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Abstract—We present a real-time semantic navigation frame-
work for Unmanned Aerial Vehicles (UAVs) focused on improving
time efficiency in the Object Goal Navigation (ObjectNav) task.
Central to our approach is a Large Language Model (LLM)
that interprets user-provided natural language instructions and
performs semantic reasoning over detected objects and spatial
context to prioritize high-probability search regions. The system
combines real-time object detection, 3D spatial mapping, and
polynomial spline interpolation for smooth and feasible UAV
trajectory planning. Unlike prior methods that rely on offline
reasoning or simulator-constrained action spaces, our framework
can operate fully onboard in real time, continuously updating
semantic relevance based on new observations. Experiments in
both simulated and real-world settings demonstrate reductions
in mission duration while maintaining high search accuracy,
underscoring the effectiveness of LLM-guided reasoning for time-
efficient UAV-based ObjectNav.

Index Terms—Object Navigation; UAV; Large Language Mod-
els; Semantic Reasoning; OctoMap; Trajectory Planning

I. INTRODUCTION

Semantic understanding of the environment and contextual
reasoning are core human cognitive abilities - areas where
robotic agents continue to struggle. Embodied Artificial Intel-
ligence aims to bridge this gap by developing intelligent agents
capable of perceiving, reasoning about, and interacting with
physical or simulated environments to perform complex tasks.
These tasks often require the integration of navigation, percep-
tion, and semantic understanding, with embodied navigation
standing out as one of the most fundamental and challenging
capabilities. An important aspect of such advanced systems is
also the ability to receive natural language instructions from
humans.

One such advanced task is Vision-and-Language Navigation
(VLN), where agents need to interpret and execute step-by-
step natural language instructions (e.g., “Turn left after the
painting”) [1]. Similarly, Object Goal Navigation (Object-
Nav), which is considered in this paper, requires agents to
autonomously search and locate objects specified by semantic
categories (e.g., “chair”) and optionally additional description
(e.g., ’chair that is used in the bedroom”), within previously
unseen environments [2]. ObjectNav was formally introduced
as a core task in embodied Al by Anderson et al. [3].

Early approaches to solving ObjectNav [4] typically relied
on end-to-end training pipelines that required large-scale anno-
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Fig. 1. Tllustration of the proposed method consisting of four interconnected
modules: (1) Visual Perception, employing a camera and object detection
model to identify semantic objects; (2) Volumetric Space Representation,
which utilizes a depth sensor to build a spatial occupancy map; (3) Position
Estimation, projecting detected objects into 3D space and associating them
with depth information from the sensor data; and (4) Relevance Evaluation,
which integrates all acquired semantic and spatial data with user instructions
to determine the most relevant object around which the UAV performs a
thorough search.

tated datasets and substantial computational resources, limiting
their scalability and generalization to real-world settings. Only
recently have zero-shot methods been developed, which enable
navigating to unseen targets in unknown environments. This
advancement was in large part driven by the recent progress
in Large Language Models (LLMs) and Vision-Language
Models (VLMs), which has significantly advanced embodied
navigation by enabling robust semantic inference and natural
language-based interaction with the robot. LLM-based meth-
ods, in particular, support zero-shot reasoning, eliminating the
need for task-specific training, and enhancing generalization to
novel scenarios. Recent approaches such as Zero-Shot Object
Navigation (ZSON) [5] and its language-driven extension,
Language-driven ZSON (L-ZSON) [6], have demonstrated the
potential of large language models (LLMs) to interpret open-
ended user instructions without requiring prior exposure to
specific object classes or environments. ZSON enables an
agent to navigate toward instances of a specified object cate-
gory in previously unseen environments, even in the absence of
labeled training examples for that object. L-ZSON builds upon
this foundation by incorporating natural language instructions
to guide the agent’s exploration and object-seeking behavior.
Rather than solely specifying an object category, L-ZSON
tasks provide rich contextual information, such as descriptive
attributes, spatial cues, or complex directives (e.g., “Find my



keys near the coffee mug”), which the agent must interpret
and ground in its sensory observations to effectively complete
the task.

Many recent works, including OpenFMNav [7], LM-Nav
[8], ESC [9], and PixNav [10], have successfully leveraged
VLMs to bridge the gap between visual perception and seman-
tic reasoning, enabling more effective navigation in complex
environments. Methods that rely on VLMs have better per-
formance, but the drawback is a higher computational load,
often not suitable for on-board real-time inference and time-
sensitive applications. Moreover, existing works, mainly used
for ground vehicles within simulators such as Matterport3D
[11], Gibson [12], and Habitat [13], use simplified discretized
action spaces (e.g. forward motion, fixed-angle turns, stop). In
other words, they do not take into account realistic physics-
based robot maneuvers, which limits task complexity and
hinders transferability to real-world systems. Only a few recent
papers, such as [14], work with Unmanned Aerial Vehicles
(UAVs) and take into account their realistic continuous tra-
jectories, which is the focus of this paper. Further, existing
approaches tend to prioritize spatial efficiency metrics, such
as Success Rate (SR) and Success weighted by Path Length
(SPL), while often overlooking practical factors like real-time
responsiveness, search duration, and dynamic maneuverability.

To address these limitations, we propose a novel framework
for autonomous object goal navigation for UAVs that enables
UAVs to dynamically interpret user instructions and prioritize
high-likelihood search regions. By integrating real-time object
detection with only LLM-based reasoning, we eliminate re-
liance on slower, compute-intensive VLMs, resulting in faster
inference and greater responsiveness. This lightweight and
modular design, illustrated in Fig.1, maintains semantic rich-
ness while enabling real-time operation. Furthermore, we use
polynomial spline interpolation to generate smooth, dynami-
cally feasible trajectories for UAVs through 3D space, allowing
the UAV to continuously scan the environment and refine its
reasoning during flight. Experimental results with simulated
and real-world UAVs demonstrate improvements in search
time and accuracy, especially for small or partially occluded
objects, highlighting the practical utility and robustness of
the system in real-world applications. The contribution of
the paper is a novel and lightweight approach to object-goal
navigation, designed for deployment on real UAVs in a zero-
shot setting. The approach is language-driven and uses large
language models (LLMs) to guide the search and interpret the
environmental context.

The paper is divided as follows. In Section II the methodol-
ogy is described, including different aspects of the approach,
starting from the problem formulation. Section III presents the
results obtained through simulations and experiments carried
out with Crazyflie UAVs [15]. The paper concludes with a
summary of the findings and final remarks.

II. METHODOLOGY

In this paper, we introduce a novel object-search framework
that leverages large language models (LLMs) to improve

decision-making and efficiency in autonomous UAV search
tasks. By employing LLMs as semantic reasoning engines,
the system dynamically interprets natural language instructions
and real-time object detection data, enabling intelligent path
planning toward high-probability target zones, which signifi-
cantly improves mission efficiency in complex environments.
We address this challenge through a four-stage approach:
Representation of the 3D environment, Object detection and
semantic grounding, LLM-guided decision logic, and Trajec-
tory planning.

A. Problem formulation

We consider the problem of autonomously searching for a
user-specified object in an unknown environment using a UAV.
Given a natural language instruction U, the task is to locate the
target object T', defined by the semantic category referenced
within U. The unknown spatial position of the target object,
(xr,yr,21) € R3, is determined by the autonomous search
process carried out by the UAV. The instruction U is provided
as textual input containing the target object’s semantic label
and optionally additional contextual descriptions to guide and
facilitate the search process.

The objective is to design a search method that will guide
the UAV to regions where the target object is more likely to
be located, thus decreasing the overall time needed to find the
target object and the path taken by the agent during the search.
The UAV is equipped with a camera, used for the detection
of objects in the environment. The system should use high-
level semantic reasoning to understand the relations between
detected objects and their spatial distribution. By leveraging
user specifications, contextual cues, and object co-occurrence
patterns, the method should estimate the likelihood that the
target object T" appears in the vicinity of other detected objects
and prioritize search efforts accordingly.

B. Volumetric representation of the environment

To enable safe UAV navigation and support accurate 3D
localization of detected objects, a depth-aware representation
of the environment is required.

1) Volumetric Space Representation Module: As the un-
derlying volumetric representation, we utilize an OctoMap, a
hierarchical volumetric 3D occupancy grid that provides deep
understanding of the environment. Each cubic element of the
OctoMap, called a voxel v, can be classified as free, occupied,
or unknown. The set of free voxels constitutes the free space
Stree C S in which the UAV can navigate, occupied voxels
define the occupied space S,.c C S that represents obstacles
and objects, and unknown voxels represent the unknown space
Sunk C S. The entire space S is thus defined as the union:
S = Sfree U Soce U Sunk. While OctoMap is used in this
work, the proposed framework is compatible with other 3D
volumetric representations.

Since the focus of this paper is on LLM supported decision-
making algorithms, it is assumed that the environment is
mapped beforehand and S is known in advance. However,



the proposed method can also be applied without this as-
sumption by using sensors such as LiDAR on board the UAV,
together with incremental mapping algorithms while exploring
the unknown environment in real time. Further, we assume
that the UAV can localize itself precisely within the mapped
environment, starting from an arbitrary initial pose.

C. Object detection and semantic grounding

As mentioned, the UAV is equipped with a camera that is
used for the detection and semantic grounding of objects in
the environment. In this subsection, a method for estimating
the 3D positions of objects in the environment is described,
which further serves as input to the LLM-guided search
process. This consists of two parts - the visual perception
module for detecting objects in the camera image and the 3D
object position estimation module, which uses both volumetric
information and the results of the visual perception module.
Both modules are described as follows.

1) Visual Perception Module: ITmage frame I} is processed
in real-time using a 2D visual perceptor:

VP(Ik) = Ok, (1)

which incorporates a YOLO-based object detector. The vi-
sual perception module produces a set of detected objects
op = {o1,02,...,0m,} for each image frame I. Each
detected object o;, for ¢ = 1,...,my, is represented as
{box;, class;, prob;}, where box; = (u,v,w, h); denotes the
4D bounding box vector. Here, (u, v) specifies the center pixel
coordinates, and (w, h) indicates the width and height of the
bounding box. Additionally, each object is assigned a semantic
label class; and a detection confidence score prob; € [0, 1].

2) 3D Position Estimation Module: Leveraging the depth
information provided by the occupied space S,.. of the
OctoMap, we can estimate the positions of objects detected
in frame I using the 3D position estimator:

PE(Ok, Socc) = O, )

The position estimator, illustrated in Fig. 2, firstly utilizes
the intrinsic parameters of the camera — such as resolution,
lens distortion, and field of view (FOV) — to compute a 3D
direction vector from the camera to each detected object based
on its pixel coordinates in the image, as seen in subfigure
(a). Specifically, for a detected object with center pixel
(u,v), PE(-) calculates a direction vector d = (24, Yd, 2d)
representing a ray originating from the camera’s optical center
and passing through the object’s center in the image, while
accounting for lens distortion. This direction vector is then
used to perform a ray-casting operation from the UAVs current
world pose C' into the OctoMap, retrieving the first occupied
voxel along the ray, which is assumed to belong to the detected
object.

Consequently, we obtain O, = {O1,02,...,0n,,}, a set
of my, detected objects, where each object O; is represented as
{pos;,class;} for i = 1,...,my with pos; € S,e. denoting
the 3D position of the voxel within the occupied space, and
class; the corresponding semantic label.
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Fig. 2. Tllustration of the 3D position estimator PE(+), which maps detected
objects from an image to their corresponding world coordinates in two stages:
(a) Computation of the 3D viewing direction from the object’s pixel position
(u,v) in the image, based on camera intrinsics; (b) Ray casting from the
UAV along the computed direction to identify the first occupied voxel in the
OctoMap, belonging to the object.

The system performs object detection and 3D position esti-
mation for each incoming frame [; and accumulates the data.
As the UAV explores the environment and observes objects
from different viewpoints, the same object may be detected
multiple times from varying angles, resulting in Zszl mg
spatially scattered position estimates, particularly for larger
objects, where K is the number of frames. To address this,
we apply the DBSCAN [16] clustering algorithm, grouping
detections based on spatial proximity and shared semantic
labels:

C=

O = Cluster(| | O) 3)

k=1

This process consolidates multiple observations into unified
object representations, yielding a final set O consisting of n <
Zle my, distinct objects with consistent 3D positions and
semantic labels.

D. LLM-guided decision logic

To enable high-level semantic and spatial reasoning in the
object search process, we employ a large language model
(LLM) to interpret user instructions and evaluate the relevance
of detected objects with respect to the target object.

1) Probabilistic Relevance Module: We define a probabilis-
tic relevance:
PR(O,T,D) — O™, “4)

where O is a set of detected objects with their labels and
spatial positions, 7" is the target object defined by the user
instructions, and D is the data UAV obtained during the search,
including user instructions, detected objects and their spatial
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Fig. 3. Overall schematic diagram of the developed system, illustrating data collection through the Visual Perception Module (VPM), Volumetric Space
Representation Module (VSRM) and 3D Position Estimation Module (PEM), with emphasis on the Probabilistic Relevance Module (PRM) and the internal
LLM black box. The Large Language Model determines the next search action based on accumulated data D, including user instructions U, previously
searched areas V;g;teq, and the current set of detected objects O along with their spatial relationships. The LLM selects the most relevant object O*; if its
relevance exceeds a defined threshold, a thorough search is conducted around it. Otherwise, the system reverts to a fallback strategy (e.g., wall-following). If
the relevance score for an object is sufficiently high, the LLM concludes that O* is the target 7" and terminates the search successfully. If the UAV exhaustively
searches the space S without locating 7', the By one hypothesis becomes dominant, and the search ends in failure.

relations, and visited areas. The goal is to produce a prob-
ability distribution over n detected objects {O1,0a,...,0,}
indicating which object offers the best place to begin searching
around in order to find the target object 1" and then select that
object as the most relevant, denoted as O*. Here, we use the
term relevance to denote how likely we are to find the target
object T in the vicinity of a given object O;.

In other words, for each detected object O;, we aim to
compute:

P(O; | D,T) x P(D | 0;,T) - P(O; | T) )

where P(O; | D,T) represents the relevancy score, i.e.
posterior probability that object O; is relevant given the target
T and the current knowledge D. Here, based on Bayes rule,
P(O; | T) is the prior probability, representing how likely
the target object 7" would appear near object O;, based on
their semantic associations and known co-occurrence patterns.
The term P(D | O;,T) is the likelihood, quantifying the
probability of observing the data D under the assumption
that the target 7' is indeed spatially associated with O;.
Additionally, we denote with B,,,,. hypothesis that the target
object is not present within the space we are exploring.
Given this theoretical representation, LLM is used to es-
timate the probability P(O;|D,T) for each detected object.
Initially, D contains only the user specification U and the set
of initially detected objects O, and is expanded as the search
progresses. The construction of a suitable LLM textual prompt
is described in the following subsection. Once the probabilities
are estimated for each candidate O; using LLM, as the most
relevant we pick the object that maximizes this posterior:

= P(O; | D, T
O* = arg max (0i | D,T) (6)
Given O*, the decision logic that drives the UAV behavior is

described as follows and given in Fig. 3. If the probability
for the most relevant object O* is lower than a predefined

minimal threshold, the UAV defaults to a predefined scanning
strategy, such as wall following, with the goal of gathering
more data. If the probability for the most relevant object O*
exceeds the minimum threshold, the UAV initiates a thorough
local search around the object. During the thorough search,
the UAV continues to detect new objects and estimate their
probabilities. If the estimated probability of a detected object
increases above a certain high threshold, this means that the
target object 7" has been found, concluding the search process.
If the UAV does not find the target 7" after doing a thorough
search around the object O;, the value of the total knowledge
D is updated and will lead to a significant decrease in the
probability P(O; | T, D), which results in a redistribution of
the probabilities to other remaining objects.

The overall system pipeline, from the input image I,
occupied space S,.., target object 1" and user instructions U,
to the selection of the most relevant object O*, can be formally
expressed as:

PR(PE(VP(Iy), Socc), T, D) = O* @)

2) Text prompt: To effectively leverage the semantic rea-
soning capabilities of the LLM, it is essential to construct a
prompt that provides both contextual object information and a
clear interpretation of the user’s search intent. The constructed
prompt comprises two main components: (1) system and
user information, which specifies the required reasoning task
for the LLM and ensures it understands the context of the
mission, and (2) the user’s target description combined with
the observed environmental data, including detected objects
and their spatial positions, which provides the LLM with the
necessary situational details to reason effectively.



[System information] “You're a helpful assistant that
uses provided descriptions and observed objects to logi-
cally infer the probable location of a target object.”

[User information]: ”Given the target object description
and the list of detected objects with their 3D coordinates,
return the object most likely located near the target
object.”

[Input data]

User input: Natural language user description of the
target object to be located.

Objects: Objects detected within the environment
along with their corresponding 3D coordinates.
Visited: Region of S surrounding previously selected
relevant objects that has been thoroughly scanned during
the search process.

[Response format]:

Flag: Indicates whether any of the detected objects are
relevant to the current search query (exceeding minimal
threshold).

Most relevant: The object with the highest likeli-
hood of having the target object in its vicinity, specified
by its label and 3D coordinates (O*).

Explanation: The LLM’s reasoning for selecting the
identified object as the most relevant.

E. Trajectory planning and thorough search

After the LLM identifies the most relevant object based
on the current scene and user instruction, the UAV performs
a thorough local search in its surrounding area, under the
assumption that the target object may be located nearby. Since
the object of interest could be partially or fully occluded,
it is crucial to observe the region from multiple viewpoints.
To achieve this, a circular inspection trajectory is generated
around the selected object at a specified radius and fixed
altitude, enabling the UAV to scan the area from all angles
and improve detection reliability. As illustrated in Fig. 4(b),
the trajectory is generated from the UAV’s current position to,
and around, the relevant object, while omitting any waypoints
that would intersect walls or lie outside the free space. The
performance of the proposed method is evaluated against a
baseline lawn-mower search strategy, which systematically
covers the entire area using a uniform back-and-forth sweeping
pattern, as shown in Fig. 4(a).

To navigate efficiently through the environment while avoid-
ing obstacles, the UAV employs a two-stage trajectory plan-
ning approach. (1) Discrete path planning using A* search [17]
in 3D space to reach the region of interest. Prior to executing
a circular scanning maneuver, the system queries the OctoMap
to ensure that the planned trajectory lies within free space and
does not intersect with any obstacles. (2) Continuous trajectory
generation over 3D waypoints is then achieved using 7th-order
polynomial splines, enabling smooth, dynamically feasible
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Fig. 4. Top-down 2D visualization of generated trajectories: (a) Baseline
Lawn Mower scanning trajectory; (b) Thorough search extending from the
UAV’s current position (1.9,8.1,2.0) to, and around, the relevant object
located at (9.0,2.5,1.1). Since the object is positioned near walls along
z = 10 and y = 0, the circular inspection path is adapted to a semicircular
trajectory, maintaining a safe distance from obstacles to ensure the UAV
remains within the free navigable space.

flight paths that satisfy constraints on position, velocity, and
acceleration.

During the thorough search around the selected object O*,
the UAV continuously gathers new visual data and maintains a
record of visited areas. This information is used to update the
probabilistic relevance module, which iteratively reassesses the
scene and determines the next best action if the target object
has not yet been found.

III. RESULTS

The results of this work are presented through a detailed
analysis of both simulation and real-world experiments, high-
lighting the effectiveness of semantic-guided search in compar-
ison to traditional, non-semantic search strategies. The exper-
imental platform is the Crazyflie 2.1 nano-UAV, a lightweight
and modular quadcopter equipped with an AI Deck that
features a monochrome camera. Due to its limited payload
capacity, the Crazyflie cannot carry advanced sensors such as
LiDAR for real-time mapping. Therefore, all environments,
both simulated and real, were pre-mapped using Cartographer
SLAM with point clouds acquired from an external LiDAR
sensor. This pre-built map was then used for navigation and
semantic grounding. Since both Cartographer SLAM and
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Fig. 5. Tllustrated simulation test scenarios: the process begins with the user providing natural-language instructions, after which the UAV performs a 360-
degree scan to survey and detect surrounding objects. The large language model (LLM) then reasons over the gathered information, determines the next action,
and generates an explanation for the bolded relevant object. Finally, the UAV executes a thorough-search routine around the relevant object until the specified

target object is successfully located.

OctoMap support online mapping, the presented system can
readily extend to larger UAV platforms equipped with onboard
LiDAR sensors, enabling incremental mapping and explo-
ration of unknown environments in real-time. During flight,
the UAV’s camera images were processed offboard using
YOLO11 [18] for object detection, and detected objects were
grounded in the map using OctoMap’s ray-casting techniques.
The system’s ability to interpret instructions and object context
was powered by OpenAl’s o3-mini large language model,
allowing semantic reasoning about likely object locations.

A. Simulation results

We evaluated the proposed LLM-guided semantic search
framework against a baseline lawn mower scanning strategy
across, as seen in Fig.5, three object-search scenarios:

o Scenario I: Banana - partially occluded by a vase, requir-

ing inference about likely locations (e.g. dining area)

o Scenario II: Computer mouse - requiring inference about
likely locations based on co-occurrence of objects (e.g.
part of office setup).

e Scenario III: Toy zebra - with and without detailed user
instructions to test the impact of semantic context.

Each scenario was tested from 20 randomly selected UAV
starting positions in a simulated 10 x 10 m environment using
a Gazebo Garden simulator, totaling 120 flights (60 LLM-
guided, 60 lawn mower). Performance was assessed using
three metrics:

o Success Rate (SR) - The proportion of search trials in
which the target object was successfully localized by the
UAY, expressed as a percentage.

o Search Time Improvement (STI) - The percentage reduc-
tion in elapsed time from takeoff to successful object
localization, relative to the baseline method.

« Path Length Reduction (PLR) - The percentage reduction
in the total distance traveled by the UAV from takeoff to
object localization, relative to the baseline method.

The measured duration of each search accounts for the total
duration required to execute all system modules and is not
directly proportional to the distance traversed by the UAV.
Following liftoff, the UAV performs a 360-degree scan of the
environment to obtain an initial overview of the scene. In the
proposed method, the reported search time also includes the
time required by the LLM to reason and determine the first
action following this initial scan, with an average reasoning
time of approximately 9.97 seconds. In subsequent decisions,
the reasoning process is executed concurrently with the UAV’s
trajectory execution and therefore does not add to the overall
search time.

Table I summarizes the aggregate performance metrics
of the LLM-guided semantic search framework across all
randomized starting positions, benchmarked against a con-
ventional lawn mower baseline. For each scenario, the table
reports the Success Rate (SR) alongside statistically significant
improvements in search time and path length, expressed as
mean percentage reductions with standard deviations o. These
improvements were computed exclusively over trials where
both methods successfully localized the target object, ensuring
fair comparison.



TABLE I
PERFORMANCE COMPARISON BETWEEN LLM-GUIDED SEARCH AND LAWN MOWER BASELINE ACROSS THREE SCENARIOS

Scenario Method Success Rate (%) Search Time Improvement (%) Path Length Reduction (%)
Banana E;an_i/lIl(i:\jf:r 16050 36.02 + 30.52 52.26 + 38.16
Computer Mouse LL;WMnﬁ(‘)‘if; 17050 24.83 £ 25.13 4350 + 33.79
Toy Zebra [LM-guided o 2924 + 2871 51.93 + 27.86

(a)

(b) (©)

Fig. 6. Real-world experiment with the target object set as a computer mouse: (a) Initial camera view of the scene, where the target object is occluded but the
computer monitor is visible; (b) OctoMap representation, with occupied space visualized by blue voxels and the UAV’s executed trajectory shown in green;
(c) Camera view during the thorough search process, where the computer mouse becomes detectable, leading to successful completion of the search.

1) Scenario I - Banana: Given the following user instruc-
tion U: “I am craving a banana. I think I saw some in the
dining area”, the LLM-guided approach identified banana as a
search object 7', and achieved a 100% success rate, compared
to 65% for the lawn mower baseline. The LLM-guided UAV
reliably guided the UAV to perform a thorough search around
the dining table, which was selected as having the highest
probability of finding a banana (O*), and localized the target
despite frequent occlusions. Other detected objects were office
table, chairs, bed, and others. On average, the LLM-guided
method reduced the search time by 36.02% (o = 30.52) and
the path length by 52.26% (0 = 38.16) relative to the baseline.

2) Scenario Il - Computer Mouse: In this scenario, the
instruction U was “I can’t find my computer mouse”. The
LLM-guided UAV achieved a 100% success rate, outperform-
ing the baseline’s 75%. By leveraging semantic priors, the
system was able to infer and prioritize likely search locations
such as desks, monitors, and other office-related areas, thus
focusing the search on regions with the highest probability of
success. This targeted reasoning enabled the UAV to avoid
unnecessary exploration of irrelevant spaces, resulting in a
24.83% reduction in search time (o = 25.13) and a 43.50%
reduction in path length (¢ = 33.79) compared to the lawn
mower approach.

3) Scenario III - Toy Zebra: With the prompt, “I can’t
sleep without my toy zebra”, both methods achieved high
performance; however, the LLM-guided search maintained a
perfect 100% success rate, slightly exceeding the baseline’s
95%. Notably, the effectiveness of the LLM-guided approach
in this scenario was directly attributable to the user’s detailed
description specifying that the zebra was a toy associated with
sleep, enabling the model to infer likely search regions such as
bedrooms or resting areas. Without such contextual informa-
tion, the LLM would lack the semantic grounding necessary to
prioritize relevant locations, as a zebra alone has no inherent
connection to an indoor environment. This result underscores
the critical role of user-provided context in guiding efficient
search. Even in this otherwise ambiguous case, the LLM-
guided method reduced search time on average by 29.24%
(o = 28.71) and path length by 51.93% (o = 27.86) compared
to the baseline.

The results demonstrate the framework’s robustness in
reducing mission duration and trajectory complexity while
maintaining perfect search accuracy, even in occluded or
context-dependent scenarios.

B. Experimental results

Following successful simulation results, the developed se-
mantic search algorithm was validated on a real Crazyflie 2.1



nano-UAV equipped with an Al Deck featuring a monochrome
camera. For robust tracking within the flight arena (8§ x 10
meters), a reflective marker was mounted atop the UAV and
the OptiTrack motion capture system was used for precise
localization. The environment consisted of a table and chair,
with a monitor, keyboard, and computer mouse placed on the
table. Prior to flight, the space was mapped using LiDAR and
Cartographer SLAM to generate an OctoMap for navigation
and object grounding. Communication with the UAV was
established via CrazyRadio for control and WiFi for image
streaming. The UAV received the instruction “Where is my
computer mouse?”, with the LLM clarifying the search target
as a computer accessory. Upon takeoff, the UAV detected the
table, chair, and monitor, and, guided by semantic reasoning,
focused its search around the monitor, successfully localizing
the mouse.

This experiment demonstrates that the proposed LLM-
guided framework is feasible and effective for real-time se-
mantic search on a lightweight UAV in a real environment.

IV. CONCLUSION

This paper presents a novel framework that integrates large
language models into the control loop of UAVs, transform-
ing object-search missions from exhaustive, time-consuming
sweeps into targeted, context-aware explorations. By contin-
uously reasoning over real-time detections, spatial maps, and
natural-language instructions, the proposed system achieves
100% mission success across diverse scenarios, while reducing
average mission duration by up to 36% and path length by over
50% compared to conventional lawn-mower search patterns.
The incorporation of a thorough-search routine further ensures
robust and reliable localization of targets, regardless of their
size or occlusion, delivering consistent performance across
varying object classes and positions. The framework leverages
lightweight object detectors in combination with an LLM to
enable real-time semantic inference and perception, avoiding
the computational overhead associated with vision language
models. The system was successfully validated on a UAV in
a real-world setting, demonstrating its practical effectiveness,
robustness, and adaptability under realistic operational condi-
tions.

Future work will focus on refining prompt engineering
strategies and semantic priors, as well as integrating open-
set object detectors to accelerate inference and support zero-
shot generalization in unstructured and previously unseen
environments.
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