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RadioDiff-3D: A 3D x 3D Radio Map Dataset and
Generative Diffusion Based Benchmark for 6G
Environment-Aware Communication

Xiucheng Wang
Junting Chen
Shuguang Cui

Abstract—Radio maps (RMs) serve as a critical foundation for
enabling environment-aware wireless communication, as they pro-
vide the spatial distribution of wireless channel characteristics.
Despite recent progress in RM construction using data-driven ap-
proaches, most existing methods focus solely on pathloss prediction
in a fixed 2D plane, neglecting key parameters such as direction of
arrival (DoA), time of arrival (ToA), and vertical spatial variations.
Such a limitation is primarily due to the reliance on static learning
paradigms, which hinder generalization beyond the training data
distribution. To address these challenges, we propose UrbanRa-
dio3D, alarge-scale, high-resolution 3D RM dataset constructed via
ray tracing in realistic urban environments. UrbanRadio3D is over
37 X larger than previous datasets across a 3D space with 3 metrics
as pathloss, DoA, and ToA, forming a novel 3D x 3D dataset with
7 x more height layers than prior state-of-the-art (SOTA) dataset.
To benchmark 3D RM construction, a UNet with 3D convolutional
operators is proposed. Moreover, we further introduce RadioDiff-
3D, a diffusion-model-based generative framework utilizing the 3D
convolutional architecture. RadioDiff-3D supports both radiation-
aware scenarios with known transmitter locations and radiation-
unaware settings based on sparse spatial observations. Extensive
evaluations on UrbanRadio3D validate that RadioDiff-3D achieves
superior performance in constructing rich, high-dimensional radio
maps under diverse environmental dynamics. This work provides
a foundational dataset and benchmark for future research in 3D
environment-aware communication.
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1. INTRODUCTION

O SUPPORT the increasing demands of immersive com-

munications and ultra-reliable low-latency services in
sixth-generation (6G) networks, it is imperative to significantly
enhance spectrum efficiency and network coverage [1], [2], [3],
[4]. This objective is driving the evolution of network archi-
tecture toward extremely large multiple-input multiple-output
(XL-MIMO) systems, which feature antenna arrays with over
1024 elements [5], [6], [7], and ultra-dense networks (UDNSs)
with densely deployed access points [8]. However, this evolution
imposes unprecedented challenges for traditional pilot-based
channel estimation, as the volume of channel state information
(CSI) to be acquired grows prohibitively large [5]. In XL-MIMO
scenarios, pilot transmission and estimation may consume over
90% of the total time slot, severely undermining the goal of
frequency efficiency and rendering real-time adaptation infea-
sible [9]. Concurrently, to expand coverage and support dy-
namic user distributions, 6G networks will incorporate numer-
ous mobile access nodes, such as autonomous aerial vehicles
(AAVs) and low-Earth-orbit satellites [8], [10], [11], [12]. The
mobility of these nodes demands proactive trajectory planning
to maintain reliable connectivity and quality-of-service (QoS).
This, in turn, requires advanced knowledge of spatial channel
variations prior to node arrival [13]. Collectively, these trends
call for a paradigm shift from pilot-reliant mechanisms toward
environment-aware communication, where ambient information
is leveraged to infer channel characteristics without relying
on direct measurements. In this context, the radio map (RM)
has emerged as a key enabler, providing a precomputed spatial
representation of wireless channel features, such as pathloss, that
can guide real-time network optimization and trajectory control
in complex 6G environments [14], [15].

Despite the benefits of radio maps for enabling environment-
aware communications, their construction remains a techni-
cally demanding task [15]. High-fidelity RM generation tra-
ditionally relies on numerically solving Maxwell’s equations
or the Helmholtz wave equation using techniques such as
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TABLE I
COMPARISON OF DIFFERENT RM DATASETS

Properties UrbanRadio3D (Ours) | SpetrumNet [16] | RadioMapSeer [17] | RadioGAT [18] | CKMImageNet [19]
Dataset Size 11.2M 300k 56k 21K 72k
Number of Height 20 3 1 1 1
Number of Map 701 764 701 10 42
Number of BS Location 200 4 80 3 1~42
Size of Map 256x256 128 %128 256 %256 200x%200 128 x 128
Horizontal Resolution 1m 10 m 1m 5Sm 2 m
Height Resolution 1m N/A N/A N/A N/A
Real Buildings Shape [4 4 v 4 v
Real Buildings Height v v X X v
Pathloss 4 4 v v ['4
DoA_Azi 4 X X X Few
DoA_Ele v X X X Few

finite-difference time-domain (FDTD) methods [20]. However,
the computational complexity of FDTD is prohibitively high,
restricting its practical application to regions spanning only
a few electromagnetic wavelengths [20]. Even with approx-
imate techniques like electromagnetic ray tracing (ERT), the
generation of RMs over street-scale urban environments often
requires tens of minutes per instance [21], rendering these
methods unsuitable for real-time or near-real-time inference
in dynamic 6G scenarios. In response, neural network (NN)-
based approaches have garnered significant attention due to
their potential to infer RMs with high speed and reasonable
accuracy [17]. However, current NN-based methods—including
convolutional neural networks (CNNs) [17], [22], graph neural
networks (GNNs) [23], and even state-of-the-art generative large
model based methods [24], are predominantly constrained to
constructing 2D pathloss distributions at a fixed height, which
is typically 1.5 meters. This limitation stems from the lack
of publicly available datasets containing diverse and densely
sampled 3D radio environment data. According to the principles
of statistical learning theory, neural networks are inherently
constrained to the data distribution present in their training
sets, and thus fail to generalize across unrepresented vertical
or directional dimensions [25]. Consequently, existing models
offer limited utility in applications that demand volumetric RF
knowledge, such as precise beamforming, user positioning, or
real-time 3D coverage planning. More critically, their inability
to generate 3D radio maps severely limits their applicability
in safety-critical tasks such as AAV navigation [26], [27]. In
practice, AAVs often operate in highly dynamic airspace over
unlicensed industrial scientific medical (ISM) bands, which are
prone to strong and heterogeneous interference [26]. Therefore,
without access to spatially rich 3D RM data, trajectory plan-
ning becomes suboptimal or even hazardous. Thus, there is
a compelling need for a new generation of RM datasets and
models that move beyond 2D pathloss predictions—enabling
robust, multi-dimensional inference across 3D space to support
intelligent decision-making in advanced 6G applications.

To address the aforementioned limitations, this paper in-
troduces a comprehensive large-scale 3Dx 3D RM dataset,
constructed using a ray-tracing-based electromagnetic simula-
tion pipeline grounded in the realistic height and geometry of
urban buildings. With a fine-grained spatial resolution of one

cubic meter, this dataset comprises over ten million labeled data
points, exceeding the scale of existing RM datasets by more
than 37 x . Different from prior datasets that are restricted to 2D
pathloss information at fixed heights [17], [18], our proposed
dataset captures rich multi-dimensional channel characteristics,
including pathloss, direction of arrival (DoA) in both azimuth
and elevation, and time of arrival (ToA). This detailed represen-
tation of spatial propagation forms a foundational benchmark for
advancing 3D-aware wireless intelligence. Furthermore, the vol-
umetric nature of the data reveals complex spatial correlations
not only across adjacent grid points on a plane but also along the
vertical dimension, enabling learning models to exploit inter-
layer dependencies for more accurate and efficient RM con-
struction. To fully leverage these properties, we propose a novel
generative framework, RadioDiff-3D, which adopts a denoising
diffusion probabilistic model embedded with 3D convolutional
architectures. Unlike traditional neural networks that infer RMs
slice-by-slice in 2D, RadioDiff-3D operates directly in 3D space
to synthesize high-fidelity RMs across varying heights. More-
over, the model is designed to handle both radiation-aware and
radiation-unaware scenarios: in the former, it constructs 3D RMs
for cooperative base stations using known environmental and
transmitter information; in the latter, it estimates interference
distributions from non-cooperative transmitters using sparsely
sampled observations and environmental priors. This dual-mode
generative capability not only expands the applicability of RM
construction to more realistic and complex scenarios, but also
provides essential situational awareness for critical applications
such as AAV trajectory optimization and interference-avoidance
navigation in contested spectral environments. The main contri-
butions of this paper are summarized as follows.

1) Different from prior RM datasets such as RadioMapSeer
that focus primarily on 2D pathloss distributions at fixed
heights, UrbanRadio3D introduces a 3D x 3D channel rep-
resentation that characterizes the spatial distributions of
3metrics as pathloss, DoA, and ToA across a 3D environ-
mental distribution. This multi-modal and spatially con-
tinuous structure enables in-depth modeling of elevation-
sensitive propagation effects, supporting advanced tasks
such as 3D localization, altitude-aware beamforming, and
volumetric coverage optimization in next-generation wire-
less networks.
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TABLE II
COMPARISON OF DIFFERENT RM CONSTRUCTION METHODS

Properties RadioDiff-3D (Ours) | RadioDiff [24] | RadioUNet [17] | RME-GAN [22] | LocUNet [28]

PathLoss Prediction v 4 4 4 4
ToA Prediction v X X X v
DoA_Ele Prediction v X X X X
DoA_Azi Prediction 4 X X X X

Sampling Information Alternative Cannot Alternative Necessary Cannot
Environment Dimmention 3D 2D 2D 2D 2D
Generative Al 4 v X X X

2) UrbanRadio3D introduces a large-scale, spatially resolved
dataset with 1-meter cubic resolution, generated using
high-fidelity ray tracing over realistic urban geometries
with diverse building heights and layouts. The dataset is
organized in a consistent voxel-based format across mul-
tiple modalities and receiver altitudes, bridging structured
electromagnetic simulation data with 3D convolutional
and diffusion-based AI models. This design facilitates
efficient integration into learning-based volumetric recon-
struction frameworks and promotes reproducibility across
wireless Al research.

Two benchmark models for 3D radio map (RM) construc-
tion have been proposed in this paper. The first is a convo-
lutional baseline that employs a UNet architecture with 3D
convolutional operators, serving as a representative bench-
mark for volumetric CNN-based methods. The second is a
generative diffusion model, termed RadioDiff-3D, which
leverages 3D convolutions to synthesize high-fidelity ra-
dio maps across the full spatial volume. By modeling the
joint spatial dependencies throughout three dimensions,
RadioDiff-3D enables the reconstruction of dense, multi-
features 3D channel representations and extends beyond
the limitations of fixed-height prediction commonly found
in prior works.

3)

II. RELATED WORKS AND PRELIMINARY
A. RM Construction Methods

RM construction has progressed from early measurement-
driven interpolation to the latest fully generative, environment-
aware synthesis. For clarity, we group prior work into two tra-
jectories: sampling-based inference, which reconstructs the field
from sparse path-loss measurements (SPM), and sampling-free
inference, which exploits environmental priors and data-driven
models to bypass on-site probing. A detailed review of both
strands is essential for appreciating the technical positioning of
our contribution.

The archetypal workflow begins with a calibrated scanner
traversing the region of interest to collect SPM, followed by spa-
tial interpolation. Early cellular deployments relied on inverse-
distance weighting (IDW) and K-nearest-neighbour (KNN) in-
terpolation, where the estimate at an unmeasured point is a
convex combination of its K closest observations whose weights
decay with Euclidean distance [29], [30]. Although computa-
tionally trivial, these schemes treat path loss as an isotropic
field and neglect the anisotropy introduced by streets, building

facades, and foliage, leading to appreciable error once the sam-
pling density falls below roughly one point per lamppost in dense
urban trials [31]. To encode local curvature, researchers adopted
local polynomial regression—also called local multinomial re-
gression, where a first or second-order surface is fit to neighbour-
hood samples by weighted least squares [32], [33]. This reduces
bias on gentle gradients but still ignores cross-neighbourhood
correlation. A more rigorous statistical foundation is offered by
Kriging: ordinary Kriging assumes second-order stationarity,
estimates the semivariogram from data, and derives the best
linear unbiased predictor that minimises the mean-squared er-
ror (MSE) under that covariance model [34], [35]. Kriging is
optimal within its linear subspace, yet its matrix inversion costs
O(N?) and becomes burdensome when thousands of samples
are available. To reconcile sparsity with long-range correlation,
matrix and tensor completion discretize the region into a grid
and exploit the empirical low rank of large-scale path-loss matri-
ces [36], [37]. Nuclear-norm minimisation successfully recovers
entire city-blocks from <10% samples when the observation
pattern satisfies incoherence conditions. However, identifiability
breaks down for irregular sampling; interpolation-assisted com-
pletion augments missing pixels with local Kriging estimates to
maintain recoverability while preserving global low rank [36].
Kernel regression in reproducing-kernel Hilbert space connects
Kriging to Gaussian-process regression and offers closed-form
solutions with dual-kernel designs that separate slowly vary-
ing path-loss trends from fast local shadowing [38]. Temporal
dynamics introduce additional complications. Kriged Kalman
filtering fuses time-varying measurements with spatial Kriging
under a state—space formulation, yielding recursive predictors
that track moving obstacles and seasonal changes [34]. While
effective, the filter inherits Kriging’s cubic complexity in the
state dimension. Despite decades of refinement, sampling-based
inference retains two structural weaknesses. First, its depen-
dence on SPM makes it unsuitable for safety-critical facilities,
disaster zones, or aerial corridors where drive-testing is im-
practical. Second, interpolation error scales super-linearly with
inter-sample spacing in NLOS regions, causing rapid degra-
dation once sampling density drops below a terrain-specific
threshold—an effect verified in the “Interference Cartography
Manager” field campaign [31], [39].

To circumvent these limitations, sampling-free methods con-
dition on a priori information such as digital surface models
(DSM), building footprints, BS metadata, and land-use labels.
The earliest embodiment is deterministic ray tracing, which
shoots electromagnetic rays through a 3-D model to compute
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the path-loss map. Although high fidelity is achievable with
modern multi-bounce solvers, both data acquisition and compu-
tation remain prohibitive at city scale [40], [41]. Consequently,
attention shifted to statistical surrogates that learn an RM gen-
erator directly from coarse environmental rasters. A landmark
in this space is RadioUNet, which feeds a binary raster of
building masks into a U-Net and regresses the 2-D path-loss
field using pixelwise MSE loss [17]. RadioUNet significantly
outperforms IDW and Kriging in unseen European downtowns,
but its receptive field, while multiscale, is still ultimately local.
RadioNet extends RadioUNet by inserting transformer attention
layers after each U-Net bottleneck, allowing the network to
learn long-range diffraction correlations—e.g., shadowing that
persists across parallel streets separated by courtyards—thereby
boosting accuracy on kilometre-scale maps [42]. Recognising
that city topology is naturally graph-structured, graph neural
networks (GNNs) have been proposed for RM prediction. In
GAT-REM and GraphREM, buildings, streets, and BSs become
nodes, edges encode line-of-sight or first-order diffraction rela-
tionships, and attention-weighted message passing propagates
features across the graph, yielding robust generalisation to new
cities with unseen block layouts [43], [44]. Nevertheless, these
models remain discriminative: they output a single deterministic
map for a given environment and cannot express the inherent
uncertainty of propagation in dynamic or partially known scenes.
Generative paradigms attempt to close this expressiveness gap.
RME-GAN augments a convolutional generator with an ad-
versarial discriminator so that the synthesised RM resembles
the empirical distribution of true maps while respecting an
MSE reconstruction term [22]. Although adversarial supervision
sharpens spatial textures, RME-GAN still requires sparse SPM
as conditional anchors, precluding true sampling-free deploy-
ment. A decisive break with measurement dependency is offered
by the RadioDiff family. RadioDiff [24] trains a denoising
diffusion probabilistic model (DDPM) to reverse a Markovian
Gaussian perturbation process conditioned solely on building
rasters and BS coordinates, enabling RM synthesis directly from
environmental data. RadioDiff-%? [45] introduces a score-based
“knowledge transfer” step that couples synthetic ray-traced data
with limited real measurements, thereby bridging simulation-
to-reality gaps, while RadioDiff-Inv [46] leverages the same
diffusion kernel for inverse problems, such as inferring missing
BS positions from partial RMs. These diffusion models achieve
new state-of-the-art normalised MSE on both the DeepREM
and RadioMapSeer benchmarks and, crucially, remain stable
when extrapolating to megapixel-scale, irregularly shaped re-
gions. Environment-model-assisted frameworks constitute an-
other sampling-free branch. The spatial loss-field model views
shadowing as an integral of incremental loss along weighted
propagation ellipses and solves a linear inverse problem to
recover the loss field from sparse node-pair observations [18],
[18], [24], [47]. In contrast, the virtual-obstacle model replaces
real geometry with electromagnetic “obstacle classes”, each
characterised by a penetrability parameter and learnable posi-
tion; optimisation then jointly refines obstacle placement and
path-loss parameters through non-linear least squares or CNN
surrogates [48], [49], [50]. These models exhibit favourable
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extrapolation to 3-D transmitter—receiver pairs, but their non-
convex objectives and reliance on obstacle-class heuristics limit
scalability.

A unifying observation across the above literature is that most
published work remains confined to a single, fixed-height plane
and concentrates exclusively on large-scale path loss. Critical
3-D descriptors such as DoA, ToA, delay spread, and angular
spread, indispensable for beamforming, interference coordi-
nation, and centimetre-level localisation—are almost entirely
absent from current RM predictors [39], [51]. Architecturally,
prevailing CNN and transformer backbones employ 2-D con-
volution kernels or 2-D axial attention, which are mathemat-
ically incapable of capturing volumetric propagation patterns
intrinsic to high-rise and aerial networks. The scarcity of pub-
lic, high-resolution 3-D datasets with co-registered geometry,
material metadata, and rich channel labels further compounds
the difficulty of training 3-D-native models. Consequently, the
emerging consensus is that deep generative learning offers the
most plausible route to low-cost, scalable RM construction,
provided two bottlenecks are addressed. First, neural operators
must be redesigned to process 3-D spatial relationships natively,
e.g., through sparse 3-D convolutions, point-cloud transformers,
or volumetric diffusion kernels. Second, the community must
curate and release high-precision 3-D channel datasets that span
multiple frequency bands, polarisation states, and transmitter
heights. The framework proposed in this paper tackles both
challenges by introducing 3-D diffusion primitives and demon-
strating their efficacy on a newly compiled, millimetre-wave 3-D
dataset, thereby establishing a foundation for truly environment-
aware, inference-efficient 6G systems.

B. Data Acquisition of RM

Publicly available radio map and channel datasets serve as
critical foundations for a wide array of learning-based research
in wireless communications. Early developments in this domain
primarily leveraged synthetic ray-tracing techniques to circum-
vent the prohibitive cost of large-scale data collection [15]. A
representative example is DeepMIMO, which provides a scal-
able [52], parametric dataset generator that exports sub-6GHz,
28 GHz, and 60 GHz MIMO channel matrices across millions
of user positions in diverse urban scenarios. These synthetic cor-
pora deliver unmatched environmental precision and scale, of-
fering perfect ground truth for environmental geometry and ma-
terial properties. However, they are intrinsically constrained by
the assumptions embedded within their underlying ray-tracing
engines and inherently lack the hardware-induced imperfections
and dynamic effects encountered in real-world deployments.

A widely adopted approach for synthesising RMs relies
on analytical channel models, wherein the large-scale path-
loss surface is obtained by directly evaluating closed-form
propagation expressions. In practice, most studies invoke the
log-normal shadow-fading formulae prescribed in standardised
guidelines—most notably the 3GPP Urban Micro (UMi) and
Urban Macro (UMa) models, whose deterministic component
expresses the mean path loss as a function of transmitter—
receiver (TX—RX) separation, while a zero-mean log-normal
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term captures the shadowing variance [53]. After the geo-
graphical coordinates and configuration parameters of all BSs,
including height, radiated power, antenna pattern, and carrier
frequency, have been specified, the analytical model can be
evaluated on a dense spatial grid to yield a path-loss field
that is subsequently stored as an RM. Recent learning-based
studies employ these analytically generated datasets to pre-
train, fine-tune, or supervise neural RM generators [43], [44],
[54]. Although analytically generated RMs are computation-
ally attractive, their fidelity is limited when transplanted to
real deployments. The underlying logarithmic-distance formula
inherently neglects location-specific propagation mechanisms
such as street-canyon diffraction, irregular rooftop scattering,
foliage attenuation, and material-dependent penetration loss.
These omissions induce non-negligible discrepancies—often
exceeding 10 dB—between the synthetic path loss and field mea-
surements, thereby undermining the spatial consistency required
for downstream tasks such as beam management, centimetre-
level localisation, and proactive interference coordination. To
mitigate this deficiency, recent research has sought to inject
environmental knowledge, either via explicit electromagnetic
simulations or data-driven corrections, into the RM synthesis
pipeline. In particular, approximate physical solvers based on
deterministic ray tracing have gained traction [55]; by approx-
imately solving Maxwell’s equations over detailed geometric
models, ray tracing yields a richer distribution of channel de-
scriptors that better aligns with empirical observations, albeit at
a markedly higher computational cost [21], [56].

To address this realism gap, recent large-scale measurement-
driven datasets have been introduced. RadioGAT introduced
a hybrid framework combining a log-distance pathloss model
with a graph attention network (GAT), enabling the recon-
struction of multi-band RMs from sparse measurements. Its
dataset covers ten urban subregions ray-traced over five carrier
frequencies, demonstrating strong performance under limited
supervision [18]. However, its radio maps are restricted to two-
dimensional layouts where both transmitters and receivers share
the same height. This constraint neglects critical 3D phenomena,
such as height-varying signal propagation, near-field effects in
XL-MIMO, and vertical non-stationarity—thereby limiting its
relevance to elevation-sensitive applications like UAV-assisted
communications [9]. Efforts to incorporate more geometric re-
alism can be seen in the RMDirectionalBerlin dataset, which
leverages LiDAR-derived building height profiles and direc-
tional rooftop antennas to better reflect true deployment con-
ditions [57]. With more than 74 000 maps, it supports geometry-
free reasoning and vision-based learning using accompanying
aerial imagery. However, it lacks CIR-level granularity that is no
DoA, ToA, or multipath richness is preserved, and is confined to
asingle city and on 3.5 GHz, precluding analysis of geographical
or spectral generalization. The RadioMapSeer dataset provides
broader urban diversity, with 56000 RM samples simulated
across six European cities using both low-fidelity and high-
fidelity ray tracing methods [17]. Its inclusion of paired sim-
ulations makes it particularly suitable for transfer learning and
model distillation studies. Nonetheless, key limitations persist
that all buildings are modeled with uniform 25-meter heights,
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vegetation and dynamic scatterers are ignored, and the dataset
supports only one frequency without CSI-level labels, constrain-
ing its use for 3D-aware or delay-sensitive modeling. In terms of
scale, CKMImageNet presents a hierarchical storage structure
that couples large-scale link measurements with 64 x 64 pixel
heatmap visualizations and corresponding environmental image
tiles. It enables fine-grained querying and multi-base station
scenarios, such as those simulated in Beijing with 42 transmit-
ters and 500,000 users [19]. While it is a pioneering effort in
linking visual and physical domains, many scenes lack explicit
DoA/DoD or ToA annotations, and most tiles are simulated
using a single BS layout, limiting the diversity of interference
topologies. To enable large-scale multi-domain analysis, Spec-
trumNet [ 16] offers one of the most comprehensive image-based
datasets to date, spanning over 300,000 radio maps across eleven
terrain types, five frequency bands, three receiver altitudes,
which are 1.5 m, 30 m, and 200 m, and synthetic climate
profiles. It is among the first to support altitude-aware CKM and
non-terrestrial link modeling. However, its spatial granularity is
coarse, restricted to a few discrete heights, and it only provides
scalar pathloss values, omitting directional and temporal channel
features that are vital for beamforming, localization, and channel
reconstruction in high-mobility 6G settings.

C. Generative Diffusion Model

Recent advances in generative modeling have seen diffu-
sion models emerge as a promising alternative to traditional
frameworks, such as GAN [58] and variational autoencoder
(VAE) [59], offering improved training stability and high-quality
sample generation [60], [61], [62], [63], [64], [64]. Different
from GANs, which rely on adversarial objectives and often
suffer from training instability, diffusion models leverage a
likelihood-based formulation that progressively refines samples
from noise to data through a denoising process [65]. Among
these, the denoising diffusion probabilistic model (DDPM) has
demonstrated remarkable success in diverse domains, including
computer vision, natural language processing, and reinforce-
ment learning [66]. DDPM models the data generation process
as a two-stage Markov chain comprising a forward diffusion
process and a reverse denoising process. In the forward process,
Gaussian noise is incrementally added to clean data , resulting
in a sequence x1, T2, ..., LT, defined as follows.

T

g(@1,. . wr | wo) = [[a(@e | @a), D

t=1

(@ | 1) = N(V1 = Brxi_1, B d), (2)

where [, is a small noise variance scheduled over time. Using
the cumulative product @; = [[%_, (1 — Bs), the distribution of

s=1
x,; conditioned on x is given in closed form as follows.

gz, | o) = N(Vayxo, (1 — a)I), 3)
x; = Vagzo + V1 —ave, e~N(0,I). (4)
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The reverse process attempts to reconstruct the original data by
learning the reverse transition distribution as follows.

po(Ti-1 | xt) = N(po(xe, 1), B 1), (5)
1— (673

-

LTi—1 =

o (s, t)) + Bid.
(6)

While the theoretically correct variance scaling factor is
117_5‘(;;1 B¢, it has been shown in [66] that using 3; simplifies
implementation without degrading performance.

Despite the fidelity achieved by DDPM, its reliance on a
large number of denoising steps significantly impacts infer-
ence latency. To alleviate this, the denoising diffusion implicit
model (DDIM) has been introduced as a deterministic and non-
Markovian alternative [67]. DDIM maintains compatibility with
the DDPM training objective but redefines the reverse process

to allow for faster, deterministic sampling as follows.
.’Bt:\/O_ét.’Bo—F\/l—(jétE, ENN(O,I), (7)

T — /T
Vi—a,

Tyi_1 = 1To+ /1 — 1€ 9

Furthermore, DDIM introduces a hyperparameter n € [0, 1] to
control the degree of stochasticity in the sampling path. When
n = 0, the trajectory becomes fully deterministic, leading to
consistent sample generation with far fewer steps. This property
is particularly beneficial for time-sensitive applications, such
as real-time 3D radio map construction in highly dynamic 6G
environments, where low latency and reliability are essential. By
leveraging the strengths of both DDPM and DDIM, the proposed
generative framework in this work inherits high-quality gener-
ation capabilities while enabling efficient inference suitable for
practical deployment in wireless systems.

(e

®)

€t

III. PROPERTIES OF URBANRADIO3D
A. 3D RadioMap Dataset Construction

In this section, the construction of the UrbanRadio3D dataset
is detailed. The dataset has been developed using the WinProp
module in the Altair software suite to simulate three-dimensional
radio frequency propagation in realistic urban environments.
It comprises 701 distinct urban regions, each modeled as a
256 x 256 m? area at a spatial resolution of 1 m per pixel. These
regions are derived from representative global cities, including
Kara, Berlin, Glasgow, Ljubljana, London, and Tel Aviv, cap-
turing diverse architectural and geographical characteristics. To
enhance realism, the simulation accounts for varying building
heights across cities, ranging from 6.6 m to 19.8 m. For each
urban map, 200 transmitter locations were randomly selected,
and simulations were conducted at receiver heights from 1m
to 20m in I-meter increments. This setup yields a total of
701 x 200 x 20 = 2.84 million simulation instances, resulting
in a large-scale dataset that accurately reflects volumetric wire-
less propagation in urban scenarios. Each simulation result is
stored as a high-resolution PNG image, maintaining 1m spatial
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TABLE III
ADDITIONAL PARAMETERS OF THE 3D RADIOMAP DATASET

Parameter Value
Map size 256 x 256 m?
Pixel length 1m
Rx height 1.5m
Observation height 1.0-20.0m
Height range of the buildings 6.6-19.8 m
Transmit power 23 dBm/Hz
Antenna type Isotropic
Center carrier frequency 5.9 GHz
PL Min threshold —169.0dB
PL Max threshold —92.0dB
ToA Min threshold 0.0ns
ToA Max threshold 1180.0ns
DoA Azi Min threshold 0.0Rad
DoA Azi Max threshold 6.3 Rad
DoA Ele Min threshold 0.5Rad
DoA Ele Max threshold 2.25Rad
Simulation type DPM

precision across three dimensions. The dataset includes multiple
signal modalities, such as pathloss, DoA, and ToA, along with
supplementary representations to support advanced modeling.
These include polygonal masks of building structures, grayscale
elevation maps encoding building heights, and transmitter lo-
cation maps. Notably, both DPM-based simulations [68] and
auxiliary channel metrics are incorporated to ensure physical
interpretability and modeling consistency. Key simulation pa-
rameters are summarized in Table III. Each transmitter emits at
23 dBm/Hz using an isotropic antenna operating at a carrier
frequency of 5.9 GHz, representative of mmWave scenarios
in future 6G systems. The receiver height is nominally set at
1.5 m, with measurements collected over the vertical range of
1-20 m to facilitate full 3D modeling. Thresholding is applied to
the pathloss, DoA, and ToA components to suppress physically
implausible outliers and ensure model training focuses on mean-
ingful signal interactions. All data have been generated using the
Dominant Path Model (DPM) [68], providing a balance between
computational efficiency and physical accuracy. To construct a
volumetric 3D radio map, we utilized the electromagnetic simu-
lator FEKO, which performs electromagnetic field rendering on
2D planes at fixed receiver heights. Since each simulation run
returns results only for a specific height, we conducted separate
simulations at 20 different height levels, ranging from ground
to rooftop level. This procedure effectively yields 20 horizontal
slices per urban scene, which are then stacked to form a complete
3D spatial distribution of wireless channel characteristics. The
spatial resolution within each 2D slice was set to 1 m, consistent
with the settings used in RadioMapSeer [17], to ensure repro-
ducibility and fair comparisons with existing baselines.

For the simulation of material properties, the default mate-
rial parameters provided by the WinProp software were used.
To simplify the modeling process, all building facades in the
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TABLE IV
DEFAULT MATERIAL PARAMETERS USED IN SIMULATION

Parameter Value
Surface thickness 10.0cm
Surface roughness 0.0000 pm

Operating frequency 2000 MHz
Material selection rule Nearest frequency used
Transmission loss 20.0dB
Reflection loss 9.0dB
Diffraction incident (min) 8.0dB
Diffraction incident (max) 15.0dB
Diffracted loss 5.0dB
Relative permittivity e, 4.0
Relative permeability i, 1.0
Electrical conductivity o 0.01 S/m
Fresnel coefficients Enabled
GTD/UTD diffraction Enabled

S
®

2D views (top) and 3D views (bottom) of three scenarios.

(d) (©)]

Fig. 1.

simulation were assigned the same default material properties,
as summarized in Table IV. This approach assumes uniform
electromagnetic behavior across all building surfaces, which
facilitates large-scale simulation while maintaining reasonable
physical accuracy.

B. Visualization of the Dataset

To provide an intuitive understanding of the dataset, we
present several groups of visualizations that demonstrate the
diversity and richness of the data. These visualizations include
pathloss maps captured at different receiver heights (ranging
from 1 m to 20 meters), which highlight how signal propagation
is influenced by changes in elevation and building occlusions.
As shown in Fig. 5. in addition to pathloss, we also visualize
auxiliary channel properties such as ToA, DoA azimuth, DoA
elevation, and ray-traced propagation paths(Fig. 2) offering a
more comprehensive view of the radio propagation environment.
Furthermore, as is shown in Fig. 3, structural and spatial informa-
tion maps are provided, including building segmentation maps,
building height maps, and transmitter location maps. These maps

3779
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Fig. 2. 3D ray-tracing views.
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(a) Building Segmen- (b) Building Height (c) Transmitter Loca-
tation Map Map tion Map
Fig. 3. Examples of structural and spatial information maps included in the
dataset.

enable a better understanding of the urban spatial context, which
is crucial for tasks such as geometric learning, beamforming, and
positioning.

Notably, when the observation height exceeds the height of
surrounding buildings, these structures may visually “disappear”
from the radio map. This occurs because the receiver gains a
clear line-of-sight to the transmitter, eliminating obstructions
that would otherwise cause signal attenuation or reflection, thus
significantly altering the spatial signal patterns.

C. Dataset Naming Conventions

The dataset used in this study adheres to a standardized folder
structure and fil e-naming convention to ensure consistency
and ease of access. At the root level, the dataset is organized
into five modality-specific directories: pathLoss, Doa_Az1i,
Doa_Ele, ToA, and propagation_ray. Each modality
folder contains subdirectories labeled as “h1” through “h20”,
corresponding to receiver height levels ranging from 1 m to
20 m. Within each height-specific subfolder, data files are named
as follows.

BID _ X X Y _Y{png, npy}, (10)
Building ID  X-coordinate Y-coordinate

where BID denotes the building identifier, and X and Y represent
the horizontal coordinates of the transmitter location.

D. Data Normalization and Heatmap Generation

To ensure consistency across different spatial locations and
enable effective visualization and model training, we adopt
a global normalization strategy for all channel parameters,
including pathloss (PL), time of arrival (ToA or Delay), direction
of arrival azimuth (DoA_Azi), and direction of arrival elevation
(DoA_Ele).
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Fig. 4. Visualisation of the file 103_62X_125Y.png. According to the
naming convention, the first field (1 03) denotes the building identifier (BID); the
second field (62X) is the transmitter’s Xcoordinate; and the third field (125Y)
is the transmitter’s Ycoordinate in the global map. The image corresponds to
the 1 m height layer and clearly reveals the pathloss distribution around the
transmitter and surrounding urban structures.

Each parameter is normalized individually using fixed global
minimum and maximum thresholds as specified in Table III. The
normalization formula is defined as:

L — Tmin
Tnorm — IMax 0, —_—
Tmax — Lmin

Here, x denotes the original parameter value, & i, and xy,,x are
the predefined global minimum and maximum thresholds, and
Znorm € [0, 1] is the normalized result. For visualization or model
input purposes, the normalized values can be further mapped to
the range [0, 255] as needed.

a1

IV. DIFFUSION-BASED 3D RM GENERATION
A. Problem Formulation of 3D RM Construction

To support advanced context-aware applications in 6G net-
works, this work focuses on the construction of 3D multi-modal
RMs that capture not only spatial signal propagation but also
rich channel characteristics such as angle and ToA information.
In contrast to conventional 2D RM representations confined to
fixed-height planar pathloss distributions, the proposed frame-
work generalizes the radio mapping task to a volumetric domain,
where each spatial point is described by a set of channel pa-
rameters across three axes. Specifically, the RM is represented
as a 4D tensor R € RT>*WxDxC ‘where (H, W, D) denote the
spatial dimensions and C' denotes the number of channel modal-
ities. These modalities include pathloss, DoA, which comprises
both azimuth and elevation components, and ToA. This richer
representation is essential for enabling key 6G functionalities
such as 3D positioning, altitude-sensitive beamforming, and
volumetric interference-aware planning. Let the environment be
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defined as a 3D occupancy grid € € {0, 1}7>*W>*P where each
voxel indicates the presence or absence of physical obstructions
(e.g., buildings) with varying shapes and heights. Based on this
environmental context, the construction of the 3D RM can be
formulated under two practical settings as follows.

1) RM Construction With Known Base Station and Environ-
mental Information: In this setting, both the environmental ge-
ometry £ and the configuration of the transmitting base station—
including its location, elevation, and radiation characteristics—
are known. The task is to predict the full RM tensor R directly
from these inputs. This corresponds to a conditional generative
problem, wherein the RM is synthesized based on environmental
priors and known source parameters, reflecting plausible channel
distributions shaped by the 3D geometry of the scene.

2) RM Construction With Sparse Sampling and Environmen-
tal Information: In this scenario, although the environmental
layout £ is fully known, the transmitter’s location and charac-
teristics may be unknown or inaccessible. Instead, a sparse set of
signal observations S = {(;, y:, z;, r;) }I\, is available, where
r; represents partial measurements of channel parameters such
as pathloss, DoA, or ToA at specific 3D locations. The objective
is to reconstruct the complete RM tensor R from these sparse
measurements and environmental priors. This problem setting
is particularly relevant for spectrum sensing, interference detec-
tion, and coverage estimation in scenarios involving unknown
Or non-cooperative emitters.

By modeling the RM as a structured 3D tensor enriched with
angular and temporal descriptors, the proposed framework en-
ables more comprehensive environmental awareness compared
to traditional scalar field reconstructions. These two formula-
tions jointly support both transmitter-known and transmitter-
agnostic applications, laying the foundation for unified volu-
metric radio mapping in complex 6G urban environments.

B. Diffusion Model With 3D Operator

To enable high-fidelity, multi-modal RM construction in com-
plex 3D environments, we propose RadioDiff-3D, a conditional
denoising diffusion probabilistic model (DDPM) designed for
volumetric wireless signal generation. In contrast to prior works
that estimate pathloss on a fixed-height plane, RadioDiff-3D
constructs a 3D tensor-valued RM R € RF*WxDxC  where
(H, W, D) represent the spatial dimensions (horizontal, vertical,
and height) and C' denotes the number of signal modalities—
specifically pathloss, DoA in azimuth and elevation, and ToA.
This multi-modal representation is essential for supporting ad-
vanced 6G use cases such as 3D beamforming, interference-
aware UAV navigation, and real-time volumetric coverage as-
sessment.

1) Latent Diffusion Modeling: Let the input RM tensor R be
mapped to a latent space via a variational encoder £, producing
acompressed representation zg = £, (R ). The diffusion process
begins by gradually perturbing z( with Gaussian noise through a
forward stochastic process {q(z¢|z0)}1_,, where the transition
at each timestep ¢ is defined as:

q(Zt‘ZO) :N(zt;\/d_tz(h(l _at):[)? (12)
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Visualization of channel characteristics at different observation heights (in meters). Top row: Pathloss maps at heights 3 m, 6 m, 9 m, 12 m, and 15 m,

showing the signal attenuation across the environment. Second row: ToA spread maps at the same heights, capturing the multipath propagation ToAs. Third row:
DoA Elevation angle distributions, indicating the vertical arrival direction of signals. Fourth row: DoA Azimuth angle distributions at these heights, representing

the horizontal arrival direction of signals.

with a; = Hizl(l — f35) being the cumulative noise scaling,
and {3;}I_, a variance schedule.

The denoising reverse process is learned by training a neural
network €y(z¢, t,C) to predict the noise added at each step. The
objective is to minimize the expected denoising loss:

Lsimpte = Ezge0 [[l€o(20,1,C) — €l|’] (13)
where z; = \/&;z9 + /1 — &€, and C denotes the condition-
ing variables.

2) Conditional Generation for Two Application Settings:
RadioDiff-3D supports conditional generation under two
distinct application scenarios. In the first scenario, where
the environment &€ € {0, 1}7*W>P (a 3D occupancy grid
of buildings) and the base station (BS) configuration r =
(xBs,yBs, 2Bs, P;) are available, the conditioning vector C =

feona(E,7) is passed into each residual block of the denois-
ing U-Net via cross-attention or FiLM-like modulation. This
allows the model to learn a distribution pg(z¢|€, ), gener-
ating RM tensors aligned with both signal propagation laws
and urban topology. In the second scenario, where the BS is
unknown or non-cooperative, but a sparse set of signal samples
S = {(z;,r;)}¥, is available—where z; = (x,y, z) and r; €
R contains pathloss, DoA, and ToA—the model generates R
conditioned on (€, S). To enforce coherence between generated
and observed regions, we use reconstruction-guided conditional
sampling. At inference, the predicted RM is refined as:

Zi =24 — )LtVzt ||R6(zt) - Sinlerp||2 s (14)

where Sipeerp is the sparsely sampled RM interpolated to match
the tensor resolution, and A; is a time-dependent guidance
weight.
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Measurement results at coordinate 296_X46_Y114 with a receiver height of 3 meters are presented. The figures show spatial maps of multiple radio

channel parameters — pathloss, time of arrival (ToA) spread, direction of arrival (DoA) elevation angles, and DoA azimuth angles — all rendered on the same
voxel grid. This consistent spatial alignment enables simultaneous visualization and analysis of the interplay among these channel characteristics at the specified
location and height. Each figure includes a corresponding colorbar that quantitatively indicates the actual physical values, facilitating precise interpretation of
power attenuation, delay dispersion, and angular information. The building regions are assigned a default value of zero, while the remaining spatial voxels reflect

valid simulated data.

3) 3D U-Net With Conditioning: The backbone of
RadioDiff-3D is a 3D convolutional U-Net composed of
residual blocks and attention layers. The input is a noisy 3D
latent tensor z; € RF>*WxDPxC "and the output is either the
predicted noise €y or the denoised latent z(. Each residual block
integrates conditional embeddings from C via cross-attention

as follows.
Attn(Q, K, V) = softmax (QKT> v, (15)
Vd
Q =W,F, (16)
K,V =W,C,W,C, 17

where F'is the current feature map, and C is broadcasted or pro-
jected to match the spatial resolution. Skip connections bridge
encoder and decoder layers, and spectral refinement modules
are applied in later stages to capture high-frequency multipath
details.

4) Autoregressive Height-Wise Generation: To efficiently
construct large 3D RM tensors without incurring high memory
or compute cost, RadioDiff-3D supports autoregressive vertical
generation. Specifically, after generating slices up to height
z = d — 1, the model conditions the next slice R. . 4. on the
previous slice R.. . 4—1,. via:

,R':,:,d,: ~ pO(R:,:,d,: ‘ R:,:,dfl,:ac) (18)
This approach ensures vertical continuity in the generated
volume and allows scalable inference across varying building
heights and altitudes.

V. EXPERIMENTAL PROCESS

This experiment is conducted based on our self-developed 3D
diffusion neural network model. To ensure the reproducibility
and comparability of results, we adopt a series of standardized
experimental settings and rigorously control all aspects of data
preprocessing and model training. The following sections pro-
vide a detailed description of the experimental procedures and
configurations.

A. Preliminary Verification Experiment

Before conducting the full-scale experiments, we first per-
formed a preliminary verification experiment to validate the
feasibility of our proposed method.

In this preliminary study, 10% of the original training set
was randomly selected for training, while 100 samples were
drawn from the original testing set for evaluation. The training
configuration included a batch size of 2, a learning rate of le-4,
and 4 frames per input. Automatic Mixed Precision (AMP)
was enabled throughout the training process to enhance com-
putational efficiency without sacrificing model performance.
Other settings were kept consistent with those used in the full
experiments to ensure comparability.

Importantly, the entire preliminary experiment was conducted
under a no-sampling setting, meaning that no sampling tech-
niques were applied during the generation process.

Furthermore, we systematically observed the variations in
evaluation metrics, including RMSE, NMSE, SSIM, and PSNR.
This analysis allowed us to comprehensively assess the re-
liability and effectiveness of our experimental setup prior to
proceeding with the large-scale experiments.

To provide a more intuitive understanding of the model per-
formance during this preliminary stage, we visually present the
generated video frames and compared frames in Fig. 8.

B. Dataset and Input Preparation

To achieve optimal performance in our experiments, we se-
lected specific data from the UrbanRadio3D dataset, focusing
on scenarios with heights ranging from 1 m to 4 m. From this
subset, we extracted the pathloss data as the model output, which
was structured as a 4D tensor R € R *W>x4x1,

In the baseline setting without sampling, we used three
environmental feature maps as the model input: the building
segmentation map, the building height map, and the transmitter
location map. These maps were concatenated along the channel
dimension to form a 4D input tensor R € RH*W>4x3 "serying
as the conditional input to the 3D diffusion model.

In experiments where a sampling strategy was employed, we
further incorporated a sampling map to provide more detailed
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Fig. 7. Anoverview of the 3D conditional diffusion model framework. During training, the model takes as input the complete 3D radio map and learns to predict
the added Gaussian noise using a 3D denoising U-Net. The denoising process is conditioned on auxiliary information, including sparse sampling points, base
station (BS) locations, building locations, and building height maps, all of which are provided at each diffusion step. During inference, the model starts from pure
noise and progressively generates a full-resolution 3D radio map, guided by the same conditional inputs.

Pred_562_X39_Y117_HI Pred_562_X39_Y117_H2 Pred_562_X39_Y117_H3 Pred_562_X39_Y117_H4

GT_562_X39_Y117_H1 GT_562_X39_Y117_H2 GT_562_X39_Y117_H3 GT_562_X39_Y117_H4

Fig. 8. Comparison between predicted and ground truth frames at heights H=1 to H=4 for the location (562, 39, 117). The top row shows the predicted frames,
and the bottom row shows the corresponding ground truth frames.
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spatial information. With this addition, the input tensor was ex-
tendedto R € RFT>*Wx4x4 where the fourth dimension includes
the original three feature maps along with the sampling map.
This enhanced configuration enables the model to better capture
sparse signal distributions, thereby improving the quality and
efficiency of radio map generation.

The original dataset D, consists of N samples, each corre-
sponding to a unique spatial sampling instance characterized by
distinct coordinates and beamforming configurations.

The dataset is partitioned into two disjoint subsets: the training
set Dyin and the testing set Dy, such that

Dall = Dtrain U Dtesta Dtrain N Dtesl = ®7 (19)

with

|Dtrain| = |_09 X NJ, |Dtesl| =N — ‘,Dtrain‘- (20)

The splitting is performed randomly at the file level by shuffling
the sample indices and assigning the first 90% to the training set
and the remaining 10% to the testing set.

Due to the uniqueness of each sample’s spatial coordinate and
beamforming setup, the intersection between Dy, and Diey, 1S
empty, ensuring no spatial or semantic overlap exists between
the two subsets.

This strict separation guarantees statistical independence and
eliminates the possibility of information leakage from training
to testing phases.

C. Sampling Strategies

To study the influence of the sampling strategies on the
RM construction performance, we conduct experiments of RM
construction with sampling information. These strategies aim to
sparsify the input GIF tensor by selecting representative pixels.
During model training, we applied both uniform and random
sampling strategies to sparsely select data points from the con-
structed 3D radio maps. A sampling rate of 10% was adopted,
implying that for a 3D tensor consisting of 256 x 256 pixels
per slice, approximately 6,553 voxels were used for training
at each height level. This sampling density was selected to
strike a balance between computational tractability and model
generalization capability.

1) Uniform Sampling: For uniform sampling, a fixed number
of pixels are selected uniformly from each frame to form a sparse
GIF tensor. Given the tensor R € RT*WxDxC yhere:

e M and W are the height and width of each frame;

e D is the number of frames;

e ('is the number of channels.

Let Z C{1,...,H x W} represent the set of indices for
the pixels uniformly sampled from each frame. The uniform
sampling operation can be mathematically expressed as:

Sunitorm (s w, d ) = {R(h,w,d, c) if (h,w.) € Tuniform,
0 otherwise.
(21)
where Syniform denotes the resulting sparse tensor, with the
sampled pixels retained as they are from the original tensor,

while non-sampled pixels are set to a value of 0.
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TABLE V
PERFORMANCE EVALUATION ON FULL SAMPLING STEPS

Method | RMSE NMSE  SSIM  PSNR

No Sampling (1000 steps) ‘ 0.0653  0.0534  0.8309  24.00

TABLE VI
EVALUATION METRICS FOR DDIM SAMPLING (200 STEPS) WITHOUT
ADDITIONAL SAMPLING STRATEGY

Sampling Method ‘ RMSE NMSE SSIM  PSNR
No Sampling 0.1325  0.3472  0.6453 19.57
Sampling (rate 10%) | 0.0481  0.0550 0.8187  29.23

2) Random Sampling: Random sampling involves selecting
arandom subset of pixels from each frame, generating a sparse
gif tensor. This can be represented as follows:

Souon(h 0, ) — {R(h,w,d, ) if (b ) € Zantom,
0 otherwise.
(22)
Where Z.,ndom represents the randomly selected pixel indices
from the frame.

D. Experimental Parameter Configuration

The training process was configured with several key hyper-
parameters to optimize model performance. Specifically, a batch
size of 2 was used, with a learning rate set to Se-5, and an expo-
nential moving average (EMA) decay rate of 0.995. To enhance
computational efficiency, automatic mixed precision (AMP) was
enabled, and the EMA was updated every 10 iterations. The L1
loss function, known for its effectiveness in regression tasks,
was employed. The model was trained on an NVIDIA 4090
device. These hyperparameters were carefully chosen to strike a
balance between training speed and stability, while ensuring that
the model’s convergence and generalization capabilities were
optimized through the use of AMP and EMA.

E. Performance Metrics

To comprehensively evaluate the reconstruction quality of the
generated RMs, we conduct both qualitative and quantitative
analyses. Figure 9 presents the visual comparison between the
predicted and ground truth RMs across various altitudes, reveal-
ing distinct differences in spatial structure and signal distribu-
tion. These qualitative observations are quantitatively supported
by several widely adopted image quality metrics, including root
mean squared error (RMSE), normalized mean squared error
(NMSE), structural similarity index metric (SSIM), and peak
signal-to-noise ratio (PSNR), as summarized in Table V.

1) MSE: MSE is calculated by averaging the squared dif-
ferences between the pixel intensities of the original and final
images, as follows:

(23)

m=0

N-1
1
MSE = WEA{_l Z e(m,n)27
n=0
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Fig. 9.
and the bottom row shows the corresponding ground truth frames.

TABLE VII
INFERENCE TIME FOR DDIM SAMPLING AT VARIOUS STEP COUNTS

Method ‘ Steps ‘ Inference Time (s)
20 2.4300
30 3.6574
DDIM Sampling 50 6.1171
100 12.5732
200 24.3526
TABLE VIII

EVALUATION METRICS ON EACH OUTPUT

Methods Output RMSE NMSE SSIM PSNR
ToA 0.0287  0.0046  0.9740  31.25
No sampling DoA_Azi | 0.0921 0.0496 0.8603  21.85
DoA_Ele | 0.0744  0.0227 09156  24.27
ToA 0.0147  0.0012 09881  36.98
Random sampling .
(sampling rate 10%) DoA_Azi | 0.0362 0.0070  0.9582  29.55
DoA_Ele | 0.0317  0.0039 0.9669  31.45
N . ToA 0.0140  0.0010 09849  37.39
Uniform sampling
y L DoA_Azi | 0.0299 0.0047 09677  31.18
(sampling rate 10%)
DoA_Ele | 0.0227  0.0021  0.9783  34.29

where e(m, n) is the error difference between the ground truth
and the predicted image, and M and N are the height and width
of the image, respectively. The NMSE is a scaled version of
MSE used to evaluate predictive accuracy. When constructing
the RM, the RMSE is simply the square root of MSE, which is
defined as follows:

SM_ SN (Ty(m,n) = I(m, n))?

NMSE = n= , (24)
2%:1 25:1 I2(m,n)
RMSE = VMSE (25)

GT_535_X93_Y232_H3 GT_535_X93_Y232_H4

Comparison between predicted and ground truth frames at heights H=1 to H=4 for the location (535, 93, 232). The top row shows the predicted frames,

2) SSIM: SSIMis a quality assessment metric inspired by the
human visual system. Since SSIM primarily focuses on measur-
ing texture differences and there are many high-frequency details
in RM (Reconstructed Map), SSIM is suitable for evaluating the
quality of the generated results. Additionally, we believe more
attention should be paid to the brightness of signal radiation,
the contrast between signal radiation and surrounding areas,
and the accuracy of geographical maps in RM reconstruction.
This aligns with the SSIM metric, which evaluates three key
components: brightness, contrast, and structural information,
calculated as follows:

2px (x,y)py (x,y) + Cy

o) 26
%) = 2y + @) + O -
~ 20x(z,y)oy(z,y) + Co
c(z,y) = o3 (z,y) + 02 (z,y) + Cs (27)
(o) = oxy(z,y) + Cs 28)

ox(z,y)oy (z,y) + Cs

Where x and y correspond to two different input images, and .,
afc, 04y Tepresent the mean, variance of z, and the covariance
between x and y, respectively. Additionally, C7, Cs, and C5 are
constants defined as:

-2
Where L represents the dynamic range of the data. Based on

these parameters, the structural similarity can be computed as
follows:

C1 = (K1L)?, Co=(K2L)?, Cj

(2patty + C1)(0zy + Co)
(12 + p2 + C1) (0% + 02 + Cy)

3) PSNR: PSNR is defined as the ratio between the maxi-
mum possible power of a signal and the power of the noise that

interferes with its representation accuracy. PSNR is typically
expressed in decibels (dB) and provides an approximate measure

SSIM (x,y) = (29)
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. .
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Fig. 10.  Visual comparison of 3D-UNet predictions and ground truth for Delay, DoA_Ele, and DoA_Azi at 1 m (H1) and 3 m (H3) heights. Each row shows

predictions and corresponding ground truth side by side for qualitative evaluation.

of the perceived quality of a reconstruction. In image evaluation,
a higher PSNR generally indicates better image quality. For
RMs, an accurate edge signal is critical; therefore, PSNR is used
not only to assess the overall image quality but also to evaluate
the quality of edge details in the generated RMs. PSNR can be
calculated as PSNR = 10 loglO(M’"—;E).
F. Inference Time

To evaluate the computational efficiency of the model during
inference, we measured the time required to generate a com-
plete RM under different DDIM sampling steps. As shown in
Table VII, the inference time increases approximately linearly
with the number of sampling steps. Specifically, using 20 steps
yields a rapid inference time of 2.43 seconds, while increasing
to 200 steps results in a significantly longer time of 24.35
seconds. This highlights a clear trade-off between reconstruction
quality and computational cost, which is crucial for real-time or
resource-constrained deployment scenarios.

G. 3D-UNet Architecture Overview

3D-UNet [69] is an extension of the traditional UNet archi-
tecture baseline model due to its proven effectiveness in radio
map construction, as demonstrated by prior works such as Ra-
dioUNet [17], RME-GAN [22], and RadioDiff [24], all of which
employ CNN-based architectures. The use of 3D convolutional
operators further enables the model to efficiently capture spatial
correlations in volumetric wireless environments. While the
standard 2D UNet is widely used for image segmentation tasks,
3D-UNet extends its capabilities to three-dimensional data by
replacing 2D convolutional and pooling operations with their
3D counterparts. This design allows the model to capture spatial
context across depth, height, and width, making it particularly

suitable for tasks involving volumetric or temporal sequences,
such as medical imaging or spatiotemporal modeling.

The architecture retains the encoder-decoder structure of the
original UNet, where the encoder progressively reduces spatial
resolution to capture high-level features, and the decoder sym-
metrically reconstructs the output while integrating low-level
spatial information via skip connections. This combination en-
ables precise localization and accurate representation of com-
plex spatial relationships within the data.

Key advantages of 3D-UNet include:

® Enhanced spatial feature learning by considering the depth

dimension.

e Effective modeling of volumetric correlations and contex-

tual dependencies.

e Strong performance on tasks requiring dense prediction

over 3D space.

H. Application of 3D-UNet in Our Experiment

In our experiment, we employ a 3D-UNet model to learn
the mapping from environmental features to wireless propa-
gation characteristics. The network input comprises three spa-
tial feature maps: a Building Segmentation Map, a Building
Height Map, and a Transmitter Location Map. These maps
are stacked along the channel dimension to form a 4D tensor
R € RIXWx4x3 \where H and W denote the spatial resolution,
the depth dimension (4) corresponds to discrete altitude levels
(I m, 2 m, 3 m, and 4 m), and the channel dimension (3)
represents the input features. The model is trained to predict
three wireless channel characteristics: the ToA Map, the DoA
in azimuth (DoA_Azi), and the DoA in elevation (DoA_Ele).
Each target is represented as a separate 4D tensor of shape
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R € REXWx4x1 "sharing the same spatial and altitude reso-
lution as the input.

1. 3D-UNet Performance Metrics

We evaluate the performance of our 3D-UNet-based model
using four standard metrics as RMSE, NMSE, SSIM, and
PSNR. These metrics capture different aspects of prediction
quality, including accuracy, structural fidelity, and perceptual
quality. Evaluation is conducted on 1000 test samples that are
disjoint from the training set. The results for the predicted ToA,
DoA_Azi, and DoA_Ele are summarized in Table VIII.

A visual comparison is shown in Fig. 10, which aligns with
the quantitative metrics.

VI. CONCLUSION

In this paper, we have introduced UrbanRadio3D, a high-
resolution 3D x 3D radio map dataset that captures spatial, an-
gular, and temporal propagation characteristics in realistic urban
environments. To explore the feasibility of learning-based volu-
metric RM construction, we have established benchmark mod-
els, including a conditional diffusion model, RadioDiff-3D, and
a conventional 3D convolutional neural network, 3D-UNet, and
have evaluated them across pathloss, DoA, and ToA modalities
under both transmitter-aware and transmitter-agnostic settings.
These results have demonstrated the viability of data-driven 3D
RM generation and provide strong baselines for future research.
The proposed dataset and framework offer a foundational toolset
for advancing environment-aware wireless communication and
intelligent decision-making in 6G networks. Future work will
focus on extending the dataset to multi-band scenarios and inte-
grating physical priors into generative modeling. Moreover, the
integration of volumetric transformer architectures holds strong
potential for enhancing long-range spatial modeling capabilities,
especially in dynamic or large-scale urban environments where
non-local dependencies are prominent.

REFERENCES

[1] N. Cheng et al., “6G omni-scenario on-demand services provisioning:
Vision, technology and prospect(in Chinese),” Sci Sin Inform, vol. 54,
pp. 1025-1054, 2024.

[2] X.Shenetal., “Toward immersive communications in 6G,” Front. Comput.
Sci, vol. 4, 2023, Art. no. 1068478.

[3] S. B. Prathiba, G. Raja, S. Anbalagan, K. Dev, S. Gurumoorthy, and
A. P. Sankaran, “Federated learning empowered computation offloading
and resource management in 6G-V2X,” IEEE Trans. Netw. Sci. Eng.,vol.9,
no. 5, pp. 3234-3243, Sep./Oct. 2022.

[4] R. W. Liu, M. Liang, J. Nie, W. Y. B. Lim, Y. Zhang, and M. Guizani,
“Deep learning-powered vessel trajectory prediction for improving smart
traffic services in maritime Internet of Things,” IEEE Trans. Netw. Sci.
Eng., vol. 9, no. 5, pp. 3080-3094, Sep./Oct. 2022.

[5] Y. Han, S. Jin, C.-K. Wen, and X. Ma, “Channel estimation for extremely
large-scale massive MIMO systems,” IEEE Wireless Commun. Lett.,vol. 9,
no. 5, pp. 633-637, May 2020.

[6] Y.Mu, N. Garg, and T. Ratnarajah, “Federated learning in massive MIMO
6G networks: Convergence analysis and communication-efficient design,”
IEEE Trans. Netw. Sci. Eng., vol. 9, no. 6, pp. 4220-4234, Nov./Dec. 2022.

[71 C. Luo, J. Ji, Q. Wang, X. Chen, and P. Li, “Channel state infor-
mation prediction for 5G wireless communications: A deep learning
approach,” IEEE Trans. Netw. Sci. Eng., vol. 7, no. 1, pp.227-236,
Jan.—Mar. 2020.

3787

[8] X. Liu, H. Zhang, M. Sheng, W. Li, S. Al-Rubaye, and K. Long, “Ultra
dense satellite-enabled 6G networks: Resource optimization and inter-
ference management,” China Commun., vol. 20, no. 10, pp. 262-275,
Oct. 2023.

[9]1 Z. Wang et al., “A tutorial on extremely large-scale MIMO for 6G: Fun-
damentals, signal processing, and applications,” IEEE Commun. Surveys
Tuts., vol. 26, no. 3, pp. 1560-1605, thirdquarter 2024.

[10] Y. Wang,Z. Su, N. Zhang, and A. Benslimane, “Learning in the air: Secure
federated learning for UAV-assisted crowdsensing,” IEEE Trans. Netw. Sci.
Eng., vol. 8, no. 2, pp. 1055-1069, Apr.—Jun. 2021.

[11] J. Wang, C. Jin, Q. Tang, N. N. Xiong, and G. Srivastava, “Intelligent
ubiquitous network accessibility for wireless-powered MEC in UAV-
assisted B5G,” IEEE Trans. Netw. Sci. Eng., vol. 8, no. 4, pp. 2801-2813,
Oct.—Dec. 2021.

[12] S.Huang, A.Liu, S. Zhang, T. Wang, and N. N. Xiong, “BD-VTE: A novel
baseline data based verifiable trust evaluation scheme for smart network
systems,” IEEE Trans. Netw. Sci. Eng., vol. 8, no. 3, pp. 2087-2105, Jul.—
Sep. 2021.

[13] N. Cheng et al., “Space/aerial-assisted computing offloading for IoT
applications: A learning-based approach,” IEEE J. Sel. Areas Commun.,
vol. 37, no. 5, pp. 1117-1129, May 2019.

[14] Y. Zeng and X. Xu, “Toward environment-aware 6G communications
via channel knowledge map,” IEEE Wireless Commun., vol. 28, no. 3,
pp. 84-91, Jun. 2021.

[15] Y. Zeng et al., “A tutorial on environment-aware communications via
channel knowledge map for 6G,” IEEE Commun. Surveys Tuts., vol. 26,
no. 3, pp. 1478-1519, thirdquarter 2024.

[16] S. Zhang et al., “Generative Al on spectrumNet: An open benchmark of
multiband 3D radio maps,” IEEE Trans. Cogn. Commun. Netw., vol. 11,
no. 2, pp. 886-901, Apr. 2025.

[17] R. Levie, C. Yapar, G. Kutyniok, and G. Caire, “RadioUNet: Fast radio
map estimation with convolutional neural networks,” IEEE Trans. Wireless
Commun., vol. 20, no. 6, pp. 4001-4015, Jun. 2021.

[18] X. Li et al., “RadioGAT: A joint model-based and data-driven frame-
work for multi-band radiomap reconstruction via graph attention net-
works,” IEEE Trans. Wireless Commun., vol. 23,no. 11, pp. 17777-17792,
Nov. 2024.

[19] D.Wu,Z. Wu, Y. Qiu, S. Fu, and Y. Zeng, “CKMImageNet: A comprehen-
sive dataset to enable channel knowledge map construction via computer
vision,” in Proc. IEEE/CIC Int. Conf. Commun. China (ICCC Workshops),
2024, pp. 114-119.

[20] D. S. Jones, The Theory of Electromagnetism. Amsterdam, Netherlands:
Elsevier, 2013.

[21] G. A. Deschamps, “Ray techniques in electromagnetics,” Proc. IEEE,
vol. PROC-60, no. 9, pp. 1022-1035, Sep. 1972.

[22] S.Zhang, A. Wijesinghe, and Z. Ding, “RME-GAN: A learning framework
for radio map estimation based on conditional generative adversarial
network,” IEEE Internet Things J., vol. 10, no. 20, pp. 18016-18027,
Oct. 2023.

[23] G. Chen, Y. Liu, T. Zhang, J. Zhang, X. Guo, and J. Yang, “A
graph neural network based radio map construction method for ur-
ban environment,” I[EEE Commun. Lett., vol. 27, no. 5, pp. 1327-1331,
May 2023.

[24] X. Wang et al., “RadioDiff: An effective generative diffusion model
for sampling-free dynamic radio map construction,” IEEE Trans. Cogn.
Commun. Netw., vol. 11, no. 2, pp. 738=750, Apr. 2025.

[25] V.N. Vapniketal., Statistical Learning Theory. Hoboken, NJ, USA: Wiley,
1998.

[26] Y. Qiu et al., “Channel knowledge map construction based on a UAV-
assisted channel measurement system,” Drones, vol. 8, no. 5, 2024,
Art. no. 191.

[27] X. Wang et al., “Joint flying relay location and routing optimization for
6G UAV-IoT networks: A graph neural network-based approach,” Remote
Sens., vol. 14, no. 17, 2022, Art. no. 4377.

[28] C. Yapar, R. Levie, G. Kutyniok, and G. Caire, “LocUNet: Fast urban
positioning using radio maps and deep learning,” in Proc. IEEE Int. Conf.
Acoust., Speech Signal Process., 2022, pp. 4063-4067.

[29] T.Cover and P. Hart, “Nearest neighbor pattern classification,” IEEE Trans.
Inform. Theory, vol. TIT-13, no. 1, pp. 21-27, Jan. 1967.

[30] J.-P. Chiles and P. Delfiner, Geostatistics: Modeling Spatial Uncertainty.
Hoboken, NJ, USA: Wiley, 2012.

[31] A.B. H. Alaya-Feki, S. B. Jemaa, B. Sayrac, P. Houze, and E. Moulines,
“Informed spectrum usage in cognitive radio networks: Interference car-
tography,” in Proc. IEEE 19th Int. Symp. Pers., Indoor Mobile Radio
Commun., 2008, pp. 1-5.

Authorized licensed use limited to: University of Waterloo. Downloaded on January 23,2026 at 15:05:36 UTC from IEEE Xplore. Restrictions apply.



3788

[32]

[33]

[34]

[35]

[36]

[37]

[38]

[39]

[40]

[41]

[42]

[43]

[44]

[45]

[46]

[47]

[48]

[49]

[50]

[51]

[52]

[53]

[54]

[55]

K. A. F. Copeland, “Local polynomial modelling and its applications,”
J. Qual. Technol., vol. 29, no. 2, 1997, Art. no. 234. [Online]. Available:
https://doi.org/10.1080/00224065.1997.11979762

H. Sun and J. Chen, “Regression assisted matrix completion for re-
constructing a propagation field with application to source localiza-
tion,” in Proc. IEEE Int. Conf. Acoust., Speech Signal Process., 2022,
pp. 3353-3357.

S.-J. Kim, E. Dall’Anese, and G. B. Giannakis, “Cooperative spectrum
sensing for cognitive radios using Kriged kalman filtering,” IEEE J. Sel.
Topics Signal Process., vol. 5, no. 1, pp. 24-36, Feb. 2011.

E. Dall’Anese, S.-J. Kim, and G. B. Giannakis, “Channel gain map
tracking via distributed kriging,” IEEE Trans. Veh. Technol., vol. 60, no. 3,
pp. 1205-1211, Mar. 2011.

H. Sun and J. Chen, “Propagation map reconstruction via interpola-
tion assisted matrix completion,” IEEE Trans. Signal Process., vol. 70,
pp. 6154-6169, 2022.

G. Zhang, X. Fu, J. Wang, X.-L. Zhao, and M. Hong, “Spectrum cartog-
raphy via coupled block-term tensor decomposition,” IEEE Trans. Signal
Process., vol. 68, pp. 3660-3675, 2020.

R. Nikbakht, A. Jonsson, and A. Lozano, “Dual-kernel online re-
construction of power maps,” in Proc. IEEE Glob. Commun. Conf.,
2018, pp. 1-5.

K. Sato and T. Fujii, “Kriging-based interference power constraint:
Integrated design of the radio environment map and transmission
power,” IEEE Trans. Cogn. Commun. Netw., vol. 3, no. 1, pp. 13-25,
Mar. 2017.

Y.-G.Lim, Y.J. Cho, M. S. Sim, Y. Kim, C.-B. Chae, and R. A. Valenzuela,
“Map-based millimeter-wave channel models: An overview, data for BSG
evaluation and machine learning,” IEEE Wireless Commun., vol. 27, no. 4,
pp- 54-62, Aug. 2020.

Q. Zhu et al., “Map-based channel modeling and generation for U2V
mmWave communication,” IEEE Trans. Veh. Technol., vol. 71, no. 8,
pp. 8004-8015, Aug. 2022.

D. M. Gutierrez-Estevez, 1. F. Akyildiz, and E. A. Fadel, “Spa-
tial coverage cross-tier correlation analysis for heterogeneous cel-
lular networks,” I[EEE Trans. Veh. Technol., vol. 63, no. 8,
pp- 3917-3926, Oct. 2014.

Y. Teganya and D. Romero, “Deep completion autoencoders for radio map
estimation,” IEEE Trans. Wireless Commun.,vol.21,no0.3,pp. 1710-1724,
Mar. 2022.

S. Shrestha, X. Fu, and M. Hong, “Deep spectrum cartography: Complet-
ing radio map tensors using learned neural models,” IEEE Trans. Signal
Process., vol. 70, pp. 1170-1184, 2022.

X. Wang et al., “Radiodiff-K?: Helmholtz equation informed generative
diffusion model for multi-path aware radio map construction,” 2025,
arXiv:2504.15623.

X. Wang, Z. Fang, and N. Cheng, “Radiodiff-inverse: Diffusion en-
hanced bayesian inverse estimation for isac radio map construction,” 2025,
arXiv:2504.14298.

H. Li, K. Gupta, C. Wang, N. Ghose, and B. Wang, “RadioNet: Robust
deep-learning based radio fingerprinting,” in Proc. IEEE Conf. Commun.
Netw. Secur., 2022, pp. 190-198.

J. Chen, O. Esrafilian, D. Gesbert, and U. Mitra, “Efficient algorithms for
air-to-ground channel reconstruction in UAV-aided communications,” in
Proc. IEEE Globecom Workshops, 2017, pp. 1-6.

B.Zhang and J. Chen, “Constructing radio maps for UAV communications
via dynamic resolution virtual obstacle maps,” in Proc. IEEE 21st Int.
Workshop Signal Process. Adv. Wireless Commun., 2020, pp. 1-5.

W. Liu and J. Chen, “Geography-aware radio map reconstruction for
UAV-aided communications and localization,” in Proc. IEEE Int. Conf.
Commun., 2021, pp. 1-6.

J. A. Bazerque and G. B. Giannakis, “Nonparametric basis pursuit via
sparse kernel-based learning: A unifying view with advances in blind
methods,” IEEE Signal Process. Mag., vol. 30, no. 4, pp. 112-125,
Jul. 2013.

A. Alkhateeb, “Deepmimo: A generic deep learning dataset for millimeter
wave and massive MIMO applications,” 2019, arXiv:1902.06435.

N. Docomo et al., “5G channel model for bands up to100 GHz,” Technical
report, Tech. Rep. 53494093, 2016.

FE. Zhou, C. Wang, G. Wu, Y. Wu, Q. Wu, and N. Al-Dhahir, “Accurate
spectrum map construction for spectrum management through intelli-
gent frequency-spatial reasoning,” IEEE Trans. Commun., vol. 71, no. 7,
pp- 3932-3945, Jul. 2023.

A. W. Mbugua, Y. Chen, L. Raschkowski, L. Thiele, S. Jaeckel, and
W. Fan, “Review on ray tracing channel simulation accuracy in sub-6 GHz

IEEE TRANSACTIONS ON NETWORK SCIENCE AND ENGINEERING, VOL. 13, 2026

[56]

[57]

[58]

[59]

[60]

[61]

[62]

[63]

[64]

[65]

[66]
[67]

[68]

[69]

outdoor deployment scenarios,” IEEE Open J. Antennas Propag., vol. 2,
pp. 22-37,2021.

G. Liebmann, “Field plotting and ray tracing in electron optics a review of
numerical methods,” Adv. Electron. Electron Phys., vol. 2, pp. 101-149,
1950.

F. Jaensch, G. Caire, and B. Demir, “Radio map estimation—An open
dataset with directive transmitter antennas and initial experiments,” 2024,
arXiv:2402.00878.

A. Creswell, T. White, V. Dumoulin, K. Arulkumaran, B. Sengupta, and
A. A. Bharath, “Generative adversarial networks: An overview,” IEEE
Signal Process. Mag., vol. 35, no. 1, pp. 53-65, Jan. 2018.

D. P. Kingma and M. Welling, “Auto-encoding variational bayes,” in Proc.
Int. Conf. Learn. Representations, 2014.

Y. Kang et al, “Confidence-regulated generative diffusion mod-
els for reliable ai agent migration in vehicular metaverses,” 2025,
arXiv:2505.12710.

J. Wang et al., “Generative Al based secure wireless sensing for ISAC
networks,” IEEE Trans. Inf. Forensics Secur., vol. 20, pp. 5195-5210,
2025.

X. Qin et al., “Generative Al meets wireless networking: An interactive
paradigm for intent-driven communications,” IEEE Trans. Cogn. Com-
mun. Netw., vol. 11, no. 4, pp. 2056-2077, Aug. 2025.

J. Liu et al., “Optimizing resource allocation for multi-modal semantic
communication in mobile AIGC networks: A diffusion-based game ap-
proach,” IEEE Trans. Cogn. Commun. Netw.,vol. 11,no0.5, pp. 3346-3360,
Oct. 2025.

C. Zhao, J. Wang, R. Zhang, D. Niyato, D. I. Kim, and H. Du, “Signal
detection in near-field communication with unknown noise characteristics:
A diffusion model method,” 2024, arXiv:2409.14031.

F.-A. Croitoru, V. Hondru, R. T. Tonescu, and M. Shah, “Diffusion models
in vision: A survey,” IEEE Trans. Pattern Anal. Mach, vol. 45, no. 9,
pp- 10850-10869, Sep. 2023.

J. Ho, A. Jain, and P. Abbeel, “Denoising diffusion probabilistic models,”
in Proc. Adv. Neural Inf. Process. Syst., 2020, vol. 33, pp. 6840-6851.

J. Song, C. Meng, and S. Ermon, “Denoising diffusion implicit models,”
in Proc. 2020 Int. Conf. Learn. Representations, 2020, pp. 1-12.

R. Wahl, G. Wolfle, P. Wertz, P. Wildbolz, and F. Landstorfer, “Dominant
path prediction model for urban scenarios,” in Proc. 14th IST Mobile
Wireless Commun. Summit, 2005, pp. 1-5.

0. Cigek, A. Abdulkadir, S. S. Lienkamp, T. Brox, and O. Ronneberger,
“3D U-Net: Learning dense volumetric segmentation from sparse annota-
tion,” in Proc. Int. Conf. Med. Image Comput. Comput.-Assist. Interven-
tion, 2016, pp. 424-432. [Online]. Available: https://api.semanticscholar.
org/CorpusID

Xiucheng Wang (Member, IEEE) is currently work-
ing toward the Ph.D. degree from Xidian University,
Xi’an, China. His research interests include radio
maps, generative artificial intelligence, and channel
estimation.

Qiming Zhang is currently working toward the Un-
dergraduation degree with Xidian University, Xi’an,
China. His research interests include diffusion models
and radio maps.

Authorized licensed use limited to: University of Waterloo. Downloaded on January 23,2026 at 15:05:36 UTC from IEEE Xplore. Restrictions apply.


https://doi.org/10.1080/00224065.1997.11979762
https://api.semanticscholar.org/CorpusID
https://api.semanticscholar.org/CorpusID

WANG et al.: RADIODIFF-3D: A 3D x 3D RADIO MAP DATASET AND GENERATIVE DIFFUSION BASED BENCHMARK

Nan Cheng (Senior Member, IEEE) received the B.E.
and M.S. degrees from the Department of Electron-
ics and Information Engineering, Tongji University,
Shanghai, China, in 2009 and 2012, respectively, and
the Ph.D. degree from the Department of Electrical
and Computer Engineering, University of Waterloo,
Waterloo, ON, Canada, in 2016. From 2017 to 2019,
he was a Postdoctoral Fellow with the Department
of Electrical and Computer Engineering, University
of Toronto, Toronto, ON, Canada. He is currently a
Professor with the State Key Laboratory of ISN and
School of Telecommunications Engineering, Xidian University, Xi’an, Shaanxi,
China. He has authored or coauthored more than 90 journal papers in IEEE Trans-
actions and other top journals. His research interests include BSG/6G, Al-driven
future networks, and space-air—ground-integrated networks. Prof. Cheng is an
Associate Editor for [IEEE TRANSACTIONS ON VEHICULAR TECHNOLOGY, IEEE
Open Journal of the Communications Society, and Peer-to-Peer Networking and
Applications. He is/was the Guest Editor of several journals.

Junting Chen (Member, IEEE) received the
B.Sc. degree in electronic engineering from Nanjing
University, Nanjing, China, in 2009, and the Ph.D. de-
gree in electronic and computer engineering from The
Hong Kong University of Science and Technology,
Hong Kong, SAR, China, in2015. From 2014 to 2015,
he was a Visiting Student with Wireless Information
and Network Sciences Laboratory, Massachusetts In-
stitute of Technology (MIT), Cambridge, MA, USA.
He was a Postdoctoral Research Associate with Com-
munication Systems Department, Eurecom, Sophia
Antipolis, France, from 2015 to 2016 and Ming Hsieh Department of Electrical
Engineering, University of Southern California, Los Angeles, CA, USA, from
2016 to 2018. He is currently an Assistant Professor with the School of Science
and Engineering and Future Network of Intelligence Institute, The Chinese
University of Hong Kong, Shenzhen, China. His research interests include
channel estimation, MIMO beamforming, machine learning, optimization for
wireless communications and localization, radio map sensing, construction, and
application for wireless communications. He was the recipient of HKTIIT Post-
Graduate Excellence Scholarships in 2012. He was nominated as an Exemplary
Reviewer of IEEE WIRELESS COMMUNICATIONS LETTERS in 2018. His article
was the recipient of Charles Kao Best Paper Award from WOCC 2022.

Zezhong Zhang (Member, IEEE) is currently a Re-
search Assistant Professor with the School of Sci-
ence and Engineering, Shenzhen Future Network of
Intelligence Institute and Guangdong Provincial Key
Laboratory of Future Networks of Intelligence, The
Chinese University of Hong Kong, Shenzhen, China.
His research interests include edge learning, radio
map estimation, integrated sensing and communica-
tion, and B5G technologies.

Zan Li (Fellow, IEEE) received the B.S. degree in
communications engineering, and the M.S. and Ph.D.
degrees in communication and information systems
from Xidian University, Xi’an, China, in 1998, 2001,
and 2006, respectively. She is currently a Professor
with the State Key Laboratory of Integrated Ser-
vices Networks, School of Telecommunications En-
gineering, Xidian University. Her research interests
include wireless communications and signal process-
ing, covert communication, spectrum sensing, and
cooperative communications. Prof. Li was awarded
the National Science Fund for Distinguished Young Scholars. She is an Associate
Editor for IEEE TRANSACTIONS ON COGNITIVE COMMUNICATIONS, Networking,
and China Communications. She is also a fellow of the Institution of Engi-
neering and Technology, China Institute of Electronics, and China Institute of
Communications.

3789

Shuguang Cui (Fellow, IEEE) received the Ph.D.
degree in electrical engineering from Stanford Uni-
versity, Stanford, CA, USA, in 2005. He was an
Assistant Professor, Associate Professor, Full Profes-
sor, and Chair Professor of electrical and computer
engineering with the University of Arizona, Texas
A&M University, UC Davis, and The Chinese Uni-
versity of Hong Kong-Shenzhen (CUHK-Shenzhen),
Shenzhen, China, respectively. He was the Executive
Dean with the School of Science and Engineering,
CUHK-Shenzhen and Director with the Future Net-
work of Intelligence Institute. His current research focuses on merging between
AT and communication networks. Dr. Cui is currently a Fellow of the Canadian
Academy of Engineering and Royal Society of Canada and member of the
Steering Committee for IEEE TRANSACTIONS ON BIG DATA. He is also the
Editor-in-Chief of IEEE TRANSACTIONS ON MOBILE COMPUTING, Area Editor
of IEEE Signal Processing Magazine, and Associate Editor for IEEE TRANS-
ACTIONS ON BIG DATA, IEEE TRANSACTIONS ON SIGNAL PROCESSING, IEEE
JOURNAL ON SELECTED AREAS IN COMMUNICATIONS, IEEE TRANSACTIONS
ON GREEN COMMUNICATIONS AND NETWORKING, and IEEE TRANSACTIONS
ON WIRELESS COMMUNICATIONS. He is the Chair of the Steering Committee
for IEEE TRANSACTIONS ON COGNITIVE COMMUNICATIONS AND NETWORKING
and Vice Chair of IEEE VT Fellow Evaluation Committee and member of
IEEE ComSoc Award Committee. He was an Elected Member of IEEE Signal
Processing Society SPCOM Technical Committee from 2009 to 2014 and
Elected Chair of IEEE ComSoc Wireless Technical Committee from 2017 to
2018. He was selected as a Thomson Reuters Highly Cited Researcher and listed
in the World’s Most Influential Scientific Minds by ScienceWatch in 2014. He
was elected as an IEEE ComSoc Distinguished Lecturer in 2014 and IEEE VT
Society Distinguished Lecturer in 2019.

Xuemin (Sherman) Shen (Fellow, IEEE) received
the Ph.D. degree in electrical engineering from Rut-
gers University, New Brunswick, NJ, USA, in 1990.
He is currently an University Professor with the De-
partment of Electrical and Computer Engineering,
University of Waterloo, Waterloo, ON, Canada. His
research interests include network resource manage-
ment, wireless network security, Internet of Things,
5 G and beyond, and vehicular networks. He is also
a Registered Professional Engineer of ON, Canada,
Fellow of the Engineering Institute of Canada, Cana-
dian Academy of Engineering, and Royal Society of Canada, Foreign Member
of the Chinese Academy of Engineering, and Distinguished Lecturer of IEEE
Vehicular Technology Society and Communications Society. Dr. Shen was the
recipient of “West Lake Friendship Award” from Zhejiang Province in 2023,
President’s Excellence in Research from the University of Waterloo in 2022,
Canadian Award for Telecommunications Research from the Canadian Society
of Information Theory in 2021, R.A. Fessenden Award in 2019 from IEEE,
Canada, Award of Merit from the Federation of Chinese Canadian Professionals
(Ontario) in 2019, James Evans Avant Garde Award in 2018 from the IEEE
Vehicular Technology Society, Joseph LoCicero Award in 2015, and Educa-
tion Award in 2017 from the IEEE Communications Society (ComSoc), and
Technical Recognition Award from Wireless Communications Technical Com-
mittee in 2019, and AHSN Technical Committee in 2013, Excellent Graduate
Supervision Award in 2006 from the University of Waterloo, and Premier’s
Research Excellence Award in 2003 from the Province of ON, Canada. He
is/was the General Chair of 6G Global Conference’23 and ACM Mobihoc’15,
Technical Program Committee Chair or Co-Chair of IEEE Globecom’24, 16
and 07, IEEE Infocom’14, IEEE VTC’10 Fall, and Chair of IEEE ComSoc
Technical Committee on Wireless Communications. He is the President of IEEE
ComSoc. He was the Vice President of Technical & Educational Activities, Vice
President of Publications, Member-at-Large on the Board of Governors, chair of
Distinguished Lecturer Selection Committee, and member of the IEEE Fellow
Selection Committee of the ComSoc. Dr. Shen was the Editor-in-Chief of IEEE
INTERNET OF THINGS JOURNAL, IEEE NETWORK, and /ET Communications.

Authorized licensed use limited to: University of Waterloo. Downloaded on January 23,2026 at 15:05:36 UTC from IEEE Xplore. Restrictions apply.




<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles true
  /AutoRotatePages /None
  /Binding /Left
  /CalGrayProfile (Gray Gamma 2.2)
  /CalRGBProfile (sRGB IEC61966-2.1)
  /CalCMYKProfile (U.S. Web Coated \050SWOP\051 v2)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Warning
  /CompatibilityLevel 1.4
  /CompressObjects /Off
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /CreateJobTicket false
  /DefaultRenderingIntent /Default
  /DetectBlends true
  /DetectCurves 0.0000
  /ColorConversionStrategy /sRGB
  /DoThumbnails true
  /EmbedAllFonts true
  /EmbedOpenType false
  /ParseICCProfilesInComments true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 1048576
  /LockDistillerParams true
  /MaxSubsetPct 100
  /Optimize true
  /OPM 0
  /ParseDSCComments false
  /ParseDSCCommentsForDocInfo true
  /PreserveCopyPage true
  /PreserveDICMYKValues true
  /PreserveEPSInfo false
  /PreserveFlatness true
  /PreserveHalftoneInfo true
  /PreserveOPIComments false
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts true
  /TransferFunctionInfo /Remove
  /UCRandBGInfo /Preserve
  /UsePrologue false
  /ColorSettingsFile ()
  /AlwaysEmbed [ true
    /Algerian
    /Arial-Black
    /Arial-BlackItalic
    /Arial-BoldItalicMT
    /Arial-BoldMT
    /Arial-ItalicMT
    /ArialMT
    /ArialNarrow
    /ArialNarrow-Bold
    /ArialNarrow-BoldItalic
    /ArialNarrow-Italic
    /ArialUnicodeMS
    /BaskOldFace
    /Batang
    /Bauhaus93
    /BellMT
    /BellMTBold
    /BellMTItalic
    /BerlinSansFB-Bold
    /BerlinSansFBDemi-Bold
    /BerlinSansFB-Reg
    /BernardMT-Condensed
    /BodoniMTPosterCompressed
    /BookAntiqua
    /BookAntiqua-Bold
    /BookAntiqua-BoldItalic
    /BookAntiqua-Italic
    /BookmanOldStyle
    /BookmanOldStyle-Bold
    /BookmanOldStyle-BoldItalic
    /BookmanOldStyle-Italic
    /BookshelfSymbolSeven
    /BritannicBold
    /Broadway
    /BrushScriptMT
    /CalifornianFB-Bold
    /CalifornianFB-Italic
    /CalifornianFB-Reg
    /Centaur
    /Century
    /CenturyGothic
    /CenturyGothic-Bold
    /CenturyGothic-BoldItalic
    /CenturyGothic-Italic
    /CenturySchoolbook
    /CenturySchoolbook-Bold
    /CenturySchoolbook-BoldItalic
    /CenturySchoolbook-Italic
    /Chiller-Regular
    /ColonnaMT
    /ComicSansMS
    /ComicSansMS-Bold
    /CooperBlack
    /CourierNewPS-BoldItalicMT
    /CourierNewPS-BoldMT
    /CourierNewPS-ItalicMT
    /CourierNewPSMT
    /EstrangeloEdessa
    /FootlightMTLight
    /FreestyleScript-Regular
    /Garamond
    /Garamond-Bold
    /Garamond-Italic
    /Georgia
    /Georgia-Bold
    /Georgia-BoldItalic
    /Georgia-Italic
    /Haettenschweiler
    /HarlowSolid
    /Harrington
    /HighTowerText-Italic
    /HighTowerText-Reg
    /Impact
    /InformalRoman-Regular
    /Jokerman-Regular
    /JuiceITC-Regular
    /KristenITC-Regular
    /KuenstlerScript-Black
    /KuenstlerScript-Medium
    /KuenstlerScript-TwoBold
    /KunstlerScript
    /LatinWide
    /LetterGothicMT
    /LetterGothicMT-Bold
    /LetterGothicMT-BoldOblique
    /LetterGothicMT-Oblique
    /LucidaBright
    /LucidaBright-Demi
    /LucidaBright-DemiItalic
    /LucidaBright-Italic
    /LucidaCalligraphy-Italic
    /LucidaConsole
    /LucidaFax
    /LucidaFax-Demi
    /LucidaFax-DemiItalic
    /LucidaFax-Italic
    /LucidaHandwriting-Italic
    /LucidaSansUnicode
    /Magneto-Bold
    /MaturaMTScriptCapitals
    /MediciScriptLTStd
    /MicrosoftSansSerif
    /Mistral
    /Modern-Regular
    /MonotypeCorsiva
    /MS-Mincho
    /MSReferenceSansSerif
    /MSReferenceSpecialty
    /NiagaraEngraved-Reg
    /NiagaraSolid-Reg
    /NuptialScript
    /OldEnglishTextMT
    /Onyx
    /PalatinoLinotype-Bold
    /PalatinoLinotype-BoldItalic
    /PalatinoLinotype-Italic
    /PalatinoLinotype-Roman
    /Parchment-Regular
    /Playbill
    /PMingLiU
    /PoorRichard-Regular
    /Ravie
    /ShowcardGothic-Reg
    /SimSun
    /SnapITC-Regular
    /Stencil
    /SymbolMT
    /Tahoma
    /Tahoma-Bold
    /TempusSansITC
    /TimesNewRomanMT-ExtraBold
    /TimesNewRomanMTStd
    /TimesNewRomanMTStd-Bold
    /TimesNewRomanMTStd-BoldCond
    /TimesNewRomanMTStd-BoldIt
    /TimesNewRomanMTStd-Cond
    /TimesNewRomanMTStd-CondIt
    /TimesNewRomanMTStd-Italic
    /TimesNewRomanPS-BoldItalicMT
    /TimesNewRomanPS-BoldMT
    /TimesNewRomanPS-ItalicMT
    /TimesNewRomanPSMT
    /Times-Roman
    /Trebuchet-BoldItalic
    /TrebuchetMS
    /TrebuchetMS-Bold
    /TrebuchetMS-Italic
    /Verdana
    /Verdana-Bold
    /Verdana-BoldItalic
    /Verdana-Italic
    /VinerHandITC
    /Vivaldii
    /VladimirScript
    /Webdings
    /Wingdings2
    /Wingdings3
    /Wingdings-Regular
    /ZapfChanceryStd-Demi
    /ZWAdobeF
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages true
  /ColorImageMinResolution 150
  /ColorImageMinResolutionPolicy /OK
  /DownsampleColorImages false
  /ColorImageDownsampleType /Bicubic
  /ColorImageResolution 900
  /ColorImageDepth -1
  /ColorImageMinDownsampleDepth 1
  /ColorImageDownsampleThreshold 1.00111
  /EncodeColorImages true
  /ColorImageFilter /DCTEncode
  /AutoFilterColorImages true
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /ColorImageDict <<
    /QFactor 0.40
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /AntiAliasGrayImages false
  /CropGrayImages true
  /GrayImageMinResolution 150
  /GrayImageMinResolutionPolicy /OK
  /DownsampleGrayImages false
  /GrayImageDownsampleType /Bicubic
  /GrayImageResolution 1200
  /GrayImageDepth -1
  /GrayImageMinDownsampleDepth 2
  /GrayImageDownsampleThreshold 1.00083
  /EncodeGrayImages true
  /GrayImageFilter /DCTEncode
  /AutoFilterGrayImages true
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /GrayImageDict <<
    /QFactor 0.40
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /AntiAliasMonoImages false
  /CropMonoImages true
  /MonoImageMinResolution 1200
  /MonoImageMinResolutionPolicy /OK
  /DownsampleMonoImages false
  /MonoImageDownsampleType /Bicubic
  /MonoImageResolution 1600
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 1.00063
  /EncodeMonoImages true
  /MonoImageFilter /CCITTFaxEncode
  /MonoImageDict <<
    /K -1
  >>
  /AllowPSXObjects false
  /CheckCompliance [
    /None
  ]
  /PDFX1aCheck false
  /PDFX3Check false
  /PDFXCompliantPDFOnly false
  /PDFXNoTrimBoxError true
  /PDFXTrimBoxToMediaBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXSetBleedBoxToMediaBox true
  /PDFXBleedBoxToTrimBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXOutputIntentProfile (None)
  /PDFXOutputConditionIdentifier ()
  /PDFXOutputCondition ()
  /PDFXRegistryName ()
  /PDFXTrapped /False

  /CreateJDFFile false
  /Description <<
    /CHS <FEFF4f7f75288fd94e9b8bbe5b9a521b5efa7684002000410064006f006200650020005000440046002065876863900275284e8e55464e1a65876863768467e5770b548c62535370300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c676562535f00521b5efa768400200050004400460020658768633002>
    /CHT <FEFF4f7f752890194e9b8a2d7f6e5efa7acb7684002000410064006f006200650020005000440046002065874ef69069752865bc666e901a554652d965874ef6768467e5770b548c52175370300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c4f86958b555f5df25efa7acb76840020005000440046002065874ef63002>
    /DAN <>
    /DEU <>
    /ESP <>
    /FRA <>
    /ITA (Utilizzare queste impostazioni per creare documenti Adobe PDF adatti per visualizzare e stampare documenti aziendali in modo affidabile. I documenti PDF creati possono essere aperti con Acrobat e Adobe Reader 5.0 e versioni successive.)
    /JPN <>
    /KOR <FEFFc7740020c124c815c7440020c0acc6a9d558c5ec0020be44c988b2c8c2a40020bb38c11cb97c0020c548c815c801c73cb85c0020bcf4ace00020c778c1c4d558b2940020b3700020ac00c7a50020c801d569d55c002000410064006f0062006500200050004400460020bb38c11cb97c0020c791c131d569b2c8b2e4002e0020c774b807ac8c0020c791c131b41c00200050004400460020bb38c11cb2940020004100630072006f0062006100740020bc0f002000410064006f00620065002000520065006100640065007200200035002e00300020c774c0c1c5d0c11c0020c5f40020c2180020c788c2b5b2c8b2e4002e>
    /NLD (Gebruik deze instellingen om Adobe PDF-documenten te maken waarmee zakelijke documenten betrouwbaar kunnen worden weergegeven en afgedrukt. De gemaakte PDF-documenten kunnen worden geopend met Acrobat en Adobe Reader 5.0 en hoger.)
    /NOR <>
    /PTB <>
    /SUO <>
    /SVE <>
    /ENU (Use these settings to create PDFs that match the "Suggested"  settings for PDF Specification 4.0)
  >>
>> setdistillerparams
<<
  /HWResolution [600 600]
  /PageSize [612.000 792.000]
>> setpagedevice


