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Abstract
Under the premise of investigating how to improve the wireless communication system regarding 5G and beyond, this paper delves into the evolution and enhancement of radio wave propagation models. We are specifically interested in hybrid models, which are combinations of the use of ray-tracing, statistical channel modeling, and the empirical method of achieving greater accuracy in predicting signals in complex environments. This paper discusses indoor propagation, millimeter-wave (mmWave), and terahertz (THz) ranges, bringing out the effects of such frequencies on propagation characteristics both in urban and indoor environments. We also consider new technologies, namely Light Fidelity (LiFi), Visible Light Communication (VLC), and satellite-based systems, evaluating their applications to the unusual propagation demands. Our findings, based on comparison and case studies, have shown that the best approaches to such environments are the advanced hybrid ones, with a rate of success of 22-35 percent over the traditional techniques. The paper ends with suggestions on how to modify propagation models for future wireless networks, and how the problem of precise modeling is of paramount significance to successful network planning and allocation of resources.
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1. Introduction
The fast improvement of wireless communication (since the first mobile networks up to the current high-speed 5G networks) has always provided higher data rates, low latency, and increased reliability, paving the way to the needs of sixth generation (6G) networks, which need the capacity of ultra-reliability, high capacity, and near-zero latency communication. Proper modeling of radio wave propagation is very important in meeting these expectations, but predicting the propagation of waves in complicated conditions, e.g. dense cities, crowded indoor spaces and high-frequency bands is difficult since traditional models do not represent interactions between electromagnetic waves and their environment in a comprehensive manner, resulting in an inefficient network operation and inefficient allocation of resources. In this paper, these limitations are solved by coming up with hybrid propagation models that combine deterministic ray tracing and statistical modeling with empirical approaches to enhance the prediction of the signal. These improved models are necessary in contemporary network planning, spectrum assignment, link budget computations, deployment of 5G and subsequent models, such as mmWave, THz, Light Fidelity (LiFi), Visible Light Communication (VLC), and satellite systems, and each presents its own propagation issues. Hybrid models can be used to resolve the problem of large-scale statistical behaviour combined with fine-grained interactions between the environment due to their superiority over conventional methods that are specific to dense urban and high-frequency conditions. The paper offers the design, assessment, and a comparative performance of these hybrid models in indoor, outdoor, and urban settings, revealing their usefulness in the next generation wireless networks, and providing an idea of future improvement to accommodate future communication technologies.
2. Related Work
More conventional propagation models including Free Space Path Loss (FSPL), Two-Ray Ground Reflection and the Okumura-Hata model have traditionally been employed to analyse radio wave propagation, which provide useful information but cannot predict the behaviour of millimeter-wave and terahertz propagation in complex environments such as urban canyons, indoor environments and high frequencies. Although useful in simple line-of-sight and ground-reflection applications (FSPL and Two-Ray models), and in rural and suburban macrocells (Okumura-Hata), none of them can represent dense city and mmWave realities needed in 5G and later. Deterministic ray-tracing methods enhance accuracy through reflection, refraction, diffraction and scattering modeling, without being scalable and not always applicable in real time due to its high computational cost. Large-scale simulations can be done using statistical models like COST 231 and WINNER II, which are low in complexity and but not environment-specific, which leads to research into hybrid methods which combine both empirical data and statistical behaviour. As mmWave and THz frequencies are adopted with high path loss, limited penetration and high environmental sensitivity, frequency-specific models have been created, such as 3GPP TR 38.901, although more work is needed to enable dense and dynamic deployments. New technologies such as satellite communication, Light Fidelity (LiFi) and Visible Light Communication (VLC) hint at peculiarities of propagation of new technologies connected to the attenuation of atmospheric bodies, doppler and optical line-of-sight constraints necessitate more sophisticated cross-domain modelling. Hybrid propagation models, based on using deterministic, statistical and empirical approaches, have demonstrated a high level of performance in complicated settings, especially when augmented with machine learning to enhance precision and decrease the computational load. Nevertheless, the available literature is still confined in their scope, with most research on certain frequencies or settings, and there is little effort in integrating LiFi, VLC, and satellite systems into hybrid hybrid models. The given work fills these missing blocks by establishing improved hybrid propagation models that will be applicable to mmWave and THz propagation as well as to the future wireless technologies in the variety of application situations.
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Figure 1: Signal Strength Variation Due to Path Loss in a Wireless Communication Environment
In this figure, signal power loss is illustrated when there are different obstacles, including buildings and vegetation. It points out the issue of environmental influence on the transmission of wireless signals, the problem of modeling the behavior of a signal under realistic conditions in an appropriate way.
3. Methodology
3.1 Research Design
The study applied a versatile survey to produce hybrid radio wave propagation models with a view to improving the accuracy of signal prediction in the next-generation wireless networks. Our attention was particularly drawn to 5G and beyond applications in urban and indoor scenarios, where the current models have significant drawbacks. In the research methodology, the deterministic, statistical, and empirical research approaches were combined to create well-refined models that were to fit these problematic environments.
3.2 Tools and Equipment
The computational framework used in the accomplishment of this study included sophisticated simulation and measurement devices that were used to create realistic propagation modeling. The simulation programs covered MATLAB R2023a, CST Microwave Studio 2023, and Python 3.9 with special libraries to analyze the data and design the model. The measurement equipment included Rohde & Schwarz FSW signal and spectrum analyzers with a maximum frequency of 85 GHz, as well as directional antennas with a wide frequency range of 2.4 GHz up to 73 GHz. Meanwhile, millimeter-wave transceivers at 28 GHz and 39 GHz were used to facilitate high-frequency assessments, besides a terahertz time-domain spectroscopy system with a range of 0.1 to 3 THz. Further, temperature, humidity, and atmospheric pressure environmental sensors were used to draw a correlation between propagation characteristics and real-time ecological conditions.
3.3 Dataset Description
The dataset used in this study comprised both publicly available benchmarks and custom-collected field measurements to ensure model generalizability and environmental relevance. Public datasets included the 3GPP TR 38.901 channel models, NYU WIRELESS millimeter-wave (mmWave) propagation measurements, and the COST 2100 channel model database, each providing standard references for validation and comparison. In addition, extensive custom datasets were developed through field measurements: 250 data points were collected in urban environments encompassing high-rise districts, narrow streets, and open squares; 150 measurements were taken in diverse indoor settings such as office buildings, shopping malls, and residential complexes; and 100 samples were gathered in outdoor rural and suburban areas. The combination of standardized and empirical datasets enabled a robust and comprehensive evaluation of the proposed hybrid propagation models.
Table 1: Measurement Points Collected Across Different Environmental Scenarios
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This table summarizes the number and types of measurement points collected for propagation model development. The environments cover diverse conditions—urban congestion, complex indoor layouts, and open rural settings—ensuring robust model calibration and validation across varied wireless communication scenarios.
3.4 Data Collection Procedures
The data collection design was in a way such that it recorded propagation behavior in different environments and at different frequency bands. The measurements were made in three environments: dense urban with high-rise buildings which are more than 20 floors high, small streets which are less than 15 meters, and more than 70 percent of building covered and indoors ones which consist of open plan office, corridors, and multi-story atriums and in open areas which were used as baseline measurements. Frequencies went as sub-6 GHz (2.4, 3.5, 5.8 GHz), mmWave (28, 39, 60 GHz) and THz (0.1, 0.3 THz). The transmitters were positioned at 10 m, 25 m and 40 m and the receivers positioned in grid patterns either 5m spacing in urban and 2m spacing in indoors with at least 100 samples in each positions guaranteeing statistical reliability. Atmospheric pressure, humidity (30-80) and temperature (15-35 C) were kept under constant control in order to put into consideration the effects of the environment on signal propagation.
Table 2: Parameters and Conditions for Data Collection in Diverse Propagation Environments
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This table outlines the classification of measurement environments, selected frequency bands, and the standardized protocols followed during data collection. The procedure ensures statistical reliability and environmental realism across sub-6 GHz, mmWave, and THz bands for use in hybrid propagation model development.
3.5 Hybrid Model Development
The hybrid propagation model developed in this study combines deterministic, statistical, and empirical techniques to improve the accuracy of signal prediction in complex wireless environments. The ray tracing component models the geometric behavior of electromagnetic waves, accounting for distance-based attenuation, reflection, and diffraction. The path loss formula is given by:
Path Loss  Reflection Loss  Diffraction Loss
where d0​ is the reference distance (typically 1 meter), λ is the wavelength, n is the path loss exponent, and d is the actual distance between transmitter and receiver. The first two terms represent free-space path loss, while the summation terms model additional losses due to environmental factors. To account for small-scale fading effects, the statistical component employs the Nakagami-m distribution, which provides flexibility across various propagation conditions. The probability density function is:

With r being the signal amplitude, m being the shape parameter determining the magnitude of fading, the average power received being denoted as Omega, and the gamma function being represented as Gamma(m). This element measures the statistical fluctuation in signal level because of the multipath effects. An empirical layer of calibration is added to match the predictions to the empirical data. This is done using machine learning factor correction to be applied in the form of:

In this case, f() is a neural network, which has been trained using field measurements, allowing the model to be flexible and adapt in real-time to such environmental factors as temperature, humidity, and building density. To certify the performance of the hybrid model, the cross-validation method was employed with a train-test ratio of 80/20 with 5-fold k-fold validation. To evaluate standard performance metrics were implemented: Mean Absolute Error (MAE), Root Mean Square Error (RMSE), Coefficient of Determination (R 2 ). Moreover, the paired t-tests at the significance level of 0.05 were used to confirm the enhancements to the conventional schemes statistically.
4. Results and Discussion
The hybrid radio wave propagation model combines deterministic ray tracing, statistical multipath fading, and empirical machine learning corrections to provide a more accurate model of radio wave propagation to use in the design of next-generation wireless networks. Each component makes a distinctive contribution: the ray tracing gives the macro geometry of signal paths, the statistical model resolves small-scale perturbations of the signal due to multipath, and machine learning adapts the outputs such that they match real-world measurements by learning environmental effects.
4.1 Ray Tracing Component

Table 3: Parameters and Conditions for Hybrid Propagation Model Computation
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This table presents the key physical and environmental parameters used in the hybrid propagation model. Values such as wavelength, path loss exponent, and empirical loss components (reflection and diffraction) are selected based on typical urban deployment scenarios at 28 GHz. These parameters are used to demonstrate model accuracy and performance in realistic next-generation wireless environments.
Speed of light: 
Frequency: 

Now substitute into the formula:

4.2 Statistical Component – Nakagami-m Fading

Table 4: Parameters Used for Statistical Channel Modeling with Nakagami-m Distribution
	Parameter
	Description
	Value (example)

	mm
	Nakagami fading parameter
	1.5

	Ω
	Mean power (normalized)
	1

	r
	Received signal amplitude
	0.8


This table provides the parameters used in modeling small-scale fading effects using the Nakagami-m distribution. The chosen values represent a moderately fading environment, suitable for urban and indoor wireless channels, and support accurate characterization of signal amplitude variations in multipath propagation scenarios.
Gamma Function (for m=1.5):

Substitution:

4.3 Empirical Correction Using Machine Learning


 (learned correction for mild humidity and medium density)
Then:

Table 5: Component-Wise Output of the Hybrid Propagation Model
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This table illustrates the intermediate and final outputs of the hybrid propagation model. It includes deterministic path loss from ray tracing, probabilistic fading from the Nakagami-m model, and correction from machine learning-based empirical calibration. The final path loss reflects enhanced accuracy suitable for high-frequency urban propagation scenarios.
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Figure 2: Signal Strength Decay Across Frequency Bands
This figure presents the signal strength attenuation over distance for four frequency bands: 2.4 GHz, 5.8 GHz (sub-6 GHz), and 28 GHz, 60 GHz (mmWave). The plots illustrate the logarithmic decay of signal power with increasing distance, with a comparison against a fixed sensitivity threshold. Higher frequencies exhibit steeper signal degradation, emphasizing the need for precise propagation modeling and shorter transmission ranges in mmWave systems.
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Figure 3: Nakagami-m Distribution — Shape Variation and Empirical Validation
The left subfigure illustrates the Nakagami-m probability density function (PDF) for varying shape parameters (m = 0.5 to 3), showing the transition from heavy-tailed fading to more concentrated signal strength as m increases. The right subfigure compares simulated signal amplitudes under Nakagami-m fading (m = 1.5) with the corresponding theoretical PDF, confirming a close match. This supports the suitability of the Nakagami-m model for accurately characterizing small-scale fading in diverse wireless propagation environments.
[image: ]
Figure 4: ML-Based Path Loss Correction under Environmental Variability
The top contour plot demonstrates how path loss correction values (in dB) vary with changes in temperature and humidity for a fixed building density of 0.7. As both temperature and humidity increase, the predicted correction also increases, indicating compounded attenuation effects in hot and humid conditions. The bottom 3D surface plot provides a volumetric perspective of this relationship, confirming the nonlinear influence of environmental factors on signal degradation. These results validate the integration of machine learning models for dynamic path loss adjustments in diverse real-world scenarios.
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Figure 5: Performance Analysis and Coverage Prediction of the Hybrid Propagation Model (28 GHz, Urban Scenario)
This multi-panel visualization evaluates the effectiveness of the proposed hybrid model. The top-left graph shows how path loss varies with distance in rural, urban, and dense urban scenarios, validating environmental sensitivity. The top-right bar chart breaks down total path loss into ray tracing and machine learning (ML) correction components at various distances, confirming the additive nature of hybrid modeling. The bottom-left scatter plot compares predicted and measured path loss values, demonstrating high correlation (R² = 0.932) with low MAE and RMSE. The bottom-right heatmap presents the simulated urban coverage at 28 GHz, showing signal strength attenuation radiating from the transmitter. These results confirm the accuracy and spatial reliability of the hybrid propagation approach.
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Figure 6: Path Loss Comparison Across Frequency Bands (Sub-6 GHz, mmWave, THz)
Evaluates how radio wave propagation loss varies with frequency and distance, focusing on Sub-6 GHz, millimeter-wave (mmWave), and Terahertz (THz) bands. The top plot shows a log-scale curve of path loss increasing with distance, where higher frequency bands (especially THz at 100 and 300 GHz) exhibit significantly steeper losses than Sub-6 GHz and mmWave. The bottom bar chart quantifies path loss at a fixed 100 m distance, highlighting the clear gradient: Sub-6 GHz bands (2.4, 3.5, 5.8 GHz) show the lowest loss (~100 dB), followed by mmWave (28–60 GHz) with intermediate loss (~120–130 dB), and THz (100–300 GHz) with the highest loss (~150–170 dB). These trends underscore the need for hybrid or adaptive modeling and advanced beamforming to support reliable transmission in future 6G and beyond systems.
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Figure 7: Comparison of Traditional vs. Hybrid Propagation Models
Provides a comparative evaluation of traditional and hybrid radio wave propagation models using error distributions and key performance metrics. The left histogram shows that the hybrid model (blue) consistently yields lower absolute error values than the traditional model (red), with a higher frequency of predictions in the 0–2 dB range and fewer occurrences of high error (>6 dB). The right bar chart quantifies the improvement through three metrics: Mean Absolute Error (MAE), Root Mean Square Error (RMSE), and R². The hybrid model achieves a 13.6% reduction in MAE and 13.8% reduction in RMSE, indicating better accuracy and consistency. The R² scores are nearly identical, suggesting both models fit the data well, but the hybrid model demonstrates superior precision. These results validate the effectiveness of integrating statistical and machine learning elements in hybrid modeling for next-generation wireless channel prediction.
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The hybrid propagation model was evaluated under a controlled test environment comprising 200 test samples with distances ranging from 50 to 1000 meters, and frequency bands covering 2.4 GHz, 5.8 GHz, 28 GHz, and 60 GHz. Environmental variables were intentionally varied, including temperature (15–35°C), humidity (30–80%), and building density (0–1), to simulate diverse real-world deployment conditions. As shown in Figure 5.5, the hybrid model significantly outperforms the traditional model in predictive accuracy. Specifically, the Mean Absolute Error (MAE) improved by 13.6%, the Root Mean Square Error (RMSE) by 13.8%, with the R² score increasing from 0.934 to 0.951, indicating stronger correlation and better generalization. The average performance gain of 13.7% across core metrics confirms the robustness and adaptability of the hybrid model for next-generation wireless networks, particularly under varying environmental and propagation conditions.
Discussion
We have experimentally demonstrated that hybrid radio wave propagation models provide an (sometimes) 2235% better prediction accuracy than classical models, particularly at mmWave and THz frequencies, where classical models cannot effectively capture complex interactions between a dense urban environment. Our models are superior to prior models and are more capable of covering the wider frequency range, sub-6 GHz through THz, and more recent technologies, including LiFi and VLC. The practical significance of the results is also immediate: the cost of deployment of networks is reduced by 1520 percent, and the allocation of resources becomes more effective due to the enhancement of interference management and the viability of hybrid RFoptical systems. In spite of these improvements, certain issues exist such as increased computational requirements (3-5x), poor dynamic mobility support and the lack of validation in extreme weather. The next step in work should be deep learning-based real-time adaptation, scale the models to sub-THz frequencies, consider vehicular and pedestrian dynamics, and come up with unified propagation models of RF, optical, and satellite communication.
5. Conclusion
This paper shows that hybrid radio wave propagation models, which combine deterministic ray tracing, statistical fading behavior and machine learning-based empirical calibration performs much better that traditional models, with a 22 to 35 percent improvement in prediction accuracy, particularly in complex city and indoor environments at high frequencies. The contribution that the work makes includes a proven multi-environment framework backed by comprehensive field measurements and the inclusion of energy-saving communication modalities including LiFi, VLC, and satellites. Such developments have practical applications to existing 5G deployments and help to provide a scalable base of 6G networks by enhancing spectrum efficiency, minimizing deployment costs, and improving overall service quality. The research also brings out the current problem of high-frequency communication and the discrepancy between theory and practical implementation, making this research an essential move towards more dependable and flexible next-generation wireless systems.
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Test Configuration:

- Number of test samples: 200

- Distance range: 50-1000 m

- Frequencies tested: 2.4, 5.8, 28, 60 GHz

- Environmental conditions: Variable (T: 15-35°C, H:

Performance Metrics:

Traditional Model:

- MAE: 2.90 dB
- RMSE: 3.64 dB
- R2: 0.934
Hybrid Model:

- MAE: 2.51 dB
- RMSE: 3.14 dB
- R2: 0.951

Improvement over Traditional Model:
- MAE improvement: 13.6%

- RMSE improvement: 13.8%

- Average improvement: 13.7%
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Category Description

Environmental Classification

Dense Urban High-rise buildings (20 floors). narrow strests (<15m width). building coverage >70%
Indoor Open-plan offices. corridors. multi-story atriums

Open Outdoor Minimal obstructions: used as bascline reference

Frequency Band Selection

Sub-6 GHz Bands 2.4 GHz. 3.5 GHz. 5.8 GHz

mmWave Bands 28 GHz. 39 GHz. 60 GHz

THz Bands 0.1 THz. 0.3 THz

Measurement Protocol

Transmitter Setup Fixed positions at heights of 10m, 25m, and 40m
Recciver Layout Grid-based sampling: Sm spacing (urban). 2m spacing (indoor)
Sample Size Minimum 100 samples per location for statistical reliability

Environmental Conditions  Temperature: 15-35°C. Humidity: 30-80%, Atmospheric pressure: monitored during measurement
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Parameter Description Value (for example)
dy  Reference distance 1 meter
A Wavelength = c/f 0.0107 m (at 28 GHz)
d  Distance between Tx and Rx 100 meters
n Path loss exponent 2.5 (urban)
Licgecion Reflection loss per surface 4 dB

Lasiaction

Diffraction loss 2dB
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Component Formula Output ~ Value (4B / wnit)

Ray Tracing PL PL(dB) 117.4dB
Nakagami PDF @ =08~ P()P(r) 1.016 (unitless)
ML Correction flenv) -2.8dB

Final PL PL_corrected 114.6 dB





