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Abstract

Drone Visual Active Tracking aims to autonomously follow a target object by con-
trolling the motion system based on visual observations, providing a more practical
solution for effective tracking in dynamic environments. However, accurate Drone
Visual Active Tracking using reinforcement learning remains challenging due to
the absence of a unified benchmark and the complexity of open-world environ-
ments with frequent interference. To address these issues, we pioneer a systematic
solution. First, we propose DAT, the first open-world drone active air-to-ground
tracking benchmark. It encompasses 24 city-scale scenes, featuring targets with
human-like behaviors and high-fidelity dynamics simulation. DAT also provides
a digital twin tool for unlimited scene generation. Additionally, we propose a
novel reinforcement learning method called GC-VAT, which aims to improve the
performance of drone tracking targets in complex scenarios. Specifically, we de-
sign a Goal-Centered Reward to provide precise feedback across viewpoints to the
agent, enabling it to expand perception and movement range through unrestricted
perspectives. Inspired by curriculum learning, we introduce a Curriculum-Based
Training strategy that progressively enhances the tracking performance in complex
environments. Besides, experiments on simulator and real-world images demon-
strate the superior performance of GC-VAT, achieving a Tracking Success Rate
of approximately 72% on the simulator. The benchmark and code are available at
https://github.com/SHWplus/DAT_Benchmark.

1 Introduction

Visual Active Tracking (VAT) aims to autonomously follow a target object by controlling the motion
system of the tracker based on visual observations [80L[75]. It is widely used in real-world applications
such as drone target tracking and security surveillance [22} 73| (77} 54]. Unlike passive visual tracking
[3,174) 133,151 19, 184, 167, 58], which involves proposing a 2D bounding box for the target on a frame-
by-frame with a fixed camera pose, VAT actively adjusts the camera position to maintain the target
within the field of view. Passive visual tracking often falls short in real-world scenarios due to the
highly dynamic nature of most targets. Thus, VAT offers a more practical yet challenging solution for
effective tracking in dynamic environments.

Recently, VAT methods have evolved into two main categories: pipeline VAT methods [40} 46, [15]]
and reinforcement learning-based VAT methods [19, 39, (18}, |80]. Pipeline VAT methods employ
a sequential framework where the visual tracking [32, 4,162, [33]] and control models are connected
in series. The tracking model estimates the target position in the input image and the control model
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Table 1: Comparison of DAT benchmark with simula-
tors where existing methods are located.

AD-VAT+ [80]D-VAT [19] AOT [39]  DAT

Scenes 8 4 2 24
Targets 1 1 1 24
Tracker Ground Drone Ground Both
Dynamics 7 Simpli ed 7 Full Physics
Target Behavior Policy-based Rule-based Rule-bkisedan-like
Scene Building Manual Manual  ManuabDigital Twin

Figure 1: A pipeline for drone VAT.

generates control signals. While this modular design allows for clear task separation, it often requires
signi cant manual effort to label the training data, and the control module requires additional tuning
for different scenes. To address these isstgdsforcement learning-based VAT methodsintegrate

visual tracking and control within a uni ed framework. These methods eliminate the need for separate
tuning of the tracking and control modules by using a uni ed framework to map raw visual inputs
directly to control actions. Therefore, the reinforcement learning-based VAT methods simplify system
design and increase the ef ciency of learning adaptive tracking behaviors in dynamic environments.

Unfortunately achieving accurate drone VAT with reinforcement learning remains challenging, partly
for the following reasonsl) Missing uni ed benchmark. Existing benchmark scenes are low in
complexity, neglect tracker dynamics or rely on overly simpli ed models, making them inadequate to
validate the agent performance (see Table 1). Previous metB@dk[ 57] use rule-based target
management, far from producing human-like target behaviors. Additionally, current 3D scenes are all
manually constructed, leading to a heavy workload and limited scene nu)bé&rst environments

with complex interference. Open-world tracking involves large, dynamic environments with frequent
interference. In previous method39 19, trackers can only capture images from a xed horizontal
viewpoint. However, the xed forward viewpoint captures excessive sky, reducing target-related
visual information, especially for air-to-ground tracking tasks. Besides, since VAT goal is to keep the
target at the image center, such viewpoint restricts the tracker to the same height as the target, severely
limiting the perception and movement range. Moreover, training directly in complex conditions leads
to slow convergence or dif culty in building strong behaviors.

To address the above limitations, wst proposeDAT, the rst open-world active air-to-ground
tracking benchmark that simulates real-world complexity (see Fig. 2(b)). Speci cally, DAT provides

24 city-scale scenes, full- delity simulations of drone dynamics, and a lightweight tool that can
be integrated into any 3D scene to enable human-like target behaviors. It also offers a digital twin
tool that can generate unlimited 3D scenes from real-world environments, enabling unlimited scene
expansion.Second we propose a novel drone VAT with reinforcement learning method (called
GC-VAT), aiming to improve adaptability in complex and diverse scenarios. Speci cally, we design

a Goal-Centered Reward to provide precise feedback across viewpoints, enabling the agent to expand
perception range through unrestricted perspectives. Besides, we propose qualitative and theoretical
methods to analyze the effectiveness of our reward. In addition, inspired by curriculum learning
[65, 41, 83], we propose a Curriculum-Based Training strategy that progressively improves agent
performance in complex environments. Our contributions are summarized as follows:

1) A comprehensive drone active tracking benchmark We present DAT benchmark, featuring

high- delity dynamics, 24 city-scale scenes, and tools for simulating human-like target behaviors
and unlimited scenes generation, enabling rigorous algorithm validatigxin@yel drone active

tracking method. We propose GC-VAT, which leverages a Goal-Centered Reward function and a
Curriculum-Based Training strategy to enhance drone tracking performance in complex and dynamic
environments. Besides, we propose qualitative and theoretical methods to analyze the effectiveness of
our reward. 3Extensive experimental validation.Experiments on simulator and real-world images
validate DAT usability and GC-VAT effectiveness, with GC-VAT achieving a Tracking Success Rate

of approximately 72% on the simulator.

2 Task De nition of Drone Active Tracking

DAT task seeks to train a model to control a drone for active target tracking in dynamic environments
(see Fig. 1). Using visual and motion sensor data, the model learns actions to keep the target centered
in view, ensuring robust performance across diverse scenarios.



Figure 2: Statistics and simulator component examples of DAT. (a) Statistics on 7 complexity aspects
in DAT scenes. (b) Example scenes of DAT. (c) Diverse behaviors of targets. (d) Examples of the
tracking targets. More details can be foundhtps://github.com/SHWplus/DAT_Benchmark

Observation spaces.The target is initially positioned at the center of the eld of view, and the
observation space comprises data acquired from sensors (e.g., RGB imagg4$ w4 resolution).

Action spaces.The action space can be either discrete or continuous. A discrete space de nes a set
of prede ned drone maneuvers, whereas a continuous space allows direct control over the velocity.

Success criterion of DAT task.We de ne a success criterion when the model can keep the target
object, which is initially located at the center of view, in the middle of the image for a long duration.

Challenges.Open-world drone active tracking is challenging due to limited data and high risks of
trial-and-error in the real world, necessitating complex simulation environments. Additionally, the
complexity and dynamics of open-world scenes further demand robust agent performance.

3 DAT Benchmark with Diverse Settings

We develop DAT, including 24 city-scale scenes built by an unlimited scene generation tool, high-
delity drone dynamics simulation, and a versatile pipeline for producing human-like target behaviors.

3.1 Diverse Scene Construction

Digital twin tool. Users can select any region frabpenStreetMapl] to obtain countless scenes

using our tool. Speci cally, it generates a high-precision road network with traf ¢ lights and rules,
and it converts elevation and vegetation data into 3D assets placed in the scene. Moreover, all assets
in the generated scene are editable, allowing for data augmentation. See Appendix B for details.

Scene construction. Based on the above tool, we construct 6 outdoor scenes under 4 weather
conditions, modeling 7 real-world complexities. Speci cally, seene aregbuilding densityand

color richnessdepict the complexity of the visual backgrouridoad densityandterrain density

affect the target behaviors. Three densityandtunnel densityneasure the level of visual occlusion.

As shown in Fig. 2(a), six scenarios exhibit unique and realistic complexity across the seven aspects:

« Citystreet scenecovers an area of 0.7 square kilometers. It has a road density of 38.7 and a tree
density of 97.5, mainly testing the agent's ef ciency against tree occlusions.

« Village scenespans 1.4 square kilometers. This scene features a mountain density of 20.1 and a
tunnel density of 6.3, requiring the agent to predict the target's movement when it is fully obscured.

« Downtown scenecovers 0.8 square kilometers. It includes complex road elements and high
building density of 304.9, challenging the agent's tracking accuracy and obstacle avoidance abilities.



« Lake sceneencompasses 1.6 square kilometers. The density of road elements is 68.1, and the
richness of background colors is 5, challenging the robustness across varying features and colors.

» Farmland scenecovers an area of 0.7 square kilometers. The color richness is 5 and multiple color
patches, challenging the agent's adaptability to multi-color environments.

« Desert scenecovers 1.1 square kilometers. It includes a mountain density of 37.1 and a road
density of 31.0. Some roads are covered by sand, testing the agent's adaptability to such conditions.

Four weather conditions are designed to test the agent's cross-domain adaptdalityreduces
visibility, night reduces brightness, asdowalters the color. The above 24 scenes (see Fig. 2(b))
can fully measure the agent tracking performance. See Appendix B for scene construction details.

3.2 Various Trackers and Targets Construction

Drone Active Tracking in the real world involves diverse targets depending on tasks. DAT provides
diverse targets with human-like behaviors and enables high- delity tracker dynamics simulation.

Tracker. DAT benchmark supports two tracker types: drones and ground robots. The drone used is
the DJI Matrice 100[14], equipped with 8-axis gimbal allowing for precise camera adjustments.
Unlike simpler kinematic models in [19] and methods that ignore the dynamics[39], DAT leverages
webotg 37] to simulate the drone's full dynamics, including mass, inertia, aerodynamics, and the
response and jitter of the gimbal, closely matching real drones. See Appendix B for details.

Targets. DAT includes ve categories of targetautomobile motorbike pedestrianwheel robot
andlegged robatwith a total of 24 tracking targets (see Fig. 2(d)). See Appendix B for details.

Target Management.We propose a hovel pipeline to simulate realistic target behavior. Speci cally,
DAT rst utilizes road networks generated by the tools described in Section 3.1, and directly integrates
them with the SUMO traf ¢ simulator36]. Then, random trajectories are assigned to each vehicle,
with SUMO managing its motion. To bridge the gap between simulation and visualization, we
implement a controller that translates motion data into human-like driving behaviors for 3D vehicles
(see Fig. 2(c)). Our controller also adheres to traf ¢ rules and can simulate phenomena such as traf ¢
light waits and traf c jams. Even better, the controller can be applied to any 3D scene.

4 VAT with Reinforcement Learning

In this paper, we primarily focus on visual active tracking (VAT), a core task within DAT benchmark.
We propose a drone visual active tracking with reinforcement learning method called Goal-Centered-
VAT (GC-VAT), aiming to improve the performance of tracking targets in complex scenes. As shown
in Fig. 1, we model drone active tracking as a Markov Decision Process (MDP) and train a Drone
Agent capable of adapting to unrestricted viewpoint conditions to track a target in the open scene.

4.1 MDP for Drone Active Tracking

We seek to learn end-to-end drone tracking policies in dynamic environments by modeling the task as
an MDP:hS; A;R; ; Ti. Inthis representatioi§ denotes the state spadeyepresents the action
space, and is the discount factor. At each time steghe agent takes the stage2 S as input and
performs an actiola; 2 A. Next, the simulator transitions to the next stgtg = T (s¢;a) and
calculates the rewand = R(s;; a;) for the current step. The details of the MDP are as follows:

StateS is the visual information of the scene. At each time dtghe camera captures one image of
size84 84as the current state.

Action A is a set of discrete actions, includif@grward, backward leftward, rightward, turn left, turn
right, andstopmovements. At each time step, the Drone Agent selects an agt@#\ based on the
states; and actively controls the camera movement.

Transition T (st; a;) is a functionT : S AA ! S S that mapss; to s¢+1 . In this paper, we use the
webotsdynamics engine to provide a realistic transition function.

Reward R(s;; &) is the reward function. The goal-centered rewards are given in Section 4.2.



Figure 3: Diagram of reward acquisition. Figure 4: Reward design analysis diagram.

Network structure of Drone Agent. Similar to previous workg39, [80], we select a backbone
architecture consisting of a CNN followed by a GRU netwarK [11] (see Appgndix C.2).

Key Challenges in Drone Active Tracking.In open-world environments, drones face unpredictable
target behaviors and frequent occlusions. Designing a single reward that encourages diverse and
robust tracking actions is extremely dif cult. To address this, we propageacentered rewardin

Sectior] 4.2. Moreover, given the vast observation space, discovering successful policies is non-trivial.
To facilitate ef cient learning, we introduce@urriculum-based training strategy in Section 4.4.

4.2 Goal-Centered Reward Design

For drone tracking a ground-based target, our reward is designed to characterize the target's position
in the image and guide the drone to keep it centered. Therefore, we rst need to select an appropriate
distance metric to quantify the proximity between the target and the center in the image plane.

Since the drone typically captures images from a top-down perspective, the image plane is not parallel
to the ground. Due to the af ne transformation, the projection of the image plane becomes a trapezoid
(see Fig. 3(b)), and the physical distance between the drone and the target cannot directly correspond
to their pixel distance. Existing method39 19] compute the Euclidean distance between the drone
and the target, which may not accurately re ect their spatial relationship in the image plane.

To address this issue, we employ a deviation metfi¢ ) to measure the distance between the target
and the image center projection, as illustrated in Fig. 3(b). Speci cally, given a targetfyoantd
the image center projectia®y, the deviation metric is computed by

iPg Coj .
- 1

a(Pg;Cg) Cy ] M)

wherejPy;  Cgyj denotes the distance froRy to Cy andjEg(Pg; Cy) Cgyj represents distance from

pointE4(Pg; Cg) to the centerEy(Pg; Cy) is the intersection of the line connectifRg andCy with
the projected image boundary, as shown in Fig. 3(b).

(PQ;CQ): JE

The deviation ( ; ) is designed to ensure that targets inside the image are closer to the center than
those outside, with contours shown in Fig. 4(b).

Principles for Reward Design. The objective of the VAT task is to keep the target at the image
center. Thus, the targets closer to the image center projection should get higher reward values. For
deviation metric ( ; ), the design principle of the reward functiéh () is de ned as:

8P1;P22W; if 1< 3;thenR (1) > R ( 2); @

whereW denotes the valid region with non-zero reward, and , represents the deviation from the
target point to the image center projection.

Goal-Centered Reward Function.Our reward yc( ) decreases as the target moves away from the
projected image cent€ly, and is zero if outside, as shown as follows:

- tanh( (1 (Pg; Cg))g); Pg 21 clip
Foc(Pg)= 0; otherwise : ®3)

The attenuation degree nfc( ) can be adjusted using the hyperparameteset to 4. Theanh( )

provides a strong indication of the task goal due to its relatively quick decay at the image tgpter.

is the truncated image range set to prevent the drone from keeping the target at the edge of the image.
The truncation of the image can be controlled using the hyperparamggeas: cip = Hi,, =H,

whereH andH, are the heights of the original and the truncated image. Wegggt= 0:7.

clip
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