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Abstract— Autonomous UAVs operating in dynamic environ-
ments face significant challenges when tasked with tracking
arbitrary targets described in natural language, particularly in
unstructured scenarios where traditional closed-world tracking
systems fail. This work presents a novel open-vocabulary
UAV target tracking framework that integrates vision-language
models with classical tracking algorithms to enable real-time
reactive control in dynamic mountainous environments. Our
approach combines OWL-ViT for zero-shot object detection,
CSRT for efficient tracking, and a hybrid control architec-
ture featuring gimbal-based localization for distant targets
and reinforcement learning-assisted visual servoing for precise
following. The RL-adapted PD controller demonstrates robust
performance across varying target velocities where traditional
PD controllers fail, addressing the critical need for real-time
reactivity and smooth trajectory generation. We validate our
framework in AirSim’s mountainous terrain with configurable
vehicle dynamics, demonstrating stable tracking performance
despite challenging viewing angles and environmental distur-
bances. Our modular architecture enables natural language
target specification without predefined object classes, contribut-
ing to more adaptable and trustworthy robotic systems for
search-and-rescue and surveillance applications in dynamic
environments.

I. INTRODUCTION

The mobility and wide-area perceptive capabilities of
aerial robots make them indispensable platforms for surveil-
lance, search-and-rescue, and environmental monitoring. In
particular, the ability of a UAV to locate and follow a
target is fundamental to these operations. Traditional ap-
proaches focus on building task-specific detectors coupled
with lightweight trackers [1], which work efficiently in
constrained environments but remain limited by closed-world
assumptions, i.e. the UAV can only recognize and track
predefined object categories. However, operational scenarios
are highly unstructured, requiring UAVs to follow arbitrary
targets described by human operators in natural language.

Recent advances in Vision-Language Models (VLMs) and
Large Language Models (LLMs) have revolutionized how
machines interpret multimodal information [2], enabling
open-vocabulary recognition and reduced dependence on
task-specific training. Vision-Language-Action (VLA) mod-
els have shown remarkable capabilities in robotics appli-
cations [3], [4], [5], offering new paradigms for natural
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Fig. 1: Text-prompted detection in AirSim Mountain Land-
scape. Query “blue car on the road” yields successful target
detection and tracking.

language-guided robot control. These developments present
opportunities to overcome the limitations of traditional track-
ing systems by integrating natural language understanding
with visual perception. While works such as [6] leverage
VLMs to generate a goal based on natural language descrip-
tion, they are designed for static goals and may perform
poorly on active tracking. In this work, we propose a robust
UAV target tracking framework for unstructured environ-
ments, with applications in search and rescue. We integrate
the open-vocabulary OWL-ViT [7] for target identification
with Channel and Spatial Reliability Tracker (CSRT) [8]
tracker for target tracking. The perception head is coupled
with a hybrid control architecture combining gimbal-based
positioning for distant targets and reinforcement learning
assisted visual servoing for robust following. The key con-
tributions our work are summarized below:

« A simulation environment based on AirSim and Gym-
nasium API, with user-configurable vehicle speeds and
predefined traversal paths in the Landscape Mountain
scenario, enabling systematic evaluation of tracking
algorithms across diverse dynamic conditions.

« An efficient open-vocabulary target detection and track-
ing pipeline integrating OWL-ViT with CSRT tracker
for robust and lightweight re-identification of target in
real-time.

e A hybrid control framework combining gimbal-based
localization for distant target with pure reinforcement
learning-assisted PD visual servoing, enabling both
long-range target acquisition and precise tracking for
variable speed vehicle following.
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Fig. 2: System architecture of the proposed VLM-CSRT-RL pipeline for open-vocabulary UAV target tracking. The framework
integrates OWL-VIT for zero-shot detection, CSRT for tracking, and hybrid control that switches between gimbal positioning
for distant targets and RL-assisted IBVS for precise tracking based on camera angle.

II. RELATED WORK

Advances in Vision-Language-Action (VLA) models have
demonstrated remarkable capabilities in unifying language
instructions with robot control. End-to-end VLA systems
such as RT-2 [9], OpenVLA [10], #O [11], map natural
language commands to robot actions, achieving impres-
sive performance across diverse manipulation tasks. Recent
work has extended VLA approaches to visual tracking,
with TrackVLA [12] introducing an architecture combining
trajectory planning and target recognition using shared LLM
backbones. These approaches excel at generalization and
semantic reasoning but often require extensive training, high
computational resources, and lack modularity and trans-
parency. While VLA models have shown promise in terres-
trial robotics and aerial navigation tasks like Aerial VLN [13],
their application to dynamic UAV tracking scenarios remains
limited, particularly for real-time target following with non-
cooperative mobile objects.

Our work lies at the intersection of open-vocabulary
perception and language-guided aerial robotics. Open-
vocabulary detectors such as OWL-ViT [7], Ground-
ingDINO [14] and YOLO-World [15] enable zero-shot ob-
ject detection from text prompts beyond fixed dataset cat-
egories. We use OWL-ViT as our detection backbone due
to its optimized inference speed for real-time applications.
GroundingDINO’s computational overhead limits real-time
performance and YOLO-World showed insufficient accuracy
for precise UAV tracking scenarios. To achieve real-time per-
formance, we adopt a tracking-by-detection framework using
a high-accuracy detector for initialization and a lightweight
tracker for frame-to-frame localization [8]. Coupled with
reinforcement learning policies, these modular systems pro-
vide adaptive decision-making with lower computational
demands than end-to-end VLAs. Simulation platforms like
AirSim [16] have further established strong baselines for
RL-based UAV navigation, though their integration with
open-vocabulary perception for dynamic tracking remains
underexplored.

III. METHODOLOGY

A. System Architecture

Our proposed pipeline (as shown in Fig. 2) operates in
real-time, processing RGB camera input I; € R¥*W>3 along
with natural language target descriptions ¢ through three
components: (1) OWL-ViT [7] for zero-shot text-prompted
detection, (2) CSRT [8] for efficient frame-to-frame track-
ing, and (3) control for UAV navigation. Unlike end-to-
end VLA approaches that require extensive training [12],
[9], this tracking by detection approach enables real-time
performance with reduced computational requirements while
maintaining interpretability. Text queries initialize OWL-ViT
to identify bounding boxes %, = {x,y,w, h,c}, which are then
maintained by CSRT across frames, while control policies
generate UAV commands.

B. Text-Prompted Object Detection

We employ OWL-ViT base-patch32 model [7] for zero-
shot object detection. The system accepts natural language
queries (e.g., “person,” “red car”’) and processes them along-
side RGB frames converted from BGR camera input. OWL-
ViT leverages CLIP-based [17] vision-language alignment
to compute similarity between visual patch embeddings and
text query embeddings, enabling open-vocabulary detection
without object-specific models.

Text queries are tokenized and encoded into embedding
space q € R, while visual features are extracted as patch-
level embeddings v; € R?. Object localization computes
similarity scores s; = cos(q, v;) followed by post-processing
to generate bounding box predictions. We implement a
confidence-based detection threshold for tracker initializa-
tion and during detection mode, the system evaluates all
detected objects and selects the highest-confidence bounding
box exceeding this threshold. Upon successful detection,
bounding box coordinates are converted from OWL-ViT
format (xj,y1,x2,y2) to CSRT format (x,y,w,h) for tracker
initialization.



C. Object Tracking

Channel and Spatial Reliability Tracker (CSRT) employs
discriminative correlation filters with channel and spatial reli-
ability measures, maintaining computational efficiency while
handling scale variations and partial occlusions common in
UAV applications. Tracker initialization occurs when OWL-
ViT detection confidence exceeds Tje.r;- During tracking
mode, CSRT updates target position each frame, returning
tracking status and updated bounding box coordinates. We
implement a robust re-detection mechanism based on track-
ing success feedback. When potential target loss occurs due
to occlusion, motion blur, or scene changes, the system
transitions back to detection mode and reinvokes OWL-
ViT for target reacquisition. This hybrid approach ensures
long-term tracking robustness with CSRT providing efficient
frame-to-frame tracking and OWL-ViT handling challenging
re-detection scenarios when classical tracking fails.

D. UAV Position Control Policy

Our algorithm works by maintaining the target in the
camera view by directly designing the control law based on
the pixel coordinate of the target. The operator can move
the gimbal in the direction of preference and can describe
the target in natural language. Once detected, the algorithm
works in two stages, described below:

1) Long distance trackng: When the target is detected
within the camera’s field of view at a non-vertical pitch
angle (i.e., when the gimbal is not oriented at —90°), a
target tracking stage is activated. In this stage, the gimbal
is actuated to align the target with the center of the onboard
camera image. The angles commanded are calculated based
on the camera intrinsics [18]. Once alignment is achieved,
the corresponding gimbal yaw command is mapped to the
UAV’s yaw control, ensuring that the vehicle is oriented
directly toward the target. At this point, the gimbal yaw angle
converges to 0°, as the target lies along the forward axis of
the UAV.

Subsequently, a constant forward velocity command is
applied to drive the UAV toward the target. As the vehicle
approaches, the gimbal continuously adjusts its pitch angle to
maintain the target at the center of the camera frame. When
the gimbal pitch angle reaches a threshold of —90° £5°, the
gimbal is locked at —90°, under the assumption that the tar-
get remains visible in the downward-looking configuration.
At this transition point, the system activates a secondary
reinforcement learning-based proportional-derivative (PD)
control module, which refines the UAV’s position through
fine-scale adjustments.

When targets are visible in the downward camera view, we
switch to Image-Based Visual Servoing (IBVS) controller for
precise target following and maintaining tracking stability.
This dual mode approach combines geometric localization
for navigating to distant visible targets with adaptive visual
servoing, allowing the UAV to locate distant objects while
maintaining agility for nearby target tracking scenarios.

2) Image-Based Visual Servoing (IBVS): We use an
Proportional-Derivative (PD) Image-Based Visual Servoing
(IBVS) controller with reinforcement learning-optimized
gains. Traditional PD controllers use fixed gains and strug-
gles with generalizing across varying speeds and envi-
ronmental conditions. Our approach solves this issue by
incorporating a learn gain-predicting model. We train the
policy with the Soft Actor-Critic (SAC) method [19] for
continuous control optimization due to its sample efficiency
and stability in high-dimensional action spaces. The IBVS
controller operates on normalized target center coordinates
(%,yr) from bounding box detection:

Vx:Kp,x'ex+Kd,x'éx (D
vy =Kpy-ey+Kay-ey @)

where ex = x; —x., ey = y; — y.. X and y. are the normalized
center coordinate(0.5, 0.5). (vy,vy) are commanded veloci-
ties.
3) RL Formulation: We cast the gain adaptation problem
as a continuous control problem:
a) State space: At each timestep, the agent observes

. . .. .17
ss=lex e X ¥ K V], 3)

which encodes the target’s image-plane position, velocity,
and acceleration. This representation provides the agent with
sufficient information about target dynamics to modulate
control gains.

b) Action space: The agent outputs

T
at == [thx Kp’y Kd_’x Kd,y] s (4)

where each element is bounded to ensure stability and safety.

¢) Reward function: The reward is designed to penalize
large tracking errors and excessive control effort, encourag-
ing precise yet smooth tracking:

r= —(le(ef—i—eg)), (5)

with A, > 0 as weighting factor.

4) Curriculum Learning Strategy: To enable robust gener-
alization across varying target velocities, we employ a three-
stage curriculum learning approach for training the SAC
agent. The policy is first trained on a stationary target for 50
episodes of 300 steps to establish basic tracking capabilities.
Training then continues for 50 episodes of 1000 steps with
target velocity incrementally increasing from 1 m/s to 5 m/s
in 1 m/s intervals every 10 episodes. Finally, the policy
is trained for 100 episodes of 1000 steps with velocities
randomly sampled for each episode, ensuring robust perfor-
mance across the entire operational velocity range.

IV. EXPERIMENTAL SETUP AND RESULTS

A. Simulation Environment

We test our approach on the Microsoft AirSim [16]
simulator in Landscape Mountains environment (Fig. 3).
Airsim’s car mesh was modified to take commands from a
python script to move at specified velocities along preset



Fig. 3: Microsoft AirSim Landscape Mountain environment

routes, enabling systematic evaluation across varied sce-
narios. The UAV operates with AirSim’s multirotor APIL.
The simulation environment is wrapped in a Gymnasium
environment wrapper [20] for RL training integration. We
used the SAC implementation from Stable Baselines3 [21].
The car location serves as the ground truth for tracking
evaluation against UAV position.

B. Evaluation Metrics

We assess performance using four metrics: (1) Root Mean
Square Error (RMSE) between UAV and target in image
coordinates for tracking accuracy; (2) Control Effort, defined
as the magnitude of commanded linear acceleration, for flight
efficiency; (3) Tracking Duration, the time the UAV success-
fully follows the target before divergence; and (4) Frames Per
Second (FPS) for computational feasibility. Lower RMSE
and effort, longer durations, and stable FPS denote better
performance across vehicle velocities.

C. Results

We evaluated our RL-assisted controller against a fine-
tuned baseline PD controller at 1 m/s and 5 m/s target
velocities. Table I shows that the RL controller achieves sub-
stantially lower RMSE (45-60% improvement) and reduced
control effort (18-22% reduction), with tracking trajectories
visualized in Fig. 4 and Fig. 5.

TABLE I: Comparison of PD and RL controllers across
velocities with RMSE, control effort, and tracking duration.

Method  Velocity (m/s) RMSE  Control Effort  Duration (s)
PD 1 6.38 0.043 20.6
PD 5 7.47 0.054 17.4
RL 1 3.50 0.035 19.4
RL 5 2.98 0.042 17.2

Despite OWL-ViT’s transformer backbone not being de-
signed for real-time operation, our system achieves 13.65
FPS, enabling near-real-time UAV deployment. The RL
method introduces minimal computational overhead while
validating the effectiveness of our adaptive control strategy
for dynamic target following.

V. CONCLUSION

We present an open-vocabulary UAV target tracking
framework integrating OWL-VIiT detection, CSRT tracking,
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and a hybrid control architecture with RL-assisted visual
servoing. Curriculum learning-based SAC training enables
the controller to robustly follow targets, outperforming fixed-
gain PD controllers in tracking accuracy while requiring 20-
40% less control effort. The gimbal-based approach han-
dles distant target localization while adaptive IBVS ensures
precise tracking at close range. Open-vocabulary detection
allows natural language target specification without prede-
fined classes, enhancing flexibility for search-and-rescue and
surveillance missions. The modular architecture maintains
real-time operation while providing interpretability across
diverse scenarios. Future work will focus on fine-tuning
detection models on aerial datasets to improve robustness
and computational efficiency, developing advanced prompt
engineering for complex target descriptions, investigating
lightweight vision-language models for embedded platforms,
and transitioning to real-world deployment with comprehen-
sive field validation.
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