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Abstract—Reconstructing Radio-Frequency (RF) Radiance
Fields is essential for modeling signal propagation in wireless
systems but remains challenging due to complex wave phenom-
ena such as reflection, scattering, and diffraction—particularly
when the environment’s geometry and material properties are
unknown. Recent neural approaches, such as NeRF2, employ
large differentiable models for RF reconstruction but require
dense spatial sampling and compute-intensive per-environment
training, limiting their practicality in dynamic or quasi-static
scenarios.

We propose a training-free, physics-assisted alternative based
on a Gaussian Process (GP) with an adaptive spatio-temporal
kernel, whose hyperparameters are estimated via maximum
likelihood. Our model incorporates prior physical knowledge by
representing the received signal as a linear combination of rays
from different angles, allowing the GP to implicitly capture the
spatial structure of the RF field in a physics-assisted manner. The
kernel captures local structural and temporal patterns, while the
GP framework naturally provides predictive uncertainty. Poste-
rior variance guides active sampling, prioritizing regions of high
information content to efficiently collect the most informative
measurements.

Experiments show that our method substantially reduces the
number of required RF observations while maintaining high
reconstruction fidelity, enabling real-time adaptation in dynamic
environments and offering a scalable, data-efficient solution for
RF field estimation.

Index Terms—Active learning, Gaussian process, local kernel,
fast adaptation, radio-frequency radiance field.

I. INTRODUCTION

The modeling of electromagnetic fields in complex indoor
and outdoor environments, particularly at radio frequency
(RF) bands, has become increasingly critical for emerging
applications in network planning and wireless communications
[1]–[4]. RF signal propagation is fundamentally shaped by
material properties and wave phenomena including reflection,
refraction, and diffraction from object geometries in the scene.
Similar to view synthesis for cameras, RF Radiance Field
modeling aims to determine the total received power at any
given spatial position.

A recent work, NeRF2 [5], explores adapting neural-based
novel view synthesis (NVS) techniques—such as Neural Radi-
ance Fields (NeRF) [6]—from the visual to the radio domain,
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yielding promising initial results. However, two significant
challenges limit the practical deployment of such approaches.
First, due to the limited aperture size of radio antennas
compared to optical sensors, these methods require an excep-
tionally high sampling density—on the order of 200 samples
per square foot—compared to the dozens of images per scene
typically sufficient for optical NVS. Second, RF systems often
require real-time operation under stringent computational con-
straints, rendering neural-network-based reconstruction meth-
ods impractical for most real-time RF field reconstruction.

More recently, extensions of 3D Gaussian Splatting (GS)
[7], originally developed to accelerate radiance-field training in
vision, have been adapted to RF radiance-field reconstruction
[8]. In these approaches, the RF field is represented using
Gaussian primitives—deterministic Gaussian functions that
encode local properties such as spatial location, extent, and
signal strength—and the field is reconstructed by aggregating
the contributions of all primitives. GSpaRC [9] further demon-
strates a low-latency GS-based approach for RF signal recon-
struction. While these methods were developed independently
and appeared after the completion of our work, as shown later
in our paper, they still require a large number of measurements
to achieve accurate reconstruction. Moreover, neither NeRF2
nor RF variants of 3D Gaussian Splatting provide uncertainty
estimates for the reconstructed fields. As a consequence, these
methods do not support uncertainty-aware sequential decision-
making or active sampling, nor do they offer a principled
assessment of reconstruction reliability or guidance on which
additional measurements would be most informative. These
limitations significantly reduce their applicability in adaptive
or resource-constrained settings.

To address these challenges, we propose a Gaussian recon-
struction framework based on Gaussian processes for modeling
RF Radiance Fields. Our key insight is to represent the RF field
as a spatially continuous Gaussian random field, populated
with virtual signal sources modeled as Gaussian random
variables. This formulation enables accurate reconstruction
from sparse RF measurements while explicitly quantifying
uncertainty. Specifically, for any target location, our method
provides not only a prediction of the RF Radiance Field—and
thus received signal power—but also an associated predictive
variance, enabling principled uncertainty-aware inference and
adaptive measurement strategies.

The practical contribution of our work is to incorporate ac-
tive sampling by taking measurements at the positions with the
highest uncertainty, which significantly reduces the required
sampling density. Moreover, with this approach, our method
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can adapt to quasi-dynamic scene changes by collecting only
a few measurements and comparing them with the past RF
Radiance Field. When changes are detected, our method
guides the agent in identifying which additional measurements
are needed, allowing the RF Radiance Field to be updated
accordingly. This capability distinguishes our method from
existing approaches and makes it more suitable for real-world
applications.

We evaluate our method in both synthetic and real en-
vironments, demonstrating superior performance in terms of
computational and sampling efficiency, while maintaining high
reconstruction accuracy. As a result, our proposed method
is particularly advantageous when the number of available
samples is limited.

Our contributions can be summarized as follows:
• No pre-training required: Our proposed method does

not require any pre-training to make predictions at arbi-
trary target positions. Instead, the kernel hyperparameters
of the Gaussian reconstruction model are estimated via
maximum likelihood during model fitting. This procedure
avoids environment-specific neural network training and
eliminates the need for iterative optimization over large
neural models.

• An uncertainty model is provided: We provide an
uncertainty model for any given position in the RF
Radiance Field, allowing users to determine if additional
observations are needed to reduce uncertainty in specific
areas—an ability that neither NeRF2 nor Gaussian Splat-
ting methods offer.

• Reduction in the number of samples: With the help
of our uncertainty model, highly informative samples are
prioritized, reducing the number of measurements needed
to achieve performance comparable to NeRF2. Our ex-
periments show a 30% to 60% reduction in required
samples on synthetic data. On real-world collected data,
NeRF2 fails to achieve comparable accuracy—even when
trained on the full dataset—so does GSpaRC which also
struggles. In contrast, our method achieves lower error
with significantly fewer samples across both small and
larger-scale environments.

• Fast adaptation to quasi-dynamic scene changes: Our
proposed method efficiently adapts to changes in the
scene by focusing on learning the variations to reconstruct
the new RF Radiance Field.

II. RELATED WORKS

Neural representations for scene understanding have revolu-
tionized computer vision and graphics [10]–[16], particularly
since the seminal work of Neural Radiance Fields (NeRF)
[6]. NeRF demonstrated that complex 3D scenes can be
represented through implicit neural networks that encode both
spatial geometry (via volumetric density) and view-dependent
appearance (via directional radiance). This enables photore-
alistic novel view synthesis without explicit 3D modeling.
Recent work such as NeRF2 [5] has extended neural scene
representations beyond visible light to RF domains. Subse-
quent approaches have explored different representation strate-

gies. For example, WiNeRT [17] bridges neural and physics-
based methods through learnable material-specific reflection
parameters, while RFCanvas [18] introduces a fully explicit
representation that can adapt to RF field dynamics. The most
recently developed Gaussian Splatting methods, such as RF-
3DGS [8] and GSpaRC [9], represent RF fields using deter-
ministic Gaussian primitives, achieving improved reconstruc-
tion efficiency over neural networks. However, these methods
are fundamentally limited by their reliance on optimization-
based training from dense RF measurements and do not
provide uncertainty estimates, making them impractical for
active learning scenarios where sample efficiency is crucial.

In contrast, we model RF Radiance Fields using Gaussian
processes, which provide an explicit measure of reconstruction
uncertainty. This allows active learning, where measurements
are prioritized in regions of high uncertainty, significantly
reducing the number of samples required. As a result, our
approach is particularly well-suited for real-world applica-
tions in which data collection is costly or time-constrained.
Table I summarizes the key characteristics of different RF
Radiance Field reconstruction paradigms, including neural-
network-based methods, Gaussian Splatting-based methods,
and our Gaussian Process approach.

III. PRELIMINARY

In this section, we present an overview of the system model
and the fundamental properties of Gaussian random processes.

A. Notations

We use boldface letters to represent random variables and
random vectors. (⃗.) denotes a vector, while capital letters
represent matrices. (·)T denotes the transpose operation. E
is the expectation operator.

B. System Model and Ray Structure

We assume that the scene remains static during a given time
slot. We model each position in the room as an omnidirectional
virtual signal source. Specifically, for time slot t, the virtual
signal at position p, is denoted as xt(p). Furthermore, the
received signal power at any position is modeled as a sum
of R different rays from different angles. The received signal
from each ray is modeled as a linear combination of the N
virtual signal source sampled on the ray, as shown in Fig. 1.

Fig. 1. The Radiance Field in the RF domain, as measured by an omnidi-
rectional antenna, exhibits a simple radial ray structure. Additionally, the RF
signal experiences significant path loss, which simplifies the inverse problem
by limiting long-range interference.
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TABLE I
COMPARISON OF REPRESENTATIVE RF RADIANCE FIELD RECONSTRUCTION PARADIGMS, INCLUDING NEURAL-NETWORK-BASED METHODS,

GAUSSIAN SPLATTING-BASED METHODS, AND OUR GAUSSIAN PROCESS FRAMEWORK

Aspect Neural-network-based
(e.g., NeRF2 [5])

Gaussian Splatting-based
(e.g., GSpaRC [9]) Gaussian Process (Ours)

Representation Neural network Deterministic Gaussian primitives Gaussian Process
Training Gradient descent Gradient descent ML estimation of kernel hyperparameters

Uncertainty No No Yes (posterior variance)
Sample efficiency Low Low High
Active sampling No No Yes

Dynamic adaptation Retraining required Retraining required Incremental update

For time slot t the received signal can be written as:

yt(p) ≜
R∑

r=1

N∑
n=1

αr,n · xt(p+ sr,n). (1)

Here, yt(p) denotes the received signal power at position p.
The terms xt(p+sr,n) represent virtual signal sources located
at positions (p + sr,n). The attenuation from each virtual
source to the receiver is captured by αr,n. In this work, the
receiver is assumed to use a single omnidirectional antenna,
so the attenuation term reflects only propagation loss. To
support different receiver configurations, one can incorporate
the corresponding antenna pattern or array factor into the
attenuation term αr,n.

The notation (p + sr,n) refers to the position of the n-th
sample on the r-th ray for the receiver placed at p. Specifically,
there are R × N virtual signal sources that contribute to the
received signal at p and their corresponding positions are given
by:

(p+ sr,n) ≜ p+ n · d ·
[
cos

(
2π r

R

)
sin

(
2π r

R

)] ,
for r = 1, 2, . . . , R and n = 1, 2, . . . , N (2)

where d is the sampling resolution on the ray. The propagation
loss for the virtual signal source position (p + sr,n) toward
receiver position p is:

αr,n ≜
β

||sr,n||
=

β

n · d
(3)

where β is the parameter for the transmission medium. In this
work, we adopt a simple path loss model as in [5].

A more accurate model could be used if additional infor-
mation, such as the transmission frequency, is available.

For notation simplicity, we rewrite the received signal model
for time slot t (1) into vector form:

yt(p) ≜ α⃗T · x⃗t(p). (4)

Notice that, although the receiver is located within the
room, some virtual signal sources may be located outside. This
approach accounts for situations where the receiver is placed
at the room’s boundary or in a corner.

C. Gaussian Random Field

For a given time slot t, we model the RF Radiance
Field as a Gaussian random process, with the virtual signal
sources—components of the RF Radiance Field—modeled as

Gaussian random variables. A Gaussian process is defined by
its mean and covariance (also known as the kernel):

• Mean: For any position p, the virtual signal is modeled
as a zero-mean Gaussian random variable.

E [xt(p)] = 0 (5)

• Covariance: The covariance between each pair of virtual
signal sources is given by:

Cov(xt(pi),xt(pj)) = σ2 exp

(
− 1

2l2
||pi − pj ||2

)
(6)

The value of σ2 represents the variance of the virtual signal
sources, which are selected based on the true transmission
power of the device within the room. The length-scale param-
eter l, controls the rate of variation of the signal; smaller values
of l indicate a sharper change in the function. In a later section,
we will demonstrate how to estimate this parameter. Note that
(6) represents the Radial Basis Function (RBF) kernel.

For information on other types of kernel functions and
guidance on selecting the appropriate kernel, we refer the
reader to [19].

With the above definitions, x⃗t(p), the collection of virtual
signal sources contributing to yt(p) is a Gaussian random
vector:

x⃗t(p) ∼ N (⃗0,Σp). (7)

Here, Σp is the covariance matrix where the (i, j)-th com-
ponent represents the covariance between the i-th and j-th
components of x⃗t(p).

Also, yt(p) is a linear combination of Gaussian random
variables. Therefore, from (4), it is itself a Gaussian random
variable with the following distribution:

yt(p) ∼ N(0, α⃗TΣpα⃗). (8)

D. Conventional Gaussian Prediction
Next, we describe how to predict the received signal power

yt(pTarget) at a given target position pTarget using M ob-
servations yt(p1),yt(p2), . . . ,yt(pM ), collected at positions
P = {p1, . . . , pM}, within the same time slot t. Since each
observation is a Gaussian random variable, the collection of M
observations can be represented as a Gaussian random vector:

y⃗t(P) ≜


yt(p1)
yt(p2)

...
yt(pM )

 = A · x⃗t(P) (9)
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where x⃗t(P) represents the collection of virtual signal sources
contributing to the M observations for time slot t:

x⃗t(P) ≜


x⃗t(p1)
x⃗t(p2)

...
x⃗t(pM )

 (10)

The matrix A is the linear combination matrix, given by:

A ≜ IM ⊗ α⃗T (11)

where IM is the M ×M identity matrix and ⊗ represents the
Kronecker product.

Next, by stacking the received signal power yt(pTarget) for
the target position pTarget into (9), we obtain a new Gaussian
random vector:[

y⃗t(P)
yt(pTarget)

]
=

[
A 0⃗

0⃗ α⃗T

]
·
[

x⃗t(P)
x⃗t(pTarget)

]
(12)

The mean and covariance matrix can be computed using
(8). We denote this distribution as:[

y⃗t(P)
yt(pTarget)

]
∼ N(

[
µ⃗t,Past

µt,Target

]
,

[
Σt,Past Σt,Past,Target

Σt,Target,Past Σt,Target

]
)

(13)

Note that from (8)) and (9), µ⃗t,Past is a zero vector and
µt,Target is a zero scalar, respectively.

With (13), the predicted value yt(pTarget) for the target
position pTarget can be calculated using the conditional prob-
ability formula:

ŷt(pTarget) ≜ yt(pTarget)|{y⃗t(P) = y⃗t(P)} (14)

• Prediction Mean:

mean(ŷt(pTarget))

= Σt,Target,PastΣ
−1
t,Past(y⃗t(P)− µ⃗t,Past) (15)

• Prediction Variance:

var(ŷt(pTarget))

= Σt,Target − Σt,Target,PastΣ
−1
t,PastΣt,Past,Target

(16)

Notice that in (16), the prediction variance at the selected
target position depends only on the target position and the
locations of all previously sampled observations.

IV. PROPOSED METHODS

Our approach consists of three main parts: Local Kernel
Estimation, Active Sampling, and Quasi-Dynamic Reconstruc-
tion. First, we use the given observations to reconstruct the
RF Radiance Field with a more precise uncertainty model
compared to equation (16). Next, leveraging this uncertainty
model, we show how observations can be collected more
efficiently. Finally, we demonstrate that when the RF Radi-
ance Field changes, only a few new samples are needed to
reconstruct the updated field.

A. Local Kernel Estimation

The computational bottleneck for conventional Gaussian
prediction arises from the matrix inversion of Σt,Past in (15)
and (16). The size of Σt,Past for M observations is M ×M .
As a result, the computational complexity is O(M3). This
complexity is particularly high in large-scale Radiance Fields
which entail a large number of observations.

Moreover, in a given scene, certain areas may consist of
empty space, where virtual signal sources are expected to
be highly correlated. In contrast, other areas may be densely
populated with objects such as tables, chairs, and other furni-
ture. In these crowded regions, the correlation between virtual
signal sources will differ from that in the empty spaces. As
a result, the uncertainty model should be adapted based on
the characteristics of the observations. Specifically, we assign
low uncertainty to smoother areas and higher uncertainty to
regions with sharper variations.

To address the two issues mentioned above, we propose a
local kernel estimation strategy that tackles both the compu-
tational complexity and the correlation locality problems. For
a selected target position pTarget, we use only the past obser-
vations sampled close to pTarget to perform the local kernel
estimation and predict yt(pTarget). Specifically, observation
yt(p) will be used for the local kernel estimation for position
pTarget, if the position of the observation, p, is sufficiently
close pTarget, that is:

{p | ∥p− pTarget∥ ≤ L} (17)

Here, L denotes the locality parameter, which can be
adjusted according to the structural complexity of the scene.
In practice, L may be selected based on available side infor-
mation. For example:

• Signal frequency: Different operating frequencies lead to
different path losses, which affect the spatial correlation
between positions.

• Room layout: Knowledge of the environment can guide
the choice of L; for instance, in rooms densely filled with
furniture, spatial correlation tends to be lower, suggesting
a smaller L is appropriate.

By incorporating such side information, users can select
L in a principled way to balance reconstruction accuracy
and computational complexity. In this work, we introduce the
concept of local kernel estimation, while leaving a systematic
quantitative method for determining the optimal L to future
research.

Once the observations for the selected target are obtained,
we estimate the kernel’s length-scale parameter l, as defined
in (6). However, instead of using a global length-scale, we
adopt a local kernel estimation approach, where the parameter
l varies based on the position of the target. Therefore, we
modify (6) as follows:

Cov(xt(pi),xt(pj)) = σ2 exp

(
− 1

2lt(pTarget)2
||pi − pj ||2

)
(18)
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Next, we perform maximum likelihood estimation to esti-
mate the local length-scale parameter lt(pTarget) in (18):

l̂t(pTarget)

= argmax
l

1

(2π)
Mlocal

2 |Σt,l|
1
2

e−
1
2 y⃗t(Plocal)

TΣ−1
t,l y⃗t(Plocal)

(19)

where y⃗t(Plocal) is a subset of y⃗t(P) that satisfies the con-
dition in (17) and Mlocal denotes the number of elements of
y⃗t,local. Note that the local length-scale parameter lt(pTarget)
indicates which areas are smooth and which exhibit sharper
spatial variations. After estimating the local kernel, we can use
equations (15) and (16) to calculate the prediction mean and
variance of yt(pTarget).

Since only Mlocal observations are used for the predic-
tion, the computation complexity is reduced from O(M3) to
O(M3

local). If the observations are uniformly distributed within
the room, then the ratio Mlocal

M is approximately πL2

size of the scene .
To illustrate the concept of local kernel estimation, we

collect 200 observations from synthetic data generated by the
NeRF2 pre-trained model, which simulates a room measuring
10m × 6m, as shown in Fig. 3. The locality parameter is set
to L = 1m. As shown in the red circle of Fig. 2,

only 7 observations are needed to predict the received signal
at the selected target position.

Fig. 2. Illustration of local kernel estimation for a selected target position.

Fig. 5 and Fig. 6 show the reconstruction results with and
without our proposed local kernel estimation. Compared to
the ground truth in Fig. 3, it is clear that the local kernel
estimation helps capture the shape details of the RF Radiance
Field, leading to a more accurate reconstruction.

B. Active Sampling

As mentioned earlier, collecting new observations can be
costly, and some may offer limited or negligible information.
In such cases, adding these samples to the reconstruction may
not significantly improve the model’s accuracy. To address
this, we propose an active sampling strategy to focus on
collecting more informative observations.

Our approach starts with an initial prediction of the RF
Radiance Field using a small number of random observations.
We then choose the next observation position based on the
highest predicted variance, as given by (16). Fig. 4 shows an
example of the prediction variance of the received signal power

Fig. 3. Simulated RF Radiance Field. Fig. 4. Prediction variance and se-
lected next samples.

Fig. 5. Prediction mean with local
kernel estimation.

Fig. 6. Prediction mean without local
kernel estimation.

across different positions. After a few initial observations,
only certain areas of the scene exhibit high uncertainty (i.e.,
large variance). Thus, further observations are focused on these
high-variance regions to improve the model’s accuracy most
efficiently. Note that the high-variance regions in Fig. 4 match
the areas of sharp change in Fig. 3, which are exactly the re-
gions that require more samples to learn. The proposed method
for static RF Radiance Field is summarized in Algorithm 1.

In this work, instead of only selecting the largest variance
position each time, we divide the scene into smaller sections
and select the position with the highest variance within each
section as the next observation point. This approach helps
avoid repeatedly computing the matrix inverse in (15) and
(16) by adding only one new observation at a time. Note that
some sections may be skipped if the predicted variances of all
positions within a section are below a certain threshold.

In summary, Local Kernel Estimation helps us learn the
shape and smoothness of different regions in the RF Ra-
diance Field. Prediction variance shows which areas need
more samples and which have little uncertainty. Using this
variance, the active sampler efficiently avoids oversampling
and undersampling.

C. Quasi-Dynamic Reconstruction

Now, we explore the extension of Algorithm 1 in a quasi-
dynamic environment. We focus on the scenario where the RF
Radiance Field of the scene has already been fully measured
at time slot t, and at time slot t+1, certain regions of the RF
Radiance Field change due to environmental dynamics, such
as object movement, partial blockage, or material variations.
Instead of reconstructing the entire RF field from scratch,
we model the temporal evolution as an incremental update.
Specifically, the received signal power at a target position
PTarget can be written as:

yt+1(pTarget) = yt(pTarget) + et(pTarget) (20)
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Algorithm 1 Proposed method for static RF Radiance Field
Input:

• M : Initial number of observations
• targets: Set of target positions

Output: Predicted mean and variance for each position
Initialize: Collect M initial observations
For each target position in targets:

Step 1: Find local samples close to PTarget from the initial
observations
Step 2: Estimate the local kernel based on the selected local
samples
Step 3: Calculate the prediction mean and variance using
the estimated local kernel and the local samples
if Active Sampling then

Collect new samples at the position with the largest
variance (within each section or for the entire scene), then
return to Step 1.
end if

where et(pTarget) denotes the difference of the value between
time slot t and t + 1 for position pTarget. This formulation
allows us to treat the previously reconstructed field at time t as
a prior reference. By conditioning on this prior, we reconstruct
the RF Radiance Field at time t+ 1 by focusing on learning
the difference field induced by environmental changes.

Operationally, at time slot t+1, sparse new measurements,
are collected. We compute the difference between the newly
observed measurements and the corresponding field values
measured at time t. Next, the same Local Kernel Estimation
framework used in the static case is applied to estimate the
difference field. The updated RF Radiance Field for time slot
t+1 is then obtained by adding the estimated difference field
to the RF Radiance Field for time slot t. In this way, we
avoid making large number of observation at those regions
that remain unchanged, instead allocate sensing resources to
regions that exhibit significant temporal variations.

A key observation supporting this strategy is that envi-
ronmental changes in RF propagation are spatially correlated
and sparse. For example, the received signal power typically
varies over a localized region caused by a small number of
reflectors/objects’ movements. Based on this property, our
Active Sampling strategy prioritizes measurements in the spa-
tial neighborhood of significant variations, efficiently targeting
dynamically evolving regions of the RF Radiance Field, which
is exactly what is needed to adapt to the evolving field.
Examples will be provided in the next section.

V. EXPERIMENTS

In this section, we present the experimental validation of
our proposed method and compare it with representative ap-
proaches from two distinct methodological categories: NeRF2,
a neural network–based reconstruction method, and GSpaRC,
a Gaussian Splatting–based reconstruction method.

Experimental Setup and Data Collection: We use a set of
scenarios consistent with the Bluetooth Low Energy (BLE) lo-
calization experiments reported in NeRF2: 1) omnidirectional

antenna measurements in a single-carrier system, with only the
received signal power being recorded; and 2) high operating
SNR (negligible noise).

Evaluation Metrics: We evaluate the performance of our
algorithm, NeRF2, and GSpaRC in terms of the number of
measurements, using the mean and median absolute error
between each method’s predicted signal strength and the
ground truth.

A. Static RF Radiance Field

1) Static RF Radiance Field Scenarios: In our static RF Ra-
diance Field experiments, we consider four datasets. Scenarios
1–3 are based on the datasets provided in the original NeRF2
paper [5, Fig. 12], corresponding to indoor environments of
sizes 10,m × 6,m, 8,m × 4,m, and 8,m × 8,m, respectively.
These environments are referred to as Scenario 1, Scenario 2,
and Scenario 3 throughout this section. Scenario 4 corresponds
to a real-world measurement dataset collected in a 10,m×6,m
meeting room at a local office, following a similar data
collection procedure to provide independent validation. In
this experiment, we use a TurtleBot4 robot as the mobile
measurement platform, which carries two wireless systems: a
60,GHz mmWave system using MikroTik wAP 60G×3 routers,
and a 5,GHz WiFi system consisting of an IEEE 802.11ac
access point and an LG Nexus 5 smartphone running CSIKit
to extract received signal strength information (RSSI). Each
scenario is illustrated in Fig. 7((a))–((d)), where the red dots
indicate the real-world RF measurements collected along a
trajectory within indoor environments containing blockers and
scatterers.

In addition, for Scenarios 1–3, we use a pre-trained NeRF2
model to generate synthetic received power maps across the
entire environment at a spatial resolution of 0.1,m, illustrated
as mesh surfaces in Fig. 7((a))–((c)). These synthetic maps
provide dense reference fields for evaluating reconstruction
accuracy. For Scenario 4, however, the number of available
measurements is insufficient to train a reliable NeRF2 model;
therefore, no synthetic reference field is generated.

2) Static RF Radiance Field Results: Here, we present the
results of the experiment for static and RF Radiance Fields.
Fig. 8 and Fig. 9 compare the performance of our proposed
method, NeRF2, and GSpaRC, using synthetic data and real
measurement data, respectively. The results on synthetic data
show that our method outperforms NeRF2, reducing the num-
ber of observations by 30%–60%, and also achieves better
performance than GSpaRC. For real-world measurement data,
our method demonstrates significant improvements in both
mean absolute error (MAE) and median absolute error (Me-
dian AE) compared to NeRF2 and GSpaRC. In both synthetic
and real scenarios, our method exhibits much more stable
performance, whereas the performance of NeRF2 and GSpaRC
can vary considerably with small changes in the number of
samples. This variability arises from the randomness in the
initial weights of the neural network and the initialization of
Gaussian primitives in the Gaussian Splatting framework. With
a limited number of samples, both NeRF2 and GSpaRC strug-
gle to converge to accurate solutions. Furthermore, the results
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(a) Scenario 1 (synthetic and real data).(b) Scenario 2 (synthetic and real data).(c) Scenario 3 (synthetic and real data). (d) Scenario 4 (real data only).

Fig. 7. Synthetic and real data for various scenarios. The synthetic field is shown as a mesh surface; measured samples are indicated by red dots.

show that active sampling outperforms non-active sampling,
as it prioritizes collecting measurements from positions with
high uncertainty, improving overall reconstruction accuracy
and efficiency.

Computation time comparison: NeRF2 (running on a A6000
server) – 6 hours; GSpaRC (running on a A6000 server) – 1
minute; our method (running on a 4 core CPU laptop) – 1
minute total (non-adaptive); 10 seconds per iteration (adaptive)

B. Quasi-Dynamic RF Radiance Field

1) Static RF Radiance Field Scenarios: In the quasi-
dynamic experiments, we consider two representative cases to
evaluate the effectiveness of the proposed conditional update
strategy.

Case 1 (Synthetic Perturbation): We apply a controlled
perturbation to the pre-trained NeRF2 model to generate a
modified RF Radiance Field at time slot t + 1. This setup
allows us to isolate and analyze the behavior of the incremental
update mechanism under well-defined changes.

Case 2 (Realistic Indoor Environment): We import the
actual layout of our office building into the simulator to con-
struct a more complex RF Radiance Field within a 8m×14m
area. The environment includes typical indoor furniture such as
bookshelves, tables, and desks. Between two consecutive time
slots, selected furniture items are repositioned to emulate re-
alistic environmental dynamics, producing spatially correlated
changes in the RF propagation field.

It is important to emphasize that the proposed method does
not require prior knowledge of the object locations or the
transmitter position. The description of the scenarios studied
is only used as the ground truth for evaluation purposes. The
Algorithm, however, operates solely based on observed RF
measurements and their temporal variations.

2) Quasi-Dynamic RF Radiance Field Results: We first use
the pre-trained NeRF2 model to generate the synthetic RF
Radiance Field at time slot t + 1, shown as a mesh surface
in Fig. 10((a)). The difference between this field and the
previous field at time t is also visualized as a mesh surface in
Fig. 10((b)).

Directly learning the RF Radiance Field at t + 1 without
conditioning on the field at t can lead to excessive sampling
in regions that remain unchanged or structurally sharp. In
contrast, by conditioning on the previous field, our method
focuses on learning only the differences between consecutive

time steps, thereby prioritizing regions where meaningful
changes occur. The locations of the observations used to learn
this difference are indicated by the green dots in Fig. 10((b)).
The high-density region of green dots (highlighted by the red
square) aligns with the area experiencing significant changes
in the RF Radiance Field, demonstrating that the proposed
sampling strategy successfully concentrates measurements in
informative regions.

(a) RF Radiance Field at time slot
t+ 1.

(b) Difference of the RF Radiance Field
between time slot t and t + 1 with the
active learning samples.

Fig. 10. Comparison of RF Radiance Fields: the field at time t + 1 and its
temporal difference relative to time t.

Next, we import the actual layout of our office building
into the NVIDIA Sionna simulator, creating a more realistic
indoor environment that includes furniture such as book-
shelves, tables, and desks. The layouts at two consecutive time
slots are shown in Fig. 11((a)) and Fig. 11((b)). A signal
source is placed in the middle of the scene (indicated by
the red triangle). Using these layouts, we generate the RF
Radiance Field at time slot t+1, shown as a mesh surface in
Fig. 12((a)). The difference between the RF Radiance Fields
at time slots t and t+ 1 is also visualized as a mesh surface
in Fig. 12((b)). The green dots indicate the locations of the
observations selected by our active sampling strategy to learn
this difference. As highlighted by the red square, the high-
density sampling region corresponds to the area where the
RF Radiance Field changes significantly, demonstrating that
the proposed uncertainty-driven sampling strategy effectively
focuses measurements on informative regions.

We show the MAE of the two quasi-dynamic scene change
examples in Fig. 13((a)) and Fig. 13((b)), respectively. The
results show that, by conditioning on the RF Radiance Field
at time slot t, our approach updates the field at time slot
t+ 1 by learning the differences between the two time slots,
achieving better performance than re-estimating the entire field
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(a) Median AE for Scenario 1 (b) Median AE for Scenario 2 (c) Median AE for Scenario 3

(d) MAE for Scenario 1 (e) MAE for Scenario 2 (f) MAE for Scenario 3

Fig. 8. Performance comparison for various scenarios using synthetic data.

(a) Median AE: Scenario 1 (b) Median AE: Scenario 2 (c) Median AE: Scenario 3 (d) Median AE: Scenario 4

(e) MAE: Scenario 1 (f) MAE: Scenario 2 (g) MAE: Scenario 3 (h) MAE: Scenario 4

Fig. 9. Performance comparison for various scenarios using real measurement data.

from scratch. This strategy significantly reduces the number
of required samples, making the method more efficient and
practical for real-world wireless communication tasks such
as channel estimation, signal tracking, and radio environment
mapping.

In our experiments, instead of using the perfect RF Radiance
Field at time t, we also use an estimated field with ∼ 2 dB

MAE. Even with this imperfect prior, learning the differences
still outperforms constructing the t+1 RF Radiance Field from
scratch, demonstrating the robustness and practical advantage
of the conditional update strategy.
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(a) Layout at time slot t. (b) Layout at time slot t+ 1.

Fig. 11. Comparison of room layouts at consecutive time slots t and t+ 1.

(a) RF Radiance Field at time slot t+1.(b) Difference of the RF Radiance
Field between time slot t and t + 1
with the active learning samples.

Fig. 12. Comparison of RF Radiance Fields at time t+ 1 and their changes
relative to time t.

(a) MAE comparison from NeRF2
synthetic data.

(b) MAE comparison from Nvidia
Sionna synthetic data with real-world
layout.

Fig. 13. Comparison of MAE results for different simulation setups.

VI. CONCLUSIONS

In this work, we propose a training-free method for pre-
dicting received signal power in RF Radiance Fields. Our
approach generates predictions quickly at any location within
the scene and includes an uncertainty model. By utilizing local
kernel estimation, it offers improved computational efficiency
over traditional Gaussian prediction methods. Simulation re-
sults show that fewer samples are needed to achieve per-
formance comparable to NeRF2 and GSpaRC. Additionally,
we further reduce the number of required observations by
incorporating active sampling, which selects the most infor-
mative data points. Importantly, our method is well-suited for
dynamic wireless environments, enabling near-instantaneous
reconstruction as soon as new observations are available. This
real-time adaptability is essential for wireless communication
systems operating in rapidly changing indoor environments,
such as smart homes, offices, or industrial IoT settings.

APPENDIX A
QUASI-DYNAMIC RF RADIANCE FIELD (SIMPLE

GEOMETRIC DISPLACEMENT):

Using the NVIDIA Sionna simulator [20], we construct a
4m × 4m indoor environment containing a 2m × 2m object.
The object is then displaced by 0.2m to generate the RF
Radiance Field at the subsequent time slot, enabling evaluation
under localized structural variations. The scene layouts at the
two time slots are shown in Fig. 14((a)) and Fig. 14((b)),
where a signal source is placed at the right corner of the
environment. Using the NVIDIA Sionna model, we generate
the corresponding RF Radiance Fields for these layouts. The
RF Radiance Field at time slot t + 1 is illustrated as a mesh
surface in Fig. 15((a)). The mesh surface of the difference
between the fields at time slots t and t + 1 is shown in
Fig. 15((b)).

As the object is shifted by 0.2m, part of the region expe-
riences a signal power drop, while areas that were previously
blocked receive stronger signals. In Fig. 15((b)), the green
dots indicate the observation locations selected by our active
sampling method. The high-density regions of the collected
samples (highlighted by red squares) align with the areas
where the RF Radiance Field changes significantly.

(a) Layout at time slot t. (b) Comparison of room layouts at
consecutive time slots t and t+ 1.

Fig. 14. Comparison of room layouts at consecutive time slots t and t+ 1.

(a) RF Radiance Field at time slot t+
1.

(b) Difference of the RF Radiance
Field between time slot t and t + 1
with the active learning samples.

Fig. 15. Comparison of RF Radiance Fields at time t+ 1 and their changes
relative to time t.

The MAE comparison is shown in Fig. 16. Consistent with
the results in the previous section, conditioning on the RF
Radiance Field at time slot t allows our method to update the
field at time slot t+ 1 by learning the difference between the
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two time slots, which outperforms reconstructing the entire
field from scratch. Furthermore, even when the prior field at
time t is imperfect (∼ 2 dB MAE), learning the difference
still achieves better performance than reconstructing the RF
Radiance Field at time t+ 1 from scratch.

Fig. 16. MAE Comparison (from Nvidia Sionna).
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