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Abstract. In this paper, we propose a new stacked deep convolution network to improve
the performance of single image super resolution (SISR). So far the developed methods
to achieve SISR do not consider the factor of scaling. However, the resolution may vary
in a wide range, thus the super-resolution is very difficult to achieve satisfactory results
for various cases. For example, the image resolution is very different from enlarge 4
times and 16 times. Therefore, the super-resolution results are not usually satisfied for
both cases by one model. If we want to achieve satisfactory performance for various
cases, the very deep or complex model would be necessary, and then the model training
will be very complicate, difficult and also not flexible. In this paper, we proposed a new
deep convolution model for image super-resolution. We build basic deep-learning unit
(BDU) as model foundation, and training each BDU for various resolution. After the
training processing, we stack the BDUs as a deeper model for super-resolution. Because
the BDUs are trained independently, thus the computation cost reduce significantly. From
the simulation results, the new super-resolution method achieves satisfactory performance
for both visual quality and quantitative measure indexes.
Keywords: stacked deep convolution network, SISR, model training, BDU

1. Introduction. Single image super-resolution (SISR) implies that the high resolution
details is recovered from low-resolution image using single image. Because the solution
is not unique, therefore it is well known as an ill-posed problem. The problem is also a
classical problem in image processing or computer vision. Because it usually need suffi-
cient priori information, and thus the interpolation-based methods used for SISR cannot
achieve satisfactory results. Therefore, the example-based methods such as face halluci-
nation which learn mapping function from low- and high-resolution training image pairs
are widely adopt [1]. Recently, deep learning (DL), one of machine learning algorithms,
achieves great successful in various artificial intelligence applications [2]. For SISR, com-
pared with traditional methods, it is very effective due to the feature characterization
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of deep learning. Therefore, there are many image super-resolution methods proposed
recently. In [3, 4], the authors first proposed the algorithm, Super Resolution using Con-
volutional Neural Networks (SRCNN), to super-resolution of images. It demonstrated the
superiority and simplicity of an end-to-end approach to SR. After then, there are many
extensive and advanced DL-based architectures proposed to improve the performance of
SISR. In SRCNN, according to the authors’ observation, the most important complexity
issue, i.e., the numbers of network layer, seems not as apparent as that shown in other ap-
plications. From their extensive experiments indicate that it is not “the deeper the better”
for SISR [3, 4]. Therefore, the proposed model can be achieved excellent SR performance
in a limited complexity. In [5], the new FSCRCNN has proposed to further improve com-
putational complexity by simplified the LR interpolation and adding a new deconvolution
layer. However, the nearest neighbor interpolation cannot provide sufficient information
especially in repeated up-sampling. Hence, in [6], ESPCN address the problem to achieve
more efficient interpolation by a new sorting and rearrange strategy. The results show its
effectiveness. On the other hand, [6] is first proposed very deep CNN for SISR. The main
idea is to stack small filter and residual learning using larger learning rate, the authors
can conclude that the deeper network achieves superior performance. The authors further
proposed a deeply-recursive convolutional network DRCN [7] to reduce the parameters.
DRCN repeatedly applies the same convolutional layer as many times as desired. They
are also showed that the performance of these two methods are very similar. In [8, 9],
Enhanced deep residual networks (EDSR), which achieves excellence performance, is a
representative SISR approach using residual learning. The main contribution is to re-
move the layer of batch normalization and using residual scaling to improve the efficiency
and performance. Comparing to ResNet, DenseNet [10, 12] connects the layers with all
preceding layers, thus it concatenates all the features from different layers and it also
shows the effectiveness in improving performance. Because the SISR is an ill-posed prob-
lem, therefore all such methods exist drawbacks. Although SRCNN and its revised version
achieves super-resolution with simple network, it is not satisfactory for high scale image
super-resolution. The DRCN can achieve very deep network for SISR, however it may
saturate due to same model parameters. ResNet-based and DenseNet are generally use
very deep network, the model training is a challenging problem. In this paper, we will
propose a new idea that try to attack the above-mentioned problems and improve the
SISR performance. For SISR, so far the developed methods are all super-resolution from
low to high by one step without considering the factor of scaling. However, the resolu-
tion may vary in a wide range, therefore the super-resolution cannot achieve satisfactory
results for various resolution. For example, the image resolution is very different from
enlarge 4 times and 32 times. Thus, the super-resolution results are not usually satisfied
for both cases by one model. Therefore, if we want to achieve satisfactory performance for
various cases, the very deep or complex model would be necessary. However, the model
training will be very complicate, difficult and also not flexible. Nevertheless, we can stack
many model with training for different resolution and then very high super-resolution can
be obtained. It avoid not only the difficulty of training very deep and complex model but
also flexible for various resolution. On the other hand, the stack model can become a very
deep to meet the principle “the deeper the better”. In the following, the proposed method
will be presented in Section 2, the experimental results will be discussed in Section 3, and
finally the conclusions will be given in Section 4.

2. The proposed method. The most popular structure of single image super-resolution
is proposed by SRCNN, which contains three main steps, i.e., patch extraction, nonlinear
mapping and reconstruction. In this procedure, the only pre-processing is to scale the
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input image up to the desire size. In [4], the authors suggested bicubic interpolation to
perform the upscale operation. In our work, the image first downscale to lower resolution,
i.e., small size, and then upscale to original size to form high-low resolution training
image pair, we also adopt the bicubic interpolation as in [4] the procedure as depicts in
Fig. 1. For simplicity, we select the down scaling factor as 2−n in each dimension, if

n = 1 the resolution is
1

4
of original image resolution. If original image define as Y, the

corresponding low resolution image define as X, then the relation can be represented as

X = Upscale (Downscale (Y )) + n (1)

In our work, we define a Basic Deep-Learning Unit (BDU), which is a simple structure

Figure 1. Scaling and interpolation for training datasets.

with three part including patch extraction, nonlinear mapping and reconstruction. The
first and second part are the local feature extraction layer, which contain convolution
neural network (CNN) and nonlinear mapping, i.e., activation function. We select rectified
Linear Unit (ReLU) as activation function, then we can define the operation as

Lm
1 = max (0,Wm

1 ∗X + bm1 ) , (2)

where the superscripts m is the number of convolution mask, the subscripts is the first
layer. Therefore, Wm

1 is mth convolution mask with size f1 × f1, b
m
1 is the bias and Lm

1

is the mth feature map and they are all in first layer. Thus, if we select m convolution
mask, then the number of output feature map is m. The operation max(0, x) is the
output of ReLU. We can illustrate the procedure as in figure 2. The first and second part
contain more than one layers. Basically, it is the extension of convolution and activation.
By many possible convolution and nonlinear operation (i.e., mask operation or filtering
and activation), the relation between in high-resolution and low-resolution can then be
extracted as thorough as possible, and that is also the reason “the deeper the better”. As
shown in figure 3, the output of each layer can be expressed as Eq. (3).

Lm
n = max

(
0,Wm

n ∗ Lm
n−1 + bmn

)
(3)

where Lm
n is the mth feature map in nth layer, Wm

n is the mth mask in nth layer convolution
with the (n − 1)th layer feature map, the mask size is m × fn × fn and total number of
mask is m. As shown in figure 4, the third part is the reconstruction layer and its output
is with desire resolution. The expression is as

Ỹ = Wn ∗ Lm
n−1 + bn (4)
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Figure 2. Local feature extraction layer, the c is the channels of image.

Figure 3. The convolution and nonlinear mapping, which can be extended
to desire layer.

where Ỹ is the reconstructed image with desire resolution, for final layer, Wn is the
reconstructed mask with size m × fn × fn, and Lm

n−1 is the previous layer feature maps.
To compare with mask used in previous layers, this layer use one reconstruction mask, thus
the final feature map is the reconstruction image. To combine the three parts, the super-

Figure 4. The reconstruction layer.

resolution structure can then be depicted as in figure 5. In SRCNN, the authors claim
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Figure 5. The general structure suggested by SRCNN.

that the SISR performance seems not apparent for deeper layers. Therefore, considering
performance and complexity the authors suggested that three layers structure is used to
super-resolution and achieve excellent performance. In our work, we will expand this
structure to increase the efficiency and capability for image super-resolution.

2.1. Basic deep-learning Unit BDU and stack CNN model. As above-mentioned,
we define four CNN layers as a basic deep-learning unit (BDU), as shown in Fig. 6, and
the first layer use 128 convolution mask with size 9 × (i.e., 128 × (9 × 9) × 1), so 128
feature map will be obtained. The second layer is with 128 × (5 × 5), the third layer is
64 × (3 × 3) and the four layer is 3 × 3. The ReLU is selected as activated function for
each layer. For simplicity, the processing is only for image intensity channel.

In this work, we propose a stacked super-resolution structure. It uses multiple BDUs
stacked on top of each other in which each BDU receives the output from the previous BDU
as its input. This method can obtain a very deep neural network without encountering
great difficulty in training. The representation of a BDU can be expressed as BDU i

m,

Figure 6. The structure of BDU.

the super-script i is the order in the stack model, the subscripts m is the scaling factor,
i.e., if m = 2 means the resolution increase 2 in each dimension. For simplicity, we use
Fig.7 to represent the simplify BDU model. The BDU has following properties, we state
as follows. For BDU training, the training data is replaced by previous BDU output,
as shown in Fig.8. For example, BDU1

m is at the foremost of model and then stack
BDU2

m, BDU3
m, . . .However, the training data of BDU2

m is the output of BDU1
m. Let

Ψi = W i
m, B

i
m is the parameters set of BDU i

m, Y = Y i is the ground truth high resolution
images set, andX = Xi is the corresponding low resolution images. The mapping function
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Figure 7. Simplify BDU model.

of the ith-order BDU,BDU i
m, can be represented as

X̃i = MapBDU i
m

(
X̃i−1, Ψi

m

)
(5)

It is noted that for the first order BDU(i = 1), the input data Xi−1 = X0 = X. The

output X̃i of the current stage is used to train the next stage BDU i+1
m , until the required

order n is reached. The last stage BDU,BDUn
m, reconstructs a high resolution image by

Ŷ = X̃i=n = MapBDUn
m

(
X̃n−1, Ψn

m

)
(6)

When image use BDU1
m to increase resolution, then its output is different from the

input image. If we increase its resolution base on the output of BDU1
m, the model

BDU2
m stack BDU1

m should re-training due to the input image content has changed.
Therefore, the image resolution is increase gradually when we stack more BDU . Since
the BDUs are trained independently, so each BDU is optimal for their own resolution.
However, the source of training images for each BDU are same in practical except their
resolution as above mentioned. As shown in Fig.8, there are three BDU stacked in the
model, so it is equivalent as 9 layer CNN deep learning model. However, the model
training is much easier than that of real 9 layers deep model. Although the real 9 layers
model probably exist global optimal in theoretical, the three stack optimal BDU will
achieve excellent performance due to its operability, practicality and feasibility. The most
important, the BDUs are trained by different resolution training samples thus it is an
ordered dependent operation, so its location cannot change arbitrary. For larger scaling
factor, the m can set as 4 or 8 for stacking efficiency. For extremely higher resolution,
the BDU can appropriately adjust to larger scaling factor such as BDU4 or BDU8. For
efficiency and simplicity, using higher scaling factor BDU can reduce the stack number of
BDU and thus reduce overall layer complexity. In Fig.9, we can stack two BDU, BDU1

2

and BDU2
4, to instead of three BDU1

2. However, the performance of BDU will decrease
due to large scaling factor, thus large scaling factor BDU is not recommended.
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Figure 8. Stack BDU deep-learning model.

Figure 9. Using BDU1
2 and BDU2

4 to instead of three BDU2.

For special case, if we stack the same BDU, then it reduce to DRCN [5], i.e., deeply
recursive convolution network. Although the performance can also be improved, the
improvement will decrease gradually especially for higher resolution.

2.2. Model training. Please write down your subsection. To define the mapping func-
tion of BDU needs to learn the network parameters which include convolution mask of



18 C-M. Kuo, C-H. Hsieh, S-C. Tseng and J-Y. Wu

each layer Wn and bias Bn. Let Ψ = {
⋃

i (Ψ
i
m), i = 1− n} is the parameters set, Y = Y i

is the ground truth high resolution images set, and X = Xi is the corresponding low res-
olution images. The mapping function of super resolution images can be represented
as

Ỹi = MapBDUn
m
(Xi, Ψ) (7)

Therefore, the model parameters can calculated by minimizing the loss function J (Ψ)
w.r.t. parameter set Ψ as,

J(Ψ) =
1

N

N∑
i=1

∥∥∥Yi − Ỹi

∥∥∥2

(8)

where N is the total training samples.
On the other hand, the power of deep learning is usually from big data training. How-

ever, we cannot use such big data due the restriction of our resources. In our work, we
select two datasets for model learning, one is the FEI Face Database where has 723 face
images, the other one we select 91 images as in SRCNN. The sample image is partitioned
into sub-images with size 80×80 and stride 14 for both dimension as shown in Fig. 10. For
examples, the FEI Face Dataset has 723 images with image size 640×480, according to
the above-mentioned criteria, the sub-images from one sample image are 40×28, so total
training sub-images are 40×28×723×2=1,619,520, the number of low and high resolution
training sub-images are equal

Figure 10. The illustration of image partition.

In summary, the BDU model parameters and optimization setting are as follows. The
BDU is four layers structure as shown in Fig. 6, the parameters of each layer, (i.e., Wm

n ,
and Bn) are for n = 1,m = 128, f1 = 9; for n = 2,m = 128, f2 = 5, forn = 3,m =
64, f3 = 3, and for n = 4m = 1f4 = 3, the bias bn = 1 for each layer. We select the ReLU
as activation function, Adam optimizer for model training, learning rate 0.0003, and the
iteration of training epoc=150.

3. Experimental results. In order to train and verify proposed method, we select the
image datasets which include FEI Face Database and image Set91, respectively. The
content of each dataset is as Table 1 and 2.

For performance evaluation, we widely compare the state-of-the-art methods that de-
veloped in recent years [7, 8, 10]. We evaluate different algorithms by using visual inspec-
tion and two quantitative measures. We briefly explain each index as follows. The PSNR,
which measure the difference between reconstructed image and real image, is most popular
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Table 1. FEI Face Database

male female
Age (years old) 19-40 19-40
Total number 100 100
Images/person 14 14
Image size 640×480 640×480

Table 2. Image Set91

Flowers People animal tree fruits Objects
number 61 11 9 4 9 12

image size
116×107-

500×362

240×137-

512×512

215×176-

586×391

247×219-

435×334

308×307-

512×512

195×163-

720×576

quantitative index to express the performance of reconstructed image. The representation
is as

MSE =
1

M ×N

M−1∑
i=0

N−1∑
j=0

[Y (i, j)−
∼
Y (i, j)]2 (9)

PSNR = 10× log

(
2552

MSE

)
(10)

where the M and N are the image width and height, respectively. We also use the index
SSIM (Structure similarity) [12], which is used to measure the similarity between two
image. SSIM is calculated by Eq. (11)

SSIM (X, Y ) =
(2µxµy + C1) (2σxy + C2)

(µx
2 + µy

2 + C1) (σx
2 + σy

2 + C2)
(11)

where µx and µy are the mean value of image x and y, σx and σy are image variance, and
σxy is the covariance of image x and y. The C1 and C2 is a small value to prevent the zero
in denominator. In the follows, the PSNR and SSIM are used to evaluate the subjective
performance. In order to verify the performance for various methods, we select testing
images as shown in Fig. 11. Considering representativeness, the test images are selected
with different details such as people, nature scenery, animal and comic. For clarity, we
observe the simulation results by two group. One is lower down-sample rate, i.e., 1/2
and 1/4 per dimension and the other is higher down-sample rate, i.e., 1/8 per dimension.
For simplicity, we use scaling 2, 4 and 8 per dimension to instead of down-sample rate.
Because the fundamental BDU is scaling 2 per dimension, therefore the stack model is used
for higher than that of scaling 2 per dimension. For scaling 2, according to quantitative
evaluation as shown in Table 3 and Fig. 12, the SRCNN and EDSR improve performance
for both PSNR and SSIM and the EDSR even better than that of SRCNN. When we
check the visual quality, as shown in Fig. 13, we can easily find more details recovered
by SRCNN and EDSR and therefore the visual improvement seems more apparent than
that of quantitative index. Therefore, the CNN based deep model is superior to those
conventional methods.

However, the improvement decreases when scaling increase. As we mentioned before,
the one pass end-to-end model is very hard to achieve satisfactory performance for various
resolution even the model is trained for each resolution. In Table 4, the simulation results
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Figure 11. Test images.

confirm our points. The stack model shows its strength when the scaling factor increased.
In Table 4, the quantitative improvement of SRCNN and EDSR is insignificant and even
worse in some cases, but the quantitative improvement is significant for stack model no
matter what DRCN or proposed method.

For clarity, we highlight the best results in Table 3 and 4. Obviously, in Fig. 14, we can
easily find that the proposed method achieves excellent performance. Meanwhile, in Fig.
15, we also use the local enlargement sub-images to highlight the visual improvement for
various methods. Clearly, the proposed method achieves excellent improvement for both
quantitative and qualitative evaluation. Furthermore, we also notice that the performance
of DRCN is very close to proposed model in middle scaling factor. We need to check the
performance for higher scaling factor to verify the strength of stack model.

Figure 12. Performance comparison for scaling factor 2.
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Table 3. Performance comparison for scaling factor 2

Scaling 2 Scaling 2-LR SRCNN-2 EDSR-2

Baboon PSNR 23.04331 23.73279 23.6353
SSIM 0.63425 0.70667 0.7276

Baby PSNR 34.23591 34.78939 35.0743
SSIM 0.928 0.93052 0.9313

Barbara PSNR 26.01971 26.36512 26.4869
SSIM 0.80633 0.84174 0.8478

bird PSNR 33.48211 33.42813 35.6854
SSIM 0.95295 0.91795 0.9553

butterfly PSNR 24.65685 27.61765 27.0625
SSIM 0.88296 0.9287 0.90108

Comic PSNR 23.75502 25.18384 24.761
SSIM 0.80827 0.86433 0.86181

Face PSNR 32.37337 31.15444 32.5943
SSIM 0.80668 0.76945 0.82277

Flowers PSNR 27.73505 29.70319 29.4025
SSIM 0.85681 0.89725 0.88676

Foreman PSNR 32.1814 34.17245 33.7278
SSIM 0.93614 0.95132 0.93312

Lena PSNR 31.85256 33.48584 33.1482
SSIM 0.86845 0.89038 0.87599

Monarch PSNR 30.03707 32.78279 32.2621
SSIM 0.94443 0.9613 0.94717

Pepper PSNR 32.44992 33.867 33.2883
SSIM 0.86487 0.878 0.8593

Zebra PSNR 27.84643 29.21586 29.8233
SSIM 0.87717 0.89165 0.91067

average PSNR 29.20528538 30.42296 30.5348
SSIM 0.859023846 0.879174 0.88159

Figure 13. Local visual comparison for scaling factor 2.
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Table 4. FEI Face Database

Scaling 4 Scaling 4-LR SRCNN-4 DRCN-2-2 Proposal-2-2 EDSR-4

Baboon PSNR 20.67799 20.20793 23.40087 23.75071 19.71754
SSIM 0.42695 0.44402 0.67686 0.70693 0.43836

Baby PSNR 29.71512 29.76929 33.27179 35.13183 29.05007
SSIM 0.83411 0.82477 0.91429 0.93074 0.79314

Barbara PSNR 23.38048 22.92716 25.95364 26.39268 22.43798
SSIM 0.6689 0.67241 0.81806 0.83521 0.65157

bird PSNR 28.13606 27.90717 31.41111 35.21011 27.79075
SSIM 0.85629 0.80517 0.896 0.90988 0.82556

butterfly PSNR 20.10625 20.8983 25.06135 27.4576 19.73354
SSIM 0.72444 0.75322 0.89419 0.93073 0.6741

Comic PSNR 19.61288 18.93356 23.83998 24.68592 18.40543
SSIM 0.56595 0.56013 0.82149 0.85951 0.5563

Face PSNR 29.75303 28.45298 30.54745 32.42794 28.59585
SSIM 0.71228 0.64663 0.756 0.75568 0.66461

Flowers PSNR 23.53581 23.46807 28.057 29.42235 22.67997
SSIM 0.69406 0.69214 0.86964 0.88403 0.6614

Foreman PSNR 27.85671 28.23763 31.83703 34.45384 26.97077
SSIM 0.85244 0.85836 0.93029 0.9504 0.78735

Lena PSNR 27.88641 28.12266 32.10365 33.63689 27.12956
SSIM 0.78478 0.78975 0.88255 0.89731 0.74209

Monarch PSNR 25.38635 25.97398 30.29401 32.61663 24.97035
SSIM 0.86538 0.87223 0.94341 0.95832 0.84094

Pepper PSNR 28.60147 29.19209 32.6238 34.11089 28.09172
SSIM 0.8076 0.8069 0.87727 0.8902 0.74859

Zebra PSNR 22.1356 21.98493 26.68545 28.11718 21.72651
SSIM 0.65559 0.62896 0.85033 0.88085 0.66025

average PSNR 25.13724308 25.08275 28.85285615 30.57035154 24.40769538
SSIM 0.726828462 0.719591538 0.856183077 0.876137692 0.695712308
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Figure 14. Performance comparison for various approaches in scaling fac-
tor 4.

Figure 15. Performance comparison for main stack types in scaling factor 8.
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In the follows, we will demonstrate the performance comparison for high-scaling factor.
Table 5 are the quantitative evaluation of various algorithms for scaling 8. The stack
models achieve excellent super-resolution performance even under very crucial condition.
The improvement is significant for both quantitative and qualitative measure as shown
in Fig. 16. To compare with conventional models, the stack model still work-well for
very low resolution. We also discuss the various stack possibility for model efficiency.
The comparisons are presented in Table 5, the stack number of BDU determine the
performance of super-resolution. For examples, in the conditions of scaling 8, the best
performance of stacking types is the 2-2-2. The performance is degraded when BDU
scaling factor increases no matter what DRCN or proposed model.

Table 5. Performance comparisons for scaling factor 8

Scaling 8 8 LR SRCNN
DRCN
2-2-2

Proposed
2-2-2 2-4 4-2

Baboon PSNR 19.1224 18.9372 19.2033 22.47274 20.9299 18.43381
SSIM 0.2924 0.2863 0.3197 0.57736 0.426 0.40053

Baby PSNR 25.9905 25.1103 26.5559 31.95929 29.28768 27.07146
SSIM 0.6933 0.6835 0.7008 0.88371 0.81124 0.77801

Barbara PSNR 21.7846 21.2013 22.1437 25.07881 23.54572 20.28836
SSIM 0.5407 0.5291 0.5683 0.75794 0.66187 0.61954

bird GT PSNR 23.1035 22.2477 23.3773 30.14272 27.29905 25.21969
SSIM 0.6498 0.6304 0.6364 0.87744 0.79448 0.73225

butterfly GT PSNR 16.6691 16.6502 17.4295 22.94208 19.91835 19.4408
SSIM 0.4575 0.4751 0.5015 0.84223 0.71398 0.68339

Comic PSNR 17.7999 17.4562 18.1382 22.78234 19.75919 16.84694
SSIM 0.3559 0.3539 0.3997 0.76485 0.5626 0.47166

Face PSNR 26.8672 25.8302 26.4087 30.56528 28.70594 26.74717
SSIM 0.6332 0.6106 0.5758 0.72999 0.64501 0.59998

Flowers PSNR 20.7451 20.3116 21.1437 26.18429 23.53148 21.23607
SSIM 0.5313 0.5208 0.5564 0.80841 0.68705 0.61087

Foreman PSNR 22.2298 21.8437 22.6264 30.24998 27.79641 23.13861
SSIM 0.7059 0.7053 0.7224 0.9049 0.8472 0.77753

Lena PSNR 25.1496 23.8762 25.8255 30.2819 27.78886 25.55637
SSIM 0.6712 0.6557 0.6939 0.84573 0.77854 0.73757

Monarch PSNR 21.9612 21.6962 22.814 28.20099 25.2122 24.09173
SSIM 0.7439 0.7346 0.7601 0.91848 0.85721 0.82941

Pepper PSNR 24.1929 23.0965 24.6421 31.00617 28.36032 26.58043
SSIM 0.7009 0.6819 0.7142 0.85264 0.80047 0.75416

Zebra PSNR 18.5768 18.2942 18.9469 25.39395 21.57271 19.66216
SSIM 0.3977 0.3916 0.4295 0.80002 0.62715 0.54015

average PSNR 21.8609 21.2731 22.2504 27.48158 24.90060 22.63950
SSIM 0.56720 0.55836 0.58297 0.812592 0.708676 0.656542
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Figure 16. Local visual evaluation for various approaches in scaling factor 4.

The simulation results strongly confirm our assumptions. For very low resolution, be-
cause the details loss is different from various resolution, thus the super-resolution cannot
achieve satisfactory result for one pass end-to-end processing. On the other hand, if we
consider all possibility of resolution, we need to collect training samples with various res-
olution for model training. Therefore, the training process will be very difficult for both
samples collection and training operation. However, the proposed method is successfully
addressing the problems that exist in conventional method. First, the proposed models
are designed to super resolution gradually, thus it can easily collect training samples with
various resolution in each step. For example, the BDUn

m is stacked after BDUn−1
m . There-

fore, the training samples is the output of BDUn−1
m . Because the resolution is increased

by BDUn−1
m , so the training samples for various resolution can be easily generated in a

systematic procedure. The stacked model is thus gradually increase resolution to achieve
super-resolution. Second, the stack model (BDUn

m) is trained independently. Therefore,
although the proposed model is deep for many stack units, the model training is simple
and fast. The proposed model is considering various resolution already, thus the super-
resolution results are excellent for most possible cases. Third, the proposed model also
reaches the philosophy of the deeper the better in lowest cost.

For deep learning, it usually requires expensive hardware resources especially for deeper
model, therefore it will restrict those who have not sufficient hardware resources to im-
plement deep learning model. However, the proposed model can attack such problem and
implement very deep model. Although it perhaps does not possess global optimum, the
proposed model optimum for each BDU results not only excellent performance by deeper
model but also much lower hardware requirements. The simulation results confirm our
points.

4. Conclusions. In this paper, we proposed a new deep learning model for image super-
resolution. We build BDU as model foundation, and training each BDU for various
resolution. After the training processing, we stack the BDUs as a deeper model for super-
resolution. Because the BDUs are trained independently, thus the computation cost



26 C-M. Kuo, C-H. Hsieh, S-C. Tseng and J-Y. Wu

reduce significantly. Therefore, we use much easier way to implement deeper model and
achieve excellent performance especially for those images are with very low resolution.

In summary, the proposed model has the following advantages.
1. The training procedure is the most important part in deep learning model and

usually the deeper the harder. In proposed method, the model training is much easier
than that of conventional method. Meanwhile, it is also difficult to recover large amount
details in one times. However, to find the details gradually and each time in a better basis
seems more reasonable. The simulations show the correctness of our points.

2. The proposed model is very flexible. We can stack many numbers of BDUs with
various scaling factor to create desire super resolution results.

3. Finally, it also required much less computational load.
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