Special Topic | Channel Knowledge Maps for 6G Wireless Networks: Construction, Applications, and Future Challenges

LIU Xingchen, SUN Shu, TAO Meixia, Aryan KAUSHIK, YAN Hangsong

Channel Knowledge Maps for 6G Wireless

Networks: Construction, Applications, and

Future Challenges

LIU Xingchen', SUN Shu', TAO Meixia', DOI: 10.12142/ZTECOM.202502006

Aryan KAUSHIK?, YAN Hangsong®

(1. School of Information Science and Electronic Engineering, Shanghai
Jiao Tong University, Shanghai 200240, China;

2. Department of Computing and Mathematics, Manchester Metropoli-
tan University, Manchester M1 5GD, UK;

3. Hangzhou Institute of Technology, Xidian University, Hangzhou 311231,
China)

https://kns.cnki.net/kecms/detail/34.1294.TN.20250517.1809.002.html,
published online May 18, 2025

Manuscript received: 2025—-04-09

Abstract: The advent of 6G wireless networks promises unprecedented connectivity, supporting ultra-high data rates, low latency, and mas-
sive device connectivity. However, these ambitious goals introduce significant challenges, particularly in channel estimation due to complex
and dynamic propagation environments. This paper explores the concept of channel knowledge maps (CKMs) as a solution to these chal-
lenges. CKMs enable environment-aware communications by providing location-specific channel information, reducing reliance on real-time
pilot measurements. We categorize CKM construction techniques into measurement-based, model-based, and hybrid methods, and examine
their key applications in integrated sensing and communication (ISAC) systems, beamforming, trajectory optimization of unmanned aerial ve-
hicles (UAVs), base station (BS) placement, and resource allocation. Furthermore, we discuss open challenges and propose future research di-

rections to enhance the robustness, accuracy, and scalability of CKM-based systems in the evolving 6G landscape.

Keywords: channel knowledge map; channel modeling; wireless communication; 6G

Citation (Format 1): LIU X C, SUN S, TAO M X, et al. Channel knowledge maps for 6G wireless networks: construction, applications, and fu-
ture challenges [J]. ZTE Communications, 2025, 23(2): 46 - 59. DOI: 10.12142/ZTECOM.202502006

Citation ((Format 2): X. C. Liu, S. Sun, M. X. Tao, et al., “Channel knowledge maps for 6G wireless networks: construction, applications, and fu-
ture challenges,” ZTE Communications, vol. 23, no. 2, pp. 46 = 59, Jun. 2025. doi: 10.12142/ZTECOM.202502006.

1 Introduction
he advent of 6G wireless networks promises to revolu-
tionize connectivity by enabling ultra-high data rates,
ultra-low latency, massive device connectivity, and

131 However, these ambitious

pervasive intelligence
performance targets come with significant challenges. The in-
creasing density of devices and network nodes™, along with
the deployment of large-scale antenna arrays' and the utiliza-
tion of higher frequency bands'®, such as millimeter wave
(mmWave) and terahertz (THz), leads to highly complex propa-
gation environments. In such scenarios, traditional channel es-
timation methods, primarily based on extensive pilot training,
are rapidly becoming inefficient, as they struggle to cope with
the increased channel dimensions and dynamic variability in
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the environment”. At the same time, the wealth of diverse en-
vironmental data and the rapid evolution of artificial intelli-
gence techniques offer unprecedented opportunities to rethink
how wireless channels are characterized and managed'®.

To address these challenges, researchers have proposed
novel approaches that leverage both environmental informa-
tion and advanced data analytics to enhance channel state in-
formation acquisition. One promising paradigm first intro-
duced in Ref. [9] is the channel knowledge map (CKM), a site-
specific database that links geographical locations to detailed
channel parameters. By exploiting the spatial consistency in-
herent in wireless propagation, CKMs enable networks to infer
channel characteristics based on location data, thereby reduc-
ing the dependency on real-time, high-overhead pilot measure-

ments'*

"I This innovative concept not only promises to alle-
viate the challenges posed by dense and dynamic 6G environ-
ments but also paves the way for proactive and predictive com-
munication strategies that can significantly enhance network

performance.
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A CKM can be classified into different types based on the
scope and granularity of channel knowledge it provides. Some
CKMs focus on large-scale channel characteristics, such as
path loss and shadowing, which are primarily influenced by
terrain and urban structures. Others capture small-scale fad-
ing properties, including multipath effects characterized by pa-
rameters like the angle of arrival (AoA), the angle of departure
(AoD), time delay, and the Doppler shift. Additionally, CKMs
can be categorized based on their coverage range, such as BS-
to-any (B2X) CKM, which maps the channel characteristics
from a given BS to any receiver within a coverage area, and
any-to-any (X2X) CKM, which generalizes channel relation-
ships among arbitrary locations.

The construction of CKMs generally falls into three broad
approaches: measurement-based methods, model-based meth-
ods, and hybrid data-model approaches. Measurement-based
methods rely on empirical measurements and employ spatial
interpolation techniques, including the nearest-neighbor inter-

12 and geostatistical methods like Kriging!". In con-

polation
trast, model-based methods use well-established propagation
models, including empirical formulas (e.g., COST-231 Hata"*))
and deterministic ray tracing"”. To address the limitations of
both approaches, hybrid methods combine model predictions
with real-world measurements, often leveraging advanced ma-
chine learning techniques such as deep neural networks and
generative adversarial networks (GANs) to enhance CKM ac-
curacy and adaptability.

Based on the provided image, the key idea behind CKM is
not just about specific applications but rather a paradigm shift
in wireless communication towards environment-aware com-
munications. Fig. 1 illustrates this transformation based on
two examples from Ref. [9], by comparing conventional
location-based or probabilistic channel modeling with environ-
ment knowledge. In Fig. 1a, CKM enables improved path loss
prediction by considering environmental obstructions, rather
than relying solely on distance-based models. In Fig. 1b, it en-
hances beamforming by incorporating environment knowl-
edge, allowing for more accurate signal directionality and
avoiding obstacles that would otherwise degrade communica-
tion performance.

This article is structured as follows. Section 2 introduces
the fundamental concepts of CKMs, including their defini-
tions, core principles, and roles in enabling environment-
aware communications in 6G networks. Section 3 discusses
CKM construction techniques, categorized into measurement-
based, model-based, and hybrid data-model approaches, high-
lighting their methodologies and trade-offs. Section 4 explores
key applications of CKMs, such as localization and sensing
systems, trajectory optimization, beamforming and BS place-
ment. Section 5 discusses open challenges and outlines future
research directions and the transformative potential of CKMs
in next-generation wireless systems. Section 6 concludes this
article with a summary of the current state of CKM research,

emphasizing its potential to revolutionize wireless communica-
tions by enabling proactive, environment-aware systems and
addressing the challenges that lie ahead in the rapidly evolv-
ing 6G landscape.

2 Fundamental Concepts of Channel Knowl-

edge Map

A CKM is a channel knowledge database associated with
specific geographical locations, which is constructed to pro-
vide region-specific or location-specific channel information,
thereby enhancing the understanding of the wireless propaga-
tion environment. Mathematically, a CKM can be defined as a
function that maps a location vector ¢ € R” to a channel
knowledge vector z € C’, where g represents the location of
the transmitter and/or receiver, and z the relevant channel
knowledge.

M:R” — (1).

This knowledge may include, but is not limited to, path
gain, multipath propagation parameters (such as AoA, AoD,

0
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Beamforming based on environment knowledge

<« Beamforming based on user location

(b)

Figure 1. Illustration of environment knowledge enabled by channel
knowledge map™': (a) path loss prediction and (b) beamforming

ZTE COMMUNICATIONS | 47
June 2025 Vol. 23 No. 2



Special Topic | Channel Knowledge Maps for 6G Wireless Networks: Construction, Applications, and Future Challenges

LIU Xingchen, SUN Shu, TAO Meixia, Aryan KAUSHIK, YAN Hangsong

delay, and Doppler shifts), and the complete channel im-
pulse response.

Intuitively, the environmental awareness capability of CKM
is derived from the fundamental observation that when a de-
vice revisits a previously accessed location, it experiences a
wireless propagation environment that is highly similar to the
past. By fully utilizing the trajectory information of devices
and surrounding environmental data, CKM can significantly
reduce channel uncertainty, thereby enabling more accurate
channel inference and effective communication strategies.

2.1 Channel Modeling in a Given Region
In a specific geographical area, the wireless propagation
channel z(t) is fundamentally a function of the device’s posi-

tion ¢ (¢) and the surrounding wireless environment £ (¢ ):

(1) =f(q(1).E(1)) (2),
where E(t) represents the propagation environment, which
consists of both static and dynamic components. The static en-
vironment includes terrain, building structures, and material
properties, while the dynamic environment accounts for mov-
ing objects such as vehicles and pedestrians. However, due to
the complex interactions between electromagnetic waves and
the surrounding environment, deriving the function f( -, )
analytically is extremely difficult. Additionally, representing
the environment E(t) in a mathematically tractable form is
non-trivial due to its high-dimensional and dynamic nature.

To overcome these challenges, CKM leverages historical
data to model channel knowledge without requiring an explicit

expression of the function f( +, - ) or the environmental rep-
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resentation E(t). In a quasi-static environment, where E (1) =~
E, the channel can be rewritten as:

z(1)=f(q(1).E) (3).

By collecting a set of historical location data {q,,q,,"*,q,}
and their corresponding channel knowledge {z,z,,:+,2,},
CKM can model the environment as:

E= g(‘]i =100 %0 = l,~~,0) (@),

which enables the inference of location-specific channel
knowledge based on prior measurements.

Fig. 2 illustrates CKM construction for a specific geo-
graphic area, using the calculation result of Wireless Insite, a
widely used ray tracing simulation software. Fig. 2a shows the
root mean square (RMS) delay spread, which reflects how ob-
stacles, for example, buildings, influence multipath propaga-
tion. In areas with dense buildings or structures, the signal ex-
periences multiple reflections and scattering, leading to
higher delay spread. Conversely, open areas with fewer ob-
structions result in lower delay spread, indicating less interfer-
ence and multipath. These variations in delay spread are pri-
marily due to the distribution and density of obstacles, which
affect how signals propagate across the area. Fig. 2b presents
the received power distribution, demonstrating how environ-
mental factors contribute to signal attenuation. Regions with
dense buildings show higher attenuation due to diffraction and
reflection, leading to lower received power. On the other hand,
open areas with fewer obstacles allow the signal to propagate
more freely, resulting in higher received power. Together,
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Figure 2. Example of channel knowledge map representation in a given region: (a) RMS delay spread map and (b) received power map
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these visualizations highlight how the distribution and arrange-
ment of obstacles significantly affect both the delay spread
and received power, illustrating the spatial consistency of wire-
less channels.

2.2 Advantages and Challenges of CKM over Traditional
Communication Methods

Compared with conventional environment-agnostic commu-
nications, CKM offers several advantages by providing
location-aware channel knowledge. Firstly, by leveraging pre-
stored historical data, CKM significantly reduces the reliance
on real-time channel estimation, minimizing training overhead
and improving spectral efficiency. Also, by integrating both lo-
cation and environmental information, CKM improves the ac-
curacy of channel knowledge inference, particularly in com-
plex propagation environments and ultra-dense network de-
ployments. Furthermore, CKM enhances network robustness
and adaptability by enabling proactive communication strate-
gies. Traditional wireless systems reacting to real-time chan-
nel variations often lead to inefficiencies in mobility manage-
ment and resource allocation. In contrast, CKM allows net-
works to anticipate channel conditions based on environmen-
tal awareness, facilitating preemptive beam adjustments, intel-
ligent handovers, and optimized power control.

However, it is important to note that the effectiveness of
CKM in mobile scenarios depends on its ability to continu-
ously update and adapt to real-time conditions. Although
CKM reduces the need for frequent real-time pilot measure-
ments, it still requires periodic updates to maintain its accu-
racy, especially in highly dynamic environments with rapid de-
vice movement. This introduces the challenge of balancing the
trade-off between maintaining real-time accuracy and reduc-
ing the overhead associated with constant updates. In some
cases, the accuracy of CKM may be lower than that of tradi-
tional real-time channel estimation, particularly in rapidly
changing environments where instantaneous channel state in-
formation is crucial. Therefore, while CKM improves effi-
ciency by reducing the reliance on frequent channel estima-
tions, its accuracy may not always surpass that of traditional
systems, especially when the propagation environment under-
goes significant and rapid changes.

Nevertheless, CKM can outperform traditional real-time
channel estimation in scenarios where efficiency and resource
optimization are critical, such as in large-scale networks or in
environments where real-time measurements are expensive or
impractical. Moreover, integrating CKM with real-time data
through adaptive learning mechanisms or sensor fusion tech-
niques could enhance its accuracy, allowing it to approach the
performance of real-time estimation in dynamic environments.

2.3 Role of CKM in 6G Environment-Aware Communications
In summary, CKM leverages spatial consistency and histori-
cal channel knowledge to provide an efficient and scalable so-

lution to 6G wireless communications. Transitioning from
environment-agnostic communication to environment-aware
communication, CKM represents a paradigm shift in how chan-
nel knowledge is acquired and utilized. This novel approach
lays the foundation for proactive and predictive communica-
tion strategies, ultimately improving the efficiency and robust-
ness of next-generation wireless systems.

3 CKM Construction

3.1 Measurement-Based CKM Construction

Measurement-based methods for CKM construction rely en-
tirely on empirical measurements to estimate channel charac-
teristics across a given region. These methods utilize interpola-
tion and regression techniques to infer the channel parameters
at unmeasured locations, assuming spatial correlation in the
wireless propagation environment. By avoiding explicit propa-
gation models, these approaches capture real-world channel
variations more effectively. For instance, Kriging interpolation
has been widely used to create channel maps by incorporating
[13]

spatial correlations in measurement data Similarly, k-
nearest neighbor (KNN) methods have been applied to esti-
mate channel conditions at unmeasured points based on the
nearest available measurements''®.

Relying on real-world data rather than theoretical models,
measurement-based CKMs can more accurately reflect actual
conditions in a given environment. However, the success of
these systems depends on the density and quality of measure-
ment data, as well as the ability to effectively interpolate or ex-
trapolate that data to areas not directly measured. Some stud-
ies have demonstrated the effectiveness of these methods in ur-
ban and rural environments, but challenges remain in areas
with sparse or highly variable data"?.

1) KNN interpolation

KNN interpolation is a simple yet effective approach to esti-
mating unknown channel values in a CKM. Given a target lo-

cation q,, the estimated channel know]edgef(qo) is computed
as a weighted average of the k-nearest known measurements
z): f(qo) =>ke /\/(qo)wkzk, where ./\/(qo) is the set of £k
nearest measurements based on the smallest Euclidean dis-

, and w, is the weight assigned to each measure-

tance | qo — q;
ment. The weight can be determined using the inverse dis-
tance weighting (IDW) rule, where closer measurements con-
tribute more significantly to the estimate. Alternatively, a ker-
nel function can be used to define w,, such as the Gaussian

kernel: w(qo,qk) =c- exp( - |q0 - q, |/0'), or the Laplacian
kernel: w(qo,qk) =c- exp( - |q0 - q,{|/0'). These kernel

functions ensure a smooth interpolation by emphasizing the in-
fluence of nearby measurements while reducing the contribu-
tion of distant points.

2) Kriging interpolation

Kriging is a geostatistical interpolation method that esti-
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mates unknown channel values based on spatially correlated

measurementsm" 1

, providing an optimal linear unbiased pre-
diction. Unlike simple interpolation techniques, Kriging lever-
ages the spatial structure of the data through the semivario-
gram, which describes the degree of correlation between two
points as a function of their separation distance. Given a set of

known measurement locations {q,,z;}, Kriging estimates the

N

channel value at an unknown location ¢ as:f(q) = z)tizi +
=

Ay where A; is the interpolation weights chosen to minimize

the mean squared error (MSE), and A, is a bias term to ac-

count for the mean of the underlying random process. The

weights are computed by solving a linear system derived from

the semivariogram function: ‘y(qi, ‘I_,-) = %E[(zi _ z_f)z:',

which captures how the variance of channel measurements
evolves with distances. This enables Kriging to make statisti-
cally sound predictions with quantified uncertainty.

Kriging is widely applied in CKM construction to develop

81 which capture spatial variations in inter-

interference maps
ference power. By interpolating interference measurements
from multiple devices, these maps support interference-aware
resource allocation, allowing networks to optimize transmis-
sion parameters and minimize co-channel interference. Simi-

larly, shadowing maps generated via Kriging''”!

model large-
scale signal fluctuations caused by environmental obstruc-
tions. In cognitive radio networks, they help secondary users
estimate interference from primary users for efficient spectrum
access. In heterogeneous networks, they aid coverage predic-
tion and power control, improving communication reliability.
Through these applications, Kriging enhances environment-
aware CKM construction, enabling more adaptive and intelli-
gent wireless systems.

3) Matrix completion

Matrix and

tensor completion

techniques are powerful tools for

nuclear norm minimization) incorporate additional factors
such as frequency and time, enhancing CKM’ s predictive ca-
pabilities. These techniques enable efficient CKM updates,
dynamic channel estimation, and resource allocation, making
them valuable for real-world wireless systems with limited
measurement availability.

4) Other methods

Radial basis function (RBF) interpolation'™' is a widely ap-
plied technique that estimates unknown channel values by fit-
ting a smooth function to known measurements, ensuring spa-
tial continuity in CKM. Gaussian process regression models
the channel as a Gaussian process with a spatial covariance

24-21 " broviding both predictions and uncertainty

function
quantification, which makes it particularly useful for adaptive
measurement strategies. Thin plate splines interpolation is an-
other effective approach that minimizes bending energy to pro-

.6
duce smooth surface reconstructions

, capturing gradual
variations in channel characteristics. These methods enhance
the accuracy of CKM, especially in cases where channel mea-
surements are spatially correlated but unevenly distributed.

Fig. 3 compares the performance of several measurement-
driven methods for constructing CKMs, using the received
power map shown in Fig. 2b as an example, which is gener-
ated by Wireless Insite. The comparison is based on the root
mean square error (RMSE) between the predicted CKM and
the ground truth values. The methods evaluated include the k-
nearest neighbor, Kriging, matrix completion using alternating
least squares and nuclear norm minimization, radial basis
function, thin plate splines, and Gaussian process regression.
The x-axis represents the sampling rate, which influences the
amount of data used for interpolation, while the y-axis shows
the RMSE, indicating prediction accuracy.

KNN and Kriging are intuitive and widely used but may suf-

constructing CKMs when channel g 035
measurements are sparse or incom- =
plete® ?2 These methods leverage §D 030
the low-rank structure of wireless El
channel data to infer missing values, = 025
reducing the need for extensive mea- et
surements while maintaining accu- ﬁ 0.20
racy. In CKM construction, the chan- g

nel knowledge across a region can £ 015
be represented as a  matrix £

Z € R"*", where missing entries = 0.10
are estimated using matrix comple- % ’

—i— K-nearest neighbor
Kriging
—i— Matrix completion (alternating least square)
—8— Matrix completion (nuclear norm minimization)
—#— Radial basis function
—¥— Thin plate splines
= Gaussian process regression

tion methods like nuclear norm mini-
mization and alternating least
squares. When extended to multi-
dimensional data, tensor completion
methods  (for

example,  tensor
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Figure 3. Comparison of measurement-driven CKM construction methods
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fer from limited accuracy when measurement data are sparse
or highly variable. Matrix completion methods effectively
handle missing data but rely on low-rank assumptions that
may not always hold. RBF and thin plate splines offer smooth
interpolation, with the latter showing consistently low RMSE
across sampling rates in Fig. 3. Gaussian process regression
provides accurate predictions with uncertainty estimates but is
computationally more demanding. The choice of interpolation
and regression methods should consider both accuracy require-
ments and computational cost in practical CKM applications.

It is important to note that these results are based on a spe-
cific example case, and the performance of these methods may
vary depending on various factors, such as the type of CKM,
the environmental conditions (e.g., the distribution of build-
ings), and the specific locations of transmitters and receivers.
Therefore, the selection of the appropriate method should be
carefully considered based on the particular characteristics of
the environment and network setup in practice.

3.2 Model-Based CKM Construction

Model-based CKM established
propagation models to derive channel characteristics from
Unlike

measurement-driven approaches that require extensive mea-

construction utilizes

environmental and  systematic  parameters.
surements, model-based methods use theoretical formula-
tions to predict channel conditions at different locations.
These methods can be broadly categorized into statistical
and deterministic channel models, with the latter primarily
relying on ray tracing techniques.

1) Statistical model

Statistical channel models describe the wireless channel us-
ing probabilistic distributions derived from empirical observa-
tions and theoretical analysis. These models capture large-
scale and small-scale fading effects, allowing CKM construc-
tion based on generalizable statistical properties rather than
site-specific measurements.

For large-scale channel variations, path loss models, such
as the COST-231 Hata"" and Okumura models®”, estimate the
average signal attenuation as a function of distance, fre-
quency, and environmental factors. These models provide a
coarse representation of CKM, making them suitable for initial
coverage predictions in urban and suburban environments.
Shadowing models, e.g., the log-normal shadowing model®,
account for signal fluctuations due to obstructions, incorporat-
ing randomness into path loss predictions.

More advanced models consider the distribution of environ-
mental factors, such as building density, height, and urban lay-
out, to refine path loss predictions. The Walfisch-Bertoni
model®' incorporates diffraction and reflection effects in
dense urban environments, adjusting signal attenuation param-
eters based on the presence of obstacles. Similarly, recent
studies have introduced geometry-based stochastic models,
which approximate line-of-sight (LoS) and non-line-of-sight

(NLoS) probability in urban environments by considering the
statistical distribution of buildings and their impact on signal
propagation®”. These models reveal that the density and spa-
tial distribution of buildings significantly impact signal behav-
ior. Another approach extends stochastic probability models to
air-to-ground (A2G) communications, analyzing LoS, ground
specular, and building-scattering paths based on urban topol-

[31]
ogy” .
been developed to study spatial channel characteristics in ur-

Furthermore, sub-terahertz statistical models have

ban microcells, focusing on spatial clustering and power distri-
butions at high frequencies™.

For small-scale fading, Rayleigh and Rician fading models
describe the rapid variations in received signal strength
caused by multipath propagation'™ %!, Rayleigh fading is com-
monly used in rich-scattering environments with no dominant
LoS component, while Rician fading accounts for a strong LoS
path. These models enable CKM construction that reflects the
statistical behavior of fading effects, which is crucial for evalu-
ating signal reliability in dynamic wireless environments.

While statistical models provide a computationally efficient
means of CKM construction, they lack site-specific accuracy,
as they rely on general assumptions rather than precise envi-
ronmental information. As a result, they are often comple-
mented by deterministic models that incorporate real-world
physical conditions.

2) Deterministic model

Deterministic models predict wireless channel characteris-
tics based on the physics of electromagnetic wave propagation,
making them inherently environment-aware. These models in-
corporate detailed environmental features such as building lay-
outs, vegetation, and material properties to accurately capture
wave interactions, including reflection, diffraction, and scatter-
ing. Prominent deterministic approaches include ray tracing'"!
and finite-difference time-domain (FDTD) simulations™, both
of which approximate solutions to Maxwell’ s equations. Ray
tracing is commonly used due to its high-frequency approxima-
tion capabilities, whereas FDTD provides more precise but
computationally intensive solutions based on discretized Max-
well’s equations™®,

The distribution of buildings within a given environment
significantly influences the accuracy of these deterministic
models. For instance, ray tracing simulates the paths of elec-
tromagnetic waves by modeling interactions with environmen-
tal features. The placement, density, and geometry of build-
ings directly affect the reflection, diffraction, and scattering
events considered in ray tracing simulations. Variations in
building distribution can lead to significant differences in
predicted signal paths, affecting the reliability of communica-
tion systems.

By leveraging precise environmental and electromagnetic
characteristics, deterministic models offer highly accurate

37-39 .
[ ! Recent advancements, such as im-

[40]
2

path loss predictions
proved geometric and material characterization techniques
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have further enhanced model accuracy by reducing discrepan-
cies between simulations and real-world measurements. How-
ever, a key challenge of deterministic models is their computa-
tional complexity, which makes large-scale, real-time applica-
tions difficult.

Several ray-based simulation methods have been devel-
oped to improve efficiency, including shooting and bouncing
ray (SBR)*"and vertical-plane-launch (VPL)“2, Additionally,
advanced techniques like intelligent ray tracing (IRT)* pro-
vide further acceleration, making deterministic modeling
more feasible for CKM construction. Despite their computa-
tional demands, these models remain crucial for site-
channel prediction in next-

specific, high-accuracy

generation wireless networks.

3.3 Measurement-Model Hybrid CKM Construction

Hybrid CKM construction methods integrate measurement-
driven techniques and theoretical propagation models to im-
prove accuracy and efficiency. These approaches leverage the
strengths of both paradigms. Measurement-driven methods uti-
lize machine learning to extract patterns from measurements,
while model-based methods incorporate physical constraints
to ensure consistency with wireless propagation principles. Re-
cent research in this field has focused on two primary strate-
gies for hybrid CKM construction.

1) Computer vision approach

One major trend in hybrid CKM construction is leveraging
computer-vision-based deep neural networks to process environ-
mental and sparse measurement data as multi-channel inputs,
treating CKM construction as an image-to-image translation
task. This approach enables the extraction of spatial features
from diverse data sources, including transmitter-receiver loca-
tions, building distributions, and limited channel measurements.

Computer-vision-based approach integrates 3D building
maps, environmental features, and sparse channel measure-
ments as multi-channel inputs into neural networks, allowing
models to infer missing channel information and construct ac-
curate CKMs. A widely used framework is RadioUNet!**],
which extends the U-Net architecture by incorporating
measurement-assisted inputs alongside environmental maps,
improving prediction accuracy. Similarly, models such as
EME-Net®! and ACT-GAN"' refine CKM predictions by le-
veraging deep neural networks trained on transmitter positions
and building layouts. These architectures enhance generaliza-
tion by learning structural patterns in radio maps while adapt-
ing to different urban environments. Subregional learning tech-

W offer additional benefits by segmenting the channel

niques
gain map into subregions and applying specialized models to
each, which is particularly effective in complex environments
where traditional models struggle. These techniques allow for
more accurate predictions by addressing regional propagation
characteristics more effectively.

GAN-based models, such as SS-GAN"¥and RME-GAN™!,

52 | ZTE COMMUNICATIONS
June 2025 Vol. 23 No. 2

have also demonstrated significant improvement in CKM con-
struction by generating realistic channel maps from incom-
plete data. For instance, the two-stage framework™ first uses
a radio map prediction GAN (RMP-GAN) to generate coarse
radio maps based on environmental data, which are then re-
fined with sparse measurement data through a correction GAN
(RMC-GAN). This approach is highly relevant for CKM con-
struction as it corrects predictions based on real-time measure-
ments, reducing inaccuracies typically found in traditional
models. These adversarial learning techniques effectively en-
hance CKM accuracy, even in scenarios where building infor-
mation is incomplete or transmitter locations are unknown.

Additionally, hybrid architectures incorporating variance
prediction and uncertainty modeling have gained traction. A
notable example is the dual-UNet framework”™", where two
separate but identical U-Net models are trained in parallel:
one to estimate received signal strength (RSS) values and the
other to predict variance maps that quantify uncertainty. This
design allows CKM construction to incorporate confidence lev-
els in its predictions, making it more robust to missing or inac-
curate input data. Studies on Gaussian-based modeling® !
further highlight the importance of integrating statistical un-
certainty into deep learning-based CKMs, particularly for ur-
ban and indoor wireless environments.

Overall, computer vision-driven CKM construction methods
shown in Table 1 provide flexible, data-efficient alternatives
to conventional interpolation and model-based techniques. By
integrating spatial, spectral, and temporal information, these
architectures enable highly accurate, scalable, and real-time
CKM generation, paving the way for intelligent wireless net-
work optimization.

2) Calibrated ray tracing

Calibration using real-world measurements has become a
key research focus to improve ray tracing performance, since
the precise environmental parameters, such as material per-
mittivity, reflection coefficients, and scattering effects, are dif-
ficult to obtain. Several techniques have been developed to re-
fine material properties, incorporate diffuse scattering effects,
and adjust propagation parameters based on empirical data.

One common calibration strategy is tuning material proper-
ties using real-world measurements. In Ref. [54], the relative
permittivity of materials in urban microcell (UMi) environ-
ments at 28 GHz was fine-tuned, reducing errors in path loss
estimation. Similarly, a linear interpolation approach was
used in Ref. [55] to estimate the dielectric constant of con-
crete at 28 GHz based on measured values at 5.2 GHz and
60 GHz, ensuring more accurate reflection loss modeling.
Additionally, empirical ray tracing models have been vali-
dated against 73 GHz street canyon measurements, refining
reflection loss calculations based on the incident angle®.

Another key challenge in ray tracing is capturing diffuse scat-
tering effects, which become significant at mmWave and THz
frequencies. Calibration against 28 GHz urban directional chan-
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Table 1. Overview of computer vision based CKM construction models

Model Name CKM Type Key Approach Main Features
* Uses city map and transmitter location as input to estimate radio maps

RadioUNet'*! CGM U-Net (CNN-based) * Incorporates physical simulation data for training
« Utilizes transfer learning to adapt simulated data to real-life scenarios

EME-Net Indoor RF-EMF U-Net (CNN-based) . Fou'r input chilnr{els (red, gr'een,. blue, fll[?hz?) represen}ing received power intensity

exposure Map * Trained on Wi-Fi access points in realistic indoor environments
¢ Three input channels representing 3D building maps, transmitter locations, and environ-
mental features
4 GAN (with ACT block, CBA mod- . .
ACT-GAN!! CGM (i o¢ me * Trained on sparse channel measurements and environmental data from urban areas

ule and T-Conv block)

* Robust performance in scenarios with sparse discrete observations and unknown emission

sources

. q q * Divides the map into subregions using a measurement -driven clustering approach
Subregional learning-

based CGM“" CGM MCNN-1D * Input channels: spatial coordinates of BS and sample points, and channel gain
ased CG.
¢ Trained on simulated channel data from a target area
RF dint * Two input channels: RF coverage data and geographic data (elevation and building height)
coverage and inter-
SS-GAN' & GAN * Trained on 4G LTE real-world data
ference map . . -
* Uses sparsely self-supervised learning for weak supervision
* Two-phase framework: Phase 1 integrates radio propagation models, Phase 2 captures lo-
cal shadowing effects
RME-GAN'™! CGM c¢GAN * Trained on sparse RF measurements from 700 radio maps, including data from various ur-
ban regions like Ankara, Berlin, and Tel Aviv
« Inputs: sparse observations, transmitter locations, and urban maps
* Training data comes from real-world measurements and environmental information (e.g.,
RMP-GAN transmitter positions, obstacle heights, etc.)
FPTC-GANs™" CGM RMC CAN’ * Inputs: transmitter positions, obstacle top views, and empirical radio map
* First-predict-then-correct approach (RMP-GAN for initial prediction, RMC-GAN for cor-
rection)
GAN-CRMES! COM cGAN . InplAns: distributed RS? samp!es and geographical map ' A
* Trained on a dataset with RSS samples and geographical map information
« Inputs: signal strength measurements, 3D map of the environment (urban)
Ssgpis? oM U-Net . Trair'ling data: sig}lal strength data general'ed using wireless InSite ray-tracing software
from simulated environments (45 urban environments)
* The model does not require transmitter location or statistical channel models
* Inputs: building height maps, building layout maps, and LoS maps
REM-U-Net® CGM U-Net * Trained on the RadioMap3DSeer dataset with simulated data from 701 city maps
* Uses LoS maps as additional input to improve prediction accuracy
ACT: aggregated contextual transformation CRME: cooperative radio map estimation REM: radio environment map
CBA: convolutional block attention EMF: electromagnetic field RMC: measurement data correction
¢GAN: conditional generative adversarial network FPTC: first-predict-then-correct RME: radio map estimation
CGM: channel gain map GAN: generative adversarial network RMP: radio map prediction
CKM: channel knowledge map LoS: line-of-sight SSSP: spatial signal strength prediction

CNN: convolutional neural network MCNN: modular convolutional neural network

nel measurements in Ref. [57] involved adjusting scattering co-
efficients and incorporating an angular spread correction factor,
improving received power predictions. At THz frequencies, ex-
tensive indoor ultra-broadband measurements were conducted
in Ref. [58], leading to the development of a frequency-
dependent scattering model that reduced errors in delay spread
estimation. In an office setting at 60 GHz, multipath component
gains were analyzed and adjusted to improve model reliabil-
ity™). The NYURay ray tracing calibration method simplified
the process by assuming angle-independent reflection, enabling
a closed-form least squares optimization to align simulated mul-

[60]

tipath power with real-world measurements™. Instead of itera-

tive tuning, the method directly optimizes reflection and pen-

etration losses on a logarithmic scale, improving efficiency
while maintaining accuracy.

In recent years, research has investigated the integration of
neural networks with traditional ray tracing frameworks. In
Ref. [61], the authors applied neural networks to the interac-
tion calculation module, utilizing neural networks to predict
the output direction and losses of each interaction. The archi-
tecture consists of two main components: the Spatial Network
and the Material Network. The Spatial Network processes the
spatial characteristics of the ray’ s path, while the Material
Network accounts for the material properties influencing the
ray’ s behavior. However, this framework does not consider

high frequency in future communication applications, which
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limits its effectiveness within certain application ranges.
Apart from this, Ref. [62] proposed a learnable wireless digi-
tal twin, which, similar to ray tracing frameworks, integrates
neural networks. This framework uses a single entity repre-
senting each object within the environment, constructing a
neural network to encode its electromagnetic property one by
one, which results in improved accuracy for channel model-
ing. However, the design of neural networks in large-scale
systems also increases complexity and the requirement for
computational resources.

3.4 Summary of Advantages and Disadvantages of CKM
Construction Methods

The various CKM construction methods each have their
unique advantages and limitations. Measurement-based meth-
ods, such as KNN and Kriging, are highly effective when suffi-
cient real-world measurement data are available, providing
high-level accuracy. However, their performance heavily re-
lies on the density and quality of the data. In cases where data
are sparse or irregular, their effectiveness can be reduced.
Model-based methods, including statistical models and ray
tracing, are useful when measurement data are limited, as they
rely on theoretical models. While they can be efficient, their
accuracy may be lower in complex or rapidly changing envi-
ronments, and may fail to capture fine-grained variations.

Hybrid methods that combine measurement-driven ap-
proaches with theoretical models strike a balance between
accuracy and efficiency. These methods can offer improved
performance in dynamic environments by leveraging both em-
pirical data and physical models, but they are computation-
ally more demanding. The choice of method largely depends
on available data, computational resources, and the complex-
ity of the environment, with measurement-based methods of-
ten being preferred for high-accuracy scenarios and model-
based methods being more suited for situations with limited
measurements.

4 Applications of CKM

4.1 Integrated Sensing and Com-

munication

CKM plays a critical role in inte- @\
grated sensing and communication

(ISAC) systems, where it bridges the

gap between sensing and communi- $ )

cation systems. By providing de-
tailed, location-specific channel in-
formation, CKM not only enhances $
localization but also improves com- $
munication performance in dynamic

Unlike
methods that rely solely on measure-
ments like RSS, CKM offers addi-

environments. traditional
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tional features such as time of arrival (ToA) and AoA, which
are crucial for localization and beamforming optimiza-

03764 In terms of communication, CKM helps in adjust-

tion
ing the communication links between BSs and mobile users
by integrating sensing data, like dynamic environmental
changes, into the channel model'®!. This integration allows
for more efficient resource allocation, interference manage-
ment, and adaptive beamforming. For example, in unmanned
aerial vehicle (UAV) systems, CKM can simultaneously sup-
port both the localization of UAVs and the optimization of
their communication links with ground stations by using real-
time channel state information'®’. Additionally, CKM allows
for dynamic sensing of moving objects, such as vehicles and
pedestrians, and enables real-time updates of the communi-
cation network based on the sensed data, optimizing the over-
all system performance'®’’.

Fig. 4 illustrates the application of CGMs in ISAC systems,
specifically within the fingerprint localization algorithm. In
this approach, the user’ s signal characteristics are collected
and matched against multiple CGMs stored in a Finger Data-
base. The algorithm processes this data to estimate the user’s
location based on the similarity of the measured signal to the
stored CGMs. This example highlights how CKMs, including
various types beyond CGMs, can enhance both the sensing
and communication capabilities in ISAC systems, offering a
more accurate and efficient means for location tracking in

complex environments.

4.2 UAV Trajectory Optimization

CKM plays a critical role in enhancing UAV trajectory opti-
mization in 6G networks, both for cellular-connected UAVs
and UAV-assisted communication systems. By utilizing rich,
location-specific channel data, CKM helps construct real-time
signal-to-interference plus noise ratio (SINR) maps that ac-
count for both channel gain and interference. In the cellular-
connected UAV scenario, CKM aids in constructing SINR

Finger database
CGM 1

Search | | ~pnrn | 4 T

CGM 2

CGM 3

CGM 4

CGM: channel gain map

Figure 4. Fingerprint localization using CGM in integrated sensing and communication systems
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maps based on channel gain and interference, allowing for the
design of flight paths that minimize outage probability and
mission latency while ensuring continuous communication
with ground BSs. Unlike traditional methods based on deter-
ministic LoS or stochastic channel models, which fail to ac-
count for LoS blockages, CKM enables the UAV to navigate
areas with high interference or blockages while maintaining a
reliable SINR throughout the path®!. In UAV-assisted sys-
tems, where a UAV serves multiple users, CKM helps opti-
mize the trajectory by identifying paths with strong A2G chan-
nels, thus enhancing overall system performance. This method
ensures better coverage for all users, compared with conven-
tional designs that focus on a single user’s location. Addition-
ally, combining reinforcement learning with CKM allows the
UAV to dynamically adjust its trajectory based on real-time
user distribution and channel quality data, improving commu-
nication efficiency across the system'® 7.
4.3 Hybrid Beamforming

CKM significantly enhances hybrid beamforming for
mmWave massive multiple-input multiple-output (MIMO) sys-
tems, offering a more efficient approach to reducing the com-
plexity and overhead typically associated with traditional

U1-721 In these systems, hy-

training-based channel estimation
brid analog-digital beamforming uses a combination of analog
and digital beamforming techniques at both the transmitter
and receiver to manage multiple data streams effectively. Tra-
ditional beamforming approaches often rely on extensive chan-
nel state information and require significant training to esti-
mate the full MIMO channel matrix, which becomes more
challenging as the number of antennas increases. With the in-
tegration of CKM, such as the channel angle map (CAM) and
beamforming indicator map (BIM), the need for extensive
training is minimized, as the system can use location-specific
channel information, including AoA, AoD, and path loss, that
is directly derived from the environment. This enables
training-free or light-training beamforming, where the accu-
racy of these designs depends on the precision of user location
and environmental factors like scatterer movement. While lim-
ited training may still be beneficial to refine the system, CKM
improves beamforming efficiency, particularly in dynamic en-
vironments with multiple users or interference, optimizing
data throughput and SINR over large antenna arrays.

4.4 BS Placement

In BS deployment, CKM applications assist in optimizing
BS placement strategies to enhance network coverage and
performance. By constructing detailed CKMs, one can accu-
rately assess signal strength, interference levels, and cover-
age areas at various locations, thereby determining optimal
BS positions and configurations. For instance, in low-altitude
environments, methods for deploying multiple aerial BS uti-
lize binary CKMs to optimize BS layouts to meet the commu-

31 Additionally, principles

nication needs of different areas
for deploying ultra-wideband (UWB) indoor positioning sys-
tem BS emphasize the importance of CKMs. By analyzing in-
door channel characteristics, reasonable BS placement can

[74] In

improve positioning accuracy and system performance
summary, CKM applications in BS deployment support more
intelligent BS placement decisions by providing precise
channel information, enhancing network coverage and ser-

vice quality.

4.5 Resource Allocation

In 6G networks, particularly for ultra-reliable low-latency
communication (URLLC) in mission-critical Internet of Things
(IoT) systems, CKMs can be used to optimize resource alloca-
tion by adapting transmission control policies. These policies
aim to meet the stringent quality of service (QoS) requirements
of URLLC while minimizing the transmit power. By utilizing
CKMs, which provide channel gain statistics for various loca-
tions within a target area, transmission control can be optimized
without the need for real-time, costly channel state information.
A notable approach, including power scaling based on CKM

75 . e .
I3 where location-specific transmission pa-

data, was proposed
rameters are adjusted to maintain a target delay violation prob-
ability across all devices. This method ensures that devices in
varying conditions can still operate within the desired reliability
and latency constraints. Additionally, meta-reinforcement learn-
ing techniques have been employed to further enhance adapt-
ability, enabling rapid policy adjustment across different envi-
ronments with minimal retraining. This combination of CKM-
driven power scaling and meta-learning offers a scalable solu-
tion to resource allocation in URLLC systems.

5 Open Problems and Future Directions

5.1 Localization Accuracy and Robustness of CKM

One major challenge for CKM-based systems is the depen-
dence on high-precision localization data. Since CKMs rely
on accurate location information to construct location-
specific channel knowledge, errors in localization can di-
rectly affect the performance and robustness of the system.
Inaccurate positioning data, such as from the Global Position-
ing System (GPS) or environmental obstructions, can distort
the generated channel map, leading to suboptimal outcomes
in applications like localization, beamforming, and interfer-
ence management. To address this issue, future research
must focus on maintaining CKM robustness in the presence
of localization inaccuracies. This may involve using machine
learning techniques to compensate for errors or applying sen-
sor fusion methods to combine various positioning sources.
Additionally, techniques such as spatial smoothing or inter-
polation can help mitigate the impact of small localization er-
rors, ensuring CKM construction remains reliable even with
less precise location data.
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5.2 Incorporating Material Properties for Enhanced
CKM Accuracy

Another significant challenge for CKM-based systems is ef-
ficiently incorporating detailed environmental information,
particularly the impact of various material properties on CKM.
While most existing methods primarily rely on geometric infor-
mation, such as building shapes or the layout of obstacles,
they often overlook how the materials of these objects (e.g.,
walls, windows, or furniture) affect the propagation of radio
waves. Different materials, with varying electromagnetic prop-
erties, can significantly influence path loss, reflection, and
scattering, which in turn affect the accuracy of the CKM. To
address this, future research should focus on integrating
material-specific data with CKM construction. This may in-
volve leveraging detailed environmental sensing, such as mate-
rials’ electromagnetic characteristics, or using machine learn-
ing to predict the impact of materials on the channel. Combin-
ing geometric and material information will improve the fidel-
ity of CKMs, making them more reflective of real-world condi-
tions and enhancing applications such as beamforming and lo-

calization in complex environments.

5.3 Improving Generalization with Efficient Neural Net-
work Architectures for CKM Construction

A third key challenge is enhancing the generalization abil-
ity of CKM construction, particularly when using neural
network-based methods. Currently, most neural network mod-
els require training on a large variety of scenarios to achieve
robust performance. However, this process can be time-
consuming and computationally expensive. The ability to de-
sign more efficient neural network architectures that can be
trained on fewer scenarios while maintaining strong perfor-
mance across a wide range of environments is crucial. To
tackle this, future research should focus on developing models
that require minimal training data, perhaps by using transfer
learning, domain adaptation, or few-shot learning techniques.
These approaches may enable neural networks to generalize
better and perform well across different deployment scenarios,
making CKM-based systems more scalable and effective for
real-world applications, even with limited training data.

5.4 Continuous CKM Updates with Real-Time Data

A crucial challenge for CKM-based systems is how to con-
tinuously update the CKM with new data, ensuring its accu-
racy and relevance over time. In dynamic environments, the
wireless channel is constantly changing due to factors like mo-
bility, environmental alterations, and user behavior. To main-
tain an up-to-date CKM, it is essential to integrate new mea-
surements and real-time data effectively. This could be
achieved through techniques such as incremental learning and
online learning, where the CKM model is continuously up-
dated as new data are acquired, without the need to retrain
from scratch. Additionally, sensor fusion methods can be em-
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ployed to combine data from different sources, such as mea-
surement devices, UAVs, and sensors for loT, providing a more
comprehensive and accurate representation of the environment.
By incorporating these approaches, CKM systems can adapt in
real time to changing conditions, ensuring that they remain ac-
curate and reliable for various applications.

5.5 CKM in 6G for Robotics

In the future, the application of CKMs in robotics will play
a crucial role in advancing 6G technologies. As robotics con-
tinues to evolve, key aspects such as accurate channel model-
ing, enhanced localization accuracy, and efficient sensing ca-
pabilities will become increasingly important. CKMs can sig-
nificantly contribute to these areas by providing detailed,
environment-aware channel information, enabling robots to
navigate and interact more effectively in dynamic environ-
ments’®. Through the integration of CKMs with 6G networks,
robots can benefit from more reliable localization and real-
time sensing, improving their ability to adapt to changing con-
ditions and interact with both humans and other devices seam-
lessly. Efficient use of the communication channel will also be
vital for optimizing robot performance, ensuring low latency
and high throughput for tasks such as autonomous control,
monitoring, and remote operation.

6 Conclusions

This paper has provided an in-depth overview of CKMs and
their transformative role in 6G wireless networks. CKMs repre-
sent a paradigm shift from environment-agnostic communica-
tion to environment-aware communication, allowing for more
efficient channel estimation and resource allocation. Through
various CKM construction methods from measurement-based
and model-based techniques to hybrid approaches, research-
ers have demonstrated the potential to improve channel knowl-
edge accuracy, particularly in complex environments. The ap-
plications of CKMs, including ISAC systems, beamforming,
UAV trajectory optimization, BS placement and resource allo-
cation, highlight their broad influence on network perfor-
mance and optimization.

As 6G technologies evolve, the integration of CKMs with ad-
vanced systems such as reconfigurable intelligent surfaces
(RIS), mmWave communications, and machine learning-based
adaptive resource management holds great promise. Combin-
ing CKMs with these technologies can dynamically optimize
the communication environment, improve coverage in chal-
lenging areas, and enable real-time adaptation to network
changes, further enhancing system efficiency and reliability.
However, despite their promising applications, several chal-
lenges remain in the development and deployment of CKM
systems. Future research should focus on improving CKM ro-
bustness in scenarios with imprecise localization data, better
integrating material-specific environmental information and
enhancing the generalization capabilities of neural network
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models. Moreover, continuously updating CKMs with real-
time data will be crucial for maintaining their relevance and
accuracy in dynamic environments.
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