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Face detection [1, 6] is the task of classifying a sub-window as being a
face or not. There are many ways to obtain sub-windows from an im-
age, with the sliding window approach being the most well known. This
can result in multiple detections and false alarms. A merging and prun-
ing heuristic algorithm is then typically used to output the final detections
[3]. Recent work has been done to overcome the limitations of the sliding
window approach by using a branch-and-bound technique to evaluate all
possible sub-windows in an efficient way [2]. A different approach was
recently proposed in [4] and [5] where they show that the score distribu-
tion is significantly different around a true object location than around a
false alarm location.

We propose a model to enhance a given face classifier, by discriminat-
ing false detections (sub-windows) from true detections using the contex-
tual information. Our approach follows the work of [4, 5], but we propose
a more discriminative approach and we extract a larger variety of features.
We investigate the detection distribution around some sub-window (which
we call the context) from which we compute features from every possi-
ble axis combination (location and scale). The main advantages of our
method is that it can be initialized with any sub-window collection and it
poses no restriction regarding the object classifier to run on top of.

To build the context of a target sub-window Tsw = (x,y,s), we sam-
ple in the 3D space of location (x,y) and scale (s) to collect detections.
Then the context of Tsw consists of collection of 4D points C(Tsw) =
{(xi,yi,si,msi)i=1,..}, where ms is the classifier score. We propose two
strategies for context sampling: full and axis. The full strategy consists
of sampling by varying the location and scale at the same time, while the
axis strategy the sampling is done just along one axis at a time.

The feature vectors are defined by their attribute and the axis com-
bination (x, y and s) used to obtain the attribute. We use 5 attributes that
capture the global information (counts), the geometry of the detection dis-
tribution (hits) and the detection confidence (score) obtained from the face
classifier.
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Figure 1: Cloud of points of score standard deviation for 3 axis (x, y,
scale) using axis sampling (a) and full sampling (b).

It is possible then to use these features to separate the two classes
of context (Fig. 1). We found experimentally that: significantly more
detections are generated around a true detection than around a false alarm
and false alarms present contexts with smaller score variation and less
spread along each axis.

Next we build a logistic linear model for each feature:
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Training the model is done by minimizing the negative of the likelihood of
the model output being generated from the input data with additional L1
and L2 norm regularization terms. Then the function to optimize becomes:
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where l (w,x) = −y log(M(x,w))− (1− y) log(1−M(x,w)) is the nega-
tive log likelihood of the sample x using the model weights w and having
the label y. The log likelihoods are averaged separately over the N+ pos-
itive samples and the N− negative samples respectively because of the
unbalanced nature of the training samples.

In the case of object detection (in particular face detection) it is pre-
ferred to have higher false alarms than to miss objects. This implies that
β < 1. The λ1 and λ2 and τ (threshold) are chosen to minimize the
Weighted Error Rate (WER) defined as:

WER(β ,τ) =
β ×FAR+FRR

β +1
, (3)

where FAR is the False Acceptance Rate and FRR is the False Rejection
Rate.

Next we combine the feature classifiers using the same logistic linear
model. The inputs to the combined classifier are the normalized outputs
of the context feature classifiers xk,l = Mk,l(x,w)− τk,l , where k indicates
the attribute type (k = 1..n,n = 5) and l corresponds to the axis combina-
tion (l = 1..m,m = 7) and τk,l is the optimum threshold value of the Mk,l
model.
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Figure 2: Context-based model’s weighted error rate (WER) for the test
sets of XM2VTS (a) and MIT+CMU (b) databases, with blue for full
sampling and with green for axis sampling.

Experimental results have shown that the context-based classifier dis-
tinguishes reasonable well false alarms and true detections (see Fig. 2)
for multiple threshold values of the MCT face classifier [1]. This affects
face detection by reducing exponentially the number of false alarms with
a relative small drop in TAR.
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