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Reliable wireless communication is essential for mobile robots operating in complex environ-
ments where signal blockage, multipath, and interference can cause sudden link degradation. This
paper describes a multimodal artificial intelligence (Al)-based framework that predicts wireless link
quality one second ahead by jointly using camera images, Light Detection and Ranging (LiDAR)
point clouds, and 2.4 GHz Wi-Fi received signal strength indicator (RSSI). The experimental results
show that multimodal prediction captures RSSI variations more accurately than single-modality
approaches, enabling robots to make proactive decisions such as slowing down, stopping, chang-
ing routes, or switching access points before communication failure occurs. The framework also
supports distributed learning for cooperative robots, where local models can share knowledge with-
out exchanging raw sensor data. Building on this foundation, the research is also being extended
toward quality-aware prediction, which considers sensor reliability, and toward multi-band prediction

across Local 5G, mmWave, and other wireless bands.

a Introduction

Japan and many other countries are facing labor

shortages caused by declining birthrates and aging
populations. Against this background, mobile robots are
increasingly expected to support inspection, monitoring,
logistics, disaster response, and other tasks in environments
that are difficult or dangerous for humans. Many of these
robots rely on wireless communication to receive control
commands and transmit sensor data, video streams, and
status information. Therefore, maintaining a reliable wireless
link is essential for safe and continuous robot operation.
Within NICT’s research on resilient information and

communication technologies, this study aims to develop

robot communication systems that can adapt before wireless
conditions become critical. Conventional robot systems
often respond only after link quality has already degraded,
which may be too late for remotely controlled or networked
robots. In practical environments such as disaster sites,
factories, tunnels, and infrastructure facilities, radio waves
are strongly affected by obstacles, metallic structures,
reflection, diffraction, shadowing, multipath propagation,
and interference. Multipath propagation occurs when signals
reach the receiver through multiple paths, causing rapid
fluctuations in received signal strength. Because these effects
vary with the robot’s position and surrounding environment,
conventional channel models may not adequately represent

such dynamic and site-specific conditions [1].
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The purpose of this research is to enable proactive
wireless-aware robot operation by using both wireless and
sensing information to predict future link degradation
before communication failure occurs. Instead of waiting
until the received signal becomes weak, the robot can
use the predicted information to prepare an appropriate
action in advance. Such actions may include slowing down,
stopping safely, changing the route, switching to another
access point, or preparing an alternative communication
link. This approach is related to “make-before-break”
control, in which a new or more reliable communication
condition is prepared before the current link becomes
unusable. A related proactive handover approach based on
camera-derived environmental information has also been
investigated in previous work [2].

The present study first focuses on multimodal prediction
of 2.4 GHz Wi-Fi received signal strength using camera,
LiDAR, and wireless measurements. The prediction model
is designed to be sufficiently lightweight for execution on
small robots, adaptable to environmental changes, and
robust against unreliable or missing sensor data. In the
future, this framework will be extended to multi-band
wireless systems and integrated with real-time robot and
network control. The long-term objective is to establish a
common technological foundation that can help robots
avoid communication outages in advance and operate
more safely and autonomously in a wide range of practical

environments.

Multimodal Wireless Link Quality
Prediction Framework

In this study, we develop a multimodal AI-based wireless
link quality prediction framework as shown in Fig. 1.
“Multimodal” means that the AT model uses multiple types

of information at the same time. The current framework
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Fig. 1 Proposed prediction framework for wireless link quality
prediction.
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combines camera images, LIDAR point clouds, and 2.4 GHz
Wi-Fi received signal information. Camera and LiDAR
data provide spatial information about the surrounding
environment, while wireless signal history provides
temporal information about how the link quality changes
over time. By combining these complementary data sources,
the Al model can learn the relationship between the physical
environment and future wireless conditions. We propose
a customized multimodal three-dimensional residual
network (CM-3DResNet) model to predict future wireless
link quality by using both wireless measurements and
environmental sensing data obtained from a mobile robot
[3]. The model is trained in a supervised manner: current
and recent multimodal data are used as inputs, and the
RSSI measured one second later is used as the teaching
signal. This prediction can be used as prior information for
proactive robot or network control.

The CM-3DResNet prediction model is a residual neural
network architecture, as in Fig. 2, that can learn deep features
efficiently by using shortcut connections. In this study, three-
dimensional convolution is used to capture both spatial and
temporal features from consecutive frames. This is important
because wireless link quality is not determined only by the
current robot position. It also depends on recent movement,
surrounding structures, and short-term signal changes.

Compared with simply applying large general-purpose
neural networks, CM-3DResNet is designed specifically for
robot wireless prediction. It integrates camera, LiDAR, and
wireless-related features while keeping the model relatively
compact. This is important for future implementation
on edge devices installed on robots, where computation
resources, power consumption, and inference time are
limited. The original study also compared the proposed

model with larger architectures such as 3DResNet-18,
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Fig. 2 Architecture of the CM-3DResNet model for multimodal
RSSI prediction.
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3DResNet-50, and Vision Transformer.

Q Experimental Setup and Data Preparation

To evaluate the proposed framework, an indoor robot
experiment, as described in Fig. 3, was conducted in a
practical 2.4 GHz Wi-Fi propagation environment. The
robot operated in an area containing a complex mock-up
stairs structure, which acted as a physical obstacle between
the wireless access point and the robot. This structure
caused signal attenuation, shadowing, reflection, and
multipath propagation. Therefore, the environment was
suitable for testing whether multimodal sensing could help
predict future wireless link degradation.

Before training, the raw sensor data are preprocessed

into suitable forms for deep learning. Camera images
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Fig. 3 Experimental setup for 2.4 GHz Wi-Fi RSSI prediction using
a mobile robot equipped with camera, LiDAR, and Wi-Fi
antenna.

are resized to reduce computational cost. LIDAR point
clouds are converted into voxel grids. A voxel grid is a
three-dimensional array that divides space into small
cubes, making irregular point cloud data easier to process
with neural networks [4]. RSSI outliers were filled by
interpolation, and smoothing was applied carefully to
the training data to improve prediction stability without
excessively distorting the original signal trend. In this
framework, RSSI values are fused into the LiDAR voxel data.
This design allows the model to include wireless temporal
information without adding a separate processing branch
for RSSI, thereby keeping the model structure simpler. To
train the prediction model, the different data streams must
also be synchronized as shown in Fig. 4.

As a result, each training sample consisted of a short
sequence of synchronized camera images, RSSI-fused
LiDAR voxel grids, and the corresponding future RSSI label.
In the reported implementation, four consecutive frames
were used as the input sequence, and the target was the RSSI
value one second after the last input frame. This dataset
design enabled the model to learn both spatial features,
such as obstacles and surrounding structures, and temporal
features, such as recent changes in wireless signal strength.
These features are essential for predicting whether the robot
is approaching a weak-signal region and for supporting

proactive wireless-aware robot control.
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Fig. 4 Example of synchronized multimodal data labeled with
future RSSI one second ahead.
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Q Prediction Results and Evaluation

The prediction performance was evaluated by comparing
the predicted RSSI with the measured RSSI one second
ahead. Several metrics were used: root-mean-squared
error (RMSE), accuracy within +3 dB, Pearson correlation
coeflicient, and coeflicient of determination. RMSE indicates
the average prediction error in dB. Accuracy within +3 dB
shows the percentage of samples whose prediction error
is within a practically acceptable range. The correlation
coeflicient and coefficient of determination indicate how
well the predicted RSSI follows the trend of the measured
RSSI.

As shown in Fig. 5, the proposed multimodal model was
compared with single-modality models using only RSSI,
only camera images, or only LIDAR data. The multimodal
model achieved the best overall performance, with an
RMSE of 2.34 dB, accuracy within +3 dB of 79%, correlation

coefficient of 0.88, and coefficient of determination of 0.76.
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Fig. 5 Comparison of RSSI prediction results between the
proposed multimodal model and single-modality models.
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These results show that combining environmental sensing
data with wireless signal information is more effective than
using only one type of data. In particular, camera and LIDAR
data help the model understand surrounding obstacles and
structures, while RSSI history helps capture recent wireless
signal changes.

The prediction curves show that the proposed
multimodal model follows the measured RSSI trend more
closely than the single-modality models. This is important
for robot operation because the robot does not necessarily
need to know every instantaneous signal fluctuation. Rather,
it needs to predict the near-future trend of link degradation
early enough to take a safe action, such as slowing down,
stopping, or avoiding a weak-signal area.

The proposed CM-3DResNet model was also compared
with larger neural network architectures, including
3DResNet-18, 3DResNet-50, and Vision Transformer as
shown in Fig. 6. Although these large models are widely

used in computer vision tasks, they are not always suitable
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Fig. 6 Comparison of the proposed CM-3DResNet with larger
multimodal neural network architectures.
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for robot wireless prediction. The proposed CM-3DResNet
used only about 4.7 million learnable parameters, while
3DResNet-18 and 3DResNet-50 used about 67.7 million
and 96.8 million parameters, respectively. The compact
model achieved better prediction accuracy with lower
computational complexity, which is important for future
edge implementation on mobile robots.

The results suggest that a task-specific compact model
is more practical than simply applying a large general-
purpose Al model. For mobile robot applications, the model
must not only be accurate but also lightweight enough for
real-time inference. This is especially important when the
prediction module is installed directly on the robot and
must work together with sensing, communication, and
control functions.

Accordingly, these results demonstrate that multimodal
AT can improve future wireless link quality prediction
for mobile robots by fusing wireless and environmental
information. From the viewpoint of resilient robot operation,
the predicted RSSI can be used as early warning information
before the robot enters a weak-signal area. This creates a
basis for proactive control, such as route adjustment, access

point switching, or communication-aware motion planning.

Extension Toward Multiple Robots,
Quality-Aware and Multi-Band Prediction

The proposed framework can also be extended from
a single robot to multiple robots. In practical robot
operation, each robot may collect data in a different
area or along a different route. Directly gathering all raw
camera, LiDAR, and wireless data at a central server can
increase communication load and may not be suitable for
scalable robot systems. To address this issue, we proposed
a federated learning approach [3]. In federated learning,
each robot trains a local model using its own data, and only
model parameters are shared and aggregated. This makes it
possible to improve a common prediction model without
exchanging raw sensor data.

This multimodal framework also provides the basis for
our quality-aware prediction [5]. In real environments, not
all sensor modalities are always equally reliable. Camera
data may become less useful under poor lighting, LIDAR
data may be affected by occlusion or sparse reflections,
and wireless measurements may become unstable in weak-
signal regions. A quality-aware extension, as described in
Fig. 7, aims to evaluate the reliability of each modality and

adaptively use more trustworthy information for prediction.
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Fig. 7 Concept of quality-aware multimodal wireless link quality
prediction.

This direction is expected to improve robustness when the
robot operates under changing environmental and wireless
conditions.

Another important extension is multi-band prediction.
The current validated experiment mainly focuses on 2.4 GHz
Wi-Fi, which is widely used and suitable for practical robot
experiments. However, future robot systems may use
heterogeneous wireless links, such as Wi-Fi, Local 5G, and
millimeter-wave communication. These frequency bands
have different propagation characteristics. Our previous
study has already investigated camera-based received power
prediction for 60 GHz millimeter-wave communication
[2]. Building on the 2.4 GHz Wi-Fi framework, initial trials
have also been conducted for Local 5G at 4.9 GHz [5].
Local 5G is attractive for robot applications because it can
provide managed wireless coverage in private, industrial, or
experimental environments.

The long-term goal is to develop a multi-band wireless
link quality prediction framework that can operate across
different wireless systems. Such a framework would learn
frequency-dependent propagation characteristics from
data and predict the future quality of multiple links. For
example, a robot may use Local 5G as the main control
link, Wi-Fi as a supplementary link, and millimeter-wave
communication for high-capacity data transmission when
the line-of-sight condition is favorable. By predicting the
future quality of each link, the robot and the network
can prepare control actions before degradation occurs.
This direction is consistent with the broader concept of
Al-native wireless systems. In an Al-native system, Al is
not only used as an offline analysis tool, but is integrated

into sensing, communication, and control functions. For
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mobile robots, this means that environmental sensing,
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wireless measurement, Al prediction, and proactive control
can work together as one system. Quality-aware and multi-
band prediction are therefore important next steps toward

resilient robot operation in future heterogeneous wireless

environments. [ZERE]
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This research demonstrates the potential of multimodal
AT for predicting future wireless link quality and supporting

resilient mobile robot operation. By combining camera

images, LiDAR point clouds, and 2.4 GHz Wi-Fi signal =R

information, the proposed framework can predict RSSI géigﬁé‘%\;)ﬁ%mﬁ‘ LU T Y NCTESE
one second ahead more accurately than single-modality (REE] o

approaches, providing useful prior information for proactive %gggi %;Eigﬁgggfgﬁimg

robot and network control. The main validated result is
based on 2.4 GHz Wi-Fi, while quality-aware prediction,
preliminary Local 5G extension, and previously investigated
millimeter-wave prediction indicate a path toward a more
general multi-band framework. Future work will focus on
improving robustness under unreliable sensor conditions,
integrating prediction with real-time robot control, and
extending the framework across heterogeneous wireless

systems for safer and more adaptive robot operation.
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