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Abstract 

As researchers continue to explore novel technologies for future generations of wireless communications, flexible and adaptable tools 

are required for testing and development. Software-Defined Radios (SDRs) allow for flexible and reconfigurable signal processing, 

making them a crucial tool for rapid testing and experimental validation of communication systems. GNURadio is an open source 

SDR toolkit with functionality to extend it’s core software library by developing Out-Of-Tree (OOT) modules. Our gr-owc OOT 

module enables SDR capabilities for Optical Wireless Communication (OWC) and serves as a research tool that facilitates real-time 

experimentation, system-level analysis, and algorithm development in OWC. To effectively support real-time experimentation, the 

custom signal processing blocks in gr-owc must be computationally efficient to keep up with real-time hardware requirements. This 

paper presents a study of the Central Processing Unit (CPU) utilization patterns of gr-owc’s signal processing blocks. Namely, we 

provide insights into the computational efficiency of gr-owc blocks and sample flowgraphs by analyzing CPU utilization with respect 

to sample rate, hardware deployments, and block configurations. We also introduce recent modifications to these blocks that improve 

performance while maintaining functionality. Experimental results validate the influence of parameters like compute hardware and 

coding implementation on CPU usage and reveal the limitations imposed by single-core block processing in GNURadio applications. 
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1. Introduction 

Optical wireless communication (OWC) has gained sig- 

nificant interest from the research community in recent 

years, initially focusing on point-to-point links and novel 

modulation techniques. Recently, research has shifted to- 

wards higher-layer design for multi-cell and multi-user 

systems, emphasizing resource allocation and mobility 

management. Users in multi-cell environments or within 

a cell shared by multiple users face additional challenges 

such as dynamic resource allocation, handover manage- 

ment, and interference mitigation [1,2]. Novel algorithms 

have been introduced and evaluated in theory and in simu- 

lation [3–5], but experimental validation of techniques for 

multi-node OWC systems remains limited. This is primar- 

ily due to the complexity of developing proof-of-concept 

implementations that accurately model interference, mo- 

bility, and real-world deployment constraints while also 

providing control at the signal level. To address this, we 

leverage software-defined radio (SDR) tools and apply 

SDR techniques for OWC research. In particular, we use 

the GNURadio SDR toolkit with custom software and 

hardware modifications for OWC signal processing. 
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GNURadio is a widely used SDR toolkit, valued for 

its accessibility and flexibility in RF research and experi- 

mental validation [6]. While GNURadio has a vast library 

of signal processing tools, it also allows for development 

of custom Out-Of-Tree (OOT) modules that extend it’s 

core functionality. Previously, we have introduced the gr- 

owc OOT module for OWC [7–10]. It provides a suite 

of custom signal processing blocks, documentation, and 

sample flowgraphs that facilitate real-time experimenta- 

tion, system-level analysis, and algorithm development in 

multi-node OWC networks. The signal processing blocks 

and sample flowgraphs serve as a “golden reference” for 

evaluating novel techniques and improvements, support- 

ing further innovation in the field. 

Key advantages of SDR include it’s ability to sup- 

port simulation-to-experimentation workflows and it’s con- 

figuration flexibility. First, it enables researchers to vali- 

date their techniques in a simulated environment before 

deploying them in experimental setups with minimal ad- 

justments. Second, its flexibility allows for the interchange 

of front-end transmitter (Tx) and receiver (Rx) configura- 

tions while maintaining common signal processing chains 

and test flowgraphs, ensuring consistency across different 

experimental setups. The gr-owc module brings the bene- 

fits of SDR to the OWC research field and bridges the gap 

between simulation and real-world experimentation, offer- 

ing a cost-effective and flexible solution compared to tra- 

ditional OWC hardware, which is often expensive and in- 

flexible. By leveraging gr-owc and the broader GNURadio 

codebase, researchers can validate new OWC techniques 

in a simulated environment and seamlessly transition to 

experimental setups without significant modifications. 

Compared to offline simulation tools, real-time SDR- 

based test systems allow for experimental setups that emu- 

late practical scenarios and validate system designs under 

realistic constraints. However, they also require signifi- 

cant attention to potential processing bottlenecks. This 

is particularly true when the signal processing is imple- 

mented on a general purpose processor. SDR tools like 

GNURadio offer a robust framework to implement and 

test signal processing methods in both simulated and ex- 

perimental environments. However, the performance lim- 

its of individual blocks should be understood before mov- 

ing to experimental systems in order to identify bottle- 

necks. Identifying these bottlenecks allows us to deter- 

mine where targeted improvements are needed, potentially 

by FPGA offloading (e.g., with GNURadio’s RFNoC tools). 

In this work, we test gr-owc’s processing blocks 

to evaluate their ability to meet real-time processing re- 

quirements. Our evaluation focuses on assessing the per- 

formance consistency of gr-owc blocks across different 

compute hardware configurations and software implemen- 

tations. We also demonstrate the performance improve- 

ments from recent code modifications for various blocks 

within the gr-owc module. While our prior work in [7– 

10] demonstrates baseline functionality, this work high- 

lights modifications that improve the real-time processing 

performance. Furthermore, the introduced code modifica- 

tions and corresponding comparative analysis also offer 

valuable insights for other researchers developing custom 

blocks and/or OOT modules in GNURadio. 

The rest of this paper is organized as follows: Sec- 

tion 2 provides background on SDR, GNURadio, and the 

gr-owc module. Section 3 describes the experimental test 

procedure and methodology used for CPU utilization mea- 

surements. Section 4 presents our testing configurations 

along with an evaluation of the results. Section 5 summa- 

rizes key findings. 

2. Background 

SDR has become a key enabler of configurable RF commu- 

nication systems. Current work in SDR often highlights 

the functional ability to implement dynamic and adaptive 

systems. However, the ability to quickly move ideas from 

theory or simulation to practice is another significant as- 

pect of the “software-defined” concept. This design flex- 

ibility has been incredibly valuable to the research com- 

munity. By reducing the barrier to entry and making it 

more feasible to physically instantiate novel ideas, SDR 

has created a more equitable opportunity for experimental 

research in the field of wireless communications. 

2.1. The GNURadio SDR Toolkit 

SDRs provide a flexible platform for experimental valida- 

tion of communication systems, and GNURadio is one of 

the most widely used toolkits for developing SDRs. In 

GNURadio, various signal processing blocks can be con- 

nected within a flowgraph to create custom signal process- 

ing chains. GNURadio also offers functionality to cre- 

ate custom blocks and OOT modules. These OOT mod- 

ules exist outside the GNURadio source tree. Develop- 

ers create OOT modules to extend GNURadio with cus- 

tom functions and signal processing blocks while main- 

taining their own independent codebase, and other users 

can install OOT modules as desired. This approach allows 

for development of additional functionality alongside the 

main GNURadio software, and sharing of the functional- 

ity with the broader research community. 
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Test Flowgraph – V1 UUT 

Test Flowgraph – V2 UUT 

 

2.2. The gr-owc OOT Module 

The gr-owc OOT module [7] extends GNURadio’s capa- 

bilities to support OWC techniques, offering custom signal 

processing blocks and flowgraphs for OWC research. It 

provides a set of parameterized signal processing blocks 

that enable researchers to implement, simulate, and test 

OWC systems. The module includes OWC-specific signal 

processing blocks, comprehensive documentation, and 

sample flowgraphs that serve as reference implementa- 

tions for various OWC applications. Specific gr-owc blocks 

support various modulation and demodulation techniques, 

along with a configurable OWC channel model. The seam- 

less integration with GNURadio offers flexibility for di- 

verse flowgraphs that combine gr-owc blocks with signal 

processing blocks from the core GNURadio library. Addi- 

tionally, it supports real-time signal processing and intro- 

duces hardware considerations for applying SDR concepts 

to OWC, ultimately facilitating the transition from simula- 

tion to experimental validation [8–10]. 

3. Materials and Methods 

In order to evaluate real-time performance of the blocks 

within gr-owc, we implemented a common flowgraph 

structure to isolate block performance and observe CPU 

utilization as a function of sample rate. A set of relevant 

blocks from gr-owc have been tested across different hard- 

ware platforms and with different code structure in order 

to demonstrate the impacts on real-time performance and 

highlight potential bottlenecks to be addressed. 

3.1. Test Procedure 

Our testing setup for gr-owc blocks follows the standard- 

ized flowgraphs in Fig. 1 to isolate the performance of a 

given block as our unit under test (UUT). In multi-rate 

flowgraphs (i.e., flowgraphs where the UUT acts as an in- 

terpolator or decimator), the location of the throttle im- 

pacts the relative relationship between the throttle’s sam- 

 

Figure 1: Example performance testing flowgraphs with gr-owc’s 

On-Off-Keying Modulator block as the Unit Under Test (UUT). 

ple rate and CPU utilization. Therefore, we consider two 

versions of the test flowgraph. With the OOK modulator, 

flowgraph V1 evaluates performance relative to bit rate 

whereas V2 evaluates performance relative to sample rate. 

These flowgraphs serve as the baseline for all evalu- 

ations. Besides the UUT, the remaining blocks consume 

minimal CPU resources as they perform lightweight op- 

erations and ensure that the UUT performance is isolated 

without adding significant overhead. 

• Constant Source: Generates a stream of samples 

without performing computation-heavy processes. 

• Throttle: Copies items from input to output while 

enforcing an upper limit on the sample rate. It does 

not modify the signal, so CPU usage is minimal. 

• Null Sink: Discards the incoming data without pro- 

cessing or storage, requiring low CPU resources. 

To analyze CPU utilization trends, our test systemat- 

ically sweeps through different sample rate values1, mea- 

suring CPU usage in each instance. For each sample rate, 

CPU utilization is recorded using pidstat tool by monitor- 

ing the Process ID of the GNURadio process. A total of 

15 CPU readings were collected per sample rate, and the 

results were averaged to obtain a stable measurement. 

GNURadio uses a thread-per-block scheduler [11], where 

each block runs in an individual thread that cannot utilize 

more than one CPU core, which limits each block to single- 

core execution. However, processing for different blocks 

in a flowgraph can be distributed among cores. 

The Throttle block regulates the overall flow of sam- 

ples by setting an upper limit on the sample rate. However, 

it does not enforce a minimum sample rate. If downstream 

blocks cannot keep up with the specified rate, the flow of 

samples is reduced throughout the flowgraph. Therefore, 

when the CPU utilization saturates (i.e., stops increasing 

with respect to the throttle’s sample rate parameter), this 

indicates that the UUT’s processing capacity, rather than 

the Throttle block’s specified sample rate, is the primary 

bottleneck. We define this as the peak sample rate for a 

given block in a given test scenario. 

Knowledge of the peak sample rate is critical in de- 

termining whether the UUT can process incoming sam- 

ples at the specified rate or if CPU constraints prevent it 

from keeping up, leading to processing delays or dropped 

samples. This analysis helps assess the real-time process- 

ing capabilities of gr-owc blocks and their ability to scale 

with increasing sample rates. It also offers insight into the 

potential for a given flowgraph to keep up with desired 
 

1Here, sample rate refers to the setting of the Throttle block irrespec- 

tive of whether samples flowing through the Throttle are true samples, 

bits, or other data. 
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Table 1: System hardware configurations. 
 

System Processor Physical Core(s) Thread(s) 

/ Core 

ers to select the approach that aligns with their perfor- 

mance and development needs. 

• Python: Ideal for non-time-critical tasks due to its 

Intel Core i5 650 

(3.20 GHz) 

 

Intel Xeon Gold 6230 

(2.10 GHz) 

 

Raspberry Pi 5 

(2.40 GHz) 
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ease of use, faster development cycles, and flexibil- 

ity. However, Python implementations are slower 

and less desirable for high-performance real-time 

applications [13]. 

• C++: Offers significantly better performance, mak- 

ing it suitable for real-time signal processing. It pro- 

vides low-level control and faster execution but re- 

quires more effort for development and debugging. 

• C++ with VOLK: The Vector-Optimized Library 

of Kernels (VOLK) is an open-source library that 

hardware sample rates when moving to experimental test 

cases where sample rate is controlled by SDR hardware 

rather than a throttle block. 

3.2. Compute Hardware 

The testing of gr-owc processing blocks was conducted on 

three different compute systems (Table 1) in order to eval- 

uate how performance is impacted by characteristics of the 

compute hardware [12]. Since a major focus of gr-owc is 

to enable low-cost proof-of-concept experimentation for 

OWC systems, we demonstrate performance on a range of 

hardware from a Raspberry Pi microcontroller to a higher 

performance multi-core system. For all test systems, the 

Ubuntu 22.04.3 LTS operating system was installed. 

The three systems differ mainly in how physical 

cores and logical threads affect instruction-level perfor- 

mance. System 1 (Intel Core i5-650) supports two logical 

threads per core, so both threads share the same core re- 

sources, which can reduce the effective IPC (Instructions 

Per Cycle) for each thread when they run at the same time. 

System 2 (Intel Xeon Gold 6230) provides many physi- 

cal cores with one thread per core, allowing each thread to 

run independently and achieve higher and more stable IPC. 

System 3 (Raspberry Pi 5) also uses one thread per core, 

but with fewer cores and a lower clock frequency. In gen- 

eral, systems with more physical cores and a single thread 

per core deliver more consistent IPC per thread, while sys- 

tems with multiple threads per core trade per-thread IPC 

for higher overall utilization. 

3.3. Code Implementations 

Signal processing blocks within OOT modules can be im- 

plemented in Python, C++, or C++ with VOLK. Each ap- 

proach provides distinct benefits in terms of development 

complexity and real-time performance, allowing develop- 

provides a collection of SIMD (Single Instruction, 

Multiple Data) kernels designed to accelerate math- 

ematical operations. It enhances C++ implementa- 

tions by leveraging SIMD instructions for repetitive 

computationally intensive tasks. 

Prior publications related to gr-owc focused primar- 

ily on functionality (i.e., blocks developed in Python). In 

this work, we demonstrate the real-time performance im- 

provements associated with our recent development of 

C++ blocks for components in the gr-owc module. This 

work is also based on the gr-owc codebase which has been 

modified for compatibility with GNURadio Release 3.10, 

whereas our prior publications considered an earlier ver- 

sion of gr-owc which was compatible with Release 3.8. 

4. Results and Discussion 

When integrating GNU Radio SDR flowgraphs with hard- 

ware platforms such as USRP, throughput and latency lim- 

itations can arise from three primary sources. First, differ- 

ent USRP models support different maximum throughput 

capacities, which can introduce a bottleneck [14] if higher 

sample (data) rates are transmitted to the hardware. Sec- 

ond, the communication interface between the host system 

and the USRP, such as Ethernet, imposes bandwidth lim- 

itations in terms of achievable bits per second and associ- 

ated transmission latency. Third, based on the design and 

implementation of the GNU Radio SDR blocks, the host 

system processor must be capable of meeting the real-time 

processing requirements imposed by the front-end hard- 

ware. 

In this work, the focus is on the third constraint, 

namely the processing capability of the host system ex- 

ecuting the GNU Radio flowgraph. The evaluation char- 

acterizes whether the system processor can sustain real- 

time operation under increasing sample rates. This allows 

System 1 

System 2 

System 3 
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isolation of the computational performance of the gr-owc 

blocks with respect to real-time feasibility. 

To provide detailed analysis of specific blocks within 

gr-owc, we focus on a subset of blocks. Namely, we ana- 

lyze the OWC channel modeling blocks (considered for 

real-time simulation alongside experimental deployments 

for digital-twin type implementations) and OWC modu- 

lator/demodulator blocks. We also show results for a 

combined flowgraph in order to demonstrate how individ- 

ual blocks can behave as a bottleneck within the complete 

signal processing chain. 

4.1. OWC Channel Model Blocks 

A core component of gr-owc is the signal processing blocks 

for simulating the OWC channel. These blocks account 

for the optical channel gain along with the electrical to 

optical and optical to electrical conversion characteristics. 

The channel gain(s) are dependent on various hardware 

parameters2 as well as the relative location and orienta- 

tion of Tx/Rx pairs. The following channel blocks are 

implemented3 in gr-owc. 

• OWC-Channel Model (Relative): Models the op- 

tical channel by considering the DC channel gain 

from the Tx to the Rx in relative coordinates. 

• OWC-Channel Model (Absolute): Extends the 

Relative Channel Model by using the absolute co- 

ordinates of the Tx and Rx to calculate the relative 

distance(s) and angles used in the relative block. 

The channel model can be parameterized to support 

multiple transmitters and receivers. The simulated dis- 

crete time signal at Rx j is modeled as: 

yj[n] = 
∑ 

xi[n]Hij + nj[n] (1) 

i 

where xi[n] is the transmitted signal from transmitter i, 

Hij is the channel gain between transmitter i and receiver 

j, and nj[n] is the noise at receiver j. The gain Hij re- 

flects system parameters like hardware characteristics, rel- 

ative distance(s), and angles. This model accounts for both 

the transmitted signal and interference at each receiver, 

along with signal dependent noise, supporting multi-cell 

and multi-user environments [8]. 
 

2Detailed descriptions of the functionality of gr-owc blocks can be 

found in the repository and in prior publications [7–10]. 
3In our evaluation, we used the “Relative” model to assess perfor- 

mance since the real-time functionality of the “Absolute” model is equiv- 

alent (i.e., the key difference is the intermittent calculation of angles and 

distances whenever the absolute positions or orientations are changed). 

Comparing the OWC channel model block to other 

blocks that are core components of the Tx or Rx signal 

chains, it is important to note that the channel model is not 

an essential component of a real-time over-the-air imple- 

mentation (i.e., experimental deployment). When using 

the channel model block for offline simulation, the throt- 

tled rate can be much lower than the modeled sample rate. 

However, there are certain cases where a channel model is 

required to keep up with real-time sample rates. As an ex- 

ample, consider an emulation scenario where a simulated 

channel is used alongside a physical hardware deployment 

(i.e., scenarios where the simulated channel represents a 

”digital twin” to co-simulate along with the hardware sys- 

tem under live conditions). This is represented in the flow- 

graph in Fig. 2 where the OWC channel is highlighted for 

simulation. The USRP blocks in the flowgraph (shown 

in Fig. 2 as disabled) can be used to send and receive the 

waveform in the experimental OWC system, but the chan- 

nel block must be able to process samples at the same rate 

as the hardware if both signal paths are intended to operate 

alongside each other. 

4.1.1. Evaluation 1: Coding Implementations 

As a modification from the original block implementations 

in gr-owc, we have enhanced the OWC Channel blocks 

in gr-owc using VOLK to accelerate per-sample compu- 

tations by utilizing SIMD instructions. This optimization 

aims to reduce CPU usage and enable higher sample rate 

processing suitable for real-time experimentation. 

Initially, parallelization was implemented with re- 

spect to the number of transmitters, meaning that gain 

computations from each transmitter were executed in par- 

allel. However, this approach proved inefficient in prac- 

tice. Because the parallelism was tied to the number of 

transmitters, fewer transmitters resulted in limited oppor- 

tunities for parallel execution. Moreover, repeatedly in- 

voking VOLK kernels per transmitter introduced signif- 

icant overhead, which outweighed the potential benefits, 

especially with fewer Txs. As a result, the VOLK-based 

implementation at this stage performed worse than the 

standard C++ implementation, which was not expected 

given VOLK’s optimization purpose. 

To overcome this, the implementation was restruc- 

tured to parallelize across incoming samples instead. By 

executing gain and noise computations simultaneously 

over multiple input samples, the new strategy better uti- 

lizes SIMD capabilities. This change enabled greater par- 

allel execution by efficiently utilizing SIMD operations, 
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Figure 2: “Digital Twin” model where the OWC channel simulation (left) is run alongside the experimental OWC setup 

(right- reproduced from our paper in GNURadio conference 2023). 
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CPU Core Utilization vs Sample Rate All three systems have different hardware proper- 

ties, such as CPU processor (and its clock speed), num- 

ber of physical cores (and logical thread(s)/core), and 

other factors that affect the performance of GNURadio 

blocks. Especially in applications that use a thread-per- 

block scheduler, such as GNURadio, the number of phys- 

ical cores rather than logical threads has a significant im- 

pact when there are more blocks (threads) running simul- 

taneously. In processors supporting simultaneous mul- 

tithreading (SMT), an increased number of threads per 
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Figure 3: CPU utilization comparison of channel blocks on Sys- 

tem 1, implemented in C++ without VOLK, VOLK parallelized 
at the transmitter level, VOLK optimized at the sample level, and 
Python, for 1 Tx–1 Rx configurations. 

 

 

resulting in an improved peak sample rate and more con- 

sistent CPU usage under real-time constraints. 

As shown in Fig. 3, the Python implementation 

shows peak CPU utilization at relatively low sample rates. 

The standard C++ version performs better, but the sample- 

level VOLK optimization achieves the best efficiency across 

the full sample rate sweep. In contrast, the transmitter- 

level VOLK implementation has higher CPU usage than 

the C++ baseline, resulting in the inefficiency of that par- 

allelization strategy for small numbers of transmitters. 

4.1.2. Evaluation 2: Hardware Platforms 

Fig. 4 compares different implementations (C++, C++ 

with VOLK, and Python) of the OWC Channel Model 

across the three systems noted in Table 1. The peak sample 

rate is defined as the highest input rate a block can process 

before reaching CPU core utilization saturation, beyond 

which further increases in sample rate no longer result in 

higher throughput due to computational limitations. 

core can reduce per-thread performance for GNU Radio’s 

thread-per-block execution model, since block threads 

share the same physical core resources rather than having 

exclusive access to a core. 

In the Intel Core i5, which operates at a maximum 

clock frequency of 3.20 GHz and has 2 threads per Core, 

multiple GNU Radio blocks may be scheduled on logi- 

cal threads that share the same physical core. As a result, 

each block cannot exclusively utilize the full execution re- 

sources of a physical core, leading to reduced per-thread 

Instructions Per Cycle (IPC) [15,16] due to contention. 

In contrast, the Raspberry Pi 5 operates at a lower clock 

frequency of 2.40 GHz but provides four physical cores 

with a single logical thread per core, allowing each GNU 

Radio block to execute on a dedicated core and more effec- 

tively utilize the available clock resources. Also, the Intel 

Core i5 represents an older microarchitecture, whereas the 

Raspberry Pi 5’s Cortex-A76 cores benefit from a more 

modern, energy-efficient microarchitecture optimized for 

scalar workloads, which aligns well with GNU Radio 

signal-processing blocks. 

Intel Xeon, with 20 CPU cores, shows better per- 

formance compared to the other two systems. Designed 

for high reliability and performance applications, the Intel 

Xeon achieves a higher sample rate, as seen in Fig. 4. The 

results of Evaluation 1 are similarly reflected, where C++ 
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Figure 4: Comparison of different implementations (C++, C++ 

with VOLK, and Python) of the OWC channel model across dif- 
ferent systems, for 1 Tx–1 Rx configurations. 

 

 

with VOLK performs better than standard C++, which in 

turn performs better than Python; and in terms of hard- 

ware, Intel Xeon outperforms the Raspberry Pi 5, which 

in turn performs better than the Intel Core i5. This or- 

dering is consistent with the number of available physical 

cores, where the Raspberry Pi 5 (4 physical cores) outper- 

forms the Intel Core i5 (2 physical cores). Notably, the 

performance gains due to going from python to C++ are 

significantly more impactful than the choice of compute 

hardware. 

4.1.3. Evaluation 3: gr-owc Code Enhancements 

In this work, we enhanced the OWC Channel Model imple- 

mentations in two ways: (1) Core algorithmic optimiza- 

tions that reduce unnecessary computation, and (2) New 

features that extend the functionality of channel blocks to- 

wards a more realistic representation of a physical OWC 

link. First, many parameters that influence OWC channel 

gain, such as Tx and Rx positions, orientations, or physi- 

cal configurations, tend to remain constant or change infre- 

quently over time. By precomputing the associated chan- 

nel gain values during block initialization or parameter up- 

dates, redundant per-sample calculations are eliminated, 

reducing the processing load. Second, we introduced fea- 

tures for signal clipping and signal-dependent shot noise to 

develop a more realistic representation of the OWC chan- 

nel and enhance simulation accuracy. The impact of these 

code enhancements are analyzed in the subsequent perfor- 

mance evaluation which observes the following cases. 

• Case 1: Initially, the channel block calculated the 

channel gain for every input sample. Since the gain 

computation involves evaluating parameters like dis- 

tance, emission angle, and acceptance angle for each 

Figure 5: CPU utilization with varying sample rates for Cases 

1–3, measured on System 1 with C++ implementation and a 1 
Tx–1 Rx configuration. 

 

 

Tx-Rx pair, performing this operation repeatedly for 

every sample led to excessive overhead. 

• Case 2: The implementation (Case 1) was opti- 

mized to precompute the channel gain upon initial- 

ization, or whenever a block parameter is modified. 

Since the gain remains independent of input data or 

sample, the precomputed values were directly used 

for processing each input data/sample without recal- 

culating the gain. This modification significantly 

reduced the overhead caused by repeatedly calculat- 

ing the gain for each sample. 

• Case 3: Building on Case 2, a feature was intro- 

duced to incorporate shot noise into the model. Shot 

noise arises due to the quantum nature of photons 

in optical communication, where the number of de- 

tected photons fluctuates randomly, introducing in- 

herent noise in the received signal. This effect is in- 

fluenced by ambient light and received signal power. 

While this feature improves the model’s accuracy 

in simulating real-world OWC conditions, it also in- 

creases the computational load on the block due to 

the added noise processing. 

Fig. 5 illustrates the CPU utilization trends across 

different sample rates for all three cases. Case 1 exhibits 

the highest CPU usage due to per-sample gain computa- 

tion, whereas Case 2 significantly reduces overhead by 

precomputing the gain. Case 3 introduces additional com- 

putational load due to the signal-dependent shot noise cal- 

culations. 

4.1.4. Evaluation 4: New Configurations 

Recognizing that the newly added features are not relevant 

in all scenarios (e.g., when operating in the LED’s linear 
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Figure 6: CPU utilization with varying sample rates based on clip- 
neg and add shot noise flag states, for 1 Tx–1 Rx configurations. 

 
 
 

range or when the noise is dominated by thermal noise 

making shot noise negligible), we have included configu- 

ration flags to make this functionality optional. This al- 

lows the features to be disabled in order to reduce compu- 

tational overhead. 

• Clip-Neg: If enabled, this feature removes negative 

power values from the transmitted signal to ensure 

that only valid optical power levels are processed. 

• Add Shot Noise: If enabled, this feature introduces 

shot noise at the receiver’s end, simulating the signal- 

dependent shot noise by observing the simulated av- 

erage optical power received and using this to define 

the noise power as a function of time. 

Each of these features adds additional computation 

when enabled. Fig. 6 shows how CPU utilization varies 

with sample rate depending on the state of these flags. 

When clip-neg and add shot noise are disabled (i.e., 

Case 2 from Fig. 5), the channel block requires the least 

computational resources since no extra operations are per- 

formed. When only clip-neg is enabled, there is not 

much noticeable increase in CPU utilization. This is be- 

cause the per-sample check and zeroing of negative val- 

ues introduce only negligible overhead. When only add 

shot noise is enabled, the computational load increases 

more significantly compared to clip-neg. After comput- 

ing the received signal from all transmitters, the block 

must first calculate the average received power for each 

receiver. This value is then used to generate and add shot 

noise statistically to each output sample, introducing addi- 

tional per-sample computation and increasing CPU usage. 

Lastly, when both clip-neg and add shot noise are en- 

abled, CPU utilization is comparable to that of the shot 

noise only scenario, again due to the negligible impact of 

clipping. 
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Figure 7: CPU utilization variation for different OWC channel 
model Tx–Rx configurations. 

 
 
 

These results show that while enabling optional fea- 

tures such as clipping and shot noise introduces additional 

computational load, the overhead associated with check- 

ing the corresponding configuration switches is negligible. 

This justifies the design decision to implement these func- 

tionalities within a single configurable block, rather than 

separating them into multiple specialized blocks. This ap- 

proach simplifies flowgraph design and improves usability, 

as researchers can easily toggle optional features without 

modifying the structure of the flowgraph. Moreover, it 

offers the flexibility to disable computationally intensive 

features to achieve higher sample rate requirements when 

needed. 

4.1.5. Evaluation 5: Scaling for Multiple Txs/Rxs 

The computational complexity of the OWC Channel Model 

increases with the number of transmitters and receivers, 

as more signal processing operations are required. The 

results from Fig. 7 illustrate how CPU utilization varies 

based on different Tx-Rx configurations. 

• 1 Tx - 1 Rx: This configuration has the lowest CPU 

utilization, as only a single transmitter’s signal is 

processed and received by a single receiver. 

• 1 Tx - 5 Rx: The CPU utilization increases because 

the signal from one transmitter is processed for mul- 

tiple receivers, requiring additional computational 

resources. 

• 5 Tx - 1 Rx: This configuration results in similar 

CPU utilization compared to 1 Tx - 5 Rx since the 

block must process signals from all five transmitters 

and combine them at a single receiver. Each trans- 

mitted signal undergoes individual channel gain cal- 

culations, and all signals must be summed at the re- 
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ceiver, increasing the overall computational work- 

load. 

• 5 Tx - 5 Rx: This configuration exhibits the highest 

CPU utilization, as signals from multiple transmit- 

ters must be processed and received by multiple re- 

ceivers, significantly increasing the computational 

workload. 

4.2. OWC Mod/Demod Blocks 

Following the same analysis methodology used for eval- 
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uating the channel modeling blocks, we consider a set of 

modulator and demodulator blocks from gr-owc. The fol- 
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lowing modulation schemes have been implemented in gr- 

owc to support various baseband OWC scenarios: 

• OOK: Implements the On-Off Keying (OOK) mod- 

ulation scheme, where binary symbols are repre- 

sented by high and low signal levels. The OOK 

Demodulator observes a threshold and defines bits 

based on the observed samples in a given symbol 

period. 

• PAM: Implements Pulse Amplitude Modulation 

(PAM), assigning varying amplitude levels to sym- 

bols, enabling multi-level modulation with multiple 

bits per symbol. The PAM demodulator averages 

the received samples over each symbol interval and 

compares the resulting amplitude against a set of 

predefined levels to determine the transmitted sym- 

bol 

• PPM: Implements Pulse Position Modulation (PPM), 

where the position of a pulse within a symbol du- 

ration is varied to encode information. The PPM 

demodulator detects the pulse location within each 

symbol interval and decodes the symbol based on 

the identified pulse position. 

• VPPM: Implements Variable Pulse Position Modu- 

lation (VPPM), where binary PPM is combined with 

adjustable pulse width to enable dimming in dual- 

use scenarios where the transmitters are used for 

both communication and illumination. The VPPM 

demodulator identifies the pulse position to recover 

the transmitted bit and accounts for pulse width to 

maintain the desired pulse level. 

4.2.1. Evaluation 1: OOK Modulator 

By generating multiple samples per symbol (SPS), the 

OOK Modulator acts as an interpolator block while the 

OOK Demodulator is a decimator block. For a fixed sam- 

ple rate, increasing SPS improves signal resolution and 

can enhance synchronization or filtering accuracy at the 

Figure 8: CPU core utilization of OOK modulator (C++) across 

SPS = 1, 5, 20 on Intel Core i5 and Raspberry Pi 5. 
 
 
 

cost of reduced bit rate. Alternatively, increasing SPS 

while maintaining a fixed bit rate leads to a higher sample 

rate requirement. This also increases the computational 

load, since more samples must be processed per symbol. 

These two scenarios can be compared with the different 

test flowgraphs depicted in Fig. 1. The following tests ana- 

lyze the effect of SPS and implementation across multiple 

systems. 

The first test for the baseline OOK block analyzes 

how SPS settings affect CPU utilization for the OOK Mod- 

ulator implemented in C++, evaluated on Intel Core i5 and 

Raspberry Pi 5, with the increase in incoming symbol rate. 

The SPS values tested were 1, 5, and 20. 

As shown in Fig. 8, increasing the SPS consistently 

raises CPU utilization, as more samples must be processed 

per symbol period. With the increase in the number of out- 

put samples (For SPS >1), the block must process more to- 

tal samples per second. This leads to higher computational 

workload, even if the input rate is the same. Since more 

output is generated, GNU Radio has to schedule the block 

to run more often to keep up with the downstream blocks’ 

demand, increasing overhead (More samples = more mem- 

ory writes/reads). 

Next, we evaluate the CPU utilization of the OOK 

Modulator implemented in C++ across three different sys- 

tems. All systems were tested with SPS = 20 to ensure a 

consistent load condition. As observed in Fig. 9, the Intel 

Xeon initially utilizes more computational resources, but 

beyond a certain symbol rate range, the rate of increase in 

CPU usage reduces, after which it performs better. The 

exact reason for the anomalous change in utilization be- 

tween SPS settings of 20M and 40M is unclear, but it was 

seen consistently on this computer. The Raspberry Pi 5 
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Figure 9: OOK modulator-C++ implementation across Intel 

Xeon, Intel Core i5, and Raspberry Pi 5 (SPS = 20). 

Figure 11: PAM modulator with modulation orders 4, 8, and 16 

across C++ and Python implementations. 
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mentation outperforms the VOLK-based version. This 

is due to the absence of parallel execution opportunities 

at such low SPS, where the overhead of VOLK outweighs 

any potential gains. However, as SPS increases, the C++ 

with VOLK implementation begins to outperform stan- 

dard C++, leveraging parallelism more effectively. 

4.2.3. Evaluation 3: PAM Modulator 

For PAM implementations, the modulation order (M) re- 

lates sample rate and bit rate in a way that is similar to how 

SPS relates sample rate and symbol rate. Specifically, the 

Figure 10: Comparison of OOK demodulator implementations 

(C++, C++ with VOLK, Python) across different SPS values. 
 
 
 

performs better than Intel Core i5, saturating at a higher 

symbol rate, indicating better efficiency and CPU scaling. 

Intel Core i5 shows moderate performance but saturates 

earlier compared to the Pi 5. These results emphasize that 

while software efficiency is critical, hardware characteris- 

tics such as clock speed and number of CPU cores signif- 

icantly influence real-time processing capabilities. 

4.2.2. Evaluation 2: OOK Demodulator 

The OOK Demodulator block is the counterpart to the 

OOK modulator block tested in Evaluation 1. We evalu- 

ated the effect of SIMD Optimization on OOK Demod- 

ulator performance across SPS and coding implementa- 

tion (i.e., C++, Python, and C++ with VOLK). The C++ 

with VOLK implementation was specifically optimized to 

parallelize operations across samples. 

As illustrated in Fig. 10, which was evaluated us- 

ing flowgraph V2 (Fig.1) at SPS = 1, the C++ imple- 

modulation order defines the number of amplitude levels 

used to encode symbols. For example, a modulation order 

of 4 encodes 2 bits per symbol, 8 encodes 3 bits, and 16 

encodes 4 bits per symbol. The bit rate is the rate at which 

bits are transmitted and is determined by both the sample 

rate and the modulation order. To evaluate the computa- 

tional efficiency of the PAM Modulator, we tested both 

the Python and C++ implementations across varying bit 

rates and modulation orders (4, 8, and 16) with SPS = 1, 

on system 3. The CPU utilization patterns for both imple- 

mentations are illustrated in Fig. 11. 

As the modulation order increases, the number of 

bits per symbol also increases. This allows the block to 

transmit the same bit rate using fewer symbols per second. 

This also implies that a fixed SPS setting across the modu- 

lation orders leads to a lower sample rate for higher mod- 

ulation orders. As a result, the block processes fewer sam- 

ples per unit time, leading to lower CPU utilization with 

higher modulation orders. 
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4.2.4. Evaluation 4: Comparison across 
Modulators 

In this evaluation, four gr-owc modulators (OOK, PAM, 

PPM, and VPPM) are evaluated using flowgraph V2 (Fig.1). 

All modulators were run at SPS = 32 with M = 16 for PAM 

and PPM. At SPS = 32, OOK, VPPM, PAM, and PPM op- 

erate at the same sample rate and symbol rate, but differ 

in bit rate due to differences in modulation order. We ad- 

ditionally tested the SPS = 8 configurations of OOK and 

VPPM which operate at the same sample rate and bit rate 
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as the SPS = 32 PAM and PPM configurations with M = 

16, while using different symbol rates. These two operat- 
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ing points allow us to separate the effects of sample rate, 

symbol rate, and modulation complexity on CPU utiliza- 

tion. 

Figure 12: CPU utilization comparison across all modulation 

schemes (OOK, PAM, PPM, VPPM) on Raspberry Pi 5. 

From Fig. 12, the observed trends can be directly 

attributed to implementation-level design choices. In the 

OOK modulator, each output sample is generated dynam- 

ically based on the incoming symbol stream, resulting in 

per-sample decision logic and repeated value assignment. 

In contrast, the VPPM implementation pre-computes com- 

plete samples-per-symbol waveforms and copies them to 

the output buffer using memory copy operations. This ap- 

proach significantly reduces per-sample computation and 

explains the lower CPU utilization observed for VPPM rel- 

ative to OOK at comparable sample rates. As future work, 

the OOK modulator could be refactored to use a similar 

pre-initialized waveform (array) and memory copy strat- 

egy, which is expected to further reduce its CPU overhead 

and improve performance. 

An important observation from Fig. 12 is that when 

CPU utilization is viewed only as a function of sample rate, 

lower-order modulation schemes such as OOK and VPPM 

appear more efficient, showing lower CPU usage at com- 

parable sample rates. However, this view changes when 

bit rate is considered as the primary metric. The SPS = 8 

OOK and VPPM configurations operate at the same sam- 

ple rate and bit rate as the SPS = 32 PAM and PPM con- 

figurations with M = 16, but require a higher symbol rate. 

This higher symbol rate increases the frequency of symbol- 

level processing, reducing the apparent efficiency of OOK 

and VPPM when normalized by delivered bit rate. When 

compared at equivalent bit rates, the higher-order modu- 

lation schemes such as PAM and PPM provide better ef- 

ficiency of CPU utilization. This trend is also consistent 

with the results shown in Fig. 11, where higher-order mod- 

ulation schemes perform better when evaluated based on 

achievable bit rate rather than sample rate alone. 

For the PAM modulator, multiple samples-per-symbol 

arrays are pre-initialized corresponding to each of the M 

= 16 amplitude levels. During runtime, each input sym- 

bol must be compared against all possible amplitude lev- 

els to determine the correct waveform before copying the 

corresponding array to the output buffer. This additional 

symbol-level comparison and indexing overhead results in 

higher CPU utilization than OOK and VPPM, as reflected 

in the measured results. 

The PPM modulator incurs the highest computa- 

tional cost due to its waveform construction strategy. For 

each symbol, the entire samples-per-symbol region is first 

initialized to the minimum magnitude, after which the 

pulse position is calculated and selectively overwritten 

with maximum magnitude values. This two-stage initial- 

ization process introduces additional per-symbol opera- 

tions and memory writes, leading to the highest CPU uti- 

lization among all evaluated modulators. 

Overall, these results highlight how waveform initial- 

ization strategies and memory access patterns play a crit- 

ical role in determining the computational efficiency of 

signal processing blocks. Even at identical sample rates, 

differences in symbol processing logic and data movement 

can lead to substantial variations in CPU utilization. 

4.2.5. Evaluation 5: Comparison across 
Demodulators 

In this evaluation, four gr-owc demodulators (OOK, PAM, 

PPM, and VPPM) are evaluated using the V1 test (Fig. 1). 

All demodulators were tested at SPS = 32, with a modula- 

tion order of M = 16 for PAM and PPM. Similar to the mod- 

ulator evaluation, OOK and VPPM demodulators were ad- 

ditionally evaluated at SPS = 8 to enable fair comparisons 

OOK Modulator (SPS 32) 
OOK Modulator (SPS 8) 
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under both sample-rate-matched and bit-rate-matched con- 

ditions. 

From Fig. 13, the OOK demodulator shows the low- 

est CPU core utilization across all evaluated demodulators. 

OOK demodulation consists of averaging the incoming 

samples over each symbol interval, followed by a single 

threshold comparison to decide between the two possible 

transmitted symbols (ON or OFF). This simple processing 

pipeline results in minimal per-symbol computation. 

The VPPM demodulator exhibits higher CPU uti- 

lization than OOK but remains significantly more effi- 

cient than PAM and PPM. VPPM demodulation uses a 

 

100 

 
90 

 
80 

 
70 

 
60 

 
50 

 
40 

 
30 

 
20 

 
10 

 
0 

CPU Core Utilization vs Sample Rate 

 
105 106 107 108 109 1010 

Sample Rate 

maximum-likelihood decision process between two pos- 

sible symbol waveforms. Pre-initialized reference wave- 

forms are correlated with the received samples, and the 

symbol corresponding to the higher correlation metric is 

selected. While this matched-filter operation introduces 

additional per-symbol computation compared to OOK, the 

decision space is limited to two symbols, keeping the over- 

all computational cost relatively low. 

At a fixed sample rate, the 8-SPS OOK and VPPM 

demodulators exhibit higher CPU utilization than their re- 

spective 32-SPS configurations. Although both configura- 

tions process the same number of samples per second, the 

lower SPS results in a higher symbol rate, causing symbol- 

level demodulation operations to be executed more fre- 

quently. This increased symbol processing rate leads to 

higher overall CPU utilization for the 8-SPS implementa- 

tions. 

PPM demodulation requires evaluating the received 

samples against all possible pulse-position waveforms 

within each symbol interval. For M = 16, this involves 

computing correlation metrics for 16 candidate pulse posi- 

Figure 13: CPU utilization comparison across all demodulation 
schemes (OOK, PAM, PPM, VPPM) on Raspberry Pi 5. 

 

 

Figure 14: OWC flowgraph used in complete system evaluation. 

 

 

4.3. OWC System (Complete Flowgraph) 

The complete OWC system flowgraph shown in Fig. 14 

represents a baseline configuration for end-to-end perfor- 

mance evaluation of gr-owc. The results in Fig. 15 com- 

pare the full system 1 Tx - 1 Rx configuration, tested on 

Intel Core i5 with all blocks implemented in C++, with 

the baseline unit test results for the individual blocks. 

The results show that the OOK Demodulator reaches 

tions and selecting the most likely symbol using a maximum- saturation at a lower sample rate compared to other blocks. 

likelihood process. The combination of full-symbol wave- 

form initialization, repeated correlation operations, and 

multi-symbol comparison results in substantially higher 

computational overhead compared to VPPM, and OOK. 

Unlike OOK demodulation, which relies on a single 

threshold decision, PAM demodulation also begins by av- 

eraging samples over each symbol interval; the averaged 

value must be compared against multiple amplitude levels 

corresponding to the modulation order. For M = 16, this 

requires evaluating the received symbol against 16 possi- 

ble levels to determine the transmitted symbol, introduc- 

ing additional comparison and decision overhead. This 

multi-level decision and averaging process accounts for 

the increased CPU utilization observed for PAM relative 

to all the demodulators. 

As sample rate increases, the demodulator becomes the 

first block to reach maximum CPU capacity. Consequently, 

the entire complete flowgraph (black curve) also flattens 

at that point, indicating a bottleneck imposed by the OOK 

Demodulator. While the OOK Modulator and Channel 

Model exhibit continued scalability with increasing sam- 

ple rates, they are ultimately limited by the demodulator’s 

processing capacity in the full system flowgraph. 

The overhead in the graph (gray curve) is the com- 

bined CPU usage of the Constant Source, Throttle, and 

Null Sink blocks, which perform minimal computation. In 

the image, the complete flowgraph reaches ≈280% CPU 

utilization, meaning that the flowgraph is effectively con- 

suming the equivalent of ≈2.8 CPU cores, indicating its 

multi-core usage behavior. This highlights a critical in- 

sight in system-level OWC SDR design: even if individual 
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Figure 15: CPU utilization of individual blocks and complete 

system flowgraph tested on Intel Core i5 using C++ blocks. 
 
 
 

upstream blocks are capable of handling higher through- 

put, the block with the highest computational load (here, 

the demodulator) limits the overall system performance. 

Identifying and optimizing such bottlenecks is essential 

for high-throughput real-time processing in SDR systems. 

The surface plot in Fig. 16 shows the peak sample 

rate of a complete OWC system flowgraph as a function 

of the number of transmitters and receivers. In this config- 

uration, each transmitter is paired with a dedicated Con- 

stant Source, Throttle, and OOK Modulator block, while 

each receiver is paired with an OOK Demodulator and 

Null Sink. All transmitters and receivers are connected 

to a shared OWC Channel Model, which is responsible for 

handling the signal transmission between all Tx-Rx pairs. 

Each point on the surface plot corresponds to the sat- 

uration sample rate before the system reaches max CPU 

utilization capacity. As the number of transmitters and re- 

ceivers increases, the computational demand on the Chan- 

nel Model block also increases due to the higher number 

of gain calculations and signal summations required for 

each additional link. This results in a general decline in 

the peak sample rate for larger Tx-Rx configurations. The 

plot highlights the scalability limitations of the system and 

shows that increasing the number of nodes imposes greater 

computational usage. 

5. Conclusions 

This work presents a comprehensive performance char- 

acterization of the gr-owc, GNURadio OOT module for 

optical wireless communication systems, emphasizing 

real-time processing capabilities across diverse hardware 

configurations and performance impacts based on imple- 

mentation methods, which could be valuable for other re- 

searchers to understand when developing custom GNU- 

 

Figure 16: CPU utilization of the complete flowgraph under dif- 

ferent transmitter (Tx) and receiver (Rx) configurations, imple- 
mented using C++ blocks. 

 

 

Radio blocks/modules. Through systematic evaluation of 

individual signal processing blocks and complete system 

flowgraphs, we analyze CPU utilization trends concerning 

key operational parameters such as sample rate, modula- 

tion order, and samples per symbol. 

The results show that C++ implementations con- 

sistently outperform Python in computational efficiency, 

with additional gains achieved through SIMD optimiza- 

tion using VOLK, particularly in high-sample workloads. 

C++’s nature as a compiled language allows for faster ex- 

ecution speeds compared to Python, which is interpreted. 

This speed advantage is crucial in applications like SDR 

where real-time operation requires continuous processing 

of an incoming sample stream. 

Channel model analysis revealed that configuration 

factors like the number of transmitters and receivers sig- 

nificantly influence CPU usage, and precomputing static 

channel parameters is beneficial for reducing overhead. 

Cross-platform benchmarking further highlights the role 

of hardware characteristics, particularly clock speed, mem- 

ory access, and core count, sustaining high-throughput 

real-time operation. 

In complete OWC system flowgraph evaluations, it 

was observed that once any individual block reaches its 

maximum computational capacity, it imposes a bottleneck 

on the entire system. This prevents downstream or up- 

stream blocks from utilizing higher sample rates, effec- 

tively limiting overall throughput. Identifying and opti- 

mizing such limiting blocks is essential for achieving scal- 

able real-time performance in SDR systems. 

Overall, the study shows that gr-owc is a practical 

and flexible research platform for real-time optical wire- 

less experimentation, making it well-suited for building 

SDR-based OWC systems with multi-user / multi-cell con- 

figurations. Given the complexity of dense multi-no
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environments, experimental proof-of-concept testing is a key component to understanding the performance of novel protocols 

and signal processing chains. The tools within gr-owc can be combined with the broader functionality of GNURadio to 

support a simulation-to-experimentation workflow for OWC network testing. Accordingly, the low- level blocks can be further 

developed into system models for VLC networks, VLP systems, and hybrid radio/optical networks - allowing for practical 

evaluation in different environments and offering real-world validation of sys- tem performance metrics. The performance 

analysis pro- vided in this work demonstrates the limits of individual blocks, while also providing a structure for performance 

analysis of more complex flowgraphs. As complexity is added to develop system functionality, awareness of bot- tlenecks 

within the signal chain will highlight where at- tention is needed in order to optimize end-to-end system performance. 
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