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Abstract—There is a great leap in objective accuracy on image
super-resolution, which recently brings a new challenge on image
super-resolution with larger up-scaling (e.g. 4x) using pixel
based distortion for measurement. This causes over-smooth effect
which cannot grasp well the perceptual similarity. The advent of
generative adversarial networks makes it possible super-resolve
a low-resolution image to generate photo-realistic images sharing
distribution with the high-resolution images. However, generative
networks suffer from problems of mode-collapse and unreal-
istic sample generation. We propose to perform Image Super-
Resolution via Variational AutoEncoders (SR-VAE) learning
according to the conditional distribution of the high-resolution
images induced by the low-resolution images. Given that the Con-
ditional Variational Autoencoders tend to generate blur images,
we add the conditional sampling mechanism to narrow down
the latent subspace for reconstruction. To evaluate the model
generalization, we use KL loss to measure the divergence between
latent vectors and standard Gaussian distribution. Eventually, in
order to balance the trade-off between super-resolution distortion
and perception, not only that we use pixel based loss, we also
use the modified deep feature loss between SR and HR images
to estimate the reconstruction. In experiments, we evaluated a
large number of datasets to make comparison with other state-
of-the-art super-resolution approaches. Results on both objective
and subjective measurements show that our proposed SR-VAE
can achieve good photo-realistic perceptual quality closer to the
natural image manifold while maintain low distortion.

Index Terms—Image super-resolution, variational autoen-
coders, distortion, divergence

I. INTRODUCTION

MAGE Super-Resolution (SR) is a fundamental problem

in image processing. It is widely used in various image
applications. With the advent of high-definition and ultra-
definition images and videos, fast and accurate image super-
resolution can ease the burden of broadcast and storage.

Given a LR image, the goal of image super-resolution is to
resolve the following Maximum A Posterior (MAP) problem,

Y = arg maxlogp(X[Y) + logp(Y) )
Y

where Y is the predicted super-resolution (SR) image, Y is
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the high-resolution (HR) image, X is the low-resolution (LR)
image, logp(X|Y) represents the log-likelihood of LR images
given HR images and logp(Y) is the prior of HR images that
is used for model optimization. Formally, we resolve the image
SR problem as follows,

Y = arg min%HX — CY|? + 2Q(Y) 2)
Y

where C is the mapping model and Y is optimized HR image
given the regularization term Q(Y).

The way to resolve Eq. (2) can be categorized into two
major categories, i.e., generative model based and discrimi-
native model based methods. For discriminative model based
methods [1]-[14], the basic idea is to directly learn the prior
parameters 6 from the training data Y as a MAP estimation
p(Y|X,0) = p(X|Y)p(Y;0). Generally, we can have the
minimization optimization as

minl Y — ¥ st¥ = arg min%HX — QY|+ 2AQ(Y:0) (3)
Y

where ||*||” represents the r-th order estimation of pixel based
distortion. In general, researchers assume that the residual
e=Y-Yis independent of Y that follows random Gaussian
distribution, and they can use r=2 to form the minimum mean
squared error (MMSE) estimation. Based on the assumption
that natural images are formed by a set of small overlapping
image patches so that small patches in both LR and HR
images form manifolds with similar local geometry in two
distinct spaces, researchers can use a smaller training image
set to extract more patch patterns to discover low-dimensional
manifolds in high-dimensional space and embed them onto
low-dimensional spaces using neighbourhood patches. For
using a fixed number of neighbors for reconstruction, the
SR results suffer from the blurring effect. To resolve the
problem, researchers propose to improve the SR quality in two
aspects: using stricter regularization for model optimization
(e.g. sparsity) and using more accurate and fine grained
patch matching (e.g. random forests). For the former, sparse
representation based approaches [3]-[5] learn the overcomplete
coupled dictionary for robust LR-HR patch mapping. For the
latter, researchers make use of various classification tools [7]-
[13] to classify the external and internal patches in a greedy
manner, down to the maximum clusters. However, image SR
quality is not completely correlated with MSE, especially for
SR of large up-scaling factors.

Perceptual quality, on the other hand, focuses on divergence
between SR and ground truth image distributions.
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In Eq. (4), d(*) represents the divergence between distribu-
tions, e.g. Kullback-Leibler (KL) divergence, Total-Variation
(TV), etc. Different from Eq. (3), using d(*) measures the
semantic similarity rather than pixel based errors. Based on the
divergence of image distributions, there are many generative
model based approaches [27, 30, 35] aiming at good perceptual
quality over distortion. It is a common observation in image
SR with large up-scaling factors that a SR result with high
PSNR usually suffers from oversmoothing effect on visual
quality. On the other hand, using generative model for SR
can achieve sharp visual quality but poor PSNR performance.
Due to the fact that GAN based models need to minimize
the generator and maximize the discriminator iteratively, they
may suffer from the lack of data diversity or unrealistic
generation. This dilemma between perception and distortion
can be eased by our proposed SR-VAE via minimizing the
model divergence and pixel errors together. Fig. 1 shows
the case of super-resolving a LR image by 4 times using
the discriminative approach (EDSR [19]), generative approach
(ESRGAN [35]) and our proposed Image Super-Resolution via
Variational AutoEncoders (SR-VAE) for comparison in terms
of PSNR and PI (one of quantitative perception measurements,
with lower PI means better visual quality). We can observe
that using ESRGAN, it generates a sharper SR result (con-
taining bizarre pattern on the pedestrian and ground, and color
distortion) but lower PSNR compared to EDSR (even lower
than Bicubic in this case) while EDSR generates a SR image
with the highest PSNR but blurry visual quality. However, we
can find that our approach can achieve photo-realistic visual
quality comparable to ESRGAN (e.g., clear textures around
the ground and pedestrian.) and high PSNR comparable to
EDSR. In Fig. 1, a light color image is used which can show
easily the effect of our approach; however, full color images
are mainly used in the Experiments section of the paper for
comparisons and illustration.

Instead of learning the direct mapping between LR and HR
images, the idea of generative model is to model the likelihood
of LR images given HR images and the prior probability
of the HR images, and then the Bayes rule is applied to
generate reconstructed SR images. The Bayesian algorithm can
naturally be used for image SR by exploiting the Gaussian
process prior. Since the true distribution of HR images is
unknown, researchers came up with many statistical models
to approximate it, including Gaussian Mixture Model (GMM)
[6, 13] and Hidden Markov Model (HMM) [9]. Recently,
Generative Adversarial Network (GAN) [26] and Variational
AutoEncoders (VAE) [25] have been proposed, which make
use of convolutional neural networks to avoid pre-determined
mixture models for the approximation and to directly train
the network. This is to learn the image statistics by sampling
from a semantically structured latent space. GAN based SR
approaches [27, 30, 35] have achieved significant performance
in perceptual quality. The adversarial network can implicitly
estimate the latent parameters by expressing the input and
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Fig. 1. Comparison among discriminative, generative and our proposed

approaches on 4x image SR on img095 from Urbanl00 dataset.

target as a conditional distribution on a label ¢ € {0,1}.
Despite the hot investigation on the GAN, there are four pos-
sible disadvantages. 1) Sensitive to hyper parameters: i.e., the
training is difficult when the discriminator is trained too well
and the training gradient for the generator would vanish. 2)
Challenging for evaluation on the generalization measurement:
i.e., GAN may overfit on some dataset hence it fails to be
used in practical application. 3) Mode collapse [28]: i.e., GAN
does not fully capture the diversity of the true distribution.
4) Unrealistic sample generation [31]-[32]. i.e., GAN for
image SR needs to exploit the feature space based loss rather
than the pixel based mean squared errors to encourage the
reconstruction quality on perception over distortion. On the
other hand, VAE has also attracted a lot of attentions in the
past few years. It uses the autoencoder to explicitly estimate
the latent parameters by maximizing a lower bound on the log-
likelihood. Its mathematical formulation ensures the tractable
likelihood for evaluation and explicit inference network. More
details are further explained in the next section. The difficult
part of VAE is the prior estimation of the latent variables for
better visual quality. [45] proposes Pixel VAE to hierarchically
learn a better representation to improve image details. [46]
proposes a novel discrete variational representation by com-
bining vector quantization and autoencoder (Vector Quantized
Variational AutoEncoder) for high-quality image generation.
The results show much better performance compared to GAN
based approaches. These studies indicate the huge potential of
VAE for image processing.

In this paper, we propose to perform Image Super-
Resolution via Variational AutoEncoders (SR-VAE) to gen-
erate photo-realistic images. Our contributions include the
following points.

o To the best of our knowledge, this is the first work that



successfully makes use of the VAE network for image
SR.

o Conditional sampling mechanism. To overcome the
blurring effect in VAE sample generation, we propose a
novel sampling process to sample from LR images rather
than using the random Gaussian sampling. By utilizing
the “reparameterization trick”, we can learn conditional
latent parameters for super-resolution reconstruction.

« Back projection based SR-VAE network. Our proposed
SR-VAE network contains three subnets: SR encoder,
SR decoder and VGG feature extractor. The encoder
compresses the LR-HR data to learn the conditional dis-
tribution. The VGG feature extractor explores the feature
similarity to reduce the divergence between HR and SR
distributions. The decoder adopts the back projection
based residual blocks to learn hierarchical features in an
up- and down-sampling manner to reduce the residues for
better reconstruction.

o Modified VGG feature based loss estimation. To learn
the feature similarity, we adopt the same idea of GAN
network to use pre-trained VGG network to extract the
feature maps. We have replaced the Maxpooling opeartion
in VGGNet to the Average Pooling operation to avoid
pixel misalignment so that the training can be more sta-
ble. The testing results also show that using the modified
VGG network can obtain smoother results without any
fake feature.

o Objective and subjective analysis. With the success
of deep learning based SR benchmarks and challenges
(e.g. NTIRE [33] and PIRM [34]), many state-of-the-
art approaches have been proposed to make compari-
son using both fully-reference measurement (e.g. Mean
Squared Error) for distortion evaluation and no-reference
measurement (e.g. NIQE, proposed in [29]) for perception
evaluation. In our experimental work, we have used these
two very different measurements for different datasets,
and found that the proposed SR-VAE can achieve better
perceptual quality with lower distortion.

II. RELATED WORK

In this section, let us review the related work from the
following perspectives.

Perceptual measurement is an interesting topic in no-
reference image quality measurement. It describes the degree
of a SR image looking like a natural image with semantic
similarity. One recent research work [37] investigates the re-
lationship between perception and distortion of image restora-
tion and finds that there is a tradeoff between them. Higher
perception usually is at the expense of high distortion. Though
this relationship is yet to be further proven mathematically,
the authors analyzed and summarized the perception and
distortion based quality measurement tools on various image
SR approaches to show the tradeoff experimentally. It would
be interesting to make reference to their work to study the
perceptual measurement for image SR.

Generative Adversarial Networks (GAN) have inspired
fruitful research works in the past few years. The idea is to

train two networks (generator and discriminator) against each
other to maximize the likelihood of output given some random
latent vectors. The generator focuses on generating realistic
samples to fool the discriminator and the discriminator learns
to distinguish the fake samples from the real samples. For the
generator, most of GAN based image SR approaches directly
use deep neural networks, like the ResNet [15] and state-
of-the-art image SR networks, such as EDSR [19], DBPN
[20] and HBPN [21]. For the discriminator, it is a simple
network which reduces the dimension of the input data using
convolution process with larger strides to output the predicted
label for O-1 classification. A milestone of using GAN for
image SR is the Super-Resolution using GAN (SRGAN) [27].
To reconstruct the texture details, the authors proposed to use
the perceptual loss that applies the L2 loss over the feature
maps generated from the pre-trained network (e.g. VGGNet
[14]). Inspired by SRGAN, [35] proposes an Enhanced Super-
Resolution Generative Adversarial Network (ESRGAN) that
uses a relativistic discriminator to distinguish real samples
from the average expectation of the fake samples as a soft-
decision classification to handle unrealistic sample generation.
To train a GAN model, it needs to alternatively switch be-
tween the generator and discriminator to achieve the goal of
minimization of generator loss and maximize the discriminator
loss. There are two major problems of GAN based approaches:
1) the minimax causes gradient oscillation which increases
the training difficulties, and 2) it also causes the problem
of unnatural “fake” features (say the pedestrian and ground
regions of using ESRGAN in Fig. 1).

Variational AutoEncoder for image generation is another
choice for generative CNN model. The idea is to use the
convolution neural network to explore the data distribution by
solving the variational approximation to maximum-likelihood
estimation. The encoder part uses the convolution process
to map the input data to the latent variables for KL diver-
gence minimization. The decoder randomly samples from the
variational approximation model to output new samples. In
[38], the authors came up with facial image generation via
VAE network that proves the efficiency of VAE. Later on, to
resolve the blurring effect on VAE generation, [39] proposes
the latent constraints on the sampling procedure of the decoder
to enforce the similarity of the data similarity. Furthermore,
there are also some works [40]-[43] making use of conditional
variational autoencoders for conditioned sample generation.
To the best of our knowledge, there is no VAE based work
on image SR. Inspired by VAE related work, we propose
the SR-VAE via the conditional VAE network to generate
photo-realistic images with sharp visual quality. The training
process is very efficient and stable compared to the GAN based
approaches.

III. PROPOSED APPROACH

We now formally introduce the Conditional Variational
Autoencoders for image super-resolution. The whole structure
as shown in Fig. 2 includes four parts: LR-HR Encoder,
SR Decoder, Conditional Sampling Generator and modified
VGG feature extractor. We denote a RGB LR image by
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Fig. 2. Overall training structure of SR-VAE.

X € R™*7*3 and its HR image by Y € R™*anX3 where
(m, n) is the dimension the image and « is the up-sampling
factor. To build the generative model, latent variables z in a
high-dimensional space Z are used in our discussion to decide
the hidden states of the images. Formally, for each image Y,
there is a vector of latent variables z which can randomly
sample according to the probability density function (PDF)
P(z) and parameterized by a vector 6. The entire generative
process can mathematically be described as,

P(Y) :/P(Y|z;9)P(z)dz 5)

For fixed 0 parameters, we can use random latent variable z
from P(z) to generate new and similar image P(Y) to the
training images.

A. Variational Autoencoders (VAE)

In VAE, Gaussian distribution is chosen for the generative
model distribution, i.e. P(Y|z;0) = N(Y|f(2;0),0% = I),
with mean f(z,6) and covariance o2 x I. To decide the latent
variables z is difficult even when we consider it as multivariate
normal distribution. Instead of specifying it by hand, in some
VAE related works [37]-[42], researchers used Convolutional
Neural Networks (CNNs) as a dimension reduction model that
can map complex training data to the latent space Z with right
statistics. It can be regarded as maximizing the likelihood of
the training data with the given latent structure in the output
layer. It is different from traditional Autoencoders [43] in the
sense that VAE studies the latent values for various training
data instead of making feature representation for posterior

estimation. In order to represent the dependency of image Y on
z, P(Y|z), we can write it as the product of P(z[Y) and P(z)
by applying Bayes rule. P(z|Y) is the ideal representation for
all images. It can be approximated as @(z|Y), that is learned
from the available training data so we can narrow down the
searching space that any z is under the prior P(z). This is the
key of VAE that the latent distribution can be encoded and
approximated by the CNNs. In order to fit the distribution,
KL divergence can be used as follows,

DIQGEMY)P(2Y)] = E:ngllogQ(2]Y) — logP(2]Y)]  (6)

then we can resolve Equation 6 by applying Bayes rule and
reform it as,

logP(Y)=D[Q(2|Y)| P(z[Y)] =

E.qllogP(Y|2)] - DIQGY)|P((2))]

To maximize P(Y) in the left hand side, we can optimize
the right hand side by making use of the stochastic gradient
descent approach. P(Y|z) works as a decoder to reconstruct
Y from z and Q(z|Y') works as an encoder to encode Y into
z. Usually, we can define Q(z|Y) = N (z|u(Y;6),2(Y;0)).
Precisely, we can maximize the following equation by finding
the evidence lower bound (ELBO) L£LFLBO as,

L0 2 ST B0 P(al2)] — DIQ(ely) |P(2)]

1
< & 2 logP(yn)
®)



where N is the batch number. In Eq. (8), we can use
the “reparameterization trick” [43] to randomly sample from
Q(z|Y) = N(z|u(Y;60),2(Y;0)) to backprop the gradi-
ent of loss through the network. Hence, given u(Y;6) and
¥(Y;0) of Q(2]Y), we firstly sample € ~ A(0, ), and then
compute z = pu(Y) +2(Y) xe. We can take the gradient of
Eq. (8) as,

1 1
VE = V37 (X Bt llogP |z = u(¥) + 55(¥) )]

— D[Q(z|yn)|IP(2)] } ©)

VAEs have similar functions as GANs that work as a deep
generative model. This can generate samples that approximate
the distribution of the training data. However, different from
generating new samples from random variables, image SR
needs to extract the input-to-output mapping relationship.
We can modify VAE as a Conditional VAE to model latent
variables and data, both conditioned to some random variables.

B. Conditional Variational Autoencoders

VAE can learn the distribution of training data for new
sample generation. Given a set of LR images, image SR is
to solve a maximum a posterior estimation. To use VAE for
image SR, we propose a Conditional Variational AutoEncoder
(CVAE) to study the mapping relationship between LR and
HR images. The differences between VAE and CVAE can be
described in the following figure.

Fig. 3(a) shows the VAE and Fig. 3(b) shows the conditional
VAE. They both have the encoder to learn the latent parameters
and the decoder to output new samples. The difference is that
the encoder of VAE and CVAE learns different model distribu-
tion. As shown in Figure 3(b), the encoder Q jointly learn both
LR and HR images to model their conditional probability as
a multivariate Gaussian distribution. The decoder reconstructs
the corresponding SR images given the LR images.

Decoder
PX,Y[2)

Decoder
P(Y[2)

Encoder | -
Q@Y)

(a) Variational Autoencoder

(b) Conditional Variational Autoencoder

Fig. 3. Comparison between VAE network and CVAE network.
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(10)

Instead of solving Eq. (8), CVAE adds the label informa-
tion (Ground truth HR images) Y to model the mapping
between LR and HR images. As shown in Figure 3, the
CVAE model includes two loss functions: KL divergence
for optimizing encoder and [2-norm Euclidean distance for
image SR reconstruction. To sample from the learned latent
variables z from A (u(X,Y),2(X,Y)), we still use the
“reparameterization trick™ to firstly sample € ~ N(0, I'), then
compute z = ;u(X,Y) 4+ 22 (X,Y) xe. Thus, we can rewrite
Eq. (10) as following equation:

logP (X, Y|z) = D[Q(2X,Y)[|P(2)]

9 o2 + - 2
where D [Q(2|X,Y)||P()] = log 2L + w
o) op

amn

C. Image Super-Resolution via conditional Variational Au-
toEncoders (SR-VAE)

Our proposed SR-VAE network is built based on CVAE
for image SR. The major modifications include three points:
1) Conditional sampling procedure, 2) Back Projection based
decoder, and 3) Modified deep feature loss estimation. The
complete network for 8x SR training is shown in Figure 2.
The whole structure includes four parts: LR-HR Encoder, SR
Decoder, Conditional Sampling Generator and modified VGG
feature extractor.

LR-HR Encoder: The LR-HR Encoder takes both LR and
HR images as inputs to learn the joint distribution as the
output. It is made of 6 convolutional layers to gradually down-
scale the resolution of the feature maps. And then there are
three fully connected layers to learn the latent parameters
and output the k-dimensional mean vector u(Y, X) and k-
dimensional variance vector X(Y, X). Based on Eq. (11), the
encoder needs to minimize the divergence between the target
prior P(z) and estimated prior Q(z|X,Y) learned from the
training data. We assume prior as the normal distribution
N(0,0% % I) and can have the loss of the model divergence
as Lp to force the training data to approximate the normal
distribution.

SR Decoder: The SR Decoder is modified from our pre-
vious enhanced back projection based residual blocks [21].
Different from [21], the proposed SR Decoder is a part of
the proposed SR-VAE that learns the hidden latent vector for
image generation. It takes the latent vector as the input while
the network in [21] takes the LR image as the input. In order
to decode the latent vector, the proposed SR Decoder has two
extra fully connected layers (the green boxes in Fig. 2) to
project the latent vector to the spatial domain. Furthermore,
there is an addition layer (the yellow box in Fig. 2) that



works as a conditional image generation to ensure that the
SR image is close to the LR image. Besides the differences,
as in [21], the SR Decoder also makes use of the enhanced
back projection based residual blocks. We refer it to as Up-
sampling Back Projection block (UBP) (as shown in Fig. 4(b)).
The basic idea is to embed the back projection into the residual
learning, hence it can improve the SR performance. Note that
for large scale image SR, the convolution and deconvolution
layers in UBP block would need large kernel sizes and
strides to perform the up- and down-sampling operations. For
instance, the 8x image SR needs 12x12 kernel with stride
8. Kernels with large sizes can be time consuming and the
model becomes suboptimal. As discussed in VGG [14], a
combination of a few convolution operations with a small
kernel size can cover the same receptive filed as the one
convolution with a large kernel size. We then come up with the
SR Decoder by stacking multiple enhanced UBP for gradual
up-sampling. Details of 8x image SR are shown in Fig. 4.

X1 NxMxHxW
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(a). UBP in DBPN (b). Enhanced UBP in the proposed SR-VAE

Fig. 4. Comparison of different UBP blocks. (a) the UBP block in the DBPN
network. (b) the proposed enhanced UBP block in SR-VAE network. N is the
batch size. M is the channel size, H and W give the size of the feature map

For ax image SR, the SR Decoder includes logoac UBP
blocks to up-sample the feature maps. By using smaller kernels
and strides, we can use more UBP blocks to build a deeper
network for nonlinear mapping. Besides using smaller filers,
there are a few improvements in our enhanced UBP blocks.
We add two 1x1 convolutional layers (gray blocks in Fig.
4(b)) as a weighted addition for the residual update. We also
remove one activation layer after the deconvolutional layer
because it is redundant to add two nonlinear activated outputs
for training. One nonlinear activated output with another linear
convolution output can already achieve the nonlinear mapping.
For comparison, we also show the back projection model in
DBPN [20] (Fig. 4a). The differences can be summarized in
threefold. First, our proposed enhanced UBP block uses a
smaller kernel size for convolution and deconvolution. Second,
the 1x 1 convolution layer is added as the shortcuts to fine tune
the residues for update. Third, for large scale image SR, we
cascade multiple enhanced UBP blocks to gradually up-sample
LR images to obtain better SR performance.

Conditional Sampling Generator: In CVAE, the “repa-
rameterization trick” embeds the randomness of latent vari-
ables sampling in the training process to ensure the general
ability. However, there is a tradeoff of sharp bizarre and
blurring realistic reconstruction. Random sampling cannot

manifest the key attributes of the latent variables included
for reconstruction. In order to guide VAE to generate sharp
reconstruction, we can build a model to learn conditional
sampling to map the random set of latent variables to a
subspace of the latent space. [40] introduces the constrains of
sampling by adding the GAN network to transform the random
variables to the conditional latent space. [39], on the other
hand, uses the “Actor/Critic” training scheme to supervise the
random sampling to generate realistic samples. However, for
both approaches, the conditional sampling stage requires an
alternative training so that the encoder and decoder compete
with each other to encourage the former to learn constrained
latent space and the latter to generate high-quality results.

To avoid complicated training process, we propose a Condi-
tional Sampling Generator that adds a constraint on the latent
space to enforce the latent samples to be diverse as well as
realistic. We come up with a supervised sampling scheme
that can train the generator to balance the trade-off between
reconstruction and sample quality. The Conditional Sampling
diagram is shown in Fig. 5.
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Fig. 5. Diagram of conditional sampling. (a). G(z) stands for constrained
latent z. P(z) is the posterior. Q(z) is the “encoder” distribution that approx-
imates the posterior. (b). to train the generator G, we use it to sample from
“encoder” conditional distribution and pass it to the “decoder” for estimation.

Instead of randomly sampling from a normal distribution,
we use generator G (details about G is shown in Fig. 2) to learn
the subspace of latent variables for sampling. For generator G,
it includes two fully connected layers to learn the sampling
distribution. We use normalization to center the LR image
pixels with mean O and variance 1 and then multiply it with
latent variables to work the same way as the “reparameteriza-
tion trick”. From the perspective of image signal processing,
the LR image is the low frequency components sampled from
the HR image. Any data sampled by the normalized LR image
can be centered to the desired frequency domain. During the
training, the input LR image goes through the generator G to
learn the normalized sampling distribution sampling from the
“encoder” distribution (learned from ground truth images) and
the decoder Y’~Q(z,Y) learned from the training data. After
training, the KL divergence between “encoder” distribution
and normal distribution is minimized so that we can use G
to directly sample from the normal distribution and use the
decoder to output Y’~G(z) as the prediction.

Modified VGG feature extractor: Finally, similar to GAN
based SR approaches, to encourage SR-VAE generating more
photo-realistic images with sharper details, we adopt the
VGGNet to learn the feature differences between HR and SR



images. It is commonly used in perceptual image SR [27,
30, 35] because the feature maps at each layer of VGGnet
show patterns similar to human visual perception. The details
about VGG feature extractor is shown in Fig. 2. Both SR
and HR images are input in the VGG network to extract
their corresponding feature maps. Similar to GAN based
image SR algorithms, we use the pre-trained VGGI19 [14]
network and fix the parameters to extract the both SR and
HR feature maps ¢54(Y’) and ¢54(Y), where 54 indicates
feature obtained by the 4" convolution layer before the 5!
“Maxpooling” layer. The key difference between our modified
VGG feature extractor and others is that we changed the
“Maxpooling” layer in VGGNet to “Average pooling” to avoid
the feature misalignment. The “Maxpooling” layer is actually
an inconsistent down-sampling operation because the most
activated feature points are different for HR and SR images
so that during the backpropagation, the “Maxpooled” features
will be placed back to different positions. With more layers of
operations, the “noise” pattern can cause fluctuating change of
losses in the training process. This misalignment of position
can cause fake and inconsistent features on the SR results.
In order to avoid the problem, we can simply use “Average
pooling” to extract the average feature pixels to represent
the feature responses of the sampling region. This can obtain
smooth feature maps and also have steady loss minimization

Maxpooling
MSE=594.5

Average
pooling
MSE=164.1

Fig. 6. Visual comparison between “Maxpooling” and “Avepooling” on image
butterfly. The pixel value is enlarged by 10 times for better comparison.

In Fig. 6, we show the residual heatmaps generated by
“Maxpooling” and “Average pooling”. Blue means low ac-
tivation values and red means high activation values. We take
8 feature maps from “conv12” of VGGI9 network and use
“Maxpooling” and “Average pooling” to down-scale the HR
and SR feature maps. We can then visualize the residual
features between HR and SR by heatmaps. We can see that
the residual maps generated by “Maxpooling” have some
ambiguous and noisy patterns around the edges, while using
“Average pooling” we can obtain a clearer and smoother
pattern. From the calculated MSE results, we also can see that
using “Average pooling” can obtain smaller MSE compared
with “Maxpooling”. Both residual maps and MSE results
suggest that using “Average pooling” can extract smoother
feature maps with lower feature loss which can ease the
training difficulty.

Finally, to balance between low distortion and high percep-
tual quality, the total loss is formed from a combination of the

l;-norm pixel based errors and VGG feature based errors as
follow,

Lin= & S Y =Y, 4 A s ¥) — 6sa¥),) 12

where A stands for the balancing parameter for the VGG
feature loss and Lggr is the loss of SR reconstruction. The
first term indicates the average reconstruction distortion and
the second term indicates the average perception loss. {;-norm
loss is commonly used in image SR for loss estimation. It has
been widely proven useful in many works [19]-[21]. For image
SR, it measures the average absolute differences between the
ground truth images and the predicted SR images. It can be
regarded as a first-order of the Mean Squared Errors (MSE).
Experimental results show that using /; -norm loss can achieve
better performance.

Training and Testing the SR-VAE model: As shown in
Eq. (13), the target is to minimize the total loss L, including
the reconstruction loss Lgr and model divergence Lgy. For
reconstruction loss, we have to balance the SR results between
distortion and perception by using [;-norm pixel based MSE
and VGG feature based loss. As explained in Eq. (12), bal-
ancing parameter A\ controls the importance of perception loss.
Besides these two losses, we also include the KL divergence
(as “KL” output of the LR-HR Encoder are shown in Fig. 2)
between conditional latent and normal distribution introduced
in Eq. (11). The total loss is as follows.

L= Lsr+ Lkr

2 o2 + _ 2
where Ly = log 2% + Zo (e —ir)”
o) 20%

(13)

where L is the total loss, including Lgr and Lgy,. Unlike the

alternative training process used in GAN based approaches
where the parameter updating is updated in a minmax manner
between generator and discriminator to reach a Nash equilib-
rium. The model parameters oscillate so that using gradient
descent may not converge. GAN based approaches require
patient hyperparameter tuning and some training tricks to
balance the generator and discriminator. On the other hand,
our SR-VAE training process is end-to-end and all parameters
are updated at once. The KL loss and SR reconstruction loss
are both optimized in a minimization manner so that they do
not conflict with each other. Eventually, we have the training
loss as shown in Fig. 7,
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Fig. 7. Training losses of the proposed SR-VAE.



In Fig. 7, we show the relationship between the iteration
time and training losses (including [/;-norm MSE loss, VGG
feature loss and KL loss). Due to the large scale differences of
Lgsr and Lk, we have to plot the loss in logarithmic scale.
For better comparison, in Fig. 7 we have also enlarged the
beginning part from 0 to 10000 iterations. We can find that all
three losses are getting smaller when the number of training
iterations increases.

At test time, when we want to super-resolve a LR image,
we simply input the LR image into the decoder. That is, we
remove the SR encoder and VGG feature extractor. The testing
model is shown in the following figure.

e

1 Generator ety connected, 1024 |

LR image, X !
N(0, 1) Gaussian distribution Fully connected, 1024 :
1

1

1

1

1

Conv2D 3x3, 1, 256

Conv2D 3x3, 1, 256
Conv2D 3x3, 1, 128
Conv2D 3x3, 1, 64

Conv2D 3x3, 1,32

Up-s:

LR image, X SR, Y’~G(z)

Fig. 8. Testing model of the proposed SR-VAE.

IV. EXPERIMENTS

A. Implementation details

Datasets We conducted extensive experiments on various
testing datasets: Set5 [51], Set14 [52], BSD100[50], Urban100
[53] and Mangal09 [54], which contain images with different
resolutions and contents. Generally, Set5, Setl4 and BSD100
consist of images with small and medium resolutions, while
Urban100 and Mangal09 contain images with larger resolu-
tions. The training images come from two commonly used
datasets: DIV2K [33] and Flickr2K [19], both of which contain
images with pixel resolution no smaller than 1000x 1000px.
During the training, the LR images were obtained by down-
sampling the HR images using Bicubic in MATLAB, and then
we used Bicubic again as an initial up-sampling operation to
up-sample the LR images to the same dimension as the HR
images.

Training Setting Based on the up-sampling factor «, we
first generated LR images by using Bicubic and then we
cropped the LR and HR images into patches of dimension
128 x 128 to form the LR-HR patch pairs. Similar to most SR
approaches, we enlarged the number of training data by image
augmentation, including flipping and rotation. Eventually, we
were able to generate around 1,000,000 training LR-HR patch
pairs.

Experiments were conducted on 4x and 8x image SR.
For 4x and 8x SR, we used 2 UBP block and 3 UBP
blocks, respectively. For SR encoder, we used ReLLU activation
function and Parametric ReLU (PReLLU) for SR decoder.
For UBP blocks, we used 6x6 filters with stride 2 for
convolution and deconvolution and 3x3 filters with stride
1 for weighting operation. Pre-trained VGGI19 is provided
by [14]. All the weights were initialized based on [54]. We
trained our model with learning rate initialized to 0.0001 for
all layers and with 10 times slower after 500,000 iterations,
for a total of 1,000,000 iterations. For optimization, we used
Adam with momentum to 0.9 and weight decay 0.0001. All
experiments were conducted using Caffe, MATLAB R2016b
on one NVIDIA GTX 1080 Ti GPU.

PSNR [45], SSIM[46] and Perception Index (PI) [34] were
used to evaluate different settings and SR algorithms. PSNR
and SSIM are very standard distortion based SR evaluation
that describe the pixel based loss. On the other hand, PI has
been proposed recently for perceptual quality estimation. The
investigation result in [34] shows that there is a high correla-
tion between human opinion scores and PI scores on top-10
image SR methods. This measurement approach combines the
no-reference image quality measures of Ma et al. [36] and
NIQE [29] as

PI =

((10 — Ma) + NIQE) (14)

N[ =

Note that the lower PI we get, the better perceptual quality
we can obtain. As used by existing algorithms, we converted
RGB images to YUV images and only used Y-channel for
estimation. For SR by factor o, we excluded « pixels at the
boundaries to avoid the boundary effect.

B. Analysis of Network structure

From the introduction of our proposed methods, we have
indicated that there are a number of parameters needed to
have further experimental analysis. We have conducted a few
experiments trying to find the optimal design.

Fig. 9. Visual comparison among different A for 4x SR on Set5.

1) Effect of VGG feature loss: In the proposed SR-VAE, the
effect of VGG feature loss is to control the perceptual quality.
As discussed in the Introduction, distortion and Perception are
at odd with each other so that we cannot guarantee a SR result
with both good visual quality and low distortion. Hence, the
value of the balance parameter A in Eq. (12) is important. We



tested different values of A and obtained the results in TABLE
I

TABLE I
COMPARISON OF USING DIFFERENT VALUES OF A FOR 4 X SR ON SETS
AND BSD100. RED INDICATES THE BEST RESULTS.

A Scale Set5 BSD100
PSNR SSIM PI PSNR SSIM PI
0 4 32.21 0.89  6.223  27.61 0.73  5.623
0.1 4 32.13 0.89  6.087 2752 0.73 5571
1 4 3202 089 6.049 2747 0.73  5.546
10 4 3146 088 4836 2721 0.72  4.249

In TABLE I, We can find that a smaller A can give a
higher PSNR and SSIM which is reasonable because we forced
the model on minimizing pixel based loss rather than VGG
feature loss. However, using larger A\ can generate SR images
with better perceptual quality. In Fig. 9, we show the visual
comparison among different A values.

From Fig. 9, we can see that images Baby and Bird using
the model with A = 10 give sharper features compared with
other setting. Note that A = 0 means that training the SR-VAE
as a MSE based model without using VGG feature loss. From
TABLE 1, it can give the highest PSNR and SSIM, but with
rather blurry features (eyelashes in Baby and claws in Bird).

2) Effect of Conditional Sampling Generator: For our
proposed SR-VAE, we used the idea of conditional VAE
to super-resolve LR images. We propose to use the Condi-
tional Sampling Generator to replace the normal distribution
N(0,1) for conditional sampling. In TABLE II, A indicates
the standard conditional VAE using normal distribution for
sampling and B is the proposed SR-VAE using Conditional
Sampling Generator. Besides this, in Section 3, we have
introduced that the tractability of the model relies on the
assumption that Q(z|X,Y) can be modeled as a Gaussian
with mean p(X,Y) and variance %(X,Y). P(X,Y) can
converge to the true distribution by looking for the lower
bound of D [Q(z|X,Y)| | P(z)]. Decreasing variance X (X,Y)
of the Gaussian model can maximize the ELBO and hence
increase the data fidelity. However, if the variance goes too
small, it can also force the model to concentrate around the
training data to generate sharp but bizarre reconstruction. In
order to explore the optimal choice of the Gaussian variance,
we also tested several values for comparison.

TABLE 11
COMPARISON OF USING DIFFERENT VALUES OF (X, Y) AND
CONDITIONAL SAMPLING GENERATOR FOR 4X SR ON SET5 AND
BSD100. RED INDICATES THE BEST RESULTS.

Model o Conditional SetS BSD100
Generator  PSNR  SSIM PI PSNR  SSIM PI
A 0.1 3133 0.87 5001 27.18 072 4478
1 3146  0.88 5021 2720 072 4504
B 0.1 V4 3146 088 4836 2721 072 4249
1 vV 31.58 088 4978 2732 072 4451

In TABLE 1II, we can find that using the proposed Condi-
tional Sampling Generator over normal distribution for sam-

pling can improve the PSNR by about 0.13 dB and also
decrease the PI by about 0.2. Using the same Conditional
Sampling Generator, a smaller Gaussian variance (o = 0.1)
for computing the ELBO can achieve smaller PI. Note that
when we were computing the ELBO, we assumed that the
mean of Q(z|X,Y) and the Gaussian mean are equal to 0
for simplicity. Meanwhile, we can find that using a smaller
o can also reduce PI by about 0.04. However, computing the
PSNR and PI is not enough to show the advantage of choosing
Conditional Sampling Generator for perceptual quality. In Fig.
10, we show some cases of SR results with and without using
Conditional Sampling Generator for comparison. We can find
that using Conditional Sampling Generator can achieve more
realistic and smooth features. On the other hand, the standard
conditional VAE generates unrealistic features.

PovierPoint
S

Normal sampling

Fig. 10. Visual comparison between different SR-VAE model using with or
without Conditional Sampling Generator for 4x SR.

From Fig. 10, on Face image, using the normal sampling
to train SR-VAE model cannot capture the freckle around the
nose while using proposed Conditional Sampling Generator
to train SR-VAE can obtain a clearer result. On image PPT3,
the same result can also be observed that using the proposed
Conditional Sampling Generator can enhance the letter “i”. For
img063 and img053, using the proposed Conditional Sampling
Generator can recover the roof structure and leaf texture,
respectively.

3) Effect of VGG feature extractor: In order to generate SR
image with low distortion as well as good perceptual quality,
we have added the VGG feature based loss for training. Our
modified VGG feature extractor uses “Average pooling” to
replace “Maxpooling” to avoid the inconsistent feature gener-
ation. This modification focuses on improving the perceptual
quality that does not help to minimize image distortion. To
make a comparison, we used VGG-A to represent the modified
VGG feature extractor and VGG-M to represent the original
VGG feature extractor. Instead of measuring PSNR or SSIM
for comparison, let us directly show some SR images to
visualize the effect of using VGG-A.

In Fig. 11, we can see that VGG-A can generate smoother
results while VGG-M generates rather inconsistent features.
For example, for image 8023, the texture around the wing is
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Fig. 11. Visual comparison between different SR-VAE model using “Average
pooling” or “Maxpooling” for 4x SR on BSD100.

correctly reconstructed using VGG-A; for image 86000, the air
vent on the wall can be well recovered by using VGG-A.

4) Effect of UBP and DBP: In the decoder part of the
proposed SR-VAE, we propose to use back projection based
residual block to replace the conventional residual block to
update the low- and high-resolution feature maps. The modi-
fication is that we embed the back projection mechanism into
the residual block. The enhanced Up-sampling Back Projection
(UBP) block follows the forward back projection process
to minimize the high-resolution features while the enhanced
Down-Sampling Back Projection (DBP) block conducts the
inverse process of the back projection process to minimize
the low-resolution features. In order to demonstrate the ef-
fectiveness of the proposed UBP and DBP blocks, we design
same number of convolution layers to ensure using the same
depth of feature extraction.

TABLE 111
COMPARISON BETWEEN RESIDUAL BLOCK AND PROPOSED BACK
PROJECTION BASED BLOCK FOR 4 X AND 8x SR ON SET5 AND BSD100.
RED INDICATES THE BEST RESULTS.

Scale Conv Set5 BSD100
block PSNR SSIM PI PSNR SSIM PI
A ResB  31.87 0887 6.112 2724 0.724 5.877
BPB 32.02 0.892 6.049 2747 0.732 5.546
8x ResB 27.19 0.784 7.841 2467 0587 7311
BPB 2742 0.785 7.775 2493 0.600 7.165

In TABLE III, we label the decoder using conventional
Residual blocks as ResB and the one using UBP and DBP as
BPB for clarity. We tested the SR results on 4x and 8§x SR on
Set5 and BSD100. We can find that using proposed UBP and
DBP blocks for SR outperforms conventional Residual blocks
in PSNR, SSIM and PI scores.

5) Comparison with the state-of-the-art SR algorithms: To
confirm the ability of the proposed network, we performed
several further experiments and analysis. Let us compare our
proposed SR-VAE with nine state-of-the-art SR algorithms.
Among them, there are six distortion based algorithms: A+
[5], SRCNN [16], LapSRN [18], EDSR [19], DBPN [20]

and HBPN [21] and three GAN based algorithms: SRResNet
[27], EnhanceNet [30] and ESRGAN [35]. For realization,
A+, SRCNN, LapSRN and EDSR were reimplemented and
provided by the authors of [18]. The results of DBPN, HBPN,
EnhanceNet and ESRGAN are provided by respective authors.
We reimplemented their released codes and generated the SR
images. SRResNet was reimplemented by the authors of [35]
so we used their released code to generate the SR images.
Note that recent GAN based algorithms only have 4x SR
results for us to make comparison. That is, there have not
been 8x SR results available for us to make comparison. For
the sake of fairness, we modified the official 4x SR codes of
SRGAN and ESRGAN by changing the up-sampling layers
and directly retrained the networks for 8 x image SR without
extra operations. We mark them with “*” to indicate that
the modification was not done by the codes exactly provided
by the original authors. For distortion based algorithms, we
compare them for scale factors 4x and 8x. All the SR
images can be found in https://github.com/Holmes-Alan.The
evaluation was conducted based on three objective indicators:
distortion, perception and running time.

In TABLE IV, we give quantitative evaluation of our
approaches and the state-of-the-art SR algorithms on average
PSNR, SSIM and PI for scale factors 4x and 8x. For our
proposed SR-VAE, we give two results: SR-VAE-D and SR-
VAE-P. SR-VAE-D represents the model trained on using
balance parameter A = 1 to give equal importance to the MSE
loss and VGG feature loss. We used SR-VAE-D to generate SR
images with high data fidelity, sacrificing perceptual quality.
On the other hand, we also have SR-VAE-P results which
were trained on using balance parameter A = 10, to give high
importance to VGG feature loss over the MSE loss. We used
SR-VAE-P to generate SR images with better visual quality,
sacrificing data fidelity.

In TABLE IV, we use PSNR and SSIM to evaluate the
distortion and PI score to evaluate the perception. The higher
PSNR and SSIM represent lower distortion and the smaller
PI score represents higher perceptual quality. We can find that
our proposed SR-VAE-D and SR-VAE-P can outperform GAN
based approaches (EnhanceNet, SRGAN, ESRGAN) in terms
of PSNR and SSIM by about 1 dB and 0.1, respectively. They
can also achieve lower (about 0.5) PI scores as compared with
CNN based approaches (DBPN, HBPN). However, using PI
to measure the visual quality is still not objective enough for
visual comparison. Hence, to make comparison of the visual
quality, we include Fig. 12, 13 and 14 to compare the results
to see the true visual appearance of different SR algorithms.
Combining TABLE IV and Figs. 12, 13 and 14, we can have
two observations:

o Comparable Perceptual quality. The PI scores in TABLE
IV are an approximate evaluation of perception. The
lower value we have, the better is the visual quality of the
SR images. It can be found that our proposed SR-VAE-P
approach (focusing more on visual quality) can achieve
similar PI score to the state-of-the-art perceptual image
SR approach (ESRGAN). Meanwhile, the results on Fig.
12 show that our proposed SR-VAE-P can actually gen-
erate better visual quality while other GAN based SR ap-



TABLE IV
QUANTITATIVE EVALUATION OF STATE-OF-THE-ART SR APPROACHES, INCLUDING PSNR, SSIM AND PI FOR SCALE 4 X AND 8. RED INDICATES THE
BEST AND BLUE INDICATES THE SECOND BEST RESULTS.

Algorithm Scale Set5 Set14 BSD100 Urban100 Mangal09
PSNR  SSIM PI PSNR  SSIM PI PSNR  SSIM PI PSNR SSIM PI PSNR  SSIM PL

Bicubic 2842 0.810 7.370 | 26.100 0.704  7.027 | 2596 0.669 6.999 | 23.64 0.659 6.944 | 25.15 0.789  6.764
A+ 30.300 0.859 7.010 | 27.43 0.752  6.788 | 26.82  0.710 6.457 | 2434 0.720 6.115 | 27.02 0.850  6.001
SRCNN 3049  0.862 7.120 | 27.61 0.754  6.891 | 2691 00.712 6.556 | 2453 0.724 6.289 | 27.66 0.858 6.051
LapSRN 31.54 0.885 6.497 | 28.19 0.772 6210 | 2732 0.728 5.808 | 2521 0.756 5.596 | 29.09 0.890  5.312
EDSR 3246 0.897 5.906 | 28.800  0.788 551 | 27.71  0.742 5559 | 26.64 0.803 5.338 | 31.02 0.915 5.124
DBPN 3247 0.898 6.156 | 28.82 0.786  5.588 | 27.72  0.740 5355 | 26.60 0.795 5268 | 31.13 0914 5122
HBPN 4x 3273 0901 6.143 | 28.99 0.792 5568 | 27.85 0.746 5505 | 27.03 0815 5.134 | 31.66 {0.920} 4.907
EnhanceNet 28.57  0.810 2926 | 25.77 0.677  3.018 | 2493  0.626 2908 | 23.54 0.692 3.472 | 26.70 0.825 3.287
SRGAN 2940  0.847 3.355 | 26.02 0.740  2.882 | 25.16  0.669 2351 | 2441 0.732 3.484 | 28.09 0.861 3.303
ESRGAN 3047 0.851 3.755 | 26.28 0.698 2926 | 2532  0.651 2479 | 2436 0.733 3.771 | 28.44 0.860  3.456
SR-VAE-D (Ours) 32.02  0.892 6.049 | 28.30 0.776 5229 | 2747 0732 5546 | 2628 0.792 5.183 | 30.87 0912 4.747
SR-VAE-P (Ours) 3146 0.882 4.836 | 2791 0.762 4351 | 27.21 0723 4249 | 2633 0.793 4.481 | 30.17 0902  4.184
Bicubic 2439  0.657 9.932 | 23.19 0.568  9.488 | 23.67 0547 9.552 | 21.24 0516 8.832 | 21.68 0.647 8.705
A+ 2552 0.692 9.454 | 23.98 0.597 8.884 | 2420 0.568 8995 | 21.37 0.545 8.256 | 22.39 0.680 8.213
SRCNN 2533 0.689 9.956 | 23.85 0.593  9.056 | 24.13  0.565 9.231 | 21.29 0.543 8412 | 22.37 0.682 8.402
LapSRN 26.15 0.738 9.936 | 24.35 0.620 7956 | 2454 0586 8.036 | 21.81 0.582 7.543 | 23.29 0.735 7.293
EDSR 8x 2696  0.775 7.999 | 24.94 0.640  7.325 | 2480 0.596 7.620 | 2247 0.620 6.526 | 24.58 0.778 5.985
DBPN 2721  0.784 8.285 | 25.13 0.648 7419 | 2488  0.601  7.660 | 22.69 0.622 6.618 | 24.96 0.799  6.050
HBPN 27.17  0.785 8.112 | 24.96 0.648  7.369 | 2493  0.602 7.628 | 23.04 0.647 6.445 | 2524 0.802  5.883
SRGAN* 2630 0.755 8.000 | 23.98 0.0.600 7.334 | 24.60 0585 7.410 | 2245 0.626 6.410 | 24.67 0.786  5.749
ESRGAN* 2632 0.755 8.011 | 24.08 0.601  7.333 | 2463 0585 7342 | 2255 0.627 6.301 | 24.74 0.787  5.758
SR-VAE-D (Ours) 27.42 0.785 7.775 | 25.03 0.638  6.851 | 2493 0.600 7.165 | 23.19 0.651 6.125 | 2537 0.800  5.599
SR-VAE-P (Ours) 26.86 0.770 7.368 | 24.64 0.626  6.141 | 2465 0591 6254 | 2275 0.633 5.695 | 24.92 0.790  5.399
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SR-VAE-P

Fig. 12. Visual comparison among different SR algorithms for 4x SR.

proaches (EnhanceNet, ESRGAN and SRGAN) amplify sual quality, our proposed SR-VAE-P can achieve higher
the noise around the edges. Furthermore, with similar vi- PSNR (the higher value we obtain, the lower distortion
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Fig. 13. Visual comparison among different SR algorithms for 8 x SR.
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Fig. 14. Visual comparison among different SR algorithms for 8 x SR.

SR images are) than other GAN based SR approaches by
above 1 dB. It indicates that our approaches balance well
between distortion and perception.

o Higher PSNR and better visual quality on 8x image
SR. We compare our proposed work to other CNN and
GAN based approaches, including the state-of-the-art
approaches EDSR, DBPN and HBPN, SRGAN* and ES-
RGAN*. Note that the authors of SRGAN and ESRGAN
did not provide the codes for 8 x SR hence we modified
the official codes for evaluation. From TABLE IV, we
can see that our proposed SR-VAE-D approach (focusing
more on distortion) can obtain comparable (even higher)
PSNR, SSIM to other state-of-the-art approaches. Mean-
while, the visual comparison in Fig. 13 and 14 also shows
that our proposed SR-VAE-P can generate SR results with
perceptual quality better than GAN based SR approach.
It indicates that our approaches balance well between
distortion and perception.

In Fig. 12, we show the results of 4x image SR. Among the
SR algorithms, using distortion based approaches (EDSR and
HBPN) can generally obtain smooth results (like the hands
of clock in image img002 and the letters in image 21077)
while using GAN based approaches (EnhanceNet, SRGAN,
ESRGAN and proposed SR-VAE) can generate SR images
with sharp features. For example, image woman from Set5,
though EnhanceNet and SRGAN gives lower PI values from
TABLE 1V, they cannot properly reconstruct the right eye of
the woman. Using the proposed SR-VAE-P can recover the
eye with better visual quality. For image zebra from Setl4,
we can observe similar visual results. EnhanceNet, SRGAN
and ESRGAN have generated rather “dirty” and messy strips
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around the leg of the zebra. Using proposed SR-VAE-P can
obtain better strip pattern. Furthermore, note that the original
HR image has some additional noise around the leg. Using
GAN based approaches can recover some fine textures but
they do not have the ability to distinguish the noise from the
image pattern so that they also enhance the noise pattern. For
the proposed SR-VAE-D and SR-VAE-P, they can balance the
data fidelity and visual quality. For image 27077 from BSD100
and image img002 from Urban100, we can also find similar
results. It is interesting to find that the clock in img002, using
proposed SR-VAE-N and SR-VAE-P can see clearly the time,
and the second hand.

For 8x image SR, there is no GAN based SR algorithms
for comparison. We have used two of the state-of-the-art SR
approaches: DBPN and HBPN for visual comparison.

In Fig. 13 and Fig. 14, we show images from different
datasets for 8x image SR. In Fig. 13, we show complete
images obtained by different SR algorithms and have drawn
red boxes to indicate the key differences. We can see that
using the proposed SR-VAE-P can achieve photo-realistic SR
results with sharp details, like the leopard print pattern of A,
crown and background details of B, fence pattern of C and city
buildings of D. In Fig. 14, we show detailed comparisons. For
image img004 from Urban100, using the proposed SR-VAE-
D and SR-VAE-P can reconstruct the object pattern from the
mirror reflection. Both LapSRN and HBPN wrongly predict
the pattern as stripes while ESRGAN* cannot generate as
sharp pattern as ours. In image 27077, the window pattern
on the building can be recovered by SR-VAE-P while other
approaches only generated blurry results. In images MiraiSan
from Mangal09 and PPT3 from Setl4, the contexts can be



better reconstructed by using the proposed SR-VAE-D and
SR-VAE-P.

In all visual comparison, we can find good effects on using
the proposed SR-VAE for image SR in both 4x and 8 scaling
factors. TABLE IV also proves that the proposed SR-VAE can
also achieve higher PSNR and SSIM compared to other GAN
based image SR algorithms. In terms of both qualitatively and
quantitatively, our proposed SR-VAE outperforms other SR
algorithms.

V. CONCLUSION

We have introduced our proposed Variational AutoEncoders
for photo-realistic image super-resolution. Unlike the previous
methods which use either CNN based approaches for distor-
tion minimization or GAN based approaches for perception
reconstruction, our proposed SR-VAE is the first work that
makes use of variational autoencoders for image SR. By intro-
ducing conditional sampling generator and SR based encoder
and decoder, we can train SR-VAE to learn the conditional
generative process on the HR images and also tackle the LR-
to-HR mapping relationship for reconstruction simultaneously.
The training process can be easily done without using any
manual checks and tricks. Furthermore, we have used both
distortion and perception based evaluations to measure the
performance of the proposed and other works. Comparing
with other recent SR algorithms in quantitative and quali-
tative aspects, SR-VAE can achieve better or state-of-the-art
performance. For further study, we will continue to explore the
latent parameter optimization via deep learning for image SR.
We can design hierarchical variational autoencoders to further
extract the conditional distribution of SR and HR images
for finer reconstruction. Due to the “hole” problem of the
marginal posterior of the training data, more constraints are
required to generate sharp and accurate samples. Combining
GAN and VAE could form a very promising research direction.
Furthermore, other than using PI for measuring visual quality,
the evaluation on the perceptual quality can also be further
studied to better estimate the visual differences.
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