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ABSTRACT

Video prediction is a challenging problem due to the highly
complex variation of video appearance and motions. Tra-
ditional methods that directly predict pixel values often re-
sult in blurring and artifacts. Furthermore, cumulative errors
can lead to a sharp drop of prediction quality in long-term
prediction. To alleviate the above problems, we propose a
novel edge guided video prediction network, which firstly
models the dynamic of frame edges and predicts the future
frame edges, then generates the future frames under the guid-
ance of the obtained future frame edges. Specifically, our
network consists of two modules that are ConvLSTM based
edge prediction module and the edge guided frames gener-
ation module. The whole network is differentiable and can
be trained end-to-end without any supervision effort. Exten-
sive experiments on KTH human action dataset and challeng-
ing autonomous driving KITTI dataset demonstrate that our
method achieves better results than state-of-the-art methods
especially in long-term video predictions.

Index Terms— Video prediction, deep learning, spatial-
temporal network, image generation

1. INTRODUCTION

Since video provides more spatial and temporal information
than image, it is extensively studied in many tasks such as
video caption, video detection and video segmentation. These
supervised learning tasks require large number of labeled
training data, which limits the utility of deep learning in many
tasks where such data are not available. Video frame predic-
tion can be used to learn the effective representation within
the video through unsupervised methods. In addition, video
prediction can promote many applications, such as activity
prediction, event prediction, human-robot interaction and au-
tomatic driving. Unfortunately, pixel-level video prediction is
very challenging due to the inherent uncertainty of videos and
the changes of various factors, such as object motion, defor-
mation, occlusion and background transformation.

Recently, there have been a lot of works on video frames
prediction [1–5]. They employ deep network to model the
spatial-temporal dependencies and motion rule of pixels in
the video, then hallucinate future frame pixels directly. These

previous works usually result in blurring and artifacts because
of the inherent uncertainty in video. In long-term prediction,
these exiting methods take the predicted frames as input re-
cursively for further prediction, so the errors will accumulate
and result in a sharp drop of prediction quality.

Compared to pixel, image edge is an important and more
robust high-level structure of image. Phillip et al. [6] pro-
posed the Image-to-Image Translation network which can
generate diverse corresponding natural images from an edge
image. Moreover, through edge detection, only the important
structural attributes of the image are retained and the amount
of data can be greatly reduced. So, the edge image prediction
is simpler and more robust than frame prediction. Therefore,
in order to solve the problems mentioned above, we propose
an edge guided video prediction network (EVPnet), which
first models the motion of the video frame edges and predicts
the future edge images, then the corresponding future frame is
generated by the guidance of the obtained future edge image.
Due to the robustness of edge image prediction, our method
can realize the long-term video prediction. Besides, our net-
work can be applied to any video because the edge is a general
high-level structure and is easy to obtain.

Specifically, our network consists of two modules, namely
the edge prediction module and the edge guided frame gener-
ation module. These two modules combine into a whole net-
work that can be trained and tested end-to-end. The edge pre-
diction module consists of a fully convolutional edge encoder-
decoder and a nested memory convolutional LSTM cell [7],
which models the dynamic of the video frame edges and pre-
dicts the future edge images. The second module is the edge
guided frame generation network, which generates the corre-
sponding frame from the predicted edge representation. Dif-
ferent from [6], the content of the predicted video frames by
our edge guided frame generator should be consistent with the
observed video frames. The frame generation module con-
sists of a content encoder and a frame decoder. In addition, we
design a two-pathway skip connection that directly connects
the intermediate results of content encoder and edge decoder
respectively to frame decoder with the purpose of promoting
the propagation of low-level information.

The contributions of this paper are three-fold. 1) We pro-
pose a novel video prediction network that decomposes the
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video prediction task into the edge prediction and the edge
guided frame generation. 2) A frame generator with a two-
pathway skip connection is proposed, which maps predicted
edges to natural frames and meanwhile ensures the generated
frames to be consistent with the observed frames sequence.
3) Experiments conducted on KTH human action dataset and
more challenging KITTI autonomous driving dataset demon-
strate that our approach achieves great improvement in terms
of quantitative and qualitative evaluations over state-of-the-
art methods in long-term video prediction.

2. RELATED WORK
Long short-term memory (LSTM) network [8] has been suc-
cessfully applied to temporal sequence related tasks such as
language model, so it is natural to employ LSTM to the task
of video prediction [1, 2]. Inspired by the language model,
Ranzato et al. [1] build a LSTM network to predict future
frames by predicting the combination coefficients of image
patches on visual word dictionaries. Srivastava et al. [2]
adapt a LSTM model and an autoencoder to predict the un-
seen future frames. Since the traditional LSTM network em-
ploys fully connected operation, it is not suitable for process-
ing two-dimensional image data due to the loss of spatial in-
formation. Shi et al. [7] combine convolution operation with
LSTM obtaining the ConvLSTM network to predict nowcast-
ing. Some works combine ConvLSTM network and optical
flow for video prediction [5, 9].

In order to reduce the blurring of the generated image,
a multi-scale structure which combines the adversarial loss
and the GDL loss is proposed [3]. Motivated by the predic-
tive coding concept in neuroscience literature, W. Lotter et
al. [4] develop an architecture that predicts realistic looking
frames. For human action video, LSTM is used to predict
the key point of human body to generate the corresponding
image [10]. However, it can only be used in human action
videos and is not able to model the background variations.
R. Villegas et al.[11] propose a two-encoder architecture to
separately model motion and content then combine the two
features to predict the next frame.

3. THE PROPOSED METHOD
The task of video prediction is to observe k video frames
x1:k and then output the next T frames x̂k+1:k+T , while the
ground-truth is represented as xk+1:k+T . We propose an edge
guided video prediction network (EVPnet), which is an end-
to-end differentiable network. The only training data we need
are the video frames without any human annotations. By
functional division, our EVPnet consists of the edge predic-
tion module and the edge guided frame generation module.
In order to improve the texture details and structure of the
predicted frames, we design a two-pathway skip connection
in the frame generator. Finally, we combine some comple-
mentary sub-loss function to generate realistic frames. More
details of our model are presented in the following sections.

3.1. Edge Prediction Module
In this section, a detailed description of the edge prediction
network is given. The edge prediction network requires a
frame sequence x1:k as input and outputs the subsequent T
edge images êk+1:k+T . The edge prediction module is com-
posed of an edge encoder and edge decoder with a ConvL-
STM cell embedded between them. The illustration of our
edge prediction module is shown in Fig.1(a). The edge en-
coder and decoder constitute an edge detector to extract the
edge image from natural image. The edge encoder extracts
the embedding edge features by

fe = Ene(x) (1)

where x is the input image, fe is the the embedding edge fea-
ture extracted by the edge encoder, Ene(·) is the edge en-
coder function. The edge decoder generates the edge image
from embedding features by

ê = Dee( fe) (2)

where ê is the detected edge image of input image x, Dee(·)
is the edge decoder function.

The ConvLSTM cell embedded between edge encoder
and decoder can model the dynamic variation of edge features
through observing continuous edge feature sequences fe1:k by

[ht, ct] = ConvLSTM( fet , ht−1, ct−1) (3)

where ct is a memory cell that retains temporal dynamics in-
formation of the observed sequence until time t. ht is the
output of ConvLSTM cell at time step t, which is also the pre-
dicted edge feature tensor at next time step, i.e. f̂

e

t+1 = ht.
After observing the k video sequence frames, ConvLSTM has
modeled the dynamic rule of the edge features, then can pre-
dict the edge features of the subsequent T frames according
to the learned historical rule.

After obtaining the predicted edge features f̂
e

k+1:T , they
are used to generate corresponding video frames (Section
3.2). The edge features are also used to generate the edge
image by edge decoder as Equation(2), then the edge loss can
be calculated (Section 3.4).

3.2. Edge Guided Frame Generation Module

Edge guided frame generation module aims to generate the
corresponding frame using the predicted edge feature. Phillip
et al. [6] proposed an image to image network based on Gen-
erative Adversarial Networks [12] which can generate the cor-
responding real image from edge image. In [6] one edge im-
age generates diverse real images with the same edge struc-
ture but random content. In order to do this, method in [6]
takes an edge image and a random noise vector as inputs to
ensure diversity. Different from [6], video prediction requires
that the content of the generated video frame is consistent
with the observed video sequence. Due to the continuity of
the video in time domain, the content variation between ad-
jacent video frames is similar. So, we replace the noise vec-
tor with the content feature extracted from the last observed
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Fig. 1. Illustration of our edge guided video prediction network. (a) The unrolled illustration of our edge prediction module.
Edge encoder observes k consecutive video frames and extracts their edge features. ConvLSTM cell models the dynamic of
k edge features, then predicts the next T edge features, which are inputted to edge decoder to generate the corresponding
predicted edge images. (b) The illustration of our edge guided frame generation module. The content features are extracted by
content encoder from the last frame of the observed video sequence xk. Then the content features concatenate with the edge
features predicted by edge prediction module at k + n time step. Finally, the concatenated feature maps are fed into the frame
decoder and the frame at k + n time step is obtained. The blue arrow represents skip connection, and the yellow rectangle in
skip connection is the channel compression layer.

video frame. The edge guided video frame generator makes
not only the structure of the generated frame be consistent
with the predicted edge, but also the content be similar to the
last observed video frame. The frame generator, as shown in
Fig.1(b), consists of content encoder, frame decoder and the
two-pathway skip connection. The content encoder extracts
embedding content features from the last observed frame by

f ck = Enc(xk) (4)

where xk is the last frame of the observed video sequence, f ck
is the encoding content feature. Enc(·) is the content encoder
function. Then the content feature tensor concatenates with
the edge feature tensor as input to the frame decoder. Finally
the frame decoder generates the predicted frame by

x̂k+n = Def ([ f ck, f̂
e

k+n]) (5)

where x̂k+n is the predicted frame at k+n time step, [·] is the
concatenation operation. Def (·) is the frame decoder func-
tion. Note that the n is from 1 to T , so the predicted subse-
quent T frames x̂k+1:k+T can be obtained.

3.3. Two-Pathway Skip Connection
In deep network, shallow layers extract low-level visual fea-
tures while deep layers extract high-level advanced semantic
features. Low-level details are important for image genera-
tion tasks. When using encoder-decoder structure to generate
images, a lot of information will be lost due to the existence of
max pooling layer. So we design a two-pathway skip connec-
tion which can retain more details of the generated images by
transferring the low-level features directly to frame decoder.
In particular, the two-pathway skip connection connects the

intermediate results of content encoder and edge decoder re-
spectively to frame decoder as shown in Fig.1(b). From con-
tent encoder skip connection, more detail features of content
can be transmitted to frame decoder, and the edge structure
of predicted frames can be emphasized from edge decoder
skip connection. The concatenation operation is used to com-
bine the decoder feature maps and skip feature maps. In order
to avoid propagating useless information and increasing the
amount of calculation, we add a channel compression layer
in the skip connection, which is implemented by the convolu-
tional layer with 1 × 1 kernel. As a result, the output chan-
nel number is compressed fewer than the input, which means
only the channels with decision and effective information are
transmitted. The compression ratio of edge skip connection
ρe and content skip connection ρc are hyper-parameters.
3.4. Loss Function
In this section, the loss function used to train our network is
introduced in detail. In order to produce realistic image qual-
ity, we combine several complementary sub-loss functions,
namely edge loss, lp norm loss, gradient difference loss and
the adversarial loss. We combine all the sub-loss functions to
form the total loss function as follows

L = λeLe + λi(Lp + Lgdl) + λganLgan (6)

where λe, λi and λgan are hyper-parameters that control
the effect of each sub-loss during optimization.

The edge prediction module observes k frames, then pre-
dicts the edge images of next T frames. We hope that the
predicted edge is accurate, so we employ the edge loss as fol-
lows



Le =
1

T

k+T∑
t=k+1

‖et − êt‖22 (7)

where et is the ground-truth edge image of image xt, êt is
the edge image predicted by the edge prediction module. In
addition, the generated video frame is expected to be similar
to the ground-truth in the pixel space, so the lp norm loss
between the predicted frame and the ground-truth is adopted
as follows

Lp =
1

T

k+T∑
t=k+1

‖xt − x̂t‖pp (8)

where xt is the ground truth frame at time step t, x̂t is the pre-
dicted frame by our edge guided frame generator. However,
using only lp loss likely results in blurring. In order to in-
crease the sharpness of the image, we use the image gradient
difference loss (GDL) proposed in [3]

Lgdl =
1

T

k+T∑
t=k+1

h,w∑
i,j

∣∣(|xi,jt − xi−1,j
t | − |x̂i,jt − x̂i−1,j

t |)
∣∣γ

+
∣∣(|xi,j−1

t − xi,jt | − |x̂
i,j−1
t − x̂i,jt |)

∣∣γ ,
(9)

where i and j are the pixel coordinates, h andw are the height
and width of image, γ is the hyper-parameters of the GDL
loss.

In order to make the generated image realistic, the adver-
sarial loss is introduced. Generative adversarial networks are
introduced by [12], where images are generated from random
noise using the generator network G and the discriminator
network D trained simultaneously. In our method, the pro-
posed EVPnet is considered as the generator G which gener-
ates the future T video frames. The discriminator network D
is trained to predict the probability that the last T frames of
the sequence are generated by G. The two networks are si-
multaneously trained so that G learns to generate frames that
are hard to be classified by D, while D learns to discriminate
the frames generated by G. The generator loss is defined as
follows

Lgan = −log D([ x1:k, G(x1:k) ]) (10)

where x1:k is the input images, G(x1:k) = x̂k+1:k+T is pre-
dicted future images, and D(·) is the discriminator in adver-
sarial training. The discriminative loss in adversarial training
is defined by
Ldisc = −log D([x1:k, xk+1:k+T ])− log (1−D([x1:k, G(x1:k)]))

(11)
where xk+1:k+T is the ground-truth future images.

4. EXPERIMENT RESULTS

In this section, video prediction experiments are implemented
in two real-world datasets including KTH human action
dataset [13] and more challenging autonomous driving KITTI
dataset [14]. We use the HED [15] algorithm to generate
edge ground-truth of the video frames, while the HED algo-
rithm can be replaced with other edge detector. Intuitively,
our EVPnet could obtain better results if using more accurate
edge detector to generate the edge ground-truth. All the video

frames and edge images are normalized to [−1, 1]. The peak
signal to noise ratio (PSNR), structural similarity (SSIM)
[16] and CPBD [17] are adopted as the quantitative evalu-
ations. CPBD is a perceptual-based no-reference objective
image sharpness metric. We compare our EVPnet with the
baseline method ConvLSTM [7] and state-of-the-art methods
MCnet [11] and Prednet [4]. In all the experiment, we set
ρe = ρc = 1

2 , λe = 1. For fair comparison, we set λi = 1,
p = 2, γ = 1, which are the same as [11]. We implement
our network using the publicly available Pytorch framework
and one TITAN X GPU. The network is trained by the Adam
optimization algorithm with the learning rate 0.0001.
4.1. Architectures
The content encoder of EVPnet is built with the same archi-
tecture as VGG16 [18] up to the third pooling layer. The
frame decoder is a mirrored architecture of the content en-
coder where we replace the max-pooling layer with bilinear
interpolation up-sampling layer. The edge encoder is also
similar to content encoder, except that we replace its consecu-
tive convolutions group with single convolution in each layer.
And the edge decoder is also a mirrored architecture of the
content encoder. A Hyperbolic tangent is added at the end
of both the edge decoder and frame decoder to ensure that
the output values are between -1 and 1. The ConvLSTM cell
employs 3 × 3 convolutions with 256 channels. The channel
compression layer in skip connection are single 1 × 1 con-
volution layer. The discriminative network D are composed
of 4 consecutive 5 × 5 convolutions (64,128,256 and 512 in
each layer) followed by a fully connected layer and a sigmoid
function. For the baseline ConvLSTM, we use the same ar-
chitecture as the content encoder, ConvLSTM cell and frame
decoder.

Fig. 2. The quantitative comparisons among our EVPnet and
the variation without skip connection, MCnet and the Con-
vLSTM on KTH dataset. The figure in legend is the average
results over 20 time steps.

4.2. KTH Dataset

The KTH human action dataset [13] contains 6 categories ac-
tion of 25 persons: running, jogging, walking, boxing, hand-
clapping and hand-waving. We train and test our network us-
ing the same data and protocol as in [11] (i.e. person 1-17
for training and 18-25 for testing). All frames are resized to
128 × 128 pixels. In the experiment, all methods observe 10
frames and predict 10 frames into the future when training
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Fig. 3. The qualitative results of EVPnet, MCnet, ConvLSTM and the ground-truth on the KTH dataset.

while predict 20 frames into future when testing. We use the
hyper-parameter λgan = 0.02 for KTH dataset.

Fig.2 shows the quantitative evaluation results of the state-
of-the-art method MCnet [11], the baseline ConvLSTM [7],
our EVPnet and its variation without skip connection. Our
algorithm achieves the best average results of the predicted
20 frames in terms of both PSNR and SSIM metrics. Com-
pared with the MCnet, our method obtains almost the same
effect for the first few predicted frames but our approach
achieves superior performance as time goes by. For the first
few frames, MCnet gains a weak advantage than our EVPnet
in quantitative evaluation because the margin between two ad-
jacent frames is smaller than the margin from the edge to the
corresponding natural image. But the image quality of the
MCnet rapidly declines due to the error accumulation. Our
edge guided video prediction method is more robust, so it
can achieve obviously better results in long-term prediction.
Compared with the no skip connection version, applying skip
connection can greatly improve the quality of the first few
frames. No matter with or without skip connection, our EVP-
net is extremely beyond the baseline ConvLSTM.

Fig.3 presents the qualitative results of our EVPnet, MC-
net and ConvLSTM on the KTH dataset. It can be seen that
the frames generated by ConvLSTM quickly become blurry
over time while the frames especially the leg part generated
by MCnet are severely distorted. Our EVPnet achieves the
most realistic and sharp prediction results over long-term time
steps.
4.3. KITTI Dataset
In this section, we test the EVPnet on a more challenging
KITTI autonomous driving dataset [14]. These videos con-
tain rich temporal dynamics, including both self-motion of
the vehicle and the motion of other objects in the scene,
and complex background. We use videos from City, Res-
idential and Road categories (except 2017 9 30:18,28 and
2017 10 03:27,34 four videos, because these four videos are
extremely larger than others) in our experiment. We split
all the 57 videos into two parts, first 12 videos used for
testing and last 45 videos used for training. Frames are
center-cropped and downsampled to 128 × 160 pixels. For

Table 1. The quantitative results on KITTI dataset
Method PSNR SSIM Sharpness(CPBD)

ConvLSTM[7] 16.158 0.420 0.617
Prednet[4] 17.953 0.540 0.269

EVPnet 16.342 0.465 0.544

KITTI dataset, all methods also observe 10 frames and pre-
dict 10 frames into the future when training while predict 20
frames into future when testing. We use the hyper-parameter
λgan = 0.001 for KITTI dataset.

Fig.4 shows the qualitative comparison results among
our EVPnet and the state-of-the-art method Prednet[4] and
ConvLSTM[7]. The proposed EVPnet predicts the most real-
istic and sharpest frames over time steps. However, the Pred-
net and ConvLSTM suffer from the accumulative errors be-
cause they use the predicted frame as input recursively, thus
rapidly resulting in blurring and artifacts over time. The ob-
jective comparison results of the KITTI dataset are shown in
Table 1. The PSNR and SSIM of Prednet are higher than our
EVPnet, while the sharpness(CPBD) index of Prednet drops
by 50% compared with our EVPnet. This is because Pred-
net only uses the L1 loss function, which minimizes the av-
erage error of pixels but leads to visually unacceptable blur
as shown in Fig4. While, our EVPnet is committed to gen-
erate visually realistic video frames, so we apply adversar-
ial loss and GDL loss. Our EVPnet exceeds the ConvLSTM
on PSNR and SSIM metric, because the frames generated by
ConvLSTM have a lot of noise and artifacts. However, the
noise also leads to higher sharpness index than our EVPnet.
From above results, it can be seen that single objective im-
age evaluation is not completely consistent with human visual
perceptions as described in [19].

5. CONCLUSIONS
We propose an edge guided generation network for future
frames prediction in natural video sequences. The proposed
method decomposes the video prediction task into two steps,
the edge prediction and the edge guided frame generation.
Our method can be applied on any scene and resolution
videos. Experiments conducted on KTH human action dataset
and KITTI autonomous driving dataset show that our ap-
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Fig. 4. The qualitative results of EVPnet, Prednet, ConvLSTM and the ground-truth on the KITTI dataset.

proach outperforms the existing state-of-the-art methods in
long-term video prediction.
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