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Abstract

In this paper, we propose a multi-task convolutional neu-
ral network which produces an image quality vector for an
input face image. This image quality vector contains the
face quality score and the information about the nuisance
factors (i.e., pose, illumination, blurriness and expression)
that caused the predicted image quality score. Our multi-
task network utilizes a pretrained ResNet-50 as its stem.
Employing different data augmentation techniques, we cre-
ate a huge and diverse dataset. We ground truth this dataset
and use it to fine-tune our multi-task neural network. Our
Multi-task learning framework enables us to learn a shared
and beneficial feature representation among the relevant
tasks to achieve a better performance. Moreover, the pro-
posed multi-task neural network provides useful informa-
tion about the nuisance factors.

Nuisance factors information is useful for applications
like face image quality assessment during the automatic en-
rollment process where user’s photo should comply with
a standardized criteria. In this case, if the user upload a
low-quality image which does not comply with a predefined
standard, the system provides feedback about the nuisance
factors associated with the captured image. Therefore, the
user can resolve the problem, and upload a new image that
can remedy the issue. Although an extensive research has
been done on face image quality assessment, non of them
have addressed face image quality vector effectively. To the
best of our knowledge, our method is the first method that
uses deep learning approach to generate a face image qual-
ity vector. The evaluation of results demonstrates that our
method gets higher or comparable accuracy for face im-
age quality assessment in comparison to the state-of-the-art
methods and analyzes the input image to provide detailed
information about the nuisance factors.

1. Introduction
Among different biometrics modalities, face images are

one of the most utilized traits, and face recognition is

the most active research area in the field of biometrics
[1][2][3].The performance of a face recognition system de-
pends on the utility (usefulness) of its input to a large extent.
That is, the accuracy of a face recognition system should
depend on how good are its input images. This utility of a
face image for biometrics systems is measured in terms of
image quality. Therefore, if the input image of a face recog-
nition system is of a low quality, the accuracy of that system
would be low, and its identification score would be inaccu-
rate. In contrast, if the input image is of the high quality, the
accuracy of the face recognition system would be high.

Due to the significant effect of the quality of the input
image on the accuracy of the biometrics systems specially
face recognition systems, recently, face image quality as-
sessment has received a large amount of attention in the re-
search community. As a result, developing a model that
can predict the quality of a face image would lead to an
improvement in the overall performance of biometrics sys-
tems. To be more specific, the assessment of face image
quality for face recognition systems is very important be-
cause in many real-world scenarios face recognition sys-
tems work under unconstrained environments. For exam-
ple, video surveillance systems capture face images under a
huge variation in illumination, pose, expression, occlusion,
and many other nuisance factors. In this situation, devel-
oping a Face Image Quality Assessment (FIQA) model can
help the overall performance of a face recognition system to
be more stable by filtering out the very low-quality images
and keeping the moderately high-quality ones.

An FIQA model has utility in photo acceptance applica-
tions where a single scalar value that represents the quality
of a face image can be used to make acceptance or rejection
decision. For example, when a user uploads a low-quality
image, the system rejects the image due to its quality score
is below a pre-specified threshold, and asks the user to up-
load a new image. Another application of FIQA is in photo
selection where the receiving system only accepts one im-
age of the subject, however, there are more than one image
available from that subject; therefore, the system can select
the best image with the highest image quality. For example,
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when the goal is to recognize the identity of a suspicious
person in a video sequence which is captured by a surveil-
lance camera, FIQA can be used to select the frame with
the highest image quality among the different frames of the
video sequence. Also, quality summarization is another ap-
plication of FIQA to be mentioned. In some enterprises,
face images are captured from many subjects, by different
staff, from different sites, and under different conditions.
This is where a scalar image quality value can be used to as-
sess the effectiveness of the collection. For instance, when
multiple samples exists from a frequent traveler that were
captured at different locations, and different times, the qual-
ity score of images can represent the effectiveness of collec-
tion at different sites.

Due to the paramount importance of face image quality,
extensive research has been done in this area; consequently
different methods for measuring the quality of a face image
have been introduced. These methods can be categorized
into two different categories the analytic-based [4][5][6]
and learning-based methods [7][8][9]. The analytic meth-
ods in the first category [6] evaluate face image quality by
using handcrafted features like illumination intensity, blur-
riness, odd skin color, vertical edge density, and so on.
These methods require to manually extract features, but ex-
tracting all these features that degrade face image quality is
unrealistic. Learning-based methods are based on the deep
learning approach which is the most utilized approach for
different computer vision tasks from image segmentation
[10][11] and action recognition [12] to biometric-related
tasks like face recognition [13][14] and morph detection
[15]. Learning-based methods for FIQA obtain a quality
score which is comparable to the recognition model out-
come. In fact learning-based methods establish a mapping
between the image quality and a recognition model.

Although a comprehensive research has been done on as-
sessing face image quality, none of the current FIQA mod-
els provide sufficient information about the nuisance fac-
tors associated with a low-quality face image. This work
utilize information about the nuisance factors that can be
useful in several applications such as automatic verification
of a person identity at a border kiosk, or assessing face im-
age quality during the automatic enrollment process (e.g.,
visa application) where the user’s photo must comply with
a special criteria. In these cases, if the user receive a feed-
back from the system about the nuisance factors associated
with his captured face image, or in case of uploading an im-
age which does not comply with a predefined specification
(standard), he can resolve the problem about his face im-
age and upload a new image to comply with the required
standard.

In this paper, we propose a new face image quality vector
assessment model which is based on a multi-task convolu-
tional neural network architecture. Our model receives a
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 Pose         Not-frontal
 
Expression          Neutral


Illumination          Under-exposed

Figure 1: Example of a quality vector. The output of ap-
plying our proposed method on an input image is a quality
vector. The quality vector contains quality, pose, expres-
sion, and illumination of the face image.

face image as an input and returns a quality vector. This
quality vector not only contains the quality score of the in-
put face image, but also it provides information about the
pose, illumination, and expression of the input face. A sam-
ple of applying our model on an input face image is shown
in Figure 1. We evaluated our method across two different
face recognition systems and on two different datasets to
assess its performance under different conditions. The re-
sults illustrate that our proposed method obtains higher or
comparable accuracy in comparison with other state-of-the-
art methods for predicting the face image quality. Also, our
method obtains around 90% accuracy for estimating pose,
illumination, and expression of the face image.

2. Related Works

In this section, we present some of the most relevant
methods related to our work, which are divided into multi-
task learning for face-related attributes, and face image
quality assessment.

The concept of multi-task learning was first discussed in
detail in [16]. Since that time it has been widely used in the
computer vision area specially for extracting face-related at-
tributes. Transferring and sharing knowledge among var-
ious tasks is the main reason that multi-task learning al-
gorithms achieve a good performance in computer vision
face-related problems. [17] was one of the earliest meth-
ods that used mixture of tree models with shared pool for
jointly learning landmark localization, pose estimation, and
face detection. HyperFace [18] fused intermediate layers
of CNN to extract better features for face detection, land-
mark localization, pose and gender estimation. [19] trained
a multi-task neural network for head-pose estimation, fa-
cial attribute inference and landmark localization. [20] pro-
posed a multi-task learning framework that regularizes the
shared parameters of CNN and builds a synergy among
different domains and tasks for the purpose of simultane-
ously face detection, face alignment, pose estimation, gen-
der recognition, smile detection, age estimation and, face
recognition.

512



Although a lot of multi-task learning methods for face-
related attributes have been proposed, none of these meth-
ods address the face image quality problem and its nui-
sance factors. Also, our approach uses asymmetric multi-
task learning approach where the network is trained first
for face image quality assessment as the primary task and
then fine tuned for pose estimation, facial expression recog-
nition, and illumination classification as auxiliary tasks that
regularize and improve the performance of the primary task.

Face image quality assessment methods can be cat-
egorized into the analytic-based and learning-based ap-
proaches. Early face image quality assessment methods fo-
cused on analytic image quality factors. Most of these meth-
ods are inspired from the ISO/IEC 19794-5 [21] standard
which is a series of guidelines for capturing high quality
images. These methods evaluate face image characteristics
like illumination, pose, expression, and occlusion and ana-
lyze their impacts on face image quality. [4] assesses the
effect of variation in illumination on face image quality. [5]
proposed a method which extracts some hand-craft features
from face images with the purpose of assessing the impact
of improper lightning and facial pose on face image quality.
[6] uses vertical edge density as a quality metric that can
estimate pose variation and improves the quality estimation
of face images. [22] combines five quality factors (illumina-
tion, brightness, sharpness, contrast, and focus) to compute
face quality index. The main problem with analytic-based
face image quality assessment methods is that they consider
just a limited number of features for assessing the image
quality which leads to an inaccurate quality estimation.

The second category of face image quality assessment
methods are learning-based approaches. These approaches
are completely different from analytic-based approaches
which are focused on directly measuring factors that affect
the face image quality like illumination, pose, blurriness,
and occlusion. However, the learning-based approaches
try to make a relationship between the image quality and
face recognition performance. To be more specific, these
approaches correlate image quality of a sample image to
the accuracy of a face recognition system when applied on
that sample. [7] is the first learning-based method, where
a multi-dimensional scaling approach is used to map space
characterization features to its score. [8] proposed a method
which first label images for quality by calculating the Eu-
clidean distance between each query image with the best
quality image of its respective subject, then trains a regres-
sion model on that labeled dataset to estimate the quality
score of a desired query image. Furthermore, they extended
their method [9] by taking the advantage of using four dif-
ferent face recognition systems for labeling the ground truth
which makes it unbiased toward a specific face recognition
system.

[23] uses a similarity distribution distance for face im-

age quality assessment. This method utilize the Wasserstein
distance between the intra-class similarity distribution and
inter-class similarity distribution for generating quality la-
bels. Then, it uses these labels to train a regression net-
work for quality prediction. In [24] the authors proposed
an unsupervised face quality assessment method base on a
face recognition model that is trained with using dropouts.
This method uses various subnetworks of a face recogni-
tion model which are generated by applying dropouts to
measure the robustness of a sample image representation.
This robustness of the sample representation is considered
as the quality of that sample. [25] estimates the variance
of element-wise embedding features and then uses the vari-
ance for face image quality. [1] calculates the face image
quality score as the magnitude of the sample encoding. In
this model, a face recognition system is trained with a loss
that adapts the penalty margin loss based on this magnitude.
In fact, it links the closeness of a sample to its class center
to the magnitude of the embedding vector.

All of these learning-base face image quality assessment
methods return a scalar value as the quality score which de-
scribes the overall quality of the face image. Although this
scalar quality score can be used to improve the performance
of face recognition systems, it does not give us any informa-
tion about nuisance factors related to that image. In some
applications like automatic enrollment for visa application
or automatic identity authentication at border kiosks, it is
useful to give some information about the factors that affect
the image quality to the user. Knowing about these factors is
beneficial for the user when the quality of the captured im-
age is not good enough. In this situation, user can receive
feedback from the system identifying which nuisance pa-
rameters have affected the quality of the image negatively.
Therefore, the subject can resolve the problem and capture
another image. The only work that gives some information
about the nuisance factors related to images is [26] which
uses 25 individual tests to check image compliance with
ISO/IEC 19794-5 standard, but it is not efficient since these
25 tests are independent from each other and its accuracy
for some critical factors which have a significant effect on
the image quality like pose estimation is low.

3. Proposed Method

This section presents our face image quality vector as-
sessment method. We propose a multi-task convolutional
neural network for simultaneous face image quality assess-
ment, head pose estimation, facial expression recognition,
and illumination classification. Each component of the sys-
tem will be discussed in detail in the following subsections.
The architecture of the proposed method is presented in Fig-
ure 2.
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Figure 2: The architecture of the proposed method. A pretrained ResNet-50 model which its fully connected layers are
eliminated is used as the network stem. The new fully connected layers are added to the stem and represented in color green.
The output dimension of each fully connected layer is shown below it. Three fully connected layers are in common among
branches and at the end of the third fully connected layer the network divides to four branches for quality estimation, pose
estimation, illumination classification, and expression recognition. Each branch has three fully connected layers. The last
fully connected layer of the quality estimation branch is a regression layer, so the output dimension of this layer is one. The
last fully connected layer of other branches are classification layers, so the output dimension of them depends on the number
of classes for that special task in data. For example, data has three classes for illumination(well-exposed, over-exposed, and
under-exposed), so the output dimension of the last layer of this branch is three.

3.1. Architecture

Our proposed method utilize the ResNet-50 architecture
[27] as its stem. We eliminate the last classification layer of
the network and replace it with three fully connected lay-
ers which are shared among four heads of the network. The
output of the last convolutional layer is a 100,352 dimen-
sional feature vector. The output dimension of the first fully
connected layer is 2,048 which is followed by another fully
connected layer with 256 dimension, and the third fully con-
nected layer output dimension is 64. At the end of those
three fully connected layers, we split the network to four
separate branches corresponding to different tasks. Each
branch is dedicated for a specific task and has three fully
connected layers. The first branch is the quality estimator
branch that consists of three fully connected layers. The
output dimension of the first two fully connected layers are
32. The third fully connected layer is a regression layer;
thus the output dimension of this layer is one. The second
branch is the pose estimator branch. Similar to the quality
estimator branch it has three fully connected layers. The
output dimension of two first fully connected layers are 32
and 16, respectively. The third fully connected layer is a
classifier. As the number of pose classes is five, the output
dimension of this layer is five. The third branch is the ex-
pression recognition branch. Same as other branches we use
three fully connected layers for this branch where the output
dimension of the first two layers are 32, and 16 respectively.
The third layer is the classifier which should classify ex-
pression. As for our application, we classified expressions
to neutral and non-neutral classes, the output dimension of

this layer is two. The last branch is the illumination classifi-
cation class. Like other branches it has three fully connected
layers with the output dimension of 32, and 16 for the first
two layers. The third layer is the illumination classification
layer. We classified illumination intensity to three differ-
ent classes well-exposed, over-exposed, and under-exposed.
Hence, the output dimension of the illumination classifica-
tion layer is three. In the proposed architecture after every
fully connected layer, we deploy the Rectified Linear Unit
(ReLU) activation function [28].

3.2. Choosing Datasets and Data Augmentation

Although a lot of face image datasets are available, the
number of face image datasets which are tagged for illu-
mination, expression, and pose are limited. After survey-
ing different datasets, we selected the CMU Multi-PIE face
dataset [29] as our training dataset. This dataset contains
more than 750K images from 337 subjects recorded in four
different sessions over the span of five months. Images are
captured under 19 illumination conditions and 15 different
view points while displaying a range of facial expressions.

The CMU Multi-PIE dataset has about 750k images;
however, our model has more than 200 million trainable pa-
rameters; Consequently more images are needed for train-
ing our model. Additionally, all of the CMU Multi-PIE im-
ages are high quality images without any distortions (i.e.,
noise, blurriness and low-resolution). To make our model
robust to low quality images, we need to integrate these
pertubation into our training set. Therefore, we used data
augmentation techniques to not only increase the number of
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Figure 3: Augmented images. Figure 3a shows augmented
images which are generated by adding Gaussian noise to
the original image at three different levels. Figure 3b
shows augmented images which are generated by apply-
ing Gaussian blur filter on the original image using three
different window sizes. Figure 3c shows augmented im-
ages which are generated by downsampling and then up-
sampling the original image with the goal of generating the
low-resolution images at three different levels.

our training data samples, but also make our model more
robust to noisy, blurry, and low-resolution data.

For generating noisy images, Gaussian noise is added to
the original images at three different levels of noise. We
utilize 50, 100, and 150 respectively for the standard devia-
tion and zero for the mean to generate three different lev-
els of noisy images. To generate low-resolution images,
we use downsampling and upsampling techniques. Like-
wise adding noise, we generate the low-resolution images
at three different levels to make our training dataset more
diverse, and our model more robust. Also, for generating
blurry images we apply Gaussian blur filter with 3, 5, and 7
as the window size to blur images at three different blurry
levels. Therefore, for each image in the original dataset nine
more images are generated, and added to the dataset. Some
examples of noisy, low resolution and blurry augmented im-
ages are shown in Figure 3.

3.3. Creating the Ground truth Face Quality

As it is mentioned before, the training dataset need to be
labeled for quality, illumination, pose, and expression, but
none of the face images in the dataset have quality labels.
The question which arises is that how can we assign quality
label to each face image. Quality is a relative concept; thus a
face image can be defined as a low-quality image when it is
compared to a high-quality one. In biometrics applications
some criteria are defined for a high quality face image in
the ISO/IEC 19794-5 standard [21]. Base on this standard
a high-quality face image is a frontal, well-exposed with
neutral expression face image.

To label face images for each subject, we select the im-
age with the highest quality of that subject and call it gallery
image. We assign 1.0 as the quality score to the galley im-
age. By considering the ISO/IEC 19794-5 standard criteria
and the CMU Multi-PIE dataset conditions, for each sub-
ject we choose the image which is captured in zero degree
(frontal) with the highest level of illumination and neutral
expression as the gallery image. Then, we score other im-
ages for the same subject (that we call them probe images)
based on their relative difference with the gallery image. As
the gallery image for each subject is captured at the same
condition (with the same camera, at the same pose, and with
the same illumination condition), it is reasonable that all of
the galley images have the same quality score. Furthermore,
since the quality score for probe images of each subject is
computed based on its differences with the gallery image,
the quality score for probe images from different subjects
would also be consistent.

To be more specific, we use the FaceNet model [2], a
CNN which is pretrained for face recognition, as a fea-
ture extractor to get embedding for all of the images in the
database. Afterwards, we take the advantage of this em-
bedding for calculating the quality score. For this purpose,
first we extract a 128-dimensional feature vector from the
last fully-connected layer of FaceNet. Given this embed-
ding, we compute the distance between the gallery image
and each probe image. Then, we normalize this similarity
value to the [0,1] range and use it as the quality score for
the probe image. The value close to 1 represents a high-
quality image, and the value close to 0 represents the low-
quality one. Figure 3 demonstrates the process of creating
the ground truth which is explained in this section.

3.4. Training the Network

For the training phase, the weights of a pretrained
ResNet-50 on VGGFace2 [30] dataset is used as the stem
of our network. During the training phase, we freeze all of
the parameters of the convolutional layers and only train the
parameters of the fully connected layers. Although we only
train the fully connected layers, our network still has more
than 200 million parameters. Therefore, a huge dataset is
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Figure 4: Shows the process of generating the ground truth quality for face images in the training dataset. For each subject
in the dataset the image with frontal pose, neutral expression and highest illumination is selected as the best quality image
for that subject. This selection is done based on the pose, illumination and expression labels of the dataset. The best quality
image of the subject and other images of that subject are fed to FaceNet and the embedding vector for each face image is
calculated. The Euclidean distances between the embedding vector of the best quality image of the subject and embedding
vectors of other images of the same subject are calculated and normalized in the range of zero to one. This normalized value
is assigned to each image as its quality score.

needed for training our network. Also, the training dataset
need to have quality, pose, expression, and illumination la-
bels.

Transfer learning has shown very good performance in
deep learning. Fine-tuning deep learning models, training
the model for a specific task with huge amount of data and
then retraining it for a different but closely related tasks with
limited amount of data, has been successfully tested in face
related problems where the network is initially trained for
recognizing the identity and then has been used for other
attributes related to face like age, gender [31], emotion
[32], and race [20]. Since the accuracy of a face recog-
nition system is closely related to the quality of the face
images and the face quality itself is related to factors like il-
lumination, facial expression, and head pose, it is expected
that the feature vector which contains discriminative infor-
mation of faces, also contains information of their quality,
pose, illumination and expression. Moreover, the amount
of face quality training data is limited, but huge amount of
training data for face recognition is available. Therefore,
we take the advantage of transfer learning and, use a pre-
trained ResNet-50 model which is already trained on the
VGGFace2 dataset. In order to use the pretrained ResNet-
50 model which is trained for face recognition for quality
estimation, we need to extract quality related information
from the face embedding and this process is done by fine-
tuning the model by using the ground truth.

The predicted quality score represents the information
about the nuisance factors in the image, and using the same
model which is already trained for quality estimation would
increase the accuracy for predicting the nuisance factors.
First, we only train the quality branch, after training the

quality branch we add three other branches and train them
simultaneously. Training other branches on a stem which
is already trained for quality helps us to take the advantage
of using middle layers’ feature vector which contains qual-
ity information for training other branches. This process is
similar to using transfer learning which increases the perfor-
mance and accuracy in comparison to training the network
from the scratch.

For the training process, we freeze all the weights of the
pretrained ResNet-50 stem (convolutional layers parame-
ters) and just train the fully connected layer parameters for
the quality branch. The cost function Jq that we used for the
quality estimation task is the Mean Squared Error (MSE)
given as Jq = 1

N [
∑N

i=1(Ŷ − Y )2], where N is the number
of sample images, Ŷ and Y are the predicted and ground
truth quality, respectively.

The equation for obtaining network optimal parameter
values is shown as

(θ∗s , θ
∗
q ) = arg min

(θs,θq)
Jq(θs, θq; I), (1)

where I is the input data, θs and θq are the shared and task-
specific (quality estimation) parameters, respectively. Also,
θ∗s and θ∗q denotes the optimal network parameters.

After training the quality branch, we add three other
branches and train four branches simultaneously. The rea-
son that we continue to train quality branch while training
other branches is that training other branches would change
the middle layers weights which are shared among all of the
branches and this can affect the quality branch negatively;
Hence, the quality branch parameters should not be frozen
during training of other branches to be adjusted proportion-
ally. The cost function that we use for pose estimation, and
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Figure 5: Face verification performance on the predicted face image quality scores. The curves show the effectiveness of
rejecting low-quality face images on the verification error in terms of FNMR at a threshold of FMR= 10−3 . Figure 5a and 5b
show the results for the FaceNet [2] and MagFace [1] (MagFace is both a face recognition and a FIQA method) embeddings
on the CFP dataset, respectively. Figure 5c and 5d show the the same on the LFW dataset.

illumination classification tasks is multi-class cross entropy
cost function. This cost function for pose Jp is shown as

Jp =

C∑
c=0

−yc.log(pc). (2)

In the above equation C illustrates the number of classes.
yc = 1 if the sample belongs to class c, otherwise 0. Ad-
ditionally, pc shows the probability that a sample belongs
to class c. The cost function for illumination classification
task is the same just number of classes is different.

Also, we use the binary cross entropy cost function for
the expression recognition task in that it has two classes.
This cost function for expression Je is shown as

Je = −(1− ye).log(1− pe)− ye.log(pe). (3)

In the above equation ye=1 for neutral expression and 0 oth-
erwise. pe shows the probability that the facial expression
is neutral.

The overall cost function is the weighted sum of the in-
dividual cost functions. Therefore, to obtain network opti-
mal parameter values for the desired task ti in this multi-
task convolutional neural network the weighted sum of cost

functions for all tasks should be minimized. The equation
for obtaining the optimal network parameters is shown as

(θ∗s , θ
∗
ti) = arg min

(θs,θti )

n∑
i

λiJi(θs, θti ; I), (4)

where θs and θti are the shared and task-specific parame-
ters, respectively. Ji denotes the cost function for the task
ti, I is the input data, n is the number of tasks, and λi is the
weight associated with each task’s cost function. Also, θ∗s
and θ∗ti represent the optimal network parameters.

4. Experiments
The proposed multi-task network is evaluated for each of

the four different tasks on which it was trained separately.

4.1. Quality Estimation

Evaluation Method: In this paper, we use the Error ver-
sus Reject Curve (ERC) which is the most widely accepted
metric for evaluating performance of face image quality as-
sessment algorithms [33] and was adapted in the approved
ISO working item [34]. This metric has been used widely
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[35] [36]. The ERC demonstrates effect of discarding a
fraction of face images with the lowest quality on face ver-
ification performance which is denoted by False Not Match
Rate (FNMR). In fact, an ERC curve shows the relationship
between FNMR and reject rates. It explains how FNMR
changes when the increasing amount of data with the low-
est quality is being discarded. Therefore, for plotting ERC
the FNMR value should be calculated while an increasing
amount of data with the lowest quality is being discarded.
In the ERC curve for an ideal face quality assessment al-
gorithm FNMR should decrease consistently with increas-
ing amount of discarded low-quality images. Plotting ERC
curves is a fair method to compare performance of differ-
ent face image quality assessment algorithms because it is
independent of the absolute and range of the quality score
values.

For plotting the ERC curve a face recognition system and
a face dataset with subject identity labels is required. To
compare face image quality assessment algorithms on dif-
ferent face recognition systems, the effect of face recogni-
tion system on the results should be eliminated. To this end,
FNMR is computed at a fixed False Match Rate (FMR). In
this paper, we calculate FNMR at FMR=10−3 which is rec-
ommended for border control by Fronex [37].

Datasets: For plotting the ERC curve the FNMR values
need to be computed. Therefore, the dataset which is used
should contain pair images. Here we perform experiments
on two publicly available datasets which contain verifica-
tion pair images for assessing performance of our method
and comparing it with other face image quality assessment
algorithms. The purpose of using two different datasets for
evaluating and comparing performance of different FIQA
algorithms is to have variations in quality of images and
show generalization of our approach on multiple datasets.
The datasets that are used in this experiment are introduced
below.

The Labeled Faces in the Wild (LFW) [38] is an un-
constrained face verification dataset which contains 13,233
face images of 5,749 identities collected from the web. The
Celebrities in Frontal-Profile in the Wild (CFP-FP) [39] is
a dataset for comparison between frontal and profile faces.
This dataset contains 7,000 images from 500 identities. For
each identity 10 frontal and 4 profile images exists in the
dataset.

Face Recognition Systems: As it was mentioned previ-
ously for plotting the ERC curve, a face recognition sys-
tem is required to calculate the FNMR values. Here we re-
port the verification performance at different quality rejec-
tion rates over two state-of-the-art face recognition systems
to show generalizability of face image quality assessment
over different face recognition systems. The face recogni-
tion systems that are used in this study are the MagFace [1]
and FaceNet [2].

The ERC results are shown in Fig. 5. As we can see, our
method generally outperforms other state-of-the-art meth-
ods specially for the ratio of unconsidered image in the
range of 0 to 20 percent. The reason that we emphasize on
comparing the performance of different algorithms within
the range of 0 to 20 percent of unconsidered images is that
in most of the real world scenarios only the very low-quality
images which may result in failure in face recognition sys-
tems are discarded. These very low-quality images are re-
sults of extreme illumination and pose condition, low res-
olution, blurriness, and occlusion. Therefore, to consider
real world scenarios we compare the performance of dif-
ferent methods for the ratio of unconsidered images in the
range of 0 to 20 percent.

4.2. Pose Estimation, Facial Expression Recogni-
tion, and Illumination Classification

For testing our algorithm, we selected 50 different iden-
tities from the CMU Multi-PIE face dataset [29] which are
completely separate from the 200 identities which were
used for the training phase. For the pose estimation task,
we obtained 92.71% accuracy on the test dataset. For the
facial expression recognition task we reached to 93.15 %
accuracy. Finally, for the illumination classification task we
reached to 87.35 % accuracy.

5. Conclusion
In this work, we proposed a multi-task convolutional

neural network which returns a quality vector for an in-
put probe face image. This quality vector contains a scalar
quality score and information about the nuisance factors
like pose, illumination, and expression. This information
is useful for some applications like automatic enrollment
and identity authentication at border kiosks. For this pur-
pose, first we created a huge and diverse dataset by using
data augmentation techniques, and use it to create a ground
truth. Then, we trained our multi-task neural network on
that ground truth. We evaluated our proposed method across
two different face recognition systems and on two differ-
ent datasets to assess its generalizablity. The results indi-
cated our method obtained higher or comparable accuracy
in comparison with the state-of-the-art methods for the task
of quality estimation. Moreover, our method reached to
near 90 % accuracy for pose estimation, facial expression
recognition, and illumination classification tasks. As for fu-
ture improvements, we are going to add more features like
occlusion and sun glass detection to our quality vector esti-
mator.
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