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Abstract

We will reproduce a classical state-of-the-art Super Res-
olution (SR) approach proposed by Jiwon Kim et al. that
was published at CVPR 2016 [1]].

The approach proposed by the authors is building a deep
convolutional network inspired by VGG-net [2|] used for Im-
ageNet classification. The model has a depth of 20 layers
and is cascading small filters many times in a deep network
structure. The slow convergence speed problem is solved by
learning residuals only and using very high learning rates
that are enabled by gradient clipping and adjustable learn-
ing rates.

The proposed network also supports multi-scale training
- typically, one network is created for each scale factor, but
we will train models that can take x2, x3 or x4 scaling fac-
tors and produce higher resolution outputs.

1. Introduction

Single image super-resolution (SR/SISR) is a classical
problem in Computer Vision that aims to reconstruct a high-
resolution (HR) image from one single low-resolution (LR)
input image. SISR are a widely used set of Computer Vision
techniques that have applications in radar and sonar imag-
ing, surveillance, image post-processing, entertainment and
even in medical imaging where often higher resolution, low-
noise images are desired.

The SR problem was tackled by Harris [3]] as early as
1964 when he established the theoretical foundation for the
SR problem by introducing the theorems of how to solve
the diffraction problem in an optical system [4]. Nowadays
a common SR technique is bicubic interpolation, thus we
shall consider it the baseline for our experiments. Other
modern techniques are using internal patch recurrence [J5]]
and recently learning methods are producing state-of-the-art
results using models that are mapping the LR patches to the
HR ones - the most notable approaches are using random
forests [6] and Convolutional Neural Networks (CNN) [7]].

2. Related work

SRCNN (Super-Resolution Convolutional Neural Net-
work) [7] is representative for deep learning-based SR, the
network structure is not deep - only three layers used for
patch extraction, non-linear mapping and reconstruction:
the LR input is upscaled to the desired size using bicubic
interpolation, the first convolutional layer then extracts a set
of feature maps, the second layer maps the feature maps to
HR patch representations and the last layer combines the
predictions to produce the HR output.
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DRCN (Deeply-Recursive Convolutional Network) [8]
is a method proposed by the VDSR authors. As in VDSR,
20 layers of 3x3 convolutions with the same number of fil-
ters are used but the network consists of three sub-networks:
embedding, inference and reconstruction networks. The
embedding network takes an interpolated LR image and
represents it as a set of feature maps with two convolutions,
the inference network takes the output from the embedding
network and goes through a single recursive layer, the same
filter being applied to feature maps recursively, followed by
ReLU; once inference is done, the feature maps are fed into
the reconstruction network to produce the HR output.
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3. VDSR - Setup and Experimental Results
3.1. Setup

We are implementing VDSR (Very Deep Super-
Resolution) in Python using the PyTorch framework.

Training: Our models are using a dataseﬂ composed
of 91 images from Yang et al. [9] and 200 images
from Berkley Segmentation Dataset [10]. The images are
cropped into disjointed 41x41 patches so we can enlarge
our dataset to 2490 samplesﬁ The images are converted to
the YChCr color space and only the downscaled, bicubic-
interpolated Y channel is fed into the networks since the
structural information is preserved into the greyscale copy
of the image. We are using just random horizontal and ver-
tical flips for data augmentation since it seems that random
rotations are hurting the convergence rate of the network.
We are training a single model for multiple scales (x2, x3,
x4), this is accomplished by randomly shuffling images of
multiple scales into every batch.

Testing: We are using four datasets: *Set5” [[1]], *Set14’
[12], *Urban100’ and 'B100’ [14].

Training parameters: We use a network of depth 20
and a deeper one of depth 25. We’re training the networks in
batches of size 64, the optimizer used is Stochastic Gradient
Descent with the momentum set to 0.9 and weight decay set
at 1073, the loss function s § |ly—z— f(z)||? averaged over
the training set. We’re using rectified linear units (ReLU) as
our activation function, thus we are using the procedure de-
scribed by He et al. [16] for weight initialization. We’re
training the networks in 80 epochs, the learning rate is ini-
tially set to 10~ and it decays by 10~! every 20 epochs,
gradient clipping is also used to avoid exploding gradients.
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3.2. Experimental Results

Peak signal-to-noise ratio (PSNR) is used for evaluating
the models.

[ Scale VDSR Paper VDSR20 VDSR25 Bicubic ||

2x 37.06 3541 35.39 33.66
3x 33.27 33.80 33.77 30.39
4x 30.95 32.90 3292 28.42

Table 1: Performance in PSRN on ’Set5’, the higher the better.
Color red indicates best performance and blue indicates second
best performance. VDSR20 and VDSR25 are our models.

Uhttps://cv.snu.ac kr/research/VDSR/
2Random crops before every training epoch were also tried but the re-
sults were average at best.

[ Scale VDSR Paper VDSR20 VDSR25 Bicubic ||

2x 33.03 33.54 33.50 30.24
3x 29.77 3242 3241 27.55
4x 28.01 31.82 31.81 26.00

Table 2: Performance in PSRN on 'Setl4’. The 20-layer network
performs just slightly better than the deeper one.

[ Scale VDSR Paper VDSR20 VDSR25 Bicubic ||
2x 31.90 33.20 3317 29.56
3x 28.82 32.18 3217 2721
4x 27.29 31.66 3166 25.96

Table 3: Performance in PSRN on ’B100’.

[ Scale VDSR Paper VDSR20 VDSR25 Bicubic ||
2x 31.90 3257 3252 26.88
3x 28.82 31.75 3175 2446
4x 27.29 31.28 3128 23.14

Table 4: Performance in PSRN on 'Urbanl00’. Performance be-
tween VDSR20 and VDSR?25 is almost identical.

Figure 1. Bicubic Interpolation, VDSR and Ground Truth

Figure 2. Bicubic Interpolation, VDSR and Ground Truth

4. Conclusions

We have explored the super-resolution method proposed
by Jiwon Kim et al. that uses a very deep, residual-learning
convolutional network. An interesting remark is the fact
that by removing the random rotation from our data aug-
mentation it appears that we obtain a model that converges
faster and has a better performance at higher scales, but
lower scale performance can sometimes decrease quite dra-
matically. It is also to be noted that by increasing the
number of hidden layers without changing anything else
in the network architecture doesn’t seem to improve on the
model’s performance and can even lead to a model that in-
fers slightly worse results in certain conditions.
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