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Abstract— Video super-resolution (SR) aims to reconstruct the
corresponding high-resolution (HR) frames from consecutive low-
resolution (LR) frames. It is crucial for video SR to harness
both inter-frame temporal correlations and intra-frame spatial
correlations among frames. Previous video SR methods based
on convolutional neural network (CNN) mostly adopt a single-
channel structure and a single memory module, so they are
unable to fully exploit inter-frame temporal correlations specific
for video. To this end, this paper proposes a multi-temporal ultra-
dense memory (MTUDM) network for video super-resolution.
Particularly, we embed convolutional long-short-term mem-
ory (ConvLSTM) into ultra-dense residual block (UDRB) to con-
struct an ultra-dense memory block (UDMB) for extracting and
retaining spatio-temporal correlations. This design also reduces
the layer depth by expanding the width, thus avoiding training
difficulties, such as gradient exploding and vanishing under
a large model. We further adopt multi-temporal information
fusion (MTIF) strategy to merge the extracted temporal feature
maps in consecutive frames, improving the accuracy without
requiring much extra computational cost. The experimental
results on extensive public datasets demonstrate that our method
outperforms the state-of-the-art methods by a large margin.

Index Terms— Convolutional neural network (CNN), video
super-resolution, ultra dense memory block (UDRB), multi-
temporal fusion.

I. INTRODUCTION

SUPER-RESOLUTION (SR) has been a hot issue in com-
puter vision fields for the past decades. SR refers to the

technique recovering a high-resolution (HR) version from the
given low-resolution (LR) image or video input, which is
widely applied to many areas like video coding [1], [2], video
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surveillance [3], satellite imagery [4], human face hallucina-
tion [5], [6], etc.

There are various SR approaches, ranging from simple
interpolation-based methods to complicated learning-based
methods [7]–[12]. Traditional interpolation-based SR meth-
ods [13]–[15] focus on computing the unknown pixel values
of HR space from given LR input. This kind of method
is extremely fast owning to its little cost of computation.
However, due to the lack of ability to learn extra samples, they
are prone to produce over-blurry and distorted HR results. In
recent years, deep-learning-based methods have dominated SR
due to their impressive results [16]. Dong et al. [7] pioneered a
three layer fully connected CNN, termed SRCNN, to approx-
imate the complex non-linear mapping between the LR image
and the HR counterpart. Benefiting from the end-to-end train-
ing strategy and the powerful learning capacity of deep neural
networks, this method notably outperforms the conventional
shallow counterparts (e.g., sparse-coding-based methods).

Compared to image SR, video SR puts more emphasis
on exploiting the inter-frame temporal correlations between
multiple consecutive frames rather than merely intra-frame
spatial correlations within one frame. Most past video SR
methods [17]–[21] are mainly engaged in motion and blur
kernel estimation based on image prior to reconstruct HR
frames. Inspired by CNN based image SR methods, a variety
of deep-learning-based video SR approaches have also been
proposed [9], [10], [22]–[26]. Huang et al. [22] extended
SRCNN for video SR along the temporal dimension to capture
the long term temporal dependency. Also based on SRCNN,
Kappeler et al. [9] explored three different architectures for
video SR. Caballero et al. [23] designed a framework incor-
porating motion estimation (ME), motion compensation (MC)
and video SR, which is end-to-end trainable. Tao et al. [10]
proposed a sub-pixel motion compensation (SPMC) layer,
which not only compensates a frame to the reference frame,
but also projects the compensated frame from LR space to
the HR space. However, it has to use a shallow and simple
network due to the heavy complexity of SPMC layer, which
thus in turn hinders the temporal feature screening and the
fusion between multiple frames.

In order to improve performance while reducing the
network redundancy and avoiding gradient exploding and
vanishing caused by increased network depth, we pro-
pose a multi-temporal ultra dense memory (MTUDM) video
super-resolution network. Our model includes optical flow
network and image-reconstruction network, which are respec-
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tively responsible for estimating motion between frames and
representing spatio-temporal features. In particular, we devise
an ultra dense memory block (UDMB) to retain tempo-
ral correlations between consecutive frames by incorporating
ConvLSTM [27] into ultra dense residual block (UDRB). Our
proposed UDMB also intends to extract hierarchical infor-
mation from multiple channels and alleviate computational
burden for each channel by reducing the network depth. Since
the temporal correlations between frames is used only once in
the previous network [10], SR construction cannot fully bene-
fits from spatio-temporal complementarity. Therefore, a multi-
temporal information fusion strategy is further adopted for
better utilization of temporal information passed through pre-
ceding steps, which proves to improve the performance of our
model when taking more than 3 frames as input. Experimental
results on public datasets confirm the effectiveness of our
method against the state-of-the-art counterparts in Section V.

In summary, our major contributions are highlighted as
follows:

1) We establish a multi-temporal ultra dense memory
(MTUDM) video super-resolution network with a shal-
low depth but a broad width.

2) We propose an ultra dense memory block (UDMB)
to retain temporal correlations and extract hierarchical
information from multiple channels as well.

3) We present a multi-temporal information fusion strategy
to make full use of historical information.

The rest of this paper is arranged as follows. In Section II,
we survey image and video SR methods based on CNN.
In Section III, we elaborate the proposed multi-temporal
ultra dense memory network for video SR. In Section IV,
we present the functions and analysis of different modules
adopted in the network and how we explore the best model.
In Section V, we give numerical and subjective results on
public datasets. Section VI draws a conclusion.

II. RELATED WORK

In this section, we first introduce single image super-
resolution (SISR) methods and then survey video SR. Here
we only focus on deep CNN based methods, which have
shown impressive performance for image or video SR. Finally,
we particularly summarize typical CNN’s structures as well as
their influence on SR.

A. CNN Based Single Image SR
As a common basis for SR, SISR methods can inspire video

SR regardless of the temporal property. Since there is only
one LR image as the input to reconstruct the corresponding
HR image, the SISR methods can only benefit from spatial
correlations within one single image. Recently, with the popu-
larity of deep learning, a lot of learning-based, especially CNN
based models for SISR have been proposed [7], [8], [28]–[32],
which have achieved more realistic results compared to early
shallow learning methods. This kind of method is devoted to
learning the mapping relationship from LR space to HR space.

Dong et al. [7] first proposed a super-resolution convo-
lutional neural network (SRCNN), which is consisted of
three convolutional layers. Kim et al. [8] put forward a

very deep convolutional network for super-resolution (VDSR),
which adds the bicubically magnified LR image to the out-
put of the network. In other words, instead of learning to
produce HR image from given LR image directly, VDSR
learns to generate the residual image between HR image
and bicubically magnified LR image. This strategy makes the
network easier to converge especially when the network is
very deep. Shi et al. [30] raised a sub-pixel convolutional
layer, which arranges the depth of the feature maps into
its size. Compared to transposed convolution, this sub-pixel
magnification strategy needs no extra parameters and thus runs
faster. Lai et al. [28] proposed a Laplacian pyramid SR net-
work (LapSRN) to gradually reconstruct the sub-band residu-
als of HR images at multiple pyramid levels. Zhang et al. [32]
came up with a residual dense block (RDB) to extract abundant
local features, which allows direct connections from the state
of preceding RDB to all the layers of current RDB, leading
to favorable performance for image SR.

B. CNN Based Video SR
Different from SISR, video SR adopts multiple consecutive

video frames instead of a single image as input, thus the shared
spatio-temporal redundancy can be used to constrain the map-
ping from LR space to HR space. Huang et al. [22] proposed a
bidirectional recurrent convolutional network (BRCN), using
bidirectional scheme, recurrent and conditional convolutions
for temporal dependency modelling. Kappeler et al. [9] put
forward a video super-resolution with convolutional neural
networks (VSRnet) whcih is based on SRCNN, where they
shared the weights in a symmetrical way to handle the
input frames. Caballero et al. [23] advocated a video super-
resolution with spatio-temporal networks and motion com-
pensation (VESPCN), which extracts the optical flow in a
coarse-to-fine manner, and uses spatial transformer for motion
compensation. Tao et al. [10] proposed a detail-revealing
deep video super-resolution (DRVSR), which utilizes a SPMC
layer to extract sub-pixel information to achieve resolution
enhancement. However, the SPMC layer requires large GPU
memory cost but outperforms normal MC layer [23] little.
Liu et al. [25] presented a robust video super-resolution with
learned temporal dynamics (RVSR-LTD), which can adap-
tively determine the optimal scale of temporal dependency.
In RVSR-LTD, the input frames are divided into multiple
branches, and the last inference branch possesses complete
input frames, while previous inference branches have only
part of the input frames. In other words, different infer-
ence branches used in RVSR-LTD share a kind of redun-
dancy, which may cause unnecessary waste of calculation.
Sajjadi et al. [26] proposed a frame-recurrent video super-
resolution (FRVSR), which takes last super-resolved frame
to help reconstruct the current input frame. Compared to the
methods [9], [10], [23], [25] using consecutive input frames to
reconstruct the center frame, FRVSR has to process all input
frames only once in testing. Unfortunately, FRVSR can never
use the next frame to help reconstruct the current input frame.

Moreover, BRCN, VESPCN, VSRnet, DRVSR and
RVSR-LTD only use a simple and direct way of connec-
tion, thus leading to shallow depth and limited performance.
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Fig. 1. Distinct underlying connections in CNN. (a) Direct connection.
(b) Skip connection. (c) Dense skip connection.

FRVSR only utilizes the previous frames while ignores the
followed frames to super-resolve the current frame, however,
the followed frames are of the same significance as the
previous frames for video SR.

C. Connectivity Structure of CNN
In the research of neural networks, it has always been a

significant issue on how to design a more effective structure.
A variety of deep CNN variants have been developed in terms
of network structures and optimization algorithms with the
help of skip connection [33], [34]. Resnet [34] is able to effec-
tively train networks with more than 100 layers by involving
residual learning. DenseNet [35] concatenates shallow layers
to the deep layers in the networks, trying to fully explore the
advantages of skip connections. Further, these ideas have been
tailored to support SISR and video SR, as mentioned as above.

As shown in Figure 1(a), regular CNN based SR models
simply use a serial of direct connected convolutional layers
to extract the feature maps. They are naive and cannot reveal
more realistic image details. In contrast, skipping connections
between layers make neural networks deeper and perform
better. Two representative skip connection schemes are shown
in Figure 1(b) and 1(c). Especially, the dense connectivity pat-
tern allows the network to reuse and bypass existing features
from prior layers and ensures high accuracies in later layers.
A two-dimensional multi-scale DenseNet has been further
proposed by Huang et al. [36] to maintain coarse and fine
level features all-throughout the network. The main idea is
to enable multiple prediction exits in a network. For simple
images, the results are obtained directly from the previous
exit, while for complex images, the latter layers are used to
obtain reliable results. However, this network only takes into
account scale characteristic (coarse or fine) within a single
image without considering the correlations between successive
sequence images.

D. Motion Estimation and Compensation
Motion estimation and compensation in optical flow

network is used to represent the temporal correlations
in video SR. There appear some networks for motion
estimation [37]–[39], but they are practically too complex.
For example, FlowNetC [37] requires about 40 M
parameters, and FlowNet2 [39] takes even more than 100 M
parameters. Compensating the motion of input images with a

total variation (TV)-based optical flow algorithm shows
superiority. Jaderberg et al. [40] proposed a spatial transformer
networks, where a differentiable layer warps images
according to predicted affine transformation parameters.
Caballero et al. [23] proposed a motion estimation and
compensation scheme, based on spatial transformer networks,
it can be trained along with the SR network. Accordingly,
Tao et al. [10] proposed a SPMC layer and used ConvLSTM
in a CNN framework, intended for fusing image information
from aligned frames.

III. OUR METHOD

In this section, we present the methodology for our multi-
temporal ultra dense memory video super-resolution network,
including the overall framework and details on major modules.

A. Framework of MTUDM Network
As shown in Figure 2, our model consists of two parts:

optical flow network and image-reconstruction network. Video
SR model aims to predict one HR frame from a serial of
adjacent LR frames, and we thereby use the optical flow
network to estimate the motion between frames. Generally,
the motion estimation module inputs two frames to generate
an optical flow vector field as follows:

Fi→ j = (ui→ j , vi→ j ) = ME(Ii , I j ; θM E), (1)

where Fi→ j denotes the optical flow field generated from input
frame Ii to I j , ME(·) is the motion estimation module, and
θM E is the parameter for ME(·). The motion estimation mod-
ule is learnt from [23] owing to its involved fewer parameters,
namely, 53 K.

Then, we use the optical flow for motion compensation and
transforming the input LR frames into warped frames. Motion
compensation intends to compensate the current frame to the
reference frame, which can be described as follows:

J = MC(I, F; θMC), (2)

where J denotes the compensated frame, MC(·) represents
the module for motion compensation, I is the input frame,
F means the optical flow field, and θMC is the parameter
for MC(·). We have learned two approaches for motion com-
pensation (MC): normal MC from [23] and SPMC from [10].
A normal MC only compensates the LR frame to the reference
frame, while a SPMC compensates and magnifies the LR
frame to a warped HR frame simultaneously. We choose
normal MC, which performs only a little worse than SPMC
but requires much less GPU memory.

After that, we send these warped LR frames into the image-
reconstruction network. In the image-reconstruction network,
successive residual blocks (UDMBs and UDRBs) are first
used to extract feature information among frames, in which
feature maps from different channels are fused to enhance
the residual profile. The structure of these residual blocks
is further illustrated in Figure 3, which is composed of
UDMBs and a series of symmetrically assembled UDRBs.
Then, the MTIF module is adopted to reserve the feature maps
of all input frames, in which feature maps from preceding
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Fig. 2. The structure of our MTUDM SR network when upscaling factor is 4. I L
t denotes LR frames, I L

R represents the reference frame, Ft→R is the
optical flow field, and J L

t is LR frame warped by motion compensation. Our network manages to learn the residual image and then add it to the bicubically
magnified LR input to obtain the final SR result.

Fig. 3. Structure about the “Res Blocks” part of the image-reconstruction
network in Figure 2. N and M denote the number of different residual blocks
adopted in the network, and we keep same number of UDRBs before and
after the UDMBs to form a symmetric structure.

frames (temporally) are fused, further enhancing the memory
ability of the network. The sub-pixel magnified residual map is
finally added to the bicubically magnified LR input to generate
the SR output. We elaborate these modules in the following
respectively.

B. Ultra Dense Memory Block
As shown in Figure 4, we extend the idea of DenseNet

in [35], [36] and design an UDMB, which is composed of
a sophisticated structure for better preservation of temporal
motion information. Our idea of designing this block is to
solve the problem caused by the increased depth in CNN,
that is, the simple stacking of convolutional layers may lead to
explosion or disappearing in the gradient, difficulty in conver-
gence, degradation in performance, etc. UDMB shares similar
structure with UDRB, except that in UDRB, the ConvLSTM
layers are replaced of normal convolutional layers.

As illustrated in Figure 4, UDMB first conducts C different
channels of convolutions on the input, which is supposed to
extract hierarchical feature maps from one single input, and
get C paralleled path of feature information. Then, feature
information from different channels is convoluted respectively
and extracted rather self-indenpendent feature maps, which is
intended to utilize the self-identity of each channel. Moreover,
feature maps from different channels are merged together,

along with the preceding feature maps from each channel. This
concatenation is used to utilize information from paralleled
channels and self’s past. Note that we use convolution with
1 × 1 kernel to handle the merged feature maps and reduce
the numbers of feature maps to 64, for the purpose of
releasing parameters and computational complexity, as well
as extracting more concise information. This operation can
be considered a weight adjustment and fusion of information
from different channels.

3D-convolution [41] may provide longer-term temporal cor-
relations capability by proactively expanding the time-domain
dimension of 3D-convolution kernels. Nevertheless, it requires
huge computational cost due to additional convolution across
the temporal dimension. More importantly, our proposed
ultra dense memory block (UDMB) is based on memory
mechanism, but 3D CNN does not explicitly provide such
mechanism. Therefore, we introduce ConvLSTMs to build up
our UDMB, which treats frames as fluids that flow sequentially
through the network. As one LR frame goes through the
UDMB, the cell of ConvLSTM layer is supposed to keep
feature information of this frame. The reserved information
from last frame is processed through functions in ConvLSTM
and merged with current input frame information. This way,
ConvLSTM learns to forget the temporal-irrelevant informa-
tion and remember the temporal-related information, which is
suitable for processing continuous video frames.

C. Multi-Temporal Information Fusion
In previous work of Tao et al. [10], because the temporal

correlations between frames is exploited only once throughout
the network, the network cannot fully benefit from spatio-
temporal correlated information. Therefore, we propose a
MTIF module for better utilization of temporal informa-
tion passed through previous steps. As discussed above,
UDRB intends to exploit intra-frame spatial correlations,
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Fig. 4. Structure of the proposed ultra dense memory block (UDMB). Input feature maps are first conducted by a certain number (denoted as C and C ≥ 1)
of different channels of convolutional layers. Feature maps from different channels are then processed by ConvLSTM layers, whose information will be
preserved in the cells of ConvLSTM. Later, feature maps from channels and the previous step are concatenated together and merged by 1 × 1 convolution.
Further, the feature maps concatenated from different channels are merged by a 1 × 1 convolutional layer. Last, the merged feature maps are passed through
a ConvLSTM layer and added to the original input feature maps, resulting in the output. Note that the depth of these feature maps are listed under them,
e.g. 64, 64 × C and 64 × (C + 1).

while UDMB is specifically used for capturing inter-frame
correlations. Therefore, it is reasonable to combine them
for full use of spatio-temporal correlations. Normally, after
passing through a serial of UDRBs and UDMBs, the feature
information of a frame has been exploited and will be sent to
the merge module for sub-pixel magnification. Without MTIF,
it only relies on the ConvLSTM to reserve the multi-frame
temporal correlations. By adopting MTIF strategy, as shown
in Figure 2, where MTIF module reserves the feature map
of a frame at one time. As frames pass through the network,
the MTIF module will receive and reserve all feature informa-
tion from previous frames. The retained multi-temporal feature
information is further merged and magnified to reconstruct the
HR frame. In this way, the network not only benefits much
from ConvLSTM layer, but also leverages MTIF to capture
inter-frame temporal correlations. Formally, this process can
be described as follows:

Hi+1 = {Hi , Ii } , (3)

where Hi denotes the feature maps of the i th step reserved
in the MTIF module, and Ii represents the input feature
maps of the i th step to the MTIF module. This strategy
shares similar idea with dense skip connections proposed
by Huang et al. [35], whereas, feature maps of time series

data (video frames) are handled and saved. Information from
different frames can be fully connected and fused, so-called
multi-temporal information fusion. Subsequent experimen-
tal results will show the superiority of our multi-temporal
structure.

IV. ABLATION STUDIES

In this section, we thoroughly investigate our established
model so as to figure out the most optimal model configura-
tion, including implementation details, validation and analysis
of individual modules adopted in the model.

A. Data Collection
For SISR, there are a lot of public datasets like DIV2K [42].

For video SR, the datasets are required to be high-definition
and with little noise, but there are few datasets satisfied.
Thus, we decided to collect video frames from HD videos,
mostly from HD documentaries, since documentaries are
less post processed and more realistic than commercial
movies. We collected 542 sequences (each is composed
of 32 consecutive frames) from HD documentaries with var-
ious kinds of scenes like forest, snow, desert, urban life, etc.
We randomly choose 522 sequences for training and 20 for
validation during the training. Following a lot of previous
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methods [9], [10], [23]–[25], the original video frames are
down-sampled bicubically to generate the LR frames. We set
the size of input LR frames as 32 × 32, and batch size is set
as 10.

B. Implementation Details

We adopt L1 loss function for optical flow network and
Charbonnier loss function [28], [43] for image-reconstruction
network in training. Mathematically, the loss functions are
described as follows:

LI R =
T∑

i=−T

λi

√
(I H

0 − SR(Ji ))2 + ε2. (4)

LO F =
T∑

i=−T

∥∥∥I L
i − Ĩ L

0→i

∥∥∥
1
+ α ‖�Fi→0‖1 . (5)

L = LI R + βLO F . (6)

LI R and LO F represent loss of image-reconstruction and opti-
cal flow network respectively. In Equation (4), I H

0 represents
the center HR frame, while Ji denotes LR frame of the i th time
step after motion compensation as described in Equation (2).
λi is the weight of the i th time step. In our network, later
frames can receive the information from previous frames
by introducing ConvLSTMs, and it is more important to
reconstruct further frames. Thus, inspired from DRVSR [10],
we set λ−T = 0.5, while λT = 1.0 and we linearly interpolate
its intermediate values to make λi an incremental arithmetic
progression. The λi is further normalized by λi = λi∑T

i=−T λi
.

SR(·) represents the function of super-resolution, and ε is a
small constant (empirically set to 10−3) to make this loss
function differentiable. Actually this Charbonnier loss is a
differentiable variant of L1 norm.

In Equation (5), I L
i is the i th LR frame, and Ĩ L

0→i repre-
sents backward warped I L

0 according to Fi→0, while �Fi→0
denotes the total variation on (u, v) of Fi→0 as described in
Equation (1). Because ‖�Fi→0‖1 is a penalty term, we use α
to adjust its weight in the equation. Similarly, we adopt β to
adjust the weight of LO F , and we set α = β = 0.01, the same
as [10].

The initial learning rate is set as 10−3, which follows
a Polynomial decay to 10−5 after 105 iterations, and Para-
metric Rectified Linear Unit (PReLU) [44] is adopted as
activation for every convolutional layer, whose parameter is
initialized as 0.2. During exploration, we train our model
at 4× upscaling, then train our best model at 2× and 3×
upscaling. The video frames are converted from RGB color
space to YCbCr color space, and only the luminance channel
is sent to the network.

We first train optical flow network for 104 iterations
using LO F , then train image-reconstruction network for
another 104 iterations using LI R . At last, these two networks
are trained together with L. We conduct experiments with an
Intel I7-8700K CPU and an NVIDIA GTX 1080Ti GPU.

C. Model Simplification

We simplify DRVSR [10] and then improve it by introduc-
ing the proposed UDMB, UDRB and MTIF. The SPMC layer

in DRVSR costs much GPU memory and has only a limited
effect. We replace the sub-pixel motion compensation (SPMC)
layer with a normal MC layer [23] without pre-interpolation.
Then, we adopt sub-pixel magnification [30] in place of trans-
posed convolution, and reduce the depth of ConvLSTM layer
from 128 to 64 to lower time and memory costs. The training
process is shown in Figure 5(a). As shown, DRVSR-MC shows
a slight drop on peak-signal-to-noise-ratio (PSNR) compared
to DRVSR, while it has the same parameters but costs less time
for training. Further, SBM (simplified base model) drops about
another 0.21 dB on PSNR, while it has fewer parameters, and
costs less time and GPU memory for training, which enables
us to train a deeper network. Based on SBM, we will make
improvements and accomplish promising results.

D. Validity of UDRB and UDMB
We first set the channel number of UDRB and UDMB

as 3, and add them to the SBM model. As illustrated in
Figure 5(a), SBM-R2C3 shows a substantial gain, surpassing
SBM about 0.23 dB. By replacing one ConvLSTM layer
with one UDMB, SBM-R2M1C3 surpasses DRVSR [10]
about 0.24 dB. Note that these models are light and have no
more than about 2 M parameters, and we just show these cases
to prove the proposed residual blocks are effective even under
light models.

Because the proposed residual blocks follow a multi-channel
design, we then explore the influence of channel number
C under larger models. As demonstrated in Figure 5(b),
we change the channel number C from 1 to 5, and adjust
the number of UDRBs accordingly to keep these models
with roughly the same number of parameters (except model
SBM-R100C1, which has about 9 M parameters). It can
be seen that model SBM-R60C1 achieves the best perfor-
mance, as it becomes a very deep (more than 200 layers)
single-channel model. However, by stacking more UDRBs
naively, model SBM-R100C1 actually behaves worse than
SBM-R60C1, whcih indicates the bottleneck of the single-
channel structure. In fact, we have also tried a deeper model
SBM-R120C1, however, it becomes untrainable due to the
gradient exploding caused by its depth. Besides, because
SBM-R60C1 is a single-channel model, it is unable to enjoy
the advantages of parallel computing, and runs slower than
other multi-channel models like SBM-R18C3. As shown
in Table I, SBM-R60C1 needs 1.42 s while SBM-R18C3 takes
1.23 s for testing.

From the observations above, we choose channel num-
ber C as 3 for further exploring. As demonstrated in
Figure 5(c), we change the number of UDMBs from 1 to 4,
and adjust the number of UDRBs accordingly to keep
these models with roughly the same number of parame-
ters (except model UDM-R8M4C3, which has about 10 M
parameters). It is observed that model UDM-R6M3C3 already
achieves a slightly better performance than SBM-R60C1,
by adding more residual blocks, UDM-R8M4C3 achieves
a much better performance. This phenomenon further indi-
cates the superiority of the multi-channel design of UDRB
and UDMB, because the single-channel model SBM-R100C1
behaves worse than its shallower counterpart SBM-R60C1.
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Fig. 5. Training processes for different models, where we omit training process of optical flow network. (a) DRVSR-MC denotes DRVSR using MC layer
rather than SPMC layer, and SBM indicates the final simplified base model. SBM-R2C3 denotes SBM with two UDRBs around the ConvLSTM layer (one
before and after), where “C3” indicates the channel number of UDRB is 3, and SBM-R2M1C3 represents SBM using one UDMB and two UDRBs around it.
(b) SBM-R60C1 denotes SBM with 60 UDRBs around the ConvLSTM layer (30 before and 30 after), and the channel number C is set as 1. (c) UDM-R6M3C3
denotes a network consisting of 6 UDRBs and 3 UDMBs, and the channel number C is set as 3. (d) For simplicity, we denote UDM-R6M3C3 as UDM-F3there,
where “F3” means the input frame number as 3. MTUDM represents the model with MTIF strategy. The names of other models can be inferred in the same way.

TABLE I

COMPARISON OF DIFFERENT MODELS. FOR 4× SR, PSNR IS EVALUATED ON 20 SEQUENCES COLLECTED FOR EVALUATION AND

TESTING TIME IS MEASURED BY GENERATING ONE 1920 × 1080 VIDEO FRAME

As demonstrated in Table I, model SBM-R60C1 needs 1.42 s
while UDM-R6M3C3 takes only 0.92 s and achieves a slightly
better performance, thus, we choose UDM-R6M3C3 for fur-
ther exploring.

As discussed before, the input of UDRB and UDMB are
processed by different channels of convolutional layers, which
is supposed to extract independent and interdependent features
among channels. We extract images from different channels in
model UDM-R6M3C3 to show how the channels contribute to
the SR task. As demonstrated in Figure 6, images on the top
row are the outputs from three different channels. It can be
observed that the second channel extracts most high-frequency
image details, while the third channel is focused on capturing
more low-frequency information, and the first channel makes
a balance between them. Images from these three channels
are merged together to form the final residual image, which
contains most comprehensive information, from low-frequency

information to high-frequency details. That is to say, three
channels work together to obtain hierarchical information, and
fuse complete levels of information. In conclusion, multiple
channels of UDRB and UDMB alleviate the computational
burden for each channel, as well as increase the width and
reduce the depth of the network, which helps avoid the
gradient exploding under a large model.

E. Validity of Multi-Temporal Information Fusion
At last, we explore the effectiveness of the MTIF

module. As demonstrated in Figure 5(d), by adopting MTIF,
MTUDM-F3 seems to behave worse than UDM-F3. This
phenomenon accords to our expectation, because by taking
only 3 frames as input, the network is already able to
capture the temporal correlations without the help of MTIF.
However, when taking more frames as input, the network may
fail to capture the long-range correlations by relying only
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Fig. 6. Images from different channels in the network are extracted to show the function of UDRB and UDMB. Images on the top row are the outputs of
three different channels in the network. Images on the bottom row are the output of the merged channels (also the residual image), bicubically magnified LR
image and the final SR image, respectively. As shown in Figure 2, we add the residual image to the bicubically magnified LR input to obtain the SR result.
Note that in order to obtain a more visible effect, pixel values of images from different channels and the residual image are multiplied by a factor of 2.

TABLE II

PSNR (dB)/SSIM OF DIFFERENT SR MODELS ON SINGLE IMAGE DATASETS. BEST PERFORMANCE IS SHOWN IN BOLD

on ConvLSTM layers. Thus, the MTIF module containing
multi-temporal feature information is able to enhance the
memory ability of the network. As illustrated in Figure 5(d),
MTUDM-F5 outperforms UDM-F5 about 0.09 dB. This
increase seems to be trivial, however, note that MTUDM-F5

performs quite close to UDM-F7, while the former requires
fewer input frames and runs faster. Besides, MTUDM-F5
requires only 1% more parameters (about 62 K) compared
to UDM-F5, which is negligible. Significantly, MTUDM-F5
takes 1.53 s for testing, while UDM-F7 costs about 39% more
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TABLE III

PSNR (dB)/SSIM OF DIFFERENT SR MODELS FOR VIDEOSET4 TESTING DATASET. BEST PERFORMANCE IS SHOWN IN BOLD

TABLE IV

PSNR (dB) OF ONLY THE CENTER FRAME FROM EACH VIDEO SEQUENCE IN [47] ON DIFFERENT SISR AND VIDEO SR MODELS

WHEN UPSCALING FACTOR IS 4. BEST PERFORMANCE IS SHOWN IN BOLD

time (2.13 s) to achieve the same performance. Therefore,
it can be said that MTIF help the network to achieve the same
performance with less time complexity. In all, these metrics
have proven that MTIF is able to improve the performance
while requiring little extra parameters and calculation cost.

V. EXPERIMENTAL RESULTS

We compare our model with both SISR models like
SRCNN [7], VDSR [8], LapSRN [28], and video SR models
like VSRnet [9], Deep-DE [47], ESPCN [30], MCResNet [24],
RVSR-LTD [25], DRVSR [10] and FRVSR [26]. We use
UDM-F3 for SISR, because more input frames cannot con-
tribute more to the SISR task. Model MTUDM-F5 is adopted
for video SR, which is able to generate promising results
with acceptable speed. We compute PSNR and SSIM as
quantitative indicators, which are widely used to evaluate the
model performance.

A. On Single Image Datasets

Although our model UDM-F3 is focused on super-resolving
HR frames from multiple LR frames, it is sill able to generate
a satisfactory result for single image. Thus, we decide to
conduct comparison experiments on single image datasets.
For SISR, we choose Set5 [49], Set14 [50], BSDS100 [51],
Urban100 [52] and Manga109 [53] as test datasets. Note that
UDM-F3 and DRVSR trained by us both take 3 adjacent

frames to reconstruct the center frame. As there is only one
image in single-image datasets, we send the counterparts of
one image to simulate its adjacent frames. As illustrated
in Table II, although our model is specifically designed for
video SR and trained on video datasets, it is still able to
achieve promising results on single images, benefiting from
sophisticated structure of our model. Particularly, our model
UDM-F3 is more robust in a larger upscaling factor, and
achieves considerably better results than LapSRN [28], which
is specifically designed for SISR and trained on SISR datasets,
at the 4× magnification.

B. On Video Datasets
For video SR, we first choose Videoset4 [54] as the testing

dataset. Videoset4 testing dataset is composed of four scenes:
calendar, city, foliage and walk. These four scenes respectively
have 41, 34, 49 and 47 frames, whose resolution are in
720 × 576, 704×576, 720×480, and 720×480, respectively.
For evaluation, we skip the first and last two frames as [9], [24]
do, because some video SR approaches need 5 consecutive
frames to rebuild the center frame. PSNR and SSIM are cal-
culated by eliminating 8 pixels on each border as in [9], [24].
Note that for 3× magnification, frames of city are cut off
to 702×576, in order to become an integer multiple of 3.
Specific results on Videoset4 testing dataset are demonstrated
in Table III. It is seen that the best results are given by our
method in all cases.
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TABLE V

PSNR (dB) / SSIM OF DIFFERENT VIDEO SR MODELS ON VIDEO SEQUENCES FROM [48]. BEST PERFORMANCE IS SHOWN IN BOLD.
NOTE THAT THESE MODELS ARE TRAINED ON OUR DATASETS

TABLE VI

COMPARISON OF DIFFERENT MODELS. FOR 4× SR, PSNR IS EVALUATED ON VIDEO SEQUENCES FROM [48] AND TESTING
TIME IS MEASURED BY GENERATING ONE 1920 × 1080 VIDEO FRAME

To extensively verify our method, we carry out more experi-
ments on additional datasets. Recently, Liu et al. [25] proposed
a temporal adaptive neural network that can adaptively deter-
mine the optimal scale of temporal dependency for video SR,
and conduct experiments on a dataset from [47]. This dataset
contains six video sequences: calendar, city, foliage, penguin,
temple, walk. Each video sequence has 31 frames, at the

resolution of 720 × 576, 704×576, 720×480, 1200×800,
1200×800 and 720×480 respectively. Deep-DE [47] needs
15 frames forward and 15 frames backward to rebuild the
center frame, and there are only 31 frames in each video
sequence, so we only compare the center frame. Besides,
SSIM values are not reported in [25], thus, we only give
the PSNR values. As demonstrated in Table IV, our model
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Fig. 7. Visual Results of different video SR methods. Upscaling factor is 4, and PSNR and SSIM are calculated by cutting off 8 pixels on each border.
(a) This frame is from archpeople. (b) This frame is from photography. (c) This frame is from lake.

MTUDM-F5 achieves the best performance on most video
sequences other than city. In average, our model performs
the best, and surpasses the second best model DRVSR [10]
0.80 dB in PSNR.

More recently, Sajjadi et al. [26] proposed a network called
FRVSR (frame-recurrent video super-resolution network),
which takes the last super-resolved frame to help reconstruct
the current input frame. However, they trained FRVSR using
a kind of down-sampling scheme rather than Bicubic down-
sampling, besides, their code is not available yet. Moreover,

codes of VESPCN [23], RVSR-LTD [25] and MCResNet [24]
are not available, either. Since various factors (e.g. training
dataset, platform of code, way of down-sampling) may influ-
ence on the performances of different models, we rebuild these
models on Tensorflow platform by our training dataset with
Bicubic down-sampling scheme. We choose another 10 video
sequences as test dataset from [48], which are also adopted
by [26]. For convenience, we crop these 10 video sequences
(such scenes as archpeople, archwall, auditorium, band, caffe,
and so on) to the size of 1272×720, to become an integer
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Fig. 8. Visual Results of different video SR methods on real-world LR videos. Upscaling factor is 4, while PSNR and SSIM cannot be calculated without
the ground truth image. (a) (b) (c) are about the fast-moving vehicles on the road, it is observed that our model generates clearer results with little blocking
artifacts, less noise and better visual quality, compared to other methods. (d) and (e) are about two buildings, and our model produces railings and hollows
which are most in line with real-world scenes.

multiple of 12. We neglect the first and last two frames,
and eliminate 8 pixels on each border to calculate the PSNR
and SSIM. As shown in Table V, our model achieves the best
results under all conditions (whatever sequences or upscaling
factors). Especially, it enjoys more advantages when upscaling
factor becomes larger.

Also, we have shown the parameter number, testing time
and training time cost of different models in Table VI. FRVSR
spends only about 0.19 s for testing, which is rather fast,
however, it costs about 78 hours for training due to its
special network structure and training strategy. Our models
UDM-F3 and MTUDM-F5 take about 0.92 s and 1.53 s
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for testing, but only require about 9 and 14 hours for training,
respectively.

To illustrate different visual effects by comparison methods,
we further demonstrate some of the SR images. We show
results of our model UDM-F3, which is already able to
produce results with good visual quality and runs faster than
MTUDM-F5. As shown in Figure 7(a) and Figure 7(b), other
models tend to generate blurry stripes, while our model is
able to reconstruct stripes with clear details. In Figure 7(c),
the water ripples take high-frequency details and are hard
to reconstruct. Other video SR models are prone to produce
water ripples with wrong directions, while our model generates
realistic water ripples with the same directions as the ground
truth.

We further conduct experiments on challenging real-world
LR videos, which are taken by ourselves (640 × 480) rather
than down-sampled from HR videos. As a representative GAN
based SR algorithm, SRGAN [29] has been proposed to
generate photo-realistic HR image, whose results show to be
lower in PSNR and SSIM but with better visual quality. Thus,
we decide to compare our model with SRGAN on real-world
videos without calculating the PSNR and SSIM. To show more
results, we only compare our model UDM-F3 with Bicubic,
SRGAN [29] and FRVSR [26] under 4× SR. As shown
in Figure 8(a) and Figure 8(b), it is observed that SRGAN
and FRVSR generate results with a lot of blocking arti-
facts, and Bicubic produces an over-blurred image, while our
model generates a clearer frame with little blocking artifacts.
As illustrated in Figure 8(c), SRGAN gives an image with
a certain amount of noise, and FRVSR produces a deformed
license plate, while our model generate a clearer license plate
with normal shape. These three videos above are about fast-
moving vehicles on the road, which are quite challenging for
video SR. Figure 8(d) and Figure 8(e) show the results on
two buildings, where SRGAN and FRVSR give twisted iamges
with poor visual quality, while our model is able to produce
objects like railings and hollows which are most in line with
real-world scenes.

VI. CONCLUSION

In this paper, we have proposed a multi-temporal ultra
dense memory (MTUDM) network for video super-resolution.
We particularly design an ultra dense memory block (UDMB)
to fully exploit the intra-frame spatial correlations and inter-
frame temporal correlations, which reveals more realistic
image details. By adopting multi-temporal information fusion
strategy, we improve the accuracy with only requiring about
62 K extra parameters, which are negligible compared to
the video SR model itself (about 1%). We compare our
MTUDM model with other recent video SR approaches and
demonstrate that our model obtains the state-of-the-art results
and surpasses the second-best method about 0.6-1.3 dB in
average on extensive public benchmark datasets.
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