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Abstract: As the underlying foundation of a digital twin network (DTN), digital twin channel (DTC) can accurately
depict the electromagnetic wave propagation in the air interface to support the DTN-based 6G wireless network.
Since electromagnetic wave propagation is affected by the environment, constructing the relationship between the
environment and radio wave propagation is the key to implementing DTC. In the existing methods, the environmental
information inputted into the neural network has many dimensions, and the correlation between the environment
and the channel is unclear, resulting in a highly complex relationship construction process. To solve this issue, we
propose a unified construction method of radio environment knowledge (REK) inspired by the electromagnetic wave
property to quantify the propagation contribution based on easily obtainable location information. An effective
scatterer determination scheme based on random geometry is proposed which reduces redundancy by 90%, 87%,
and 81% in scenarios with complete openness, impending blockage, and complete blockage, respectively. We also
conduct a path loss prediction task based on a lightweight convolutional neural network (CNN) employing a simple
two-layer convolutional structure to validate REK’s effectiveness. The results show that only 4 ms of testing time is
needed with a prediction error of 0.3, effectively reducing the network complexity.

Key words: Digital twin channel; Radio environment knowledge (REK) pool; Wireless channel; Environmental
information; Interpretable REK construction; Artificial intelligence based knowledge verification
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1 Introduction

With the ever-increasing demand for wireless
communication, the sixth generation (6G) wireless
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network will be more complex (Giordani et al., 2020;
Rajoria and Mishra, 2022; Zhang P et al., 2022).
Meanwhile, it needs to meet the needs of large-scale
users, expand new services, applications, and scenar-
ios, and add new techniques such as cloud-native and
information technology virtualization (Chowdhury
et al., 2020; Liu GY et al., 2020, 2023; Saad et al.,
2020; Zhang P et al., 2020; Ji et al., 2022). The digi-
tal twin network (DTN) provides up-to-date network
status, closed-loop decision-making, and real-time
interaction between the digital and physical worlds
by creating a real-time digital replica of physical enti-
ties, which adapts the complex 6G wireless network
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(Wu YW et al., 2021; Khan et al., 2022a, 2022b;
Masaracchia et al., 2022; Lin et al., 2023). To real-
ize the DTN, it is essential to acquire the accurate
wireless channel states between transmitters (TXs)
and receivers (RXs), including propagation parame-
ters, fading conditions, and other information related
to channels. Therefore, the concept of digital twin
channel (DTC) was proposed which enables the on-
line mapping of channel states and variation in the
physical world into the digital worlds, emphasizing
realized interaction between the channel and the sys-
tem under the environmental changes (Wang J et al.,
2023; Wang H et al., 2024). As the underlying foun-
dation of DTN, DTC enhances the accuracy of real-
time channel representation and supports more reli-
able communication transmission and network opti-
mization for DTN-based 6G wireless networks.

The overall objectives and framework of 6G
proposed by the International Telecommunication
Union (ITU) identify six major scenarios, with in-
tegrated sensing and communication and integrated
artificial intelligence (AI) and communication being
two among them (ITU, 2022, 2023). The foreseeable
development of sensing and AI techniques strongly
supports the implementation of DTC (Zhang P
et al., 2021; Liu F et al., 2022; Wang ZY et al.,
2022). The implementation framework is shown
in Fig. 1. First, environmental information and
channel data are captured from the physical world
for environmental sensing and reconstruction, which
involves channel measurement (Rappaport et al.,
2019; Zhang JH et al., 2020, 2023), environment-
channel dataset construction (Cheng et al., 2023;

Shen et al., 2023), and environmental reconstruc-
tion (Cui et al., 2019; Poullis, 2020). Then, channel
prediction and communication decisions are made
in the digital world by constructing the relationship
between the environment and the channel, which in-
volves channel large/small-scale parameter predic-
tion (Sun et al., 2022a; Hayashi and Ichige, 2023),
low-overhead channel state information (CSI) pre-
diction (Hou et al., 2021; Zhang Z et al., 2024), and
decision of beam selection and power allocation (Han
et al., 2023; Nguyen et al., 2023; Wu D et al., 2024).
Finally, the decision result is fed back from the dig-
ital world to the physical world, and the real-time
propagation environmental information in the phys-
ical world is combined to realize the interaction.

Constructing the relationship between the en-
vironment and the channel is important to the six
parts because this part is the key to achieving
scene generalization and accurate channel presenta-
tion in dynamically changing propagation environ-
ments. Some studies focused on introducing envi-
ronmental information into channel representation
based on the traditional theory, such as cluster-
nuclei-based channel modeling (Zhang JH, 2016),
channel twin platform based on global environmen-
tal sensing (Miao et al., 2023), channel parameter
optimization based on building height (Bor-Yaliniz
et al., 2018), and path loss modeling based on
point cloud environmental data (Järveläinen et al.,
2016). Recently, some studies on obtaining fea-
ture matrices representing the relationship between
the environment and the channel are directly based
on AI. For example, a graph neural network was

Physical environment sensing and
reconstruction

Channel fading prediction

Radio transmission technology

Resource and network optimization

DTC: underlying foundation of DTN

DTN Digital world

Physical world Data acquisition1
Sensing and

reconstruction2

3 Constructing the relationship
between environment and channel

5 Communication
decision Channel prediction4

6 Interaction

Fig. 1 Implementation framework of the digital twin channel (DTC) which includes six parts (DTN: digital
twin network)
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used to obtain the relationship between the rela-
tive location of TX, RX, and scatterers with regard
to channel large/small-scale parameters (Sun et al.,
2022b). The relationship between the environment
images of different terminal locations and the cor-
responding channels was constructed for different
terminal locations and their corresponding channels
through deep learning (Yang WM et al., 2019). A
semantic-information-aided communication predic-
tion method was proposed which uses environmental
semantics from image data to enhance transmission
reliability and reduce latency for beam and blockage
state prediction (Yang YW et al., 2023). The en-
vironmental semantic features were used to enhance
resource allocation in multi-user systems, improv-
ing performance and bandwidth efficiency (Zhang P
et al., 2023). The relationship between the location
and the angle of arrival and the phase variation of the
channel was constructed based on deep convolutional
neural networks (CNNs), enhancing environmental
sensing to achieve efficient indoor localization (Wang
XY et al., 2020). A path loss estimation method was
proposed which closely resembles simulation values,
focusing on the task of path loss prediction using lo-
cation data (Levie et al., 2021). The current state
of research on map construction based on the envi-
ronment and channel characteristics was reviewed,
emphasizing the role of channel knowledge map in
enhancing environment-aware wireless communica-
tions (Zeng and Xu, 2021; Zeng et al., 2024). How-
ever, no research supports that environmental infor-
mation in one scene affects the electromagnetic wave
propagation process or describes how to quantify the
influence trends and degree. This is one of the ways
to characterize the essential relationship between the
environment and the channel, which can be realized
by constructing a radio environment knowledge pool
(REKP) that we mentioned recently (Wang H et al.,
2024). The essential relationship provides the basis
for relationship construction and removes environ-
mental information redundancy, which is conducive
to simplifying the neural network structure and es-
tablishing relationships quickly to support DTC.

As we all know, electromagnetic wave propa-
gation is influenced by the environment. Electro-
magnetic waves interact with buildings, trees, vehi-
cles, and other environments through reflection and
diffraction, and the propagation path forms a geo-
metric relationship between the TX and the RX in

the scene. Inspired by this, this study fills in the gap
in the interpretable mathematical representation of
the relationship between the effective environmental
information and the electromagnetic wave propaga-
tion process. The main contributions are as follows:

1. A radio environment knowledge (REK) con-
struction method is proposed which quantifies the
contributions of reflection, diffraction, and block-
age based on easily obtainable three-dimensional
(3D) coordinates or online updated location infor-
mation across various scenarios with different levels
of blockage.

2. An effective scatterer determination scheme
based on random geometry is proposed which sig-
nificantly reduces environment redundancy. This
scheme achieves≥ 90% accuracy in selecting effective
scatterers and reduces redundancy by 90%, 87%, and
81% in scenarios with complete openness, impending
blockage, and complete blockage, respectively.

3. A lightweight path loss prediction method is
proposed which uses a simple structured CNN to
quickly predict channel parameters. By using the
REK spectrum as the input, it effectively reduces
the dimensionality of the input data while accurately
elucidating deep relationships. The results show that
the path loss prediction error is 0.3 with only 5 s of
training and 4 ms of testing.

2 Problem formulation

2.1 Scene and assumptions

We consider a sensing-assisted communication
single-cell scene. One single base station (BS) serves
R user terminals (UTs), employing some sensing de-
vices. The BS acquires the following information:
(1) environmental data of stationary objects (such as
buildings and trees) provided in the form of images
or values, including their locations, materials, and
sizes; (2) location information of fast-moving objects
acting as reflective entities that do not communicate
with the BS; (3) location and channel information
of UTs communicating with the BS. Various prop-
agation states exist between the BS and terminals,
including line-of-sight (LoS), reflection, scattering,
and blockage.

In communication systems, the object that
causes the signal to be scattered, attenuated, or re-
flected is called a scatterer. Scatterers have random
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shapes, especially buildings in outdoor urban areas
and indoor office areas, which are densely distributed
and display various shapes. Given the correlation
between signal propagation and scatterers and the
interrelationship between channel quality and scat-
terer information such as shape and location, the
following assumptions are made:

The scatterers are modeled as the line Boolean
model (Bai et al., 2014). Scatterers are abstracted
into different sizes of cuboids, represented by the
length of the diagonal segments. The central lo-
cations of all line segments are modeled by Φs =

{Pi|Pi ∈ R
2}, where Pi represents the location of

the center point of the ith scatterer, and the length of
each line segment is denoted as Li = d(Pmin,Pmax),
following a uniform distribution Li ∼ U [Lmin, Lmax]

with a mean value of E[L]. d (·) represents the cal-
culation of the Euclidean distance, Pmax and Pmin

the maximum and minimum coordinates within a
scatterer, respectively, obtained through sensing de-
vices, and Lmin and Lmax the minimum and maxi-
mum lengths of all line segments, respectively. UTs
are considered stationary within short time intervals,
with their locations characterized by Φu = {Pr|Pr ∈
R

2}, where Pr and Φu represent the location coordi-
nates of the rth user and the set comprising all user
location coordinates, respectively.

It is assumed that the data transmission links
between BS and users currently employ existing
beamforming techniques, effectively mitigating inter-
ference among multiple users within the same cell. In
other words, interference terms can be disregarded in
a single-cell millimeter-wave wireless communication
system.

2.2 REK pool

To implement DTC, we recently proposed the
REK pool (REKP) to focus on how to extract essen-
tial relationships from the environment and channel
data, emphasizing an online process with feedback
and updating capabilities to establish interpretable
mapping principles between the two processes (Wang
J et al., 2023), as shown in Fig. 2. The core func-
tion of REKP is to abstract the channel propaga-
tion process from the environment and the channel,
thereby facilitating effective compression and intelli-
gent understanding of the underlying mapping rules
of the channel. Channel information considered in
REKP includes channel parameters, channel state
information (CSI), channel propagation, communi-
cation tasks affected by channel characteristics, and
other information related to wireless channels. The
environmental information emphasizes using multi-
modal, multi-type, and a large amount of environ-
mental data to describe one communication scene
comprehensively. Unlike previous studies emphasiz-
ing feature mapping obtained through AI algorithms,
REKP focuses on generating solidified knowledge
through reasoning mechanisms, such as theoretical
derivation or semantic construction, thereby improv-
ing the interpretability of the channel–environment
relationship.

REKP can be viewed as a collection of inter-
pretable relationship mappings K (·) from environ-
mental information Φ ∈ R

D to channel knowledge
vectors k ∈ C

J , expressed as follows:

K =
{
K (·) ∣∣RD → C

J
}
, (1)

where Φ represents a collection of D-dimensional

Fig. 2 REKP architecture with its core function being the construction of REK (REK: radio environment
knowledge; REKP: REK pool)
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environmental information obtained in a physical
world. R includes environmental data about BS,
UTs, and scatterers, such as their locations, vol-
umes, materials, and antenna height. D is scenario-
specific, varying with different types of scenarios.
For example, blockage obstructed in the non-line-
of-sight (NLoS) condition is considered, resulting in
a larger dimensionality of environmental information
in NLoS situations compared with the LoS condition.
k ∈ C

J denotes the REK that can adapt to envi-
ronmental changes, where J depends on the chan-
nel requirements of communication systems, such as
channel-oriented REK, feature-oriented REK, and
communication-task-oriented REK. K (·) represents
the process of the REK expression, which constructs
the interpretable relationships between the environ-
ment and the channel. After quantifying the inter-
pretable relationship through a large amount of envi-
ronmental information, it exhibits scene generaliza-
tion without considering the specific characteristics
of the communication scene.

3 REK construction

Due to the limitation of antenna height and the
influence of surroundings, built-up urban areas rely
more heavily on the environment around the anten-
nas. Antennas at the BS are usually installed at
rooftop heights. As affected by diffracted signals
around building corners, antenna height restrictions,
and blockages caused by building layout, the prop-
agation process from BS to UTs can be viewed as
the signal originating from the TX, passing through
building tops, facades, or edges, nearby buildings,
and reaching UTs. This process involves the follow-
ing three modes of electromagnetic wave propaga-
tion, as illustrated in Fig. 3: (1) direct electromag-
netic wave to the UTs, where the user is within the
LoS range for free space propagation; (2) reflection
electromagnetic wave from building walls and ground
to UTs; (3) diffraction electromagnetic wave from the
sides of the building and the roof of the building near
UTs.

The wireless channel is generated through var-
ious physical propagation types such as direct radi-
ation, reflection, and diffraction of electromagnetic
waves. The channel model can be represented as
follows:

h (t) = hlos (t) + href (t) + hdf (t) , (2)

Fig. 3 Electromagnetic wave propagation process
from BS to UT, including three types: direct, re-
flection, and diffraction (BS: base station; UT: user
terminal)

hi (t) =

Ni∑

n=1

βn,i (t)e
j(2πvi,nt+φi,n(t)), (3)

where i is the propagation type, that is, direct ra-
diation, reflection, or diffraction. Ni is the number
of channel multipaths generated by type i. βn,i (t),
φi,n (t), and vi,n represent time-varying path loss,
phase, and Doppler shift, respectively. Then, REK
is constructed from environmental information, delv-
ing into the essence of the relationship between the
environment and electromagnetic wave propagation.

3.1 Overall construction flow

The values of path gain are determined by the
superposition of multiple subpaths, which are gener-
ated based on the environmental structure between
the TX and the RX. Therefore, the constructed REK
kppg consists of the following components: a repre-
sentation of propagation contribution based on lo-
cation information M and knowledge coefficients C,
expressed as follows:

K (M,C) : {Pi,Pr,Pt} → kppg, (4)

where Pi, Pr, and Pt are the positions of the ith

scatterer, the rth RX, and the tth TX, respectively.
The propagation contribution explains the contribu-
tion levels of propagation modes in the current scene
based on the location information, and the knowl-
edge coefficients reflect the weights of propagation
modes in different scenes. The flow diagram for the
REK construction is shown in Fig. 4.

Step 1: Using environmental information, the
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Fig. 4 Flow diagram of the REK construction for one UT (REK: radio environment knowledge; UT: user
terminal)

ellipsoid model is constructed based on the stochas-
tic geometry, and the range of effective scatter-
ers involved in electromagnetic wave propagation is
determined.

Step 2: Under the current user location, the
blockage scatterers that affect LoS propagation are
determined, and the corresponding number is saved.
If there is a scatterer S, where the distance from its
center O to dt,r is less than half of the scatterer’s
diagonal length, then this scatterer S is classified as
a blockage scatterer, denoted as follows:

B =

{
Pi

∣
∣∣
Pi · (Pt − Pr)

||Pt − Pr|| <
Li

2
,Pi ∈ S

}
, (5)

where Li is the size of the ith scatterer. Those that
are not judged as blockage scatterers are classified as
non-blockage scatterers.

Step 3: Under the current user location, the
scatterers that will become blockage scatterers in the
range of non-blockage scatterers are determined and
the corresponding numbers are saved. The others
are divided into complete openness situations that
do not affect LoS.

Step 4: For scatterers on the verge of obstruc-
tion, their reflective contribution is computed based

on the light reflection theorem in geometric optics
(GO) theory (Katz, 2002), acquiring a knowledge co-
efficient c. In the situation of approaching occlusion,
diffraction and blockage contributions are minimal.
In this study, their contributions are given random
values between 0 and 1. Repeat step 4 until all the
propagation knowledge that will become the block-
age scatterers is obtained.

Step 5: In the LoS propagation mode, the super-
location of ground reflection and direct waves at the
receiving antenna leads to multipath effects. Hence,
the contribution of ground reflection cannot be over-
looked in LoS scenarios. For scatterers entirely ex-
empt from becoming occlusions, the ground reflec-
tion contribution is quantified based on the dual-line
reflection model of GO.

Step 6: For blockage scatterers, diffraction prop-
agation losses are quantified based on the uniform ge-
ometrical theory of diffraction (UTD) (Pathak and
Kim, 2011) and the Fresnel principles (Saunders and
Aragón-Zavala, 2007). The blockage contribution in
the propagation process is quantified based on geo-
metric relationships.

Step 7: Finally, the contributions of reflec-
tion, diffraction, and blockage obtained in the three
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situations are consolidated to form the REK toward
wireless propagation change and visualized in the
form of knowledge spectrum.

3.2 Effective and blockage scatterers

Although the surrounding environment appears
static, the environment structure constructed be-
tween the TX, scatterers, and RX changes dynami-
cally as the user moves. We divide scatterers in the
communication scenario into effective, blockage, and
other scatterers, as shown in Fig. 5. Effective scat-
terers refer to the scatterers that the wireless signal
passes through in the transmission process from BS
to UT in the propagation mode of reflection, scatter-
ing, and so on. Blockage scatterers block the signal
from the TX so that the RX cannot accept the signal.
In the REK construction process, the same building
is judged as a different class of scatterers in the face
of different UTs or as the UT moves, related to the
user location and the geometric path among TX, RX,
and scatterers.

The scatterer ellipsoidal model based on
stochastic geometry is established as shown in Fig. 6.
TX and RX locations are focal points, and the half-
axis lengths along the three orthogonal axes (usu-
ally x-, y-, and z-axis) are denoted as a, b, and c,
respectively. The focal distance f is the distance
dt,r between the TX and the RX, and O (x0, y0, z0)

are the center point coordinates of the ellipsoid.
It is assumed that there are S scatterers in the
scene, including N effective, B blockage, and other
scatterers.

Assuming b = c = 1
2f and a =

√
2b2, there ex-

ists a scatterer S with vertex coordinates from Pb1 to
Pb8. If all eight vertex coordinates are located within
the ellipsoid, or if one of the six surfaces of scatterer
S intersects with the ellipsoid, then this scatterer is

classified as an effective scatterer, denoted as follows:

N =

{
Pi (xi, yi, zi)

∣
∣
∣
2x2

i

d2t,r
+
4y2i
d2t,r

+
4z2i
d2t,r

<1,Pi ∈ S

}
.

(6)
It is worth mentioning that the calculated effec-

tive scatterers include scatterers deploying the TX
and the RX. However, in practice, this situation is
excluded from the set of effective scatterers.

ffective scatterer y

x

X

X

O

c

b
f

Fig. 6 Scatterer ellipsoidal model based on stochastic
geometry

3.3 Reflection contribution

When radio waves pass from one medium to
another, a portion reflects, following the law that
the angle of reflection equals the angle of incidence.
We first propose a reflection point acquisition algo-
rithm based on a random scatterer’s shortest path.
This algorithm can retrieve reflection points solely
through the locations of transmitters, receivers, and
scatterers in a random scenario, as illustrated in Al-
gorithm 1.

A face is calculated every four vertices through
the center point Pi, totaling six faces. The coor-
dinates of the four points of each face are stored
as a group, totaling six groups stored in Faces =

{F1,F2, · · · ,F6}. Based on two lines perpendicular
to each other on each face, the normal vector of each

  Effective scatterers

Fig. 5 Effective, blockage, and other scatterers in the communication scenario
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Algorithm 1 Reflection point acquisition based on
the shortest path of a random scatterer
1: Faces,Normals← Pi

2: loop
3: Dmin =∞
4: for i← 1 to num(Faces) do
5: TS← Faces [i] ,Pt

6: SR← Faces [i] ,Pr

7: Dsum = TS + SR

8: if Dsum < Dmin then
9: Dmin = min (Dsum)

10: N ← Normals [i]

11: Q← Faces [i] [0]

// Obtain any point on the plane
12: end if
13: P̂ ← Pt,N , Q

14: PR ← Pr,N , Q, P̂

15: end for
16: end loop

face is obtained, totaling six normal vectors stored
in Normals = {Nor1,Nor2, · · · ,Nor6}. The sum of
the distances from the four vertices on each face to
the TX and the RX is expressed as follows:

Dsum =

4∑

p=1

‖vp − Pt‖+ ‖Pr − vp‖ , (7)

where vp ∈ Faces represents the pth vertex on a face,
and ‖·‖ is the norm operation. The face where the
smallest Dsum is located is the face where the reflec-
tion point is located. The specular reflection point
of the TX to this surface is expressed as follows:

P̂ = Pt −
〈
Pt −Q,

N
‖N ‖

〉
· 2N
‖N ‖ , (8)

where N is the normal vector of the plane, Q is
any point on the plane, and 〈·〉 is vector dot product
operation. In the proposed algorithm, Q is taken
as the first vertex in the plane. Then, the reflection
point is expressed as follows:

PR = P̂ +

〈
Q− P̂ , N̂

〉
·
(
Pr − P̂

)

〈
Pr − P̂ , N̂

〉 , (9)

where N̂ is normalizing the normal vector N to a
unit vector. Therefore, the reflection contribution
from the scatterer and the ground are expressed as
follows:

Kref-i =
cref-i ‖Pt − Pr‖

‖Pr − PR‖+ ‖PR − Pt‖ , (10)

Krefg-i =
crefg-i ‖Pt − Pr‖√

(dt + dr)
2
+ (ht + hr)

2
, (11)

where cref-i and crefg-i represent the knowledge co-
efficients of the ith scatterer and ground reflection,
respectively. dt and dr are the horizontal distances
from the TX and the RX to the ground reflection
point, and ht and hr are the antenna heights of the
TX and the RX, respectively. The geometric rela-
tionship among the TX, the RX, the scatterer, and
the ground for reflection contribution is shown in
Fig. 7.

Fig. 7 Geometric relationship for reflection
contribution

3.4 Diffraction and blockage contribution

Diffraction refers to the phenomenon where
radio waves deviate from their original straight-line
propagation path when encountering obstacles dur-
ing propagation. However, the main signal is not
completely blocked and can still be received by users.
Along the actual radio wave propagation path, when
a building begins to fall within the first Fresnel zone,
diffraction losses occur, leading to decreased received
power and reduced signal quality. The distance from
the vertex of buildings to the line connecting the BS
and the UTs is known as the Fresnel clearance. The
convention is that the Fresnel clearance is positive
when obstructed and negative when unobstructed.

Based on this property, a geometric relation-
ship for diffraction and blockage contributions is de-
signed, as shown in Fig. 8. Using the height of the
center of the Fresnel zone as a reference, when the
height of the obstruction is hi, the horizontal dis-
tances from the TX and the RX to the obstruction
are dt and dr, respectively, with the transmitting
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Fig. 8 Geometric relationship for diffraction and
blockage contribution

antenna height being ht and the receiving antenna
height being hr. Then, the height of the center of
the Fresnel zone Hi (assuming single scattering) is
represented as follows:

Hi = hr +
(ht − hr) dr

dt + dr
. (12)

The diffraction contribution is the difference between
the height of the center of the Fresnel region and the
height of the scatterer, expressed as follows:

Kdf = cdf (hi −Hi) , (13)

where cdf is the knowledge coefficient of diffraction.
Furthermore, unlike previous studies, which dis-

tinguished the presence of obstruction, the degree of
blockage caused by the scatterers during propaga-
tion is quantified. The blockage contribution is rep-
resented as the ratio of the distance from the block-
age scatterer center point to the line connecting the
TX and the RX to the length of the line connecting
the bottom of the blockage scatterer, multiplied by
a knowledge coefficient, expressed as follows:

Kblock =
Pi · (Pt − Pr)

||Pt − Pr|| · cblock√
l2i + w2

i

, (14)

where li and wi represent the length and width of
the ith scatterer, respectively.

3.5 Knowledge coefficient

In scenarios with multiple scatterers between
the BS and the UT, the distances from the scatterers
to the UT can vary significantly. While location in-
formation quantifies the propagation contributions,

from an environmental sensing perspective, the dis-
tances to the same scatterer for two close RXs are
nearly identical. However, the signal loss caused by
the scatterer can differ greatly at each RX. Thus,
only a few effective scatterers may provide a sig-
nificant signal gain, and these should be assigned
appropriate knowledge coefficients. The knowledge
coefficients are C = {cdiag, cref-i, crefg-i, cdf , cblock},
where cdiag denotes the upper bound for impending
blockage. When dis > cdiag, the communication link
from the BS to the UT is in a complete openness sce-
nario. cref-i, crefg-i, cdf , and cblock are the knowledge
coefficients for scatterer reflection, ground reflection,
diffraction, and blockage, respectively.

For the upper bound of impending blockage
cdiag, a grid search algorithm is employed with a
step size of 0.05 within the range of (1/2, 3/2] to
identify the most suitable boundary as cdiag = 0.75.
Coefficients cdf and cblock are related only to the
complete blockage scatterers, both fixed at 1, and do
not affect the accuracy of REK spectrum generation.
Regarding coefficients cref-i and crefg-i, first, based
on the visualization of ray tracing (RT) simulation
results, some prior knowledge is obtained, and the
variation rules of received power, scatterer reflection,
and ground reflection are given which are related to
the number of different effective scatterers: (1) For
reflection points on the same scatterer, the closer the
reflection point to the center point of the scatterer,
the greater the powers in the reflection path. (2) For
reflection points on different scatterers, the smaller
the sum of distances from the reflection point to the
BS and the UT, the greater the powers in the reflec-
tion path. (3) In scenarios of impending blockage
and complete blockage, the powers of ground reflec-
tion paths are minimal, prioritizing the quantifica-
tion of scatterer reflection paths. (4) In scenarios
of complete openness, the powers of ground reflec-
tion paths are significant. However, in the presence
of scatterers in the vicinity, scatterers still induce
greater losses. (5) The impact of scatterer reflection
on received power is greater than that of diffraction
and blockage. Based on these findings, we set the
threshold range for cref-i to (1, 10] and then apply the
grid search algorithm with a decrement of one order
of magnitude, resulting in cref-i = 5 and a decrement
weight of 0.2. Based on the conclusions drawn from
prior knowledge (3) and (4), we find that the effect
of ground reflection on received power is minimal,



Wang et al. / Front Inform Technol Electron Eng 2025 26(2):260-277 269

leading us to set a fixed weight of crefg-i = 0.5.

Ultimately, based on stochastic geometry and
electromagnetic propagation theory to acquire prop-
agation knowledge, integrating experience and grid
search methods to set knowledge coefficients aims
to enhance interpretability between the environment
and reflections, diffractions, and blockages.

4 Lightweight CNN construction for
REK validation

The constructed REK enhances interpretability,
and by using the 3D REK spectrum as the input, we
reduce the dimensionality of the input data while
accurately elucidating the deep relationship, ensur-
ing prediction accuracy. To validate the constructed
REK, we employ a lightweight AI predictor for the
path loss prediction task. The simple structure weak-
ens the neural network’s feature extraction ability
and makes the prediction result more dependent on
the knowledge provided by REK.

CNN is a neural network that handles mesh-like
topological data structures (Li et al., 2022). The
considered input data shape consists of I columns of
continuous trajectories, with each column containing
J location points and each location point containing
the REK matrix, making it suitable as input data
for CNNs. This network consists of convolutional,
pooling, and fully connected layers. The convolu-
tional and pooling layers form multiple convolutional
blocks that extract features from the input. The pro-
posed network structure includes two convolutional
layers and a fully connected layer, as shown in Fig. 9.

Kblock

Kdf

Kref

Fig. 9 Lightweight CNN with only two convolutional
layers for the path loss prediction task (CNN: convo-
lutional neural network)

The primary function of the convolutional layer
is to perceive local features of the input and trans-
form these local features into global representations,

expressed as follows:

S(i, j) = (X ∗W )(i, j)

=
∑

m

∑

n

X(m,n)W (i−m, j − n),
(15)

where X is the REK of multiple RX locations, W
is the convolutional kernel, and m and n are the in-
dices for the convolution operation. The numbers
of input and output data channels are 3 and 16, re-
spectively, with a 3 × 3 convolution kernel. The
second convolutional layer has 512 neurons, with the
numbers of input and output data channels being 16
and 32, respectively. Nonlinear transformations of
data are conducted using the ReLU activation func-
tion between the two convolutional layers. The fully
connected layer unfolds the feature maps extracted
by convolutional layers into a one-dimensional vec-
tor. This vector is then transformed through a ma-
trix multiplication with weight W and an addition
of bias b, producing the final output, expressed as
y = f(Wx + b). The input to the fully connected
layer is a 120 × 3 feature matrix.

5 REK verification

A quantitative evaluation for REK and a perfor-
mance comparison based on the proposed lightweight
CNN predictors are conducted. This section reports
some representative numerical results in terms of a
knowledge graph of propagation contribution, scat-
terer selection and prediction accuracy, and training
time.

5.1 Datasets and simulation configuration

All datasets are generated from the Beijing
University of Posts and Telecommunications and
China Mobile Communications Group DataAI-
6G Dataset (BUPTCMCC-DataAI-6G Dataset)
(Shen et al., 2023), which can be downloaded from
https://jiutian.10086.cn/open/#/setList?platform=
OpenInnovation. From the 646 m × 290 m simula-
tion scene, to generate channel data from the TX
to the RX deployment area, path loss is obtained,
and path files are simulated. The size of the RX2
deployment area is 59.5 m × 30.0 m. Starting
from the bottom left corner of the RX deployment
area, every 61 RXs form a row with a spacing of
0.5 m, totaling 120 rows arranged to the top right
corner, totaling 7320 RXs. The specific simulation
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configuration is shown in Table 1.

Table 1 Simulation configuration

Parameter Value/Description

Scenario size 646 m × 290 m

Frequency 3.5 GHz

Bandwidth 200 MHz

TX antenna type Omnidirectional

TX antenna height 20 m

RX deployment size 59.5 m × 30.0 m

RX antenna type Omnidirectional

RX antenna height 1.5 m

RX deployment spacing 0.5 m

For REK verification, an outdoor street is con-
sidered as the simulation scenario with small changes
in the environmental structure of the TX, scatterer,
and RX caused by the slow movement of the user. In
such a scenario, there is no need to rerun from the
beginning. We obtain only the scatterer position co-
ordinates either offline or online to achieve fast and
high-precision channel parameter prediction. Envi-
ronmental information is obtained from the simu-
lation file, including the 3D coordinates of the TX
and the RX and each scatterer’s maximum and min-
imum 3D coordinates. The center point coordinates
of the scatterers are calculated based on the maxi-
mum and minimum 3D coordinates. The simulation
scenario’s two-dimensional (2D) and 3D perspectives
are shown in Fig. 10, providing labels for each scat-
terer to evaluate the accurate selection of effective
scatterers. There are a total of 7320 data samples,
each with one propagation knowledge matrix that in-
cludes three types of propagation: reflection, diffrac-
tion, and blockage. Seventy-five percent of the data
are allocated for training, and the remaining 25%
for testing, and it is ensured that the training data
and the testing data are at different RX locations.
Table 2 shows the specific network hyperparameter
configuration. All simulation results are uniformly
tested on devices with i5-14600kf (32 GB) configura-
tions and Nvidia RTX 4080 (16 GB) and calculated
more than 10 times to take the average.

A training process starts from an initial state
where all weights and biases are randomly selected.
Normalized root mean squared error (NRMSE), a
metric for measuring prediction accuracy, is chosen
as the cost function in this study for training, ex-

Fig. 10 Two- and three-dimensional perspectives of
the simulation scene, scatterer numbers, TX location,
and RX deployment area

Table 2 Hyperparameter configuration

Parameter Value/Description

Batch size 16

Cost function NRMSE

Actuation function ReLU

Learning rate 0.001

Number of training data samples 5760

Number of test data samples 1560

Number of hidden neurons 16, 32, 120

NRMSE: normalized root mean squared error

pressed as follows:

NRMSE =

√√
√
√
√

Ltest∑

l=1

(Yreal(l)− Ypred(l))
2

Ltestσ2
, (16)

where Ltest is the sample number of the constructed
REK matrices, Yreal(l) and Ypred(l) are the real and
predicted output values at the other location l, re-
spectively, and σ2 is the variance of Ypred(l). The
training process is iterated until the network com-
pletes the specified training epochs or meets the
expected convergence condition. Once completed,
the trained network can predict path loss at other
locations.

5.2 REK generation and evaluation

First, verifying whether the constructed REK
can correspond to the effects of reflection, diffraction,
and blockage in an actual scene is necessary. The
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simulated paths obtained by the RT are close to the
actual paths in this study. Fig. 11 shows the scat-
terers traversed by the first 10 paths arranged in
reverse order of power under three scenarios: com-
plete openness, impending blockage, and complete
blockage. The color of the paths indicates the re-
ceived power at the RX, with closer proximity to red
indicating higher received power. The RX labels as-
sociated with the three scenarios are RX = 40, 73,
and 107.

Table 3 presents the accuracy and reduced re-
dundancy of effective scatterer selection based on the
ellipsoid model using stochastic geometry. Consid-
ering that scatterers closer to the RX have a greater
impact, we propose a scatterer selection accuracy
evaluation metric with uniformly decreasing weights,
expressed as follows:

A =
∑

i∈Sselect

wi, (17)

where

wi =

⎧
⎪⎨

⎪⎩

0.3− (n− 1)× 0.5, i = S
(n)
real,

0, i ∈ Sreal, i �= S
(n)
real,

−0.1, i /∈ Sreal,

Sselect represents the effective scatterer labels
selected by the proposed method, Sreal represents
the scatterer labels traversed by the first 25 paths
obtained by the RT method, sorted by received
power in reverse order, and S

(n)
real represents the first

n values in Sreal, n = 5. When the proposed method
assigns scatterer indices corresponding to one of
the first five values in Sreal, a weighting scheme is
applied starting with a weight of 0.3 for the first
value, decreasing sequentially by 0.05 for the second
to fifth values. Weight of 0 is assigned to scatterers
that are in Sreal but not among S

(5)
real, while scat-

terers not belonging to Sreal are assigned a weight
of –0.1. The final selection accuracy is obtained by
summing these weights. In the cases of impending
blockage and complete blockage, the accuracy of
identified scatterers is 90%, with a slight decrease in
accuracy for complete openness. In LoS conditions,
the majority of the path received power comes
from the direct path, where accurately selecting
the majority of scatterers providing subpath power
does not significantly impact subsequent knowledge
construction. As for the reduced redundancy, it
can be expressed as � = 1 − Nes

Nts
, where Nes is the

   

–  –  

 

Fig. 11 Scatterers and main path links passing from the TX to the RX under the conditions of complete
openness, impending blockage, and complete blockage (number of paths = 10 and x = 5 m, where x is the
horizontal distance to the left roadside) (References to color refer to the online version of this figure)

Table 3 Accuracy and redundancy reduction of obtaining scatterers based on geometric construction method

Case
Scatterer number Accuracy Reduction in redundant

Proposed method RT method* (%) data (%)

Complete openness 4, 5, 23 5, 11, 23, 4, 10, 6, 2, 22 65 90

Impending blockage 4, 5, 11, 23 5, 11, 23, 4, 10, 6 90 87

Complete blockage 4, 5, 6, 8, 11, 23 11, 6, 5, 4, 23, 10, 27, 28, 29, 7 90 81

* Sorted by received power in reverse order. RT: ray tracing
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number of effective scatterers and Nts is the total
number of scatterers. Our proposed effective scat-
terer determination algorithm greatly reduces input
data redundancy, especially in blockage scenarios,
achieving a reduction in redundant data of 87% and
81% in impending blockage and complete blockage
cases, respectively.

Fig. 12 shows the dual y-axis plot of REK corre-
sponding to the path loss curve locations in the sce-
narios given in Fig. 11, where the left y-axis is path
loss and the right y-axis denotes contributions from
reflection, diffraction, and blockage. The x-axis indi-
cates the location labels of the RX. From the whole
perspective, when RX < 80, the impact of REK is
minimal, whereas for RX > 80, contributions from
reflection (RC), diffraction (DC), and blockage (BC)
become more intricate. In the region where the RX
ranges from 0 to 60, representing a completely open
scenario, the path loss is stable with minimal prop-
agation contributions. Most received power origi-
nates from the direct path, resulting in low path
loss. At RX = 73, a notable increase in reflection
contribution is observed with Kref = 8.25, captur-
ing the reflective effects introduced by surrounding
scatterers. In complete blockage scenarios with RX
> 80, the maximum reflection contribution peaks
at 36.07, occurring at RX = 107. The maximum
values for diffraction and obstruction contributions
are 28.51 and 24.18, respectively, and they exhibit
a gradual decrease trend. However, a significant in-
crease is observed compared to complete openness
and impending blockage scenarios. Furthermore, in
conjunction with Fig. 11, it is evident that at RX =
107, the reflection paths are complex, with the total
power from reflection paths significantly exceeding
that from diffraction paths. Thus, it confirms that
the proposed REK construction method effectively
characterizes the contributions of different propaga-
tion types to path loss at various locations. The
complete REK quantification spectrum along this
trajectory is illustrated in Fig. 13, with an enlarged
subgraph depicting the portion where RX > 80. In
subsequent predictions, the REK spectrum for each
trajectory is used as the input.

5.3 Prediction performance

In this subsection, the prediction performances
of path loss prediction methods are compared, in-
cluding the unprocessed location data based method,

R
C

, D
C

, B
C

Fig. 12 Path loss curve and the reflection, diffraction,
and blockage contributions under the corresponding
locations (x = 5 m) (RC: reflection contribution; DC:
diffraction contribution; BC: blockage contribution)
(References to color refer to the online version of this
figure)

the environmental feature based method, and our
proposed REK-based method. The unprocessed lo-
cation data based method uses the location informa-
tion of TX, RX, and effective scatterers directly for
path loss prediction without undergoing any prepro-
cessing. The environmental feature based method
constructs environmental features using the process-
ing techniques outlined in Sun et al. (2022a) from lo-
cation information, incorporating four features rep-
resenting volume, distance, bias, and blockage to
construct a feature matrix for path loss prediction.
The proposed REK-based method uses easily obtain-
able location information to elucidate the deep rela-
tionship between the environment and the channel,
generating the REK spectrum as the output for path
loss prediction. To ensure that the performance gains
of different methods originate from different relation-
ship constructions between the environment and the
channel, the same neural network and network struc-
ture are used, that is, the lightweight CNN with two
convolutional layers introduced in Section 4. Hy-
perparameter optimization is conducted based on
the corresponding input data features to guarantee
optimal predictive outputs. The predicted values
generated by the three methods are compared and
evaluated against path loss data from the RT as an
approximation of true values.

Table 4 provides a performance comparison of
the three methods in terms of the prediction error,
training time, and testing time. It is evident that the
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Diffraction

Fig. 13 Radio environment knowledge spectrum for
reflection, diffraction, and blockage (x = 5 m)

proposed REK-based method demonstrates a clear
advantage in prediction accuracy, yielding improve-
ments of 29.4% and 27.5% compared to the direct

utilization of location data and the environmental
feature based method, respectively. This complex-
ity is primarily reflected in testing time: generating
channel parameters using RT takes approximately
20 min, while predictions based on REK require
only a few milliseconds, resulting in a reduction in
time complexity by five orders of magnitude. This
millisecond-level speed guarantees the feasibility of
online communication predictions.

Fig. 14 shows the comparison curves of the pre-
dicted and true values, obtained by REK-based, un-
processed location data based, and environmental

Location label

Location label

80

80

(proposed)

(proposed)

Fig. 14 Path loss prediction results of the proposed
REK-based method and the comparative methods:
(a) x = 25 m; (b) x = 30 m (REK: radio environment
knowledge)

Table 4 Comparison of path loss prediction performances among the proposed REK-based, unprocessed
location data based, and environmental feature based methods

Method NRMSE Training time (s) Testing time (s)

Unprocessed location data based 0.565 8.21 0.227
Environmental feature based 0.456 7.67 0.170
Proposed REK-based 0.271 4.07 0.004

NRMSE: normalized root mean squared error; REK: radio environment knowledge
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feature based methods for the horizontal distance at
25 m and 30 m from the left roadside. When x =
25 m, the trajectory is located in the middle of the
road, and the buildings on both sides affect the radio
waves. When x = 30 m, the trajectory moves toward
the right side of the road, potentially experiencing
more complex propagation types influenced by the
buildings on the right roadside. As shown in the fig-
ure, the proposed REK-based method is better than
the existing methods for characterizing the trend of
path loss, especially in challenging situations such
as complete blockage where the index is larger than
80. Combined with Fig. 11, it is evident that when
x = 30 m, near the right roadside, the radio experi-
ences a diverse range of propagation types influenced
by complex scatterers. It is obvious from Fig. 14b
that the prediction results obtained by the unpro-
cessed location data based method under the condi-
tion of complete blockage are not in line with reality.
Although the environmental feature based method
predicts the trend of path loss, the accuracy is still
far from that of our proposed REK-based method.
Under complete openness scenarios where the index
is within 0–60, the predicted fitting curve of the pro-
posed REK-based method almost coincides with the
curve of true values.

From the view of statistical analysis, the non-
linear approximations of the proposed REK-based
and the comparative methods are further evaluated,
including the comparison of cumulative distribution
function (CDF) and quantitative statistical values.
In Fig. 15, the effectiveness of the proposed REK-
based method is validated by comparing the CDF
plots of the predicted and true values. Compared
with the comparative method, the proposed REK-
based method has a more consistent trend with the
true values. This means that the constructed REK
spectrum is more capable of capturing the complete
process of path loss caused by the superposition of
different propagation types, especially in the case
of complete blockage where there are more times of
blocking and reflection, as shown in Fig. 15b. Fur-
thermore, the model does not predict the portion
where the path loss is larger than 110 dB, as shown in
Fig. 15a. This segment displays sudden spikes in one
to two path loss values, collectively identified as out-
liers in path loss. This phenomenon corresponds to
Fig. 14a. Table 5 presents the quantitative statistical
data of predicted and true path loss, including the

(proposed)

Fig. 15 CDF plots of the proposed REK-based
method and the comparative methods: (a) x = 25 m;
(b) x = 30 m (CDF: cumulative distribution function;
REK: radio environment knowledge) (References to
color refer to the online version of this figure)

upper and lower quartiles (UQ and LQ), upper and
lower bounds (UB and LB), median values (MED),
and outliers (OL). It is obvious that the statistical
values of the proposed REK-based method are closer
to the true values, which verifies the validity of the
constructed REK.

6 Conclusions

Constructing the relationship between the envi-
ronment and the channel is crucial for mapping real-
world physical channels to generate DTC in the digi-
tal world. In this study, we propose a method of REK
construction inspired by electromagnetic wave prop-
erties to deal with the high complexity of the con-
struction process caused by the redundancy of envi-
ronmental information and the ambiguity of relation-
ship correlation. First, an effective scatterer deter-
mination scheme based on random geometry is pro-
posed which reduces redundancy by 90%, 87%, and
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Table 5 Quantification of the box plot for REK-based and compared methods in path loss prediction tasks

x Method UQ LQ UB LB MED OL

25 m

Unprocessed location data based 96.2239 85.1638 112.8140 68.5737 90.1895 0

Environmental feature based 95.6194 83.6279 113.6066 65.6407 88.8534 0

Proposed REK-based 97.0783 81.6562 120.2114 58.5231 91.7083 0

True value 99.1884 82.1302 124.7756 56.5430 94.5806 1

30 m

Unprocessed location data based 88.8545 80.3801 101.5660 67.6685 84.1815 0

Environmental feature based 94.3520 82.6382 111.9226 65.0675 84.9958 0

Proposed REK-based 92.2948 81.9931 107.7473 66.5406 84.1580 0

True value 91.3047 81.4328 106.1127 66.6249 83.7807 0

REK: radio environment knowledge; UQ: upper quartile; LQ: lower quartile; UB: upper bound; LB: lower bound; MED: median
value; OL: outlier

81% in scenarios with complete openness, impending
blockage, and complete blockage, respectively. Sub-
sequently, based on the concept of REKP, the con-
tributions of electromagnetic wave reflection, diffrac-
tion, and the blockage of scatterers are quantified
using the locations of TX, RX, and scatterers, and
REK is visualized in the form of knowledge spec-
trum. Experiments on a path loss prediction task
based on a lightweight CNN are conducted to val-
idate REK’s effectiveness. The results show that
using REK as an input maintains a prediction error
of 0.3 with only two convolutional layers in the net-
work structure, with a testing time of only 4 ms. In
future studies, we will focus on knowledge construc-
tion for high-speed dynamic scenarios, built on the
proposed approach to incorporate an online rapid
response mechanism that can adapt to significant
changes in the propagation environment occurring
over short time intervals. We also plan to inves-
tigate methods for constructing radio environment
knowledge that considers material properties, incor-
porating a more diverse range of scatterer wooden
trees and metallic vehicles.
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