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Abstract—Automated Face Quality Assessment (FQA) plays a
key role in improving face recognition accuracy and increasing
computational efficiency. In the context of video, it is very
common to acquire multiple face images of a single person. If one
were to use all the acquired face images for the recognition task,
the computational load for Face Recognition (FR) increases while
recognition accuracy decreases due to outliers. This impediment
necessitates a strategy to optimally choose the good quality
face images from the pool of images in order to improve the
performance of the FR algorithm. Toward this end, we propose
a FQA algorithm that is based on mimicking the recognition
capability of a given FR algorithm using a Convolutional Neural
Network (CNN). In this way, we select those face images that are
of high quality with respect to the FR algorithm. The proposed
algorithm is simple and can be used in conjunction with any FR
algorithm. Preliminary results demonstrate that the proposed
method is on par with the state-of-the-art FQA methods in
improving the performance of FR algorithms in a surveillance
scenario.

Index Terms—Convolutional Neural Networks, Face Image
Quality Assessment, Face Recognition, Surveillance.

[. INTRODUCTION

In the past few decades, Face Recognition (FR) has received
great attention not only due to its numerous applications,
including video surveillance, access control, entertainment and
law enforcement but also to understand the FR process in
humans. Since FR is the natural way of identification and
verification, this field is rich with excellent literature [1], [2],
[3]. In the last two decades various algorithms have been
proposed for FR based on still images and video sequences.
However, in realistic scenarios, FR is limited by low quality
images and variation in pose, illumination, occlusion and
expression in the acquired face image [2]. Such problems
are even more severe in surveillance systems where users
may be uncooperative and the environment is uncontrolled.
Since poor quality images in the surveillance video sequences
offer very little information for FR. They not only increase
the computational load due to complex processes such as
feature extraction and matching, it also reduce the recognition
accuracy because of outliers. To address this problem, many
algorithms have been proposed in recent years to select the
subset of high quality faces and avoiding outliers.

To the best of our knowledge, Berrani et al. [4] were
among the first to address this issue by using statistical
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approaches to remove outliers. However, this approach is not
suited to the surveillance scenario where a majority of the
images are of poor quality. There are several algorithms for
face quality assessment that are based on estimating facial
properties such as estimating the pose [5], calculating the
asymmetry of the face by estimating out of plane rotation,
and non-frontal illumination to quantify the degradation of
the quality [6], [7], [8]. These methods consider only a subset
of factors affecting FR and hence not suitable for robust
image selection. Instead of considering the factors affecting
FR and fusing the scores, Wong et al. proposed the definition
of “standard” face as frontal faces with uniform illumination
and there by simultaneously considering the variations in pose,
sharpness and alignment errors [9]. However, the applications
are limited to the above algorithms since these are based on
hand-picked factors affecting the face image and assumptions
on “standard” face. Also, these algorithms do not leverage the
strengths of FR algorithms i.e., the above algorithms do not
fully utilize the abilities of FR algorithms that may be good
at recognizing faces with occlusions, pose variations or non-
uniform illumination.

Chen et al. [10] proposed an algorithm based on multiple
feature fusion and learning to rank to address the above
issue. In this algorithm, they considered three databases with
faces acquired in a controlled environment, an uncontrolled
environment, and with non-face images respectively. Then they
ranked the databases based on the recognition performance and
assumed the faces in the same database to have equal rank.
Their algorithm is implemented in two levels. In the first level,
they learned the weights for the feature vector of face images
from the above-mentioned datasets by using a linear kernel
such that the sum of weighted feature resembles the ranking
of databases. For this, they considered five different feature
vectors and learned the corresponding weights. In the second
level, they combined five first level scores with respect to each
feature vector by using a second order polynomial kernel to
give the final quality score for the given probe face image.

The motivation of our algorithm is fundamentally similar to
learning to rank based algorithm, however it uses a different
and novel approach that is based on modelling the system
response of an FR algorithm using CNN.

The paper proceeds as follows: Section II describes our
proposed algorithm in the framework of FR System. Section
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IIT discusses the experimental set-up of FQA. Section IV
discusses our experiments on ChokePoint dataset [9] and
compares our algorithm with other face selection algorithms.
Section V concludes the discussion and gives the direction for
future work.

II. FACE RECOGNITION SYSTEM

A typical FR system comprises of face detection, face local-
ization, face subset selection (optional), face feature extraction
and face matching components as shown in the Fig.1 [2]. In
the proposed algorithm, the face subset selection component is
analysed and the best subset of faces are selected for further
processing in order to enhance the performance of FR. The
details of each component is presented below.

Face Face Feature Face
Detection Localization Extraction Matching
\ J

Module 1 Module 2

~
J

Face Subset
Selection

)
Gallery Set
—

Fig. 1: Face Recognition System

A. Face Detection and Localization

To detect and localize the face in each frame, we used
Viola Jones Haar feature based cascade classifier [11]. We
omitted the faces where the Haar cascade classifier is not able
to detect the face. After detecting the facial region from the
aforementioned classifier, localization is done by fixing the
center and cropping the facial region by omitting borders. The
final cropped images are then resized to 64 x 64 pixels.

B. Face Subset Selection

It is quite common in a video surveillance scenario to
acquire multiple face images of same person. Selecting the
subset of faces with high quality improves the performance of
recognition algorithm by removing the outliers. It also reduces
the complexity of FR algorithm, considering the fact that face
feature extraction process is computationally expensive and
complex. As discussed in section I, it is difficult to define the
quality of a face image. Several researchers have defined the
quality in different ways. In this paper, we define the quality
with respect to the FR algorithm.

The motivation behind our definition of the quality is
explained as follows by considering an example. If an FR
algorithm is good at recognizing the faces with pose variations
but not able to recognize the faces with non-uniform illumina-
tion, then the faces with pose variations should be considered
high quality and faces with non-uniform illumination should
be considered low quality. Since different FR algorithms work
better in different aspects such as occlusion, pose variations,
illumination variations, hence fixing the definition of quality
doesn’t take the full advantage of the FR algorithm under

consideration. So, in this paper, we propose a novel take on
face quality definition and choose to define the quality of the
face image with respect to the FR algorithm.

For convenience, we categorize the FR system into two
modules. The first module consists of face detection and
face localization. The second module is the FR algorithm
that consists of face feature extraction and face matching.
As an FQA algorithm, we need to predict the face images
that performs best in the second module of the given FR
algorithm and this is not a trivial problem. Toward this end,
we considered the second module as an unknown system (or
a black box) and have attempted to model its system response
using a CNN. To achieve this, we first used a training set
of images to evaluate the system performance of the FR
algorithm. Thus, by knowing the input and output to the black
box, we model its performance such that it is able to predict
the quality of test images a priori. By this, we could select the
high quality face images that are best recognized by the FR
algorithm.

A CNN is used to model the performance of the FR
algorithm due to its strengths over other modelling techniques.
Since a CNN accepts the entire 2D image as input, there
is no need for complicated image transformation or feature
extraction. This feature is particularly useful in our case where
the definition of quality of face image is not fixed. So, the CNN
learns its parameters and defines the quality of the face image
depending on the FR algorithm. The proposed algorithm is
depicted in figure 3 and framework of CNN is explained in
section III.

C. Face Feature Extraction

After selecting the high quality faces, features are extracted
from each face image to form the feature vector and is used as
input for face matching. For this purpose we use two feature
extraction techniques, Local binary patterns (LBP) [12] and
Histogram of Oriented Gradients (HOG) [13], to show that
our FQA algorithm works across different FR algorithms.
LBP makes use of both shape and texture information of the
face while HOG makes use of the distribution of intensity
gradient or edge directions to describe a image. Though the
feature extraction techniques that we used are not exhaustive.
However, they form the reasonable subset to prove that our
FQA algorithm works across the different FR algorithm and
still able to select high quality images with respect to the given
FR algorithm.

D. Image Set Matching

We make use of Mutual Subspace Method (MSM) for face
image set matching [14]. The two image sets are considered
similar if the canonical angle between two image sets is
within the threshold. For each video sequence in the gallery
set, feature vectors are calculated and compared with feature
vectors of probe sequence using MSM. In MSM, the probe
sequence and each video sequence in gallery set is considered
as separate subspaces and similarity between the subspace is
measured by calculating the mean canonical angle between
the two subspaces.
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Fig. 2: Our CNN Architecture

Let the probe sequence be N dimensional subspace and each
video sequence in the gallery set be M dimensional subspace.
The canonical angle for each element of the probe sequence
is defined as the maximum angle between the given element
and all the elements of the M dimensional subspace for a
given video sequence in the gallery. The final similarity score
is calculated by taking the mean of canonical angle of all the
elements of the probe sequence. The score is then compared
to a threshold and final decision is made whether the probe
and the gallery sequence pair is matched/mismatched pair. The
threshold is obtained from a labeled set at which the total
number of false positives and false negatives is minimum. This
is referred as Minimum Error Rate (MER).

III. EXPERIMENTAL SETUP FOR FQA

The proposed algorithm uses CNN for face image quality
estimation. Given the face image, it is resized to 64 x 64 pixels
and PCA whitening is done to make it less redundant such
that face image is less correlated and then input to the CNN
to estimate the quality.

As a preliminary implementation, our CNN has four convo-
lution layers with sub sampling. The first convolutional layer
has 6 kernels with each of size 5 x 5 and produces 6 feature
maps with size 60 x 60, followed by sub sampling layer. The
second convolutional layer has 30 kernels with size 3 x 3 and
produces 30 feature maps with size 28 x 28 and then followed
by sub sampling layer. The third convolutional layer has 30
kernels each of size 3 x 3 and produces 30 feature maps with
size 12 x 12 and then followed by sub sampling layer. The final
convolutional layer has 6 kernels with each of size 6 x 6 and
then followed by linear regression with one dimensional output
that gives the quality score of the face image. The architecture
of our CNN is shown in Fig. 2.

In our experiments, we use the ChokePoint dataset [9]
that is ideally suited for face recognition/verification in the
surveillance scenario. The dataset consists of 25 subjects (19
male and 6 female) with 64,204 face images. We divide the
images into training and testing sets. Set 1 contains image
sequences of 13 subjects for training the CNN and Set 2
contains the rest of the images sequences to evaluate the
performance of the FR algorithm.

A. Training

For training, we assign each face image with a quality score.
This score is evaluated based on how the FR algorithm is
able to recognize the input face image given the faces in the
gallery set. Without loss of generality, we consider the FR
algorithm with LBP/HOG for feature extraction and MSM for
face matching. Since the MSM score depicts the performance
of recognition algorithm, we assign the quality of the given
input face image with MSM score to train the CNN.

Let I,, be the preprocessed input face image, @),, be the
quality/MSM score and f([,, W) be the predicted score of
the input face image where W is the weight matrix of the
network. The network parameters/weight matrix is obtained
by solving the following objective function.

N
1 . 2
S=+ 2 1f (L, W) = @ull,
W = argmin S
w
where NN is the total number of images in the training set.
Back propagation and Stochastic gradient descent method are
used to minimize the above cost function.
We used a batch size of 50 and ran the CNN for 500 epochs.
The entire training process is depicted in Fig. 3.

Face Images

Module 2

Module 1 I

Quality Scores

Generates
CNN Model

Face Images CNN

Architecture

Fig. 3: Training the CNN for predicting face quality.

B. Testing

The preprocessed face images in the probe sequence is given
as the input to the trained CNN and quality scores are predicted
for each face image in the sequence. The CNN model is trained
such that these scores resemble the MSM scores of the FR
algorithm. Subset selection is done by sorting the predicted
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quality scores of face image sequence and taking the top N
images from the sorted list. Then these selected N images are
given to the FR algorithm for further processing. The subset
selection process is illustrated in Fig. 4.

Face Predicted TopN
Images Scores Images
Module 1 CNN Model Sorting Module 2
Subset Selection

Fig. 4: Testing the CNN face quality model.

IV. RESULTS AND DISCUSSION

Any FR algorithm can be used in conjunction with proposed
face quality assessment algorithm for improved accuracy and
computational efficiency. The test set for evaluating the per-
formance of FR algorithm is split further into two sets G1
and G2 where each dataset plays the role of development
and evaluation sets respectively. The subjects that are used
for training the CNN model are not used here to evaluate the
performance of the FR algorithm.

We performed our experiment in two phases. In first phase,
G1 is considered as the development set and G2 as the
evaluation set and roles of G1 and G2 are reversed in the
second phase. By considering one group as development set
(labeled set), we calculated matched and mismatched scores.
Then, we find the threshold where the sum of False Acceptance
Rate (FAR) and False Rejection Rate (FRR) is minimum i.e.,
Minimum Error Rate. By applying this threshold on the scores
of pairs of evaluation sets, recognition rate (Rg2) is calculated
as follows

Rea =05 x [(1— FAR) + (1 — FRR)].

In the second phase, recognition rate(R¢1) is calculated in a
similar fashion and final recognition rate (R,.4) is calculated
as follows

Rapg = 0.5 x (Rec1 + Ra2).

For subset selection, we selected N high quality images
for face recognition based on different selection metrics and
characterized how different metrics improve the recognition
performance.

We compare the performance of the proposed FQA al-
gorithm with four other selection methods: (1) sequential
selection, (2) random selection, (3) quality assessment based
on patch-based probabilistic approach [9], (4) Learning to
Rank based quality assessment [10]. After face selection, the
aforementioned protocol is used to compare the results by
varying N from 4 to 16. Results using LBP and HOG for
feature extraction and MSM for face matching with different
selection methods are shown in Table I and II. From the results,
we can infer that high verification performance is achieved by
the proposed method which in turn implies that it is able to
select the best subset of faces from the sequence of faces.
Further, it can be observed that the proposed method outper-
forms the random, sequential methods and the patch-based

probabilistic approach and is on par with the learning to rank
based approach. In the patch-based probabilistic approach, the
subset selection assumes that the FR algorithm can recognize
face images only when they resemble standard faces. This
assumption may not always be true. The rank based approach
makes use of five feature extraction algorithms which is an
expensive step (the step which motivated the researchers to
work on subset selection). Also, they considered the same rank
for all the images in a single database which may not be the
true in all cases.

In our experiments, we use MSM for face matching which
does not consider the relationship among the acquired face
images. Thus there might be the chances that the best subset
of faces might have identical information. If we choose the FR
algorithm that considers the relationship among the acquired
face images, then our FQA implementation can be modified
to take multiple images as input and will be able to select the
best subset of faces that doesn’t have identical information for
the FR algorithm under consideration. Hence, we can use our
FQA implementation in conjunction with any FR algorithm
and fully leverage the ability of the FR algorithm.

TABLE I: Video-based face verification performance on the
ChokePoint dataset, using LBP and MSM (higher is better).

Subset Selection Method N=4 N=8 N=16
Sequential 0.6114 | 0.6174 | 0.6278
Random 0.6825 0.691 0.704
Probabilistic based [9] 0.6995 | 0.7181 | 0.7252
Rank based [10] 0.7328 | 0.7511 | 0.7645
Proposed Method 0.7226 | 0.7564 | 0.7786

TABLE II: Video-based face verification performance on the
ChokePoint dataset, using HOG and MSM (higher is better).

Subset Selection Method N=4 N=8 N=16
Sequential 0.6419 | 0.6504 | 0.6669
Random 0.7329 | 0.7552 | 0.7706
Probabilistic based [9] 0.7603 | 0.7753 | 0.7876
Rank based [10] 0.7843 0.787 0.7857
Proposed Method 0.7589 | 0.7775 | 0.7917

V. CONCLUSIONS AND FUTURE WORK

In this paper, we presented a novel FQA algorithm. We
were motivated by the fact that different FR algorithms have
different capabilities in recognition, and therefore the quality
of the image should be defined with respect to the FR
algorithm. To achieve this, a CNN is used to define the quality
by training its network with the score/value that depicts the
performance of the FR algorithm in consideration. By using
this quality measure to sort the input sequence and taking
only high quality images we successfully demonstrated that it
not only increases the recognition accuracy but also reduces
the computational complexity. From the initial results, we
strongly believe that the proposed algorithm is promising and
has attractive features. As part of future work, we plan to
improve the performance of the algorithm by fine-tuning the
parameters.
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