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Abstract. As a successful deep model applied in image super-resolution
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sounds implausible at the first glance, as accelerating by simply reducing the
parameters will severely impact the performance. However, when we delve into
the network structure, we find two inherent limitations that restrict its running
speed.

First, as a pre-processing step, the original LR image needs to be upsampled
to the desired size using bicubic interpolation to form the input. Thus the com-
putation complexity of SRCNN grows quadratically with the spatial size of the
HR image (not the original LR image). For the upscaling factor n, the compu-
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super-resolution [17] have achieved state-of-the-art results. Deeper structures
have also been explored in [18,19]. Different from the conventional learning-
based methods, SRCNN directly learns an end-to-end mapping between LR and
HR images, leading to a fast and accurate inference. The inherent relationship
between SRCNN and the sparse-coding-based methods ensures its good per-
formance. Based on the same assumption, Wang et al. [8] further replace the
mapping layer by a set of sparse coding sub-networks and propose a sparse
coding based network (SCN). With the domain expertise of the conventional
sparse-coding-based method, it outperforms SRCNN with a smaller model size.
However, as it strictly mimics the sparse-coding solver, it is very hard to shrink
the sparse coding sub-network with no loss of mapping accuracy. Furthermore,
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We call a variable sensitive when a slight change of the variable could signif-
icantly influence the performance. These sensitive variables always represent
some important influential factors in SR, which will be shown in the following
descriptions.

Feature Extraction: This part is similar to the first part of SRCNN, but differ-
ent on the input image. FSRCNN performs feature extraction on the original LR
image without interpolation. To distinguish from SRCNN, we denote the small
LR input as Ys. By doing convolution with the first set of filters, each patch
of the input (1-pixel overlapping) is represented as a high-dimensional feature
vector.

We refer to SRCNN on the choice of parameters – f1, n1, c1. In SRCNN, the
filter size of the first layer is set to be 9. Note that these filters are performed on
the upscaled image Y . As most pixels in Y are interpolated from Ys, a 5×5 patch
in Ys could cover almost all information of a 9×9 patch in Y . Therefore, we can
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Fig. 3. The learned deconvolution layer (56 channels) for the upscaling factor 3.

negative part. The parameter ai is fixed to be zero for ReLU, but is learnable
for PReLU. We choose PReLU mainly to avoid the “dead features” [11] caused
by zero gradients in ReLU. Then we can make full use of all parameters to test
the maximum capacity of different network designs. Experiments show that the
performance of the PReLU-activated networks is more stable, and can be seen
as the up-bound of that for the ReLU-activated networks.

Overall Structure: We can connect the above five parts to form a complete
FSRCNN network as Conv(5, d, 1) − P ReLU − Conv(1, s, d) − P ReLU − m ×
Conv(3, s, s)−P ReLU−Conv(1, d, s)−P ReLU−DeConv(9, 1, d). On the whole,
there are three sensitive variables (i.e., the LR feature dimension d, the number
of shrinking filters s, and the mapping depth m) governing the performance and
speed. For simplicity, we represent a FSRCNN network as
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upscaling factor n = 3. The network configurations of SRCNN, FSRCNN and
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experiments, apart from using the 91-image dataset for training, we will also
evaluate the applicability of the joint set of the General-100 dataset and the
91-image dataset to train our networks. To make full use of the dataset, we
also adopt data augmentation as in [8]. We augment the data in two ways.
(1) Scaling: each image is downscaled with the factor 0.9, 0.8, 0.7 and 0.6. (2)
Rotation: each image is rotated with the degree of 90, 180 and 270. Then we will
have 5 × 4 − 1 = 19 times more images for training.

Test and Validation Dataset. Following SRCNN and SCN, we use the
Set5 [15], Set14 [9] and BSD200 [25] dataset for testing. Another 20 images
from the validation set of the BSD500 dataset are selected for validation.

Training Samples. To prepare the training data, we first downsample the
original training images by the desired scaling factor n to form the LR images.
Then we crop the LR training images into a set of fsub × fsub-pixel sub-images
with a stride k. The corresponding HR sub-images (with size (nfnf nfnf
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Table 2. The comparison of PSNR (Set5) and parameters of different settings.

Settings m = 2 m = 3 m = 4

d = 48, s = 12 32.87 (8832) 32.88 (10128) 33.08 (11424)

d = 56, s = 12 33.00 (9872) 32.97 (11168) 33.16 (12464)

d = 48, s = 16 32.95 (11232) 33.10 (13536) 33.18 (15840)

d = 56, s = 16 33.01 (12336) 33.12 (14640) 33.17 (16944)

Specifically, we choose d = 48, 56, s = 12, 16 and m = 2, 3, 4, thus we conduct a
total of 2 × 2 × 3 = 12 experiments with different combinations.

The average PSNR values on the Set5 dataset of these experiments are shown
in Table 2. We analyze the results in two directions, i.e., horizontally and verti-
cally in the table. First, we fix d, s and examine the influence of m. Obviously,
m = 4 leads to better results than m = 2 and m = 3. This trend can also be
observed from the convergence curves shown in Fig. 5(a). Second, we fix m and
examine the influence of d and s. In general, a better result usually requires more
parameters (e.g., a larger d or s), but more parameters do not always guarantee
a better result. This trend is also reflected in Fig. 5(b), where we see the three
largest networks converge together. From all the results, we find the best trade-
off between performance and parameters – FSRCNN (56,12,4), which achieves
one of the highest results with a moderate number of parameters.

It is worth noticing that the smallest network FSRCNN (48,12,2) achieves
an average PSNR of 32.87 dB, which is already higher than that of SRCNN-Ex
(32.75 dB) reported in [2]. The FSRCNN (48,12,2) contains only 8,832 parame-
ters, then the acceleration compared with SRCNN-Ex is 57184/8832 × 9 = 58.3
times.

4.3 Towards Real-Time SR with FSRCNN

Now we want to find a more concise FSRCNN network that could realize real-
time SR while still keep good performance. First, we calculate how many para-
meters can meet the minimum requirement of real-time implementation (24 fps).
As mentioned in the introduction, the speed of SRCNN to upsample an image
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to the size 760 × 760 is 1.32 fps. The upscaling factor is 3, and SRCNN has
8032 parameters. Then according to Eqs. 1 and 2, the desired FSRCNN net-
work should have at most 8032 × 1.32/
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in different programming languages, the comparison of their test time may not
be fair, but still reflects the main trend. To have a fair comparison on restora-
tion quality, all models are trained on the augmented 91-image dataset, so the
results are slightly different from that in the corresponding paper. We select two
representative FSRCNN networks – FSRCNN (short for FSRCNN (56,12,4)),
and FSRCNN-s (short for FSRCNN (32,5,1)). The inference time is tested with
the C++ implementation on an Intel i7 CPU 4.0 GHz. The quantitative results
(PSNR and test time) for different upscaling factors are listed in Table 3. We
first look at the test time, which is the main focus of our work. The proposed
FSRCNN is undoubtedly the fastest method that is at least 40 times faster
than SRCNN-Ex, SRF and SCN (with the upscaling factor 3), while the fastest
FSRCNN-s can achieve real-time performance (>24 fps) on almost all the test
images. Moreover, the FSRCNN still outperforms the previous methods on the
PSNR values especially for ×2 and ×3. We also notice that the FSRCNN achieves
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