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Abstract— Quadruped robots typically rely on depth cameras
and LiDAR sensors to map their local environment. However,
these sensors have limited close-range coverage, are relatively
expensive, and consume significant power. This study inves-
tigates whether distributed Time-of-Flight (ToF) sensors can
serve as a low-cost alternative to depth cameras for near-field
terrain mapping for locomotion and local navigation. We de-
signed a distributed ToF sensing architecture for the ANYbotics
ANYmal quadruped, assessed its environment reconstruction
accuracy, and benchmarked it against depth cameras for terrain
mapping and obstacle avoidance. Distributing these sensors
around the robot can also avoid the blind spots of traditional
sensors. Our results show that, despite their low resolution
and higher measurement noise, distributed ToF sensors can
support reliable perceptual locomotion with centimeter-level
local mapping accuracy. The proposed sensing strategy provides
sufficient geometric information for near-field obstacle avoid-
ance and footstep planning, at substantially lower cost, energy
consumption, and system complexity than depth cameras.

I. INTRODUCTION

Quadruped robots have been demonstrated in a wide range
of applications, including inspection [1], industrial monitor-
ing [2], and forest mapping in complex and unstructured
environments [3]. Their ability to traverse uneven terrain
and navigate obstacles suits these challenging scenarios,
where robust autonomy depends on reliable perception and
environment understanding.

Most state-of-the-art quadruped platforms rely on
information-rich sensing modalities such as depth cameras
and LiDAR for perception, mapping, and navigation [4, 5].
While these sensors enable accurate state estimation and
dense environment reconstruction, they have some important
limitations. Depth cameras are rather large (the RealSense
D435i is 9 cm wide) and cannot be placed on curved surfaces
or close to joints, resulting in blind spots around the legs and
feet — critical locations for safe foothold selection. LiDAR
provides accurate long-range measurements but is less ef-
fective at short range and may fail to capture fine geometric
details required for local terrain interaction. Both modalities
are also relatively expensive and have high computational
and power requirements.

Recent advances in multizone Time-of-Flight (ToF) sen-
sors, which provide multiple distance measurements within
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Fig. 1: This paper studies time-of-flight (ToF) sensors for
quadrupedal locomotion and navigation. Mounted on the front shell
of ANYmal D, they provide near-field perception for elevation
mapping, obstacle avoidance, and footstep planning.

their Field of View (FoV), have enabled distributed, low-
cost perception [6-9]. While individual sensors provide low-
resolution, noisy measurements [10], fusing the information
provided by distributed ToF sensors increases coverage and
robustness. At present, their suitability for legged robot
navigation and locomotion has been largely unexplored.

In this article, we investigate whether a distributed array of
off-the-shelf ToF devices can serve as a low-cost alternative
to depth cameras for near-field terrain perception (Fig. 1),
providing a design exploration of low-cost perception for
legged robots.

We compare it against depth cameras for terrain mapping,
navigation, and footstep planning, and assess its geometric
reconstruction accuracy against a LiDAR-based reference.

The contributions of our study are:

1) We evaluate the geometric reconstruction accuracy of
distributed ToF sensors against a conventional LiDAR
reference (Hesai Pandar QT64), highlighting trade-offs
in accuracy, coverage, and data efficiency.

2) We propose an integration design of distributed ToF
sensors on the front shell of the ANYbotics ANYmal
D, enabling perception of regions typically occluded
to standard sensing setups, e.g. near the robot’s feet.

3) We validate the sensing system in simulated and real-
world experiments, demonstrating that distributed ToF
sensing provides sufficient near-field terrain perception
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for obstacle avoidance and footstep planning in clut-
tered environments, at a fraction of the cost of depth
cameras.

II. RELATED WORK
A. Geometric Perception for Quadrupeds

Geometric sensing modalities, such as depth cameras
and LiDAR, are the preferred sensing modality for core
quadrupedal locomotion capabilities, such as footstep plan-
ning, local obstacle avoidance, and long-range path planning.

LiDAR provides long-range, accurate, and relatively
sparse depth measurements, which has been used primarily
for state estimation and mapping [11, 12] in legged robots.
This has enabled different field applications of legged robots,
including underground exploration [13-15], forestry [3] and
prospective planetary missions [16].

Depth cameras, conversely, provide dense but close-range
sensing, being more suitable for local terrain mapping. These
local maps are usually used for locomotion with model-
based [17, 18] or learning-based approaches [19]. Further-
more, they have also enabled downstream tasks such as
navigation [20-22]. Recent works have also demonstrated
the effectiveness of passing raw depth input directly to the
quadruped’s locomotion or navigation systems. One of the
most recent examples is a robot parkour system, enabling
direct locomotion control from single depth setups [23] or
omnidirectional depth sensing using multiple cameras [24].

In this work, we explore the use of distributed ToF
sensors as an alternative close-range geometric sensor to
depth cameras. We demonstrate their potential in quadruped-
relevant tasks, where depth cameras are currently preferred,
such as foothold planning and local obstacle avoidance.

B. Close-range Perception

Close-range perception provides local awareness capabili-
ties to mobile robots, which might be beneficial for reactive
behaviors and collision avoidance. Early works explored
single-beam sonar and ultrasonic sensors [25, 26], both for
reactive obstacle avoidance and occupancy-based mapping,
but relied on the assumption that the robot moves on flat
ground. Biologically-inspired alternatives such as artificial
whiskers [27], instead, enable navigation without such as-
sumptions by sensing local geometry around the robot body;
however, in this context, knowledge is acquired only upon
near-contact.

More recently, ToF sensors have emerged as a lightweight
alternative for obstacle avoidance on nano-UAVs [28], where
using depth measurements from ToF is attractive given the
strict payload and energy constraints [29, 30]. In these
settings, measurements are often projected onto simplified
polar/range representations, as only coarse environmental
awareness is required. Their use for perception, control,
and 3D reconstruction has been more widely explored in
robotic manipulators [31, 32] and continuum robots [9, 33],
where spatial structure around the robot body is needed for
proximity-aware control.

Fig. 2: The 3D-printed front shell embedding the ToF sensors. The
shell integrating 8 VL53L5CX is highlighted. The inset view shows
the custom PCB designed for the sensing unit.

Extending such approaches to quadruped robots introduces
additional challenges. Legged locomotion requires spatially
structured terrain information to support elevation mapping
and safe foothold selection, particularly in close proximity to
the robot. In this context, it remains underexplored whether
distributed low-resolution ToF sensing can achieve suffi-
ciently accurate reconstruction to support local navigation
and locomotion tasks, which is the gap we address in this
work.

III. SYSTEM DESIGN

In this section we present the design choices made to
physically integrate the sensors on the quadruped robot,
along with the software integration with the navigation and
locomotion stack.

A. ToF Sensors

We used the VL53L5CX ToF sensors from STMicro-
electronics'. The individual VL53L5CX module measures
6.4 x 3.0 x 1.5 mm and produce an 8 X 8 multizone depth
image with a 65° diagonal FoV in a range between 0.02m
and 4 m. These measurements can be converted into point
clouds for coarse sense reconstruction.

From a cost perspective, a single VL53L5CX sensor costs
approximately USD$10, while a RealSense D435i depth
camera costs around USD$400. Achieving comparable field-
of-view coverage with multiple ToF sensors therefore results
in an order-of-magnitude reduction in sensing cost.

In terms of energy consumption, each ToF sensor module
draws approximately 0.2-0.4 W, compared to 2—-4 W for a
depth camera, leading to significantly lower power require-
ments for equivalent coverage.

B. ANYmal Integration

We customized the front shell design of ANYmal D to
host multiple sensors as shown in Fig. 2. The ToF sensors
are spaced to cover the region immediately in front of the
quadruped to detect obstacles at close range and support
reactive navigation. We heuristically determined the number

IVL53L5CX Time-of-Flight (ToF) 8x8 multizone ranging sensor
with wide field of view. [Online] https://www.st.com/en/
imaging-and-photonics-solutions/v15315cx.html
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Fig. 3: Field of View of the ANYmal’s ToF sensors. (a) Shaded pyramids representing the FoV of each ToF. (b) Azimuth—elevation
coverage of the eight ToFs compared against the depth cameras. (c) The FoV of the depth cameras and the ToFs when projected on the

ground plane.

and placement of sensing units to maximize coverage of the
frontal workspace while maintaining mechanical feasibility.

The adopted sensor arrangement introduces partial overlap
between neighboring FoVs (see Fig. 3). This increases the
spatial density of near-field depth measurements, improv-
ing reliability under noise and partial occlusion. At the
same time, the placement was chosen to minimize self-
observations, i.e., to avoid large portions of the robot’s
body falling within the sensing FoVs and corrupting the
measurements.

A custom PCB was designed to rigidly mount the sensing
units onto the 3D-printed robot’s front shell using screw
fixtures, as detailed in the inset image in Fig. 2. The final
configuration spans 180° horizontally and 90° vertically, as
shown in Fig. 3a, thus covering some of the blindspots of the
distributed depth cameras on ANYmal D (87°x58° FoV per
camera, shown in Fig. 3c). Fig. 3b compares the resulting
angular coverage of the ToF array against the two onboard
depth cameras, showing extended azimuthal and elevation
coverage beyond the cameras’ field of view.

C. Software Integration

Communication with the ToF sensors is daisy-chained in
sequence (Fig. 4a), using the I’C protocol, with readout
across all eight sensors completing in approximately 1 ms
per cycle, and the data are sampled at 15Hz. Sensors are
connected to a custom read-out board using an RP2350
microcontroller? connected via USB to the communication
port of the LiDAR mapping device, which was then mounted
on top of ANYmal D and supplied power. A custom driver
streamed ToF point clouds in ROS2, with extrinsic calibra-
tion obtained from the CAD model used to house the ToFs
on ANYmal D’s front face.

The point cloud measurements were then integrated within
the robot’s footstep planning and the navigation pipelines
through the elevation mapping framework by Fankhauser et
al. [34], running at 40 Hz. This required projecting ToF
data into the robot-centric map frame by considering the
noise associated with them. We adapted the sensor model
proposed by Nguyen et al. [35] by tuning the normal factors

2RP2350 Datasheet. [Online] https://www.alldatasheet .com/
datasheet-pdf/pdf/2189433/RASPBERRY-PI/RP2350.html
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(a) Integration of the ToF-based per-
ception system within ANYmal D’s
architecture.

(b) LiDAR mapping device with a
ring of 8 equally spaced ToF sensors
used for handheld reconstruction ex-
periments in section IV-A.

Fig. 4: System-level integration of ToFs. We show the ANYmal D
and handheld reconstruction setup.

a, b, ¢, and d to 0.01,0.02, 2, and 1, and the lateral one to
0.014, to describe the ToFs. The robot’s pose was provided
by ANYmal D’s onboard multi-sensor state estimator, fusing
proprioceptive sensing with onboard LiDAR odometry and
was used for both configurations. Neither the ToF sensors
nor the depth cameras contribute to localization, as they are
used exclusively to build the elevation map.

D. Handheld Mapping Device Integration

To enable comparison in reconstruction tasks, we also
integrated the same ToF sensors into a separate handheld
LiDAR mapping device (Fig. 4b). The mapping device
carries a Hesai PandarQT-64, which provides 360° horizontal
coverage and ~ 104° vertical coverage.

We mounted 8 ToF sensors in the 3D-printed shell attached
to the top of the LiDAR unit. The ToF modules were
arranged in a uniform ring to provide 360° horizontal cov-
erage and 45° vertical coverage. This arrangement consists
of a simpler sensor configuration than the one designed
for ANYmal D’s front shell, and targeted full horizontal
coverage for handheld scanning rather than matching the
LiDAR’s vertical field of view. The mapping device runs
ROS2, drivers, and further processing onboard.
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Fig. 5: Accumulated point cloud reconstruction results of an office
using LiDAR (left) and ToF (right). The point clouds are colorized
by surface normal in the z-direction.

TABLE I: Per-point distance metrics between ToF and LiDAR point
clouds in both directions.

Distance Direction

Metric
ToF—LiDAR LiDAR—ToF

Mean (m) 0.043 0.038
RMSE (m) 0.074 0.067
Median (m) 0.019 0.017
P90 (m) 0.108 0.105
P95 (m) 0.174 0.159
Max (m) 0.834 0.760

IV. EXPERIMENTAL EVALUATION

We evaluated the use of the distributed ToF sensors
for different perception tasks. We first investigated their
performance for 3D reconstruction (Sec. IV-A). Then, we
integrated the system described in the previous section on
the ANYbotics ANYmal D and evaluated footstep planning
(Sec. IV-B) and obstacle avoidance (Sec. IV-C), with pose
provided throughout by the platform’s default state estimator.

A. Exp 1 — Reconstruction Accuracy with a LIDAR Reference

We first evaluated the geometric reconstruction accuracy
of the ToF sensor arrays, taking a standard LiDAR device
as a reference, using the handheld configuration presented
in Sec. III-D. For this experiment, we focused on indoor
scenes, e.g., office rooms. The mapping device was carried
by hand along a trajectory designed to sweep all room
surfaces visible to both sensors, varying height and tilt to
compensate for the ToF ring’s narrower vertical FoV, under
standard indoor illumination. A LiDAR-inertial odometry
derived from VILENS [12], provided the 6-DoF poses to
project both the LiDAR and ToF clouds into a common
reference frame for cross-evaluation.

We evaluated the ToF point cloud map using bidirectional
nearest-neighbor Euclidean distances to the LiDAR cloud
(Fig. 5, office room, 4 m x 5 m). The LiDAR cloud is
denser and more complete, partly due to its substantially
wider vertical FoV, though the main room features remain
identifiable in the ToF map. Table I reports these distances;
the larger maximum values are driven by distribution tails
(median below 2 cm), reflecting incompletely observed or
sparsely sampled regions, not systematic reconstruction error.

Additionally, we evaluated whether the measurements sup-
port surface-mesh reconstruction using three methods: Pois-

(a) LiDAR Poisson mesh (b) ToF Poisson mesh

(c) ToF Ball Pivoting Algorithm

(d) ToF TSDF volumetric fusion

Fig. 6: Comparison between the ToF surface reconstruction and the
LiDAR mesh using three meshing methods. All views are colorized
by surface normal in the z-direction.

TABLE II: Surface-sampled point-to-surface distance metrics from
the ToF mesh to the LiDAR Poisson reference mesh.

Reconstruction Method

Metric
ToF Poisson ToF TSDF ToF BPA

Mean (m) 0.028 0.071 0.068
RMSE (m) 0.037 0.094 0.080
Median (m) 0.022 0.048 0.071
P90 (m) 0.059 0.174 0.120
P95 (m) 0.076 0.194 0.133
Max (m) 0.245 0.342 0.237

son Surface Reconstruction [36], Ball Pivoting Algorithm
(BPA) [37], and TSDF volumetric fusion [38], adopting the
VDBFusion implementation [39], meshing the LiDAR cloud
with Poisson’s method as a reference for comparison.

Fig. 6 and Table II compare the ToF meshes against the
LiDAR mesh: Poisson reconstruction is smoothest and most
complete, BPA preserves local structure but leaves holes in
sparsely sampled regions, and TSDF improves completeness
via multi-view fusion at the cost of rougher, noisier surfaces.
Overall, the ToF sensors reliably reconstruct the coarse
geometry of indoor scenes, recovering structures down to
approximately 10 cm in size.

B. Exp 2 — Footstep Planning

Next, we evaluated whether the proposed ToF sensing
system could support locomotion over challenging terrain,
compared to standard depth-camera terrain mapping, testing
ANYmal D on progressively more demanding traversal tasks.
The objective was to determine whether an elevation map
built solely from ToF geometry could provide sufficient



Fig. 7: Exp 2 — Footstep Planning on Railway Sleepers. Top:
ANYmal D traversing an obstacle course consisting of three 13 cm
railway sleepers arranged in line. Bottom: representative elevation
maps generated using depth sensing (left) and distributed ToF
sensing (right).

near-field terrain information for the robot to detect raised
obstacles and adapt its footholds.

To demonstrate this, we tested the locomotion behavior
under two perception setups: (1) terrain maps generated from
the distributed ToF sensors mounted on the front shell, and
(2) terrain maps from the two front-mounted Intel RealSense
D435i cameras already installed on ANYmal D. As a qualita-
tive baseline, we also included (3) a blind configuration with
no terrain-map input, using the default low-level controller
(not fine-tuned), to confirm that exteroceptive feedback is
necessary under these controller settings.

We tested these configurations on three terrain courses: flat

terrain with railway sleepers, an irregular indoor staircase,
and an outdoor staircase.
Railway Sleepers. We evaluated locomotion over a course of
three railway sleepers arranged along the robot’s direction of
travel (see Fig. 7), each approximately 13 cm high. The robot
was commanded by an operator providing high-level forward
velocity commands, while footstep planning were handled
autonomously by a perceptive reinforcement learning-based
locomotion controller [19] using the terrain map built from
each modality. We ran 10 trials per perception setup. Trials
were considered successful if the robot crossed the entire
course without tripping or falling.

Using the ToF-based and depth-camera-based elevation

map, the robot completed all the trials successfully, at an
average commanded velocity of 40cm/s. Without terrain-
perception feedback, it failed in all 3 attempts, each starting
from a slightly different initial position.
Irregular Indoor Staircase. We next evaluated indoor stair-
case climbing on a custom staircase with irregular steps, with
heights of 9cm, 17 cm, and 17 cm (Fig. 8), teleoperating the
robot to ascend and descend 10 times.

The depth-camera map clearly showed the step discontinu-
ities, while the noisier ToF map still preserved a distinguish-
able staircase structure, sufficient for the RL controller to
adapt its footholds. Both configurations succeeded in all 10

Fig. 8: Exp 2 — Footstep Planning on an Irregular Indoor Staircase.
Top: indoor staircase experiment with ANYmal D. Bottom: repre-
sentative elevation maps generated using depth sensing (left) and
distributed ToF sensing (right).

Fig. 9: Exp 2 - Footstep Planning on an Outdoor Staircase.
Top: ANYmal D during the outdoor staircase experiment. Bottom:
representative elevation maps generated using depth sensing (left)
and distributed ToF sensing (right).

attempts; in the blind condition, the robot typically cleared
the first 9 cm step but collided with the subsequent steps.
Outdoor Staircase. Lastly, we tested the platform on an
outdoor staircase of seven 15cm steps under the same
protocol (see Fig. 9). Results matched the indoor experiments
: the depth camera produced the highest-fidelity maps, while
the coarser ToF map still captured the stepped structure
well enough for ANYmal D to ascend despite its noise and
artifacts. Both configurations succeeded over 10 trials; in the
blind condition, the robot failed to climb the first step in all
3 attempts.

Together, these experiments support our claim that the
proposed ToF sensing system is suitable for near-field terrain
perception and locomotion over challenging stepped terrain,
with similar performance to the depth cameras (further
documented in the supplementary video).

C. Exp 3 — Obstacle Avoidance

Our final experiment aimed to determine whether a terrain
map generated solely from the distributed ToF sensors could
support autonomous local navigation through a cluttered



Fig. 10: Simulation environment with navigation paths of increasing
complexity used for obstacle avoidance.

obstacle course. We first conducted preliminary experiments
in simulation and then proceeded with a real-world deploy-
ment on the ANYmal D platform. In both cases, the robot
navigated through the obstacle course using a reactive local
planner [40] which uses the elevation maps built from either
the distributed ToF sensors or the depth cameras as input.
Simulation Experiments. We simulated the ToF sensors by
combining the depth camera module already available in
Gazebo with the noise model proposed by Caroleo et al. [8].
In particular, we introduced a linearly-scaled Gaussian noise
model that increases with distance to replicate the variability
of ToFs: dgm = dgr —i—N(O, (0.01 dGT)Z), where dgpn, is
the simulated distance from the sensor to the detected point,
while dgr is the ground truth distance. The simulated ToF
array operates at coarser spatial resolution than the depth
camera, reflecting the behaviour of the physical sensor.

For testing, we defined the simulated obstacle course
shown in Fig. 10. We designed 3 navigation routes to have
increasing difficulty: the simplest one without obstacles and
with wide passages and turns, to more complex paths with
constrained sections, sharp turns and obstacles placed inter-
secting with the reference path. The robot was commanded
to follow each course 10 times using the local planner.

Table III reports the local planner’s performance, averaged
over the 10 runs for both modalities, according to completion
time and the distance traveled. All trials were successfully
completed across each of the course difficulties, with path
lengths close throughout; completion times are comparable
at low difficulty but somewhat slower for ToF at medium and
hard, as obstacle boundaries enter the coarser, shorter-range
ToF map later, inducing more conservative local replanning.

Despite their coarser resolution, ToF sensors proved suf-
ficient for detecting all relevant obstacles in this simulated
task, with no marked advantage from the depth camera’s
higher resolution.

Fault Tolerance in Simulation. The simulation environment
was also used to evaluate robustness to sensor failures,
i.e., whether and how far the distributed system degrades
gracefully. Starting from 8 fully operational sensors, we
reduced the set to five, randomizing which sensors were
removed in each trial to avoid bias from specific spatial

arrangements. Each configuration was tested 10 times per
course, resulting in a total of 120 trials.

Table IV shows the system is robust to these ‘sensor
failures’. Performance remains largely unaffected when two
sensors are removed, with success rates close to nominal; a
noticeable degradation appears only when three are removed,
particularly on the more complex obstacle course.
Obstacle Avoidance in Real-World. To evaluate whether the
proposed sensing setup could support fully autonomous lo-
cal navigation, we conducted real-world obstacle-avoidance
experiments using cardboard boxes arranged into three
cluttered layouts of increasing difficulty, denoted as easy,
medium, and hard, as shown in Fig. 11. In each trial,
ANYmal D was assigned a goal position beyond the obstacle
field and navigated using an online local elevation map. As
the robot moved, new sensor observations were fused into the
map, and the local planner generated reactive motion plans
toward the goal. We compared two perception conditions:
elevation maps generated from the front-mounted depth
cameras and from the distributed ToF sensors.

Table V summarizes the results over 10 trials per difficulty
level. A trial was considered successful if the robot reached
the goal; failures corresponded to cases where the local
planner could not make progress toward the goal. The depth-
camera configuration produced cleaner and more spatially
complete local maps, resulting in fewer contacts and slightly
more reliable execution. The ToF configuration was still suf-
ficient to capture the dominant obstacle structure and support
goal-reaching navigation, but its sparser sensing and less
complete geometric reconstruction of the cardboard boxes
led to more frequent leg contacts, particularly as the robot
moved around obstacle boundaries. Failures in both configu-
rations were partly associated with local-minima behavior of
the reactive planner in tightly constrained layouts [40], where
the attractive field toward the local goal and the repulsive
fields around nearby obstacles canceled each other, causing
the robot to become stuck in its configuration and not make
progress toward the end goal. Some ToF failures were also
caused by sparse reconstruction of nearby objects, such as the

TABLE III: Performance of obstacle avoidance task for both depth
camera and ToF configurations.

Completion Time [s] Path Length [m]

Course

Depth ToF Depth ToF
Low difficulty 63.8 63.2 35.0 34.2
Medium difficulty 47.5 554 27.2 28.8
Hard difficulty 71.8 84.6 28.5 30.5

TABLE IV: Success rate (%) of simulated obstacle avoidance when
progressively removing ToF sensors (from a starting point of 8).

Number of Sensors Remaining

Course

8 7 6 5
Low difficulty 100 100 100 92.5
Medium difficulty 100 97.5 975 85.0
Hard difficulty 100 950 950 67.5
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Fig. 11: Real world obstacle-avoidance experiments under three difficulty levels. Columns correspond to easy, medium, and hard obstacle-
course layouts. The top row shows the obstacle layouts together with the robot trajectories, the middle row shows the corresponding
depth-camera-based perception, and the bottom row shows the corresponding ToF-based perception.

TABLE V: Obstacle-avoidance performance across three difficulty
levels, repeated over 10 trials. Completion time is averaged over
successful trials only. We report the average number of collisions
of the ANYmal D’s legs with an obstacle for runs that still reached
the goal. Failures are reported out of 10 trials.

Depth ToF
Course
Time [s] Collisions Fail. Time [s] Collisions Fail.
Easy 29.7 0.0 0% 275 0.2 0%
Medium 32.9 0.1 0% 37.0 0.56 10%
Hard 66.1 1.5 20% 71.4 1.63 20%

table on the course’s right-hand side, leading to incomplete
obstacle boundaries in the local map.

Overall, these trials show that the distributed ToF array
provides sufficient geometric information for practical local
navigation on ANYmal D. Although the ToF-based elevation
maps are lower in fidelity than the depth cameras’, they still
allow the robot to detect the main obstacle structure, plan
feasible motions, and reach the goal reliably across cluttered
indoor layouts. The main limitations lie in reduced recon-
struction precision and sparser angular resolution, which
most affect leg clearance in tight maneuvers and the detection
of thin or small obstacles, but the results nevertheless support
distributed ToF sensing as a viable lightweight modality for

conservative near-field obstacle avoidance. This aligns with
the scope of our approach: the robot-centric elevation map
is rebuilt continually rather than kept globally consistent,
suiting short-horizon tasks like footstep planning and near-
field obstacle avoidance. For long-range navigation, where
sustained accuracy beyond the sensors’ immediate view is
required, the ToF reconstruction could complement higher-
fidelity exteroceptive sensing.

V. CONCLUSIONS

This work investigated the use of distributed Time-of-
Flight (ToF) sensors as a low-cost and energy-efficient
perception solution for quadruped locomotion and naviga-
tion. Our results show that distributed ToF sensing provides
sufficient near-field terrain information for reliable footstep
planning and local autonomous navigation through cluttered
scenarios, at substantially lower cost, power consumption,
and system complexity than depth cameras, despite the
coarser and less complete maps.

Limitations remain in sensing resolution and noise sensi-
tivity; distributed ToF sensing therefore complements rather
than replaces the higher-fidelity sensors required for persis-
tent mapping and long-range navigation. Future work will
explore multi-modal sensor fusion and varying the sensor
distribution to improve robustness.
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