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Abstract

Digital twinning systems are effective tools to test and develop new robotic capabilities before
applying them in the real world. This work presents a real-time digital double framework
that improves and facilitates robot perception of the environment. Soft or non-rigid terrains
can cause locomotion failures, while visual perception alone is often insufficient to assess
the physical properties of such surfaces. To tackle this problem we employ the proposed
framework to estimate ground collapsibility through physical interactions while the robot is
dynamically walking on challenging terrains. We extract discrepancy information between
the two systems, a simulated digital double that is synchronized with a real robot, both
using exactly the same physical model and locomotion controller. The discrepancy in sensor
measurements between the real robot and its digital double serves as a critical indicator of
anomalies between expected and actual motion and is utilized as input to a learning-based
model for terrain collapsibility analysis. The performance of the collapsibility estimation was
evaluated in a variety of real-world scenarios involving flat, inclined, elevated, and outdoor
terrains. Our results demonstrate the generality and efficacy of our real-time digital double
architecture for estimating terrain collapsibility.
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1. Introduction blind and perceptive locomotion [5, 6, 7]. In

. vision-aided locomotion, new advancements
Legged mobility has advanced greatly us- .., decide online foot placement on uneven

ing model-based control techniques [1, 2, 3, o aing using visual information [8, 9, 10, 11,

4], as well as learning-based methods that 12]. However, perception through physical
demonstrated remarkable robustness in both
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contact is not yet well researched but is criti-
cal to differentiate between rigid landscapes,
such as concrete, asphalt, or hard rock; and
non-rigid ones, such as mud, sand, or unsta-
ble rock piles. Clearly, using visual feedback
alone is insufficient to obtain this crucial in-
formation that can only be perceived through
physical interactions.

Maintaining the dynamic stability of
legged robots on collapsible, deformable, or
unstable/moveable terrains remains a re-
search challenge. Early detection of the phys-
ical properties of terrain surfaces when the
foot comes into contact with the ground is
crucial to prevent locomotion failures. Given
the short contact time during dynamic loco-
motion, traditional approaches via the esti-
mation of stiffness do not offer sufficiently
early detection to prevent failures.

This work is motivated to investigate the
use of physics simulation that is becoming
more computationally efficient and can be
leveraged to apply the digital twinning idea
for legged locomotion. In particular, we aim
to develop new solutions with real-time per-
formance to improve terrain anomaly detec-
tion and environmental awareness. Various
high-fidelity simulators have proven their ex-
tensive use in robotics, i.e. Pybullet [13], Mu-
joco [14], Gazebo [15] and Isaac [16], which
offer high precision physics for developing
control algorithms that can be effectively and
directly deployed to the real robots.

High-fidelity physics simulation can be
used to execute the locomotion controller as
well as fully simulate and observe all the
robot states, which captures both the inter-
action and interplay of physics (eg, ground
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Figure 1: Real-time digital double framework enables
robot perception of terrain anomalies and prevention
of locomotion failures in presence of environmental
uncertainties. Dangerous terrains such as pitfalls cov-
ered by grass are not identifiable by vision detection
only.

impacts) and control performance. In con-
trast, such detailed dynamics and coupled ef-
fects of locomotion controllers are not offered
by traditional motion planning based on ideal
equations of motion, which motivates us to
employ the very same controller and high-
fidelity physics simulation altogether.

These aforementioned factors share the
common ground with the digital twin tech-
nology where physics simulation is leveraged
to monitor the physical process. Thus, we
draw inspiration from the digital twins and
use it to enhance the perception of the ground
surface by using the discrepancies between
real and simulated systems. This method al-
lows the real robot to actively respond to de-
tected terrain anomalies and paves a way for
future research on decision-making in real-
world applications, particularly in unantici-
pated emergencies.

Based on the fundamental principles of
physics, we can deduce that by fully sim-
ulating the physical interactions being gov-
erned by the very same control system, we are



able to access the full physical states of the
robot, and thus extract more useful informa-
tion to detect and discern subtle signals that
are caused by soft, collapsible, or any unex-
pected ground properties. In our framework,
a fully-simulated robot is running in parallel,
synchronizing with a real robot. For example,
the digital robot is traveling on the ideally
expected rigid ground, while the real robot is
traversing through the real terrain with un-
known properties. Then, by interpreting the
motion discrepancies of two systems, the es-
timation algorithm uses such differences be-
tween digital and real system states to per-
ceive the non-rigidness or anomalies of the
ground at each time step.

Hence, by exploiting the high-dimensional
discrepancy between simulated and real-
world observations, our method effectively
detects terrain anomalies during dynamic
walking on various grounds with uncertain-
ties, where quick reaction time is critical.
Fig. 1 shows a failure case of traditional
vision-aided navigation on the ground with
unknown properties where a pitfall is cov-
ered with grass. Our real-time digital dou-
ble framework is able to detect such cases,
thus triggering reflex control to withstand
and avoid a potential fall.

1.1. Related Work

A digital twin is a digital representation
produced by integrating real-world physi-
cal properties [17]. The digital information
would be a ‘twin’ of the information embed-
ded inside the physical system, that is syn-
chronized to a simulated environment dur-
ing the system’s entire existence. It is cre-

ated through the simulation of physical forces
on rigid bodies over time and helps to pre-
vent undesirable emergent behavior in com-
plex systems. The use of digital twin technol-
ogy to make decisions in actual robots by esti-
mating information from the past and present
and forecasting future states has grown in re-
cent years [18, 19]. It is also used to monitor
operations and logistic data in [20, 21, 22].

Kritzinger et al. [23] proposed a catego-
rization of industrial digital twins based on
data integration level. They defined ‘digital
shadow’ as a one-way state update from phys-
ical to digital system, while ‘digital twin’ up-
dates both ways for real-time decision mak-
ing. Drawing inspiration from these works,
we developed a method to synchronize phys-
ical and digital models in real and simulated
mobile robots and observe differences in sens-
ing measurement. Thus, we hereby define the
simulated robot as digital double.

In this study, the physics simulator — Py-
bullet with Bullet as its physics engine — was
chosen for the digital double based on a prior
benchmark [24]. It is widely used by many
in research involving robot manipulators and
deep learning such as [25], [26], [27]. The
physics engine Bullet is a well-documented
and lightweight library that is well-known in
the locomotion community and can simulate
rigid body collision, joint actuation, and non-
rigid object dynamics with high fidelity at a
good real-time factor [28].

Several methods for ground terrain clas-
sification have been specifically developed
for wheeled robots based on various sen-
Wheel-terrain vibrations are trained
with a classifier to recognize sand, gravel, and
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clay [29]. Others have used a self-supervised
learning approach with vision and proprio-
ception [30]. Another method for terrain clas-
sification uses a single-axis accelerometer on
a tactile probe attached to a low-velocity mo-
bile robot [31]. However, these methods are
not suitable or compatible with floating-base
legged robots, because require the robot torso
orientation to be controlled independently,
which is not the case for floating-base sys-
tems.

Legged robots are versitile for navigating
challenging terrains, but the risk of falling
increases in unknown and unpredictable en-
vironments, which demands new research
to identify ground characteristics effectively.
Mathematical models to estimate foot-terrain
interaction have been developed, starting
with Krotkov’s early work [32] and continuing
with more recent efforts by Ding et al. [33].
However, these models were only developed
and tested in static experimental setups and
not on actual mobile robots. As investigated
in Section 3.4, real-world testing shows that
despite normal forces can be used to exam-
ine terrain-foot interactions, they exhibit sig-
nificant fluctuations even during single-foot
load tests, making it difficult to use as an
input signal for movements that undergo dy-
namic foot-ground contacts. Moreover, dy-
namic walking gaits also introduce ground
impacts, high noise, and spikes in the force
data from the contact foot, which lacks of
accuracy and is difficult to use based on
mathematical modeling (i.e. ground stiffness,
damping) which entirely depends on a spe-
cific set of quantities in model-based formu-
las.

In presence of limited reliability of single-
source signals, the alternative is to utilize
learning algorithms for soil and terrain clas-
sification that can work with redundant data
inputs. Various approaches have been pro-
posed, such as using Adaboost classifier with
haptic feedback [34], self-supervised learn-
ing using vision [35], and supervised learn-
ing with RGB-D data and joint torque mea-
surements [36]. However, these classification
techniques are limited to terrains similar to
previously seen examples.

Previous studies on terrain estimation or
classification equipped legged robots with ex-
tra foot-mounted sensors and modified the
static walking gaits [37, 38, 39, 40, 41],
or extended stance-swing duration to more
accurately capture sensory data [42, 33].
However, these methods rely on pre-trained
ground features and become less effective
in identifying unknown ground properties.
Moreover, most legged robots have limited
onboard sensing (the body IMU and joint
encoders), thus estimating unknown ground
characteristics during very dynamic gaits re-
mains a difficult task.

1.2. Contribution

This study expands the prior work [43]
extensively, and conducted more rigorous
comparisons, real-world validations, and ex-
tended integration for successful safe locomo-
tion in the wild. Specifically, the research
work offers the following contributions:

e Formalization of the theoretical funda-
mentals of using motion discrepancy for
the inference of non-directly measur-
able states in a real-time digital double



framework, and its application in esti-
mating terrain anomalies and collapsibil-
ity, enhancing safe legged locomotion.

e A formalized design process that utilizes
simulation data to select and compare
different neural network models for ef-
fective estimation of collapsibility in the
real world with high accuracy and low
latency.

e A performance comparison of the col-
lapsibility estimation using our proposed
method versus the traditional stiffness
calculation, demonstrating the advan-
tages of the proposed approach in the
context of dynamic locomotion.

e Extensive real-world experiments vali-
dated on various types of uneven terrains
such as inclined slopes, elevated steps,
and outdoor ground (including pitfalls
covered by grass).

e The proposed method’s potential for a
wide range of applications is demon-
strated through its successful early de-
tection of non-rigid collapsible terrains
and execution of a velocity-based reflex
behavior to prevent robot falls.

The paper is structured as follows. Sec-
tion 2 elaborates the real-time digital dou-
ble framework, including a collapsibility met-
ric and dataset, followed by an explanation
of using motion discrepancy as input for the
learning model. Section 3 evaluates the pro-
posed framework in real-world scenarios and
compares our approach with the traditional
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Figure 2: The proposed real-time digital double
framework: The time synchronizer module ensures
a consistent timing between the real robot and the
digital double. The real robot traverses over unpre-
dictable terrain as the digital double traverse over
ideal ground. The disparity between both robots is
inferred as the collapsibility of the terrain, and thus
real Tobot is able to perceive the non-rigid ground

property.

methods. Section 4 concludes the work and
highlights future research.

2. Methodology

Section 2.1 presents the design of our real-
time digital double framework and its use on
legged robots. Collapsibility detection is then
formulated as supervised learning in Section
2.2. Collapsibility is defined in the context
of our study, with details on data collection
(Section 2.3) and the formulation of neural
network input (Section 2.4).

2.1. Real-time Digital Double Framework

The core function of the real-time digi-
tal double framework is to synchronize the
loop-timings at each control step for both the
real and the digital locomotion controller run-
ning in parallel. The real-time digital double
framework, described in Fig. 2, is designed to



reproduce the robot behavior in a simulated
environment in real time. To achieve this, a
full multi-body dynamic model of the robot
is used with an accurate Unified Robotic De-
scription Format (URDF) file, as a digital
clone of a Unitree Al robot [44].

The Al robot has 12 actuated joints, where
each leg consists of the abduct, hip, and calf
joint motors. Moreover, the same locomotion
framework is used for both the simulated and
the real robot. It is composed of two modules,
the Model Predictive Controller (MPC) and
the Whole-Body Controller (WBC) as in [2].
The digital double is simulated in the Pybul-
let physics simulation [13].

To ensure that the real robot and its digital
counterpart perform a matching motion pro-
file at each time step, a control synchroniza-
tion between the two is critical for creating
a digital double. To overcome the communi-
cation issues between two systems that have
non-linear and unpredictable time delays, we
propose to observe these two individual dy-
namic systems’ states (real and digital robot),
hault the physics simulation which runs faster
than wall-clock time (ie, real-time factor >
1.0) and awaits for the real world to match
the same timing.

This technique is similar to synchronized
control of two multi-agent systems where one
of the agents is in a simulation. Therefore, we
designed the time synchronizer (see Fig. 3)
to guarantee that the real robot and the digi-
tal double run their control loops at the same
rate. It is based on the premise that the sim-
ulation is able to match the rate of the real
robot control step and pause the physics en-
gine if it runs faster than a real-time factor
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Figure 3: Time synchronizer and its interaction with
the real robot and its digital double controllers. Same
controllers are running on them and each time step is
synchronized through the time synchronizer module.

of 1.0, which is feasible given the computa-
tional efficiency and speed of modern physics
engines and computers.

To perform this fucntion, the time synchro-
nizer module interfaces with the real robot
and the digital double by establishing socket
connections between them. Once the connec-
tions are established, each controller provides
the signal ready to the time synchronizer at
the beginning of each control loop and then
waits to receive a common start signal to ini-
tialize at the same starting time. With the
start signal broadcasts, the real robot and the
digital double run their controller steps at the
same time.

Then, the real robot controller sends a
ready flag and a control step counts to the
time synchronizer module. Similarly, the dig-
ital double controller also communicates the
same information to the time synchronizer
module. When the control step in real robot
controller is found to be ahead or matched of
its digital double counterpart, the time syn-
chronizer will send out the start signal to
the digital double to unpause the simulated
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Figure 4: Simulation examples of a robot interacting with different types of terrains.

Image visualization

shows normalized discrepancy features Body orientation (roll, pitch, yaw), FR leg joint position, velocity
(knee, hip, abduct), and foot force errors, where each feature is normalized by its maximum value. The
ground truth collapsibility Cy € [0, 1] is used to describe the moment the robot enters the non-rigid platform.
According to ground truth collapsibility, distinct inconsistencies occur (depicted in colors other than blue)
when the robot physically interacts with non-rigid tiles. (a) walks on the rigid ground; (b) uses its FR leg

to step on the semi-collapsible ground; and (c) uses its FR leg to step on the collapsible ground.

world. Otherwise, the start signal will be
false and the simulated world pauses, and
time synchronizer will wait for the real robot
controller to catch up with the digital double.

2.2. Collapsible Terrain

In the context of this research, we focus on
the use of such a developed framework to dis-
cern unexpected ground conditions, assuming
the ideal expectation is rigid ground. Simi-
lar to the previous work [43], here the term
‘collapsible terrain’ refers to the ground that
appears to be safe to walk over according to
visual cues but actually can deform or col-
lapse while the robot is walking over. The
context of our application is particularly for
the uncharted scenarios that are not resolved
by vision-dominant solutions.

We formulate a dimensionless measure-
ment to describe the relation between the

vertical displacement of the surface and the
maximum permissible deviation of the ter-
rain. The permissible deviation is the kine-
matic reachability of the robot leg, which is
the maximum reachable range — falling is in-
evitable since the ground sinks deeper than
the leg can possibly reach.

As elaborated in Section 1.1, instead of
classifying particular terrain properties which
have to be determined beforehand plus in-
stalling additional sensing hardware, we can
observe robot motion anomalies and infer col-
lapsibility information based on the physi-
cal causality of dynamical movements. These
motion anomalies can be extracted by com-
paring the states of real robot and high-
fidelity digital double, which are created using
the real-time digital double framework pro-

posed in Section 2.1.



For individual feet, the terrain’s collapsi-
bility is noted as C € Q : C € [0,1). C =0
is considered as rigid, non-collapsible terrain
that is described as having stiffness of hard
ground with a deformation of x ~ Ocm. In
comparison to rigid ground, semi-collapsible
terrain C' € (0,1), a value of C between 0
and 1, is substantially less stiff. But accord-
ing to the definition, the terrain deforma-
tion is kept in the interval 0 < =z < X0z
Therefore, semi-collapsible ground, even if it
deforms upon contact with the ground, can
be regarded as relatively safe to walk on.
Even if theoretically it is feasible to traverse
across these terrains, it will be challenging,
and therefore robots should be aware of such
terrain and may avoid it if it necessary. When
terrain is collapsible C' — 1, it signifies that
the permissible maximum sinking depth is ex-
ceeded, which will lead the robot to fall or a
failure of the locomotion control.

2.8. Dataset Collection

To train the neural network model in a su-
pervised learning manner, a dataset is col-
lected in a fully simulated environment for
both the simulated ‘real robot” and the digital
double. In the simulation, two quadrupedal
robots are walking simultaneously over dif-
ferent areas; one over a non-rigid collapsi-
ble ground and the second over hard ground.
From the different scenarios, we extract both
the ground truth values of collapsibility Cy
and the sensory measurements. To simulate
non-rigid ground, a tile is allowed displace-
ment with customizable stiffness and damp-
ing. Identical environmental setup is used as

thoroughly explained in our previous article
[43].

A total of 40 trials were conducted: 10
repetitions for each leg (4 legs, ie, Front-
Left (FL), Front-Right (FR), Back-Left (BL),
Back-Right (BR)) that first enters and steps
on the movable platform, which simulates
semi-collapsible (5 trials) and collapsible ter-
rain (5 trials), respectively. We designed
these four separate stepping cases for each leg
because the disturbance of the robot’s body
differs and is unique depending on which leg.
And then, to correct and restore stable walk-
ing, the control system in turn produces dif-
ferent and various reactions and motion pat-
terns. Therefore, to form a complete dataset
and gain full observation of various processes,
we tested and collected data of each individ-
ual leg as well as their interpretation of each
other.

For all the repetitions, the gait and the ref-
erence velocity are kept constant, ie, trotting
at 1.5m.s~'. Among all configurations, 20 %
of the data is used for testing and the rest
is for training. The sampling rate is cho-
sen as b0Hz and the duration of each semi-
collapsible and collapsible trial is 8 seconds
with an average of 400 data samples and 4
seconds with an average of 200 data samples,
respectively.

2.4. Input of the Neural Network (NN)

The neural network inputs are considered
as the state discrepancy between the real
robot and digital double, at the same time
step (n). The input of the neural network
(x) is the states that accumulated through a
time window k as Eq. 1.



The state discrepancy is expressed as Eq.
2. The body orientation © is written as a
vector of roll, pitch, and yaw Euler angles.
The knee, hip, and abduct joints’ positions
and velocities are ¢ and ¢, respectively, and
f indicates the reactive forces on the feet. R
and D, are stand for real robot and digital
double, respectively.

(1)

T = [Sna Sn+t1y -+ Sntk—1, Sn—i—k]

or er
R D
q q
= |1 —|? 2
S qR qD (2)
fr fP

Fig. 4 shows the error in the FR foot
force, as well as the errors in the knee,
hip, and abduct joint positions and velocities
and body orientation. The errors are pre-
sented in a discrepancy feature image, with
each feature being normalized by its maxi-
mum value. The image shows three cases la-
beled as simulated snapshots, with the robot
walking across FR-placed tiles that are non-
collapsible, semi-collapsible, and collapsible.
The normalized error image displays distinct
patterns and the differences in the errors in-
crease as the ground truth collapsibility in-
creases.

The motion discrepancy of real and sim-
ulated robots does, in fact, show a correla-
tion to how collapsible the surface is. When
the robot steps on collapsible terrain, there is
a noticeable increase in the discrepancy be-
tween the real measurements and their ex-
pected values from the digital double. This
occurs because the foot reaction forces are
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Figure 5: Comparison of using digital double with
and without using time synchronizer. The control
loop time is taken during trotting on flat ground in
the real world. Zoomed area shows the control loop
time in 0.08s time window.

not strong enough to prevent the foot posi-
tion errors from increasing. As a result, the
errors persist even though the legs have feed-
back control. The patterns in these errors can
be learned by machine learning models and
used to estimate the collapsibility, as shown
in Fig. 4.

3. Results

The effectiveness of the real-time dig-
ital double framework is evaluated in
Section(3.1). The accuracy and inference
time of different learning models for collapsi-
bility estimation are compared in Section 3.2.
The selected neural network is then tested for
real-world implementation in Section 3.3. Fi-
nally, the results of ground stiffness and pro-
posed collapsibility estimation methods are
compared in Section 3.4.

3.1. Assessment of the Real-time Digital
Double Framework

The real robot and its digital double walked
on a flat surface to demonstrate the real-time
digital double framework performance. The
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Figure 6: The joint position profiles of the FR hip
joint, from the real robot and its digital double re-
spectively during trotting on flat ground in the real
world. Comparison of a) with and b) without us-
ing the real-time digital double framework. The high
Pearson’s r score with real-time digital double frame-
work shows a strong correlation of hip joint position
and hip joint velocity signals from the real robot and
its digital double in between 2.3 — 3.6 second.

robot’s onboard computer handled the loco-
motion controller, while the time synchro-
nizer and physics simulation were on a host
PC connected to the robot through Ethernet.
The host PC had an Intel Core i7-10870H
CPU with 8 cores clocked at 2.20 GHz and a
GeForce RTX 3070 GPU for simulation ren-
dering.

In the experiments, Fig. 5 shows the con-
trol loop time between the real robot, the dig-
ital double with a time synchronizer, and the
digital double without a time synchronizer.
Control loop time is calculated by measuring
the passed time in a single iteration of the
legged locomotion controller.

The digital double without a time synchro-

nizer has a faster average control loop time
(2.0ms), compared to the real robot (2.5ms)
within a 0.08s time window, causing mis-
alignment in time between the joint profiles
of the two systems. This is due to the simula-
tion computer having more powerful compu-
tation and leads to a real-time factor of more
than one. In contrast, the use of the time syn-
chronizer mitigates this difference and makes
the average control loop time closer to the
real robot (2.3ms). As a result, the con-
trollers of both the real robot and the dig-
ital double with time synchronizer performed
similar actions at a given time, which reduces
the reality gap between the real and simu-
lated system.

Fig. 6 compares the FR hip joint posi-
tion of the real robot and its digital double
with and without the time synchronizer. The
results show that without the time synchro-
nizer, the digital double fails to remain syn-
chronized with the real robot over time. On
the other hand, when using the time synchro-
nizer, the control loop is re-aligned each time,
thus both the real and digital robots generate
matching profiles in terms of FR hip joint po-
sition and velocity, indicating that the time
synchronizer successfully maintains the syn-
chronization between the two systems.

When the robot walks on flat ground, the
digital double has similar dynamic results
to the real robot: both joint position and
velocity profiles have matching amplitudes.
Within the time window of 1 second, phases
of the real robot and digital double are fully
synchronized. A strong positive correlation
between joint position and velocity is ob-
served with Pearson’s r scores of 0.97 and
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0.92 respectively, where Pearson’s r score in
statistics is defined as a linear correlation co-
efficient of two sets of data.

3.2. Simulation Comparison of NN Designs

We investigated the performance of the
three different network structures trained to
estimate collapsibility in the simulation envi-
ronment. Three studied network structures
are:

e Convolution Neural Network (CNN)
model consisting of 2 1D-convolution
layers followed by ReLu activation and
Max pool layers. The two convolu-
tion layers have kernel sizes of 5 and 3,
producing 280 and 120 channels respec-
tively. The model then has 2 fully con-
nected layers with 120 hidden neurons to
generate a single output value.

e Gated Recurrent Unit (GRU) model
composed of 1 GRU unit with 64 hid-
den layers and 1 fully-connected layer to
provide a single value output.

e Recurrent Neural Network (RNN) model
composed of 1 RNN unit with 64 hid-
den layers and 2 fully-connected layers
to provide a single value output.

The input for learning models is chosen
as the set of features (O, ¢ and, ¢) which
are body orientation angle (yaw, pitch, roll),
joint angle position and velocity (hip, thigh,
knee). The sliding window time is 0.04 sec-
onds and inputs are gathered over 0.5 sec-
onds. 100 epochs are processed at a constant
learning rate of 10~*. The CNN, GRU, and
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Figure 7: Collapsibility estimation in Simulation En-
vironment with Different NN Models. (A) The case
where a collapsible tile was placed FR and its sink-
ing depth was more than Z,q, (x > 10cm, Cyt —
1), (B) The case where a semi-collapsible tile with
Cyt € (0,1) was placed at FR, (i) Front-Right (FR)
foot estimation, (ii) Back-right (BR) foot estimation.

RNN models have 243641, 217217 and 80305
trainable parameters, respectively.

The ground truth for collapsibility is cal-
culated by observing terrain deformation in
simulation and is divided by the maximum
allowed terrain deformation of 10 cm.

The Mean Absolute Error (MAE) is a
metric used to evaluate the performance of
models. It is calculated as the average of
the absolute differences between the pre-
dicted values and the ground truth values.
The formula is expressed as: MAE(%)
1002 7% [Cyr(t) — C(t)], where Cyy(t) is the
ground truth collapsibility at timestamp £,
C(t) is the predicted collapsibility, k is the
number of time stamps, and |Cy(t) — C(t)| €
[0, 1].

The results of the estimation for different
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Table 1: Statistics for the different model over the experiments presented in Fig 7

FR MAE(%) BR MAE(%) Inference Time

col. | semi-col. | col. | semi-col. | col. | semi-col.
CNN | 7.06 2.65 0.10 2.95 2.51 2.4
GRU | 14.42 3.27 5.29 4.72 20.1 20.4
RNN | 6.40 4.08 0.16 2.88 7.18 7.11

models and the ground truth of collapsibility
are shown in Fig. 7. It displays the collapsi-
bility estimation for front and back feet of
the robot stepping on a collapsible (7-A) and
a semi-collapsible tile (7-B). The results show
that all proposed models are able to capture
temporal patterns among the data, can ac-
curately estimate the rigid, semi-collapsible,
and collapsible tiles and differentiate the ter-
rain deformation for each foot.

The average MAE and average
put/output response time of the models are
presented in Table 1. The results indicate
that the CNN model has one of the smallest
MAESs for both front and back feet and the
fastest input/output time, compared to RNN
and GRU models in collapsible and semi-
collapsible cases. While the RNN model is
slightly more accurate in two cases, compared
to the CNN model, it has almost three times
longer inference time which would cause de-
lays in detection. Hence, the CNN model is
selected in this study for developing the col-
lapsibility estimation.

n-

3.3. Collapsibility Estimation in Real-world
Implementation

The proposed collapsibility estimation
framework was validated through indoor and
outdoor experiments to demonstrate its ro-

bustness and generalizability. The experi-
ments were conducted using a Unitree Al
quadruped robot [44] and a host computer
running the real-time digital double frame-
work. The collapsibility ground truth (Cy)
was determined through 2D motion capture
program Kinovea [45] for indoor trials, and
through the robot’s success or failure in
traversing different depths (> 10c¢m) in out-
door experiments. The indoor experiments
included flat terrain, inclined slopes, and ele-
vated single steps. In outdoor scenarios, the
framework was tested by estimating the col-
lapsibility of a pitfall covered with grass, en-
abling the use of a velocity reference-based
reflex controller for failure prevention and
safety.

3.3.1. Flat Ground

The real-world semi-collapsible and fully
collapsible cases were tested on flat ground
with a similar setup to the simulation, as
shown in Fig.4. The FR foot successfully es-
timated collapsibility with 6.9% MAE on the
flat collapsible ground, as seen in Fig. 8-A.
MAE results show the data from 0 — 3.5s be-
fore the robot fell down completely.

On the flat semi-collapsible ground, the
robot was able to traverse with its FR and
BR legs and both were able to estimate

12
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Figure 8: Online collapsibility estimation on flat ground: (A) real robot steps over a collapsible tile with

its front-right (FR) feet, (B) real robot steps over a

semi-collapsible tile with its FR and back-right (BR)

feet. 1) Snapshots of the real robot at 3 different instants, ii) digital double snapshots at the corresponding
timestamps, iii) collapsibility estimation over time compared to ground truth.

the collapsibility with MAE of 2.87% and
1.03% respectively, as seen in Fig. 8-B.
The real flat ground experiments show that
our digital double framework provides consis-
tent results, showing sufficient accuracy using
trained learning-based models in simulation
and used with real data directly.

3.3.2. Inclined Ground

The following experiment was performed
on a 7-degree inclined slope, which was placed
in both real-world and simulated environ-
ments, even though this scenario was not en-
countered in the training dataset. The robot
was given different directional commands to
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Figure 9: Online collapsibility estimation semi-collapsible experiments on the inclined ground: (A) the
robot step from the front and (B) from the side. i) Snapshots of the real robot at 3 different instants, ii)
digital double snapshots at the corresponding timestamps, iii) collapsibility estimation over time in green
compared to ground truth in dashed purple and yellow.

enter the semi-collapsible tile from the front
and right side, as shown in Fig. 9-A and
B respectively. The results showed that the
FR foot estimated the semi-collapsible tile
with an MAE of 2.5%, 4.88% compared to
ground truth. This demonstrates that given
the NN training dataset, the discrepancy ob-

tained from the digital double framework was
sufficient to infer terrain collapsibility in the
scenarios of an inclined slop up to 7 degrees,
as well as different traveling directions.

3.3.8. Elevated Ground

In the experiment with uneven ground, a
30cm x 30cm x 6¢cm step is placed in both real-
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Figure 10: Online collapsibility estimation in elevated single step:
a non-collapsible step, (B) real robot’s FR feet step over a semi-collapsible step.
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(A) real robot’s FR feet step over
i) Snapshots of the real

robot at 3 different instants, ii) digital double steps over rigid step and its snapshots at the corresponding
timestamps, iii) collapsibility estimation over time compared to ground truth.

world and simulated environments to test the
proposed framework’s ability to differentiate
between hard, non-collapsible steps vs semi-
collapsible steps. The robot is commanded to
step over the non-collapsible step in the first
case and the semi-collapsible step in the sec-
ond case shown as Fig. 10-A, B, respectively.

The FR feet estimate the non-collapsible step
with a MAE of 0.34% compared to the hard
ground (C' = 0). The FR and BR feet esti-
mate the semi-collapsible step with MAE of
3.76% and 3.08%, respectively. The results
show that proposed method is able to distin-
guish and estimate semi-collapsible and hard
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Figure 11: Online collapsibility estimation in outdoor terrain where no reaction was used for the validation
purposes: Pitfalls covered with grass that represent A) collapsible and B) semi-collapsible terrains. i)
snapshot of front-left (FL) and front-right (FR) feet steps over the grass; ii) shows collapsibility estimation

of all four legs over time.

step.

3.8.4. Outdoor Scenario

In this experiment, the aim is to show
that the proposed framework can detect
and distinguish between terrains that seem
traversable visually but actually collapse
while being physically interacted with. The
experiment is designed to represent scenar-
ios where dense vegetation (long grasses) can
obstruct the visual perception of the actual
terrain depth in realistic real-world applica-
tions.

Fig. 11 displays outdoor experiments
with robots navigating collapsible and semi-
collapsible terrains, and shows the collapsi-

bility estimation of each leg over time. In
Fig. 11-A, the robot is unable to cross a
patch of grass deeper than 10cm, while in
Fig. 11-B, it is able to successfully traverse
the terrain when the grass height is less than
10cm. Our collapsibility estimation can suc-
cessfully distinguish between collapsible and
semi-collapsible terrains.

3.3.5. Reactive Motion upon Detected Col-
lapsibility

This experiment was designed as an ex-

tension to demonstrate the use of our digi-

tal double-based collapsibility estimation in a

representative application — using it for early

detection of non-rigid collapsible terrain and
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Figure 12: Safe robot locomotion using the proposed method for fast terrain collapsibility detection. The
real robot was walking towards the semi-collapsible area from A) front side B) sideways while reflexive
motion was activated upon the detection of collapsibility: i) snapshots showing robot entering the edge of
the non-rigid terrain and quickly retrieving back.ii) collapsibility estimation over time, iii) linear forward
(-x) and side-way (-y) directional velocities are given by joystick and by reflex commands.

integrating it with a reflex-based safety re-
sponse. This enables the robot to avoid po-
tentially unsafe terrains upon detection. Our
design includes a high-level velocity multi-
plexer for the robot, which uses velocity input
based on a hierarchy of commands. Specifi-
cally, the reflexive motion detection system
has a ‘reflex’ command with higher priority

than the ‘joystick’ command from the human
operator.

The experiment consists of two cases in
which a robot executes reflexive motion: in
the first scenario, the robot enters a non-
collapsible area (specifically, a pitfall covered
by grass) from the front, while in the sec-
ond scenario, it enters from the side. In both
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cases, the reflexive motion detection system
overrides the ’joystick’” command and utilizes
'reflex’ command to avoid navigating poten-
tially dangerous terrain.

Fig 12 shows snapshots of the robot walk-
ing towards and avoiding a semi-collapsible
area, along with graphs of the robot’s col-
lapsibility estimation over time and the linear
x and linear y-directional command velocities
for both the ‘joystick” and ‘reflex” commands.

On both cases, the collapsibility estimation
exceeds a threshold of C; > 0.2, causing the
high-level velocity multiplexer to override the
‘joystick’ command with a larger ‘reflex” com-
mand that is opposite in direction and 2-3
times higher. This was done to minimize the
impact on the robot and keep it away from
potentially dangerous terrain.

3.4. Comparison Study of Ground Stiffness
and Collapsibility Estimation

In this comparison study, the proposed
method of terrain estimation is compared
to the traditional ground stiffness estimation
method in a dynamic walking scenario as a
baseline. The study evaluated contact force
readings, foot vertical displacement, and stiff-
ness calculations while walking on rigid and
semi-collapsible (non-rigid) terrains.

Terrain stiffness can be estimated by di-
viding the foot contact forces by the verti-
cal displacement of the terrain (k = £).
Foot contact forces can be estimated with
a force sensor at the foot or by comput-
ing it from the joint torques 7 as follows
F = (J(¢)T) ', where the foot Jacobian
is J(q). However, the estimation of vertical
terrain displacement (Azx) of a floating-base

system, the robot, is more challenging when
measured with respect to the ground as an
inertia frame. Ax is correlated to foot verti-
cal displacement (Az ~ Azf,,) and is thus
calculated as the difference between the es-
timated foot height at contact and the ini-
tial foot height at contact with respect to the
world frame.

A semi-collapsible ground experiment is
performed to compare the stiffness and col-
lapsibility estimates. The ground truth stiff-
ness of the semi-collapsible terrain is calcu-
lated by placing a 5kg weight and observ-
ing a 0.01 m vertical displacement. The
ground is considered rigid for stiffness val-
ues above 10000Nm~!. The mean abso-
lute error (MAE) percentage for stiffness
estimation is calculated as MAE(%) =
Tooes = S k() — k(t)|. The ground truth
collapsibility and MAE for collapsibility esti-
mation are calculated the same as in previous
experiments.

The results of the experiment where the
robot walks on the semi-collapsible ground
are shown in Fig.13. The FR feet were able to
estimate the ground stiffness with a 10.25%
MAE compared to the ground truth. For col-
lapsibility estimation, the FR feet achieved a
1.74% MAE compared to the ground truth.
However, the stiffness estimation was only ac-
curate for the first step, with large errors ob-
served when the robot steps out of the semi-
collapsible area, making it increasingly unre-
liable.

The traditional stiffness identification ap-
proach is limited due to the noisy and spiky
estimation and limited accuracy, and the de-
tailed reasons are as follows. First, the pre-
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Figure 13: Comparison experiment of traditional stiffness calculation and collapsibility estimation during
real-robot dynamic walking: i) snapshots of robot entering non-rigid ground over time, ii) contact foot force
in a vertical direction, iii) vertical foot displacement with respect to the ground frame, iv) stiffness estimation
and stiffness ground truth, v) the collapsibility estimation and collapsibility ground truth.

cision of calculating the spatial position of
the foot tips is difficult by the nature of the
floating-base system, which is even worsened
due to very fast dynamic locomotion, sensor
noises, and delays. Second, the force esti-
mation through joint torque sensors is an in-
direct approach and limits the measurement
sensitivity on non-rigid terrain, and adding a
6-axis force sensor on foot negatively impacts
dynamic gaits due to added mass and inertia.
Also, due to the cost and calibration issues,
such sensors are not equipped on commer-
cially available legged robots. Third, during
dynamic walking, the impact forces fluctuate
drastically, so the foot-ground contact time

is very short and only a few data points can
be collected. For example, a stepping fre-
quency around 2 Hz results in a stance dura-
tion shorter than 0.125s, making it difficult
to collect enough data points for denoising
the spiky measurements during short stance
phases.

4. Conclusion

We propose a real-time digital double
framework to enhance legged robot percep-
tion of non-rigid terrain by using motion dis-
crepancy between a digital double and a real
robot. Our method achieved real-time behav-
ior similarity between the digital double and

19



the real robot by using time synchronizers on
separate locomotion control loops. Anoma-
lies correlated to terrain collapsibility were
estimated in real-time by comparing the mo-
tion discrepancy between the digital double
trotting on ideal hard ground and the real
robot trotting on non-rigid terrain surfaces.
We showed that our framework can perceive
collapsible and semi-collapsible grounds rela-
tively safe for the robot to step on by allowing
foot displacement upon ground contact.

We evaluated various neural network ar-
chitectures and proposed 1-D CNN struc-
tures to detect temporal patterns in time se-
ries data. Our approach outperformed the
conventional method for calculating ground
stiffness, achieving accurate and sensible es-
timation of non-rigid collapsible terrain. We
also tested our framework on various unseen
terrains, including inclined slopes and out-
door scenarios with dense vegetation obscur-
ing the terrain’s true depth. Our estimation
results demonstrated generalizability among
these unseen scenarios. Finally, we presented
an application case for a collapsibility esti-
mate, showing a velocity command-based re-
flexive motion reacting when non-rigidness is
detected.

As for future work, the implementation of
this low-latency and high-accuracy collapsi-
bility module for real-time estimation of col-
lapsible terrains will encourage further re-
search in reactive locomotion. Moreover,
fully integrated digital twins as described
in the literature can be further investigated
by simulating real-world terrain properties in
the digital world with visual feedback and
taking reactive action on detected undesired

behaviors from digital systems.The integra-
tion of visual feedback and digital double can
be used to forecast the future state of the sys-
tem and anticipate potential failures before
they occur in the real world.
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