
This work was supported in part by the AFOSR Dynamic Data and Information Processing Portfolio under Grant FA9550-18-1-0362.



Outline 

❏ Introduction & Motivation

❏ Framework

❏ Semi-Supervised Training

❏ Results

❏ Summary



Introduction

Object Detection: 
        Detecting instances of semantic objects of a certain class (such 
as humans, cars, or traffic lights) in digital images or videos.

Object Tracking: 
       To track single/multiple objects over a sequence of images.  



Problem Formulation
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Goal: Visual Object Tracking (VOT) is the task of measuring and predicting 
the trajectory of a specific object at each time step in a video sequence, and 
the object is given in the fist frame.



Challenges & Motivation

Challenges 

Limited template data
Only one valid template object in the beginning

Generic object
The tracked object could be anything, may not be in training dataset

Object appearance change
The object shape and color could change over time

Occlusion and reappear
The object could occluded by other objects and reappear in field of view

Background interference
Similar object or complex background makes the object not distinguishable.  



Existing Approaches

2. Deep Learning Based (SiamFC)

Fully-Convolutional Siamese Networks

1. Convolutional neural network as backbone.

2. Siamese network for similarity score

3. Fully convolutional neural network supports 
search algorithm

1. Kernelized Correlation Filters (KCF)

a. Learn the feature online. 

b. Correlation in spectra space, very 
fast

c. not as robust as Deep Learning 
based approach. 

Figure from: Bertinetto, Luca, et al. "Fully-convolutional siamese networks for object tracking." European conference on computer vision. Springer, Cham, 2016.

New contributions in our approach:

1. Semi-supervised learning using both 
labelled and unlabelled data. 

2. Training based on variational inference 
to extract robust features.   

3. Integrated with a tracking algorithm. 



Tracking Framework

Object Detection Object Tracking

Raw Image Data Detect where the 
object is. 

Output1: 
score map

Track the object. Output 2: object 
bounded in box. 

1. Robust feature extraction
2. Efficient search algorithm

3. Tracking algorithm



Object Tracking 
1. Robust feature extraction 

Using Deep generative neural network

Template Image

Deep generative 
model (Encoder)

embedded features

Deep generative 
model (Encoder)

Search Image

Same network

mean 2D

variance 2D

mean 2D

variance 2D

Use feature matrices instead of 
original images. 

1. Robust feature extraction

2. Invariance to lighting and 
appearance changes. 

3. Distinguishable from 
background. 

Search object in feature space.  



Object Tracking 
2.     Efficient search algorithm

● Features are generated from fully 
convolutional neural network. 

● Invariance to translation

● Searching every possible position is 
equivalent to correlation in feature space

embedded features space

Correlation

3.    Tracking algorithm

● Kalman filter as tracking algorithm. 

t t + 1



Convolutional Variational Siamese Network
Fully Convolutional Variational Siamese Network

Components: 

1. Input: search and template 
images

2. Output: score map, indicating 
the location of the object.  

3. qΘ: fully convolutional 
variational neural network

4. Feature space: represented 
as mean and variance, in 
continuous space

5. Evaluation metric: evaluating 
object location



Semi-Supervised Training
Step 1: Unsupervised Learning: 

same image

Step 2: Supervised Learning: 

labelled training imageBack propagation



Results

Comparison with state-of-the-art tracking approaches

EAO: expected average overlap



Results



Summary
❏ A new fully convolutional Siamese network based on information theory for generic 

object detection. 

❏ A new approach to train the object detector by semi-supervised learning. 

❏ Convolutional variational autoencoder has been used for unsupervised learning. 

❏ Proposed visual tracking approach outperforms existing state of the art tracking 
approaches.

Future Work

❏ Multiple hypotheses soft detection for each potential object location. 

❏ Update template during tracking.

❏ Occlusion aware detector. 


