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Figure 1: Input LR 32x32, SRPGGAN 8x Output 256x256, and Original HR 256x256

Abstract

Human portrait photo super resolution (SR) is a sub-category of image-to-image
translation problem. We implement our own version of SRResnet and SRGAN
from scratch to train human face datasets for 4x upscaling factors. For SRGAN,
we experiment with NSGAN, WGAN-GP, and PGGAN respectively to improve
image quality. We also explore different loss functions to obtain more realistic
human portrait images with finer face and hair texture details. Transfer learning
are also used to accelerate and stabilize the training process. Empirically, we
find GAN networks are much harder to train but generate images with better
quality. Our SRWGAN-GP and SRPGGAN models produce best super
resolution results among our 4x upscaling factor tests. Then we extend
SRPGGAN which grows the model progressively to do a 8x upscaling and get
Figure 1.

1 Introduction

Building a robust neural network to automatically reconstruct low resolution images to high
resolution images is quite challenging but useful in various surveillance application, medical
imaging, satellite image analysis or old photo recovery. Compared to traditional methods,
deep learning has a breakthrough in super resolution in accuracy and speed. For this project,
we narrow down the problem to single image super resolution (SISR) on human portrait.
Since human precision has a higher standard for faces and can really tell the nuances, we
explore different neural network architectures and train our model to match this level of
expectation.

2 Related Work

CNN solutions in SISR is proved to be very effective since SRCNN [8], which is using deep
convolutional neural network to solve SR problem and demonstrate fast speed and good quality



compared to traditional sparse-coding-base SR methods. As CNN evolves, Residual Network
architecture [12] is created to go much deeper with skip connections, but without suffering
vanishing gradients problem of plain networks. SRResnet in SRGAN paper[2] then uses deep
residual network and shows improved results. We build a SRResnet as our baseline model.

GAN, brought up by lan Goodfellow [13] in 2014, is a newer architecture in deep learning
research area but generates superior results in various topics. SRGAN [2], using SRResnet as its
generator capable of inferring photo-realistic images for 4x upscaling factors, established the state-
of-the-art in SR. Therefore, we build our own version of SRGAN to generate HR human portrait
images and compare the results with SRResnet outputs. In first model of SRGAN, NSGAN loss
function is applied. WGAN [8] is claimed to make GAN training more stable, by enforcing the
discriminator stay within the space of 1-Lipschitz functions. WGAN-GP [8] adds gradient penalty
as an alternative to weight clipping in original WGAN to further stabilize the training. We
integrate WGAN-GP in our SRWGAN-GP model. Last but not least, PGGAN [9] can magically
turn the noise input into 1024”2 HD face images and introduce the idea of progressively grow the
resolution of generator and discriminator by adding new layers along the training process. We
integrate this idea and build a SRPGGAN model to compare with earlier models.

MSE and PSNR are common metrics to evaluate SR algorithms before GAN [3, 10]. However,
other papers claims that they only evaluate pixel-wise differences but failed to catch the
perceptual differences. Therefore, perceptual loss [5, 6] are encouraged by GANs. And this
perceptual loss would use a pre-trained VGG[4] network on ImageNet which is available from
tensorflow GitHub [14]. We use both MSE and VGG perceptual loss for comparison in our
models. Also, efficient sub-pixel convolutional neural network (ESPCN) [7] introduced a
computational-efficient pixel shuffle layer to upscale low resolution (LR) to high resolution (HR)
feature maps. We adapted this idea in my model as well.

3 Dataset

For dataset, we use CelebA-HQ [9] dataset which is built upon CelebA [1] dataset but a higher-
quality version. This dataset is a large-scale face attributes dataset with 30k celebrity images at
1024x1024 resolution. Most of the images are cropped front face portrait. Before training, the
dataset is preprocessed to different resolution: 16x16, 32x32, 64x64, 128x128, 256x256, 512x512.
We have split the dataset into 28000/1000/1000 as train/dev/test dataset. For data preprocessing,
we have normalized the input images from [0, 255] to [0,1].

In the state-of-the-art SRGAN paper [2], their data sets are Set5, Setl4, BSD100 with LR input of
144x144, 256x256 or similar resolution in between. We decide our input LR resolution of 32x32.
In our early tests, we experiment with different resolution inputs: 16x16 images lose too much
facial information, 64x64 images are good enough to see the whole shape of eyes. So we pick
32x32 images which keeps certain important facial information but no details at all and

challenging enough to test the deep learning’s limit which traditional methods can never imagine.

4 Methods

Our model follows the guideline of SRGAN paper [2] and PGGAN paper [9] with
modification. We implement our own version of SRResnet and SRGAN. Our first model is
SRResnet with MSE loss. After explorations, we build our second model: SRGAN with mix
loss. Then we further optimize our model by integrate WGAN-GP as our SRWGAN-GP
model with mix loss and transfer learning. The fourth model is SRPGGAN with mix loss and
WGAN-GP included. The details of the 4 models are discussed in this section.

4.1 Content Loss Function

Content loss is measuring the difference between generated outputs and target images. The most
common way for content loss is to calculate the pixel-wise MSE loss as:
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We use MSE loss in our SRResnet model. However, MSE loss tends to generate overly smooth
textures for the output images. Then we also explore perceptual loss, which calculates the feature



map differences to preserve the texture details. To extract the feature map, a pre-trained VGG
network on ImageNet is used. The perceptual VGG loss is defined as:
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where W, ; and H; ; are the dimensions of the feature maps within the VGG 19 network.

4.2 SRResnet

The SRResnet model, proposed in SRGAN paper [2], is shown in Figure 2. Residual blocks and
skip connection are used. Each residual block has two convolutional layers followed by batch
norm and parametricRelu layers. For upscale 4x factors, two sub-pixel convolution layers,
proposed by Shi et al [7], are added after resnet blocks. We implement SRResnet with MSE as our
baseline model for comparison.
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Figure 2: SRResnet model and Generator Network.
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Figure 3: Discriminator Network.

4.3 SRGAN

SRGAN uses the SRResnet model as its generator whose goal is to generate high resolution and
high quality images to fool the discriminator. The discriminator is a separate CNN network to
classify target images are real and generated outputs are fake as shown in Figure 3. Therefore, the
objective function of GAN is a minimax game:
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where the IR ~ p, . (I"'R) are the target HR images from the input data, XX ~ p;(I*R) are the
LR images from the input data, Dy, is the output of the discriminator and Gy, is the output of the
generator. The gradient descent of the generator and discriminator is calculated alternately. The

loss function of generator has two components: a content loss l;R and an adversarial loss lgR:
SR _ SR -375R
P =1"+10771;

We have experimented the content loss to be MSE, perceptual VGG loss, and the mix loss off
MSE and VGG. We found that mix loss, which adds up MSE and VGG, works best in our



scenario.

4.4 SRWGAN-GP

WGAN tries to solve the problem of model collapse and stabilizes the training process. We use

improved WGAN-GP method, proposed by Gulrajani et al [8], to calculate Wasserstein distance

and penalize the norm of gradient to enforce a Lipschitz contraint. The objective function is also

changed to:
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WGAN-GP is less sensitive to hyperparameters and more stable to get good image results. For
SRWGAN-GP model’s content loss, we also use mix loss.

4.5 SRPGGAN

PGGAN introduces a new training strategy of growing both the generator and the discriminator
progressively. It starts with a low resolution of 4x4, then gradually adds new layers to the model
and generates high resolution images of 1024x1024. We are inspired by this idea and make a
SRPGGAN model as shown in Figure 4. We starts with resolution of 32x32. As the training
advances, we incrementally increases resolution to 64x64, then to 128x128 for 4x scaling factor,
and 256x256 for 8§ scaling factor. When doubling the resolution, a transition weight is used to fade
in the new layers smoothly and avoid sudden shock to the trained layers. All existing layers stays
trainable. Mix loss and WGAN-GP techniques are also used in this model.
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Figure 4: SRPGGAN Networks

3 Experiments

5.1 Hyperparameter Tuning and Feature Selection

For SRResnet model, MSE loss is used for content loss. Regarding hyperparameters, the
training iteration number is 200k, the batch size is §, which is the maximum number to fit
our GPU memory. The learning rate is 8e-5 with Adam optimizer. We have tried learning rate
from le-3 to le-5, and 8e-5 works best. The number of the residual blocks is 8. As this
number increasing, the net gets deeper and the training time increases. Input size is 32x32,
scaling factor is 4x, and output size is 128x128.

For SRGAN model, we test MSE loss first but find output no significant difference with
SRResnet model. Then we explore perceptual VGG loss. However, only using the extracted
feature map from VGG model would result checkerboard artifacts. Therefore, we create a
mix loss, adding up MSE and VGG loss, to remove checkerboard artifacts and improve
image quality. SRGAN is using the NSGAN object function. The same hyperparameters as



SRResnet are used here. The adversarial loss weight is 1073, which is recommended in
SRGAN paper. We experiment to increase the weight, the output tends to be more art-
stylistic instead of photo-realistic. The Generator and the Discriminator is trained 1 step
respectively at each iteration.

For SRWGAN-GP model, we adapt good features of mix loss and hyperparameters from
SRGAN model. Compared to SRGAN, WGAN-GP is a replacement of NSGAN. To use
WGAN, we remove the last sigmoid layer of discriminator, and remove log calculation in
adversarial loss. We test gradient penalty with lambda of 10 to stabilize the training. After
getting good results from this model, we also investigate transfer learning: using the pre-
trained model of SRResnet as the starting point then train SRWGAN-GP. After training just
20k interactions, We got better results than before. Since only the Generator is pretrained, we
want the Discriminator to catch up. Therefore, 3 steps of D and 1 steps of G is set up in the
training process.

For SRPGGAN model, the architecture has been changed accordingly as describe in Section
4.5. We set up the structure that we can grow the layers on the run. Also, a transition flag is
passed to do the fade-in if transitioning from lower resolution to higher resolution. For
content loss, only the last round with targeted resolution, we use mix loss, otherwise MSE
loss is used. The 4x SRPGGAN has comparable results as SRWGAN-GP. However, the
flexibility to increase the layers to get to higher resolution is very attractive and effective.
Therefore, we experiment 8x scaling factor and got results shown in Figure 1.

5.2 Model Evaluation

Figure 5 shows the 4x scaling outputs comparison for different models. SRResnet has much
better quality than bicubic interpolation. However, the face texture is overly smoothed and
the image looks blurry. SRGAN has better details than SRResnet which means the mix loss
is working well. SRWGAN-GP and SRPGGAN both have better results than SRGAN with
more details in faces and hairs. Regarding to PSNR, it relates to MSE loss and only good at
pixel-wise distance measurement but fails to catch perceptual differences used in GAN.
Therefore, SRResnet has the highest PSNR score but not best image quality.
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Figure 5: Input LR 32x32, SRResnet 4x output, SRGAN 4x output, SRWGAN-GP 4x output,
SRPGGAN 4x output, Origianl HR 128x128

6 Conclusion

We implement both CNN and GAN architectures on the CelebA-HQ dataset in a very similar
hyperparameter settings and compare the results side-by-side. We find that GAN models
generate more visually pleasing images than CNN models. Then we focus on GAN and
experiment with different GAN architectures within SRGAN framework. We have
successfully integrate WGAN-GP with SRGAN to form our SRWGAN-GP model, integrate
PGGAN to form our SRPGGAN model. Both SRWGAN-GP and SRPGGAN have achieved
photo-realistic quality results in 4x scaling. And SRPGGAN shows its powerful capability of
extending the model easily to 8x scaling factor and achieve photo-realistic images.

Code is uploaded in github: https:/github.com/yshu/SR, and we have sent a collaborator
invitation to ¢s230-stanford.
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