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Abstract—Mastering rough terrain locomotion is a tough
challenge for robots due to its dynamic, unpredictable nature and
frequent physical contact. Traditionally, robots rely on carefully
planned foot placements to maintain grip and stability. Recent
advancements in quadruped robot feet offer diverse shapes and
high grip for various terrains. However, control systems and
planners often struggle to leverage these varied capabilities,
relying instead on simplified foot models e.g. ball-like, flat. The
simplified feet models committed to the single shape of the foot
can not be used on robots equipped with diverse feet or modern
adaptive feet. This work proposes a novel foothold optimization
method that efficiently searches for optimal contact points for
different foot shapes using a polynomial approximation. The
system leverages a Convolutional Neural Network (CNN) trained
on simulated data to predict a cost for each candidate foothold.
We show that a single neural network can work with different
and new foot mechanical designs without retraining the system.
We experimentally validate our system on the ANYmal robot
using both ball feet and adaptive soft feet, in indoor and outdoor
environments, finding that our system improves stability, in terms
of pitch and roll angles of the base, with respect to a state-of-
the-art method.

Index Terms—Robotics, Legged Robots, Foothold Selection,
Convolutional Neural Networks.

I. INTRODUCTION

OUGH terrain locomotion is a challenging task that
stands in the way of quadrupedal robots when it comes
to their deployment for real-world scenarios, such as the
natural ones [I]. Avoiding slippage is crucial to ensure that
the robot remains in balance. Feet adherence results from
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Fig. 1.
foothold planning algorithm based on a Convolutional Neural Network. The
method searches for contact points that ensure a high contact surface and a
high grip depending on the shape of employed feet.

ANYmal robot walking on rough terrain employing the proposed

the combination of foothold planning, foot design and terrain
features. These factors are codependent on each other, and
they cannot be considered as single factors.

Over the years, foot design has evolved to better exploit
terrain shapes and features. The quadrupedal robots ANYmal
and HyQ employ ball-like feet and are both able to
walk efficiently in different types of terrain. Flat feet have been
used widely in humanoid bipedal robots like WALKMAN [4]]
or TALOS [5]], which are able to safely plan footstep both
over flat terrains [6] and rough terrains [7], and recently sen-
sorized flat feet have shown some advantages in quadrupedal
locomotion [8]]. Catalano et al. [9] showed an adaptive foot
able to exploit terrain roughness to improve grip.

Alongside feet design, the planning pipeline needs to be
capable of understanding the local terrain’s characteristics
and be aware of the feet’s characteristics. To do so, local
terrain features, often captured as elevation maps , must be
incorporated into planning methods that optimize the robot’s
foothold selection based on the foot’s geometry and properties.

In our previous work we proposed a planning al-
gorithm based on a Convolutional Neural Network (CNN)
to prefer footholds suitable for the adaptive foot. However,
to the author’s knowledge, there is no previous work on a
foothold planning algorithm able to select footholds for feet
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of various shapes. With the method proposed in this article, a
single neural network can work with different and new foot
mechanical designs without retraining the system.

In [11], we used a polynomial approximation of the local
terrain’s elevation to estimate the ability of the SoftFoot-Q [9]]
to adapt to the terrain at a given point and to select footholds
accordingly. We employed a CNN trained with simulated
data to compute the cost of every foothold. However, no
experimental validation was presented.

This work is a direct continuation of [11]. As the main
contribution with respect to that work, we generalize the
polynomial approximation approach to feet of different shapes
through a unified polynomial model, we implement a new
CNN model to predict the cost value starting from the local
elevation map and the foot description. Furthermore, we
validate the algorithm both in simulation and experimentally
on the quadrupedal robot ANYmal C (Fig.[I). Our contribution
to the state of the art can be summarized as follows:

« generalization of the polynomial approximation approach
to the evaluation of footholds for feet of different shapes,
using a compact polynomial representation to character-
ize foot-terrain interaction,

o a new unified CNN model to predict the cost value for
foothold depending on the local elevation map and the
various feet models, without any re-training,

« validation of the algorithm both in simulation and experi-
mentally on the quadrupedal robot ANYmal C that shows
that the proposed method applied on the quadruped robot
equipped with adaptive feet allows avoiding slippages and
stabilizes the robot’s body motion compared to the state-
of-the-art method.

The rest of this paper is organized as follows: in Sec.
we present the state of the art in the fields of feet design and
footstep planning for legged robots. In Sec. we describe
the problem addressed, with a focus on foothold optimization.
In Sec. we present our proposed solution, with the neural
network architecture, and we discuss in the detail the dataset
generation and preprocessing, the training process of the neural
network, and the training results. In Sec. we illustrate
and discuss the results obtained in simulation, and in Sec.
we show the experimental validation both on indoor and
outdoor tests, for different types of feet. In Sec. an overall
discussion of the results achieved is given, with a focus on
the advantages and disadvantages of our approach, and in
Sec. we conclude with final remarks and present possible
future works.

II. RELATED WORKS
A. Feet Design

Various types of robotic feet for legged robots have been
proposed in the last years. Ball feet, under which the point
contact hypothesis holds, have been used in the quadrupedal
robots ANYmal by ANYbotics [2] and HyQ [3]]. These robots
have shown capable to traverse different types of terrains [12],
[13] often relying on state estimation to detect contact state
between terrain and feet [|14]. Flat feet have been used in the
bipedal robots such as WALKMAN [4] and TALOS [5] to

provide a stable contact surface with the terrain. Similarly,
Kaslin et al. [[15]] propose a flat foot for quadrupedal robots
equipped with an Inertial Measurement Unit (IMU) on the
sole. A complementary filter estimates the foot pose, which
is used to provide reliable foot contact detection and increase
the performance of walking controllers. Valsecchi et al. [§]]
propose a sensorized flat foot able to estimate local terrain
slope and reaction forces. The controller utilizes this additional
information to minimize local tangential forces and avoid
slippage.

Finally, Piazza et al. [16] propose a bio-inspired adaptive
foot for bipedal walkers to enable a natural walking behaviour.
A quadrupedal adaptive foot inspired by [[16] has been pro-
posed by Catalano et al. [9]], and it has shown the ability to
adapt to rough terrain shapes and improve grip. This foot,
namely SoftFoot-Q, is also equipped with IMUs to enable pose
estimation and haptic exploration.

All these designs however require a specialized planning
and control pipeline able to exploit their different capabilities.

B. Foothold Selection

Quadrupedal robot locomotion relies heavily on foothold
choice, particularly on rough terrains. Exteroceptive sensing is
often used to take into account terrain shape and proprieties.
Barasuol et al. [[17] use an elevation map to evaluate the size
of the obstacles and select footholds based on a visual pattern
classification. The system is validated on the quadrupedal
robot HyQ [3]] showing promising results with challenging
terrains. The system however requires a feedback by an
external motion capture system. Kalakrishnan et al. [[12] use
expert demonstration to learn optimal foothold choices using
terrain templates. While showing good results, this approach
is dependant on external expert input to evaluate the foothold
cost. In [18], a high-level controller on the quadrupedal robot
Little Dog utilizes a linear combination of features such as
slope and collision information around the candidate foothold
to compute a cost index. A low-level controller based on
nonlinear programming then solves for the optimal foothold
and computes the trajectory. Similarly, Fankhauser et al. [19]
compute a score value for each candidate foothold starting
from the slope, roughness, curvature of the terrain, and a
confidence score evaluated from the local elevation map. The
value is mapped through a threshold to a binary score to
obtain a map of feasible footholds. Haptic exploration is used
with the StarlETH robot [20] to classify untouched footholds
and assess their robustness without human supervision. This
approach relies on specialized hardware integrated in the shank
to implement a force control when the robot is performing
haptic exploration.

Alongside these model-based methods, over the last few
years, learning-based approaches have started to show promis-
ing results in application related to legged robots, such as
legged locomotion [21]] and perception [22] Li et al. [23]] learn
a parametric cost function from expert knowledge to evaluate
foothold cost. In [24] a CNN is trained from simulated data
to predict cost values of footholds. Similarly, Magana et al.
[25] implement a self-supervised learning methodology for



foothold selection based on a CNN. While demonstrated on
the HyQ robot with both static and dynamic gaits, the learning
process requires heuristic functions to be defined by experts.
Chen et al. [26]] use a CNN to find footholds that guide the
robot into an energy-efficient stance, used to climb stairs. The
network takes an elevation map as input and encodes the
optimal foothold position into a one-hot output vector. In [27]]
the authors propose a footstep planning policy for quadrupedal
robots that directly incorporates safety information during
decision-making. By analyzing terrain and classifying landing
locations based on safety criteria, the policy achieves sig-
nificant reductions in safety violations and improves sample
efficiency compared to prior methods. However, the mentioned
methods focus only on ball feet. In [28]] the authors discuss
footstep planning for lower limb exoskeleton robots, which
share similarities with quadrupedal foothold selection. The
work presents a visual footstep planning system that considers
human-robot interaction and footstep planning, including the
use of a cubic Bezier curve to smooth target trajectories. Yao
et al. [29] propose a system consisting of a planner algorithm
based on Deep Reinforcement Learning (DRL) and an optimal
control strategy for the low-level controller. Fully learning-
based techniques have been shown in [30]] where an end-to-end
blind policy is trained to perform quadrupedal locomotion over
rough terrains. These approaches, however, rely on simulated
experience, that requires to model complex dynamics and
interaction with the environments.

In our previous work [11]], we proposed a CNN-based
foothold selection algorithm for quadrupedal robots equipped
with adaptive feet. The network is trained to compute foothold
costs taking into account kinematic properties as well as the
terrain shape in order to exploit the adaptive nature of the
soft feet. The method proposed in [11]] was however limited
by the feet dimensions used for generating the dataset, and
any change required re-training with a newly-crafted dataset.
The same problem exists when the robot is trained to utilize
only one and specific feet type, i.e. ball-like [23[], [25], [27]]
or flat [8], [31], [32]. The method from the literature that
deals with various shapes of feet is presented in [33]]. In this
approach, the highest point from the map below the footprint is
chosen as a reference Center of Pressure but the the proposed
planning strategy does not show how to optimize the foothold.
In contrast, this is the core problem solved in this manuscript.
The method proposed in this work generalizes the foothold
selection planner to quadrupedal robots equipped with feet of
various shapes. In particular, we propose an algorithm able to
seamlessly find footholds for feet with a continuous curvature
on the sole outline, such as flat feet, ball-shaped feet, and
adaptive soft feet, without any re-training.

III. PROBLEM DEFINITION

The task of foothold planning is to determine the appropriate
contact points, referred to as footholds, for a given motion
task. Given the state of the robot x, a gait sequence and a
reference base twist &g, from which a reference base pose B,
is computed, the algorithm computes a sequence of feasible
nominal footholds (pi,pa, ..., py) that allows for tracking the
reference base pose (Fig. [2).

In particular, the algorithm uses previous knowledge of a
default step length to compute a set of stances such that
the path from the start to the goal pose is divided into
equally spaced intervals [19]]. The leg sequence is determined
based on the main direction, and the leg with the largest
first step is chosen as the start of the walking sequence.
Factors like the limits of the leg workspace, self-collisions,
and the feasibility of the foothold in terms of the terrain
shape, slope, and roughness need to be taken into account.
Moreover, the shape of the foot affects the grip and the ability
of the foot to maintain contact with the terrain, making it
an essential factor to consider during planning. These terms
are included in the footstep optimisation phase, which scans
the neighbouring terrain around the nominal foothold for an
optimal contact point. Once this is found, the leg’s swing
trajectory is computed using a predefined spline that moves
the foot to the selected position and avoids collisions with the
terrain [|19].

This problem can be formalized as the minimization of a
cost function that balances the deviation from the nominal
foothold with the feasibility of the foothold under kinematic
and terrain constraints. The result is an optimization problem
that, at each step, searches an optimal foothold p* over a set
P of candidate footholds in the area around the nominal point,
by solving

min - axJk (p, ) + aede (p) + aada (p, pu) , (1)
pEP

where the term J4 (p, py) is the distance between candidate p
and nominal foothold p,, the term J.(p) encodes the foothold
feasibility and cost in terms of terrain elevation and shape,
and Jx(p,x) represents the kinematic constraints. To tune
the optimization process each term is multiplied by a scalar
weight, ae, ag and g, respectively for the feasibility, the
kinematic cost and the distance cost. In this work, the set P
of candidate footholds consists of a grid of points centered in
the hip of the moving leg, with a fixed size and stride.

A. Distance Term

The distance term

Ja (Papn) = |p - pn| )

is responsible for restricting the deviation from the nominal
foothold, that would result in a deviation from the reference
base trajectory.

B. Kinematic term

The purpose of the kinematic term is to avoid non-feasible
footholds. Those are points that are outside the workspace of
the moving leg and points that would bring the robot in self-
collision.

This term can be formulated as

. KM(p) pE WL(x) N Cfree(x)
Tk(p,x) = {oo elsewhere ’ ®)

where Wy () is the workspace of the moving leg, Chee(2) is
the collision-free space, and Ky (p) is a kinematic margin for
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Fig. 2. The foothold planning algorithm starts from a reference twist, it computes a set of nominal foothold positions, and it optimizes them at each step.
The foothold optimizer (neural network) simultaneously evaluates the local terrain patch and checks the kinematic constraints — workspace of the leg and
collisions of the leg with the terrain. The optimized foothold, the leg swing trajectory and the base trajectory are then sent to the Whole-Body controller for

tracking.

the candidate foothold p defined as a minimal distance between
the candidate foothold p and the closest point located on the
border of the workspace p,, [24],

Kwu(p) = Iginllp—pwll- “4)

C. Terrain cost term

The stability of the foot-terrain contact interaction depends
on a series of factors, among them the local curvature radii
of the terrain and the foot sole [9]]. When the foot curvature
is the same as the local terrain in the contact point, the
stability is granted. Catalano et al. [9] designed a compliant
foot able to adapt to the terrain curvature in order to satisfy this
condition. We obtain similar results by searching for contact
points with a local curvature similar to the foot’s sole. To do
so, we introduce a mathematical model of the foot’s sole, in
the form of a two-dimensional second-order polynomial. We
chose a two-dimensional second-order polynomial because it
represents the shape of the various feet in a compact way
(Fig. B). Moreover, the parameters of the polynomial have
physical meanings like slope and curvature. Finally, we can
quickly check whether the foot curvature is the same as or
close to the local terrain curvature in the contact point so the
foothold guarantees stable support. With this model, any foot
shape is characterized using a series of coefficients (c;, cy,i)
as described by

2 2
ho(z,y) = oxi o'+ ey v ©)
i=0 i=0
We can evaluate the grip of each candidate foothold by
fitting a second-order polynomial on the underlying elevation
map and computing a similarity value between the foot shape
and the terrain patch

2
an,i foot
Je = agJp + E E omax _ gminCni Cn,i’ . (6)

n=(z,y) i=0 M? n,e

Here, oy ; and «f are scaling coefficients and cff’;?‘ are the

polynomial coefficients associated with the shape of the foot.

The terms c'%* and ¢'' are constants used to normalize the
, ,

(d) (e) ®

Fig. 3. Each foot is parameterized with the two coefficients C, and Ci,
described by (B), and associated with the curvature along the longitudinal and
lateral axis. Ball foot has Cp, = 2.4, Cy = 2.4 @ flat foot has C, = 0.0,
Ct = 0.0 (13) and adaptive foot has Cp = —2.4, C; = 0.0 (I6). The foot
length and width are L = 0.159m, W = 0.056 m, respectively.

cost index. The term J; is the quality of the polynomial fit
over the terrain. Defining W and L as width and length of the
foot sole, respectively, then J; can be written as

L/2 w/2

= > > @y —h@yl; O

r=—L/2y=—W/2

where h(z,y) is the terrain elevation and hy(z,y) is the
computed polynomial fitting. Using this parametrization, the
coefficients needed to define a foot shape are associated with
physical characteristics. In particular ¢y, o represents the offset,
ck,1 1s the average slope, and cj o is the curvature, with
k = x,y. In this work, we focus on feet with a fixed size
(L =0.159m, W = 0.056 m) that is related to the ANYmal C
robot and SoftFoot-Q used for experimental verification. The
constant parameters L and W imply that the trained model
is valid only for a specific foot size. To further simplify the
foot characterization, we neglect the offset and assume the



same slope coefficient for all possible foot designs. This is

done to contain the computational cost and the amount of data

required. At these expenses, the assumptions can be relaxed

to account for generic size and slope. By defining
Cx,2 = Cp,

®)
Cy2 = Cr’

every foot can be represented as a point in an R? space, with

C; and C, representing the surface curvature in the pitch and

in the roll directions, respectively (Fig. [3).
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Fig. 4. Foothold cost evaluation for the example terrain patch (a) using the
same proposed model and various parameters for a ball-like foot (Cp =
2.4, C;y = 2.4) (b), flat foot (Cp, = 0.0, C; = 0.0) (c) and adaptive foot
(Cp = —2.4, C; = 0.0) (d).

In Fig. @ we show the results of terrain patch evaluation
taking into account the kinematic model of the robot’s leg and
the proposed terrain cost term. The position of the optimal
foothold depends on the C, and C; values. Over the same
terrain patch (Fig.[d{(a)) robot with ball-like feet chooses small
concavities of the terrain (Fig. [[b)), the flat feet will be
located in planar and horizontal parts of the terrain (Fig. fc)),
while the adaptive feet are placed on small bumps (Fig. @{d)).

While adaptive feet are robust by design and able to provide
good footholds on a wide ranges of terrain patches, we design
the algorithm in order to select, among the feasible footholds,
the optimal point for the SoftFoot in terms of foot-terrain

stability [9], [TT].

IV. SOLUTION APPROACH
A. The neural network model

The algorithm described in Sec. [[TI-C] is able to evaluate
the grip of candidate footholds. However, this approach can
be computationally expensive to implement on an onboard
computer of a quadrupedal robot.

To overcome this challenge, we use a Convolutional Neural
Network (CNN) to evaluate the cost of candidate footholds.
By using CNNs, we can provide a terrain patch located around
the nominal foothold and evaluate them in a single step.
Also, we can take into account time-consuming constraints like

collision and kinematic margin that are computed iteratively
in traditional footstep planners [19]], [34]. Lastly, the trained
neural network evaluates footholds in real-time on the board
of the robot. The alternatives to CNN are Support Vector
Machine [35]], Multilayer Perceptron or Gradient Boost-
ing [37]. However, all these methods require low-dimensional
input and hand-tuned features. In contrast, CNN learns to
extract meaningful features from the input data during learning
and reduces the expert involvement in the training process.
We also avoid using Vision Transformers like Swin
or ViT [39] which are generally slower than CNNs during
inference. Even though recent studies are focused on improv-
ing the computational efficiency of transformer-based neural
networks, the comparison shows that CNNs are still better for
lower-resolution images and real-time applications [40]-[42].
Moreover, we propose embedding the foot parameters into the
latent space of the CNN. A similar strategy to inject additional
information into token embeddings is not applicable to Vision
Transformers.

In particular, we compute the terms J. and Jx of (I) with
a CNN, and we leave the term Jq(p,py) to be computed at
inference time, thus formulating () as

min  axJx(p, ) + aede(p) + aalp—pa| . 9
peP ——
Jenn (p,x) Ja(p,pn)

The CNN takes as inputs an elevation map and the two
coefficients (Cp, C;), the information on collisions and kine-
matic margin are embedded in the training dataset. Note that
we do not provide the state of the robot x as an input to the
neural network. The state of the robot x is directly related to
the position of the potential footholds located in the cells of
the elevation map provided as an input. The configuration of
the leg for the given position on the map is computed from
the inverse kinematic model of the leg.

The map is centered in the moving leg’s hip joint projected
on the ground, it has a resolution of 20 x 20 mm? and a size
of sx X sy cells, with s, = s, = 40 cells, where each cell
represents a candidate foothold. The distance term is included
later in the process, as shown in Fig. [5] with a proportional
term ag. This term acts as a tuning parameter for the perfor-
mance of the robot in a specific task. By increasing a4 the
robot tends to follow the reference pose more accurately, and
by decreasing a4 the robot neglects the reference pose and
focuses on selecting high-grip footholds.

The result of this process is a map of cost values, each
associated with a candidate foothold on the elevation map.
Due to the small size of the map, the optimal foothold is
found simply by iterating over the costmap and searching for
the point with minimum value. However, due to the uncertainty
of the pose estimation and mapping algorithms, when the
minimum cost point is surrounded by weak footholds, there
is a risk that the robot will select a neighbouring potentially
risky foothold. To avoid this problem, we filter the map with
a moving average of size (5,5).

In our previous work [I1]], we proposed a model based on
the Efficient Residual Network (ERF) with the addition
of the Markov Random Field (MRF) on the output layer.
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Fig. 5. The optimization process is split in two phases. A CNN computes the cost terms associated with kinematic and foot grip for all the possible footholds,
while the distance from the nominal foothold is added later in the process. The result is a grid of cost values from which the minimum cost can simply be
computed by iterating over all points. The CNN architecture exploits the latent space to add two additional scalar values as inputs. This enables the network
to infer the cost values for every value of the coefficients (Cp, Cr). Downsample (and upsample) convolution layers use stride 2 to halve (and to double)
input resolution. ERFNet layers use dilation 1. Finally, on top of every layer we perform Batch Normalization.

This approach has been shown capable of evaluating the
foothold cost for the SoftFoot-Q [9]], [[11], and it employs ERF
layers to improve performance on non-specialized hardware.
This network works as an image segmentation model, where
the output classes are mapped to specific intervals of the cost
function.

However, this network can only be trained to infer the
cost value for a single specific type of foot. To create a
model able to predict cost values for any foot described by
the pair of coefficients (Cp, C;), we adopted an architecture
shown in Fig. |5| The shape coefficients (C,, C) are upscaled
using two deconvolution layers before being concatenated
in the latent space [45]. The proposed architecture allows
merging multi-dimensional input like an elevation map and
low-dimensional parameters that represent the shape of the
foot (Cp, C.). This enables us to use the same model using feet
of different curvatures just by changing the parameters during
inference, without retraining the network. The resulting model
has 2,067,934 trainable parameters. To enable reproducing the
results, we published the implementation of the neural network
and a pre-trained model']

B. Dataset and preprocessing

The neural network is trained on a simulated dataset. Firstly,
we perform a sampling of the (Cp,,C;) parameters space,
obtaining a set of Nyoins = 13 uniformly-spaced points. In
each of these point we generated a set of Ny, = 20000
random elevation maps with the resolution 40x40. The maps

Uhttps://github.com/tolomeis/learning-footstep-planner-cnn

are generated by sampling the 12m Xx 12m elevation map
created offline by composing maps obtained during various
experiments on the real robots. We also added the flat region,
steps with various heights, concavities, and bumps to increase
the variation of foothold examples. The maximal height of
the obstacles is equal to 0.8 m and the lowest point on
the map is 0.07 m below the ground level. We randomly
sample the robot’s position on the map, considering both the
horizontal position and distance from the ground, to generate
the dataset. The horizontal orientation of the robot (yaw
angle) is randomly chosen from four primary orientations:
n-w/2, with n € [0,1, 2, 3]. To evaluate the kinematic margin,
we use a Gaussian-Mixture (GM)-based method [34]], which
identifies a set of Gaussian-Mixture functions that represents
the constrained regions. The margin is proportional to the
minimum distance between the foot position and the boundary
of the leg’s workspace, evaluated with the GM. The resulting
dataset consists of Nyoins X Nap = 260000 training samples,
each one consisting of the value of the input parameters
(Cp, Cy), an input elevation map, and the corresponding output
costmap.

Due to the random nature of the input costmaps and the
uniform sampling of the parameter space, the produced dataset
is balanced in the input values, but the same does not hold for
the output samples (Fig. [6(a)). In Sec. we showed that
this network can be treated as an image segmentation model,
where all the metrics and algorithms used in classification
tasks can be employed. Because of this, we can evaluate the
balancing of the dataset by computing the Shannon Evenness
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Fig. 6. Histogram of the dataset output values. (a) before the preprocessing
and (b) after the preprocessing. The number of samples with the maximum
cost (i.e. points outside the leg’s workspace) is 4110469.

TABLE I
DATA PREPROCESSING RESULTS.

Raw dataset ~ Preprocessed dataset

Number of classes (V) 256 17
SEI 0.69 0.90
Average bin width 1 14.5
Index (SEI)
N n, n
Zi:l n—Tlog (,TT)
SEI = — (10)

log(N) ~

where N is the number of classes, n; is the number of samples
in the class i, and nr is the total number of samples.

The SEI value in Tab. [l shows that the dataset is biased
towards higher cost values. We perform a preprocessing of
the dataset, in order to reduce the number of output classes
(cost value intervals) and at the same time to reduce the bias
in the dataset. In particular, we change the mapping from cost
value intervals into output classes using a non-uniform interval
length, resulting in larger classes where the number of samples
is lower, and vice-versa, as described in Algorithm m The SEI
values in Tab. [l show that the preprocessed dataset (Fig.
is more balanced, at the cost of a lower number of classes
(17), and thus a lower resolution on the cost values.

This process does not remove entirely the bias and does not
modify the class associated with the maximum cost, i.e. the
footholds that are outside the leg’s workspace. To address this

remaining bias, we introduce weights in the loss function to
weight the classes during training.

As a last stage, the entire dataset is divided randomly in
three slices, which are 70% for training, 15% for validation,
and 15% for testing. The split is performed randomly on all the
points in the (C},, C;) space. This ensures that every point is
present in the dataset, but no significant bias is present towards
a specific shape of foot. The validation set is used during
training to test the current solution and to avoid overfitting the
neural network. The test set is used to check the generalization
properties of the CNN and present the results.

C. Training

To train the network proposed in this paper, we use a
weighted sparse-softmax cross-entropy loss [46]

1 M H
L(y.9,w) = =57 D > wyvislog(@iy). (D)

D1 Wi i j=1

where y is the ground truth label, 3 is the sparse-softmax value
of the predicted label, w is the weight term, M is the number
of samples, and H is the number of output classes. The term
%i; is a binary indicator (0 or 1) that specifies whether sample
1 belongs to class j. The term §;; is the predicted probability
that sample ¢ belongs to class j.

The weight term w; is

-1
— nj

wj = <log Zi - + wc) s (12)
where 7 and w, are weight parameters. The weight w; reflects
the imbalance in the number of samples in each class. The
higher the number of samples in a class, the lower the weight
associated with it, such that the contribution of each class is
inversely proportional to the number of samples. This helps
compensate for unbalancing in the output values.

We train the network using Stochastic Gradient Descent
(SGD) with momentum, and we update the learning rate using
the Adam optimizer with Decoupled Weight Decay Reg-
ularization [48]. Tab. [[]shows the training hyperparameters. In
particular, we use Weight decay and dropout to avoid incurring
in overfitting.



TABLE II
TRAINING HYPERPARAMETERS
Learning Rate o 5 x 10~%

Batch Size B 8
Max number of epochs E 400
Weight Decay 10—4
Dropout 0.3
Momentum 0.7

D. Training results

Fig. [7] shows the validation accuracy of the network during
training. We trained the CNN for 300 epochs until the vali-
dation loss stabilizes. We stop training before the validation
loss drops, which may indicate overfitting and the lack of
generalization of the obtained neural network.

0.8 |- N
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| | | |
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Fig. 7. Validation Accuracy over epochs, during the training process.

It is helpful to look at the Root Mean Square Error (RMSE),
computed in the testing dataset as

Nmap Sx

1 1
Nmap ; Sx

where s, and s, indicate the size of the maps, while Ny, is
the number of maps.

Eq. (13) indicates the mean error committed when evaluat-
ing the cost, where an error of 1 means that the network is
misclassifying between adjacent classes in the cost value-class
mapping.

Fig. [8|shows the RMSE for all the values of the input param-
eters (Cp, C;) that are in the dataset. This value quantifies the
ability of the network to generalize on unseen terrain patches
for each foot in the dataset.

RMSE =

1
— > (Ciay = Ciny)? (13)

S
r= y y=1

V. SIMULATION RESULTS

We test the obtained model and the planning algorithm on
simulation in a controlled environment, to assess the behaviour
of the planner. The obtained results are compared with the cost
index of the footholds generated by the state-of-the-art planner
FreeGait [19].

RMSE
.
077 047 0.44
.
0.49 0.62
N
ol 043 0.64 0.74
043 0.63
0.65 080 043
B

Fig. 8. RMSE in the space of the parameters (Cp, Cr).
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(a) Two examples of selected footholds for ball feet.

¢ Proposed plannc

Proposed planner

FreeGait planne
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JonN = 1.0, Jg=011Tm
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(b) Two examples of selected footholds for flat feet.

Proposed planner
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JoNN =120, Jg=005Tm  Joxy =20, Jg=0308m  JonN =20, Jg=011Tm  Jonn =T0, Jg=0.045m

(c) Two examples of selected footholds for soft feet.
Fig. 9. Samples of footholds acquired in simulations. (a) for ball-shaped feet,

(b) for flat feet, (c) for soft feet. For each sample, the values @) are reported.
Axes are in meters.

A. Ball feet

To evaluate the performance with the Ball feet we use
coefficients that are related to the radius of the sphere. In



(b)

Fig. 10. Photo-sequences of the ANYmal C robot equipped with ball-shaped feet walking over a custom-made terrain platform using (a) the proposed

algorithm and (b) a state-of-the-art planner

particular, we choose
Cp=24

14
C, =24, (14

With these parameters, the planner is searching for terrain
patches that are concave, in which a ball foot can have
the maximum contact surface. Fig. P(a)] shows some of the
footholds selected in simulation by the planner in this config-
uration.

B. Flat feet

For the flat feet, the coefficients are set to zero to represent
the flat surface of the sole,

Cp=0.0
Cr = 0.0.

With these parameters, the planner is searching for terrain
patches that are flat, in which this type of foot can exert
the maximum contact surface. Fig. shows some of the
footholds selected in simulation by the planner in this config-
uration.

15)

C. Soft feet SoftFoot-Q
We evaluated the performance of the soft feet SoftFoot-Q
[9] using
Cp=-24
(16)
Cy =0.0.

This means that the planner is searching for terrain patches
that are convex in the longitudinal direction. Fig. shows
some of the footholds selected in simulation by the planner in
this configuration.

VI. EXPERIMENTAL VALIDATION

We evaluate our proposed foothold optimization system on
the ANYmal C robot on a custom-made terrain platform
and compare it to the state-of-the-art planner that relies on the

Pitch
6 06.16

—— CNN
B | r}‘ 351 —— FreeGait

’ /% '@VMWMJW wﬂw H =
V ,1 ! )
223 f\\

\!
1 ®-3.98

0.00 025 030 075 1100 125 150 175 200

Distance [m]

Roll

— CONN
— FreeGait

o0 s 050 ot i [ 150 i 200
Distance [m]

Fig. 11. Comparison of the robot base roll and pitch while using ball-shaped
feet by our planner and the state-of-the-art planner [T9] over the same terrain.
To account for different velocities, the figure is plotted with the travelled
distance in meters on the x-axis. For the sake of readability, a moving average
is applied at the travelled distance to reduce the effect of the base back-and-
forth oscillations typical of a static walk.

point-contact foot hypothesis [19]. The platform is designed
to have both convex surfaces and holes that act as concave
terrain patches. This helps showing our planner’s ability to
select more suitable footholds for the type of feet in use. We
performed four sets of experiments, two with standard ball
feet and two with adaptive soft feet. For each foot, we tested
both the state-of-the-art planner and our proposed planner.
In each experiment, the robot has to walk over the platform
using a constant reference speed, equal for all experiments,
and starting from the same initial position with respect to the
platform. During the experiment, we measured the pitch and
roll angles of the base, finding that our planner consistently
produces lower oscillations of the robot’s base. The state-of-
the-art planner is used as-is with both the standard and the
adaptive feet. In our planner, we changed the shape coefficients
to embed information on the feet shape in the planner. In
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Fig. 12. Example of the foothold positions generated by our planner (red
dots) and the state of the art planner (blue dots) in the elevation map for ball
feet. Axes are in meters.

particular, we used values presented in Sec.[V] We first present
the results for the ball feet, and then show the results for the
soft feet. For all experiments, we used a distance weighting
term aog = 35, and scaling coefficients of a,; = 0.25 and
ar = 2, as defined in (6). We also provide an example of the
foothold positions generated by our planner in the elevation
map.

A. Ball feet

Fig. [12] shows the elevation map with the two foothold
positions generated by our planner (red dot) and the one
generated by the state-of-the-art planner (blue dot) for compar-
ison. Fig. [T0] shows photo-sequences of the ANYmal C robot
equipped with ball feet walking over the custom-made terrain
platform using the proposed algorithm and a state-of-the-art
planner [[19]. The stability of the base during the experiment,
measured as roll and pitch angles, is improved when using
our planner, as shown in Fig. [TI] In particular, with the
robot registered a maximum pitch and roll angles, in absolute
values, respectively of 6.16 deg deg and 6.36 deg. While using
our planner the robot showed maximum values of 3.98 deg in
pitch and 4.67 deg in roll.

B. Soft feet

Fig. [13] shows a photo-sequence of the ANYmal C robot
equipped with the SoftFoot-Q walking over the custom-made
terrain platform using the proposed algorithm. Our planner
consistently generates footholds with an equal or lower cost
index than the state-of-the-art planner. As an example, Fig. [13]
shows the elevation map with the two foothold positions
generated by our planner (red dot) and the one generated by the
state-of-the-art planner (blue dot) with the foothold cost, for
comparison. These results are obtained using the parameters
described in (T6).

During the experiment, with FreeGait planner, the robot got
stuck repeating the same step due collision with an obstacle.

This did not happen with the proposed algorithm. Moreover,
the overall stability of the base during the experiment, mea-
sured as roll and pitch angles, is improved when using our
planner, as shown in Fig. [T4] In particular, with the robot
registered a maximum pitch and roll angles, in absolute values,
respectively of 5.40 deg and 7.34 deg. While using our planner
the robot showed maximum values of 4.28 deg in pitch and
3.97 deg in roll.

C. Outdoor test with SoftFeet-Q

To assess the performance and usability of the planner, we
tried the SoftFoot-Q configuration outdoor in two different
scenarios. Firstly we tested under direct sunlight (Fig. [T6(a))
which is an unfavourable lighting condition for the Intel
Realsense D435 used by the robot to perceive the
environment. We then tested our planner in a cluttered scenario
(Fig. [I6(b)) to further validate the applicability of our system.
In both scenarios we tested the robot with adaptive feet
using our planner against the state-of-the-art planner. Despite
the challenging terrain, our system was able to successfully
traverse the environment.

We also provide an example of the foothold positions
generated by our planner in the elevation map. Fig. |17| shows
the elevation map with the two foothold positions generated
by our planner (red dot) and the one generated by the state-
of-the-art planner (blue dot) for comparison.

VII. DISCUSSION
A. CNN performance

The performance of the neural network can be evaluated
from Fig. [§] The RMSE changes throughout the parameters
space, this could be due to biases in the dataset that emerge
only from specific values of the parameters. The RMSE
is always less than 1, this means that most of the errors
are committed between adjacent classes in the output. We
found that this behaviour does not significantly affect the
performance of the foothold selection algorithm.

B. Planner performance

Among the goals of a static walk controller, is to mini-
mize roll and pitch oscillations of the base during the walk
sequence [19]. The results in Fig. [T1] and [T4] show that using
the proposed planner the maximum values of pitch and roll
over the same terrain are reduced, for both adaptive soft feet
and ball-shaped feed. This holds even in the case of outdoor
testing with unfavourable lighting conditions.

The elevation map in Fig. [I2] shows that the planner is able
to search for a foothold with the correct reference shape, that
is concave for the ball feet. The same is true for the SoftFoot-
Q, as visible in Fig. [T5] where the planner selects a foothold
that is convex in the longitudinal direction.

C. Comparison with state-of-the-art planner

During execution, our planner was able to perform inference
in 8.5 ms, evaluating 1600 candidate points. In contrast,
takes 0.5—2.5 ms to evaluate a candidate point. The increased
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Fig. 13. Photo-sequences of the ANYmal C robot equipped with SoftFoot-Q walking over a custom-made terrain platform using (a) the proposed algorithm

and (b) a state-of-the-art planner [19]
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Fig. 14. Comparison of the robot base roll and pitch while using the adaptive
feet SoftFeet-Q [9] by our planner and the state of the art planner over
the same terrain. To account for different velocities, the figure is plotted with
the travelled distance in meters on the x-axis. For the sake of readability, a
moving average is applied at the travelled distance to reduce the effect of the
base back-and-forth oscillations typical of a static walk.

computational time resulted in lower velocity tracking for
our planner. For all the experiments, the reference velocity
for the statically stable FreeGait is 0.400m/s. Using
the proposed planner, the robot walked at an average veloc-
ity of 0.0197m/s, while with the average velocity is
0.0288 m/s.

D. Limitations

The elevation map used in the system conveys information
only about the terrain’s shape, and not about its material
properties and compliance. Therefore, the robot is unable
to distinguish between different obstacles that share similar
geometric features, such as a root that is firmly fixed to the
ground and a rock with a similar shape. This may lead to

®  Proposed planner

®  TFreeGait planner

—0.4
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Jonn =120, Jonn = 10, Jg=0228m

Fig. 15. Example of the foothold positions generated for the adaptive foot
[9] by our planner (red dots) and the state of the art planner (blue dots) in
the elevation map.

suboptimal foothold planning. To address this issue, future
research should explore the integration of additional sensing
modalities that can provide information about the terrain’s
compliance. Furthermore, to address the lower velocity track-
ing, the reference velocity could be used to augment the state
of the CNN, which has been shown to help increase the overall
velocity tracking [50].

Moreover, the development of advanced machine learning
algorithms that can process multi-modal sensory data in real-
time may enable more robust and adaptive navigation strate-
gies.

VIII. CONCLUSIONS

In this paper, we proposed a generalization of our previous
method to select footholds for legged robots equipped
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(b)

Fig. 16. Photo-sequence of the ANYmal C robot equipped with SoftFoot-Q adaptive feet [9] walking in an outdoor natural environment (a) and in a rough

cluttered scenario (b).

Proposed planner
FreeGait planner

Jq = 0.000 m Jq=0201m

Jony = 0.0,

Jony = 10,0,

Fig. 17. Example of the foothold positions generated for the adaptive feet
|]§|] by our planner (red dots) and the state-of-the-art planner (blue dots) in
the elevation map during an outdoor test.

with different types of feet. The method utilizes a Con-
volutional Neural Network to predict the cost of candidate
footholds. The network predicts the cost based on a polynomial
approximation of the foot sole and searches for matching
terrain patches in the surroundings of the robot to maximize
contact surface and grip. The cost computed by the network
takes also into account the kinematic model of the robot, self-
collisions and collisions of the leg with the terrain. The training
data is generated in a simulated environment, by generating
a set of random terrain elevation maps and computing the
cost maps. This process is repeated for a set of predetermined
coefficients for the foot shape, in order to avoid bias in the
dataset. Finally, the proposed neural network is used on-line
to plan footholds for the robot ANYmal-C. The method is

experimentally validated on a terrain platform and in outdoor
natural environments, and it is compared with a state-of-the-
art foothold planner. The proposed algorithm is able to select
high-grip footholds for various type of feet, and is robust to
outdoor environments and harsh lighting conditions.

In future works, we will focus on integrating additional
sensing capabilities to the planner in order to consider the
terrain material and compliance, to avoid stepping on slippery
obstacles. The ability to change feet parameters online could
also be exploited to fully take advantage of the capabilities
of adaptive feet [51]], changing online the preferred terrain
outline from flat to convex depending on the characteristics of
the terrain. Furthermore, we will also study the possibility of
integrating this foothold selection approach to other learning-
based base trajectory and control algorithms.
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