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Abstract. Digital images are more and more part of everyday life. Ef-
ficient compression methods are needed to reduce the disk-space usage
for their storage and the bandwidth for their transmission while keeping
the resolution and the visual quality of the reconstructed images as close
to the original images as possible. Not all images have the same impor-
tance. The facial images are being extensively used in many applications
(e.g., law enforcement, social networks) and require high efficient facial
image compression schemes in order to not compromise face recognition
and identification (e.g., for surveillance and security scenarios). For this
reason, we propose a promising approach that consists of a custom loss
that combines the two tasks of image compression and face recognition.
The results show that our method compresses efficiently face images
guaranteeing high perceptive quality and face verification accuracy.

Keywords: Convolutional autoencoder · Face images compression · Cus-
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1 Introduction

The use of images is increasing in many different applications. Digital images
require huge amounts of space for storage and large bandwidth for transmissions.
Image compression is a solution and so it is a fundamental problem in computer
vision and image processing, which finds several applications. Image compression
techniques consist in two tasks [23]:

– coding: it reduces the number of bits required to represent an image by
taking advantage of these redundancies.

– decoding or decompression: it is the inverse process; it is applied to the
compressed data to get the reconstructed image.

It is very crucial to reduce the size of disk-space used as well as reduce the
amount of internet bandwidth used for the transmission of images while keep-
ing the resolution and the visual quality of the reconstructed image as close to
the original image as possible. The signal-processing-oriented compression has a
long history studded with algorithms that are still widely employed today (e.g.,
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JPG). Nevertheless, the attainable performances have already achieved the max-
imum. For this reason, it is taking new approaches to image processing such as
the Neural Networks due to the proliferation of specific hardware (e.g., GPUs)
and the meaningful results in other computer vision fields. The increasing in-
terest in image compression with Neural Networks is proven by international
workshops and challenges on this subject and by human and financial efforts
of lead companies in this area. Such is the case of NVIDIA Corporation that
has recently developed a compression algorithm for video conferencing based on
Neural Networks that is able to outperform competing methods [29]. In addi-
tion, the potential in this area has been demonstrating by profitable literature.
During the year, autoencoders [1, 24], Recurrent Neural Networks [25, 26] and
Generative Adversarial Networks [21] achieve good and promising performance.
Particularly, facial images are being extensively used and stored in large databases
by social networks, web services, or various organizations such as states, law en-
forcement, schools, universities, and private companies. Thus, efficient storage
of such images is very useful. For this reason, face-specific image compression
schemes are developed. This motivated us to explore the possibility to build new
architectures for images specifically addressed for compression of face images.
Facial image compression can be regarded as a special application of general
image compression but this task has the need of high efficient facial image com-
pression algorithms (e.g., in surveillance system) in order to not compromise face
recognition and identification that have been developing rapidly in recent years.
This drove us to propose a new approach for the compression of facial images
through a custom loss function that joins efficiently the image compression need
with the face recognition task.
The rest of the paper is organised as follow: in Section 2, we present related works
on image compression with neural networks; Section 3 describes the proposed
method; Section 4 reports experimental settings and results; Section 5 reports
conclusions and future works.

2 Related Works

2.1 Image Compression

Image compression is an important research topic in the field of signal process-
ing to achieve efficient image storage and transmission. During the past decades,
many ad hoc algorithms and heuristics [28, 19, 14, 13, 32] have been proposed and
some of them became common standards such as JPG.
Recently, computer vision is applied in many research fields showing high ca-
pabilities including image compression in order to obtain perceptual and disk-
space performance better than those of previous approaches. Different neural
approaches have been adopted such as Autoencoder [1, 24], Recurrent Neural
Network [25, 26] and Generative Adversarial Network [21].
Autoencoder architectures have been adopted also for purposes that bring for-
ward the compression image. Autoencoder has been employed to reduce the
dimensionality of images [10], to convert images to compressed binary codes
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for retrieval [15] and to extract compact visual representations for several pur-
poses [27]. More recently, the authors in [1] and [24] both exploited methods
based on convolutional autoencoder architectures; Ballè et al. [1] used General-
ized Divise Normalization (GDN) for joint nonlinearity and approximated the
quantized values with additive uniform noise for entropy rate loss; while Theis
et al. [24] employed a smooth approximation of the derivative of the rounding
function and upper-bound the discrete entropy rate loss.
Works in [25] and [26] explored various transformations for binary features ex-
traction based on different types of RNNs that adopt stochastic quantization,
and finally, the binary representations are entropy-coded. Toderici et al. [25]
proposed a RNN to compress 32 × 32 images; while, the work in [26] further
introduced a set of full-resolution compression methods for progressive encoding
and decoding of images.
Finally, GAN architectures [9] have been applied in the field of image compres-
sion, too. Santurkar et al. [21] described the concept of generative compression
that is the compression of data using generative models; this approach produces
accurate and visually pleasing reconstructions at much deep compression levels
for image data.

2.2 Facial Image Compression

Although previous approaches have been widely used and designed for general
purposes, facial images are specific objects and play a very important role in
technology and science, military, medical and other industries. Facial images
differ from other natural images and have specific prior knowledge as presented
by [16] that analyzes statistically gradient features of facial images. The gradient
features of facial images are compared with those of other natural images show-
ing that they are different in symmetry and geometry structure. For this reason,
there are also some face-specific image compression schemes such as works [7, 3,
20] that design dictionary-based coding schemes on this specific type of image.
Liu et al. [17] proposed a PCA method to realize facial image compression ex-
tracting common features from this type of image in order to reduce redundancy
to achieve compression.
In recent years, some approaches based on deep learning have been proposed to
represent and compress facial images. Hu et al. [11] proposed a content-aware
facial image compression method to compress facial images at low bit rates using
Convolutional Autoencoder. Chen et al. [4] proposed a GAN architecture that is
able to automatically optimize codec configuration according to the minimiza-
tion of semantic distortion. Finally, Bian et al. [2] developed a Convolutional
Autoencoder combined with a standard lossless image code PNG. This frame-
work is followed by the measurement of performance for facial recognition on
compressed images.
Differently from previous works, we propose a new approach for facial image
compression that is able to simultaneously save enough space and ensure good
performance in face recognition task. The method is summarised in the next
section.
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3 Proposed Method

In this section, we describe the developed convolutional autoencoder architecture
for face image compression and the workflow of the algorithm.

The proposed architecture is made by three parts: the encoder (Enc), the
decoder (Dec), and the binarizer (Bin). The overall pipeline of the process is:

1. Enc generates a compact representation of the input image for the encoding:
it takes RGB PNG image of any size as input and produces a compressed
representation in xz1 format exploiting LZMA algorithm [8];

2. Bin is used for quantifying the output of Enc;
3. Dec is the mirror symmetry of Enc and reconstructs an image in PNG

format from its binary representation.

The input of the binarizer - marked as x - is the output feature vector from
the encoder part and consists of continuous floating-point numbers. The out-
put of the binarizer - marked as Bin(x) - is the final compressed data after
the quantization step provided by the binarizer, and it is composed of discrete
binary values. The binarizer follows the rule defined in Equation (1), where i is
the i-th element of encoding output vector and of P that is a vector x-like filled
by values drawn from a uniform probability.

Bin(x[i]) =

{
−1, if 1−x[i]

2 <= P [i]
+1, otherwise

(1)

The Fig. 1 shows the structure of the neural network employed. For the en-
coding process, input images pass through two convolutional structures contain-
ing a convolutional layer, followed by batch normalization and Rectified Linear
Unit (ReLU) activation function each. The first convolutional structure contains
32 filters of size 8×8 (with stride of 4 and padding of 2) while the second contains
64 filters of size 2×2 (with stride of 2). After these two convolutional structures,
the processed input image goes through the binarizer that consists of a single
convolutional layer with 128 filters with a size of 1 × 1 followed by the hyper-
bolic tangent (tanh function). This processed data vector, finally, passes through
the function detailed in Equation (1). At this point, the network produces the
compressed archive in xz format.

For the decoding process, input data pass through two transposed convolu-
tional structures containing transposed convolutional layer, batch normalization,
and ReLU activation function. The first transposed convolutional structure con-
tains 32 filters of size 8 × 8 (with stride of 4 and padding of 2) while the second
contains 3 filters of size 2 × 2. The output is the image in PNG format.
We choose to use batch normalization after convolution and transposed convo-
lution. While we adopt the ReLU activation function.

The architecture becomes specific for facial image compression with a custom
loss function whose goal is to bind the task of image compression and the task

1 This acronym is a file format for LZMA archives.
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Fig. 1. Structure of the employed neural network.

of face recognition. The custom loss is a linear combination of two losses: the
one works on pixels space and the other works on features loss

custom loss = a · pixel loss + b · feature loss (2)

Here, a and b are the weights assigned to the two parts of the loss. The pixel
loss aims to obtain a reconstructed image more and more similar to the origi-
nal. While, the feature loss has the goal of achieving a face-embedding of recon-
structed image more and more near to that of the original. We select FaceNet [22]
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as the face-embedding. It is a neural-network-based tool2 that maps face to a
compact Euclidean space. Such space amplifies distances of faces from distinct
people, while reduce distances of faces from the same person. This model is
pre-trained with triplet loss and center loss.

4 Experimental settings and results

In this section, we will introduce the datasets and the conducted experiments and
comparisons for facial compression. The results are encouraging and promising.
The training of the proposed convolutional autoencoder happens in two phases:

1. Image Compression: the above network is first trained on dataset provided by
the “3rd Workshop and Challenge on Learned Image Compression” [5] that
has taken place during the “CVPR 2020” [6] (the Fig. 2 shows some images
from this dataset). The organizers of this workshop and challenge, provide a
set of images which represent a very realistic view of the types of images that
are widely available nowadays to ensure realism. This dataset contains 568
images. For the purpose of the training, we adopt the L1 loss, the Multi Scale
Structural Similarity (MS-SSIM) as learning metric (it is a convenient way
to incorporate image details at different resolutions [30] and it is suggested
by the challenge [5]) and the following hyper-parameters: dynamic learning
rate 0.0001; momentum 0.99. Finally, we use Adam optimizer.

2. Face Image Compression: it is used the model pre-trained in the previous
phase. The employed dataset is CelebA aligned [18] converted to PNG.
CelebA contains 10177 number of identities and 202599 number of facial
images. We eliminated the faces that cannot be detected by MTCNN [31].
Here, the combined loss (Equation 2) is employed together with MTCNN-
FaceNet pipeline for the features-space loss in the following way:
– MTCNN provides the bounding-boxes of the face in the groundtruth

image;
– these bounding-boxes are used to extract faces in the groundtruth image

and in the output image of the network;
– the patches corresponding to the faces are fed to FaceNet that computes

two face-embeddings;
– the face-embeddings are compared with the features-space loss.

For this loss, we adopt L2 Loss for both parts and the weights a = b = 1.
The other hyperparameters are static learning rate 0.003, momentum 0.99,
weight decay 0.001 and we use Adam as optimizer.

After the training of our autoencoder, we test it on another dataset con-
taining only faces. For this purpose, we choose the Labeled Faces in the Wild
(LFW) [12]. This benchmark dataset contains 13233 face images of 5749 people
with a picture size of 112 × 96.
In order to properly evaluate the validity of the method, we use on the one hand

2 It is available here https://github.com/timesler/facenet-pytorch
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Fig. 2. Some images from dataset provided by the “3rd Workshop and Challenge on
Learned Image Compression”[5]

compression ratio, bit-per-pixels (bpp), Peak signal-to-noise ratio (PSNR), and
MS-SSIM as metrics for the image compression task, and on the other average
cosine similarity (1 indicates two vectors with the same orientation; −1 indicates
two vectors diametrically opposed) and face verification through 1-NN with the
cosine distance as metric for the face recognition task. We compare our results
in the face recognition task with the JPG to have a point of reference. More-
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over, we compare our method injected with the custom loss (Equation 2) with
the same method without the custom loss. All these results are reported in the
Tables 1, 2 respectively for the image compression task and for the face recogni-
tion task with the performances of JPG at different compression quality levels.
The results prove the validity of the proposed loss that improves our perfor-
mance enough to reach JPG’s performance. Actually, the custom loss function
decreases the number of faces not detected in reconstructed images and increases
both the average cosine similarity and the face verification accuracy. It should
be noted that JPG is a little bit better than our method with custom loss only
for the face verification accuracy. The Fig. 3 shows some faces compressed with
our method and JPG (quality factor 80) proving that our method with the cus-
tom loss preserves good perceptive quality of the images. These results releave
interesting insights in the research topic of the facial image compression with
neural networks.

Table 1. Results of the image compression task with our proposed approach about
LFW dataset.

Average Maximum Minimum

bpp 0.761 0.864 0.507

Compression ratio 5.892 8.065 3.336

PSNR 30.905 35.064 28.671

MS-SSIM 0.989 0.998 0.857

Table 2. Results of the face recognition task after compression and comparison with
the approach without the custom loss and JPG about LFW dataset.

Compressed
dataset (MB)

Average
cosine

similarity

Face
Verification
Accuracy

Faces not
detected

Our method
without

custom loss
34 0.422 0.306 68

Our method
with custom

loss
40 0.801 0.944 1

JPG (quality
factor 70)

35 0.768 0.986 2

JPG (quality
factor 80)

41 0.780 0.986 2

JPG (quality
factor 90)

56 0.793 0.990 2
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Fig. 3. (a) Original image; (b) Compressed and reconstructed image by our convolu-
tional autoencoder; (c) Image in JPG with quality factor 80; (c) Metrics.
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5 Conclusions

In this paper, we explore the problem of image compression for a specific type of
image such as those containing only faces. Facial image compression is a signifi-
cant topic because surveillance and security scenarios need efficient compression
algorithms to not compromise facial recognition and identification. We develop
simplistic convolutional autoencoder architecture that is trained first on images
of various genres and next on facial images after the injection of a custom loss
that is able to guarantee the face recognition and face verification. Experimental
results validate our proposed method achieved a state-of-the-art performance
compared to the coding standard of JPG from the point of view of objective
quality metrics and face verification task.
The experiments reported in this paper represent a first investigation attempt
on this research topic, which outcomes revealed insights suggesting that there is
room for improvements in this research direction. Moreover, there are not many
studies in literature for facial image compression and those existing do not have
a unique touchstone that makes a fair comparison difficult with the state-of-
the-art for the face image compression field. For this reason, we are planning
to build a benchmark dataset of facial images with the indication of different
quality factors of some algorithms (e.g., JPG), and the face recognition perfor-
mance with some face embedding algorithms (e.g., FaceNet). Future works will
be also devoted to the improvement of the compression ratio preserving the face
recognition performance in order to outperform JPG. This could be done with a
more complex neural network architecture characterized by residual blocks and
entropy coding that have already been applied in the image compression topic.
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