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Abstract—The external example-driven single image superresolution (SISR) method that uses a deep convolutional neural
network (CNN) has exhibited superior performance as compared
to previously developed SISR methods. However, the advantages
of jointly using external and internal examples on a deep CNN
framework have not been sufficiently investigated. In this letter,
we present a novel method for single image super-resolution by
exploiting a complementary relation between external and internal example-based SISR methods. The proposed deep CNN model
consists of two subnetworks, a global residual network and a selfresidual network, to utilize the advantages of both external and
internal examples. In contrast with conventional joint SISR methods, the proposed method is the first deep CNN-based SISR method
that does not require a retraining process, which tends to be inefficient. The proposed method outperformed existing methods in
both quantitative and qualitative evaluations.
Index Terms—Deep convolutional neural network (CNN), external example, internal example, single image super-resolution
(SISR).

I. INTRODUCTION
HE goal of single-image super-resolution (SISR) is to restore the fine details in high-resolution (HR) images using
a single low-resolution (LR) image. However, due to the limited
number of pixels in LR images, the SISR problem is highly
ill-posed. Traditionally, interpolation-based (bilinear, bicubic,
etc.) and image statistics-based SISR methods with natural image priors have been used to reduce the solution space [1]–[4].
Recent state-of-the-art SISR algorithms mostly use exemplar
pairs to learn the nonlinear mapping functions from LR to HR
images. Example-driven SISR methods have been developed
along two directions, i.e., external example-driven and internal
example-driven techniques.
Given LR and HR patch pairs, conventional external
example-driven methods train mapping functions using dictionary learning [5], [6], regression [7], [8], and random forest [9].
Lately, a convolutional neural network (CNN) [10]–[12]
has exhibited superior performance to conventional SISR
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methods. While passing through multiple convolutional layers
in the CNN model, feature maps are gradually nonlinearized
by following the activation function, and finally represent
nonlinear features of the mapping functions correctly. These
CNN-based SISR methods restore the details of HR images
by utilizing a large receptive field, which is beneficial for
preserving the structure of LR images.
On the contrary, internal example-driven methods restore HR
images by increasing the image scale [13]–[16]. The restoration
approach is justified by the self-similarity property, whereby
small patches of natural images often occur repetitively at various scales in the same image.
Zhu et al. exploited deformable patches by optical flow to
address the problem of the limited size of the self-exemplar
HR patch space [17]. Huang et al. synthesized self-exemplar
patches by considering multiple perspective distortions in an
input image [18]. These internal example-driven methods can
restore fine details recurring at various scales in the input image.
However, since the size of self-exemplar patches is small, a tiny
HR structure is challenging to restore.
In order to overcome the limitations of single example-driven
SISR methods, Wang et al. proposed mapping LR to HR images using both internal and external example-driven dictionaries [19]. They subsequently tried to use self-similar patches to
fine-tune of a pretrained CNN model [20]. However, since both
methods require retraining, i.e., fine-tuning the internal dictionary and the CNN model for each test input, the methods have
limited applicability.
In this letter, we propose a novel deep CNN that jointly uses
external and internal examples to solve the SISR problem. The
proposed method exploits a complementary relation between
external and internal example-based SISR methods to recover
the fine details of an HR structure. Compared with existing SISR
methods [19], [20], the proposed method is the first deep CNNbased SISR method that does not require a retraining process
and hence avoids unreliability of self-tuned data. Moreover, it
is easily applicable to various internal example-driven SISR
methods to improve performance.
II. EXAMPLE-DRIVEN SISR
A. Internal Example-Driven SISR
1) Strength: Since HR patches are searched for in the selfexemplar HR patch space, the spatial search space is not limited
to specific regions. Therefore, internal example-driven SISR
methods are robust against the repetitive local HR structure
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Fig. 1. Example of HR image and restored HR image regions. (a) Input
image. (b) Result of internal example-driven SISR [18]. (c) Result of external
example-driven SISR [12].
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Fig. 2. Analysis of the proposed network. (a) Interpolated LR image. (b)
Results using the self-residual network only. (c) Results of the dual input VDSR
model. (d) Results of the proposed method.

A. Self-Residual Network
over the entire input image and across several image scales
[see the blue box in Fig. 1(b)].
2) Weakness: The restoration approach based on a small
self-exemplar HR patch often distorts fine HR structure. This
stems from the difficulty in recognizing large HR structures by
observing small overlapping HR patches only. This weakness is
observed as a step artifact around the edges of large HR structures. Further, the oversharpening artifact is often observed due
to iterative back-projection [21] [see the yellow box in Fig. 1(b)].
B. External Example-Driven SISR
1) Strength: Since external example-driven SISR methods
provide a large size of receptive field when utilizing a deep
CNN model, an LR image of large size is observed to restore
a single pixel of an HR image. It is beneficial to model nonlinear mapping functions more precisely. Moreover, the residual
training approach that restores residual images, subtracted from
HR to interpolated LR images, shows powerful performance in
restoring high-frequency components [12]. This strength yields
clear edges around large HR structure [see the yellow box in
Fig. 1(c)].
2) Weakness: Although example-driven SISR methods using deep CNN have a large receptive field, it is insufficient to
fully exploit repetitive local HR information over the entire input image. As a result, high-frequency components in small HR
structures are lost easily [see the blue box in Fig. 1(c)].
III. PROPOSED CNN MODEL
The proposed CNN model consists of two parallel subnetworks as shown in Fig. 3. The deeper subnetwork is the global
residual network whereas the other is a self-residual network.
As input to the proposed CNN model, we use an interpolated
LR image as a guide image for the HR structure and an internal
example-driven HR image (self-HR image) to extract the fine
details of the local HR structure.
i
}K
Given a training dataset {X i , IHR
i=1 , the proposed CNN
model Mp is optimized to predict the residual image using the
input X: {ILR , Iself −HR } by minimizing a cost function defined
as
Mp = min
M

1
IHR − (M (X) + ILR )2 .
2

(1)

The purpose of a self-residual network is to transfer local
details in the self-HR image. Inspired by [22], the proposed
self-residual network has three pixel-encoding layers (a 1 × 1
convolutional layer and a ReLu activation function) to transfer
information in the encoded pixels. Mathematically, after passing
through the ith pixel-encoding layer, the output feature maps can
be written as follows:
Fi = max(0, Wi ⊗ Fi−1 + Bi )

(2)

where Fi denotes the output feature map, and Wi and Bi denote
the convolutional filters and bias in the ith pixel-encoding layer,
respectively. The output feature maps are encoded to preserve
local HR details without spatial interference from neighboring
pixels.
B. Global Residual Network
The global residual network is proposed here to restore fine
HR structure and compensate for the distortion error in the selfHR image. Following discussion in Section II-B, we build the
global residual network with a large receptive field by serializing
residual blocks.
We apply skip-connection and batch normalization layers to
stabilize the gradient values of the convolutional filters during
training. For each residual block, the input feature maps pass
through two 3 × 3 convolutional layers and the number of
output feature maps is maintained at 64. Following N residual
blocks and the last 3 × 3 convolutional layer, the receptive
field of the global residual network increases from 3 × 3 to
(4N + 5) × (4N + 5). The structure of the residual blocks is
shown in Fig. 3.
C. Analysis of the Proposed CNN Model
To analyze the contribution from each subnetwork in restoring the HR image, we activate only the self-residual network
to exclusively reconstruct it. For the regions of repetitive HR
structure, a pixel-wise encoded HR structure of the self-HR
image is transferred to the HR image to remove the ambiguity in the small interpolated LR structure [see Fig. 2(a) and
(b)]. As a result, the global residual network focuses on training
high-frequency components of less ambiguous structure. By exploiting the cooperation between the subnetworks, the proposed
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Fig. 3.

Proposed deep CNN-based SISR model.

Fig. 4. Super-resolution results on Urban100 dataset with a scale factor of ×4. We recommend a computer display. (a) Results of VDSR [12]. (b) Results of
SelfExSR [18]. (c) Results of the proposed method. (d) Ground truth.

method maintains HR structure of both external and internal
examples as shown in Fig. 2(d).
As an alternative to the proposed network, one might consider
a dual input very deep super-resolution (VDSR) model which is
similar to the original VDSR model [12] except that it has the
same first input layer as the proposed model. In Fig. 2(c), the
dual input VDSR model exploits self-HR images to refine the
repetitive local patterns. However, it is observed that it converges
to nearly identity mapping. In addition, it produces artifacts in
the regions with strong edges which is commonly observed in
self-HR images.
D. Training
The proposed CNN model is trained using subimages cropped
from 291 natural images [9] with data augmentation. For the
self-HR image, the results of SelfExSR are used with default
parameters in [18].
The training data are resized to multiple scales (×2, ×3,
and ×4) to train the proposed CNN model, which can restore
images at multiple scales. Based on back-propagation [23], the
minibatch gradient descent method is used with a batch size of
64, a momentum of 0.9, and an L2-weighted decay parameter
of 0.0001. We adopt gradient clipping [12] for faster training.
The learning rate decreased from 0.01 by a factor of 10 every 10

epochs. It is kept constant after 40 epochs and training finishes
after 60 epochs.
IV. EXPERIMENTAL RESULTS
We evaluate the performance of the proposed algorithm
and compare it against several state-of-the-art SISR methods.
The HR results of the proposed method are reconstructed on
an Intel Core i5 CPU (3.2 GHz) with 12 GB RAM and an
NVIDIA Titan GPU. The evaluation is performed on datasets
of various natural [24]–[26] and urban [18] scenes. Moreover,
the Sun-Hays80 [27] uses for qualitative evaluation with scale
factor of ×8.
We set nine residual blocks in order for the global residual network to have a receptive field of the same size as VDSR [12] (41
× 41) and predict only single-luminance channels. We use the
results of [15], [16], and [18] from Huang et al.’s webpage [28]
as benchmark. Unlike the original papers [10], [12], we perform the quantization (floating point to integer conversion) of
pixel values in LR image generation for more realistic representation of real-world LR images as well as for fair comparison
with other methods. The proposed method is implemented using
the MatConvNet deep learning toolbox [29], and takes approximately 10 hours to train. We also show that the proposed method
can be used with other internal example-driven SISR methods
to improve performance.
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Fig. 5. Super-resolution results on Sun-Hays80 dataset with a scale factor of ×8. (a) Result of VDSR [12]. (b) Result of SelfExSR [18]. (c) Result of the proposed
method. (d) Ground truth.

TABLE I
QUANTITATIVE EVALUATION (IN TERMS OF PSNR/SSIM) CONDUCTED ON Set5, Set14, BSD100, AND Urban100

Red and blue color indicate the best and the second-best performance, respectively.

A. Qualitative Comparison
In Fig. 4, the test images shown contain various scales
of repetitive HR structure, which is helpful in evaluating
the strengths and weaknesses of both external and internal
examples-driven SISR methods. Because the VDSR is designed
to restore high-frequency components of HR structure, the
strength is visually noticeable at edges around the large HR
structure. However, due to ambiguities in small HR structures,
the weakness is often observed as shown in Fig. 4(a).
In case of SelfExSR, the ambiguities in the small HR
structure are clarified by searching for HR information in the
self-exemplar HR patch space. However, restoring a large HR
structure using small self-exemplar HR patches causes step artifacts around the edges, as shown in Fig. 4(b). On the contrary, in
addition to simply compensating the weaknesses of these SISR
methods, the proposed method improves performance by utilizing the collaborative strengths of SISR methods. As a result,
the proposed method generate finer details of the HR structure.
Furthermore, we evaluate the performance at a scale factor
(×8). Although the proposed method is not trained for a scale
factor greater than ×4, we apply it during the restoration process
of SelfExSR, which restores an HR image by increasing image
scales gradually by a scale factor of 1.25. During the gradual
HR restoration, the proposed method refines the HR image until the image scale factor reaches ×2, ×4, and ×8. Similar to
the above approach, VDSR is applied to increase the HR image scale twice, and this process is repeated until it reaches an
image scale factor of ×8. As shown in Fig. 5, the proposed
method restores the shape of the fence more clearly than the
other methods [12], [18].
B. Quantitative Comparison
The performance is evaluated quantitatively and compared
with several state-of-the-art external-example based [10], [12]

and internal-example based SISR methods [15], [16], [18].
Table I shows the results on Set5 [24], Set14 [25], BSD100 [26],
and Urban 100 [18] dataset.
The proposed method yields the best quantitative results,
slightly better than those of VDSR, which has been known
as the best algorithm to-date. Note that, the Urban 100 dataset
contains many repetitive HR structures at various scales, which
provide the best condition for the proposed method.
Furthermore, we employ different internal example-driven
SISR methods [15], [16] to generate the self-HR image. Note
that we do not train the proposed CNN model again using corresponding internal example-driven SISR methods. Interestingly,
although the proposed method is trained using only self-HR images of SelfExSR, the performance of both Glasner [15], and
sub-band [16] is improved by the proposed method. On the
BSD100 and the Urban100 datasets, the performance of both
SISR methods is significantly enhanced.
While external example-driven SISR methods run fast to
produce test images, the proposed method depends on the internal example-driven HR image which requires additional processing time. However, previous joint example-driven SISR
methods [19] [20] require retraining of the internal dictionary
or self-tuning, which requires a large amount of computation.
V. CONCLUSION
In this letter, we showed the strengths and weaknesses of external and internal SISR methods for large or repetitive small
HR structures. Based on the complementary relation between
these SISR methods, we proposed a novel SISR method using
deep CNN that exhibited the best performance in both qualitative and quantitative comparison with state-of-the-art SISR
methods. Unlike in conventional joint SISR methods [19] [20],
additional retraining process is not required for the proposed
method, and it is applicable to other internal SISR methods to
improve performance.
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