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Figure 1: Milo autonomously guides a handler along indoor and outdoor paths while avoiding ob-
stacles and oncoming pedestrians, adapting to the handler’s position, desired walking speed, and
turn commands. The project is released as open source.

Abstract:

Many Blind and Low-Vision (BLV) people rely on guide dogs for moment-to-
moment navigation, such as staying on path and avoiding obstacles and pedestri-
ans. However, guide dogs are expensive to acquire and maintain (approximately
$50k USD plus ongoing costs), often involve long waiting lists, and have relatively
short life expectancies. While robot guide dogs offer a promising alternative, ex-
isting approaches exploring this idea suffer from several drawbacks: They often
lack the autonomy required for real-world deployment, relying on prior 3D scans
of the environment, external computation, or limited awareness of the handler. In
this work, we present Milo, the first open-source, low-cost (approximately $2k
USD) robotic guide dog platform capable of fulfilling the basic collaborative nav-
igation role expected of a guide dog. Milo is fully autonomous, requiring no a
priori knowledge of the environment, completely self-contained with all compu-
tation performed onboard, and suitable for both indoor and outdoor navigation
while avoiding obstacles and pedestrians. Our system consists of a modified Uni-
tree Go2 robot (equipped with onboard compute, sensors, and a handle), a percep-
tion stack combining voxel mapping with floor, obstacle, and pedestrian detection,
and a navigation stack based on an obstacle-avoidance policy trained in a custom
bird’s-eye-view simulator. We evaluate Milo in real indoor and outdoor obstacle
courses and compare it against a costmap-based baseline, demonstrating smoother
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navigation and fewer handler collisions. To maximize accessibility for BLV users,
we release both the robot hardware instructions and the complete software stack

as open source’.

Keywords: Quadruped Robot, Assistive Technology, Obstacle Avoidance

1 Introduction

According to recent global estimates, approximately 43 million people worldwide are blind and
more than 295 million live with moderate-to-severe vision impairment [1]. Many Blind and Low
Vision (BLV) individuals rely on white canes, electronic navigation aids, or trained guide dogs for
safe and independent mobility. However, just breeding, raising, and training a guide dog can cost
more than $50,000 per animal [2]. Additionally, prospective handlers often face long waiting lists
before being matched with a dog. These challenges motivate the development of robotic guide dog
systems capable of providing accessible and scalable mobility assistance.

A robotic guide dog must safely navigate complex environments by identifying walkable paths,
avoiding obstacles and pedestrians, and maintaining comfortable motion for the handler. Several
recent works have explored robotic guide dog navigation [3, 4, 5, 6, 7]. However, many existing
systems rely on prior maps [4], teleoperation [7], or external computation [5], limiting their auton-
omy in real-world deployment. Another limitation is that existing approaches often treat the robot
as an independent agent, even though guide dog navigation is inherently collaborative. In practice,
the handler provides high-level navigation intent while the guide dog performs local path following
and obstacle avoidance [8, 5]. A robotic guide dog should therefore adapt its behavior to the handler
rather than operate in isolation.

To address these challenges, we propose a robotic guide dog navigation system for previously un-
seen indoor and outdoor environments that is capable of operating autonomously on-device. Our
approach combines walkable-path segmentation, obstacle avoidance, and reinforcement-learning-
based navigation with explicit handler awareness, enabling operation without prior mapping or exter-
nal infrastructure. We developed a GPU-accelerated bird’s-eye view (BEV) simulator, implemented
in Taichi [9], that simulates a robot guiding a handler along indoor/outdoor sidewalks while avoid-
ing obstacles and pedestrians. To make the system robust and responsive to various handler needs,
the navigation policy is trained via Reinforcement Learning (RL) using diverse handler positions.
At run time, onboard RGB images, LiDAR scans, odometry, and handle magnetic encoder mea-
surements are acquired and processed into a human-interpretable BEV representation that matches
the simulator observations. The policy trained in simulation is deployed zero-shot on a modified
quadruped robot. The robot is equipped with a handle mounted through a two-degree-of-freedom
passive joint that measures the handler’s relative position. A directional (D)-pad on the handle al-
lows the handler to adjust the walking speed and issue turn commands. We evaluate our system in
previously unseen indoor and outdoor environments on path following, static obstacle avoidance,
and pedestrian avoidance. Compared with a costmap-based baseline, which follows paths but does
not account for changes in the handler’s position and suffers from blind spots, our BEV-based RL
policy retains a geometric memory of the environment and protects the handler from collisions.
The main contributions of this work are:

1. A fully onboard robotic guide dog navigation system capable of operating in previously
unseen indoor and outdoor environments without prior mapping, consisting of custom robot
hardware for dynamic handler motion and a perception/BEV-mapping system.

2. An indoor/outdoor BEV simulation environment for efficiently training and evaluating re-
inforcement learning policies for path-following and smooth obstacle avoidance policies.

3. An open-source release” of robot hardware design and the codebase including the simula-
tion environment, policy training, onboard perception stack, and pretrained policies.

>The Milo project website is available here: https://fgolemo.github.io/milo
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Table 1: Comparison with previous robotic guide navigation systems.

Takes Dynamic

Method Indoor & O}ltdoor Ur}known Fully Handler Handler Open

Navigation Environment Onboard . . Source
Commands Modeling

Sorokin et al. [3] v v X X X

Cai et al. [4], “RDog” v X v v X

Hwang et al. [5], “Summer” v X v X

Hwang et al. [6], “GuideNav” X v X X X

Ours, “Milo” v v v v v 4

2 Related Work

Hardware Autonomy. Hardware autonomy is a fundamental requirement for assistive guide robots
operating in real-world environments. However, several existing systems still offload perception or
planning pipelines to external laptops or remote computation [5]. Recent work has improved on-
board integration by embedding compact high-performance computing hardware directly onto the
robot platform [6][3], enabling fully onboard navigation without external resources. Similarly, our
framework performs the entire pipeline onboard the robot.

Perception and Navigation. Previous work has demonstrated autonomous navigation in either in-
door [5][10], or outdoor environments [3][11]. Indoor systems often rely primarily on LiDAR data
and assume all traversable space is walkable [10], an assumption that does not generalize well out-
doors, where sidewalks, roads, and other terrain types must be distinguished. Consequently, outdoor
navigation approaches commonly integrate semantic segmentation modules to identify walkable
pedestrian regions [3]. However, many of these systems depend heavily on GPS localization [3]
[11], limiting deployment in indoor environments. In contrast, our segmentation framework enables
indoor and outdoor navigation without GPS.

Generalization to unknown environments also remains challenging. Many systems rely on prior
map information from services such as Google Maps [11] or require building custom 3D maps of
the environment beforehand [4], while others learn to follow previously teleoperated routes [6].
To improve navigation and obstacle avoidance in such environments, several approaches construct
bird’s-eye-view (BEV) representations of the surroundings [3, 4], enabling the robot to maintain
a spatial memory of nearby obstacles and free space. Multi-modal perception systems combining
LiDAR and RGB sensing [4, 3] generally provide more robust obstacle detection and mapping than
camera-only approaches [11, 6], particularly by reducing close-range blind spots and improving
depth estimation. Unlike these systems, our framework does not require prior knowledge of the
environment and incrementally builds a BEV map of the environment using onboard LiDAR and
RGB sensors.

For obstacle avoidance and navigation planning, classical approaches typically rely on ground-plane
costmaps to compute collision-free trajectories [5], while more recent methods train reinforcement
learning policies in simulated BEV environments [3]. These recent learning-based approaches
demonstrate promising generalization to unknown environments, but training often remains compu-
tationally expensive, requiring approximately 30 hours [3]. Our approach instead trains a navigation
policy in approximately 10 minutes.

Handler Modeling. Guide dog mobility relies on continuous commands from the handler [8]. To
reproduce this interaction in assistive robotics, prior work has explored rigid handle interfaces [12]
[5] [4], and joystick-based controls [5] [4], allowing the handler to communicate directional intent
and walking preferences. However, most existing guide robot systems oversimplify the handler’s
physical presence during navigation by assuming a fixed geometric offset relative to the robot body
[5]. Consequently, obstacle avoidance policies primarily plan trajectories for the robot itself, poten-
tially generating paths that are safe for the robot but unsafe for the handler. Our work addresses this
limitation by integrating joystick-based handler commands through a rigid guidance handle while
explicitly modeling the handler’s dynamic spatial footprint within the obstacle avoidance and navi-
gation loop.



(@) (©

(d) Bird's-Eye View Projection

n
|

e)
% Navigation Policy

Input Sensors

0
; Magnetic
=
(@)
Camera

K Image

3D Mapping

Robot

Handler

Obstacles

Walkable Path Pedestrians

(

®) RGB Image

Processing S

TR 9 '. f
{ 1 ‘ ‘ N | Y Robot  (rorward Velocity
. (IR Lateral Velocity
' Floor/Sidewalk Object Depth
’ : &2

Segmentation Detection Estimation

Figure 3: Method Overview. (a) RGB images, LiDAR scans, odometry, and handle encoder mea-
surements are acquired. (b) RGB images are processed to segment the walkable path and detect
objects and pedestrians, while depth estimation updates pedestrian positions. (c) The segmented
path, detected objects and pedestrians, the robot and handler states, and LiDAR data are fused into
a voxel-based 3D map. (d) The voxel map is converted into a bird’s-eye-view (BEV) representa-
tion. (e) The BEV map is provided to the trained navigation policy, which predicts the robot’s linear
velocity and yaw rate commands. (f) The predicted commands are filtered by a local obstacle avoid-
ance safety module before being sent to the robot.
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3 Method

Rather than learning navigation end-to-end as
a black-box policy, our approach constructs
a human-interpretable bird’s-eye-view (BEV)
representation of the environment, which
serves as the policy input. Compared with
a dense 3D map, the BEV representation is
more memory-efficient while remaining suit-
able for downstream accessibility features, such
as audio cues and natural-language scene de-
scriptions (e.g., “obstacle ahead in 2 meters
at 10 o’clock”). The navigation policy is
trained offline in a GPU-accelerated 2D BEV
simulator to follow randomly generated paths

Figure 2: Hardware Overview. (A) The Nvidia
Jetson Orin Nano runs navigation and percep-
tion systems; (B) the 2 degree-of-freedom joint is
equipped with magnetic encoders that sense the
handler’s position with respect to the dog; (C) the
telescopic handle is adjustable to cater to different
handler heights and preferences; (D) with the 5-

while avoiding obstacles and pedestrians. At
run time, the onboard perception and control
pipeline, illustrated in Fig.3, acquires RGB im-
ages, LiDAR scans, odometry, and handle en-

way directional pad, the handler can start/stop the
robot, indicate faster/slower walk speed, and de-
sire to turn at the next opportunity; (E) the whole
system is based on a Unitree Go2 Air/Pro robot

dog, utilizing its (F) LiDAR and (G) front-facing
RGB camera.

coder measurements. RGB images are pro-
cessed with NanoSAM [13, 14] to segment the
walkable path and with YOLO [15] to detect
objects and pedestrians. Pedestrian positions are estimated using Metric Depth Anything V2 [16],
providing faster updates than relying solely on the LiDAR map. A 3D voxel-based map is con-
structed from temporally accumulated LiDAR scans, into which the segmented path, object detec-
tions, pedestrian positions, and the robot and handler states are fused. The map is then converted into
a simplified BEV representation and serves as input to the trained navigation policy. Its predicted
velocities and yaw rate commands are filtered by a local obstacle avoidance safety filter (Appendix
App.C) before being scaled according to the handler’s preferred walking speed and sent to the robot.



3.1 Hardware

While the proposed navigation and perception framework does not depend on a specific robot plat-
form, it was designed with low-cost quadruped robots in mind, such as the Unitree Go2 Air/Pro
robot dog?. We chose the Go2 for its affordability, front-facing camera and LiDAR, and wide avail-
ability. The robot does not come equipped with compute hardware that can run machine learning
inference, which required us to add a compute module. The Nvidia Jetson Orin Nano? struck a good
balance between price, size, and capabilities. In our experiments, it ran our complete navigation
pipeline at 5 Hz, including voxel mapping, the segmentation and object detection networks, and the
CNN-based policy.

Guide dogs are typically held in the handler’s left hand, allowing the right hand to operate a white
cane [8]. However, some left-handed handlers might prefer to switch sides. Flexible handler po-
sitioning enables the robotic guide dog to adapt its relative configuration when traversing narrow
spaces, for example by temporarily moving ahead of the handler to avoid nearby obstacles. Support-
ing this flexibility required a custom physical interface; instead of a rigid harness, we use a telescopic
handle that accommodates different handler-robot distance preferences and a custom 3D-printed 2
degrees-of-freedom (DoF) joint to securely attach the handle to the robot. The joint is equipped
with magnetic encoder sensors to measure the azimuth and elevation angles of the handle in real-
time. A five-way directional pad (D-pad) mounted at the end of the handle provides user commands,
including pause/resume (center button), desired velocity adjustments (forward/backward), and turn
requests (left/right). See Fig.2 for a diagram of the complete hardware configuration.

3.2 Navigation

In order to safely learn how to follow sidewalks and navigate indoor spaces, we built a sidewalk
simulator similar to Sorokin et al. [3]°. The simulator was implemented in Taichi [9] to support
GPU acceleration across devices, comparable to massively-parallel locomotion learning framework
from Rudin et al. [17]. During training, the simulator generates random environments consisting
of paths, intersections, walls, obstacles, and pedestrians surrounding the robot-handler pair (see
Fig.9 for an example frame). The robot is perpetually moved forward in the simulator and can
modulate its forward, lateral, and yaw speeds as an action. It is incentivized to maintain a moderate
forward velocity while avoiding obstacles. For more implementation details of the simulator, please
see appendix section App.D, “Simulator Implementation.” In order to train a navigation policy in
simulation, we express the problem as a Markov decision process with the following properties.

Observation Space. The observations are bird’s-eye view RGB images with a history of 2 additional
previous observations. Please see Fig.9 for an annotated example.

Action Space. The actions are forward and lateral velocity as well as yaw command. The forward
speed component of the action is summed with the default forward velocity in simulation, while the
lateral and yaw speed action components are applied to the robot’s body verbatim.

Rewards. The reward function consists of 14 terms: eight binary collision penalties defined by the
[dog, handler] x [nonroad, wall, obstacle, pedestrian] collision matrix, where each term is acti-
vated when the corresponding collision occurs, a Gaussian velocity-tracking term r,,; to encourage
moving forward, two quadratic lateral movement/yaw tracking terms 7,; and 1,4, to encourage
minimal lateral/yaw movement, a jerk penalty term to reduce sudden motion 7., and two rewards
for keeping circular safety zones around the robot and handler clear, an inner zone 7;nner_danger and
an outer Zone Toyter_ danger- Please find details about the implementation of these terms and their
respective coefficients in the appendix App.E, “Reinforcement Learning”.

*https://www.unitree.com/go2

*https://www.nvidia.com/en-us/autonomous-machines/embedded-systems/jetson-orin/
nano-super-developer-kit/

>Sadly, their project page is no longer available, so we were not able to use their code if it was released.
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Policy Learning. Policy learning is implemented through GPU-optimized Proximal Policy Opti-
mization (PPO), following Rudin et al. [17].

3.3 Perception

The perception pipeline is designed to provide a real-time spatial representation of the robot, the
handler, and their surrounding environment. To achieve this, the system combines data from on-
board LiDAR, RGB camera, and magnetic encoders to construct a unified bird’s-eye view (BEV)
representation of the scene. Images captured by the onboard camera are first rectified using intrinsic
calibration parameters to remove lens distortion and fisheye effects.

BEYV Representation. Inspired by BEVFusion [18], we construct a top-down semantic representa-
tion of the environment centered on the robot. The BEV map encodes walkable regions, obstacles,
detected objects and pedestrians, as well as the robot and handler positions. Object detections pro-
vide additional semantic context beyond obstacle occupancy, while explicitly representing pedestri-
ans enables smoother interactions with moving entities. Fig.3 illustrates the different components
of the generated BEV representation. The resulting BEV images are used as observations for the
navigation policy described in Section 3.2.

LiDAR Processing. We use the LiDAR map produced by the robot’s onboard localization and
mapping system and stream it in real time through the robot WebRTC interface. The resulting point
cloud is motion-corrected to account for robot movement during LiDAR acquisition. The map is
represented as a voxel-based 3D structure and downsampled into a lower-resolution occupancy grid
before projection onto a 2D BEV plane. Voxels below a height threshold are removed to filter
ground points while remaining robust to uneven terrain. Similarly, voxels above a maximum height
threshold are discarded to ignore elevated structures such as ceilings or tree canopies that the robot
and handler can safely pass under. The resulting occupancy grid represents surrounding obstacles
and non-traversable regions and is continuously updated online as the robot moves through the
environment.

Walkable Path Segmentation. Walkable path segmentation (e.g., indoor floors or outdoor side-
walks) is computed directly from RGB images. Our approach uses NVIDIA NanoSAMS®, a distilla-
tion model optimized for Jetson devices based on MobileSAM [13]. NanoSAM generates segmen-
tation masks from prompt points placed near the lower center of the image, assuming the robot is
initially positioned on and facing a walkable path. The resulting segmentation mask is projected into
the BEV representation.

Object and Pedestrian Detection. Objects and pedestrians are detected using Ultralytics YOLO26n
[15] on rectified camera frames. Detections are associated with LiDAR points through geometric
projection between the camera and LiDAR coordinate frames, then projected onto the 2D BEV
map. Pedestrians are represented separately from generic obstacles to encourage smoother interac-
tions with moving entities. To improve long-range pedestrian detection beyond the LiDAR occu-
pancy map, we use monocular depth estimation with Depth Anything [16]. Depth predictions are
calibrated with LiDAR measurements and are used to estimate pedestrian distance (see Appendix
App.B, “Pedestrian Depth Estimation™).

Magnetic Encoder Processing. The handler’s position relative to the robot is estimated using two
magnetic encoders mounted at the base of the guiding handle. The handle length and measured az-
imuth and elevation are used to compute the relative 3D position (x, y, z) of the handler in the robot
frame. This position is represented as a circular region in the BEV map, allowing the navigation
policy to account for the handler during navigation.

4 Experiments

4.1 Experimental Setup

6https ://www.jetson-ai-lab.com/archive/vit/tutorial_nanosam.html
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Costmap Baseline. As a baseline for evaluating our
learned navigation policy, we implemented a classic
costmap-based controller similar to Hwang et al. [5].
We first project the previously segmented walkable-
path mask onto the ground plane using a calibrated
homography transformation. From this ground pro-
jection, we generate five candidate trajectories corre-
sponding to extreme left, left, straight, right, and ex-
treme right motions. Each trajectory is modeled as
a smooth Bézier curve to ensure forward and kine-
matically feasible motion. To evaluate a trajectory,
we sample points along the curve and verify whether
they remain within the traversable region see Fig.4.
A traversal cost is then assigned based on how far
along the trajectory it remains traversable. Trajec-
tories that leave the walkable region early receive a
high cost, whereas fully traversable trajectories re-
ceive a cost of zero. The trajectory with the mini-
mum cost is selected for execution. In the case of
equal costs, we prioritize straight trajectories over
lateral alternatives and right-side trajectories over
left-side ones. Finally, an intermediate goal point is

Ground Projection

Costmap Trajectory
Segmented Floor
Inaccessible Points
@ Walkable Points
Selected Trajectory

Next target

Cost of each trajectory:

0.0 074 058 0.0 0.68 ‘

Figure 4: Example of Costmap-Based Tra-
jectory Selection. The segmented camera
frame is projected onto the ground plane to
generate trajectories. The center-right trajec-
tory is selected as it has the lowest cost; ties
are resolved in favor of the rightmost trajec-
tory.

extracted from the selected trajectory and transformed into world coordinates to provide the target
position for the robot controller.

Control Loop For Policy Rollout. Once the policy is trained in simulation, the actor network is JIT-
compiled for better performance. On the robot, 5 threaded loops are running at different frequencies,
some governed by the publishing speed of that sensor, some limited by the hardware: (1) The LIDAR
is accumulated into a voxel grid of 10cm resolution at SHz. This thread updates the walls in the BEV
frame and provides the 3D geometry to which the floor and object segmentations are linked. (2) The
odometry thread reads the robot’s position and orientation as well as the magnetic encoders to update
the robot and handler positions in the BEV frame at 18Hz. (3) The camera thread receives images
of 1280 x 720px which are rectified to approximately 900 x 400px. SAM and Yolo process the
rectified frame and update object- and floor voxels for the BEV frame. Due to hardware constraints,
this thread runs at 4Hz. (4) The policy extracts the latest BEV frame as a 200 x 200 x 3 image,
stacks it with the two previous observations to form a 200 x 200 x 9 input, performs inference, and
outputs a control command at 4 Hz (limited by the camera thread). (5) The control thread runs at
10Hz, repeating the last command from the policy while waiting for the next command.

Additional Safety Filter. In both cases, any action given by the policy or costmap is filtered through
a local obstacle avoidance system that has direct access to lidar frames and robot odometry and
serves as an additional means of thwarting collisions before the action is sent to the robot. The
system is explained in more detail in the appendix section App.C, “Local Obstacle Safety Filter”.

4.2 Path Following

To verify that our system can follow paths without walls, solely relying on floor segmentation, we
picked an outdoor path on an S-shaped wooden bridge in a park area (Fig.5, same route as shown in
Fig.1). The starting position and orientation were picked so that the robot would need to turn at least
twice to traverse safely with the handler following on the right side. We recorded 3 runs with the
costmap controller with consistent speed and 3 runs of the policy with 3 different walking speeds to
test how fast our system can traverse the course.

The costmap controller took an average of 21.3s 115 and the policy ranged from 13.7s at the highest
speed to 22.3s at the lowest. Since the costmap controller does not have any awareness of the
handler’s relative position, every run incurred a handler collision with the boundary of the course,
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