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Abstract

This paper presents a comprehensive study and imple-
mentation of a language-based open-vocabulary robot nav-
igation system. Our system enables a simulated wheeled
robot to understand and execute natural language com-
mands to navigate complex environments in ROS2. Lever-
aging advanced Simultaneous Localization and Mapping
(SLAM) techniques and Visual Language Models (VLMs),
our approach combines real-time 3D scene reconstruction
with semantic understanding. We investigate two primary
methods: augmenting 3D maps with semantic informa-
tion for language indexing during navigation, and real-time
navigation using systematic exploration and object detec-
tion.

Experiments conducted using ROS2 and Gazebo demon-
strate our system’s efficacy in navigating and interacting
within diverse environments, but also reveal some of the
limitations in how we combine VLMaps, object detection,
and path planning that may yield promising directions for
future work.

1. Introduction

Language has the advantage of enabling humans to
cheaply specify desired behavior. For example, in the case
of navigation, telling someone that you will meet them in
front of the Hoover Tower is much cheaper than sending
them a map pin of the exact location where you will meet
them. Therefore, the goal of this project is to build an
end-to-end language-based navigation system in ROS2, en-
abling a simulated wheeled robot to understand and execute
language commands to navigate to a specific environment
location, such as

“Hey Bot, go to the TV.”

Our final approach combines VLMap [4], where we use
SLAM with segmentation to build a language-embedded se-
mantic map of our environment, with ROS2 packages for
path planning during navigation. We also consider an alter-
nate approach using object detection instead of building a
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map augmented with semantic information. We cover re-
lated work, our approach and other potential approaches
considered, experiments we conducted and their results,
challenges we faced and how we tackled them, and potential
future work.

2. Background and Related Work
An autonomous robotic system includes:

» Sensing and Data Fusion (collecting and combining
sensor data)

Perception (interpret sensory data to understand the
environment)

* Motion Planning (computing actions to move the robot
while avoiding obstacles)

Localization (determining the robot’s position using
Sensors)

* Mapping (creating a map of the environment, for in-
stance using SLAM)

Control System (Converting motion plans into com-
mands for actuators).

Robot navigation, in particular involves 2 steps:
1. Create a map of the world (movement space)

2. Navigate the robot from point A to point B (motion
planning)

In recent years, LLMs and VLMs have widely been used
to build truly autonomous navigation systems. One key ad-
vantage of using language in navigation is that it enables
humans to cheaply specify their desired behavior, in con-
trast to more expensive forms of specification like location
goals or demonstrations. In this work, we aim to leverage
the semantic information from VLMs and LLMs to navigate
to language goals.

Huang et al. (2023) [4] introduced VLMaps, a method
to create spatial maps by fusing pre-trained visual lan-
guage models with 3D scene reconstructions. They define
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Figure 1. VLMap System Overview [4]. The VLMap is built by running SLAM with an RGB-D camera and segmenting each pixel (left).

After this, we can perform natural language indexing by finding similas

a VLMap as a map in RE*WxC \where C is the language
embedding size, and build this map using SLAM. Building
this type of map enables language indexing of the map with
open-vocabulary goals, such as “between the couch and the
TV.” The flexibility of this map is ideal for our goal of per-
forming open-vocabulary navigation.

Wu et al. (2023) developed TidyBot [9], a robot that uses
large language models (LLMs) for personalized assistance.
TidyBot leverages the reasoning capabilities of LLMs to un-
derstand and execute complex commands, facilitating tasks
such as tidying up spaces and organizing objects. The sys-
tem combines object detection with language understanding
to perform user-specific tasks efficiently. However, it as-
sumes access to an overhead camera, effectively removing
the step of map building, and does not embed the map with
semantic information.

Zhi et al. (2024) [10] presented a system that integrates
GPT-4V with mobile manipulation robots. This approach
allows robots to understand and execute open-vocabulary
commands by leveraging the generative capabilities of GPT-
4V. The system demonstrates closed-loop control, where the
robot’s actions are continually refined based on real-time
feedback from the environment. This approach is similar to
running object detection on a camera feed rather than build-
ing a map.

Rana et al. (2023) introduced SayPlan [$], a method for
task planning using 3D scene graphs grounded in large lan-
guage models. SayPlan leverages the spatial and semantic
understanding of 3D scenes to enable scalable task planning
for robots. This approach allows robots to understand and
execute complex tasks by interpreting language commands
within the context of a 3D environment. Scene graphs are
an alternate representation to our pixel-based map, which
are perhaps more efficient at the expense of some precision.

Ahn et al. (2022) [1] developed SayCan, which grounds

rity in the map and taking an argmax (right).

language in robotic affordances to enable more intuitive
human-robot interactions. The system uses pre-trained lan-
guage models to understand commands and map them to
feasible robotic actions. This approach allows robots to in-
terpret high-level language instructions and translate them
into a series of executable actions.

Gadre et al. (2022) [3] introduced “CLIP on Wheels,” a
framework for zero-shot object navigation leveraging CLIP,
a model trained on large-scale image-text pairs. This ap-
proach treats object navigation as a combination of object
localization and exploration tasks. The system uses CLIP’s
visual-textual understanding to identify and navigate to-
wards objects based on natural language descriptions, with-
out the need for explicit training on specific objects. This
capability significantly enhances the flexibility and scala-
bility of robotic navigation systems in real-world environ-
ments, but as with many other works utilizing pre-trained
models it does not combine semantic information with a
map.

Minderer et al. (2022) [6] proposed a method for
open-vocabulary object detection using Vision Transform-
ers (ViTs). This approach leverages the generalization capa-
bilities of ViTs to detect objects not seen during training, fa-
cilitating zero-shot object detection. The method enhances
the ability of robots to recognize and interact with a wide
range of objects based on natural language descriptions.

Ramakrishnan et al. (2021) [7] introduced the Habitat-
Matterport 3D shiftset (HM3D), a large-scale shiftset com-
prising 1000 diverse 3D environments for embodied Al re-
search. The shiftset includes detailed RGB-D distribution,
enabling robust training and evaluation of navigation and
perception models in realistic scenarios. We import one of
these scenes into Gazebo and use it for navigation.

These comprehensive summaries of the related works
establish a strong foundation for the development of our



language-based open-vocabulary robot navigation system
capable of understanding and executing complex natural
language commands, facilitating effective navigation and
interaction within diverse and dynamic environments. Our
work builds off of VLMap [4], but we build our system in
ROS2 and also consider an alternative approach using ob-
ject detection.

3. Method

To achieve our goal of an end-to-end language-based
navigation system in ROS2, we worked on two approaches:

3.1. Semantic Map

As in VLMap [4], we generate 3D maps augmented with
semantic information, which then enables language-based
indexing of the map during navigation.

3.1.1 Building the VLMap

For the purposes of this project we treated the VLMaps pa-
per as a black box and ran their code to generate the lan-
guage embedded map. To build a VLMap [4], we first gen-
erated a dataset of RGB-D images with corresponding cam-
era pose estimates by running SLAM with an RGB-D cam-
era. After this, each pixel is embedded using segmentation
and since we have camera pose and depth, we are able to
project each pixel into a 3D global point cloud as shown
in Figure 1. As in VLMap [4], a given pixel, u = (u,v)
with depth z € R is converted into homogeneous coordi-
nates @ = (u,v,1) and projected via the intrinsic camera
matrix K of the RGB-D camera to project it into the 3D
camera frame via the equation P, = z K ~1{1. Then, the 3D
position in the world frame Py is found via the equation
Pw = [R,t]P. where [R, t] are the rotation and translation
to the world frame. Next, the point Py in world coordi-
nates is projected onto the ground plane via the equations
H Pg Py
Bap = b + TW + 0.5J, W= {g - TW +o.5J
[4] where pf,,,, and pY,,,, represent the coordinates of the
projected point on the cost grid map. Finally, we average
over embeddings from multiple camera views over Xy posi-
tions to obtain a well-grounded semantic map in R xWxC,
We experimented with ORB-SLAM3 [2] but found it very
difficult to build in ROS2 and ultimately stuck to using
RTAB-SLAM, which was pre-built into the ROS2 naviga-
tion2 package and was also used by the authors of VLMap
[4]. For our segmentation model, we used LSeg [5], which
segments pixels into the CLIP feature space.

3.1.2 Navigating with the VLMap

To navigate with the VLMap [4], we first take in a user text
query and use the LSeg text encoder [5] to embed the query

into the CLIP feature space. Then we take the similarity
with all xy pixels in the VLMap via dot products and choose
the argmax of the similarity as the goal location. Finally, we
use the navigation2 package from ROS2 to perform path
planning with the A* algorithm to the desired location.

3.2. LLM with Object Detection

An alternative approach that we considered was to use
a LLM supplemented with an Object detection and/or a
Classification model as in TidyBot [9]. Here the map en-
tails just the spatial 3D reconstruction information through
the occupancy map without any semantic information. The
occupancy map in this approach is just used to systemati-
cally explore the environment during the exploration phase.
Here, we wander around until the object of interest is in di-
rect FOV, in which case the bot moves straight to the object.
For the purposes of exploration, different techniques can be
employed such as Frontier-based exploration. Such explo-
ration techniques can be implemented through the readily
available pre-built ROS2 packages viz. explore-lite. For
this project, we were able to run object detection from the
ROS2 camera feed and were able to navigate with the ROS2
nav2 package, but didn’t manage to get this approach work-
ing end-to-end.

The downside of this naive approach is that since we
don’t maintain a database of seen objects with their map-
pings to the environment, our turtlebot3 will have to find
objects it may have already seen previously from scratch
for every user query. In contrast, including semantic infor-
mation in the map as in VLMap has the advantage of being
able to remember where objects are based on language, but
this comes at the cost of map creation being much more ex-
pensive, particularly when using semantic segmentation.

4. Experiments & Results
4.1. Environment Setup

We completed our initial environment setup with ROS2
Humble and Gazebo Fortress on Ubuntu 22.04.4 Jammy
Jellyfish and tested the environment using the TurtleBot3
Burger and Waffle.

After getting the TurtleBot3 rendering working in
Gazebo on our VM, we were able to use teleop commands
to make it move around. After this, we thought the Nav2
package looked like a useful package to build off of for our
navigation methods since it contains methods for localiza-
tion, mapping, and motion planning. We were able to get
an initial example working with Adaptive Monte Carlo Lo-
calization (AMCL) and see how the localization estimates
updated as the robot explored in the TurtleBot3 World envi-
ronment, as shown in Figure 6.
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Figure 3. Matterport3D Scene

4.2. Core-Pipeline Setup

As a next step we implemented a core pipeline that
would function as the base for our future work. This
core pipeline comprised of the pre-built ROS2 RTAB-SLAM
package for map reconstruction, the furtlebot3-teleop pack-
age for teleoperation, and the turtlebot3-navigation package
for navigation. The core pipeline was implemented using a
ROS2 launch file to run a TurtleBot3 Waffle. TurtleBot3
Waffle is equipped with both LiDAR and RGB-D cameras.
Figure 2 shows the functionality of the pipeline in Gazebo’s
House Environment. The diamond marks on the navigation
paths in the rightmost figure denote the different goal points
assigned during our testing process.

Figure 4. Occupancy Map
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Figure 5. corresponding VLMap [4]

4.3. Implementing Object Detection

We then modified the launch file of our core pipeline to
include object detection with navigation. Initially, we im-
plemented a custom-built ROS2 package for object detec-
tion which used MobileNet for object detection. MobileNet
misclassified many objects in the simulated environment,
as shown in Figure 7. Later, we moved to YOLOVS8 ob-
ject detection model offered in the ROS2 openvino-toolkit
which had much higher overall accuracy. We suspect the
data distribution shift to be the reason behind the misclassi-
fications observed as the training and test data differed sig-
nificantly. This was implemented for approach 2 mentioned
in our methods section.



Figure 6. AMCL Localization Distribution after Some Navigation

Figure 7. MobileNet misclassifies an image of a trash can from the
Turtlebot camera as a cup

4.4. Generating VLMap on Matterport3D Scenes

Following our implementation of the core pipeline we
imported one of the 1000 available scenes from the Matter-
port3D dataset into the Gazebo environment.

4.4.1 Matterport3D Pre-processing

The imported scene had to be configured with the right
scaling, orientation, material properties, and lighting con-
ditions to emulate the actual environment in Matterport to
get only the first floor of the house environment. Further-
more, we imported the mesh into Gazebo for collisions to
prevent Turtlebot3 from moving through the walls. Unfor-
tunately, Gazebo threw errors and refused to import some of
the textures from these scenes, but we were able to import
the meshes themselves as shown in Figure 8, so we now had
a Gazebo environment and corresponding VLMap to use for

Figure 8. Matterport3D Scene imported into Gazebo environment.
Some textures couldn’t be imported.

navigation.

4.4.2 Map generation

We then generated the occupancy map. The occupancy map
as seen in Figure 4 is generated by traversing the turtle-
bot3 through the first floor of the imported scene. We per-
form the traversing using the pre-built ROS2 turtlebot3-
teleoperation package. This generated occupancy map was
then augmented with language indexing to perform naviga-
tion. The generated map features a lot of noisy black pix-
els scattered across the floor which we suspect is due to
the non-uniformity in floor height in the chosen scene, as is
mentioned in the VLMap [4] paper.

5. Evaluation

For the purposes of evaluation we performed qualitative
analysis where we monitored the success of navigation by
assigning several end points. Navigation trajectories in Fig-
ure 1 show the movement of TurtleBot3 when multiple goal
states were defined. We also noticed a few scenarios where
our model failed to navigate through close tight spaces.
For instance in the Gazebo House Environment, we saw a
few failures where we assigned an initial state outside the
house. In these cases, the TurtleBot3’s motion plan would
go through the letter box and it would get stuck as shown
in Figure 9. Furthermore, we encountered several failure
cases while navigating through the occupancy grid gener-
ated via. MatterPort3D in Figure 4 due to noisy map recon-
structions. In such scenarios, we found adjusting the oc-
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Figure 9. Our motion plans sometimes went through the letter box,
causing the bot to get stuck

cupancy threshold parameter in the navigation2 package’s
map yaml file helpful. This threshold filters out noisy pix-
els with less certain occupancy values. However, this could
also be addressed by averaging similarities over larger win-
dows, as we have seen in other systems in this class.

6. Conclusion

Through this project, we attempted to build an end-to-
end robot navigation system that takes in language com-
mands and navigates to the corresponding desired locations.

6.1. Challenges

Rendering We encountered rendering errors when using
X11 forwarding, and eventually deduced that these errors
seemed to be specific to MacOS but we were never able to
fix them. Attempting to complete the setup locally using the
osrf/ros:iron-desktop—-full Docker image also
led to issues with running Gazebo Fortress. We eventually
discovered that reinstalling the default CUDA drivers on our
VM enabled us to render on our local Ubuntu system with
ROS Humble and Gazebo Fortress but found that Gazebo
rendered very slowly. We also attempted to install Webot
for our simulations but encountered issues, leading us to use
Gazebo for all our experiments. Eventually, we found that
using Google Remote Desktop avoided SSH authentication
issues and sped up rendering.

GCP VMs While building the core pipeline we encountered
several errors particularly with our GCP VM. Due to the
poor availability of VMs, we were locked out for several
hours everyday during peak hours and were forced to cre-
ate an image of our VM and spin up a new VM in a dif-
ferent zone (solution recommended by Google). This was
a recurring issue and was particularly challenging because
the new VM had to be created in a new project group be-

cause of Google’s GPU quota limitation (we could only re-
quest 1 GPU per zone per project). Our requests for an
increase in GPU quota beyond 1 were denied. ROS2 en-
vironments were quite fragile and we ended up rebuilding
our setup from scratch multiple times. We learnt our lesson
and backed up an image of our instance each time we hit
a milestone, using multiple projects to get around the lim-
its of 1 GPU/project, and using the GCP $300 free trial to
somewhat reduce our expenses.

6.2. Limitations and Future Work

Given the scale of the project, we resorted to primarily
using pre-built packages for our pipeline, which we con-
nected with some custom launch files and nodes.

Object Detection Since the open-source MobileNet COCO
detector algorithm is not trained to detect in a simulated en-
vironment, we observed a loss in accuracy while performing
object detection in the simulated Gazebo environments. To
address the distribution shift we would need to retrain the
model on simulated data in the future.

Exploration Manual mapping was used to map out the en-
vironment. In future work, different approaches can be ex-
plored such as frontier-based mapping so that a robot can
perform exploration/reinforcement learning based policies
and mapping at the same time, removing the need to map
out the environment before accepting user queries.
Evaluation As of now we rely on qualitative analysis to
evaluate our navigation system. Importing the full dataset
of Matterport3D scenes [7] and having automatic detection
of success would enable us to use more quantitative meth-
ods similar to those mentioned in VLMaps [4].

Efficient Segmentation VLMaps [4] segment every single
pixel from every single camera image, which can be very
inefficient. We also considered using a different VLM such
as OWL-VIT [6] that outputs bounding box coordinates
instead of segmentation masks as in LSeg and Grounded
SAM for approach 2. Using bounding boxes instead of seg-
menting every single pixel could perhaps help us run with
much less memory and time, enabling us to use this on large
and complex scenes.

7. Supplementary Material

The code for this project can be found here:
https://github.com/chethus/vlmap_ros

8. Merging Class Project

Parth Rawri has merged this project with "AA273: State
Estimation and Filtering for Robotic Perception”. For the
CS231A part of the project, he built ORB-SLAM3 and
augmented the pipeline with the YOLOV8 object detection
model for navigation purposes.
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