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1 Introduction

Foot sensors are essential for legged robots to inter-
act with the environment, and ground reaction force (GRF)
measurement is a widely used method for evaluating their
dynamics. Traditional 3D force sensors rely on load cells
with strain gauges, which are implemented using either
three perpendicular sensors [1] or a monolithic structure [2].
While these rigid sensors provide linear responses with min-
imal impact on positioning, they are challenging to integrate
into small-scale robots and cost-effective sensors. There-
fore, we propose a novel foot sensor that utilizes a mag-
netic field with the rubber O-ring as a compliant element to
measure a 3D ground reaction force-like profile, providing
a cost-effective solution for foot-ground interaction sensing.
We validate the reliability of the sensor design through quan-
titative analysis of the collected data. Finally, we train a con-
volutional neural networks (CNN) model and demonstrate
that it can robustly predict the inclination of an unseen slope
given a short time series of sensor readings.

2 Materials and Methods

2.1 Magnetic Field-based Foot Sensor Design
We develop a foot sensor based on a 3D Hall-effect mag-

netic field sensor (TLV493D-A1B6) housed within a com-
pact sensor frame to measure deformations along three axes.
A small embedded neodymium magnet, suspended using
a double O-ring configuration, serves as the sensing probe
(see Fig. 1). This design allows flexible movement along
the z-axis (upward-downward), x-axis (left-right) and y-axis
(forward-backward), enabling the sensor to capture force-
induced deformations in three dimensions (3D) while main-
taining compliance and structural integrity. The coordinate
system of the sensor and a cross-sectional view of the sensor
are illustrated in Fig. 1.

The sensor housing and sensing probe are fabricated us-
ing Fused Deposition Modeling (FDM) 3D printing with
PolyLite PLA Pro material from Polymaker, ensuring a
lightweight structure with high durability. The sensor ICs
are mounted on printed circuit boards (PCBs) alongside
an on-board microcontroller, which is responsible for read-
ing sensor data and facilitating communication via the Dy-
namixel Protocol. This setup enables seamless integration

Figure 1: Robotic platform with a cross-sectional view of
the magnetic sensor, O-ring, and magnet for ground reaction
magnetic field detection.

with the robot’s control system by using the existing RS-
485 bus with Dynamixel Protocol 2.0. To enhance relia-
bility and ease of fabrication, the sensor incorporates com-
mercially available O-rings and a neodymium magnet. The
standardized O-rings provide consistent and durable com-
pliance, simplifying the fabrication process compared to sil-
icone molding while maintaining controlled compliance in
the sensing mechanism.

2.2 Collecting Foot Sensor Data for Predicting the
Robot’s Climbing Slope Angle

The foot sensors are installed on the foot tips of a four-
legged, gecko-like robot [3], which are covered with Dragon
Skin 30 silicone rubber. The climbing experiment is con-
ducted on three different slope angles from 0, 10, and 20
degrees. During the experiment, the magnetic field data
are continuously recorded from all four feet to capture the
foot-ground interaction dynamics. The magnetic field val-
ues (M), measured in milliTesla (mT), are recorded at a sam-
pling rate of 18 Hz. The data consist of three components:
Mx along the x-axis, My along the y-axis, and Mz along the
z-axis, representing the magnetic field in three dimensions.
To ensure comprehensive data coverage, each test includes
the performance of multiple walking steps for all three slope
angles. The recorded data are then segmented into individ-
ual walking cycles, enabling quantitative analysis of foot-
ground interactions and sensor responses across different in-
clinations (see Fig. 2).

Furthermore, the collected time series magnetic field
data are processed and used to train a machine learning
model. The goal is to predict the walking inclination an-
gle based on a time series snapshot of sensor readings. We
preprocess the data by applying normalization to obtain the
zero mean and unit variance. Then, we use the sliding win-
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Figure 2: Magnetic field variations (Mx, My, and Mz) for
left hind and right front leg sensors at 0, 10, and 20 degree.
Peak Mz values are marked in red.

dow technique to generate samples. Each sample has a win-
dow size of 50 timesteps with 30 timesteps overlapping be-
tween windows from the same walking trial. We use five
walking trials to generate the dataset. Then, we train a re-
gression model based on CNNs [4] to evaluate the ability
to distinguish between different slope angles. We use data
from trials with 0, 10, and 20 degrees for training, while data
from 5 and 15 degrees are used for testing the generalization
of the model.

3 Experiment and Results

3.1 Magnetic Field Profile Analysis
In this study, the magnetic field data of the left hind leg

(LH) and right front leg (RF) are selected for analysis at
slope angles of 0, 10, and 20 degrees (Fig. 2). Throughout
the robot’s walking cycle, Mz changed due to foot-ground in-
teraction along the vertical axis, while Mx and My changed
in response to forces along the lateral and longitudinal axes,
respectively. The magnetic field profile analysis is presented
in Fig. 2. As the slope angle increased, the peak value of Mz
in the LH also increased. More specifically, the peak value
was 1420.40 mT at 0 degrees, increasing to 1457.75 mT at
10 degrees and further to 1475.33 mT at 20 degrees. How-
ever, the Mz value in the RF showed no significant difference
across the three slope angles. This indicates that the robot’s
hind leg exerts greater effort when climbing steeper slopes,
consistent with the GRF analysis from a previous study on a
climbing robot [3].

3.2 Predicting the Slope Angle from Foot Sensor Data
To further validate the usefulness of the sensor, we test

whether a correlation exists between the sensor profile and
the steepness of the terrain using machine learning tech-
niques. First, we visualize the data collected under all in-
clination levels using t-SNE [5] in Fig. 3 (top). As can
be observed, the data collected from different steepness an-

Figure 3: (Top) The t-SNE visualization of processed data.
Colors represent inclinations under which the data are col-
lected. Data collected from varying inclinations have differ-
ent distributions and are largely non-overlapping. (Bottom)
Visualization of the predicted slope angles (y-axis) against
the ground truths (x-axis). The average root mean squared
error (RMSE), mean absolute error (MAE), and R2 values
are shown at the top. The model robustly generalizes to an
unseen profile from 5- and 15-degree slopes.

gles have different data distributions and are largely non-
overlapping.

The visualization suggests that we could train a neural
network to predict the inclination given the time series of
sensor readings. Figure 3 (bottom) shows the prediction re-
sult of the CNN model trained with data collected from 0,
10, and 20-degree slopes. The model achieves great predic-
tion performance with both training and unseen test data col-
lected under different steepness angles of 5 and 15 degrees.
Specifically, it achieves the mean absolute error (MAE) of
only 1.5 degrees for the prediction of unseen test data. All
these results validate the reliability and usefulness of our
proposed sensor design.

4 Discussion and Conclusion

We propose a novel triaxial force sensor design aimed
specifically at measuring the foot-ground interaction of
legged robots. The design utilizes the 3D Hall-effect sen-
sor for accurate measurement and is compliant thanks to
the deformable O-ring configuration. To assess the reliabil-
ity and practicality of the proposed design, we analyze the
sensor readings collected under varying slope angles. The
results indicate that the magnetic field profile aligns with
GRF trends observed in previous studies. Furthermore, we
demonstrate that the sensor readings can be used to train a
neural network to accurately predict slope angles, reinforc-
ing the reliability of the sensor data.
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