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Abstract. A method for illumination robust facial feature detection on
frontal images of the human face is proposed. Illumination robust features
are produced from weighted contributions of the texture and illumination components of an image where the illumination is estimated via
Bayesian least-squares minimization with the required posterior probability inferred using an adaptive Monte-Carlo sampling approach. This
estimate is used to decouple the illumination and texture components,
from which Haar-like features are extracted. A weighted aggregate of each
component’s features is then compared with a cascade of pre-trained classifiers for the face, eyes, nose, and mouth. Experimental results against
the Yale Face Database B suggest higher sensitivity and F1 score values than current methods while maintaining comparable specificity and
accuracy in the presence of non-ideal illumination conditions.
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Introduction

The detection of facial features such as the eyes, nose, or mouth on human
faces is useful in a wide variety of applications. Examples of such applications
include biometric authentication [7], gaze tracking [16], and human-computer
interaction [2]. Methods exist to address the problem of facial feature detection
in controlled environments, however, their performance suffers when non-ideal
illumination conditions are present.
Viola and Jones [22] suggest a method for object detection using a cascade
of simple features and apply this method specifically to face and facial feature detection. By cascading a collection of Haar-like features over an image
at different scales, strong and weak classifiers can be trained. Weak classifiers
determine regions of likely facial features in order to narrow the search area
and progressively stronger classifiers are used to positively identify objects of
interest. This results in a fast and scale-invariant method for object detection.
Various improvements to speed and accuracy [4, 23, 24] have made this method
widely used. Naruniec [17] compiled a comprehensive survey of facial feature
?
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detection methods and while this survey recognizes the accuracy and speed of
appearance-based methods, it notes that trained classifiers are unreliable when
recognizing features not well represented in the training data, such as facial hair,
face orientation, or illumination conditions.
Methods exist to address the problem of inconsistent illumination of human faces. Gourier et al. [9] present a method to extract features from a face
which are robust to pose and illumination using linear combinations of Gaussian
derivatives. Hu et al. [12] detect faces under varying illumination conditions by
using a YCbCr skin-colour model. Local binary patterns (LBPs) [18] have been
used with success for the purpose of face recognition [1, 13, 21] and have been
extended to general object detection tasks [26, 27] as well as face detection in
particular [10, 11, 20]. One other possible alternative is to first employ Retinex
approaches [5, 14, 25] prior to feature extraction.
This paper will be organized as follows: the proposed method is first presented, followed by a description of the experimental setup, a discussion of the
experimental results, and conclusions.

2

Proposed Method

The proposed method aims to build upon the framework established by Viola and Jones [22] by extracting illumination robust features for comparison
against trained classifiers to compensate for non-ideal illumination conditions.
This is achieved by decoupling the illumination and texture components of an
image through Bayesian least-squares estimation with Monte Carlo posterior
sampling [25]. Weighted contributions from each of these aspects are then used
to produce robust features for comparison against trained classifiers. A flow chart
illustrating the steps used in this method can be seen in Fig. 1.

Fig. 1: General illustration of the proposed method. A weighted combination of
features extracted from the texture and illumination components is obtained for
each classifier in a cascade. This feature is then compared based on methods
described by Viola and Jones [22].
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2.1

Illumination Robust Features

Since the texture component of an image is both useful in quantifying local distinctiveness and relatively insensitive to spatially-varying illumination changes,
contributions from texture are helpful in producing illumination robust features.
However, texture alone fails to encapsulate sufficient geometric information, leading to the need to also incorporate the information from the illumination aspect
of an image. We model the image I as an additive relation of the texture, T ,
and illumination, L, components:
I = T + L.

(1)

Let fT and fL denote sets of Haar-like features [19] extracted from T and L
respectively. A weighted combination of these feature sets can be produced as
fI 0 = αfT + βfL ,

(2)

where α and β are weighting factors and fI 0 represents the set of illumination
compensated features.
2.2

Texture Illumination Decoupling

To produce these features, the texture (T ) and illumination (L) aspects of an
image are required. We aim to disassociate T and L by first producing an approximation of L (denoted as L̂) and calculating an estimate of T (denoted as
T̂ ) based off of the model described in Eq. 1 as T̂ = I − L̂. To obtain L̂, a
Bayesian least-squares minimization approach is used. This minimization can be
formulated as
L̂ = arg min E((L − L̂)2 |I),

(3)

L̂

where E(.) denotes the expectation and L̂ represents the estimate of L. Based
on work by Lui et al. [15], the solution to the minimization can be written as
Z
L̂ = Lp(L|I)dL
(4)
The posterior probability, p(L|I), is necessary for this calculation; however,
it is difficult to obtain analytically. For this reason, we adapt the Monte Carlo
sampling approach proposed in [25] to infer the required posterior probability
distribution. We first establish a set of pixels, Ω, from a region of interest, ηq̄ ,
surrounding a pixel of interest, q̄. From a uniform distribution, Q(qk , q̄), pixels q1 , q2 , ..., qM are sampled with equal probability. An acceptance probability,
α(qk |q̄), is calculated for each sampled pixel, qk , based on its regional similarity
to the center pixel, q̄, as follows:
!
N
1 X
2
(ℵq (i) − ℵq̄ (i))
(5)
α(qk |q̄) = exp σ −
N i=1 k
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where ℵqk and ℵq̄ are regions of equal size surrounding qk and q̄ respectively, σ is
a constant, and N represents the number of pixels in each region. The likelihood
that qk is added to Ω is determined by α(qk |q̄). The sampling process is repeated
until M sample pixels are acquired, at which point, the posterior probability can
be estimated as
PM

α(qk |q̄)δ(L − I(qk ))
,
(6)
Z
P
where Z is a normalization factor such that
p̂(L|I) = 1 and δ(.) represents
the Dirac function.
p̂(L|I) =

2.3

k=0

Feature Cascade Object Detection

Feature cascade object detection [22] relies on many classifiers trained over
a large number of positive and negative sample images. These classifiers are
trained by applying Haar-like features to each training image at various position and scale to produce many classification features. AdaBoost [6] is used to
select the features which best classify the objects and combine these features
into weak classifiers. By iteratively comparing analogous features from the input
image with those in the weak classifiers, areas of unimportance can be quickly
discarded. Weak classifiers alone cannot classify an image, however, a strong
classifier consisting of the weighted summation of weak classifiers is sufficient to
detect objects of interest.
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Experimental Setup

For the purpose of testing the performance of the proposed method under drastic lighting conditions, the Yale Face Database B was used [8]. This database
provides images of human faces for 39 different subjects facing various angles
under 64 different illumination conditions per subject. For this project, only
the frontal view of each face was used. Each image is 256 bits, 480 x 640, and
grayscale. The various illumination conditions include combinations of lighting
angles ranging from −130o to +130o horizontally and −40o to +90o degrees vertically. In addition, one image taken with ambient lighting is included for each
subject. Example images from the database can be viewed in Fig. 2. It should
be noted that subject 14 was not available for download and subject 16 had no
corresponding frontal view and were therefore omitted from testing.
Ground truth was obtained for each subject by performing detection under
ideal lighting conditions. These results were visually verified and manually corrected. Because each of the 64 different illumination condition images were taken
in rapid succession, it was assumed that the location of facial features for each
subject did not vary. For this reason, the ground truth acquired for each subject
under ideal lighting conditions was used as the ground truth across all lighting
scenarios for the same subject.
For every subject and lighting condition, the method proposed by Viola and
Jones [22] as well as our method were applied. For comparison purposes, we
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also tested two Retinex-based methods for improving illumination robustness in
facial feature detection: i) Gaussian Retinex as described by Jobson et al. [14],
and ii) Bilateral Retinex as proposed by Elad [5]. To increase computation speed,
illumination estimation for all decoupling methods was performed on images
which were down sampled by a factor of four. In addition, the α and β values
used throughout this project are 0.85 and 0.15 respectively.
Pre-trained classifiers available through the OpenCV library [3] were used
throughout this paper. Because multiple instances of faces, eye pairs, noses, and
mouths may be returned, automatic selection of the most probable true features
is performed based on logical assumptions regarding the face. Such assumptions
include: each face contains only one eye pair, one nose, and one mouth, and each
eye pair, nose, and mouth feature is approximately horizontally centered on the
face.
From the detected regions, areas of true positive (T P ), true negative (T N ),
false positive (F P ), and false negative (F N ) were calculated based on areas
of overlap with the ground truth data. The resulting values were then used to
calculate four metrics for analysis: sensitivity, specificity, accuracy, and F1 score.
The equations for these metrics are defined as follows:
TN
TP
,
Specif icity =
,
Sensitivity =
TP + FN
TN + FP
TP + TN
2T P
Accuracy =
, F1 Score =
, (7)
TP + TN + FP + FN
2T P + F P + F N

(a) Ambient lighting (b) Light shone at (c) Light shone at (d) Light shone at
+45o vertically
+90o horizontally
+35o
horizontally
and +40o vertically

Fig. 2: Selection from Yale Face Database B
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Experimental Results

The average sensitivity, specificity, accuracy, and F1 score across all subjects
and lighting conditions can be seen in Table 1. Our method achieves sensitivity
values and F1 scores which are generally higher than those achieved by the other
presented methods, however, the specificity and accuracy values remain similar.
These values are likely skewed due to the difference in the number of detected
features; in these cases, regions of false positive are zero while the regions of
true negative are the entire image, thus leading to large specificity and increased
accuracy values as per Eq. 7. The improved sensitivity values and F1 scores

6

Table 1: Average values of sensitivity, specificity, accuracy, and F1 score calculated across all subjects and lighting conditions. The number of features that
went undetected are also shown. The most desirable values for each metric are
presented in boldface.

Sensitivity
Specificity
Accuracy
F1 Score
Undetected
Sensitivity
Specificity
Accuracy
F1 Score
Undetected

Viola [22] Jobson [14] Elad [5]
Face
80.21% 93.31%
90.02%
98.03% 97.79%
98.52%
94.30% 96.85%
96.74%
85.32% 92.38%
91.83%
73
27
22
Nose
52.81% 65.14%
61.27%
99.66% 99.62%
99.78%
99.19% 99.28%
99.40%
55.93% 63.73%
66.12%
443
313
481

Ours
93.92%
98.41%
97.45%
93.82%
0
73.01%
99.53%
99.26%
65.90%
85

Viola [22] Jobson [14] Elad [5]
Eyes
45.47% 64.42%
71.62%
99.95% 99.92%
99.90%
98.86% 99.20%
99.33%
61.09% 76.02%
80.65%
1054
635
478
Mouth
46.38% 62.85%
61.27%
99.54% 99.58%
99.70%
98.82% 99.09%
99.18%
51.13% 64.27%
65.83%
325
84
71

Ours
76.34%
99.92%
99.44%
84.25%
358
64.87%
99.64%
99.17%
67.29%
31

demonstrated by our method suggest that all facial features were detected with
greater regions of true positive and smaller regions of false negatives than in the
case without illumination compensation.
While all illumination-robust methods resulted in improved performance
when compared to the method proposed by Viola and Jones [22], our method
results in better performance with the exception of F1 score for the nose. This
suggests that the proposed method is able to better handle complex non-ideal
illumination scenarios to facilitate for improved facial feature detection. While
Elad [5] and Jobson et al. [14] rely on the assumption that L is piece-wise smooth,
our method is able to avoid this assumption, leading to better handling of sharp
illumination changes.
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Conclusions

A method for illumination robust facial feature detection by considering contributions from both the illumination and texture aspects of an image was proposed. Furthermore, it was proposed that the decoupling of illumination and texture be achieved by Bayesian minimization. Results indicate higher sensitivity
and F1 score values while achieving similar specificity and accuracy when compared to the method proposed by Viola and Jones [22], as well as two Retinexbased methods.
Future work will include further validation against a wider variety of state of
the art methods. In addition, training of classifiers from illumination compensated features will be explored as a means to achieve improved performance.
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