
Bootstrapping Face Detection by “Watching TV” 

Task #1: Train a face detector using 

frontal face images only (e.g., using off-

the-shelf methods such as convolutional 

nets or Adaboost learning) 

 

Task #2: Implement a face tracker using 

clothing color as context. Automatically 

select high-confidence tracklets around 

frontal-face detections to discover non-

frontal poses and novel expressions. 

 

Task #3: Augment the training data of 

the original detector with the new data 

(novel poses/expressions) and train a 

new detector 

 

Task #4: Compare the performance of 

the Bootstrapped detector with the 

original detector on the FDDB Dataset 

(ROC Curves) 

Brief Description: TV shows exhibit human faces in a wide range of poses, 

expressions, and illumination conditions.  The idea of this project is to improve the 

accuracy of a naïve frontal face detector by placing a webcam in front of a TV, and using 

face tracking around high-confidence frontal face detections to discover novel face poses 

and expressions, which in turn can be used to augment the initial training data to 

obtain a more robust detector. 

 
 
 



Brief Description: Astroinformatics is an emerging discipline at the intersection of 

astronomy and computer science.  Millions of galaxy images are now publicly available 

(see SDSS and Galaxy Zoo website), with tremendous opportunities for large-scale 

visual recognition and search. This is a rather unexplored application field in computer 

vision. The goal of this project is to create an efficient system for large-scale Galaxy 

search based on images and textual descriptions. 

 
 

Mapping the Universe: Vision for Astroinformatics 

Task #1: Dataset preparation – Contact 

instructors to obtain a large-scale galaxy 

dataset (.sql file) with fine-grained 

annotated attributes. 

 

Task #2: Train semantic attribute 

classifiers (e.g., cigar-shaped, smooth, 

round, boxy, no buldge, etc.) for 

enabling attribute-based galaxy search 

based on textual descriptions 

 

Task #3: Train additional discriminative 

classifiers to enable efficient content-

based retrieval 

 

Task #4: Quantitative Performance 

Evaluation 

 



Local Features for Low-resolution Images 

Task #1: Prepare an image dataset for evaluation of local feature matching at 

multiple resolutions. You can generate multi-resolution images from standard 

evaluation packages (e.g., see VLFeat Benchmark) by subsampling, and also 

consider your own multi-resolution dataset containing several categories of 

objects, including human faces, cars, pedestrians, buildings, and beach scenes. 

  

Task #2: Evaluate the performance of state-of-the-art feature descriptors (e.g., 

using VLFeat  or OpenCV source code) at multiple resolutions. Find the 

resolution where these methods work and where they don’t. 

 

Task #3: Design your own local feature descriptor for low resolution image 

matching.  

 

Task #4: Perform quantitative analysis of your method and discuss whether it 

performs better than other existing methods in low-resolution images. 

Brief Description: SIFT, HOG and other local edge 

histogram-based features are the workhorse for a lot 

of modern computer vision applications. However, 

these feature descriptors are sensitive to low image 

resolution. This project aims to find the intrinsic 

resolution for local features, and explores whether 

there are better local representations for low 

resolution images.  

 



Historical Photo Finder 

Task #1: Create a dataset of present-day photos and corresponding historical 

photos. You may take advantage of Google/Bing image search using the option 

“black & white” to locate historical photos. You may also include in the dataset  

your own photos of the Columbia campus and corresponding historical images. 

 

Task #2: Evaluate state-of-the-art local feature matching algorithms  (e.g., using 

VLFeat  or OpenCV source code) on your dataset. 

 

Task #3: Design your own method for robust matching of recent photos with 

historical images.  

 

Task #4: Perform quantitative analysis of your method and discuss whether it 

performs better than other existing methods in this particular scenario. 

 

Brief Description: The goal of 

this project is to design a robust 

method for matching present-

day photos with historical 

photos. As an example, the 

project could be used to match 

current views of the Columbia 

campus with historical 

Columbia photos.  

 



State-of-the-art Object Detection: DPM versus CNN 

Task #1: Select a dataset to evaluate 

the two detectors 

 

Task #2: Train a DPM detector using 

available source code. 

 

Task #3: Train a CNN Detector using 

available source code 

 

Task #4: Plot ROC Curves with respect 

to different parameters (e.g., amount of 

training data, …) and different 

conditions for error diagnosis. Critically 

draw conclusions about both 

approaches. 

 

You may also extend the analysis to 

other datasets 

 

Brief Description: Deformable part models (DPM) have been the de facto approach for 

object detection in the vision community (top performance in Pascal VOC, ...). Recently, 

Convolutional Neural Networks (CNN) achieved breakthrough results in the ImageNet 

challenge, arising as a top contender approach. The goal of this project is to critically 

study these two state-of-the-art techniques, assessing their weaknesses and strengths, 

as well as similarities and differences. 

 
 

CNN DPM 



Is there Overfitting? Revisiting High-Dimensional Features 

Task #1:  Play with available source code for 

image classification using state-of-the-art 

feature coding techniques (e.g., 

supervector/fisher vector and sparse coding) 

 

Task #2:.  Try the classification task in 

PASCAL VOC (for one category), with both low-

dimensional features and high-dimensional 

features. 

 

Task #3: Compare the  training/testing 

accuracy subject to #dimensions and #training 

samples. Discuss whether overfitting occurs. 

 

Task #4: Repeat your experiments on a subset 

of the ImageNet dataset and discuss the 

overfitting issue.  

Brief Description: Non-sparse high-dimensional features may 

cause overfitting due to the large number of parameters involved 

in the learning process. However, recent studies on PASCAL VOC 

and ImageNet suggest that high-dimensional features  always get 

superior results for both small-scale and large-scale image 

classification problems. This project aims to study the issue of 

overfitting in this context. 

 



RGB-D Object Recognition with few Examples 

Task #1: Train 3D attribute classifiers 

or 3D classemes using the 3D object 

models available in Google 3D 

Warehouse 

 

Task #2: Train RGB attribute classifiers 

or RGB classemes using standard RGB 

datasets 

 

Task #3: Learn RGB-D object classifiers 

using the output of the models above as 

high-level features 

 

Task #4: Compare performance with the 

state-of-the-art, analyzing recognition 

accuracy with respect to the number of 

training examples. 

Brief Description: The goal of this project is to study object recognition for Kinect-style 

RGB-D cameras, using the “RGB-D dataset” which contains color and depth images for 

300 household objects. The idea is to exploit the vast amount of 3D models available in 

Google 3D Warehouse to learn geometric attributes or 3D classemes [Torresani et al, 

2010]. These geometric classifiers could be combined with RGB attribute classifiers to 

serve as high-level features for RGB-D object recognition from few examples. 

 
Google 3D Warehouse 

RGB-D Dataset 



TrafficCam: Robust and Efficient Vehicle Detection 

Task #1: Choose a specific traffic 

camera from the web and collect 

training and test data, considering 

various conditions (shadows, crowds, 

different time periods, etc.) 

 

Task #2: Train a vehicle detector using 

online learning (e.g., neural net) with 

multiple features (e.g., motion blob 

obtained by background subtraction, 

appearance, motion) 

 

Task #3: Incorporate other scene-

specific features, such as vehicle size 

and position 

 

Task #4: Perform quantitative 

performance evaluation (accuracy and 

efficiency), assessing the contribution of 

each feature 

Brief Description: Real-time video feeds of thousands of public traffic cameras are now 

available on the web. This rich source of data, however, has received little attention by 

the vision community. The goal of this project is to develop an online learning system for 

video-based vehicle detection in traffic cameras, using multiple features (e.g., 

appearance, blob shape, motion) and scene structure information. Note that the size, 

appearance, pose, motion of a car are directly correlated with its position in the video 

frame.  



Fusing Feature Descriptors for Action Recognition 

Task #1: Prepare your own dataset. You 

may record your own action by referring 

to e.g, HMDB51 datasets or MSR action 

datasets.   

 

Task #2:  Play with available source code 

for spatio-temporal feature detectors and 

descriptors (STIP, HOF, …) using, for 

example, SVM as classifier. 

  

Task #3: Develop a method for fusing 

multiple feature descriptors 

 

Task #4: Compare the performance of 

the fusion algorithm with individual 

descriptors in your dataset and at least 

another standard dataset. 

Brief Description: Action recognition is still in its early stage. There exists no 

consensus on which features work best across datasets. The goal of this project 

is to evaluate multiple state-of-the-art feature descriptors for action 

classification, and investigate whether the fusion of multiple features improve 

results. You may include your own actions in the evaluation dataset. 


