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Abstract. The mmWave frequency band is crucial for supporting the high data rate
requirements of 6G. However, their characteristics of transmission are very sensitive to
several factors like the distance between antennas, barriers, materials, and environmental
conditions. Therefore, it is necessary to accurately model the transmission characteristics
for reliable deployments. In this paper, we have reviewed many of the most important
mmWave propagation models that include Friis, COST-231, NYUSIM, 3GPP TR 38.901,
Ray Tracing, and Hybrid Machine Learning Techniques. The performance of each of the
above-mentioned models with regard to Path Loss, RSS, Delay Spread, Blockage Impact,
and Angular Dispersions for both Line-of-Sight (LOS) and Non-Line-of-Sight (NLOS)
were evaluated. We have included practical model graphs to help compare and select
different models for use in different environments. We have also explored the coverage
enhancement techniques used in RIS, Beamforming, and Al based Prediction. Finally, we
have identified the main challenges, cross-environment generalization, and outlined
future research directions for 6G Network Planning and Optimization.

1 Introduction

Millimeter Wave (mmWave) communication is viewed as a disruptive technology by many in terms of
how wireless communication systems are developed. The frequency band that mmWave operates in (30—
300 GHz), provides a wide bandwidth allowing for the support of very high-data rates, very-low latencies,
and the connection of numerous devices. These features will make it an essential enabler for some of the
6G use cases, including immersive AR/VR, self-driving cars, e-health, touch communication, and ultra-
light low-latency communications (URLLC). But the reliability of using mmWave and its deployment in
real-world 6G use-cases depends heavily on the accuracy and robustness of its propagation model. Unlike
sub-6 GHz bands, mmWave propagation is beset with unique challenges, such as severe free space path
loss, strong blockage sensitivity, and fast channel fluctuation. This necessitates an understanding of the
propagation phenomena, along with the development of EM models that accurately model the propagation
of mmWave signals through a wide variety of environments [1,2]. The main contribution of this paper is
to provide an overview of the state-of-the-art mmWave propagation models categorized based on their
type, developed over time, compared with each other, and applied to emerging 6G wireless networks.
Because some classical models , e.g., the Friis transmission equation and experimental models, e.g., COST
231 and ITU-R, were developed to support propagation in lower frequency bands, they are not applicable
to the mmWave band. In order to capture the unique directional characteristics, reflections, scatterings and
absorptions associated with mmWave propagation [2], deterministic ray tracing models, hybrid statistical
models, geometry-based stochastic models (GBSMs) [6] and others have been developed in the past
decade. Another major obstacle in developing an appropriate model for the behaviour of mmWaves is that
the radiation pattern has to be directional. Since adding large antenna arrays for beamforming (a necessity
for high path loss), the complexity of modeling a wireless communication channel increases by including
factors such as the angular spread ,spatial consistency and polarization [3]. As ray-tracing techniques can
simulate accurately how rays actually behave when interacting with objects in an environment, this
technique has been increasingly used in recent years for site-specific simulation [8]. However, these types
of simulations are computationally expensive to calculate and require the use of explicit 3D
representations of all deployment locations. In contrast, while stochastic models offer simplicity through
their analytical nature and the potential for scalability, they may also oversimplify many of the significant
spatial characteristics of real-world environments [4]. Therefore, hybrid approaches have attempted to
develop a method that draws upon the advantages of both ray-tracing and stochastic models to create a
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balance between physical accuracy, model generality, and computational efficiency [5]. Finally, an
additional challenge facing researchers who wish to develop appropriate mmWave models is whether or
not traditional models will be able to predict channel quality in NLOS conditions. Traditional models often
fail to provide accurate predictions for channel quality in obstructed conditions because of the loss of strong
diffraction and high penetration losses at mmWave frequencies. Potential solutions to this problem include
employing model adaptation using machine learning techniques; adapting parameters to specific
scenarios; and using RIS. Additionally, when developing 6G channels that take into account mobility-
related channel fading, Doppler effects, and space-time correlation, 6G systems, including those utilizing
high-speed vehicular communications and aerial platforms (e.g., UAVs and HAPS), will need to be
developed. The accuracy of simulations of 6G networks and the development of both the architecture and
the optimal configuration of 6G networks are directly influenced by mmWave propagation models [6-8].
Propagation models impact system-level decisions (for example, resource allocation and beam
management strategies, prediction and tools for network planning and coverage prediction). As an example,
several techniques have been developed to improve the performance and reliability of networks through
use of propagation models, which includes network densification; beam alignment techniques; handover
techniques; and interference mitigation techniques. The poor accuracy of the current imprecise
propagation models negatively impacts network performance and increases latency and connection
dropouts in dense and highly heterogeneous configured networks. A major goal of this survey is to
recognize that while numerous propagation models exist, they still do not have consensus about the
relative performance of these models, nor their ability to generalize to 6G network requirements [9,10] .
Therefore, in addition to providing a classification and description of the existing mmWave propagation
models, this paper will provide a critical evaluation of the assumptions and limitations of the models, and
the experimental verification of the models. Particular attention will be paid to how these models react to
changes in four parameters: frequency band, antenna pattern, environmental morphology and user
mobility. Furthermore, the survey will discuss the implications of the emerging 6G technologies (Al-native
networks, THz integration, cell-free architectures and intelligent surfaces) on the evolution of propagation
modeling frameworks.

2 Methodology

This study developed a fully automated simulation and analysis pipeline that could be used to analyze
and assess mmWave propagation models much further in 6G wireless systems. The work had combined
empirical modeling and hybrid algorithmic techniques to simulate the actual propagation effects of
various environments (i.e., dense urban environments, high-mobility areas, etc.) with significant levels
of blockages (i.e., indoor locations). The integration of (1) classical propagation equations (i.e., Friis
equation, COST-231) along with their statistical extensions (3GPP TR 38.901) with (2) deterministic
models (i.e., Ray Tracing) and (3) machine learning-based regression tools (Deep Neural Networks,
Random Forests) provided the ability to assess the full spectrum of the potential trade-offs between each
of these models relative to accuracy, scalability, and real time capabilities [11]. A hybrid modeling
approach was adopted because conventional models could not efficiently perform large-scale, high
fidelity simulations required for urban cells and the high frequency transmission through different
materials and topologies. Ray tracing is a representative deterministic method which provides the exact
solution but with excessive computation cost. The statistical models were scalable but too general for
local prediction. This gap has been filled by machine learning methods that are capable of learning from
empirical data with a good balance between accuracy and speed. The results combine the physical
accuracy as well as the ability to adapt to a new environment and significantly reducing manual effort.

2.1 Steps of Methodology

e We formulated this problem as a multi-dimensional regression and classification task where we predicted
five mmWave propagation metrics — Path Loss, RSS, RMS Delay Spread, Angular Spread, and BER —
as output given various combinations of environmental configurations, frequencies, distances, and
materials.

e Dataset Creation and Expansion: The datasets were synthesized with MATLAB-based Ray Tracing
simulators and joined with real-world datasets from the NYUSIM, COST-231, and 3GPP channel
libraries. We accounted for variations in the physical environment by simulating data from urban, indoor,
rural, and suburban layouts. The frequency range swept from 24 GHz to 100 GHz and included more than
20,000 samples per scenario with controlled added noise and geometric distortion.

e We represented all of our inputs as numeric representations — distance, frequency, angle of incidence,
material type, and environment class. Categorical features were one-hot encoded, and continuous features
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were normalized using Min-Max scaling. Additional synthetic features were created that included
effective reflection count, average scatterer density, and angular dispersion to increase the amount of
information available to our models [12].

e For the deterministic prediction application, we developed calibrated Ray Tracing models based on
empirical loss factors and verified their accuracy against NYUSIM benchmarks. For our machine learning
application, we trained a feed-forward deep neural network (3 hidden layers: [128, 64, 32]) with MSE
loss and the Adam optimizer (learning rate = 0.001, epochs = 150, batch size = 64) and a Random Forest
Regressor as a comparison baseline.

e To assess the predictive capability of each model, we calculated RMSE, MAE, and R? over each metric.
For our blockage loss classification tasks, we utilized Accuracy and F1-score. We produced a number of
visualization tools, such as coverage probability vs. transmission power, path loss vs. distance, and BER
heatmaps, using Matplotlib/Seaborn. Additionally, we obtained CDF plots through Monte Carlo
simulation of 1,000 iterations per scenario.

e To verify that our models can be transferred across different environments, we used models built from
urban scene data to test in indoor/rural layout scenes. Our performance testing for these models included
Runtime Benchmark Testing (to measure how long it would take to run a particular operation), as well as
Inference Time Testing (the time it takes to process information) to compare the inference times between
each model. These results were consistent with what we expected, that Deep Learning was able to produce
images almost indistinguishable from those generated by Ray Tracing at much faster speeds.

e Our ablation studies removed individual features such as frequency encoding, material encoding, learning
rate schedules, and dropout layers from the neural model to determine how large an impact they would
have on performance. We saw a 10—15% larger root mean square error (RMSE) when removing any of
these features/components, demonstrating their importance for the model. We employed SHAP values to
explain the feature contributions of the ML models to their predictions. This allowed us to understand
which features dominated the loss patterns of LOS vs. NLOS. Our visualizations included heatmaps of
BER/path loss in an urban scenario as well as bar plots of blockage loss by material and time vs. model
accuracy scatter plots.

e Finally, we compared our overall framework to 3GPP and NYUSIM models under the same evaluation
conditions. In the case of U-LOS, the deep learning model produced a 30% reduction in RMSE relative
to the 3GPP TR 38.901 predictions. While the Ray Tracing model was the most accurate for indoor
scenarios, it was computationally much more expensive than both of the other two models.

3 Implementation

In Figure 1, it can be seen that the performance of Bit Error Rate using various diversity techniques. The
above graph illustrates the effect of attenuation on signal strength with varying frequencies in different
propagation environments. Signal loss due to wall absorption was greatest in corridors when comparing
that space to a rural macro environment; this is largely because there are fewer obstacles in a rural area,
and as such, the rural environment produces stronger signals (higher RSS) than the corridor environment.
This demonstrates the importance of frequency-dependent propagation loss in mmWave environments
in 6G deployment.

Simulation Parameters: Transmit Power= 0 dBm, Distance = 100 m, Frequency Range = 10 — 100 GHz;
The propagation models were modified using environment-specific empirical loss factors. (see Figure 2)
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Fig. 2. Path Loss vs. Distance for Different Propagation Models
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Received Signal Strength (RSS) vs. Frequency for Urban and Indoor Environments
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Fig. 3. Received Signal Strength (RSS) vs. Frequency for Urban and Indoor Environments

The graph displays the effect of signal attenuation on frequency in different physical environments.
Attenuation was most significantly affected (see figure 3) (i.e., highest) in corridor environments due to
wall absorption as compared to a rural macro environment, which had fewer barriers and therefore had
greater RSSI values. This demonstrates the influence of frequency dependent propagation loss that will
be important for 6G mmWave deployment.

Simulation parameters: Transmit power = 0 dBm, Distance = 100 m, Frequency band = 10 — 100 GHz;
Propagation model modifications were made to include empirically determined environment specific loss
factors.
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Fig. 4. Coverage Probability vs. Transmission Power

The ratio illustrates how much the influence of transmission power affects the likelihood of achieving
coverage survival as a result of improvements to signal processing. A faster increase in the coverage area
is obtained by the Al-based prediction and beamforming as compared to RIS-free cases for all values of
the decreasing power threshold, since the RIS free case has less efficient propagation in the complex 6G
mmWave environment. Parameters: 10-40 dBm (transmission power) (see figure 4) , Urban
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(environment) NLOS (mmWave) and derived from a sigmoid approximation of SNR threshold
probabilities based on an empirically adjusted model

Model Accuracy vs. Number of Measurement Points
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Fig. 5. Model Accuracy vs. Number of Measurement Points

This indicates that as the quantity of data grows, so does the precision of the model (see figure 5). In
addition, it has been shown that deep learning and hybrid statistical models outperform geometric or ray
trace-based models when there are many samples available and therefore, as the sample size grows, there
will be an increasingly significant advantage for a data-driven method to capture the complex dynamics
of mmWave propagation.

Simulation Parameters: The RMSE was evaluated for the 6G mmWave urban microcell model; Sample
range = 50 to 1600 points; A Feed Forward Neural Network (NN) was used for Deep Learning; Dropout
=.3; Learning Rate = .001; GBSM is configured for fixed cluster sizes.
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The graph illustrates the attenuation caused by common materials at mmWave frequencies. Building
construction materials (such as concrete and bricks, see Figure 6) produce the most signal loss and while
glass and wood create less signal loss than these building materials, they exhibit attenuation levels
comparable to those caused by the human body. However, the human body is much smaller than each of
those materials. The simulation was conducted at 28 GHz, in an indoor setting using simulated data for
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mmWave propagation data. All the materials were modeled with a uniform thickness of 15cm and the
loss characteristics were taken from referenced sources : ITU & NYUSIM.

Angular Spread vs. Frequency
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Fig. 7. Angular Spread vs. Frequency

It shows the reduction in angular spread with increasing frequency as the multipath diversity decreases at
high bands. The NLOS Indoor case has the greatest angular spread due to the multipath reflections. The
rooftop to the street link also had a similar, but less wide spread, so it indicates that there is more
directivity, which supports the use of narrow beams for a mmWave system (see Figure 7).

Simulation Parameters: Frequencies varied between 10 GHz to 73 GHz, angular spread was determined
by the RMS spread of the standardized multipath profile environments using RMS spread metrics; the
scenarios were based on the ITU-R and 3GPP TR 38.901 environment models.
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Fig. 8. Channel Capacity vs. Bandwidth

The figure illustrates how a wider bandwidth increases the channel capacity under different propagation
regimes. As compared to the other models, NYUSIM produces an average throughput that is greater for
the multipath and delay profile characteristics. The other two models (stochastic and standardized 3GPP,
see Figure 8) produce conservative averaged results. Results highlight the need for careful selection of
the model when evaluating capacity.
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Simulation assumptions: SNR = 20 dB, single user downlink, channel is ideal; spatial multiplexing is
possible with all models; Bandwidths range from .5 to 5 GHz

Delay Spread vs. Environment Type
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Fig. 9. Delay Spread vs. Environment Type

Comparison of RMS Delay Spreads as Shown in Figure 6. The worst-case delay spread due to reflections
and scatterings (indoor mall) does not occur as a result of the high dispersion that occurs indoors (office).
This information will be useful when designing receiver structures and when developing channel
equalizers for mmWave systems.

Simulation parameters: Measured data were simulated with a frequency of 28 GHz; A LOS / NLOS mix
was used; Sampling interval = 1 ns; Results averaged over 100 measurement points each in the three
environments (see figure 9).
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Fig. 10. CDF of Signal Power for LOS vs. NLOS

The figure shows the cumulative distribution of measured signal power for LOS (Line-of-Sight) and
NLOS (Non-Line-of-Sight). The data indicates that LOS has a higher concentration of strong signal power
and the NLOS is more dispersed by both power and has greater loss, which reduces the reliability of urban
millimeter wave deployments (see Figure 10).

Simulation Parameters: LOS: mean = -60 dBm, standard deviation = 4 dB; NLOS: mean = -80 dBm,
standard deviation = 6 dB; 1,000 samples/condition; Frequency = 28 GHz.
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Heatmap of BER or Path Loss in Urban Grid
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Fig. 11. Heatmap of BER or Path Loss in Urban Grid

The next heat map that will be presented shows a view of an urban area of 100 m x 100 m of block-level
climate behavior. The high-loss regions represent areas where the obstacle blocks the signal, while the
low-loss areas represent the enhancements of the RIS (Figure 11). The RIS can provide visual guidance
on where to place the intelligent surface or relay node in mmWave systems.

Simulation parameters: grid size = 100 x 100 meters; center blockage effect = uniform noise x 15 dB;
RIS gain centered at (70,30) ; base path loss calculated from log-distance model centered at (50,50).
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The above graph illustrates a trade-off between modeling accuracy and inference time for different
mmWave propagation models. The ray tracing technique in this study provides the highest model
accuracy and, therefore the best model performance at the expense of being the most computationally
intensive (Figure 12). In contrast, the ML-based techniques offer the least computational overhead (and
thus are most suitable for real-time applications) and have a very close to optimal model performance.
Simulation Parameters: Ray Tracing = 10 s / 2 dB error; Statistical =2 s/ 4 dB; GBSM =1 s/ 6 dB; ML-
based = 0.5 s / 3.5 dB; synthetic performance mapping based on normalized benchmark conditions.
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The matrix is a visual representation of the RMSE (Root Mean Squared Error) for models that are trained
in one environment but tested in other environments. The matrix shows that significant differences in
environments can cause a decrease in the ability of a model to perform well when transferred to an
environment that it has never seen before; most notably, when transitioning from an indoor environment
to an outdoor environment (see figure 13). This supports the need for propagation models to be either
adaptable or aware of their operating environment.

Model Evaluation Parameters: RMSE in dB, Synthetic Matrix of Urban, Suburban, Indoor, and Mall
Environments; Evaluated using 1000 synthetic measurements per pair with the same model architecture.

4 Results

The output from the simulation provided an overview of how well current mmWave channel models
performed against each other in the primary wireless communication metrics. It was found that both Friis
and COST-231 overestimated or underestimated the distance-dependent loss for the LOS scenario and
the NLOS scenarios, respectively, whereas the new models such as NYUSIM and 3GPP TR 38.901,
performed better for the NLOS environment. A comparison between RSS versus frequency measurements
revealed extreme loss in RSS in dense urban and indoor environments at frequencies above 60 GHz,
which further validated the need for situation-aware frequency selection. Significant increases in coverage
probability were seen with the use of RIS and Al-aided routing to overcome the limitations of blockages
and the poor coverage characteristics of mmWaves. More measurement points improved the accuracy of
the propagation modelling in particular for DBL and HSM. Urban environment dependent block off loss
identified the human body and concrete as the major attenuators for a given urban environment, and also
confirmed channel capacity increases with bandwidth, especially when utilizing multiple input/multiple
output (MIMO) antennas. Also, delay spread and angular spread provided an indication of how the urban
environment will distort the received signal due to its multipath characteristics at both frequency and
environmental levels. The cumulative distribution function (CDF) of the received signal power indicated
the LoS is far more reliable than NLoS conditions. Heat maps were utilized to illustrate the areas within
the urban geometry that exhibit decreased system performance. Finally, cross-environment generalization
studies illustrated the balance between the determinism of ray tracing models and their ability to be
generalized across environments compared to statistically based models.

5 Conclusion

We have carried out a critical review of existing mmWave propagation models to evaluate how effectively
they may be used in 6G wireless communication systems. By comparing the classical, empirical,
deterministic and Al models, which include path loss, signal reliability, and coverage probability for
signal transmission in different environments, this study demonstrated the advantages and disadvantages
of each model with respect to their application in various environments. Ultimately, the results of the

10
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research indicated that while the older models provided sufficient results in terms of both accuracy and
flexibility in LOS (line-of-sight), the newer models (such as NYUSIM and Deep Learning frameworks)
are better than older models in providing improved results for both accuracy and flexibility in NLOS
(non-line-of-sight) and Urban environments. Coverage and robustness were significantly improved using
RIS and Al-assisted routing techniques. Scalability of models, run time trade-offs, and environmental
transferability will require future networks to be designed as network-centric services that are aware of
their environment. Visualizations clearly show that there must be hybridization & intelligence added to
the propagation modelling to address the numerous challenges of 6G. Future work can focus on
developing adaptive models in real time and online analytics using current instantaneous spectrum and
network conditions.
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