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Abstract—This paper addresses the problem of autonomous
UAV search missions, where a UAV must locate specific Entities of
Interest (EOIs) within a time limit, based on brief descriptions in
large, hazard-prone environments with keep-out zones. The UAV
must perceive, reason, and make decisions with limited and un-
certain information. We propose NEUSIS, a compositional neuro-
symbolic system designed for effective UAV search and navigation
in realistic scenarios. NEUSIS integrates neuro-symbolic visual
perception, reasoning, and grounding (GRiD) to process raw
sensory inputs, maintains a probabilistic world model for environ-
ment representation, and uses a hierarchical planning component
(SNaC) for efficient path planning. Experimental results from
simulated urban search missions using AirSim and Unreal Engine
show that NEUSIS outperforms state-of-the-art baselines for
both perception and planning. These results demonstrate the
effectiveness of our compositional neuro-symbolic approach in
handling complex scenarios, making it a promising solution for
autonomous UAV systems in search missions.

Index Terms—Aerial Systems: Perception and Autonomy,
Recognition, Planning under Uncertainty

I. INTRODUCTION
HE development of autonomous agents capable of safely

completing Intelligence, Surveillance, and Reconnais-
sance (ISR) missions in complex environments presents sig-
nificant challenges [6]. Uncrewed Aerial Vehicles (UAVs) are
increasingly utilized in these missions due to their ability to
cover large areas and access hazardous locations with minimal
risk to human life [22]. However, designing fully autonomous
UAV systems for ISR tasks in unpredictable and complex envi-
ronments with uncertain knowledge, is a formidable challenge.
In this paper, we focus on complex scenarios in which
a UAV must, within a designated time limit, autonomously
search for a number of specific entities of interest (EOIs)
based on brief descriptions, e.g., find “a red SUV vehicle” or
“a pedestrian carrying a blue umbrella”, in a large suburban
or urban environment that may contain hazards or keep-out
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Fig. 1: Overview of NEUSIS. Neuro-symbolic Perception,
Grounding, Reasoning in 3D (GRiD); Symbolic Probabilistic
World Model; and Selection, Navigation and Coverage (SNaC)
components autonomously complete UAV search missions by
processing sensor inputs to find targets, such as the red sedan
required by the mission description.

zones (KOZs). These hazard zones represent significant risks
that the UAV must carefully avoid while efficiently searching
through the given areas of interest (AOIs) [27]. To successfully
operate in such scenarios, an autonomous UAV must actively
and reliably perceive the environment from onboard sensory
measurements, reason about the environment, and make deci-
sions based on the mission description and partial or uncertain
information about the surroundings.

Recent advances in Large Multimodal Models (LMMs) [26],
[29], [30] have shown promise in different robotics tasks.
However, their reliance on diverse, large-scale datasets for
training as monolithic end-to-end models imposes significant
computational demands. These models often lack interpretabil-
ity when they fail and struggle to generalize beyond their
training domains, especially in adversarial settings [12], [33].
Furthermore, LMMs lack explicit components to model the
world state or update their knowledge, which is crucial for
complex tasks like searching in unconstrained environments.
As an alternative, many autonomous robotics systems employ
compositional approaches [16], [20], [42], integrating explicit
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Fig. 2: Screenshots from the Neighborhood environment illustrating different real-world challenges for UAVs.

perception and planning to perform tasks. These systems use
neural-based perception models to process sensory data into
abstract representations like segmentation, detection, or cap-
tions, which a neural planner then uses for navigation. While
these approaches offer better interpretability and generalizabil-
ity than monolithic models, they still lack explicit visual rea-
soning and world state representation. Neural planners require
substantial training data, are task-constrained, and may be less
efficient than model-based or symbolic planners. They also
remain vulnerable to adversarial conditions, making them less
suitable for search problems in unconstrained environments,
the focus of this paper.

A viable baseline for such search problems is to use state-
of-the-art (SoTA) vision or multimodal language models [4],
[15], [17] to translate mission specifications and sensor data to
a robust abstract level. This can then be integrated with model-
based planners [19], [21], [30], [39] that offer better generaliz-
ability, robustness, and efficiency. However, this approach still
lacks explicit visual reasoning and a persistent world model,
which limits its ability to maintain an interpretable represen-
tation of the environment and make informed decisions.

To address these limitations, we introduce NEUSIS (Neuro-
Symbolic Intelligent Search), a novel compositional neuro-
symbolic framework comprised of three main components (see
Figure 1): (i) a Neuro-symbolic component for Perception,
Grounding and Reasoning in 3D, GRiD, which handles the
perception, visual reasoning and localization of entities of
interest in a 3D world using UAV visual sensors; (ii) a
Probabilistic (Symbolic) World Model, which refines the po-
tentially noisy outputs from GRiD and updates the belief about
entities of interest based on world knowledge and probabilistic
belief, maintaining a coherent and interpretable representa-
tion of the environment that enables robust reasoning and
decision-making; (iii) a Hierarchical Model-Based (Symbolic)
Planning component, SNaC, which uses high-level planning
to determine the overall search strategy, mid-level planning
for navigating to an allocated area, and low-level planning
to efficiently and effectively search within allocated areas
while avoiding obstacles. Although individual modules such
as GroundingDINO or A* are well-known, integrating them
into a closed-loop, UAV search system that interprets free-form
natural-language prompts in real time is far from trivial. We
designed a modular, neuro-symbolic architecture that tightly
couples a multi-modal visual perception and reasoning module
(GRiD), a novel probabilistic world model, and a hierarchical
symbolic planner (SNaC). The carefully engineered interfaces
and real-time coordination across modules are key innovations.

We evaluate NEUSIS on a search mission benchmark devel-
oped by Keno er al. [14] based on the AirSim [3 1] simulator for
Unreal Engine as part of the DARPA-Assured Neuro-symbolic
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Fig. 3: Example mission scenario with 4 entities of interest
(EOIs) across 3 areas of interest (AOIs). Prior likelihood of
EOI presence is shown in the bottom left corner of each AOL

Reasoning (ANSR) program.' This benchmark presents com-
plex scenarios, including various challenging environmental
settings (e.g., different weather conditions). Our results demon-
strate that NEUSIS significantly outperforms a strong com-
positional baseline in terms of localization performance, and
navigation efficiency, marking a significant advance in end-
to-end autonomous UAV systems. To summarize, we propose

NEUSIS, a novel compositional neuro-symbolic framework for

UAV systems, integrating three essential components with the

following contributions:

1) Our perception module GRiD integrates camera, depth, and
GPS data to ground objects in a 3D grid using a customized
state-of-the-art multimodal compositional model, enabling
robust visual grounding and interpretable reasoning.

2) Our probabilistic world model refines noisy predicted out-
puts from GRiD by incorporating prior knowledge through
Bayesian filtering and temporal accumulation, ensuring
a dynamic and accurate environmental representation for
informed decision-making.

3) Our hierarchical planner SNaC leverages symbolic reason-
ing and constraint optimization for AOI selection, obstacle-
aware navigation, and fine-grained search execution.

IT. RELATED WORK
A main challenge in autonomous UAV ISR missions is

bridging the gap between raw sensory perception and effective
decision-making under uncertainty. We next review previous
works in visual perception, world modeling, and planning.

Thttps://www.darpa.mil/program/assured-neuro-symbolic-learning-and-reasoning
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1) Visual Perception and Grounding: Visual grounding
methods such as YOLO-World [4], GLIP [15], and Ground-
ingDINO [17] are able to detect objects via textual queries. De-
spite their effectiveness in controlled scenarios, these neural-
only methods struggle to generalize in dynamic, realistic
environments and lack a persistent, interpretable representation
of the scene—an essential feature for robust UAV navigation
in uncertain settings [32].

2) World Modeling and Planning: Coverage Path Planning
(CPP), or coverage, is the task of computing a path that passes
over all locations in a given area, while avoiding obstacles.
This is regarded as a specialized form of visual navigation and
remains a fundamental challenge in robotics and planning [7],
[35]. Map-based approaches [1], [21], [35], typically assume
static environments, limiting their adaptability in dynamic
contexts. While deep learning methods [I1], [24] improve
adaptability to unknown environments, they suffer from high
computational costs, long training times, and sparse reward
issues [35]. Partially Observable Markov Decision Processes
(POMDPs) have been widely used as a probabilistic framework
for modeling UAV search and rescue missions [8], [36].
These approaches typically represent the environment using a
grid-based abstraction, with empirically defined transition and
observation functions. Based on this setup, researchers have
proposed greedy and potential-based strategies to guide UAV
behavior. However, due to the inherent scalability issues of
POMDPs, particularly the exponential growth of their state
space, these methods often rely on overly simplified environ-
mental models. This limits their applicability and effectiveness
in realistic, continuous-world scenarios. Probabilistic world
modeling [32] remains under-explored for UAV missions,
further restricting adaptability in dynamic settings. When con-
sidered as a whole, both end-to-end and compositional ap-
proaches do not support explicit visual reasoning and/or cannot
maintain an interpretable, probabilistic world model. NEUSIS
is designed to directly address these shortcomings, enabling
robust UAV search in complex, dynamic environments.

III. ENVIRONMENT AND MISSION

We evaluate our system using the same protocol as the
DARPA ANSR program, specifically the Hybrid Al Mission
Environment for Rapid Training and Testing (HAMERITT)
system [14]. HAMERITT, built on the AirSim [31] plugin
for Unreal Engine, enables dynamic scenario generation and
realistic sensory data collection, including RGB camera feeds,
depth sensors, and GPS data from a UAV platform.

Simulation-based evaluation is crucial for this mission for
two key reasons. First, deploying UAVs in urban environments
is highly restricted in many countries, making controlled,
repeatable real-world experiments impractical. Second, simula-
tion provides advantages beyond regulatory constraints, allow-
ing systematic testing across diverse environmental conditions
while ensuring fair and reproducible comparisons between
different approaches.

By adopting this protocol, we align our evaluation with the
DARPA ANSR program, ensuring consistency with existing
research and a rigorous benchmarking framework for assessing
our system’s performance.

The UAV’s mission is to identify as many entities of interest
(EQI) as possible within the specified areas of interest (AOIs)
and time constraints (5 minutes) without entering the keep-
out-zones (KOZs). EOIs are new (i.e., non pre-populated) cars
specified by combining a type and color description (e.g., “red
SUV”) with a probability for being within each AOIs. EOIs are
known to be the only cars with their description in AOIs for
which they have non-zero probability. To succeed, the UAV
must prioritize its focus on the most promising AOIs and
allocate its time wisely. Visualization of a potential mission
scenario is shown in Figure 3. To challenge robustness under
adversarial conditions, distracting non-EOI cars that partially
match an EOI description (e.g., with the correct type and color,
but positioned outside any AOI) may also be present.

IV. THE NEUSIS SYSTEM

NEUSIS, Neuro-Symbolic Intelligent Search, is a compo-
sitional framework (see Figure 4) comprised of three main
components: a neuro-symbolic visual perception, reasoning
and grounding component (GRiD); a symbolic world model;
and a symbolic hierarchical planning component (SNaC).

A. Perception, Grounding, Reasoning in 3D (GRiD)

The GRiD component processes UAV sensor data, i.e., RGB,
depth, and GPS to localize entities of interest (EOIs) in 3D
space and infer their attributes. This is achieved by integrating
visual perception, grounding, and neuro-symbolic reasoning.

GRiD builds on recent advances in neuro-symbolic com-
positional visual reasoning methods [2], [9], [18], [32], [34],
[40], which tackle complex visual reasoning tasks by decom-
posing them into sub-tasks. These sub-tasks are individually
solved using vision foundation models and large language
model (LLM)-generated code, with the results combined to
complete the overall task. For GRiD, we adopt HYDRA [13],
a state-of-the-art neuro-symbolic reasoning system that com-
bines reinforcement learning with LLM-driven code generation
to enable dynamic, compositional visual understanding. Since
HYDRA is designed for 2D image-based reasoning tasks
(e.g., visual grounding and question answering), it requires
adaptation for perception, reasoning, and grounding from the
sensor stream of visual data in the UAV’s 3D search mission.

To adapt HYDRA for this mission, we expand GRiD’s
toolkit to include 2D target bounding boxes with at-
tributes recognition, instance segmentation, object tracking,
and 3D coordinates projection. The following Python APIs
are implemented to meet mission requirements: segment,
track, project_to_3d, classify_object_attributes, and
classify_object_types. We integrate state-of-the-art VFMs
for these tasks. CLIP [28] was fine-tuned for classifying
object attributes and types (classify_object_attributes,
classify_object_types), while pretrained models [17], [38]
were used for grounding (find, segment), and a symbolic
method [3] was used for object tracking (track). Further
implementation details are provided in Section V-A.

To avoid computational bottlenecks and resource overuse,
we implemented a caching mechanism for the LLM-generated
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Fig. 4: The pipeline of our proposed neuro-symbolic system, NEUSIS. The UAV operates in a simulated environment (AirSim)
and is equipped with sensors including RGB camera, depth camera, and GPS. The Perception, Grounding, Reasoning in 3D
(GRiD) component processes sensor data using a reasoner (code generator) and Vision Foundation Models (VFMs), including
neuro-based segmentation, object detection, property classification, and symbolic 2D tracker and 3D projector, to generate
predictions. Predictions are sent to the world model, which maintains a belief map, and generates target reports. The Selection,
Navigation and Coverage (SNaC) component generates a hierarchical plan, with the Selection, Navigation, and Area Coverage

sub-tasks producing high-level, mid-level, and low-level plans.

reasoner code where the executable code is generated in ad-
vance for similar scenarios, and then directly executed without
re-generation by the LLM. This allows reuse of reasoner plans
across similar mission queries in different scenarios.

B. Probabilistic World Model

Due to the noise in sensor inputs, GRiD is rarely 100% con-
fident in its output. The world model accumulates localization
information from GRiD to maintain a persistent probabilistic
representation of the environment and provide a mechanism
for identifying and reporting entities of interest (EOIs).

The world model is initialized with a ground-truth voxel
occupancy grid and a birds-eye view (BEV) segmentation map,
indicating the locations of pre-populated objects like walls,
trees, and roads. It is also provided with the initial prior belief
map from the mission description. On each frame, it receives
noisy 3D localization data and attribute likelihoods from GRiD
to perform the following three tasks:

1) World Reasoning: Refines 3D localization by using
domain knowledge to remove (i) infeasible points from masked
depth data (e.g., spurious points from leaves or power lines)
thus computing more accurate 3D center points, and (ii)
detections that violate physical constraints (e.g., cars high
above ground or inside walls).

2) Information Accumulation: Improves 3D localization
and attribute classification by accumulating detections about
the same objects over time. A naive approach would compute
the average position of detections, but this does not consider
the uncertainty of GRiD’s outputs. Instead, we use (i) the Hun-
garian algorithm for data association, (ii) linear Kalman Filters
for position refinement, and (iii) discrete attribute distribution
ranking for more accurate attribute likelihood updates.

3) Reporting: Generates online reports by evaluating
whether any tracked objects match the EOI descriptions. To do
this, it reasons about the probability of a match, and reports

any candidate exceeding a confidence threshold. A final offline
report summarizing the best detection of each EOI is produced
at the end of the mission.

In addition to the tasks mentioned above, the World Model
also maintains environmental information relevant to the plan-
ning component, including the voxel occupancy grid and belief
map, to support path planning operations.

C. Selection, Navigation and Coverage (SNaC)

The SNaC component is designed to generate a trajec-
tory that efficiently searches the areas of interest (AOIs) by
maximizing the likelihood of encountering entities of interest
(EOIs) within the allocated time. The component first retrieves
the belief map and other environmental information from the
World Model component, and then generates a sequence of
waypoints to be sent to the UAV’s control unit. While this task
is closely related to area coverage and object goal navigation,
the existence of multiple EOIs within the AOIs across a large
environment introduces two main complexities: lack of a fixed
order for visiting the AOIs, and the need to identify as many
EOIs as possible within the given time, which is usually
insufficient to cover all AOIs.

To this end, SNaC employs a hierarchical approach, dividing
the task into three distinct sub-tasks: Selection (high-level plan-
ning), Navigation (mid-level planning), and Coverage (low-
level planning). The Selection sub-task leverages the belief
map to compute a high-level route between AOIs and to
allocate an exploration time for each AOIL Based on the output
from the Selection sub-task and other relevant information
from the world model, the Navigation sub-task then plans a
path to reach the selected AOI. Once there, the Coverage sub-
task plans how to systematically search for EOIs in the area.

1) Selection: To efficiently explore AOIs and maximize
EOI detection, we formulate the task as a constraint optimiza-
tion problem. The solution determines the optimal sequence
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of AOI visits and the corresponding time allocation for each,
based on the following key pre-estimated or known factors:
AOI area in m?; Prior probability of EOIs: The likelihood
of EOIs being in each AOI; Detection rate: The ratio of prior
probability to AOI area; Travel time: Estimated based on
the distances between AOIs and the UAV’s speed; Mission
time constraint. Formally, for each AOI a;, we define the
decision variables: allocated exploration time 0 < ¢; < s; /v,
(where s; is the AOI area, v. coverage speed) and visit-order
permutation oy, . .., o,. The objective maximizes the expected
number of detected EOIs: ».7 . ]lli<T(soi% Z?:1P0i,j)a
where [; tracks elapsed time including travel and exploration,
p;,; refers to the prior probability of FOI; in the AOI a;, and
1;,<7 ensures AOIs are explored within mission duration 7.
This optimization is modeled with MiniZinc [23] and solved
efficiently by the Chuffed solver [5]. The selected next AOI is
then passed to the subsequent module for execution.

2) Navigation: Once an AOI is selected, this sub-task
generates a path (as a sequence of waypoints) for travelling
to that area. It does this by first constructing a visibility
graph [25] using information regarding keep-out zones (KOZs)
and voxel occupancy. It then executes an A* [10] algorithm
on the visibility graph to determine the optimal path, ensuring
avoidance of both obstacles and KOZ.

3) Area Coverage: After reaching an AOI, this sub-task
plans the low-level search for EOIs. It begins by converting
the AOI into a grid, thus representing the coverage task as
the exploration of all accessible grid points. To achieve this it
creates an open set of points to be visited, greedily finds the
nearest non-visited point from the starting position, and uses
the A* algorithm to navigate to that point while avoiding any
obstacles or KOZ. Subsequently, the UAV navigates towards
that point along the computed path, and removes visited points
from the open set. Once the open set becomes empty, or all
EOIs are found, the search concludes. Note that the belief map
in the world model is updated based on the EOIs found in that
AOI, and the updated belief map is then used by the Selection
sub-task to select the next AOL

V. EXPERIMENTS
A. Implementation Details

We implemented our proposed system by integrating the
GRiD, World Model, and SNaC components, and compared
its performance against a framework built using state-of-the-art
(SoTA) solutions for perception and planning. This compari-
son highlights the contribution of our system to the specific
problem. Additionally, we conducted several ablation studies
for each component to assess the impact of their (sub)tasks
and the specific features they contribute.

Toolkit in GRiD. For GRiD, we use GroundingDINO [17]
for grounding, linear probed CLIP [28] for color/type clas-
sifiers, and OCSort [3] as the 2D tracker to assign tracking
IDs to targets. After generating the 2D bounding box for
the detected target by the visual grounding model, we use
EfficientSAM [38] to obtain the pixel mask of the target. Using
the depth sensor data, we compute the 3D coordinates of all
pixels within the mask as a point cloud. The 3D location of the

target is determined by averaging these points, and then sent to
the world model. In ablation studies, we follow HYDRA [13]
to use GLIP [15] for grounding and XVLM [41] for zeroshot
color/type classifiers, as the original VFMs.

Baseline. The baseline system is composed of either YOLO-
World [4] or GroundingDINO [17] for the perception com-
ponent and Fields2Cover [21] for the planning component.
A subset of these components was selected by the DARPA
ANSR program, ensuring their relevance and suitability for our
task. YOLO-World and GroundingDINO represent the state-
of-the-art in vision-language models (VLMs), being known
for their efficiency and high performance in 2D grounding
tasks. They do not provide estimated segmentation masks for
EOIs, so we compute their 3D coordinates by projecting the
center of the 2D bounding box using the available depth data.
On the planning side, Fields2Cover is a symbolic, model-
based planner widely used for autonomous planning due to its
robustness and efficiency in navigating complex environments.

B. Metrics

The UAV’s mission is to identify as many entities of interest
(EOISs) as possible within the given mission time. To fulfill this
objective, we establish the primary requirements for the task:
a reliable system should not only successfully detect EOIs but
also maintain consistency in decision-making throughout the
mission. Moreover, it should navigate efficiently to minimize
detection time while ensuring accurate reporting. Based on
these considerations, we employ a set of evaluation metrics
that effectively capture these aspects.

The offline F1-score, along with precision and recall, serves
as the primary metric for assessing the system’s overall per-
formance. These offline metrics evaluate final reports that
consolidate all information gathered during the mission. A
reported EOI is considered correct if its reported position
is within 5 meters of the ground truth. In addition, we also
include a popular metric in the domain, Success Rate (SR),
defined as n/N, where N is the total number of EOIs and
n the number of successfully detected EOIs. While SR is
widely used, it has limitations, because correctly reporting
an EOI once does not guarantee the correctness of previous
and/or subsequent decisions. SR solely reflects the quality of
planning, not the system’s reasoning ability. Hence, it serves
only as a supplementary reference and is used in the ablation
study for the planning component.

To independently evaluate the perception component, we use
the online Fl-score as the primary metric, accompanied by
precision and recall. Unlike offline metrics, which evaluate
final consolidated reports, online metrics assess frame-wise
detection performance based on immediate reports, without
incorporating reasoning ability. The results across all frames
are accumulated to compute overall online F1-score, precision,
and recall for the scenario.

For evaluating the planning component, we measure penal-
ized detection time as an indicator of navigation efficiency.
Detection time is meaningful only when all approaches achieve
the same SR; hence, we include a penalty system. Specifically,
for each detected EOI (1st, 2nd, 3rd, and 4th), if an EOI is not
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Planning Perception World Fl-score (1) Success Detection Time ({) Penalized Detection Time (J)
Component Component Model | Offline Online | Rate (1) Ist 2nd 3rd 4th st 2nd 3rd 4th
Fields2Cover [21] YOLO-World [4] X 04.40 11.40 29.58 7830 137.57 17979  256.37 | 159.59 237.73 28197  299.07
SNaC YOLO-World [4] X 06.17 08.24 31.67 74.02  93.64 96.93 120.09 | 12298 22434 279.69  297.00
Fields2Cover [21]  GroundingDINO [17] X 17.37 21.12 31.88 7590  91.63 167.53  196.14 | 15440 236.73 289.33  292.89
SNaC GroundingDINO [17] X 18.62 19.87 33.75 6320 9192 10524 135.19 | 149.03 239.18 28433 292.88
Fields2Cover [21] GRiD X 24.44 29.07 36.17 66.78 10095 162.81 186.02 | 136.75 21043 25427 290.50
Fields2Cover [21] GRiD v 30.56 40.15 36.32 60.39 134.13  167.68 16592 | 12631 188.21 24584 283.61
SNaC GRiD X 41.27 50.29 40.27 63.27 104.54 12285 149.60 96.19 189.97 24374 275.84
SNaC GRiD v 52.07 54.12 61.82 6125  98.19 138.98  134.78 87.30 13855 20924  263.95

TABLE I: Quantitative comparison between the proposed methods with baselines.

SoTA Color/Type 2D 3D Projection World Fl1-score (1) Precision (1) Recall (1)

VEMs Classifiers tracking on center of Model | Offline  Online | Offline  Online | Offline  Online
X Zeroshot X 2D bbox X 05.39 30.08 05.79 32.61 05.08 33.69
X Zeroshot X 3D pointcloud X 25.28 35.24 28.72 40.09 23.21 39.60
4 Zeroshot X 3D pointcloud X 30.73 40.12 40.28 57.92 26.39 39.92
v Linear-probing X 3D pointcloud X 41.27 50.29 4528 65.36 38.75 42.56
v Linear-probing X 3D pointcloud v 49.29 53.40 57.58 67.92 44.89 46.76
v Linear-probing v 3D pointcloud v 52.07 54.12 59.82 68.71 47.77 47.34

TABLE II: Ablation study of GRiD component.

o

(a) NEUSIS (b) Baseline

(GRiD, World Model, SNaC) (YOLO-World, Fields2Cover)
Fig. 5: Comparison of (a) our system and (b) the baseline
method on the scenario depicted in Figure 3. Filled, colored
shapes denote correct EOI reports, colored crosses denote false
positives, and blue curves represent the UAV’s flight path.

detected, we assign it the maximum mission time (300 seconds
in our experiments), treating it as if the method had detected
all missing EOIs at the very end.

C. Quantitative Comparison

We compared the Fl-score, success rate, and detection
time across different configurations of planning and per-
ception components, as shown in Table I. When replacing
Fields2Cover with SNaC (row 2), we often observe a sig-
nificant improvement in penalized detection time. Replacing
YOLO-World (rows 1 and 2) with GroundingDINO (rows 3
and 4) improves F1-score and success rate, and often reduces
penalized detection time, indicating more reliable detections.
Similarly, comparing rows 1, 3, and 5, where YOLO-World and
GroundingDINO are replaced with GRiD, there is a dramatic
improvement in EOI localization performance, as indicated by
the higher Fl-scores and the reduction in penalized detection
time. It is worth noting that noisy reports from YOLO-World
and GroundingDINO lead to higher success rates (around 30%)
than would be expected, as only one report needs to be correct,
and success rate does not adequately penalize incorrect reports.
The Fl-score metric gives a stronger indication of the actual
performance of perception systems, and GRiD outperforms
YOLO-World on this metric by around 20%. Further, the

combination of GRiD with SNaC (row 7) leads to a substantial
increase in mission F1-score, success rate, and detection time
(penalized or not). The routes that SNaC produces allow the
GRiD and world model to see cars in the environment from
more directions, allowing for higher confidence to be built
before making a report. Finally, with the addition of the world
model in rows 6 and 8, we see a further improvement, in
particular in terms of the success rate, offline Fl-score, and
penalized detection time, demonstrating the effectiveness of
our compositional neuro-symbolic approach.

D. Qualitative Comparison

To better understand the results of our experiments, we
examined visualisations of the behaviour of the different
configurations. Figure 5 provides a representative example
of flight paths and entities of interest (EOI) reports from a)
our proposed system NEUSIS, and b) the baseline system
based on Fields2Cover and YOLO-World. The Fields2Cover
approach employs a deliberate back and forth search strat-
egy that systematically covers the areas of interest (AOIs).
However, YOLO-World produces many false positives (colored
crosses), and also generated noisy output near the ground truth
targets. NEUSIS’s planning component SNaC performs a more
bespoke exploration that allows GRiD and the world model
to see potential EOIs from more angles, thus making more
confident reports. Overall, the qualitative visualisation shows
the advantages of our integrated neuro-symbolic system in both
navigation efficiency and target detection performance.

E. Ablation Studies

GRiD. We conducted extensive ablation studies to evaluate
the impact of different tasks in the GRiD component. Table II
presents the results using online and offline perception metrics
(F1-score, precision and recall) for comparison. The first two
rows highlight the impact of 3D projection methods, demon-
strating that point cloud-based 3D projection significantly
outperforms projecting the center point of 2D bounding boxes.
The results from rows 2, 3, and 4 show the substantial positive
contribution of state-of-the-art (SOTA) VFMs and color/type
classifiers. Finally, rows 4, 5, and 6 show the effectiveness of
integrating the world model and 2D tracking, both of which
lead to notable performance improvements.
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World Model. Ablation studies for the world model are pre-
sented in Table III. Starting with a version that only performs
basic world reasoning, we see that the addition of informa-
tion accumulation with naive filtering (using the average 3D
position), only provides a small improvement for online F1-
score (42.57% — 44.62%). When Bayesian filtering is added
we see a 10% increase in online Fl-score, demonstrating the
importance of correctly handling uncertainty.

World Model Component F1-score (1) Success
Information Accumulation | Offline  Online | Rate (1)
World reasoning only 48.68 42.57 59.78
+ Naive Accumulation 48.55 44.62 58.33
+ Bayesian Filtering 52.07 54.12 61.82

TABLE III: Ablation study of World Model.

SNaC. Table IV presents the ablation study for the SNaC
component with ground truth perception, where targets are
reported within a 25-meter range, and the mission must be
completed within 300 seconds. We use GT perception to
remove the random effect from noisy output of perception
module to the performance of the planning module, ensuring
a fair evaluation of SNaC'’s effectiveness.

10 Hz, simulating real-world GPS inaccuracies. Crucially, no
modifications were made to the perception (GRiD), world
model, or planner (SNaC) modules, allowing us to isolate
and assess the impact of pose noise on the system’s end-to-
end performance. The results of these experiments are shown
in Figure 6. They show that within the 95% confidence interval
of typical GPS noise (0-1.82 m) [37], NEUSIS maintains
more than 95% of its nominal performance, with only a minor
drop (around 4.8%) in Fl-score. Compared with NEUSIS,
the decline in performance of other baselines is much more
significant, as reflected in the higher relative percentage drop.
Furthermore, compared with NEUSIS without world model,
the effect from noise is increased, but still better than the base-
lines. Therefore, this robustness stems from the system design:
our probabilistic world model absorbs perceptual uncertainty,
while the planner operates on a discrete grid (1 m resolution),
reducing sensitivity to small positional errors.

Offline Fl-score Offline Precision Offline Recall

—e— NEUSIS (GRID & WM & SNaC)

e 4.8% —

(193 ¥ 19,3 19,3

71.4%

Planning Success Penalized Detection Time ()
Component Rate (1) 1st 2nd 3rd 4th
Baseline 20.83 128.80 197.62  254.49  300.00
+ Selection 43.75 11693  202.70 25223 297.01
+ Area coverage 54.51 109.66 17478  243.97  292.07

TABLE IV: Ablation study of SNaC component.

Starting with the baseline version, which uses Fields2Cover
[21] for area coverage and computes a route based on the
closest AOIs, the introduction of the Selection sub-task, incor-
porating MiniZinc optimization based on the belief map, sig-
nificantly improves the success rate, nearly doubling it (from
20.83% to 43.75%). This optimization enhances efficiency in
determining the areas of interest (AOIs) visitation order and ex-
ploration time allocation by considering not only distance but
also the probability of finding a target. Finally, the addition of
the proposed Coverage sub-task further improves performance.
While our maneuver takes longer to cover specific sections of
the map, as illustrated in Figure 5, it raises the success rate
to 54.51%, demonstrating its effectiveness in improving low-
level search coverage throughout the environment. The vertices
used to generate a coverage path are sampled from the belief
map, resulting in visits to specific areas based on the current
probability of finding a target at different locations on the map.
This approach proves to be more effective at locating targets
compared to the baseline, which often fails to detect the last
target due to gaps in its coverage strategy.

FE. Analysis of GPS Noise

In practice, the location information received from a real
GPS sensor will be noisy [37]. To evaluate how NEUSIS
would perform under realistic conditions, we reran our test
scenarios while injecting zero-mean Gaussian noise (noise
power is parametrized by a standard deviation value) to the
UAV’s horizontal position measurements, at a frequency under

. 72.7% .
e 13 6% ey i 18.3%

=1,

i 2 3 a 5 i 2 3 i 5 6 i 2 EN] 5
Horizontal Position Error (m) Horizontal Position Error (m) Horizontal Position Error (m)

Fig. 6: Analysis on the noise error. The x-axis shows the
horizontal positional error in meters, and the y-axis the value of
the performance metrics (offline F1-score, offline precision and
offline recall). The blue zone highlights the 95% confidence
interval of the typical GPS noise range [37].

VI. CONCLUSION

This paper presented NEUSIS, a compositional neuro-
symbolic system for autonomous UAVs in complex search
missions. By integrating neuro-symbolic perception (GRiD),
a probabilistic world model, and a hierarchical symbolic plan-
ning component (SNaC), our approach enables efficient target
detection, reasoning, and navigation. Extensive experiments
demonstrate that NEUSIS significantly outperforms baselines
for both perception and planning.

Broader Impact. NEUSIS has potential for real-world appli-
cations such as search-and-rescue missions, improving UAVs’
ability to locate targets in hazardous environments. We ac-
knowledge that the autonomous search capability we develop
here has the potential for use in harmful applications.
Limitations. While NEUSIS shows strong performance in a
high-fidelity simulation, real-world UAV deployment remains
an open challenge due to the need for additional hardware
integration, communication optimization, and regulatory clear-
ance. Extending the system for physical field trials is an
important direction for future work.
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