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ABSTRACT

This paper proposes a multimodal learning method that leverages
camera images, LiDAR points, and RF pilots to optimize beamform-
ing in orthogonal frequency division multiplexing (OFDM) systems
under non-line-of-sight (NLoS) and dynamically changing environ-
ments. Existing image-based and LiDAR-based methods typically
rely on estimating the user location for beamforming optimization,
and are limited to line-of-sight and static environments. In contrast,
dynamic NLoS scenarios require modeling the influence of obsta-
cles that serve as reflecting surfaces. This paper focuses on these
dynamic NLoS scenarios. We propose integrating LiDAR data and
camera images with pilots to capture spatial and material informa-
tion not only about the users but also about surrounding obstacles.
The implicit NLoS channel characteristics embedded in spatial and
material information can then be utilized to optimize beamforming
in dynamic NLoS scenarios. Specifically, we propose a learning-
based framework that utilizes a keypoint detection network to ex-
tract two-dimensional spatial and material information from images.
The information from images then guides the selection of LiDAR
points to precise three-dimensional geometric information. Finally,
a graph neural network (GNN) integrates the processed image fea-
tures, selected LiDAR data, and pilots to optimize beamforming vec-
tors. Simulation shows that the proposed method achieves higher
spectral efficiency than pilot-only methods.

1. INTRODUCTION

Modern wireless communication systems widely use orthogonal fre-
quency division multiplexing (OFDM) to maintain robust communi-
cation performance [143|]. In OFDM system, the frequency band is
divided into multiple orthogonal subcarriers, which mitigates inter-
symbol interference and improves spectrum efficiency. However, de-
signing beamforming in OFDM system is challenging, as optimizing
beamforming across the subcarriers requires accurate channel state
information (CSI), which in turn requires a large number of pilots.

Pilot-based OFDM beamforming methods have been exten-
sively studied in the literature [4})5]]. For the subcarriers with pilots,
their CSI is typically estimated using least-squares (LS) or minimum
mean-square error (MMSE) methods [3]]. The CSI of the remain-
ing subcarriers is then reconstructed using interpolation or filtering
techniques, such as linear, spline, or Wiener interpolation [3}/6].
While effective with dense pilot placement, these methods suffer
performance degradation in rich multipath channels, where simple
interpolation often fails to capture the variations of the frequency
response accurately.

Recent advances in sensing technologies have enabled the ac-
quisition of spatial information about the propagation environment,
which can implicitly provide CSI beyond what is available from
the pilots. For exmaple, camera images have been used to improve

beamforming optimization [759]], and LiDAR sensors have similarly
been used for beam selection in mmWave systems [[10]. These ap-
proaches demonstrate the potential of incorporating sensing modal-
ities beyond pilots into wireless optimization. However, most ex-
isting methods assume static line-of-sight (LoS) conditions, where
user equipment (UE) location is considered the dominant factor in
determining the channel and corresponding beamforming vector. In
more practical non-line-of-sight (NLoS) scenarios with dynamic ob-
stacles, UE location alone is insufficient to characterize the channel,
and methods built on this assumption have limited applicability. This
motivates the joint use of pilots, images, and LiDAR data for beam-
forming optimization, but to the best of authors’ knowledge, this has
not been explored in prior works.

This paper proposes a multimodal beamforming framework for
OFDM systems under NLoS and dynamically changing environ-
ments. Unlike prior works that optimize beamforming based on
user location under static LoS conditions, our method leverages both
cameras and LiDAR to capture 3D spatial and material information
about UEs and obstacles that act as reflecting surfaces. The points
of reflection offer reliable information about the propagation paths,
which are particularly valuable in OFDM systems for characterizing
CSI of subcarriers. Therefore, the proposed multimodal method has
the potential to significantly improve beamforming performance in
dynamic NLoS environments.

Specifically, in the proposed method, a detection network first
extracts two-dimensional (2D) spatial and material information of
UEs and obstacles from camera images. The information from the
camera then guides the selection of LiDAR points to construct a
more concise three-dimensional (3D) description of the environ-
ment. Finally, a graph neural network (GNN) processes the selected
LiDAR data, image-derived spatial and material information, and
pilots to optimize beamforming. The proposed method is able to
achieve higher performance as compared to pilot-based methods.

2. SYSTEM MODEL

We consider a downlink OFDM system where the base station (BS)
employs a planar antenna array with M elements and the UE has
a single antenna. A camera and a LiDAR sensor are deployed to
capture visual and spatial information about the environment. Let
N denote the number of subcarriers, and define the channel matrix
as H = [hy, ha, ..., hy] € CM*Y where h,, € C™ denotes the
channel vector between the M BS antennas and the UE on the n-th
subcarrier. The channel on subcarrier n is modeled as:
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where a, € CM and 7, denote the per-antenna complex gain vector
and propagation delay of path ¢, respectively, and f,, is the baseband
frequency of subcarrier n. We assume perfect synchronization and



a sufficiently long cyclic prefix (CP), and neglect inter-symbol and
inter-carrier interference in this paper. Let s, denote the symbol
transmitted on subcarrier n, and let w,, € C™ be the beamforming
vector on subcarrier n. The vector w, is subject to the per-subcarrier
power constraint |w,,||3 < P, where P is the maximum transmit
power. The received signal at the UE on subcarrier n is
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where z, ~ CN(0,0?) denotes the additive white Gaussian noise
(AWGN). The downlink aggregate spectral efficiency across all NV
subcarriers is
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From (), we observe that the spectral efficiency depends on the
hff w,, on each subcarrier. Therefore, it is essential to obtain CSI
before optimizing the beamforming. In this paper, camera images,
LiDAR points, and pilots are utilized as the data from which we ex-
tract channel-related information.

2.1. Camera Image Processing

We first utilize camera images to extract material and 2D spatial in-
formation of the environment. Let I € R5=*5v*3 denote the image,
where S, and Sy are the width and height in pixels, and the third
dimension corresponds to the RGB channels. From camera image
I, a detection function G™(-) extracts bounding boxes B, keypoints
K, and material labels M as

(B, K, M) = g"(I), )

where B € R™Y** denotes the bounding boxes of the detected ob-
jects, K € RY %8 represents the associated keypoints, and M € RY
represents the material labels. Here, N is the maximum number of
detectable objects in the image. When the number of detected ob-
jects is smaller than N, the missing entries are padded with —1.

2.2. LiDAR Point Processing

Next, we utilize LiDAR points to extract 3D spatial information of

the UE and obstacles. Let L € RN 3 represent the set of LIDAR
points collected at the sensor, where N denotes the total number of
raw points. Since raw LiDAR data contain redundant points, bound-
ing boxes B and material labels M obtained from camera images
are used to select relevant points from L and assign each point with
a material label. The selected point set £ is obtained through the
LiDAR selection function S"(-) as

L =S8""(L,B,M), 5)

where £ represents the selected LiDAR points with their assigned
material label. The i-th element of £ can be expressed as £; =
(L, ms), where L; € R? denotes the 3D coordinates of a selected
LiDAR point and m; € M is the associated material label. The
selected set £ provides geometric and material information of the
3D environment, which contains channel characteristics because the
positions and orientations of obstacles strongly influence wireless
signal reflections.
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Fig. 1. Architecture of the keypoint detection network.

2.3. Pilot-Based RF Information

In addition to visual and LiDAR sensing, we also utilize uplink
pilots to provide direct RF-domain information about the chan-
nel. We consider a time-division duplex (TDD) system in which
the downlink CSI can be inferred from uplink pilots. We adopt
a comb-type pilot arrangement, where N, pilot symbols are uni-
formly inserted into the N subcarriers with spacing L = N/N,,
because the channel across the subcarriers are highly correlated.
Let x = [zo,Z1,. .., mN_l]T e CV denote the uplink frequency-
domain transmit vector. At subcarrier indices n = mL, m =
0,1,...,Np — 1, the elements x,,1, correspond to the known pilot
symbols. The non-pilot subcarriers are assumed to be zero. The
received pilot on subcarrier n is given by

yn :hnx7b+zny (6)

where z, ~ CN(O0, 521 ) is additive white Gaussian noise.

2.4. Multimodal Beamforming Optimization

Traditional methods first estimate the channel from the pilots and
then optimize beamforming based on the estimated CSI. In con-
trast, we bypass explicit channel estimation and directly determine
the beamformers from the uplink pilots and multimodal features as
{wo 21 = ALK, M, {y.}2_1). Note that the beamformers
are not restricted to some codebook. In this case, the multimodal
optimization problem is formulated as

maximize Rsum, (7a)
{Wn}ﬁzl
subjectto  ||w, |3 < P (7b)
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Solving requires extracting and fusing information from three
heterogeneous data sources, which is a highly challenging task. In
this paper, we adopt a data-driven approach that learns the function
F(-) directly from data.

3. DETECTION AND LIDAR SELECTION

In this section, we describe how raw camera images and LiDAR
point clouds are transformed into structured inputs suitable for mul-
timodal learning. The processing consists of two main functions: the
detection block Qimg(~), which extracts bounding boxes, keypoints,
and material labels from images, and the LiDAR selection block
S'er(.), which filters and labels LiDAR points using the image-
derived bounding boxes as regions of interest.



3.1. Image-Based Detection Block

The first component is the detection block, which corresponds to the
function G™(-) in @). As illustrated in Fig. |1} the camera image I
is processed by a fine-tuned YOLOvV11-pose model [[11]]. The model
detects the target objects in the scene and outputs 2D bounding boxes
B, material labels M, and 2D keypoints K.

In this work, we further augment 2D image with LiDAR infor-
mation. The motivation for doing so is as follows. The 3D spatial in-
formation is essential for beamforming in NLoS scenarios, because
the beamforming vector usually aligns with the dominant propaga-
tion paths, which are determined by the relative 3D positions and ori-
entations of the UE and surrounding reflecting obstacles. Although
the 2D image can already provide material information and projected
geometry, it lacks depth information and suffers from scale and oc-
clusion ambiguities, which limit its ability to accurately infer these
propagation paths. In contrast, a LIDAR sensor can supply accurate
3D coordinates of the environment, which resolve the ambiguities of
2D images and provide the geometric cues needed to identify dom-
inant reflecting paths for the beamforming. For this reason, we in-
corporate LiDAR sensing to complement the camera by providing
accurate 3D spatial information of the environment.

3.2. LiDAR Selection Block

The second component is the LiDAR selection block, which refines
the LiDAR input before feature extraction. Instead of inputting all
raw LiDAR points into the neural network, which would lead to high
computational complexity, we use information from the camera to
focus on the most relevant regions of interest. Let R € R3*3 and
t € R? denote the relative rotation and translation between the
LiDAR and camera coordinate systems. For a LIDAR point L; € R3
expressed in the LiDAR coordinate system, its coordinates in the
camera coordinate system are obtained by LS = R L; + t&.

Then, we project LS onto the image plane, where the corre-
sponding pixel coordinates are L} = (u;, v;). Using the camera in-
trinsic matrix K € R**3, the projection is given by A[u;, v;, 1] =
KLS, where ) is a homogeneous scaling factor of the camera.

Let £ = {L]z f-szl denote the set of all LiDAR points projected
onto the 2D image plane. Let b; denote the bounding box of the
j-th detected object in the image, extracted from the j-th row of the
matrix B. Itis defined as b; = [z, Yo Tjs Y ], where z;,y are
the lower pixel coordinates and Z;, ¢j; are the upper pixel coordinates
of the bounding box. From the detection network, we obtain the
material label of the object within the bounding box b;, denoted by
m;. We define the region in the image covered by the j-th bounding
box as

Bj & {(u,v) |z; Su< Ty, <v< gt ®)

For the j-th bounding box, the set of indices of projected LIDAR
points lying inside Bj; is defined as

I, 2 {i|Lie L', L; € B;}. ©)

To reduce complexity while preserving details of small objects, we
randomly select NS points from Z; to form the subset S; C Z; with
|S;| = N5.1f |Z;| < N, zero-padding is applied so that S; always
contains N elements. The filtered set of projected LIiDAR points
associated with the j-th bounding box is defined as

L5 ={(Li, my) | i € S;}. (10)
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Fig. 2. Architecture of the multimodal GNN framework.

By mapping the selected projected points back to their original 3D
LiDAR coordinates, we obtain the final filtered and labeled LiDAR
set L as

L= {(Li,my) |i€8;}, (11)

where the cardinality is |£| = N* = NSN.

The set £ from LiDAR, together with material labels M and
keypoints K from the camera, serve as inputs to the subsequent mul-
timodal learning framework.

In this way, the camera detection module and LiDAR selection
module convert raw camera images and point clouds into compact,
structured inputs that capture both geometry and material informa-
tion. This is particularly valuable for MIMO-OFDM systems, be-
cause the obtained 3D spatial information implicitly provides reflect-
ing path information and thereby captures the channel characteristics
on each subcarrier, which can be utilized to improve the efficiency
of beamforming optimization.

4. MULTIMODAL GNN FRAMEWORK

As illustrated in Fig. |Z|, the proposed framework integrates camera
images, LiDAR points, and pilots for beamforming optimization.
The processed data consist of: (i) the filtered LiDAR set £, (ii) ma-
terial labels M and keypoints K from camera images, and (iii) the
received pilots y,.

The proposed multimodal optimization framework utilizes a
GNN to extract features from LiDAR points and deep neural net-
works (DNNs) to process pilots as well as material and keypoint
information from camera images. Data from the three modalities are
first processed separately and then fused for joint optimization.

4.1. Multimodal Neural Network

In beamforming optimization, the order in which LiDAR points are
listed is irrelevant, since the beamforming decision depends only
on the overall set of spatial points. This permutation invariance
property motivates the use of GNNs, which are designed to process
unordered data. The GNN-L in Fig. [J] represents the LiDAR fea-
ture e)}{raction neural network. Given the selected LiDAR subsets
{£;}, obtained from the LiDAR selection module, each subset
L; is first mapped to an initial node feature through a DNN f(%(-),
ie.dyy = fE(L).

The features d%,o are then combined using a permutation-
invariant aggregation function p(-), such as element-wise summation
or averaging, i.e., d' = p({d]ijo}f\fl). The aggregated feature d“
captures the essential LiDAR information for beamforming opti-
mization, which is subsequently fused with the features extracted
from camera images and pilots for multimodal optimization.
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Fig. 3. Simulation scenario in NLoS environment and simulation results: (a) simulation scenario in Blensor; (b) aggregate spectral efficiency
versus transmit power; (c) aggregate spectral efficiency versus number of pilot subcarriers.

The design ensures that the final LIDAR representation d" cap-
tures the essential information from all subsets while remaining in-
variant to the ordering of points.

In parallel, the detected keypoints K and material information
M extracted from the image detection network are jointly processed
by a fully connected network fZ(-) to generate the image-derived
feature vector, i.e., d' = f3(K, M). This feature vector encodes the
2D spatial information and material types obtained from visual ob-
servations and provides complementary information to the LiDAR-
derived features for subsequent multimodal fusion.

Similarly, the received uplink pilots {y,}A_; are processed
into the feature vector through another DNN f{(-), ie., d® =
fS{yn}A_1). The resulting feature vector encodes the underlying
channel characteristics from the pilots.

4.2. Normalization and Loss Function

The extracted features from LiDAR, camera images, and pilots
are concatenated to form the multimodal representation d™ =
[d®, d’, d”]. The vector d™ is then passed to a subsequent DNN
block, which further updates the combined features for beamforming
optimization. Unlike single-carrier systems, we consider an OFDM
system, where the channel varies across subcarriers, and design
subcarrier-specific beamforming vectors for effective optimization.
The preliminary beamformer for the n-th subcarrier is obtained as
{Wnlal1 = gs(d™).

Finally, the output beamformers are normalized to satisfy the
power constraint as w,, = \/]3”‘7‘5’%, where w,, denotes the nor-
malized beamforming vector for the ¢-th subcarrier.

Given the beamformers {wn}ﬁ’:l produced by the multimodal
network, the achievable sum-rate for each sample is computed using
(B). The training loss is defined as the negative spectral efficiency.

5. DATASET GENERATION AND PERFORMANCE
EVALUATION

5.1. Dataset Generation and Benchmarks

In this section, we describe the dataset generation process and eval-
uate the proposed multimodal beamforming framework.

The simulated scenario is shown in Fig. [3[a). The CSI and cam-
era images are obtained from the Sionna ray-tracing library [12].
LiDAR data are generated using the Blensor toolbox [13]], which
simulates realistic LIDAR point clouds by modeling the scanning

patterns of the LiDAR sensor. The BS is equipped with a 3 X 3 uni-
form planar array. The OFDM system consists of 64 subcarriers with
a spacing of 240 kHz, operating at a carrier frequency of 3.5 GHz.
The cameras have a horizontal field of view of 136° and a resolution
of 1280 x 420 pixels. The noise power is set to —20 dBm.

We compare the proposed method with several benchmarks.
Learning with Pilot uses only the received pilots as input to the neu-
ral network for beamforming optimization. Multimodal with Pilot
and UE Location combines pilots with the UE location to highlight
the importance of obstacle information. Multimodal with Pilot and
LiDAR without Selection uses pilots and randomly selected LiDAR
points as input. Wiener Interpolation estimates CSI of the subcar-
riers with pilots using LMMSE and reconstructs the full channel
based on frequency-domain correlation.

5.2. Simulation Results

We examine the performance in terms of the aggregated rate over
all subcarriers in Figs. B{b) and B[c). Fig. B[b) shows the aggre-
gate spectral efficiency performance versus transmit power, where
the proposed method consistently achieves the highest rate. In con-
trast, adding only the UE location to pilots provides almost no ben-
efit compared with the pilot-only method, because in NLoS scenar-
ios the location alone does not capture the channel characteristics of
reflected paths. Multimodal learning without LiDAR selection of-
fers some gains but suffers from redundancy in the raw point clouds.
Wiener Interpolation performs worse than the learning-based meth-
ods. Fig.[3{c) shows the spectral efficiency performance versus the
number of pilot subcarriers, where the proposed algorithm again out-
performs all baselines, especially when the number of pilots is small.
Together, Figs. B[b) and 3[c) demonstrate that the proposed algo-
rithm can achieve high spectral efficiency even when the number of
pilots is limited.

6. CONCLUSION

This paper proposes a multimodal learning method that combines
pilots, camera images, and selected LiDAR for beamforming in
OFDM systems in NLOS conditions. By leveraging both sensing
data and pilots, the method reduces pilot overhead while maintaining
high spectral efficiency. Simulations show that the proposed method
outperforms pilot-only or pilot-plus-UE-location baselines, which
demonstrates the usefulness of fusing LiDAR and camera image
information for beamforming optimization in OFDM systems.
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