
EnhanceNet: Single Image Super-Resolution Through Automated Texture Synthesis
Mehdi S. M. Sajjadi Bernhard Schölkopf Michael Hirsch

Max Planck Institute for Intelligent Systems, Tübingen, Germany
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Overview
I Single-image super-resolution (SISR) is the task of inferring a high-resolution image from a

single low-resolution input. It is a classic problem that has been well-studied in the past.
I Convolutional neural networks have achieved state-of-the-art results in recent years.
I Performance is traditionally measured using PSNR which has been shown to correlate poorly

with the human perception of image quality. Thus, models trained for PSNR produce over-
smoothed images that lack high-frequency textures.

I We propose a novel application of automated texture synthesis in combination with a per-
ceptual loss focusing on creating realistic textures rather than optimizing for a pixel-accurate
reproduction of ground truth images during training.

I By using feed-forward fully convolutional neural networks in an adversarial training setting,
we achieve a significant boost in image quality at high magnification ratios.

I Extensive experiments on a number of datasets show the effectiveness of our approach, yield-
ing state-of-the-art results in both quantitative and qualitative benchmarks.

I Illustration of the effect of different losses. The optimal solution under the Euclidean loss is
the mean of all possible images, leading to blurred textures. Instead, our aim is to generate a
pattern visually indistinguishable from the original, explicitly allowing large pixel-wise errors.
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I Our generative fully convolutional network
for 4x super-resolution learns the residual be-
tween the bicubic interpolation and the ground
truth (3x3 kernels, 10 residual blocks).

I Dataset is MSCOCO from size 32x32 to
128x128. Once trained, the input to the fully
convolutional network is an image of arbitrary
size which is then upscaled by 4.

I Training time is a maximum of 24 hours on an
Nvidia K40, though convergence rates depend
on the applied combination of loss functions.

I The final trained model is only 3.1 MB in
size and processes images in 9ms (Set5),
18ms (Set14), 12ms (BSD100) and 59ms (Ur-
ban100) on average per image (unoptimized).

I Comparing state of the art by PSNR at 2x with EnhanceNet-PAT at 4x shows that
EnhanceNet-PAT can create sharper images with more realistic textures from significantly less
data than the previous state of the art, resulting in a sharper image.
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Method
I Problem formulation. A high resolution image IHR ∈ [0, 1]4w×4h is downsampled to a low resolution

image ILR = d(IHR) ∈ [0, 1]w×h. The task of SISR is to provide an approximate inverse f ≈ d−1:
f(ILR) = Iest that looks similar to the original image IHR. As d is non-injective, the task is ill-posed.

I Approach. We use a feed-forward fully convolutional neural network as a function approximator for f
which is trained to minimize several combinations of the following loss functions.

I (E)uclidean loss in image space / MSE.
The most commonly used loss function for generative models.

LE = ||Iest − IHR||22 with ||I||22 =
1
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I (P)erceptual loss in feature space. (Dosovitskiy and Brox, Johnson et al.)
Rather than computing errors in image space, they are computed in VGG’s feature space. This loss is
less sensitive to small local variations in favor of capturing higher-level statistics.

LP = ||φ(Iest)− φ(IHR)||22

I (T)exture matching loss. (Gatys et al.)
To capture texture statistics, correlations between the feature activations φ(I) ∈ Rn×m at a given VGG
layer with n features of length m are used. This loss is applied patch-wise during training.

LT = ||G(φ(Iest))−G(φ(IHR))||22 with Gram matrix G(F ) = FFT ∈ Rn×n

I (A)dversarial training (Goodfellow et al.)
GANs have proven to be a powerful mechanism to produce realistically looking images. In our setting,
G is the generative super-resolution network, i.e., the input to G is an image ILR instead of a noise
vector and its desired output is a realistic high-resolution image Iest.

Results

4x Bicubic ENet-E ENet-P ENet-PA ENet-PAT IHR

Network Loss Description
ENet-E LE Baseline with MSE
ENet-P LP Perceptual loss
ENet-EA LE + LA ENet-E + adv.
ENet-PA LP + LA ENet-P + adv.
ENet-EAT LE + LA + LT ENet-EA + texture
ENet-PAT LP + LA + LT ENet-PA + texture

Dataset Bicubic ENet-E ENet-P ENet-EA ENet-PA ENet-EAT ENet-PAT
Set5 28.42 31.74 28.28 28.15 27.20 29.26 28.56

Set14 26.00 28.42 25.64 25.94 24.93 26.53 25.77
BSD100 25.96 27.50 24.73 25.71 24.19 25.97 24.93

Urban100 23.14 25.66 23.75 23.56 22.51 24.16 23.54

I ENet-E yields the highest PSNR values since it is trained towards minimizing the MSE.
I ENet-PAT generates the most natural looking images with high-quality textures but scores significantly

lower PSNR values since the textures cannot match the ground truth with pixel-wise accuracy.

4x Bicubic State of the art by PSNR EnhanceNet-PAT Ground Truth

Evaluation

4x Bicubic Glasner Kim SCSR SelfEx SRCNN

PSyCo VDSR DRCN ENet-E ENet-PAT IHR

I Previous methods have shown incremental improvements, but blurry textures. ENet-E
continues this trend and achieves state-of-the-art results by PSNR.

I ENet-PAT is the only method that yields sharp lines and reproduces textures, resulting in
the most realistic looking image.

I ENet-PAT produces high-frequency patterns missing completely in the LR image, e.g.,
lines on the zebra’s forehead or the grass texture.

I A quantitative user study comparing EnhanceNet-E’s and EnhanceNet-PAT’s results
with the ground truth showed that EnhanceNet-PAT was preferred in 91.0% of all votes.
Dataset Bicubic RFL A+ SelfEx SRCNN PSyCo ESPCN DRCN VDSR ENet-E

Set5 28.42 30.14 30.28 30.31 30.48 30.62 30.90 31.53 31.35 31.74
Set14 26.00 27.24 27.32 27.40 27.49 27.57 27.73 28.02 28.01 28.42

BSD100 25.96 26.75 26.82 26.84 26.90 26.98 – 27.23 27.29 27.50
Urban100 23.14 24.19 24.32 24.79 24.52 24.62 – 25.14 25.18 25.66

Object recognition benchmark
I Proposed benchmark for perceptual image quality assessment.
I ImageNet images are downsampled and upscaled with methods to be evaluated.
I Performance of pre-trained ResNet model correlates with the perceived image quality

of the results. Can be used as a no-reference metric for image quality assessment.
I EnhanceNet-PAT scores the lowest error rate. EnhanceNet-P (not in table) achieves

much lower scores, indicating that training for VGG does not explain our high scores.

Evaluation Bicubic DRCN PSyCo ENet-E ENet-EA ENet-PA ENet-PAT Baseline
Top-1 error 0.506 0.477 0.454 0.449 0.407 0.429 0.399 0.260
Top-5 error 0.266 0.242 0.224 0.214 0.185 0.199 0.171 0.072
Confidence 0.754 0.727 0.728 0.754 0.760 0.783 0.797 0.882

Quiz: Which image was produced by which model?


