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What is face detection?

• Does this image contain a face or not?

• If yes, find size(s) and location(s) of the face(s) in the image

Preliminary stage in:
• Face recognition

• Emotion recognition

• Human tracking

Applications:
• Surveillance purposes

• Human-computer interaction
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Challenges:
• Dimensionality problem

• Low-resolution image

Contributions:
• Discriminative features: integrating two types of Local Binary 

Patterns (LBP) features  (Circular LBP and LBP Histogram)

• Extract the full resolution power of the Circular LBP features

• Two-stage face detector: first stage trained with Circular LBP 

features and second stage with LBP Histogram features

Feature Extraction
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Circular LBP feature [1]:
• Extracted from gray scale image

Properties:

Proposed Dual LBP 

Features
1- Propose Extracting the Full Resolution

Power From the Circular LBP Features:

• Exploit Circular LBP features discriminative power

• Use exhaustive search for all rotational LBP features with all radii

• Different resolutions target different image structure
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Properties:

• Low extraction overhead: the pixel LBP value is the feature

• Capability to extract face discriminative features

2- LBP Histogram Features:
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Properties:

• Higher discriminative face features than the proposed multiple 

resolutions Circular LBP features but more extraction overhead
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• Classification: Cascade of Classifiers structure 

and GentleBoost are used

• All stages of the Cascade of Classifiers but last 

are trained with Circular LBP features whereas the 

last stage is trained with LBP Histogram features

• Target corners, edges, spots and flat ends

• High tolerance to illumination

• Can be rotational invariant 

Experimental Results
Setup:

1-Training: 
• 6,500 face images of size 24x24 pixel from Ole Jensen 

and Viola and Jones dataset

• 10,000 non-face images of size 24x24 pixel 

downloaded from the internet used in each stage

• Bootstrap strategy is used to train each stage of the 

Cascade of Classifiers

2-Testing:
• Realistic environment surveillance footage from static 

camera mounted on the ceiling with face sizes up to 60 x 

80 pixel

• 360x243 pixel RGB image

• Total of 135 frames contain 112 faces,  92 frames with single 
frontal faces, 10 frames with two frontal faces, and 33 frames 
are vacant places

3- Comparison: Compared to the Haar-like 

feature detector by Lienhart [2]

Results:

Experiment 1:
• These features provide discriminative power

• LBP detector has high TP rate and a low FP rate 

Stg 1 Stg 2 Stg 3 Stg 4 Stg5 Stg 6 Stg 7 Total

# feat. 14 32 49 81 150 250 350 926

TP 0.99 0.99 0.99 0.99 0.99 0.99 0.99 0.9321

FP 0.49 0.38 0.29 0.18 0.62 0.23 0.42 6.2x10-4

• Stage 8 is trained with the LBP Histogram to achieve 

minimum FP possible

• 400 features was the minimum number of feature to 

achieve 99% TP and 0.01 FP

Experiment 2:
• Comparison to the Haar-like detector, Lienhart detector, 

which is available in OpenCV

Experiment 3:
• Examine robustness towards illumination changes

Conclusion
• Final 8 stage detector has FP of 6.2x10-6 , TP=92.27%, with only a total 
of 1326 features  
• The LBP detector outperform Haar-like detector of Lienhart
• L BP detector tolerates illumination
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