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Objective

 Detecting Faces in Given Images

Algorithm
 Viola-Jones face detector
 Use a set of weak classifiers to create a strong 

classifier.
- Weak classifier
e.g. a classifier has correct detection rate 99.9% + false positive 
rate 40%. 

- Strong classifier
e.g. a classifier has correct detection rate 98% + false positive 
rate 0.01%

Presenter
Presentation Notes
Here the weak classifier is defined as a classifier that has a very high correct detection rate and a comparably high false positive rate.A strong classifier is defined as a classifier that has a very high correct detection rate and a very low false positive rate.



Testing Phase
- Scheme of Viola-Jones face detector

If we have 10 layers,  
at each layer correct detection rate is 99.9%, false positive rate is 40%,
the final correct detection rate is 99.9%^10=99%, 

false positive rate is 40%^10=0.01%

Presenter
Presentation Notes
In detection process, given an image. We slide a sub-window, pixel by pixel, from left to right, up to down. Input every sub-window to the cascaded classifiers. The classifiers in the 1st layer will reject 60% of the non-face sub-windows and pass 40% non-face sub-windows and the face sub-windows to the 2nd layer. These are the input images for the 2nd layer. Similarly, the 2nd layer will reject 60% non-face sub-windows of the input images and pass 40% of the non-face images and the face sub-windows to the 3rd layer.If  we have 10 layers, and at each layer, the correct detection rate is 99.9% and false positive rate is 40%, then at the end of this cascade, the total correct detection rate is 99.9%^10=99% and the false positive rate is 0.01%. Here comes the strong classifier.



Training Phase
- Training Dataset 

 MIT CBCL dataset

 All faces are cropped 
and resized to 19*19

 Non-face images use 
the same image size.



Feature

A B
Feature  = I(White area) – I(Black area) 

The differences between different 
features are the location and size of the 
white and black area.

Classifier A: 
if  I(White area) – I(Black area) > θ1
then sub-window is a face

Classifier B:
if  I(White area) – I(Black area) > θ2
then sub-window is a face



Feature Pool

…

…

…
…

A

B

C

D

Prototype

…E

Presenter
Presentation Notes
The differences between different features are the location and size of the white and black area.



Feature Pool

• number of features for a sub-window size of 19*19

Feature Type #

A 34,200

B 34,200

C 21,660

D 21,660

E 16,200

Sum 127,920

Presenter
Presentation Notes
If the sub-windows size is 24*24, then the # of possible features comes to 76K.



Training Phase
- How to Build the Cascaded Detector

 At each layer, combine 
several classifier to create a 
weak classifier

 Cascade the weak classifiers 
at each layer to create a 
strong classifier

 Stop when the false positive 
rate decreases to the 
requirement. Otherwise, add 
one more layer.

Feature a Feature b
classifier1 classifier2

layer1

Feature a Feature b
classifier1 classifier2

layer2

Feature c Feature d
classifier3 classifier4

Presenter
Presentation Notes
This slide shows a high-level view of how to build the cascaded detector.



Experimental Setup

 All experiments were run on Dell XPS 730x desktop, CPU Intel® 
Core™ i7-920 , 6G memory. 

 Matlab , GML AdaBoost Matlab Toolbox
 Training dataset - MIT CBCL : 
◦ 1st layer:  1000 faces + 2000 non-faces

◦ 2nd layer:  1000 faces + FP non-faces from 1st layer

◦ 3rd layer:  1000 faces + FP non-faces from 2nd layer

 Testing dataset – MIT CBCL & LFW 
◦ 500 faces + 500 non-faces from MIT CBCL testing dataset

◦ 1000 faces from Labeled Face in the Wild dataset

 2 3-layer Detectors
◦ Detector 1:  25 – 25 – 63 features

◦ Detector 2:  12 – 12 – 20 features



Experimental Results
 Training
◦ Computing features

 Computing 127,920 feature values, Over total 3000 (1000 faces + 2000 non-faces) 
images, Each image is 19*19, costs 33 hours.

◦ Selecting features

Layer # of 
Features

Training time 
(in minutes)

Recall False Positive 
Rate

# of False 
Positive

Detector 1 Layer 1 25 60.93 99.9% 30.77% 444

Layer 2 25 31.62 99.9% 16.19% 192

Layer 3 63 58.85 100% 0.00% 0

Detector 2 Layer 1 12 33.28 99.2% 48.92% 942

Layer 2 12 23.43 99.3% 35.10% 530

Layer 3 20 26.83 99% 15.96% 178

Layer1 
FP

Layer2
FP

Layer3
FP

Presenter
Presentation Notes
Training time means selecting appropriate features from feature pool so that the recall and false positive rate satisfy the requirement. For detector 1, the target is recall >=99.9%, false positive rate <50%.For detector 2, since it uses fewer features, it can not reach to a recall rate as high as 99.9% while the false positive rate is still < 50%. The truth is I tried to use only 4 features in layer 1, the false positive rate reached to 64% while the recall was 98.9%. So the problem is if we use too few features, it’s impossible to reach the goal.So for detector 2, the target is recall >99% and false positive rate < 50%. 



Experimental Results

 Tests on 500 faces+500 non-faces (19*19) from MIT CBCL dataset

Testing time
(in seconds)

Recall False
Positive Rate

Combined 
Recall

Combined 
False Positive 
Rate

Detector 1 Layer 1 15 94.8% 11.40% 94.8% 11.40%

Layer 2 97.0% 25.27% 92.2% 5.92%

Layer 3 95.4% 21.93% 88.0% 3.72%

Detector 2 Layer 1 18 97.8% 27.45% 97.8% 27.45%

Layer 2 96.8% 29.45% 95.0% 16.08%

Layer 3 82.6% 24.50% 79.8% 7.42%

Presenter
Presentation Notes
For the tests on CBCL, we don’t need to scale up and shift the subwindow, so the tests are quick.From the 2 data



 Tests on 1000 faces from Labeled Face in the Wild dataset

Experimental Results

Scale Testing time 
(in hour)

Recall False Positive Rate

Detector 1 1.1 2.933 83.0% 51.63%

1.2 1.624 84.3% 53.50%

Detector 2 1.1 2.3 78.4% 63.55%

1.2 1.382 80.2% 63.11%

Presenter
Presentation Notes
In the LFW database, each image is a 250x250, detected and centered using the openCV implementation of Viola-Jones face detector. The cropping region returned by the detector was then automatically enlarged by a factor of 2.2 in each dimension to capture more of the head and then scaled to a uniform size. In our evaluation, we suppose the true positive should located at the center of the image, which is (125,125), with a tolerant rate of 20%. Furthermore, the size of the subwindow should be around 110 pixels, with a tolerant rate of 15%.Sometimes, the ground truth does not fall in this range. This means the true false positive rate could be lower than the number we computed. 



Experimental Results



Analysis
 More training data

 1000 faces+2000 non-faces vs. 4916 faces+10,000 non-faces
 Profile image and rotated features

 Use 24*24 instead of 19*19 faces
 24*24 is tested better,  includes extra visual information

 Add more layers
 3 layers 113 features vs. 32 layers 4297 features

 Improve matlab code, decrease detecting time

Presenter
Presentation Notes
My testing result is not as good as that in Viola-Jones’ paper. Given more time, there are several ways I could try to improve the results.Some faces are mis-detected because they are greatly rotated. It could be detected when profile training data is provided and rotated features are used.The 19*19 face images were more tightly cropped. Viola and Jones has tested that 24*24  face images are better than smaller images because it includes extra visual information such as the contours of the chin and cheeks and the hair line which help to improve accuracy. But the 19*19 faces dataset is what I can get.The False positive rate is high in the result. It could be improved by add more layers in the detector.Currently, each 250*250 image costs 5 seconds to detect. Viola-Jones detector can achieve real-time detection. I think they coded in C, while I used matlab. This makes the speed much slower. But I think there must be some places in my code that could be improved to decrease the detecting time.
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