𝑙  is the zenith angle, and 𝜙𝑙 

is the azimuth angle of the 𝑙-th path. The array response for single polarization (denoted as 𝑝𝑜𝑙 0) 

is given by the outer product of the vertical and horizontal steering vectors as 𝐴𝑝𝑜𝑙 0(𝜃𝑙 , 𝜙𝑙) =

1

√𝑁
 𝑎𝑉𝑒𝑟𝑎𝐻𝑜𝑟

𝑇 ∈ ℂ𝑃×𝑄  , where  𝑁 = 𝑃𝑄 denotes the number of antenna elements per polarization.  

Expanding array response for single polarization expression yields: 

𝐴𝑝𝑜𝑙0(𝜃𝑙 , 𝜙𝑙) =
1

√(𝑁)
 [

1 ⋯ 𝑒
𝑗(
2𝜋𝑑
𝜆
)(𝑄−1)  sin ϕl  cos𝜃𝑙  

⋮ ⋱ ⋮

𝑒
𝑗(
2𝜋𝑑
𝜆
)(P−1) sin 𝜃lsinϕl  ⋯ 𝑒

𝑗(
2𝜋𝑑
𝜆
)(𝑃−1)sin 𝜃lsinϕl + 𝑗(

2𝜋𝑑
𝜆
)(Q−1)sin ϕl  cos𝜃𝑙 

] 

 

(4.3) 

 

By stacking the contributions of all multipath components, the uplink channel vector 

corresponding to the 𝑚-th UE antenna is expressed as: 

ℎ𝑚
𝑈𝐿 =∑𝛼𝑙  𝑎𝑝𝑜𝑙0(𝜃𝑙 , 𝜙𝑙)

𝐿

𝑙=1

∈ ℂ𝑁×1 
(4.4) 

Where 𝛼𝑙  ∈ ℂ
𝑁×1 is the complex gain of the 𝑙-th path and  𝑎𝑝𝑜𝑙0(𝜃𝑙 , 𝜙𝑙) = 𝑣𝑒𝑐[𝐴𝑝𝑜𝑙0(𝜃𝑙 , 𝜙𝑙)], 

vectorization is performed column-wise. Stacking the channel vectors from all 𝑀 antennas of the 

UE yields uplink channel matrix 𝐻𝑝𝑜𝑙0
𝑈𝐿 = [ ℎ0

𝑈𝐿, ℎ1
𝑈𝐿, … , ℎ𝑀−1

𝑈𝐿 ] 𝜖 ℂ𝑁×𝑀. Applying the same 

procedure to the transceiver chains of the second polarization yields 𝐻𝑝𝑜𝑙1
𝑈𝐿 𝜖 ℂ𝑁×𝑀.  As  the system 

operates in time-division duplex (TDD) mode with exact channel reciprocity, so the downlink 

channel matrix is the transpose of the uplink channel: 

𝐻𝑝𝑜𝑙0
𝐷𝐿 = (𝐻𝑝𝑜𝑙0

𝑈𝐿 )
𝑇
𝜖 ℂ𝑀×𝑁 (4.5) 

The  channel covariance matrix is then computed separately for the TRXs of both the polarities 

of the URA as follows: 

𝑅𝑝𝑜𝑙0 = Ε {(𝐻𝑝𝑜𝑙0
𝐷𝐿 )

𝐻
 (𝐻𝑝𝑜𝑙0

𝐷𝐿 )} ∈ ℂ𝑁×𝑁 

𝑅𝑝𝑜𝑙1 = Ε {(𝐻𝑝𝑜𝑙1
𝐷𝐿 )

𝐻
 (𝐻𝑝𝑜𝑙1

𝐷𝐿 )} ∈ ℂ𝑁×𝑁 

 

(4.6) 

In many practical channel models, spatial covariance is assumed to be similar across 

polarizations, as both polarizations experience comparable scattering environments, particularly 

in rich scattering conditions [51]. The channel covariance matrix is averaged over TRX of both 

polarities to compute a combined covariance matrix such that  𝑅 =
1

2
(𝑅𝑝𝑜𝑙0 + 𝑅𝑝𝑜𝑙1). This 

instantaneous polarity averaged covariance is subsequently used for beam selection and CSI 

compression. 
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4.2 Simulation Parameters Narrowband Simulator 

Table 4-1 Simulation parameters for narrowband simulator. 

Parameters Values 

Azimuth AS (degrees) 10 

Zenith AS (degrees) 5 

BTS antennas number 64 

Precoding RZF 

UE antennas number 4 

SNR computation at receiver LMMSE 

Number of paths per UE channel 20 

Transmit power dB [-10,20] 

 

The narrowband simulator is a simplified framework designed to highlight the key parameters 

summarized in Table 4.1, including the number of multipath components, angular spreads, and 

array configuration. The base station is equipped with 64 antennas arranged in a dual-polarized 

URA, as shown in 4.1 is positioned in the 𝑦-𝑧 plane, resulting in an array broadside oriented along 

the positive 𝑥-axis. Consequently, azimuth and zenith angle variations produce phase 

progression across the horizontal (𝑦) and vertical (𝑧) dimensions of the array, respectively. 

Specifically, the simulator considers an azimuth angular spread of 10° and a zenith angular 

spread of 5°, along with 20 multipath components per UE channel., while each UE employs 4 

antennas. The uplink channel is generated using a narrowband geometric multipath model, where 

each channel realization is formed as a superposition of multiple array response components 

weighted by independent complex Gaussian path gains. The path coefficients are modeled as 

circularly symmetric complex Gaussian random variables with normalized total average power. 

The same spatial covariance structure is assumed for all UE receive antennas, while independent 

fast-fading coefficients are generated for each antenna realization. In practice, the samples would 

be obtained after uplink training i.e. using SRS, but such processes are outside the scope of this 

thesis. The channel covariance matrix is computed as shown in Eq. (4.6). and averaged across 

both polarizations. 

The channels follow reciprocity between uplink and downlink, as described in Eq. (4.5). Given the 

system parameters outlined in Section 4.2, the downlink signal processing follows the beamspace 

transformation and compression methods detailed in Chapter 3. The simulator computed the RZF 

beamforming weights using the beamspace representation of the channel. These beamspace 

weights are then transferred to the RU over the fronthaul, where they are transformed back to the 

antenna domain before final transmission. LMMSE reception is assumed at the UE for SINR 

computation. 
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4.3 Simulation Parameters for Wideband Simulator 

The second simulation environment is QUAsi Deterministic Radio channel generator (QuaDRiGa) 

v2.6.1 [52], that simulator is regarded as 3GPP-3D reference implementation specified in TR 

38.901 [51]. This enables evaluation of the proposed CSI compression algorithms and their 

impact on channel capacity within a standardized, realistic propagation environment. 

4.3.1 Channel Model 

The simulator uses a similar URA as shown in Figure 4.1 and the physical channel parameters 

between UE and BS are generated for urban micro (Umi) scenario, that provides a rich scattering 

environment with low path loss and is representative of dense urban deployments. The simulator 

follows the specifications for 5G NR100 system operating at 100 MHz bandwidth. Channel 

statistics, multipath components and system specifications are in accordance with 3GPP-38.901. 

Channels are expected to be non-line of sight (N-LOS), frequency selective, and time invariant 

within each drop, with typical number of multipath clusters range. Note that no manual override is 

applied to the angular spread parameters. The natural angular spreads produced by the UMi 

scenario are retained to ensure results reflect performance in a standard 3GPP propagation 

environment. While angular spread may be larger than the highly controlled narrow-spread cases 

in the first simulator, they still result in sufficiently sparse beamspace representations for large 

URAs due to the high angular resolution provided by the 64-element array. 

Table 4-2 Simulation parameters for wideband simulator. 

Parameters Values 

Carrier frequency (GHz) 3.5 

SCS (KHz) 30 

Max Subcarriers  3264 

Total Transmit Power(dBm) 44 

Thermal Noise (dBm) -93.89 

UE noise figure (dB) 9 

Nfft 4096 

PRBs 273 

Environment Umi 

Numbers of cells 1 

Number of UEs per cell 20 

 

With the given system parameters in table 4.2, the simulation setup considers a single base 

station (gNB) equipped with a dual-polarized uniform rectangular array (URA) comprising 64 

transceiver chains (8 columns × 4 rows × 2 polarizations, half-wavelength spacing). Each user 

equipment (UE) has 4 receive antennas. To obtain statistically reliable results, 200 independent 

network realizations (or UE drops) are simulated. Each UE drop consists of 20 randomly 
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distributed UE locations within the cell and performance metrics are averaged across all drops to 

mitigate the effects of spatial randomness.  

The system operates in a 5G New Radio (NR) configuration at 3.5 GHz with a subcarrier spacing 

of 30 kHz and a total bandwidth of 100 MHz, corresponding to 3264 active subcarriers (273 

physical resource blocks, PRBs). The propagation environment follows the Urban Micro (UMi) 

scenario defined in 3GPP TR 38.901 [51]. Channels are generated as wideband and frequency-

selective for each network realization (drop), incorporating realistic effects such as path loss, 

shadowing, and clustered multipath propagation. The deployment considered consists of a single-

cell, single-sector configuration, where the base station is equipped with a dual-polarized uniform 

rectangular array (URA) comprising 64 antenna elements. UEs are randomly distributed within a 

120° sector and are equipped with multiple antennas. The system operates under a single-user 

MIMO (SU-MIMO) assumption, where beamforming is computed independently for each UE, and 

inter-cell interference is not considered. Furthermore, consistent with the assumptions adopted in 

the narrowband simulator, the signals observed at the output of the URA are treated as perfect 

channel estimates. This simplification enables isolation of the effects of channel estimation (CE) 

compression, while avoiding additional distortions arising from practical estimation errors. 

Downlink precoding employs regularized zero-forcing (RZF). Matrix (trace-based) normalization 

is applied to the uncompressed RZF weights, as shown in section 2.4.3.1 .  

Three CSI compression schemes are evaluated:  

1. channel covariance-based selection of simple 2D-DFT beams. 

2. channel covariance-based selection of phase-rotated 2D-DFT beams. 

3. selection of dominant eigenvectors from the eigenvalue decomposition (EVD) of the 

covariance matrix.  

In all the cases, the number of selected basis vectors 𝛽 (or eigenvectors) varied between 2, 4 and 

8, to assess the throughput-compression trade-off. 

The achievable sum rate is calculated using approximate spectral efficiency via the Shannon’s 

formula, adapted for practical constraints. For each subband (2PRBs), the effective channel 

𝐻𝑒𝑓𝑓,𝑔 = 𝐻𝑔𝑊𝑔 is formed, where 𝐻𝑔 and 𝑊𝑔 denote the channel matrix and beamforming matrix 

for the 𝑔-th subband, respectively. Per-stream SINR is computed assuming linear minimum mean 

square error (LMMSE) reception at the UE — the optimal linear receiver that maximizes signal-

to-interference-plus-noise (SINR) by jointly suppressing interference and noise [53]. 

For the 𝑔-th subband, the SINR of the 𝑚-th stream is given by:  

𝑆𝐼𝑁𝑅𝑚,𝑔 =
1

[(𝐼𝑀 +
1
𝜎2
 𝐻𝑒𝑓𝑓,𝑔 𝐻𝑒𝑓𝑓,𝑔 

𝐻 )
−1

  ]
𝑚,𝑚

 − 1, 𝑚 = 0,…𝑀 − 1 
(4.7) 

Where the 𝜎2 is noise power and [. ]𝑚,𝑚 represents the 𝑚-th diagonal element of the matrix at the 

𝑔-th subband, where 𝑀 are the total number spatial streams. The per-stream rates are capped at 
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the maximum spectral efficiency supported by 256-QAM with the highest 5G NR LDPC code rate 

(948/1024 × 8 ≈ 7.22 bits/s/Hz) [54] and a 14% overhead is applied to account for downlink control 

and reference signals. Rates are summed over all subcarriers and streams, yielding spectral 

efficiency in bits/s/Hz, which is then converted to absolute throughput (bits/s) by multiplication 

with the effective bandwidth (~98 MHz). 

4.3.2 Ergodic Channel Capacity Evaluation 

The ergodic capacity represents the long-term average achievable rate over multiple channel 

realizations, assuming perfect knowledge of the effective channel at the receiver. For a multi-

antenna system, the ergodic capacity is given by: 

𝐶 = (1 − 𝑂)
1

𝐺
 ∑∑ log 2(1+𝑆𝐼𝑁𝑅𝑚,𝑔)

𝑀

𝑚=1

𝐺

𝑔=1

      
(4.8) 

where 𝑂 denotes the control-channel overhead fraction (assumed to be 14% in this thesis) and  

𝑆𝐼𝑁𝑅𝑚,𝑔 is the post equalization SINR of the 𝑚-th spatial stream at the 𝑔-th subband, as computed 

in Eq (4.7). 
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5. RESULTS 

The chapter presents the comparison between the proposed beamspace transformation 

algorithms and their impact  on the mean throughput of the channel. Simulations are done for 

single-user (SU-MIMO) scenario, where each UE has the  capability of receiving 4 simultaneous 

data streams. The two simulations environments described in chapter 4, highlight the key channel 

parameters influencing the effectiveness of 2D-DFT-based and eigenvector-based beams 

selection  for the transformation. In established in chapter 3, the beams that capture most of the 

channel energy are the beams that minimize the mean squared error MSE of beam space 

transformation.  

To ensure a fair comparison, the number of beams selected for each type of compression 

algorithm has been kept the same, that is 2, 4 and 8 beams per polarization: total 4, 8 and 16 

beams across TRXs of both polarizations. The antenna domain (un-compressed) CSI-based RZF 

beamforming  serves as the performance upper bound and is included as a reference in all plots. 

The results exhibit consistent convergence pattern: the eigenvector-based CSI compression 

algorithm outperforms the standard 2D-DFT based approach across all scenarios, with the gap 

narrowing as 𝛽 increases.  

The scenarios 1 to 5, utilize the narrowband simulator and focus is on mean spectral efficiency 

(SE) as primary metric. The SE is calculated by averaging the achievable rates over hundreds 

of channel realizations per drop. The emphasis in these scenarios is to analyze the loss in SE 

due to dimensionality reduction and illustrate how the choice of beamspace basis and number 

of beams 𝛽 affects performance under controlled propagation conditions.  

5.1 Scenario 1: 2 Beams Comparison 

Figure 5.1 illustrates the mean spectral efficiency (SE) achieved in a single-user MIMO downlink 

as a function of average transmit power, when only two beams are used for channel 

representation at the base station. The uncompressed antenna-domain regularized zero-forcing 

precoding serves as performance reference, saturating at approximately 26 bits/s/Hz in the high-

power regime. The three beamspace transformation techniques that are compared in this 

simulation result are the eigenvectors-based beams, 2D-DFT beams with and without the phase-

rotation. A clear degradation of SE can be seen for all the beamspace transformation techniques, 

that is because only 2 beams are used in each case, for CSI compression. Intuitively, this means 

that by using 2 beams, some of the subspace spanned by channel vectors is not captured, hence 

channel knowledge wasted. 

The eigenvector-based  beamspace transformation algorithm performs best, achieving a peak SE 

of around 23–24 bits/s/Hz. The phase-rotated 2D-DFT approach follows closely, with a saturation 
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value of approximately 22–23 bits/s/Hz, demonstrating a clear improvement of 2–3 bits/s/Hz over 

the conventional (non-rotated) 2D-DFT method, which was only able to reach 20 bits/s/Hz. 

 

Figure 5-1 Mean Spectral Efficiency with 2-Beams CSI compression. 

. 

This provides solid proof that the phase-rotated 2D-DFT is effective and provides grid alignment. 

Therefore, it reduces off-grid power leakage, bringing its performance close to the statistically 

optimal eigenvector basis. 

At lower transmit powers (below approximately 0 dB), the curves for the phase-rotated 2D-DFT 

and eigenvector-based methods nearly overlap. Beamspace transformation error becomes the 

limiting factor only at higher power levels. Overall, the findings highlight the trade-off between 

achievable rate and compression aggressiveness, with eigenvector-based compression offering 

the closest approximation to full-dimensional precoding even under extreme dimensionality 

reduction. 

5.2 Scenario 2: 4 Beams Comparison 

Figure 5.2 illustrates the mean spectral efficiency when four beams are utilized for channel 

representation at the base station. In contrast to Scenario 1 (Figure 5.1), increasing the numbers 

of beams used for beamspace transformation (𝛽 = 4) yields significantly elevated SE across all 

compression techniques. 
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Figure 5-2 Mean Spectral Efficiency with 4-Beams CSI compression. 

 

The uncompressed antenna-domain reference again serves as the upper bound, approaching 

approximately 26 bits/s/Hz at high transmit power. The eigenvector-based compression achieves 

the highest performance among the compressed methods, saturating at around 25–26 bits/s/Hz, 

almost overlapping reference curve. The phase-rotated 2D-DFT algorithm follows, reaching 

approximately 23–24 bits/s/Hz (1-2 bits/s/Hz higher than at 𝛽 = 2). The non-rotated 2D-DFT 

method attains about 22 bits/s/Hz. 

The reduced performance gap relative to Scenario 1 highlights that four beams provide a 

substantially better approximation of the dominant channel directions. The results clearly show 

that when transformation basis are based on the eigenvectors-based computed from the channel 

covariance matrix, 4 beams are nearly sufficient to represent the channel in beam space. 

However, the phase-rotated 2D-DFT based channel transformation basis, there is still off-grid 

power leakage.  

5.3 Scenario 3: 8 Beams Comparison 

Figure 5.3 depicts the mean spectral efficiency versus average transmit power when eight beams 

are employed for channel representation. With further increase in dimensionality (𝛽 = 8) 

compared to the previous scenarios 1 and 2, even more improvement is observed. The results 

are approaching the uncompressed antenna-domain reference more closely. The reference curve 

saturates at approximately 26 bits/s/Hz in the high-power regime. The eigenvector-based 
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algorithm now exhibiting same SE as of full-dimensional case. The phase-rotated 2D-DFT method 

follows closely at around 25 bits/s/Hz, while the conventional non-rotated 2D-DFT reaches 

approximately 23-24 bits/s/Hz.  

 

Figure 5-3 Mean Spectral Efficiency with 8-Beams CSI compression. 

 

A persistent improvement is SE is observed in scenarios 1–3 (Figures 5.1–5.3): as the number of 

selected beams increases from 2 to 8. The spectral efficiency of all compression schemes 

improves and converges toward the uncompressed reference. The eigenvector-based approach 

consistently outperforms both 2D-DFT based compression variants. Moreover, this result also 

confirms the statistical optimality as an approximation to the Karhunen–Loève basis. The phase-

rotated 2D-DFT algorithm clearly is superior in terms of SE, as compared to the standard (non-

phase rotated) 2D-DFT. 

The SE improvement of 1–3 bits/s/Hz is observed, by utilizing phase-rotated 2D-DFT beams. This 

advantage is more pronounced at lower beam counts, highlighting the value of grid alignment for 

reducing off-grid power leakage. 

At high transmit power, the performance gap widens, highlighting the impact of residual subspace 

mismatch. Conversely, at low transmit power levels, the curves for phase-rotated 2D-DFT and 

eigenvector-based compression remain closely aligned across all scenarios. This indicates that 

thermal noise masks compression-induced errors. These results demonstrate that while 

eigenvector selection provides the best approximation to full CSI, phase-rotated 2D-DFT offers a 

practical alternative with competitive performance. 
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5.4 Scenario 4: Varying Angular Spread, SNR -5 [dB] 

Figure 5.4 scenario 4, presents the mean throughput in bits per second, as a function of angular 

spread of channel multipath components, at a fixed low SNR -5dB. The performance of three 

beamspace compression algorithms is analyzed, when 2, 4 and 8 basis vectors are used. In 

previously observed scenarios 1-3 the AS was confined, hence enabling low-dimensional 

representation with minimal performance loss. Here, the AS is gradually increased to examine its 

impact on mean throughput rates, with limited number of beams for compression. 

    

Figure 5-4 Varying angular spreads of channel multipaths (A). 

For all compressed schemes, SE initially increases with widening AS due to enhanced spatial 

diversity, until the AS reaches approximately 20–30°, further increase in AS leads to a noticeable 

decline. This degradation occurs because wider AS increases the effective channel rank. Which 

basically means that more beams are needed to capture the distributed energy of the channel. 

Figure 5.5 is presented as a reference, to visualize the effects of wide AS on the effective rank of 

the channel, which validates the theoretical expectation that capacity scales with the number of 

spatially independent paths [51]. Therefore, 2 and 4 beams fails to adequately represent the 

channel’s eigenmodes. However, with 8 beams, the drop in SE is gradual than that observed at 

2 and 4 beams. As expected, the eigenvectors based compression remains the best performing, 

while PR 2D-DFT based compression closely follows it, and remains the second best performing. 

In contrast, the uncompressed antenna-domain precoding shows a monotonic increase in SE 

with AS, as spatially uncorrelated multipaths provide greater degrees of freedom and higher 

multiplexing gain [55]. The phase-rotated 2D-DFT variant consistently outperforms the standard 
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2D-DFT across all AS values. This further solidifies the claim that grid alignment mitigates off-grid 

leakage even in higher-rank channels [56]. 

 

Figure 5-5 Channel rank w.r.t multipath components angular spread. 

This implies the effectiveness of CSI compression algorithms depends on the number of beams 

selected for beam space transformation, relative to actual rank of the channel. 

 

Figure 5-6 Beam domain vs antenna domain throughput ratio (A). 
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Figure 5.6 illustrates the normalized throughput ratio, defined as the mean throughput achieved 

by each beamspace compression scheme divided by the uncompressed antenna-domain 

reference, as a function of angular spread (AS) at a fixed low SNR of -5 dB. Three subplots 

correspond to the selection of 2, 4, and 8 beams, respectively. By the result of the first plot of 2 - 

beams, we can see the beam space channel mean throughput drops rapidly as the angular 

spread increases. The simple 2D-DFT vectors-based beam space channel gets effected the 

most. While the phase-rotated 2D-DFT and eigenvector-based methods exhibit more gradual 

drops. 

However, in the case of 4 - beams the throughput degradation is delayed,  for the eigenvectors-

based beam space channel and the phase rotate 2D-DFT vectors-based beam space channel 

occurs only after 10 degrees of angular spread, The conventional 2D-DFT method is again the 

most sensitive, with earlier and more pronounced loss. In the last subplot, with 8 beams, the ratios 

remain high (ratio approaches unity) over a wider range of AS (up to 30–40°), particularly for the 

eigenvector-based approach. The phase-rotated 2D-DFT follows closely the declining trend of 

ratio, as for eigenvectors-based compression scheme. However, the ratio never approaches near 

unity. Lastly, the non-rotated 2D-DFT shows the earliest and most noticeable drop. This 

compression approach can be deemed un-usable at higher AS. 

5.5 Scenario 5: Varying Angular Spread, SNR 10 [dB] 

Like previous scenario 4, the scenario 5 (Figure 5.7) shows the mean data rates as a function of 

angular spread (AS) of the multipath components at a fixed moderate SNR of 10 dB. The 

uncompressed antenna-domain precoding shows increase SE due to the wide AS and the better 

SNR. The diversity gains due to multiple spatially separated paths between the BS and UE, in 

addition channel SNR is increased to 10dB, hence we can see the mean throughput of the 

channel has increased. A noticeable difference between the  previous scenario with SNR fixed to 

-5dB and this scenario, is that the comparative degradation of channel capacity with respect to 

variation in angular spread is considerably low. These results demonstrate that beamspace 

transformation methods function more reliably at moderate-to-higher SNR because the transmit 

power concentrates in the dominant eigenmodes, allowing the UE to receive a stronger effective 

signal, despite the effects compression. Phase alignment reduces the gird leakage. As shown, 

the phase-rotated 2D-DFT based, and eigenvector-based approaches roughly overlap at high 

SNR. Overall, this scenario shows that for moderate-to-high SNR, the penalty  of compression is 

much smaller, supporting the feasibility of low-dimensional beamspace precoding in actual 

propagation scenarios with moderate angular spread. 
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Figure 5-7 Varying angular spreads of channel multipaths (B). 

 

This result solidifies the viability of using beamspace compression schemes in realistic 

propagation environments with moderate angular spread. 

The ratio plot in Figure 5.8 presents the ratio between throughputs of antenna domain and 

compression algorithms. These results also follow the same trend  of mean channel throughput 

drop with respect to variation in angular spread. In this scenario we have better SNR of 10dB. In 

the first sub plot, 2-beams are selected as beam space basis vectors and we can see a rapid drop 

of over 50% in the channel mean throughput with respect to that of antenna domain channel, as 

the angular spread increases. In the case of 4 beams, we see a gradual drop in mean throughputs 

for eigenvectors-based and phase rotated 2D-DFT vectors-based beamspace transformation 

schemes, for the simple 2D-DFT vectors-based beamspace transformation scheme, mean-

throughput rates remain approximately 80% below mean throughput rates of the antenna domain. 

In the third subplot, 8 beams are selected to represent the channel estimates in beam space, the 

eigenvectors-based beam space channel throughputs remain the same as of antenna domain 

CSI and never drops below 90% at the given angular spread range. 

The phase rotated 2D-DFT vectors-based beam space channel mean throughput though is never 

equal to the mean throughput of antenna domain channel but remains above 90%, from 1 to 70 

degrees range of angular spread. As shown in the plots, at better SNR and a greater number of 

beams, the variation of angular spread has less effect on the mean throughputs of eigenvectors 

based and phase rotated 2D-DFT based beamspace transformation schemes.  
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Figure 5-8 Beam domain vs antenna domain throughput ratio (B). 

The simple 2D-DFT-based approach, however, continues to show random fluctuations and larger 

degradation, confirming that its fixed grid cannot adapt to arbitrary multipath directions. 

5.6 Scenario 6: SU-MIMO with 4 Layers per UE 

 

 

Figure 5-9 Eigenvectors-based CSI compression, CDF comparison plot. 
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Figure 5.9 presents the cumulative distribution function (CDF) of the mean user equipment (UE) 

throughput, obtained from the wideband QuaDRiGa simulator under default parameters (UMi 

scenario, 3.5 GHz, 100 MHz bandwidth, 30 kHz SCS, as discussed in section 4.2). The y-axis 

represents the probability that a randomly selected UE achieves at least the throughput value 

shown on the x-axis (in Mbps). 

The uncompressed antenna-domain reference (blue curve) serves as the performance upper 

bound, with 70% probability of exceeding 1000 Mbps. The eigenvector-based beamspace 

compression schemes, with varying numbers of selected beams (2, 4, 8 and 10), shows gradual 

improvement as the number of beams increases. For 2 beams, the CDF remains significantly 

below the reference, with only 20% probability of exceeding 1000 Mbps. With 4 beams, there is 

35% probability of exceeding 1000 Mbps and by 8–10 beams, with probabilities exceeding 55–

58% at 1000 Mbps. Clearly, by increasing the number of eigen beams, the probability of UE 

getting higher throughput increases.  

The simulation parameters are the same as for the previous example, however Figure 5.10 

focuses on the performance of conventional 2D-DFT and phase-rotated 2D-DFT beamspace 

compression schemes. The uncompressed antenna-domain reference is included as the 

performance upper bound 

 

Figure 5-10 2D-DFT vectors-based CSI compression, CDF comparison plot. 

 A thorough comparison of the phase-rotated and simple 2D-DFT variations reveals a surprising 

detail: the phase-rotated 2D-DFT based compression method, at certain throughput levels, shows 

a slight decreased probability of reaching  high average rates. At 10 beams, a randomly 

selected UE under the simple 2D-DFT method has slightly higher chance of obtaining an average 

rate of 1000 Mbps than the phase-rotated variant. The phase rotations can introduce slight 

misalignment in certain propagation conditions where shifting the grid  does not exactly match the 

instantaneous multipath distribution, even though it optimizes the overall energy concentration for 

most channel realizations.  
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These results show that phase rotated 2D-DFT beams generally provides gain in average 

performance across wide range of angular spreads, as shown in scenario 4 and 5. However in 

realistic wideband environments, certain channel realizations align better with simple 2D-DFT 

grid. 

5.7 Mean Throughput Analysis 

The arithmetic mean throughput rates have been calculated by averaging throughputs for 

numerous UE channels realizations per drop in the wideband QuaDRiGa simulator under default 

parameters (UMi scenario, 3.5 GHz, 100 MHz bandwidth, as detailed in Section 4.3). As shown 

in Figure (5.11), The uncompressed antenna-domain case achieves the highest mean 

throughput, as it utilizes the full-dimensional channel estimates without compression, incurring no 

projection loss during precoding. While all beamspace schemes show reduced throughput due to 

the dimensionality reduction from 𝑁𝐵𝑆 = 64, to a smaller number of beams 𝛽 = {2, 4, 8, 10}, which 

is actually [4, 8, 16, 20] beams.  

 

 

Figure 5-11 Mean throughput comparison chart. 

In the Figure 5.11 shows that the eigenvectors-based beamspace scheme generally remains 

better, in terms of mean throughput, than 2D-DFT beamspace schemes. This confirms that 

eigenvectors, derived from the channel covariance matrix, form the statistically optimal basis that 

minimizes information loss during subspace projection. The phase-rotated 2D-DFT variant 

generally outperforms the standard 2D-DFT, validating that grid alignment reduces off-grid 

leakage and concentrates more channel energy in the selected beams. 
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Figure 5.12 presents the geometric mean UE throughput for the uncompressed antenna-domain 

reference and the three beamspace compression schemes, evaluated over hundreds of random 

UE channel realizations per drop in the wideband QuaDRiGa simulator under default parameters 

(UMi scenario, 3.5 GHz, 100 MHz bandwidth, as detailed in Section 4.3). The results show a 

similar trend as seen for the arithmetic mean throughputs.  

 

Figure 5-12 Geometric mean throughput comparison chart. 

The eigenvectors-based beam space channel proves to be the better beamspace transformation 

algorithm in terms of geometric mean throughput as well at all the number of beams considered 

to represent the channel beamspace. While phase rotated 2D-DFT vectors-based beam space 

channel has better geometric mean than simple 2D-DFT vectors-based beamspace channel at 2, 

4 and 10 beams,  (4, 8, 16 and 20 beams, accounting for TRXs of both polarities). This also 

clarifies the practicality of using the proposed compression schemes in realistic wideband 

propagation environments. From the detailed analysis of the results, it can be deduced that 

generally the phase-rotated 2D-DFT offers a practical, structured alternative with competitive 

geometric mean throughput to eigenvectors-based compression scheme. 
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6. COMPLEXITY AND DATARATES 

In this chapter the approximate computation complexity analysis and fronthaul data rates 

comparison is presented, for the proposed CSI compression in split-RAN architecture. The 

analysis focuses on worst-case complexity relevant to beamspace transformation of channel 

estimates, performed at the Distribution Unit (DU) and Radio Unit (RU) sides. Only number of 

multiplications, division and square root operations have been considered. The goal is to 

approximate the computation complexity costs of each algorithm and estimate the L1-split specific 

division of computational load. In other words, complex operations at the distribution unit (DU) 

and the radio unit (RU) are estimated. In addition, we will compute the approximate fronthaul data-

rates for each algorithm. Table 6.1 summarizes the key system variables used for the calculations. 

Table 6-1 Variables used for complexity calculations. 

SR Description Symbols Value 

1 Total UE  antennas  M 4 

2 Total BS  antennas  𝑁𝐵𝑆 64 

3 No. of Transformation Vectors 𝛽 4 

4 BS – antennas (per polarity)  𝑁 32 

5 No. of Rotations in Azimuth 𝐽 5 

6 No. of Rotations in Zenith  𝜂 5 

 

The computational complexity of RZF in the antenna domain CE (in full dimensional space, that 

is 𝐻 𝜖 ℂ𝑀×𝑁𝐵𝑆  )  is 2𝑁𝐵𝑆𝑀
2 +

1

3
 𝑀3 primarily complex multiplications and divisions. By representing 

the channel in beamspace, with reduced number of basis-vectors 𝛽 ≪ 𝑁𝐵𝑆, the computation 

complexity is reduced significantly, and the fronthaul data rates can be reduced substantially. 

Computational complexity calculations emphasize computations that relate to beamspace 

transformation of channel estimates. As the channel experiences approximately same channel 

conditions over the TRXs of both polarities, an averaged (over TRXs of each polarity) covariance 

matrix 𝑅 𝜖 ℂ𝑁×𝑁 is used. This simplifies beam selection but may not hold in environments with 

significant cross-polarization discrimination; in such cases, complexities would increase 

proportionally. 

An approximate computational complexity analysis of the following algorithms is presented: 

1. Eigenvectors-based CSI-Compression. 

2. Simple 2D-DFT  vectors-based CSI-Compression. 

3. Phase rotated 2D-DFT vectors-based CSI Compression. 
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6.1 Eigenvectors Based CSI Compression Complexity 

As we used the MATLAB built-in “eig” function to perform eigenvalue decomposition (EVD) of the 

covariance matrix 𝑅 ϵ ℂ𝑁×𝑁. This step is specific to eigenvectors-based CSI-Compression 

algorithm, the approximate computation complexity of this process is expected to be as: 

𝐶𝐸𝑉𝐷 =
10

3
𝑁3 

(6.1) 

The channel estimates 𝐻 𝜖 ℂNBS×𝑀  are transformed from antenna domain to beamspace, utilizing 

pre-selected eigenvectors 𝑉ϵ ℂ𝑁×𝛽 of covariance matrix 𝑅. Here we compress the channel by 

representing it in vector space of eigenvectors, 𝐻̃ =   𝐻(𝐼2⊗ [𝑉]:,𝛽)  ∈ ℂ
 𝑀×2𝛽. Complexity of 

transformation from antenna domain to beamspace is as follows: 

𝐶𝑐𝑜𝑚𝑝𝑟𝑒𝑠𝑠𝑖𝑜𝑛 = 2𝑀𝑁𝐵𝑆𝛽 (6.2) 

Note that this complexity of channel estimates compression remains the same for other 

algorithms, as the number of orthonormal basis vectors 𝛽 remains the same. The regularized 

zero-forcing beamforming (RZF-BF) weight vectors are calculated using the beamspace 

representation of channel, 𝐻̃ ∈ ℂ 𝑀×2𝛽, as shown in equation (3.10) the computation of weights in 

beamspace, reduces the computational requirement, in comparison to computation of weights in 

antenna domain as 𝑊̃𝐵 ∈ ℂ
2𝛽×𝑀. The regularized zero forcing beamforming weights are 

calculated as defined in equation (3.13). The approximate complexity is as follows: 

𝐶𝑅𝑍𝐹−𝑊 = 4𝛽𝑀
2 +

1

3
 𝑀3 (6.3) 

where 𝑀 denotes the number of UE antennas. The beamspace RZF - weights are transferred 

from DU to RU where they are transformed back to antenna domain. That means the set of eigen 

vectors 𝑉 ∈ ℂ𝑁×𝛽   also must be transferred to the RU. The weights are transformed back to 

antenna domain as  𝑊 = (𝐼2⊗ [𝑉]:,𝛽 )𝑊̃𝛽 ∈ ℂ
𝑁𝐵𝑆×𝑀. Hence, the complexity of re-transformation 

of RZF-weights, from beam space to antenna domain is: 

𝐶𝑒𝑥𝑝𝑎𝑛𝑠𝑖𝑜𝑛 = 2𝑁𝐵𝑆𝛽𝑀 (6.4) 

The total complexity of the algorithm can then be computed by summing up all the steps, 

presented as follows: 

𝐶𝑇𝑜𝑡𝑎𝑙
𝐸𝑉 = 𝐶𝐸𝑉𝐷 + 𝐶𝑐𝑜𝑚𝑝𝑟𝑒𝑠𝑠𝑖𝑜𝑛 + 𝐶𝑅𝑍𝐹−𝑊 + 𝐶𝑒𝑥𝑝𝑎𝑛𝑠𝑖𝑜𝑛 (6.5) 

The simplified expression can then be written as: 

𝐶𝑇𝑜𝑡𝑎𝑙
𝐸𝑉 =

10

3
𝑁3 + 2𝑀𝑁𝐵𝑆𝛽 + (4𝛽𝑀

2 +
1

3
 𝑀3) + 2𝑁𝐵𝑆𝛽𝑀  

(6.6) 
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6.2  2D-DFT Vectors Based CSI Compression 

Complexity 

The computational complexities of channel estimates compression, RZF weights computation 

and re-expansion of the RZF weights will remain the same as computed previously in eigen 

vectors-based beam space transformation algorithm, as they depend only on the reduced 

dimension 𝛽. The main difference from the eigenvector-based scheme lies in the beam selection 

step. Instead of EVD, beam selection is performed by evaluating the channel power captured by 

each 2D-DFT beam using the precomputed 2D-DFT matrix 𝐹. Power captured by each 2D-DFT 

beam is computed as,  𝑝 =  𝑑𝑖𝑎𝑔(𝐹 𝑅 𝐹𝐻). The complexity of this step is as follows:  

𝐶𝐵𝑒𝑎𝑚𝑆𝑒𝑙𝑒𝑐𝑡𝑖𝑜𝑛
𝐷𝐹𝑇 =  2𝑁2 log(𝑁) (6.7) 

The total complexity of the algorithm can then be computed by summing up all the steps, 

presented as: 

𝐶𝑇𝑜𝑡𝑎𝑙
𝐷𝐹𝑇 = 𝐶𝐵𝑒𝑎𝑚𝑆𝑒𝑙𝑒𝑐𝑡𝑖𝑜𝑛

𝐷𝐹𝑇 + 𝐶𝑐𝑜𝑚𝑝𝑟𝑒𝑠𝑠𝑖𝑜𝑛 + 𝐶𝑅𝑍𝐹−𝑊 + 𝐶𝑒𝑥𝑝𝑎𝑛𝑠𝑖𝑜𝑛 

 

(6.8) 

The simplified expression can then be written as: 

𝐶𝑇𝑜𝑡𝑎𝑙
𝐷𝐹𝑇 = 2𝑁2 log(𝑁) + 2𝑀𝑁𝐵𝑆𝛽 + (4𝛽𝑀

2 +
1

3
 𝑀3) + 2𝑁𝐵𝑆𝛽𝑀  (6.9) 

 

6.3 Phase rotated 2D-DFT Vectors Based CSI 

Compression 

The phase rotated 2D-DFT matrix has more computational complexity due to the additional 

multiplication operations it requires to identify the best set of rotation angles that maximize 

channel energy concentration in the selected beams. The phase-rotated 2D-DFT matrix is 

constructed as 𝐹𝜃,𝜙 =  𝚵(𝜙)𝐹 𝚵(𝜃)  ∈ ℂ
𝑁×𝑁. The beam selection complexity now includes an 

exhaustive search over 𝑗 azimuth and 𝜂 zenith rotations. The estimated complexity of this step is 

calculated as follows:    

𝐶𝐵𝑒𝑎𝑚𝑆𝑒𝑙𝑒𝑐𝑡𝑖𝑜𝑛
𝑃𝑅−𝐷𝐹𝑇 =  𝑗𝜂(2𝑁2 log(𝑁)) (6.10) 

In addition, the RU must apply the selected phase rotations to reconstruct the beamspace basis 

prior to decompression. This operation involves element-wise complex multiplications and scales 

linearly with the number of retained beams: 
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𝐶𝐷𝐹𝑇−𝑚𝑜𝑑
𝑃𝑅−𝐷𝐹𝑇 = 𝑁𝛽 (6.11) 

The total complexity of the algorithm can then be computed by summing up all the steps, 

presented as: 

𝐶𝑇𝑜𝑡𝑎𝑙
𝑃𝑅−𝐷𝐹𝑇 = 𝐶𝐵𝑒𝑎𝑚𝑆𝑒𝑙𝑒𝑐𝑡𝑖𝑜𝑛

𝑃𝑅−𝐷𝐹𝑇 + 𝐶𝑐𝑜𝑚𝑝𝑟𝑒𝑠𝑠𝑖𝑜𝑛 + 𝐶𝑅𝑍𝐹−𝑊 + 𝐶𝐷𝐹𝑇−𝑚𝑜𝑑
𝑃𝑅−𝐷𝐹𝑇 + 𝐶𝑒𝑥𝑝𝑎𝑛𝑠𝑖𝑜𝑛 (6.12) 

The simplified expression can then be written as: 

𝐶𝑇𝑜𝑡𝑎𝑙
𝑃𝑅−𝐷𝐹𝑇 =  𝑗𝜂(2𝑁2 log(𝑁)) + 2𝑀𝑁𝐵𝑆𝛽 + (4𝛽𝑀

2 +
1

3
 𝑀3) + 𝑁𝛽 + 2𝑁𝐵𝑆𝛽𝑀   (6.13) 

 

6.4 Summarized Complexities of Algorithms 

Table 6.2 summarizes the computational complexity of for the three beamspace CSI compression 

algorithms compared to the uncompressed antenna-domain reference discussed, the re-

transformation to antenna domain takes place only at the RU side. The values are derived from 

the expressions in Sections 6.1–6.3, using the parameters given in Table 6.1. 

 

Table 6-2 CSI compression algorithms complexities table. 

Computational complexity summary 

Downlink 

RAN Split Processes 
Eigen 

vectors - 
beam space 

DFT 
vectors-

beam space 

PR-DFT 
vectors-

beam 
space 

Antenna 
Domain 

DU 

EVD of CoMa 109226 0 0 0 

Beam Selection 0 3083 77064 0 

Compression 4096 4096 4096 0 

RZF-W 533 533 533 2069 

RU 
DFT-matrix modify 0 0 256 0 

Decompression 4096 4096 4096 0 

Total  117951 11808 86045 2069 

 

The implementation of beamspace transformation algorithms distributes the computational 

complexity of CSI compression and decompression between the Distributed Unit (DU) and the 

Radio Unit (RU). Each processing step contributes to the overall computational load, as 

summarized in Table 6.2. The compression and decompression complexities are identical across 

all beamspace-based algorithms, as they depend only on the reduced dimension 𝛽, which is 

assumed to be the same in each case. 

As shown in Table 6.2, the antenna-domain reference exhibits the lowest computational 

complexity in the considered configuration, since RZF precoding is performed directly without 
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additional beamspace transformations. This is primarily due to the small number of UE antennas, 

which limits the complexity of the matrix inversion to the user domain. In contrast, beamspace-

based approaches introduce additional computational overhead associated with beam selection 

and transformation operations. 

 

 

Figure 6-1 Complexity comparison chart of beams space transformation algorithms. 

 

A clearer comparison between complexities corresponding to each algorithm is presented in 

Figure 6.1. Note, the flops here only account for multiplications, division and square root 

operations. The eigenvector-based CSI compression is dominated by the eigenvalue 

decomposition (EVD) of the covariance matrix, which scales cubically with the number of 

antennas. The phase-rotated 2D-DFT scheme also exhibits high complexity among the methods 

considered due to the exhaustive search over azimuth and zenith rotation angles, which increases 

the beam selection complexity proportionally to the factor 𝐽𝜂. 

The 2D-DFT-based method achieves the lowest computational complexity among beamspace 

approaches. In this case, the dominant cost arises from beam power evaluation in the transformed 

domain, which scales as 𝑂(𝑁2log 𝑁), significantly lower than the cubic complexity associated with 

eigenvalue decomposition. 

The presented computational complexity analysis shows that beamspace compression does not 

significantly reduce the complexity of the RZF weight computation itself, as this step primarily 

depends on the number of UE antennas and remains relatively low in the considered system 

configuration. Instead, the dominant computational cost in beamspace-based approaches arises 

from the beam selection and transformation stages. The eigenvector-based approach, while 

computationally more demanding due to the eigenvalue decomposition step, offers a favorable 

balance between complexity and performance. Overall, the choice of beamspace method 
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depends on the relative importance of computational efficiency, fronthaul constraints, and 

achievable system performance. 

6.5 Fronthaul Data Rates 

The primary objective of this thesis is to reduce fronthaul data rates in a split-RAN architecture. 

In the uncompressed case, full-dimensional beamforming (BF) weights must be transmitted from 

the DU to the RU for antenna-domain precoding, resulting in a significant fronthaul burden. The 

proposed beamspace transformation algorithms provide an effective means to reduce this 

overhead by representing the channel and corresponding precoding weights in a lower 

dimensional domain. By computing the beamforming weights using the beamspace 

representation of the channel estimates  𝐻̃ (reduced dimensions), it does not significantly reduce 

the RZF computation itself but reduces dimensionality of the transmitted weights. Transferring the 

compressed BF weights over the fronthaul requires a smaller number of the total complex 

coefficients to be transferred from DU to RU. In beam domain the beamforming weights are 

reduced in dimensions from (𝑀 × 𝑁𝐵𝑆) to (𝑀 × 2𝛽), where 2𝛽 ≪ 𝑁𝐵𝑆. Assuming 32-bit 

representation per real component antenna domain BF weights require approximately 𝑀 ×𝑁𝐵𝑆 ×

32 =  8192  bits while compressed BF weights require only 𝑀 × 2𝛽 × 32 = 1024 bits.  

 

 

Figure 6-2 Fronthaul rates comparison chart of beams space transformation algorithms. 

 

Figure 6.2 shows the number of bits required to transfer beamforming weights in Megabits per 

subband. The beamforming weights are computed for each subband (as mentioned in section 

4.3.1, i.e. 273 PRBs/2 = 136 subbands ). The transfer load of beamforming weights calculated 

from beam space channel estimates, depends on the number of beams 𝛽 selected for beamspace 

transformation. In the eigenvectors-based beam space transformation algorithm, in addition to 

reduced BF weights, 𝛽 eigenvectors are also required to the RU (to re-expand the BF weights, 

from beam domain to antenna domain). In contrast, the 2D-DFT vectors-based beam space 
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transformation algorithm only requires the 2D-DFT beam indexes to be transferred from the DU 

to RU, as shown in Figure 3.1. and with phase rotated 2D-DFT vectors-based beam space 

transformations, in addition to 2D-DFT beam indexes, it is necessary to transfer the optimal phase 

angles (𝜃̂, 𝜙̂) as well, however this has very low impact on fronthaul data rates.  

Overall, the analysis demonstrates that 2D-DFT-based beamspace transformation provides a 

clear advantage in reducing fronthaul data rates compared to eigenvector-based methods, 

primarily due to the elimination of basis vector signaling. In the configuration considered, fronthaul 

data rates can be reduced by up to 87%, making beamspace-based precoding a highly efficient 

solution for practical split-RAN deployments. 
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7. CONCLUSION 

The thesis presents an introduction to the practicality of representing the channel estimates in 

beam/spatial domain. The objective of thesis was to study the efficiency of beamspace 

transformation algorithms in terms of accurately capturing channel energy with least number of 

beams and their performance in terms of spectral efficiency and mean throughput. Moreover, 

approximate computational complexities of algorithms and fronthaul load from DU to RU, have 

been presented to highlight the challenge of transforming the channel to beam domain. Mainly, 

three types of beamspace transformation algorithms were utilized to transform antenna domain 

channel estimates to beamspace, the eigenvectors-based beam space transformation, 2D-DFT 

vectors-based beamspace transformation and phase rotated 2D-DFT beamspace transformation. 

The channel dimensionality is reduced in its beamspace representation; therefore, the  

compressed weights require less data bits and thus significantly reduce the fronthaul data rates, 

from DU and RU. Only channel second order statistics were used to pre-select the set of beams, 

that transform the antenna domain channel to beam/ spatial domain. Following are conclusions 

drawn based on results of the thesis.  

 Channel multipath components should be received with narrow angular spread at the 

base station, and the channel should be of low rank with few spatially independent 

multipath components, this  makes the channel sparse and helps in reducing the channel 

beamspace representation dimensions. 

 To effectively utilize 2D-DFT vectors as a transform basis, a large antenna array is 

required, as the angular resolution of the channel improves with increasing array size, 

enabling better separation of multipath components in the beamspace domain [57].  

 From the results of mean throughput , we can clearly deduce that eigenvectors-based 

beam space transformation results in the best spectral efficiency with least number of 

beams required to efficiently span the channel vectors and represent the channel in beam 

domain. However, this approach of beamspace transformation is not the most efficient in 

terms of fronthaul loads reduction, as the transformation basis vectors (the eigenvectors) 

must be transferred from DU to RU.   

 Simple 2D-DFT vectors-based beam space transformation algorithm is less accurate and 

generally requires a greater number of beams to represent the channel in beamspace, in 

comparison to eigenvectors-based beamspace transformation. 

 Phase rotated 2D-DFT vectors-based beam space transformation algorithm remains 

better than simple 2D-DFT vectors-based beam space transformation algorithm. 

 In terms of DU to RU fronthaul loads reduction, the 2D-DFT vectors-based beam space 

transformation algorithm requires significantly less transfer data bits, as compared to 

eigenvectors-based beam space transformation algorithm. As in this approach we do not 
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need to transfer the basis vectors, from DU to RU. (only 2D-DFT beam indexes and 

optimal phase rotation angles are required). 

Hence, maximizing mean throughput is the main area of importance, eigenvectors-based beam 

space transformation may be the best option. If only fronthaul data rates reductions are required, 

Simple 2D-DFT vectors base beam space transformation is preferred option. Lastly, if both the 

throughputs and fronthaul loads are to be reduced, at cost of computational complexity cost, 

phase rotated 2D-DFT vectors-based beam space transformation algorithm can be utilized. 

Selecting any beamspace transformation algorithms has a tradeoff between complexity, fronthaul 

rates and mean throughput. 

Beamspace representation of channel can be a solution to the bottle neck in advancement of 

mmWave wireless communication technologies that require massive antenna arrays, by reducing 

the fronthaul loads between DU and RU. However, detailed study is required in this space. Few 

open issues are listed below, that may be extension to studies of this thesis.  

7.1 Open Issues  

 The algorithms increase the overall computational load at DU and RU as well, which 

makes the implementation of such algorithms costly and impractical, there is possibility 

of optimizing the algorithms i.e. efficient methods for eigenvalue decomposition of CoMa. 

 Beam selection criteria used in this thesis is based on maximizing the captured energy of 

the channel estimates, this could worsen the results for noisy channels, as the noise may 

be amplified as well, hence optimal beam selection criteria based on additional factors 

should be studied.  

 There are DFT based beamspace transformation methods, that avoid computation of 

channel CoMa and use the instantaneous uplink channel realization for selection of basis 

vectors of beam space.  
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