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Abstract—Differentiable ray tracing-based radio propagation
modeling is a powerful tool for learning material properties
from channel measurements. Prior approaches rely on idealized,
manually crafted triangle mesh models, which often lack smaller
geometric details that become important at higher frequencies.
In this paper, we perform differentiable ray tracing directly on
a noisy point cloud created from RGB-D images, eliminating the
need for handcrafted geometry. We optimize channel parameters
using THz channel measurements collected at a center frequency
of 318 GHz with a 4 GHz bandwidth. Our results demonstrate
that the channel characteristics can be extracted well with
available measurements and ray tracing. With the optimized
parameters, we achieve a mean relative rms delay spread error
of less than 5% and a mean absolute error for received power
of about 0.36 dB at novel receiver locations.

Index Terms—Ray tracing, radio propagation, point clouds,
machine learning

I. INTRODUCTION

Physically accurate simulation of radio wave propagation is
essential for designing and optimizing wireless communication
systems. Ray tracing (RT) is a powerful method to simulate the
channel in such manner, as it can exploit GPU-acceleration in
the path computation [1]. The electromagnetic computations in
the RT-based radio propagation simulations utilize frequency-
dependent material properties, which in public databases such
as ITU-R-P.2040 [2] are limited in terms of available materials.
In addition, they are only defined for specific frequency ranges.

RT produces accurate propagation paths that contains rich
information about the propagation channel that is in many
cases difficult to extract from measurements, such as angle of
arrival and departure. Unlike radio channel measurements, it
can be used to quickly estimate the radio channel characteris-
tics at thousands of positions, which is why it is a great tool for
creating synthetic datasets for machine learning applications
[3]–[8].

Radio channel measurements are still an important reference
for acquiring accurate material properties. Recent works have
explored the utilization of differentiable RT to learn the
material properties from radio channel measurements. In [9], a
small multilayer perceptron (MLP) was trained to predict the
material properties at each ray-surface intersection point based
on conducted channel measurements. In [10], a digital twin
framework was proposed that utilizes neural representation for

both electromagnetic properties and the interaction behavior.
It segments the environment model into objects, enabling
adaptation to environment changes.

However, a key limitation of these prior approaches is their
reliance on manually crafted triangle mesh models to represent
the environment. While effective in controlled settings, these
meshes often lack the fine geometric details, such as small
objects or irregular surfaces. Creating detailed meshes is time
consuming and does not scale well to dynamic environments.
Recent works have reconstructed triangle meshes from data
acquired from depth sensors such as laser scanners or RGB-
D cameras [11]–[14]. The reconstructed triangle meshes are
often a simpler representation of the environment to enable
utilization with traditional ray tracers that expect noiseless
surfaces, while simultaneously introducing additional overhead
due to the surface reconstruction.

Another research direction has been utilizing the recon-
structed point clouds directly [15]–[19]. However, often these
methods require heavy downsampling of the point cloud to
achieve acceptable computation times, which may lead to the
loss of environment details. Furthermore, approaches such as
[16], [18], [19] use conical rays, which significantly increases
the number of rays to be traced at each interaction level,
and thus, reduces the applicability for real-time or large scale
simulations.

To address these challenges, we propose a framework for
optimizing material properties based on radio channel mea-
surements directly on top of point clouds reconstructed from
RGB-D images. Our method utilizes the newest version of
our open source ray tracer NimbusRT1, presented in [20]. It is
capable of computing paths in just tens of milliseconds and it
interfaces over Sionna [21] for differentiable electromagnetic
computations. In this work, we perform the optimization by
utilizing THz channel measurements at different locations. As
a result, the method eliminates the needs for handcrafted ge-
ometry and enables fully automated and data-driven modeling
of real-world environments using consumer-grade sensors. We
validate our method by evaluating the measured and simulated
power delay profiles (PDPs) at novel receiver (Rx) locations.

1https://github.com/nvaara/NimbusRT



II. METHOD

Our method computes PDPs from simulated channel im-
pulse responses (CIRs), which are compared against measured
PDPs to define a loss. This loss is then optimized through
gradient-based refinement of the material labels assigned to
the points visualized with distinct colors in Fig. 1.

A. Ray Tracing
For simulation, we employ NimbusRT [20], a RT-based

tool for radio channel characterization that operates on point
clouds. It supports high-performance modeling of electromag-
netic wave propagation in complex environments and is robust
to sensor noise, making it well-suited for real-world RGB-
D camera data. This enables fully automated segmentation
and 3D reconstruction pipelines, allowing the creation of
environment models without manual intervention.

As an input the ray tracer expects an annotated point cloud,
where the most relevant attribute for this work is the material
label assigned to each point. The simulator allows tuning of
parameters such as maximum interaction depth and the types
of propagation mechanisms to be simulated. Based on these
inputs, it computes exact propagation paths through gradient
descent-based path length minimization based on [22] that
adapts to noise and the underlying geometry. It is capable of
simulating different propagation mechanisms, namely reflec-
tions, diffractions, and diffuse scattering. For electromagnetic
computations, NimbusRT interfaces over Sionna [21], enabling
differentiable computation with respect to parameters such as
relative permittivity and conductivity. In our setup, CIRs are
computed from the paths with

hk =

M∑
i

sinc(k − τiB)ai, (1)

where ai and τi are the complex amplitude and time delay of
ith path, B is the bandwidth, k is the delay bin index.

B. Training
We optimize material properties, namely relative permittiv-

ity ϵr ≥ 1 and conductivity σ > 0, assigned to each material
label. We use activation functions to constrain them within
their valid ranges. Our goal is to fit our ray traced paths into the
measured PDPs through differentiable electromagnetic compu-
tations by optimizing the material properties. In addition, we
learn a gain coefficient G, which represents the generic total
channel gain.

1) Loss Functions: In order to fit our simulated PDP to
the measured one, we use a rms delay spread loss, inspired by
[9]. In addition, we minimize the difference between the mean
excess delays to further enforce a similar power distribution.
The loss is formulated as

Lds = Er(τmean, τ̂mean) + Er(τrms, τ̂rms), (2)

where τmean and τ̂mean are the simulated and measured mean
excess delays, and similarly, τrms and τ̂rms are the simulated
and measured rms delay spreads, respectively.

Er(a, b) =
|a− b|

b
(3)

computes the relative error between the inputs a and b,

τrms =

√∑
k pk(τk − τmean)2∑

k pk
, (4)

and

τmean =

∑
k pkτk∑
k pk

. (5)

In the aforementioned equations, pi and τi are the power and
delay of each delay bin, respectively. Lastly, as Lds does not
account for the received power, we minimize it as follows

Lpw = Er

(
P(h)G,P(ĥ)

)
, (6)

where h and ĥ are the simulated and measured CIRs, and

P(h) =
∑
k

|hk|2. (7)

Finally, our total loss L is formulated as

L = Lds + λpwLpw, (8)

where λpw = 0.1 is a regularization hyperparameter.

III. CHANNEL MEASUREMENTS AND ENVIRONMENT
RECONSTRUCTION

The radio propagation measurement campaign was con-
ducted in the Saalastinsali Hall at the University of Oulu,
Finland. The floor layout of the measurement setup is shown
in Fig. 2. The hall consists of a large open area at ground level
and an elevated stage.

A. Channel Measurements

The transmitter (Tx) antenna was placed on the stage at
a height of 1.85 m, while the Rx antenna was positioned at
a height of 1.42 m and moved to multiple locations across
the hall. The hall walls are composed of metal, concrete, and
glass surfaces. To minimize unwanted reflections, all furniture
was removed before the measurements. The measurements
were conducted using a vector network analyzer (VNA)-based
channel sounder operating at a center frequency of 318 GHz
with a signal bandwidth of 4 GHz, with 1001 frequency
points spanning the bandwidth. Both the Tx and Rx used horn
antennas with half-power beamwidths (HPBWs) of 14.2◦ and
14.4◦ in the azimuth and elevation planes, respectively.

During the measurement campaign, both the Tx and Rx
antennas were rotated to capture the angular characteristics
of the radio channel. The Tx elevation angle was fixed at
90◦, while its azimuth was varied from 38◦ to 143◦ in 15◦

increments. The Rx antenna was rotated at two elevation
angles (i.e., 70◦ and 90◦) while sweeping the azimuth from 0◦

to 360◦ in 10◦ steps. The channel frequency responses (CFRs)
were recorded for all Tx-Rx angular combinations. The corre-
sponding directional channel impulse responses (DCIRs) were
then extracted by applying an inverse fast Fourier transform
(IFFT) combined with a Blackman-Harris window.
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Fig. 1. Overview of the steps involved in our method. Our method takes a reconstructed labeled point cloud as the input, and creates a new material for each
one of the labels. Each ray traced propagation path contains a link to the intersection material label. This information is passed to differentiable electromagnetic
computations, which enables optimization of the material parameters.

Fig. 2. The layout of Saalastinsali hall

1) Measurement Pre-processing: The constructed PDP
from the DCIRs appears as white noise due to phase offsets
between the DCIRs, as we show in Fig. 3a. However, if we
look at the separate PDPs constructed from the DCIRs in
Fig. 3b, we can see distinct peaks of the contributing multipath
components. Thus, we threshold each complex amplitude a by

10 log10(|a|2) ≥ tdB, (9)

where tdB is the threshold value the sample power. Heuristi-
cally, we chose tdB as −90 dB. Next, we choose the sample
with the largest power at each delay bin among all of the
DCIRs, and lastly, with these filtered multipath components
we compute a bandlimited CIR with Eq. (1). We showcase
the resulting PDP in Fig. 3c.

B. Environment Reconstruction

The environment was reconstructed from RGB-D data and
refined using the pre-processing, segmentation, diffraction-
edge detection, and material annotation modules of the
pipeline described in [23]. Chairs and other movable objects
were manually removed during post-processing to match the

measurement setup, while glass surfaces, not captured by the
depth sensor, were also manually added.

IV. EXPERIMENTS RESULTS AND DISCUSSION

We compute the ray traced propagation paths with the
reconstructed point cloud for each Tx-Rx pair presented in
Fig. 2. The Rxs are split into train and test datasets, where
the Rx1 and Rx13 are used for testing and the rest are
used for training. The optimization is performed for 1000
iterations using an Adam optimizer with a learning rate of
1e-2. The experiments were ran on a computer equipped with
an NVIDIA GeForce RTX 3080 GPU.

A. Training Results and Analysis

The qualitative results on the test data are illustrated in
Fig. 4, while the quantitative metrics are summarized in
Table I. We assess the relative delay spread error in Fig. 4a.
Both test scenarios exhibit clear convergence, demonstrating
a consistent reduction in delay spread error. Specifically, the
relative delay spread error τerr falls below 9% for Rx1
and under 1% for Rx13. Similarly, a consistent per iteration
improvement can be observed for the gain coefficient G in
Fig. 4b. After the training iterations, G applied to P reaches
42.87 dB. The resulting mean absolute error of the received
power is less than 0.36 dB. While the peak antenna gain is
25 dBi, it is important to note that not all propagation paths
benefit from this maximum gain in the measurements. Due
to the directional nature of the antenna patterns, many paths
arrive at non-optimal angles, resulting in lower effective gain.
The learned gain coefficient G therefore reflects a composite
contribution across all paths, not just those aligned with the
peak beam direction.

The comparison of measured and simulated PDPs at Rx1
and Rx13 is shown in Fig. 4c and Fig. 4d, respectively. From
the figures we can observe that our method is capable of
finding the significant reflection peaks with similar amplitudes
in both cases. In the case of Rx1, a diffuse-like peak can be
observed, suggesting additional arriving paths. To confirm this,
we performed the optimization with second order reflections
as well. As one can observe from the qualitative results shown
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(a) PDP constructed from all of the DCIRs. The
result looks similar to white noise and is unusable
for optimization tasks.

(b) All of the PDPs of the DCIRs visualized with
different colors. The contributing multipath com-
ponent peaks can be clearly seen here. We apply
a heuristically chosen threshold tdB to discard the
noise.
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(c) The resulting PDP after noise filtering and
multipath component extraction from the DCIRs.

Fig. 3. Measurement processing steps to determine contributing multipath components with minimal noise for training.
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(a) Relative delay spread error at each
iteration with respect to the measured
ones.
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(b) Received power per iteration
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(c) Measured and simulated PDP of
Rx1.
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(d) Measured and simulated PDP of
Rx13.

Fig. 4. Training and testing results for one reflection case with 1000 iterations.

TABLE I
QUANTITATIVE RESULTS FOR THE TEST RXS. τrms AND P ARE THE

SIMULATED RMS DELAY SPREAD AND RECEIVED POWER. THE MEASURED
COUNTERPARTS ARE τ̂rms AND P̂ . THE SYMBOLS τerr AND Perr ARE

THE RELATIVE DELAY SPREAD ERROR AND ABSOLUTE RECEIVED POWER
ERROR, RESPECTIVELY.

Case τrms (ns) τ̂rms(ns) τerr (%) P (dB) P̂ (dB) Perr (dB)
Rx1 18.11 19.86 8.82 −61.84 −61.56 0.28
Rx13 12.41 12.31 0.84 −62.24 −62.67 0.43

in Fig. 5, there is a new contributing multipath component near
the diffuse peak in the case of Rx1 and multiple second order
reflection peaks with Rx13. To further study these paths, we
generated a new CIR from the measurements with (1) and (9)
using a tdB of −100 dB to see if these peaks can be seen in
the data. The qualitative results are shown in Fig. 6, where
similar peaks near the noise level can be observed, which we
suspect to be from second order reflections. However, they are
hard to distinguish from the noise, which is why we focused
on first order reflections for the purpose of optimization.

B. Discussion

The presented results demonstrate that our method is capa-
ble of efficiently modeling the channel characteristics found
in the measurements at novel receiver locations with a mean
τerr of less than 5%. This level of precision suggests that the
ray traced paths agree with the measurements. Notably, the
high accuracy is mainly due to the presence of only first order
reflections.
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(a) Rx1.
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(b) Rx13.

Fig. 5. Paths with up to second order reflections evaluated with the test Rxs
after training.

A notable limitation are the holes in the point cloud, which
can be seen in the model shown in Fig. 1. These holes
can cause some paths to be missed that were present in
the measurements. Incomplete scanning combined with noise
may result in inaccurate normal vector estimation, which may
lead to physically incorrect propagation paths. Similarly, this
inaccurate normal estimation may happen near edges. Thus,
normal estimation play a critical role in the simulation quality,
motivating for further research in this domain.

As a result of the limitations in the segmentation method,
the material labels visualized by different colors in the point
cloud shown in Fig. 1 demonstrate multiple clusters across
surfaces. This issue is particularly critical for NimbusRT,
where these labels are used to prune duplicate propagation
paths. Even minor noise can cause paths to converge near



Fig. 6. The PDP of Rx13 computed with a threshold tdB of −100 dB,
and the evaluation results of simulated PDP trained with measurement data
generated with tdB of −90 dB. Suspected second order reflection peaks near
the simulation peaks can be observed.

segmentation boundaries, resulting in multiple nearly identical
paths. Integrating semantic segmentation methods could en-
hance path quality and reduce parameter complexity, and thus,
improving both material labeling and overall optimization.

Due to the high frequency measurements, the second order
reflections are either indistinguishable from the noise, or show
as weak peaks with respect to the noise floor. This makes the
optimization more difficult for second order reflection paths.

V. CONCLUSION

This work demonstrated that differentiable RT applied to
3D point clouds reconstructed from RGB-D frames can effec-
tively extract channel characteristics from THz measurements
conducted at a center frequency of 318 GHz with a 4 GHz
bandwidth. In this environment, our method achieves a mean
relative rms delay spread error below 5% and a mean absolute
received power error of approximately 0.36 dB at novel
receiver locations.

Future work will explore advanced algorithms for normal
vector estimation, applying semantic segmentation methods
for generating material labels, and further validation using
channel measurements across wide range of frequencies and
in more complex environments.
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