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Abstract

Unmanned Aerial Vehicles (UAVs) operating in complex environments require not only accurate obstacle detection but also con-
textual understanding to ensure safe and efficient navigation. Traditional systems relying solely on geometric data often lack the
semantic awareness necessary for dynamic and diverse scenarios. In this work, we propose a vision-language model (VLM)-driven
perception framework that integrates open-vocabulary object recognition, monocular depth estimation, and multimodal semantic-
spatial reasoning. Our system enables UAVs to identify, interpret, and assess various obstacle types in real time, distinguishing
between static and dynamic entities such as buildings, pedestrians, and tree branches. Through training and evaluation on a cus-
tom UAV dataset, the model demonstrates robust generalization and effective decision-making in cluttered urban environments.
The proposed approach establishes a bridge between low-level sensing and high-level autonomy, offering a scalable solution for

intelligent UAV navigation.

1. Introduction

Unmanned Aecrial Vehicles (UAVs) are increasingly de-
ployed in complex environments where dynamic and seman-
tically diverse obstacles pose significant challenges to au-
tonomous navigation [1]. Traditional obstacle avoidance sys-
tems rely primarily on geometric data, lacking contextual un-
derstanding of the environment. This paper explores the in-
tegration of Vision-Language Models (VLMs) into UAV nav-
igation systems to enhance real-time obstacle detection and
avoidance through semantic mapping and contextual reason-
ing [2]. By leveraging VLMs, UAVs can not only detect but
also interpret obstacle types—distinguishing, for example, be-
tween static structures like buildings and dynamic elements
like pedestrians—and assess their impact on flight paths [3].
This semantic awareness enables more adaptable, efficient, and
safe navigation strategies, particularly in cluttered urban or in-
dustrial environments. Potential applications of this approach
include autonomous drones for infrastructure inspection, last-
mile delivery, and exploration in environments where both ob-
stacle density and semantic diversity are high. This work aims
to demonstrate how VLM-driven perception can bridge the gap
between low-level sensing and high-level decision-making in
autonomous UAYV systems.

2. System Model

Fig: [1] illustrates the architecture for proposed core
concept. To enable robust and context-aware obstacle avoid-
ance in UAVs, we leverage a vision-language model (VLM)-
based semantic perception pipeline that integrates multimodal
reasoning with spatial awareness. Given an input image / from
the UAV’s onboard RGB camera, a region proposal network
(RPN) identifies candidate regions R= {rl,rz,...,rn}, which are
subsequently processed through a pre-trained image encoder
fr (). In parallel, task-specific textual prompts—e.g., “a photo
of a [category] in the scene” are embedded using a pre-
trained text encoder fr (). The model computes similarity
scores between region features and text embeddings via dot
product  matching, enabling open-vocabulary  object
recognition, even for previously unseen categories. This
semantic output S = {sj, ..., s,} provides high-level contextual
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Figure 1: Overview of the proposed VLM-based perception

architecture for UAV navigation

labels (e.g., “tree branch”, “pedestrian”) for each region. To
localize obstacles in 3D space, the same image / is fed into a
monocular depth estimation model D(.), yielding dense depth maps
M eRW The resulting semantic-depth pairs (s;d;) are passed to a
reasoning module that performs risk assessment based on object
type, motion status, and proximity. This joint semantic-spatial
reasoning informs UAV navigation decisions in real time,
enabling adaptive obstacle avoidance in complex environments.

2.1. VLM-Based Semantic Segmentation

To perform semantically informed scene understanding, we
design a region-aware VLM segmentation module that inte-
grates open-vocabulary recognition with multi-modal align-
ment [4]. Given an RGB image / € R¥*"*3 a Region Proposal
Network (RPN) extracts a set of candidate bounding boxes
R = {r;}/-,where each region r; corresponds to a sub-image
I[r;]. Each region is projected into a high-dimensional embed-
ding space via a vision encoder f; : RP”*"3 — R? | yielding
region features v; = fi(I[r;]) € R Simultaneously, we encode
a set of task-dependent natural language prompts P =
{p;}j=1 such as “a photo of a [category] in the scene” using a
language encoder fr : Text — R? The semantic similarity
matrix S € R"™™ is computed using normalized cosine
similarity:
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To ensure robustness against semantically close classes, we

apply temperature-scaled softmax normalization across
categories:
. GXP(S;'/'/ 7)
Psi=jlrn==——"5——, 7>0. (2)
C T XL exp(Sa/T)

The most probable semantic class is assigned to each region:
$i = arg max P(si = j|ri). (3

enabling open-set recognition even in dynamically changing or
previously unseen environments. This formulation allows UAV
to semantically differentiate between objects like “pedestrian,”
“tree branch,” or “construction crane,” based on textual prompts
rather than fixed class labels.

2.2. Depth Estimation

Accurate spatial localization of semantic entities requires
estimating depth from monocular imagery. We apply a dense
regression-based depth estimator D : RIW3 REW 1
infer a continuous depth map M = D([), where each pixel M
(u,v) € R" represents an estimated distance from the UAVto
the corresponding point in the scene. For each region r;, we
extract depth features by computing the masked spatial
average:

di= 3 M. @)
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yielding a region-level depth estimate d; € R™. This allows
pairing each semantic label s; with a geometric localization d;,
forming semantic-depth tuples (s;, d;). For tasks requiring
metric 3D localization (e.g., trajectory planning), the
monocular depth map can be up-sampled and refined using
stereo priors or SLAM integration modules

2.3. Multimodal Reasoning (Semantic + Depth Fusion)

To support real-time navigation, the UAV’s control module
integrates semantic and spatial features via a reasoning func-
tion @ that evaluates obstacle relevance and risk. Each scene
element is represented by a triplet z; = (s;, d;, m;), where s; is the
semantic label, d; is the estimated depth, and m; € {0,1} encodes
motion status (static/dynamic), optionally derived from frame-
differencing or optical flow. The risk score », € R for each
element is computed using a composite function

ri = O(si, di, my) = a - fro(50) + B - Paldy) +y - pm(my),  (5)

where vy, wq , and v, are task-tuned basis functions representing
semantic importance, proximity danger, and motion risk.
respectively, and a, 8, y € R*. are tunable weights. The set of risk
scores {r;}-, is then used to inform a navigation policy n: R" —
A, where A denotes the discrete action space:

a = a({rih), a €A (6)

This fusion enables the UAV to reason not just about where
obstacles are, but ‘what’ they are and ‘how’ they may affect its
trajectory, leading to semantically-aware, dynamically-adaptive
flight behaviors in complex environments.

3. Training and Evaluation
To validate the effectiveness of the proposed VLM-integrated
perception pipeline, we trained the system using a custom
dataset comprising 5,000 annotated RGB images captured from
UAV flights in wurban and semi-structured industrial
environments. The vision-language module was initialized with
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a pre-trained CLIP backbone and fine-tuned using a contrastive
loss over 30 epochs with a batch size of 32 and a learning
rate of 1x10-° optimized via Adam. Depth estimation was
trained om the UAV flight data, employing a ResNet-50
encoder- decoder architecture with a learning rate of 5 x 104
for 50 epochs.

During evaluation, full pipeline including region proposal,
VLM-based semantic reasoning, and monocular depth
estimation was tested on a held-out test set of 1,000 images.
Quantitative  results demonstrated accurate  semantic
segmentation (mean IoU of 0.68), reliable depth estimation
(RMSE of 0.87 meters), and robust obstacle classification
across a diverse set of scene categories. These findings confirm
the model’s ability to generalize to unseen scenarios and
support its potential for real-time UAV navigation in
semantically complex environments.

4. Conclusion

This work presented a vision-language model-based perception
framework for UAV navigation, enabling semantic
understanding and context-aware obstacle avoidance. By
integrating open-vocabulary recognition with monocular depth
estimation and multimodal reasoning, the system achieves
robust performance in complex, dynamic environments.
Experimental results demonstrate the potential of VLM-driven
perception to bridge the gap between low-level sensing and
high-level decision-making in autonomous aerial systems
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