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Abstract—For inspection robots to achieve generalizability,
stability, and ease of use, it is crucial that they understand natural
language commands and navigate accurately to specified target
objects. We propose L-SNI, a semantic navigation system adapted
for inspection tasks, offering generalizability, robust stability, and
practical ease of use. In the perception phase, L-SNI constructs
a precise geometric depth map of the environment using LiDAR,
while RGB images are employed to extract object categories,
which are then combined with depth data to generate a semantic
map. To enable the large language model (LLM) to interpret
the environment, L-SNI encodes the 3D semantic map into a
plain text representation. During single-task execution, L-SNI
decodes human commands into inspection primitives using an
LLM constrained by system initial prompts. These inspection
primitives guide the robot’s low-level planner for task execution.
To address the challenge of traditional 3D LiDAR localization and
navigation systems in accurately positioning the robot around
target objects during inspection tasks, we propose a target
cost gradient to assist in optimizing the robot’s target point
selection and attitude control in maps with semantic information.
Upon reaching the target, L-SNI uses a visual language model
(VLM) to describe the scene, which is simplified by the LLM
into a user-friendly response. Through testing on 18 indoor
scenes from the Matterport 3D dataset, L-SNI achieves a 46.9 %
improvement in Success Rate (SR) and a 58.3% increase in
Success weighted by Path Length (SPL) over existing state-of-the-
art (SOTA) solutions, while also demonstrating superior target
image understanding. Moreover, it can be easily deployed on
real-world robots without complex initialization.

I. INTRODUCTION

Inspection robots have been applied in various indoor sce-
narios, and to expand their use while reducing the complexity
of operation, these systems should be language-driven. The
robot must be capable of navigating to specified objects within
the environment based on arbitrary human instructions and
accurately interpreting visual information.

In developing such robots, foundational models that repli-
cate human reasoning processes could be particularly valuable.
Existing systems such as GOAT [1] and VLFM [2] have inte-
grated these models to support semantic navigation, allowing
robots to explore and navigate to semantic objects in unfamil-
iar environments. However, these systems fall short of meeting
the demands of practical applications in terms of navigation
efficiency and success rate, primarily due to three factors:
1) these methods prioritize open exploration and place heavy
emphasis on extracting semantic information, but they often
overlook the high spatial accuracy needed for inspection tasks.
As a result, they do not ensure that the robot can accurately
reach the target point and perform precise localization and
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Fig. 1: L-SNI processes human language instructions, extracting target object
instances using LLM and semantic priors, and converts these instructions into
navigation goal points. Upon reaching the designated target point, it provides
interpretative feedback based on the target object within its field of view that
aligns with the original human instructions.

navigation in complex environments. 2) Navigation methods
based on deep neural networks or reinforcement learning
require extensive training resources and large data sets, which
poses significant limitations in practical applications. 3) These
approaches do not incorporate downstream task planning for
navigation and human interaction in inspection scenarios.

To address the needs for generalizability, ease of use, and
stability in inspection robots operating on limited comput-
ing platforms, we introduce L-SNI, a real-time deployable
semantic navigation system tailored for inspection tasks. L-
SNI integrates the strengths of LLM and VLM to enhance
semantic reasoning and scene understanding, thereby improv-
ing the generalizability of the robot and the ease of use while
maintaining the high stability of the traditional perception-
prediction-planning navigation framework. As depicted in Fig.
2, L-SNI comprises two main components: perception and
task planning. In the perception phase, L-SNI combines stable
depth estimation from 3D LiDAR point clouds with rich
semantic information from RGB images to construct a 3D
semantic map of the environment. To facilitate understanding
by the LLM, we employ a textualization process, encoding
these 3D semantic maps into plain text representations. In
the task planning phase, L-SNI uses an initial system prompt
along with the textualized semantic map to enable the LLM
to interpret human language commands and convert them into
executable inspection primitives. These primitives are then
used by a low-level planner for task execution. In addition, to
achieve an accurate target position for inspection, we introduce
a target cost gradient. After reaching the target pose, the
robot generates and simplifies a description of the scene,

21833

Authorized licensed use limited to: Shenzhen Technology University. Downloaded on October 21,2026 at 07:26:20 UTC from IEEE Xplore. Restrictions apply.



which is then used for feedback. We conducted comparative
experiments using four state-of-the-art (SOTA) methods: CLIP
on Wheels (CoW) [3], ZSON [4], and VLEFM [2], along with
a supervised method, PONI [5], in 18 indoor scenes from
the Matterport 3D [6] dataset. The results show that L-SNI
outperforms existing methods in terms of navigation Success
Rate (SR) and Success weighted by Path Length (SPL) [7] for
inspection tasks, also, only our method is equipped with target
image understanding.

The key contributions of this paper include:

« A semantic navigation system designed for inspection
tasks, characterized by high stability, generality, ease of
use, and suitability for practical applications.

e A method for constructing 3D point cloud semantic
maps using a pre-trained semantic segmentation network
to provide rich semantic information and stable depth
estimation, then encoding the maps into plain text repre-
sentations for direct LLM understanding.

o A target point selection method based on the semantic
object cost gradient, addressing the limitations of tra-
ditional 3D LiDAR localization and navigation systems
in accurately identifying target points around semantic
objects for inspection tasks.

e A zero-shot task planner and human-robot interaction
method driven by a large multimodal model, enhancing
the generalizability of inspection tasks in complex sce-
narios and reducing the difficulty of robot use.

e A novel evaluation metric, Goal Description Accuracy
(GDA), is introduced to assess the robot’s ability to
accurately recognize and describe target object images.
This metric addresses the existing evaluation system’s
insufficient focus on semantic accuracy in inspection
tasks.

II. RELATED WORK
A. Semantic Mapping

RGB-based semantic mapping methods [8]-[12] leverage
rich color and texture information for object and scene dis-
tinction. However, these methods are limited by the absence
of depth data and sensitivity to lighting. RGB-D methods
[13]-[17] help mitigate these limitations. However, RGB-D
approaches still struggle with stable depth estimation in large-
scale environments.

Besides, with the development of neural networks, semantic
maps can be built using only LiDAR. RangeNet++ [18] applies
a 2D CNN to point clouds for segmentation, Pointnet++ [19]
adds hierarchical structure on the top of Pointnet [20]. Many
subsequent LiDAR-based methods [21]-[23] have used these
two networks. Despite these advantages, relying solely on
LiDAR for semantic segmentation requires extensive neural
network training, and the range of recognizable objects is still
limited.

To address these challenges, we propose fusing RGB data
with LiDAR point clouds to generate semantic map. Rich
semantic information can be obtained from RGB data, and
LiDAR can provide stable depth estimation.

B. Semantic Navigation

Early semantic navigation methods [24], [25], relied heav-
ily on deep reinforcement learning (DRL) and image-based
inputs. Later developments [26], [27], aimed to reduce the
dependence on explicit training signals, but they still operated
without language comprehension. These approaches lacked the
ability to understand scenes or process language commands.

In recent years, the development of LLMs like BERT [28]
and GPT [29] have enabled more advanced multimodal seman-
tic navigation, combining visual inputs with language process-
ing, such amount of methods [30]-[34] are based on BERT.
Approaches such as CoW [3], GOAT [1], ZSON [4] and
VLFM [2] integrate object detection and language understand-
ing, making semantic navigation can be driven by language.
CoW [3] explores nearby boundaries until a target object
is detected using CLIP [35] features or an open vocabulary
object detector, then navigates directly to the identified target.
GOAT [1] facilitates multimodal navigation by utilizing cate-
gory labels, target images, and language descriptions, while
continuously updating an instance-aware semantic memory
through lifelong learning in real-world environments. ZSON
[4], an open-vocabulary method, leverages CLIP to transfer
zero-shot techniques from ImageNav tasks to ObjectNav tasks.
It is trained on ImageNav, where images serve as targets
instead of object names. VLFM [2] employs a pre-trained
visual language model to extract semantic information from
RGB images, creating a semantic value map that helps identify
promising boundaries to explore and locate the target object.
However, these methods require extensive training resources
and large datasets, making them lack generalizability in data-
scarce scenarios.

Our approach overcomes these limitations by integrating
the potential of LLM for zero-shot high-level task planning
with the strengths of traditional lower-level motion planning
framework, resulting in a more general solution.

III. METHOD
A. System Overview

An overview is showed in Fig. 2. The system is divided into
two main components: perception and task planner. In per-
ception module, L-SNI takes RGB images and LiDAR point
clouds as inputs. The RGB images are segmented using the
YOLOVS [36] model to obtain object masks, which are then
associated with the LiDAR point cloud to generate semantic
point clouds. The semantic point clouds are combined with
Fast-LIO [37], where it is used to incrementally construct
a semantic map. This 3D semantic map constructed in this
method effectively combine the stable depth estimation from
3D LiDAR point clouds with the rich semantic information
from RGB images. The semantic maps are encoded into
a plain text representation for scene understanding by the
LLM, which details the IDs, names, positions, and 2D size
of objects in the environment. In the task planner module, the
textualized semantic map generated by the perception module
serves as input to the LLM for environmental understanding.
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Fig. 2: The L-SNI system consists of two main components. The perception module processes RGB images and 3D LiDAR point clouds to generate a semantic
map using a pre-trained semantic segmentation model. The semantic map are then encoded into plain text representation. In the task planning module, LLM
takes system initialization prompts and textualized semantic map representation as input. It also translates human language commands into inspection primitives
that can be executed by the robot, including navigation commands and invoking visual language models for image understanding. Ultimately, LLM generates

anthropomorphic responses for the user.

Additionally, predefined system initial prompt and the user’s
language commands are provided to the LLM to facilitate task
understanding and planning. During the task planning phase,
the LLM interprets the user’s language instructions to identify
the target object and encodes these instructions into a specific
format known as the inspection primitives (detailed in III-D).
Subsequently, the system calculates the cost gradient around
the target object (detailed in ??) to determine the optimal
arrival point relative to the robot’s current position. An ex-
ecutable trajectory is calculated using the search-based global
planning algorithm and DWA [38] local planning algorithm
to guide the robot to the target point, where it captures an
image of the object, then the VLM generates a description
of the image, which is often complex and not immediately
interpretable by the user. Finally, the LLM processes the image
description produced by the VLM, providing the user with
a more human-friendly interpretation, tailored to the specific
language task.

B. Semantic Mapping and Textualization

CkP

——
— e

extrinsic

LiD:&R frame

camera frame

image frame

Fig. 3: Semantic mapping workflow. Lk P are transformed into €k P via
extrinsic ©T7,, and ©* P are transformed into 7+ P via intrinsic K. T P are
then matched with the segmentation mask.

To generate a semantic map for the robot’s environment, we
integrate LiDAR and RGB data, applying semantic segmenta-
tion to enrich the global map with semantic information. This
process ensures that the map not only provides spatial details

but also associates objects with meaningful labels, which is
crucial for downstream navigation tasks. Details of this method
are described in following paragraphs.

Given a frame of point clouds Lk P where L is the LIDAR
local frame at time k, L“*P are first transformed from the
LiDAR frame to the camera frame via the extrinsic matrix
Ty, = (°Ry,® py), obtaining “* P. Subsequently, the camera
intrinsic matrix K is utilized to project the points from the
camera frame to the image frame, obtaining * P.

Simultaneously, a pre-trained YOLOv8 model is applied to
the image captured at time k to perform semantic segmen-
tation, generating the corresponding segmentation mask. The
points ' P are then matched with the segmentation mask. If
any points fall within the segmentation mask, corresponding
labels are assigned to the points in “* P, then we combine Fast-
LIO to generate a global map containing semantic information.
Fig. 3 shows our semantic mapping workflow and Fig. 4 shows
the semantic map.

Textualization of semantic map is necessary, since LLM
cannot directly interpret 3D semantic maps. Considering po-
tential errors in the extrinsic matrix ©7T},, some points may be
misclassified. Thus, outliers must be filtered out. For points
sharing the same label, assume there are m points in total.
The distance between each point and its k£ nearest neighbors
is calculated using a k-d tree, and the average distance D; is
computed for each point. The mean D and standard deviation
Dyq of all m points are then calculated. If D; > D + Dy,
the point is considered an outlier, and its label is changed to
-1, indicating that it does not belong to any identified object.

After filtering, points with the same labels are clustered.
From these clusters, we extract the object names, the coor-
dinates of the cluster centers along the x and y axes (i.e.,
position), as well as the lengths and widths of the clusters
(i.e., size). This allows the position and size of the segmented
objects in 2D space to be determined, and these parameters
are then input into the LLM for use in navigation tasks.
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(a) side view of map

(b) top view of map

Fig. 4: (a) and (b) are semantic maps observed from different perspectives,
where purple, bright green, dark green, orange, and brown point clouds
represent the TV, whiteboard, chair, keyboard, and monitor, respectively

C. Target Point Selection

Conventional 3D LiDAR-based localization and navigation
frameworks are not well suited for inspection tasks, particu-
larly when precise viewpoint positioning is required. In top-
down semantic maps, robots often fail to localize correctly
around target objects, especially when the objects are occluded
or placed adjacent to walls. For example, a robot may approach
the wrong side of a wall-mounted object, yielding an invalid
inspection pose despite spatial proximity.

To address this issue, we propose a Target Cost Gradient
(TCG) method that leverages semantic geometry to compute
an optimal navigation goal near the object. This method aims
to select a candidate point near the object boundary that
maximizes both accessibility and inspection suitability, by
analyzing the spatial gradient of cost values and the robot’s
relative position.

1) Problem Formulation: Each object is represented by a
rectangular region in 2D space, characterized by its center
coordinates Pobj = (Zobj, Yobj)» and its width and height (w, h).
Let p, = (z,,y,) be the current position of the robot. Our
goal is to find an optimal approach point p* € 90, where
00, denotes a safety-offset boundary around the object, such
that the score function S(#) is maximized over all direction
angles 0 € [0,2m):

« S(6 1
p’ =arg max, (0) (M

The candidate point in direction € is defined as:

Po = Pobj + (70 + dsate) - Up )
where ug = (cosf,sin ) is a unit direction vector, and ro =
max (%, 2) is the maximum half-length of the object.

2) Cost Gradient Computation: We define a spatial cost
map function C(-) that quantifies the local cost (e.g., obstacle
proximity, terrain difficulty) at any map location. The gradient
in direction 6 is computed as the normalized cost difference
between the object center and the candidate point:

G(o) = £Pe) = ClPay) 3)
1P — Poi| + €
where € is a small positive constant added to avoid division by
zero. This term captures the relative change in environmental
traversability between the object and the potential approach
point.

3) Distance Metric: To incorporate efficiency into the navi-
gation planning, we define a proximity term D(6) representing
the squared Euclidean distance from the robot to the candidate
point:

D(9) = |[ps — pr | S

Lower values indicate shorter travel distances, thus promoting
energy efficiency and speed.

4) Combined Scoring Function: The final score function
S(#) combines cost gradient and distance via a weighted sum:

S(0) = wy - G(0) + wy - o) &)

1

0)+0
where wg,wg € RT are tunable weights controlling the
balance between safety (gradient-based accessibility) and effi-
ciency (travel distance), and § > 0 prevents division by zero.
By evaluating S(6) across discrete angles 6, the system selects
the direction yielding the highest score.

5) Goal Pose and Orientation: Once the optimal angle 6*
is identified, the robot’s goal position is set to pg«, and its
orientation is aligned to face the object center:

¢ = atan2(yYopj — Yo+ , Tobj — To~) ©)

This ensures the robot not only arrives at a valid inspection
location, but also faces the target object to maximize camera
visibility and image interpretation accuracy.

The proposed method provides a lightweight yet effective
approach to high-precision inspection positioning. It avoids
extensive training and instead exploits geometric semantics
and cost-based heuristics, improving robustness in complex,
partially occluded indoor environments.

D. LLM as Zero-Shot Task Planner

In order to reduce the difficulty of using the robot, we
describe a high-level task planner for inspection tasks, given
tasks described by natural language, such as

Go to the desk and see if the computer’s on the desk.
Go to the door and see if it’s closed.
Go to the whiteboard and see what’s on it.

The robot will perform the appropriate tasks and give
answers. Specifically, we first utilize the LLM to interpret
and extract target objects for navigation from natural language
commands, while also determining whether inspection tasks
are required. The LLM generates structured inspection primi-
tives that are comprehensible to the robot, enabling both navi-
gation and the invocation of the VLM for image understanding.
In this paper, we define the basic unit of a single inspection
task as an “inspection primitive”. The inspection primitive is
a structured JSON-formatted statement that includes the target
object’s name, its ID, a flag indicating whether image compre-
hension is required, and the corresponding LLM response. The
specific format is illustrated in the blue box in Fig. 5a. These
generated inspection primitives can be seamlessly recognized
and executed by the robot’s built-in navigation system.

To enable the LLM to generate more accurate responses, we
provide clear and concise task details along with contextual
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descriptions in the system initial prompt. These contextual
descriptions include: 1) environment information, where we
encode the semantic map into text and supply it to the LLM
via a parameter profile to foster an understanding of the
environment; 2) solution examples, where we present the LLM
with instances of how to complete inspection tasks, covering
the full process from receiving user commands to generating
responses. Furthermore, we impose structured, parametric con-
straints on the LLM’s output to ensure the correct generation
of inspection primitives that the robot can execute in real time.
Fig. 5a depicts a system initial prompt of a robot completing
an inspection task. Fig. 5b depicts the workflow of the robot
in completing an inspection task guided by the LLM.

Imagine you are an inspection robot tasked with approaching and inspecting an object. The
function str(get_semantic_info(map.yaml)) provides information about objects in your working
environment, including:

- id: The object's unique identifier.

- name: The name of the object.

- position: The object's location on the map.
- size: The object's 2D dimensions.

Your capability is to output a structured inspection primitive based on the user's language
instructions and the environment information provided.
json

"name": "table",

llidll: "1II‘

"inspection_mark": true,
"response": “LLM output"
}

Please generate a JSON-formatted response to the above request and provide only the JSON data

(a) The system initialization prompt consists of several components: gray text clearly
outlines the robot’s tasks and capabilities, green text describes the semantic information
of the map after it has been converted into text, and blue text provides an example task
for the robot. In this example, blue squares represent the strict structure required for the
LLM output.

'Q “Your inspection robot is waiting for commands...”

“Go to the desk and see if the computer's on it.” &
sending_user_command_to_LLM(system_prompt, user_command)
json
“pame”: “desk”,
wign; «3n,
“inspection_mark”: true,
“response”: “Sure, I will go to the desk and check if the computer is on it.”

¥

'§ “Sure, | will go to the desk and check if the computer is on it.”
navigate_to_object(‘desk’, ¢3’)
send_img_to_VLM(image_of_desk)

image_description = get_image_description(image_of_desk)
response = send_image_description_to_LLM(image_description)
add_response_to_json(‘response’)

‘é “Yes, the computer monitor, keyboard and mouse are on the white table.”

(b) The robot’s internal workflow for completing an inspection task under LLM guidance
begins with the LLM extracting target object information from user commands and
matching it with semantic map data to generate a inspection primitive. The robot then
navigates to the optimal point, captures an image, which the VLM processes into a
description that the LLM simplifies and returns as a response.

Fig. 5: (a) Illustrates the initial system prompts provided to the robot. (b)
Illustrates the robot’s workflow for completing the inspection task, guided by
the LLM.

IV. EXPERIMENTS

The primary objectives of our experiments are twofold:
1) to evaluate whether our approach demonstrates superior
performance in navigating to spatial inspection targets spec-
ified by natural language commands and generating accurate
interpretations of the visual scene, compared to existing meth-
ods; 2) to assess the feasibility of deploying L-SNI in real-
world environments. To achieve these goals, we set up the
experiments as follows.

A. Experimental Set Up

Basic Setup. The robot’s radius and height were set to
0.3m and 1.2m respectively. A navigation task was considered
successful if the robot’s center was within 0.5m of the target
object edge and oriented towards the object center (+30°
tolerance).

Datasets. We conducted experiments using the Matterport
3D [6] dataset, a comprehensive 3D scan of real-world envi-
ronments, within the Gazebo simulator in ROS Noetic. Our
approach was validated across 18 indoor scenes and 8 object
categories derived from the Matterport [6] 3D dataset.

Evaluation Metrics. We conducted a comparative evalu-
ation of all methods using three key metrics: Success Rate
(SR), Success weighted by Path Length (SPL), and Goal
Description Accuracy (GDA). Among these, SPL serves as
a comprehensive measure for assessing the robot’s navigation
performance by combining task success rate with path effi-
ciency. SPL not only evaluates whether the robot successfully
reaches the target, but also measures the efficiency of its
navigation by comparing the actual path taken with the shortest
possible path. A value closer to 100% indicates higher system
efficiency. GDA reflects the method’s ability to comprehend
the content within the target’s field of view, a crucial metric
for inspection tasks. GDA was computed by comparing VLM-
generated descriptions with ground-truth annotations from 3
human evaluators.

Baselines. We evaluated our approach by comparing L-SNI
against several state-of-the-art (SOTA) semantic navigation
methods: CLIP on Wheels (CoW) [3], ZSON [4], and VLFM
[2]. Additionally, we compare our approach with a supervised
method, PONI [5], which constructs maps during navigation
and employs task-specific policies trained for semantic rea-
soning to predict the locations of potential target objects for
exploration.

B. Results

Table I provides a comparison of experimental result of the
performance of our method against other approaches on the
Matterport 3D [6] dataset. Blank cells indicate that certain
methods were not evaluated on specific metrics for this dataset.
The results demonstrate that our method surpasses the existing
state-of-the-art (SOTA) approaches across all benchmark tests.

L-SNI outperformed existing zero-shot methods in baseline
testing, achieving a 46.9% improvement in Success Rate
(SR) and a 58.3% improvement in Success weighted by
Path Length (SPL) compared to VLFM [2]. Relative to the
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TABLE I: Comparison of experimental result

Methods SR (%) SPL (%) GDA (%)
CoW [3] 7.4 3.7 -
ZSON [4] 15.3 4.8 -
PONI [5] 31.8 12.1 -
VLEM [2] 36.4 17.5 -
Ours w/o TCG 68.2 59.7 70.1
Ours 83.3 75.8 86.7

supervised method PONI [5], SR improved by 51.1% and
SPL by 63.7%. Our approach demonstrates this advantage
by leveraging the L-SNI perception module, which provides
stable geometric information and rich semantic information
about the environment. Additionally, we employ a motion
planning algorithm based on explicit geometric rules and cost
functions, ensuring the optimality and interpretability of the
generated paths. In contrast, the compared methods prioritize
open-ended scene exploration, leading to suboptimal stability
and spatial accuracy for inspection tasks. Additionally, our
approach demonstrates superior understanding of the target
object, a capability not possessed by the existing methods.

Fig. 6 illustrates an example of a semantic navigation
and inspection task. In this task, the robot interprets human
language commands, identifies the target semantic category,
computes the optimal navigation point goal, and subsequently
analyzes the visual data within its field of view. The robot
then provides feedback, offering a response that aligns with
the user’s requirements.

; 94
= dih
Go to the bed and see what's
on the bed.

| see a well-made bed with
harmoniously colored bed
sheets and pillows, and a
distinctive decorative painting
on the wall behind the bed.

Robot POV

Fig. 6: The two figures on the left show a top-down view of the environment.
The upper-right figure displays the obstacle map and navigation path used by
the robot, while the lower-right figure shows the robot’s observations upon
reaching the goal point.

C. Real-World Deployment

As shown in Fig. 7, we deployed our approach on a
Scout mini robot to assess the practical implementation of L-
SNI for real-world target navigation and comprehension. The
computational hardware is Intel NUC with an i5 2.1GHz CPU
and 16GB memory. RGB input is provided by a RealSense
D455 camera, while a 32-line LiDAR offers 3D point clouds
data. For map creation, we employ an off-the-shelf LiDAR
SLAM solution: Fast-LIO to estimate sensor positions. During
localization, we use HDL-localization [39] to initialize the
robot’s position.

Platform

- - == ===

4 . .
| main view

Inertial
Measurement

Unit RS LiDAR

Onboard

Computer Scout UG
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Fig. 7: The vehicle platform used for deploying L-SNI is equipped with an
RS32-line LiDAR and a camera. Both the onboard computer and the LiDAR
are powered by batteries mounted on the chassis.

L-SNI was tested in semantically rich indoor environments
containing over 10 object categories. The system’s naviga-
tion and goal understanding capabilities were evaluated using
various language inspection commands, such as “Go to the
robotic arm workspace to check.”, “Go to the desk to see
if the computer is on the desk.” and “Go to check if the
door is closed.”. While the robot successfully completed all
test tasks, we observed that the understanding of scenarios
in repeated instruction tests was occasionally biased. This
bias arises because LLM and VLM generate responses based
solely on contextual cues from the current task and lack long-
term memory capabilities, which can affect feedback results.
Nevertheless, these results indicate that L-SNI is capable of
performing open language-driven inspection tasks in real-
world settings.

V. CONCLUSION

In this paper, we present the Language-Driven Semantic
Navigation System for Inspection Tasks (L-SNI), a general,
stable and user-friendly approach designed for inspection
applications. L-SNI combines 3D LiDAR data and RGB obser-
vations to construct a semantic map. By integrating a LLM,
the system enables a robot to efficiently navigate towards a
target object based on human natural language commands
and generate a concise image description of the target upon
arrival. Our system demonstrates substantial improvements in
task success, navigation efficiency, and stability, highlighting
its potential for real-world deployment. Additionally, L-SNI
requires minimal initialization, making it a practical solution
for various inspection tasks. Future work will focus on dynam-
ically updating semantic information in maps so that robots
can achieve robust navigation even in changing scenarios.
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