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Introduction

• By using an aerial platform, we want to track a single (or a 
couple) user defined vehicle(s) persistently.

• Aerial Tracking is a more challenging task than traditional 
object tracking due to
– Small number of pixels representing a vehicle

– Large Camera Motion

– Parallax effect due to 3-D structures in the scene.

– Registration errors

– Severe occlusions

• The  Wide Area Motion Imagery (WAMI) Platform is the 
state-of-the-art sensor for aerial vehicle tracking, but has 
only a single modality.
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• In a close view surveillance, one can rely on features such as 
vehicle texture, shape, corners, edges, or color histograms. 
The drawback is lack of area coverage

• Wide-area ground vehicle tracking often uses Doppler radar. 
(Position and Radial Velocity)

• Vehicle tracking systems with single modalities are very likely 
to fail in cluttered scenes.

• Wide-area surveillance problem is a challenging task due to 
several factors:
– Small number of pixels representing a vehicle

– Large Camera Motion

– Parallax effect due to 3-D structures in the scene.

– Registration errors

– Severe occlusions

Problem statement



• In a close view surveillance, one can rely on features such as 
vehicle texture, shape, corners, edges, or color histograms. 

WAMI Images 



Introduction
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Visualization of a 

Hyperspectral Image 

Cube

• By recording extended data at a given 

wavelength range, we can extract fingerprints of 

materials.

• This way, higher spatial resolution and higher 

frame rate data needs are avoided.

• However, there are two major drawbacks of acquiring

and using hyperspectral data.
1. Transmission and storage

2. Computational complexity and collection time.

• An adaptive multi-modal hyperspectral sensor has been 
proposed by Ninkov, 2004.



• The Rochester Institute of Technology Multi-object spectrometer 
(RITMOS) is considered for adaptive spectral data and panchromatic 
image acquisition.

A DMD-based MOS

Two micro-mirror arrays deflect the 
light towards the spectrograph.  The 

others are kept still.

A conventional MOS

Top view of RITMOS

R. D. Meyer, Kearney K. J., Z. Ninkov, C.T. Cotton., P. Hammond, and B.D. Statt, RITMOS: a 
micromirror-based multi-object spectrometer, Proc. SPIE 5492, 200-219(2004).

An example adaptive sensor



• A light field spectrometer from MITRE takes 200x134 images with 29 
bands from 400-680 nm 

• It also has 4 polarization bands

• 2 frames per second

Another sensor option



DDDAS tracking framework

• Both frameworks can take a limited amount of spectral data and a wider view 

panchromatic image

• DDDAS system is needed to dynamically control spectral data collection

• We designed a detection module for target and background and have been working on 

adaptively adjusting band weighting in the spectral fusion

• This feeds into the background and motion modeling

Cascaded target detection

Data Acquisition and Filtering
• MHT Data Association

• Gaussian Sum Filer

Target Movement Model
• Adaptive, multiple model 

• ensemble Sensor Control and 

Data Acquisition
• Modality Selection

• Region of interest determination

Processing
• SIFT Keypoint Registration

• Homography Estimation

Target Detection/ Background Modeling
• NDVI vegetation detection

• Nonlinear SVM roads classifier

• Spectral matching to target

• Linear SVM/HoG vehicle classifier 



Synthetic Image Generation

RGB image of Megascene #1 area 
generated by DIRSIG (2003)

RGB image of Megascene #1 area 
taken from Google Maps (2014)

• DIRSIG allows us a knowable ground truth for use in performance evaluation.

• Imagery in a variety of modalities can be produced with DIRSIG

• Simulation of Urban Mobility (SUMO) platform is used to simulate a large number of 

vehicles.

• Noise is added to the DIRSIG image to simulate realistic video



• One of 24 paint models 

is randomly assigned to 

the vehicles

• The simulation is 130 

seconds long

Vehicle Simulation
• 86 vehicles from a SUMO simiulation are placed in a DIRSIG scene that 

contains three intersections

• Traffic is added in intersections to increase difficulty/realism

• Different vehicles types (car, truck, van, etc.) are assigned

WAMI (CLIF 2007; 100-150 pixels)

DIRSIG (this study; 

100-150 pixels)

DIRSIG (previous work); 

~50 pixels)



Simulated Aerial Video
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Background Subtraction Registration Errors
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• Due to potential errors we try to remove background subtraction from detection



Tracking from a Moving Platform
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Target Detection Framework for the Moving Platform

Proposed Tracking Framework for the Moving Platform



Registration 



Vegetation Removal 



Hyperspectral Similarity Scores



Vehicle Confirmation



Results on Moving Platform

Metric / 
Tracker

NN PDAF MHT Mean-Shift OFDS L1-APG LOFT* Ours

Precision 39.25 26.17 39.20 8.88 12.66 10.45 60.30 69.78

Recall 34.65 14.19 35.07 8.88 12.66 10.12 40.50 60.35

• The baseline methods are
– Nearest Neighbor Tracker (NN)

– Probabilistic Data-Association Filter (PDAF)

– Multiple Hypothesis Tracker Filter (MHT)

– A state-of-the-art traditional object tracker (OFDS)

– Likelihood of Features Tracking tracker (LoFT)

Average of 43 Tracks

Module NDVI
Road

Classifier
Score

Assignment
HoG-SVM

Run Time 0.002 s. 0.08 s. 0.2 s. 0.05 s.

Run times for Detection Modules (Tested on a personal computer with 2.8 GHz-I7 processor and 8GB RAM)

Pelapur, Rengarajan, et al. "Persistent target tracking using likelihood fusion in wide-area and full motion video 

sequences." Information Fusion (FUSION), 2012 15th International Conference on. IEEE, 2012.



New Adaptive Fusion Approach
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Adaptive Fusion Approach
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• Because of this—and to speed up computation—we group the 
band histograms 



Adaptive Fusion Approach

21



Adaptive Fusion Approach
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Initial results are promising, but 

more work to be done



Preliminary Results on Real Data
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460 nm 500 nm 540 nm 580 nm 640 nm

Real Hyperspectral Video

Adaptive Fusion Method



Simulated Data is Available for Download
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Future Work
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• Switching from spectral to polarization as needed (e.g. in shodow)



Future Work
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• We purchased a system to take higher resolution spectral 

video

• Generate low-rate video HSI (~3 Hz) via a pan/tilt mount 

nodding in the along track direction:

 e.g. nod up and down ~100 lines (record during both 

upward and downward motions and unpack and 

reorient image blocks later)

 Produce cube (100x1600 spatial pixels)x(369        

spectral bands) every ~0.3 sec

 In some applications: steer in 

azimuth/zenith to a position, record via 

nodding, then steer to new position and 

repeat

 380-1000 nm wavelength range



Thank you

27


