
 

Deformable Part-based Robust Face 

Detection under Occlusion by Using Face 

Decomposition into Face Components 

 
Dr. Darijan Marčetić  

Prof. dr. sc. Slobodan Ribarić 

 
Faculty of Electrical Engineering and  

Computing University of Zagreb 

Unska 3, 10000 Zagreb, Croatia 

{darijan.marcetic, slobodan.ribaric}@fer.hr 

 

ACKNOWLEDGMENTS 

This work has been supported by the Croatian Science Foundation under project 6733 De-identification for Privacy Protection in Surveillance 

Systems (DePPSS). It is also the result of activities in COST Action IC1206 "De-identification for Privacy Protection in Multimedia Content". 

 



OUTLINE 

1. Introduction 

2. System description 

3. Experimental results 

4. Conclusion 

5. Literature 



1. INTRODUCTION (1) 

 Face detection is the process of finding and localizing faces in an image. 

Finding and analysing faces in unconstrained real-world images is a very 

difficult computer vision task.  

 Constraining factors are the ambiguities of the face, such as poses, occlusions, 

expressions, illumination, scale, colours and textures.  

 Diverse methods have been developed based on scanning window classifiers 

[1], deep neural networks [2], part-based models [3-6] and regression [7].  

 Several papers have been published related to face detection under occlusion 

[8-11], but they are constrained to detect only frontal faces under occlusion.  



1. INTRODUCTION (2) 

 The main idea is based on boosting algorithms and cascade structures to 

efficiently detect faces with occlusions. Several improvements were presented: 

(i) a robust boosting scheme; (ii) reinforcement training; and (iii) cascading with 

evidence to extend the system to handle occlusions.  

 Experimental results for detecting frontal faces with artificial occlusions were 

obtained on CMU and MIT face databases. The authors in [10] divided a face 

region into multiple patches, and mapped those weak classifiers to the patches. 

The weak classifiers, inspired by the Viola and Jones approach, belonging to 

each patch, were combined to create a new classifier to determine if this was a 

valid face patch without occlusion.  

  In [11], a novel approach for automatic and robust face detection was presented. 

It used a component-based approach that combined techniques from both the 

statistical and structural pattern recognition domain. The method relied on Haar-

like features and an AdaBoost trained classifier cascade, and the topology 

verification was based on graph matching techniques.  



1. INTRODUCTION (3) 

 In this paper, we propose robust frontal face detection obtained by modifying 

the method presented in [5].  

 In our approach, a face is decomposed into distinct face components.  

 These face components are selected by psychological experiments related to 

face recognition by humans [12].  

 Robustness is achieved by fusion with a weighted voting scheme where the 

relative relations among weights are selected based on recommendations 

given in [12].  

 In this paper, we present a proof of concept for the detection of frontal faces 

under occlusions which is suitable for extension to multi-viewpoint occluded 

face detection. 



2. SYSTEM DESCRIPTION (1) 
The tree associated with the frontal face T = (V, E) has |V| = 68 vertices (or parts) and |E| = 67 edges.  

Let us write I for an image and li = (xi, yi) for the pixel location of part Vi. A configuration of parts  

L ={li : i = 1,..., 68} is scored as follows [5]: 

   

   

  













Eij

ijijijij

i

ii

dyddycdxbdxaLShape

I,lwI,LApp

α(L)ShapeI,LAppI,LScore

(3)        . 

(2)                                      

)(1                   

22

68

1



 

Equation 2 sums the appearance evidence for placing a HOG-based template wi for part Vi at location li.  

A HOG-based feature vector  iI,l  is extracted from pixel location li in image I.  

Equation 3 scores the mixture-specific spatial arrangement of parts L, where dx = xi – xj and dy = yi − yj 

are the displacement of the Vi part relative to the Vj part.  

The term α is a scalar bias associated with the front face view. 

 

Mixture of trees that encode topological change due to viewpoint [5]. The red lines denote springs between pairs 

of parts.  



2. SYSTEM DESCRIPTION (2) 

i) The first modification partitions the tree T = (V, E), which 
corresponds to the frontal face, into 11 subtrees T

k
 = (V

k
, E

k
); k = 1, 2, 

...11, by removing the edges that connect different face components.  

Each subtree is associated with one face component: left upper 
edge, left lower edge, right upper edge, right lower edge, left side of 
the lips, right side of the lips, nose, left eye, left eyebrow, right eye, 
right eyebrow. 

 

ii) The second modification introduces three new thresholds (θ2, θ3 

and θ4) and three new scoring functions 

( )( *LI,Appearancek , )( *LI,ranceScoreAppea  and )( *LI,holdScoreThres ).  

The original threshold θ1 proposed in [5] is − 0.65, and the 

threshold θ2 is determined based on experiments.  

The )( *LI,ranceScoreAppea  and )( *LI,holdScoreThres  are described as 

follows. 

A face appearance score is defined as: 

    (5)   ,    
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where k is the weight of a k-th face component selected based  

on the results of psychological experiments [12]. 

Score(I,L*) ≥ θ1 

INPUT: Score(I,L*), θ1 

NO YES 

Face in I at L* Face not in I at L* 

Flowchart of the decision step for the 

original face detection algorithm [3].  

The face region is partitioned into 11 

face components containing parts 

corresponding to the face components. 

Removed edges are marked with short 

yellow lines.  



2. SYSTEM DESCRIPTION (3) 
For each face component k = 1, 2, ...11, the appearance score 

is defined as: 

    (6)                          , *
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THE EXPERIMENTALLY DETERMINED IMPORTANCE OF FACE COMPONENTS 

IN FACE RECOGNITION BY HUMANS 
Face component Weight µk 

Left/right upper contour - µ1/µ2 1 

Left/right lower contour - µ3/µ4 1 

Left/right side of the lips - µ5/µ6 2 

Nose - µ7 1.5 

Left/right eye - µ8/µ10 3 

Left/right eyebrow - µ9/µ11 2.5 

A face appearance threshold score is defined as: 
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and Thresholdk defines the minimal value of the appearance score of a k-

th face component for which it is supposed that this face component is 

correctly detected. Thresholds Thresholdk; k = 1, 2, …, 11 are selected 

based on the experiments conducted in the XM2VTS [13] 
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3. EXPERIMENTAL RESULTS (1) 

 Two databases were used to perform the experiments. From the XM2VTS database 

[13], 201 images of frontal faces without occlusions were selected (first column of 

Fig. 5). For each of these 201 images, six new images were created for simulating six 

typical configurations of face occlusions by covering different face regions with black 

rectangles.  

 Additionally, 73 images without faces were selected from the INRIA person database 

[14] (Fig. 6). In total, 1,480 (i.e. 7 × 201 + 73) images were used for testing. Let us 

now justify somewhat the unusual configuration of the testing.  

 Typically, some “in the wild” datasets, such as AFW [15], which contain complex 

scenes with face occlusions, are used for testing face detection performance. All such 

databases violate our assumption about the presence of only frontal faces.  

 In order to circumvent this shortcoming of the popular datasets used for face detection 

testing, we were forced to create an ad hoc face dataset just for the purpose of the 

proof of concept. Because the XM2VTS database contains only face images, the 

INRIA person database was used to enable an evaluation of false positive face 

detections. 



3. EXPERIMENTAL RESULTS (2) 

Results of face detection for frontal face images from the XM2VTS database with three score values S1 for Score(I,L*), S2 for 

ScoreAppearance(I,L*) and S3 for ScoreThreshold(I,L*). The first column is faces without occlusions and the other columns represent faces 

with different modes of occlusion. For example, for the 5th face in the top row S1 = − 0.69887, which means that the original method fails to 

detect the face, while S3 = 3, which means that the modified method detects the face. 



3. EXPERIMENTAL RESULTS (3) 

False detections of faces for an image from the INRIA person database with 

Score(I,L*) > − 1. For each detection frame, the values of Score(I,L*), 

ScoreApperance(I,L*) and ScoreThreshold(I,L*) are given in the same line, 

respectively. For example, in the image at the lower left frame, the values 

are Score(I,L*) = − 0.89707, ScoreApperance (I,L*) = 0.52952 and 

ScoreThreshold(I,L*) = 1. 

The single false detections of faces for the image from the 

INRIA person database with Score(I,L*) ≥ − 0.65.  



3. EXPERIMENTAL RESULTS (4) 
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) distribution, the red line represents the mean 
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3. EXPERIMENTAL RESULTS (5) 

 

Comparison of the original and the proposed method: a) FN and FP for the original method; b) FP and FN 

for the proposed method where θ1 = -0.65, θ2 =-0.83, and θ4 = 3; c) 1-FPR and 1-FNR for the original and 

the proposed method, the green circle represents the working point of the original algorithm for threshold θ1 

= − 0.65, and the red circle represents the working point for the proposed algorithm for θ1 = − 0.65, θ2 = − 

0.83, θ3 = 0.69, and θ4 = 3 for which the TER is minimal. 
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5. CONCLUSION (1) 

 In this paper, we have analysed the influence of face occlusion on the face detection 

method based on deformable part-based models as originally proposed by X. Zhu 

and D. Ramanan [5].  

 We proposed modifications of the method in order to increase the robustness of face 

detection and to minimize the total error rate. The main modifications are:  

 i) the tree, representing the part-based model of the frontal face, which is 

partitioned into 11 subtrees representing the face components (left upper edge, 

left lower edge, right upper edge, right lower edge, left side of the lips, right 

side of the lips, nose, left eye, left eyebrow, right eye, right eyebrow);  

 ii) the weight of each face component which is obtained based on the results of 

psychological experiments [12];  

 iii) the introduction of new scoring functions and thresholds; iv) a new 

procedure for the robust detection of faces under occlusion based on an 

evaluation of scoring functions and thresholds.  



5. CONCLUSION (2) 

 By using our method on a database consisting of 1,480 images (201 non-

occluded face images, 1,206 face images with six types of occlusion and 73 

non-face images), the TER was improved by 22.32 % compared to the 

original method [5].  

 Note that the experiment was performed only for frontal face images, and 

thus this work is used only as a proof of concept. Based on the encouraging 

results, we plan to extend the proposed method by applying the original 

mixture trees for 13 different face poses and in a total of 146 parts [5]. 
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