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Abstract—This project develops a deep learning model to
identify and track features between frames in aerial video
sequences. By leveraging event cameras, we implement structure-
from-motion (SfM) algorithms for accurate object pose estima-
tion and 3D structure reconstruction. The proposed approach
is evaluated on MultiFlow and EDS datasets, demonstrating
robust performance under noisy conditions and refined accuracy
through COLMAP optimization.

I. INTRODUCTION

Feature tracking in aerial imagery is critical for navigation,
mapping, and object reconstruction. Traditional cameras face
challenges such as high latency and computational inefficiency,
particularly in dynamic environments. Event cameras offer an
innovative solution, capturing asynchronous events with low
latency and enabling robust tracking in real-time applications.
This project aims to utilize event-driven data to enhance 3D
modeling and pose estimation in aerial imagery.

II. RELATED WORK

Numerous studies have explored event cameras for high-
speed vision tasks.

• Low-Latency Automotive Vision with Event Cameras
[1]: Demonstrates reduced latency and improved object
detection but faces challenges in data fusion.

• Temporal Feature Markers for Event Cameras [2]:
Employs strobe LEDs for marker tracking, achieving high
accuracy despite lighting issues.

• BlinkTrack [3]: Combines event and RGB data for high-
frequency tracking using a differentiable Kalman filter.

• Enhancing Robustness in Asynchronous Feature
Tracking [4]: Merges event and frame data for improved
accuracy in dynamic scenes.

• Data-driven Feature Tracking for Event Cameras [5]:
Introduces a frame attention module for robust feature
tracking.

III. DATA

The datasets used include:
• MultiFlow: Provides asynchronous event streams, fa-

cilitating the generation of structured tracks for model
training.

• EDS Dataset: Supplies pose data, enabling fine-tuning
and validation of the trained model.

• Augmented Lab Dataset: Introduces varying levels of
noise to test the model’s resilience under degraded con-
ditions.

Fig. 1. MultiFlow Dataset structure and organization.

IV. METHODS

A. Event Representation and Track Generation

MultiFlow data was processed to generate event repre-
sentations, capturing spatio-temporal features. Tracks were
constructed to ensure temporal continuity and consistency.

Fig. 2. Template script for event-based data preprocessing.

B. Model Training

The generated tracks were used to train a deep learning
model optimized for feature extraction and pose estimation.
Hyperparameter tuning was conducted to balance precision
and computational efficiency.

Fig. 3. Training default settings for baseline experiments.
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Fig. 4. Changes in training performance with varying parameters.

C. Pose Refinement with COLMAP

COLMAP was utilized to refine pose data, enhancing the
accuracy of the structure-from-motion pipeline. These refine-
ments significantly improved the robustness of the overall
process.

D. Augmentation and Noise Testing

Augmentation methods were employed to introduce con-
trolled noise for testing the robustness of the trained model.
The script in Figure 5 outlines the augmentation logic.

Fig. 5. Augmentation code for generating noisy datasets.

V. EXPERIMENTS AND RESULTS

Fig. 6. Predictions on original tracks.

Fig. 7. Predictions on blurred tracks.

TABLE I
PERFORMANCE METRICS

Condition Feature Age Expected Feature Age
Original Tracks 0.0529 0.149

Defocus Blur Tracks 0.0521 0.146
EDS Tracks 0.576 0.472

VI. CONCLUSION

This project demonstrates the potential of event cameras
for feature tracking and pose estimation in aerial imagery. By
integrating MultiFlow tracks, COLMAP refinement, and noise-
augmented testing, the proposed model can achieve robust
performance under challenging conditions. With the test data,
performance was limited due to the low frame rate of the
simulated event camera data. A higher frame rate from the
event camera may lead to better model performance. Future
work will explore real-time applications and further noise-
handling techniques.
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