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ABSTRACT Advanced data analysis techniques facilitate data-driven spatiotemporal prediction in various
fields. However, in real-world data, missing values are inevitable, which causes the data incomplete and
makes predictions more challenging. Although we can train complex spatiotemporal correlations with
deep learning techniques, most deep learning networks require data without any missing values. In this
paper, we propose a novel deep learning framework that manages missing values in the grid-based data
structure. We design a partial convolutional long-short-term-memory (PConvLSTM) by combining partial
convolution for inpainting and convolutional long-short-term-memory (ConvLSTM) for spatiotemporal
prediction. We treat incomplete spatiotemporal data with the partial convolution and train spatiotemporal
dependencies with the ConvLSTM structure. The trained PConvLSTM can predict continuous spatial data
with missing regions in incomplete input data. We also train the network using incomplete spatiotemporal
data without ground truth to enhance practicality. Existing deep learning networks to interpolate missing
data are mostly trained by applying ground truth data without missing regions. We show that PConvLSTM
achieves higher prediction accuracies compared to ConvLSTM for incomplete data without ground truth.

INDEX TERMS Partial convolution, LSTM, incomplete data.

I. INTRODUCTION
Many researchers have collected spatiotemporal data and
analyzed the information in various fields, such as weather,
traffic, soil, satellite, and video. Lately, the demand for spa-
tiotemporal data prediction increases dramatically due to the
advance of deep learning techniques. Dixon et al. [1] present
a deep learning technique for data-driven spatiotemporal pre-
diction, which trains nonlinear spatiotemporal correlations.
Xingjian et al. [2] introduce a convolutional Long-Short-
Term-Memory (ConvLSTM) that captures spatial and tempo-
ral dependencies by integrating Long-Short-Term-Memory
(LSTM) structures with convolutional operations. However,
the spatiotemporal prediction is still challenging due to the
complex spatiotemporal correlation.

Generally, real-world data can be erratic, and missing
values almost inevitably occur, which causes the data incom-
plete. For example, air quality data is one of the spatiotem-
poral data, which is mostly measured at irregularly located
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stations. When data obtained from arbitrary locations are
transformed in a gridded data structure, empty cells tend to
be generated, resulting in the spatially irregular distribution of
data. Besides, sampling time for measuring data at each sta-
tion may be irregular due to the equipment failure. For these
reasons, it is not always achievable to obtain complete data
that are without any missing data. Incomplete spatiotemporal
data, such as air quality data, degenerate prediction model
performance, and result in biased predictions. Therefore, it is
challenging to train deep learning models to predict incom-
plete spatiotemporal data. For more accurate predictions with
such spatiotemporal data, we must overcome the following
challenges.

C1 Data must be handled, although the data measure
locations are irregularly distributed, as shown in
Figure 1 (a).

C2 Data measured at arbitrary time intervals must be
supervised, as illustrated in Figure 1 (b).

C3 Spatio and temporal irregularities in data must be con-
sidered at the same time, as presented in Figure 1 (c).
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FIGURE 1. Spatiotemporal irregularity. (a) The sampling locations are
irregularly distributed. (b) The sampling time intervals are irregular.
(c) The spatial locations for data sampling vary randomly over time. The
proposed deep learning network predicts future continuous spatial data
from the past incomplete spatiotemporal data.

C4 We must be able to train the network, although there is
no ground truth.

Spatially irregular missing data stated in C1 make it hard
to estimate spatial data distribution [3]. To obtain continu-
ous spatial data, we can determine the missing regions with
deep learning networks. For example, deep learning models
for inpainting and denoising restore damaged regions of a
2D grid structured image. In the image inpainting study,
Liu et al. [4] have proposed a partial convolution in which
the convolutional result is only affected by valid pixels. Most
inpainting deep learning studies, such as partial convolu-
tion, utilize images that are intact in ground truth for the
training. In this work, however, we can only use irregularly
sampled data in the space. Since we do not have complete
data, it is not possible to train deep learning networks using
ground truth, as in the previous research. To resolve the
ground truth problem, some researchers have reconstructed
noisy images to train models without ground truth [5], [6].
However, the researchers have assumed a particular statisti-
cal distribution of noise, such as Gaussian noise. Therefore,
the model training with the assumption of the noise distribu-
tion becomes frequently impractical because the actual noise
distribution in the real data may differ from the assumed noise
distribution [7].

As pointed in C2, it is not easy to apply the data sampled
at irregular time intervals directly in the existing prediction
models. Before the predictive model training, we need to
estimate the missing data mostly by imputation techniques
such as ARIMA and interpolation in the preprocessing stage.
Since the imputation technique determines the data used for
the training, the deep learning outputs change consequently.
In this work, we do not know the actual values in the missing
data, which makes it challenging to comprehend how the
imputation affects deep learning trainings. Therefore, it is
crucial to develop a deep learning network that predicts the
data without imputation as a preprocessing.

As indicated in C3, Figure 1 (c) illustrates spatiotemporal
data in which the spatial sampling locations fluctuate ran-
domly over time. Even if the data sampling locations are
arbitrary due to missing values, wemaintain a grid-based data
structure.We process irregularly sampled spatiotemporal data
in the grid structure, as shown in Figure 1 (c). Spatiotem-
poral deep learning model, such as ConvLSTM proposed by
Yu et al. [8], is trained with data in a grid structure without
any missing value. In this work, however, we cannot use
existing deep learning models such as ConvLSTM because
the available data positions vary irregularly in space and time.
We also find it difficult to obtain complete data utilized as
ground truth, as stated in C4. Ground truth data can be very
expensive or even impossible to obtain. As mentioned earlier,
while we can train deep learning models for image denoising
without ground truth, studies on other deep learning models
that train spatiotemporal data without ground truth are not
spotted easily.

In this paper, we study a predictive deep learning model
trained with incomplete spatiotemporal data. Figure 1 (c)
represents the grid-based spatiotemporal data that contain the
missing values and illustrates our research goals. We pro-
pose a deep learning network that predicts future continuous
spatial data from the past incomplete spatiotemporal data.
We utilize incomplete spatiotemporal data to train the grid-
based network without ground truth. Grid-based networks
such as ConvLSTM have good performance only for gird
structured data and all input data must be the same size.
Many researchers have studied graph-based models to over-
come the limitations of the grid-basedmodel. The researchers
have treated the data with irregular sampling patterns as
graph structure data. Spatial-temporal graph neural network
(STGNN) is trained with spatiotemporal data in a graph
structure, but most STGNNs predict only graph nodes [9].
However, since we intend to construct a prediction model for
continuous space and the input of the existing STGNN is a
graph with fixed nodes, it is not easy to predict incomplete
spatiotemporal data with the existing STGNN framework.
Therefore, in this study, we tackle the C1-C4 mentioned
above with a grid-based network rather than an STGNN
framework.

Graler et al. [10] report that spatiotemporal interpola-
tion using both past and future data together enables more
accurate prediction than spatial interpolation. Therefore, we
borrow the idea by Graler et al., and we propose a par-
tial convolutional LSTM, which is called PConvLSTM,
by combining partial convolution and ConvLSTM. PCon-
vLSTM extracts spatial patterns from incomplete data with
partial convolution and controls the information flow with
LSTM. Since PConvLSTM handles incomplete data at the
network layer, we do not need to perform the imputa-
tion as a preprocessing. We also introduce an algorithm
that trains the network without ground truth. We apply our
model to the radar echo dataset and Moving MNIST dataset.
For both datasets, our technique produces higher prediction
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performance than existing approaches. The contributions of
this paper are summarized as follows.
• We propose a deep learning network capable of spa-
tiotemporal prediction with incomplete data. The pro-
posed deep learning network extracts spatial patterns
from data sampled at irregular locations.

• Our deep learning network predicts future continuous
spatial data from data with missing values, but we do not
perform any imputation or interpolation before training
the deep learning network.

• We train the network without ground truth for spa-
tiotemporal prediction. To the best of our knowledge,
we first attempt to train a deep learning network to
predict incomplete spatiotemporal data without ground
truth.

II. RELATED WORK
Many researchers have studied deep learning models for
image restorations such as super-resolution [11], denois-
ing [12], [13], and inpainting [4]. Especially, Liu et al. [4]
have introduced a partial convolution to ensure that the
network output depends only on valid pixels. They have
trained the network to fill irregular holes in the image with
partial convolution and mask-update steps. Yeh et al. [14]
have proposed a deep convolutional generative adversarial
network (DCGAN) for image inpainting and introduced prior
loss so that DCGAN realistically estimates missing pixels.
Yu et al. [15] have proposed a deep learning-based user-
guided system for image inpainting. They have modified the
partial convolution to make a gated convolution and accu-
mulated the gated convolution to form a generative adver-
sarial network. The gated convolution allows us to train the
optimal mask without the rule-based mask update step in
the partial convolution. Recently, deep learning architectures
for video inpainting have been introduced. Wang et al. [16]
have combined a 3D completion network (3DCN) and 3D-2D
combined completion network (CombCN) to recover missing
regions of video frames. 3DCN is a 3DCNN for capturing the
temporal structure of the video. 3DCN improves CombCN
performance by delivering temporal information to CombCN
for inpainting. CombCN inpaints each frame with a 2D con-
volution operation and supports the 3DCN to capture the
temporal structure. Kim et al. [17] have proposed a 3D-2D
encoder-decoder network architecture using ConvLSTM for
the frame inpainting in a damaged video. They have designed
the network to train aggregated feature maps from the past
and future frames for inpainting.

Most data recovery tasks such as denoising and inpaint-
ing assume that ground truth exists and use it for network
training. However, occasionally it is not easy to obtain ground
truth data. Therefore, some researchers have proposed deep
learning architectures that can be trained without ground
truth. Lehtinen et al. [5] have extracted inputs and targets
from corrupted distributions and applied them in the deep
learning training. Soltanayev and Chun [6] have trained the
network to optimize Stein’s unbiased risk estimator (SURE),

assuming a gaussian noise model. They used CNN and pro-
posed a loss function to train CNN without ground truth
[5], [6]. Deep learning techniques, which do not use ground
truth, have been examined with image data but have not been
extended to spatiotemporal data. In this paper, we devise a
network to handle not only loss but also missing regions
within the layer. We also train the proposed network with
spatiotemporal data without ground truth.

Deep learning models for predicting spatiotemporal data
have also been studied. Xingjian et al. [2] have intro-
duced ConvLSTM to train spatiotemporal patterns. They
have shown that ConvLSTM can predict with higher perfor-
mance than fully connected LSTM (FC-LSTM). In various
research fields, researchers have been using ConvLSTM.
Song et al. [18] have proposed Pyramid Dilated Bidirec-
tional ConvLSTM (PDB-ConvLSTM) for the video saliency
detection. In PDB-ConvLSTM, the convolution operation
in ConvLSTM is substituted by the dilated convolution,
and multi-scale spatial features are extracted using various
dilation factors. Besides, PDB-ConvLSTM captures tem-
poral dependency in both directions by exchanging infor-
mation between forward and backward ConvLSTM units.
Zhao et al. [19] have presented ConvLSTM for predicting
tongue movements. They have trained the ConvLSTM with
ultrasound video data and showed higher predictive perfor-
mance than 3DCNN.Yuan et al. [20] have proposed a Hetero-
ConvLSTM framework for predicting traffic accidents. They
have included spatial graph features to consolidate the spa-
tial relationship of roads and environmental features such as
weather and road conditions in the model training. More-
over, they have used the moving window to divide the pre-
diction area into several regions. The Hetero-ConvLSTM
is trained for each sub-region, and they have merged all
outputs to obtain the final prediction. Zhe et al. [21] have
proposed a model for gesture recognition. To apply short-
term spatiotemporal features and long-term spatiotemporal
features, their model combines 3D-CNN and ConvLSTM
layers. Luo et al. [22] have integrated ConvNet and Con-
vLSTM as an auto-encoder for anomaly detection in videos.
Wang et al. [23] have derived a new spatiotemporal LSTM
(ST-LSTM) unit using a memory capable of storing both
spatial appearance and temporal changes. ConvLSTM-based
models utilize data with regular grid structures without miss-
ing values. However, spatiotemporal data measured with sen-
sors, such as particulate matters and solar power generation,
are collected at irregular locations. For the prediction of
such data, grid mapping is required to train existing net-
works. However, irregularities result in missing regions after
mapping the data points on a grid. Lee and Shin [24] have
introduced a technique for estimating missing regions with
inverse distance weighting interpolation and deep learning
training. However, interpolation might produce biased results
depending on techniques [25]. When training deep learning
with biased data, biased outputs are produced. Therefore, it is
necessary to design a prediction network without preprocess-
ing steps like an interpolation.
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For the prediction of non-regular data, STGNN has
been proposed, which employs graph-structured data for
the training rather than grid-structured data. Structural-RNN
(S-RNN) [26] predicts node labels in the spatiotemporal
graph by combining the RNN modeling node factor and the
RNNmodeling edge factor. Li et al. [27] have trained the Dif-
fusion Convolutional Recurrent Neural Network (DCRNN)
by modeling the data collected from the sensors on the road
in the graph structure as a diffusion process. Yu et al. [8] have
presented a spatio-temporal convolutional block that com-
putes the graph convolution and gated temporal convolution
to process both temporal and spatial information of the graph.
Lin et al. [28] have constructed a graph of sparse monitoring
stations in STGNN framework and predicted the air quality at
each station. Most STGNNs including the studies introduced
above, only predict the value of each node [9]. However,
our interest is not just predicting the nodes of the graph, but
also predicting values in the continuous space. Besides, if the
spatial locations where the data are sampled vary over time,
it is not straightforward to apply existing STGNNs such as
S-RNN, DCRNN, STGCN. Therefore, in this work, we
design a grid-based network with incomplete spatiotemporal
data. Moreover, the new network is trained without ground
truth for the predictions in the continuous space.

III. METHODOLOGY
In this work, we propose a deep learning framework for
predicting incomplete spatiotemporal data. We introduce the
deep learning layers, including partial convolution and Con-
vLSTM that are the bases of the proposed network, and
then we specify the equations of the proposed network in
Section III-A.We also describe how to train the networkwith-
out ground truth in Section III-B. We define a loss function
in Section III-C to optimize the network that is suitable for
predicting continuous spatial data.

A. NETWORK STRUCTURE
1) PARTIAL CONVOLUTION
The partial convolution is proposed for image inpainting by
Liu et al. [4]. The input of the partial convolution consists
of a randomly damaged image and a binary mask, including
1 for valid pixels and 0 for invalid pixels that indicate the hole
locations in the image. The partial convolution is computed
with the image and mask as follows.

x ′ =

WT (X�M)
sum (1)
sum (M)

+ b, if sum (M) > 0

0, otherwise
(1)

where� indicates the Hadamard product.X is the pixel value
for the convolution window, andM is themask corresponding
to the window position. W and b are the convolution filter
weight and bias, respectively, and 1 has the same shape as
M but all elements are 1. sum(1)

sum(M) is a factor to scale only
valid pixels. In Equation (1), multiplying the input by the

mask sets the invalid pixel values to 0s, which excludes the
effect of the invalid pixels. In addition, the partial convolution
applies an appropriate scaling factor for inputs where the
valid and invalid pixels are unbalanced. Therefore, the partial
convolution becomes a convolution that depends only on the
valid pixel values.

The partial convolution includes a mask update step. When
we perform the partial convolution on the input image and
input mask, the position of the valid pixel in the output varies
according to the input image. To propagate updated mask, the
partial convolution updates the valid pixel position. If there
is more than one valid pixel in the convolution window
of Equation (1), the pixel corresponding to the convolution
window is set to a valid pixel because it includes the com-
putation with valid pixel values. We can update the mask as
follows.

m′ =

{
1, if sum (M) > 0
0, otherwise

(2)

2) CONVOLUTIONAL LONG-SHORT-TERM-MEMORY
(CONVLSTM)
To improve the fully connected LSTM (FC-LSTM), which
does not include spatial correlation, ConvLSTM is designed
as a spatiotemporal prediction network to include all spa-
tiotemporal information. ConvLSTM is trained for spatial
correlation with the convolution operations in state-to-state
and input-to-state transitions, and for temporal correlation
with cyclic structures. The equations for ConvLSTM are as
follows.

it = σ (Wxi ∗ Xt +Whi ∗Ht−1 + bi) (3)

ft = σ
(
Wxf ∗ Xt +Whf ∗Ht−1 + bf

)
(4)

Ct = ft � Ct−1 + it � tanh (Wxc ∗ Xt +Whc ∗Ht−1 + bc)

(5)

ot = σ (Wxo ∗ Xt +Who ∗Ht−1 + bo) (6)

Ht = ot � tanh (Ct) , (7)

where ∗, �, and σ represent the convolution operator,
Hadamard product, and element-wise sigmoid function,
respectively. The input Xt , cell state Ct , and hidden state
Ht are 3D tensors. Ct−1 indicates the previous long-term
state, and Ht−1 is the previous short-term-state. The input
gate it , forget gate ft , and output gate ot are the 3D tensors
for the cell and control the information flow along with the
cell state. W is the convolutional kernel, and b is the bias.
As represented in Equation (3)-(7), the hidden states are
updated by the convolution of input Xt and the convolution
of the previous hidden state Ht−1. The convolution does
not differentiate observations and missing values. Therefore,
ConvLSTM takes missing values as information with obser-
vations. In this paper, we propose a ConvLSTM network that
is able to distinguish missing values. We design the network
that updates the hidden state only on observations.
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FIGURE 2. The architecture of our network configured with two
PConvLSTM layers and one partial convolution layer.

3) PARTIAL CONVOLUTIONAL
LONG-SHORT-TERM-MEMORY NETWORK
In this work, we propose a Partial Convolutional Long-Short-
Term-Memory Network (PConvLSTM) by combining partial
convolution with ConvLSTM, which means that we replace
the convolution with the partial convolution in ConvLSTM.
To apply the partial convolution in PConvLSTM, we create a
mask that indicates the positions of valid pixels not only in the
input but also in the hidden state. Figure 2 illustrates our net-
work architecture with two PConvLSTM layers. As presented
in Figure 2, the layer receives input and mask and updates
them. We add a partial convolutional layer in the last so that
the network output is depend only on observations.

FIGURE 3. Structure of our PConvLSTM. The red lines indicate the
differences from the structure of ConvLSTM.

Figure 3 shows the structure of the proposed PConvLSTM.
The cell of PConvLSTM is composed of the input, input
mask, hidden state, a mask of hidden state, and cell state. The
input Xt , cell state Ct , hidden state Ht , input gate it , forget
gate ft , and output gate ot of PConvLSTM are the 3D tensors
that compose a cell.Mx,t represents a mask corresponding to
Xt , and M′

x,t indicates an updated mask. Similarly, Mh,t−1
is a mask ofHt−1 andM′

h,t−1 represents an updatedMh,t−1.
Mh,t is a mask of Ht updated from M′

h,t−1. Similar to the
partial convolution, we calculate the mask scaling factors
Sx and Sh to properly scale irregularly distributed data. The
equations of PConvLSTM are as follows.

X ′t = Xt �Mx,t (8)

H′t−1 = Ht−1 �Mh,t−1 (9)

M′
x,t = 1 ∗Mx,t (10)

M′

h,t−1 = 1 ∗Mh,t−1 (11)

Sx =
ksx(

M′
x,t + ε

) � clip (M′
x,t
)

(12)

Sh =
ksh(

M′

h,t−1 + ε
) � clip (M′

h,t−1
)

(13)

it = σ
( (

Wxi ∗ X ′t
)
� Sx

+ (Whi ∗H′t−1)� Sh + bi
)

(14)

ft = σ
( (

Wxf ∗ X ′t
)
� Sx

+
(
Whf ∗H′t−1

)
� Sh + bf

)
(15)

Ct = ft � Ct−1 + it � tanh
( (

Wxc ∗ X ′t
)
� Sx

+
(
Whc ∗H′t−1

)
� Sh + bc

)
(16)

ot = σ
( (

Wxo ∗ X ′t
)
� Sx

+
(
Who ∗H′t−1

)
� Sh + bo

)
(17)

Ht = ot � tanh (Ct) (18)

Mh,t = clip
(
M′

x,t +M′

h,t−1
)
, (19)

where ksx and ksh represent input-to-state kernel size and
state-to-state kernel size, respectively. In the network imple-
mentation, we set ε to 10−8. The clip is a function to adjust
the scope of mask and is defined as follows.

clip (k) =

{
1, if k >= 1
0, otherwise

(20)

In Equation (8) and (9), we multiply the input and hidden
states by their corresponding masks so that the cell result
depends only on valid input and valid hidden state. We update
the mask by a convolution with the weight 1, as seen in
Equation (10) and (11). Before the first input comes into
the cell, we initialize both the hidden state H and the hid-
den state mask Mh to zero. Initializing to zero means that
there is no meaningful state information in the hidden state
until input data comes in. We also initialize the mask of
the hidden state to 0 to signify that there is no informa-
tion in the hidden state. The mask scaling factors Sx and
Sh shown in Equation (12) and (13) are the ratio of the
updated mask and kernel size in the convolution window.
By multiplying clip

(
M′

x,t
)
, the ratio at the masked location

is zero. Similar to the partial convolution, we utilize the mask
scaling factor to adjust scaling only with unmasked input
and unmasked hidden state. Gates (it , ft , ot ), cell state, and
hidden state in Equation (14)-(18) are updated with the partial
convolution input X ′t and hidden stateH′t−1. Finally, we cal-
culate the mask Mh,t of the hidden state Ht as presented in
Equation (19). Ht is calculated with the input X ′t updated
with the partial convolution and hidden stateH′t−1. Therefore,
we compute a valid position in Ht as the union of a valid
position in the input X ′t and a valid position in the H′t−1.
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We then add the updated input mask M′
x,t and the updated

hidden state mask M′

h,t−1 for the union operation and then
apply the clip function. Note that we apply the clip function
to the updated mask so that the mask element ranges from
0 to 1. Since the hidden state accumulates information from
the input and previous state [29], the mask of the hidden state
accumulates the valid positions of the hidden state over the
sequence.

FIGURE 4. The process of the proposed generating missing technique.
This shows an example with an input sequence of three time steps.
We multiply a new mask sequence

{
Mnew

1 ,Mnew
2 ,Mnew

3

}
by the

original input sequence
{
X1,X2,X3

}
and the original input mask

sequence
{
Mx,1,Mx,2,Mx,3

}
. We obtain the input sequence with

additional missing values
{
Xg

1 ,Xg
2 ,Xg

3

}
and the input mask sequence

with additional zero values
{
Mg

x,1,Mg
x,2,Mg

x,3

}
. We use these two

sequences for the network training.

B. GENERATING MISSING TECHNIQUE
The proposed network predicts ˆXt+1 for a future frame
Xt+1 with the previous k frames Xt−k+1, . . . ,Xt . Our train-
ing goal is to optimize the weights of the network so that
Loss

(
Xt+1, ˆXt+1

)
is minimized. However, since Xt+1 is a

frame that contains missing values, we need an algorithm that
trains the network without ground truth. We propose a gen-
erating missing technique for the network to predict missing
regions withmissing data effectively. The proposed technique
trains the network by generating additional missing values
on the input sequences that already have missing values.
Figure 4 presents our proposed generating missing technique
as an example of the length-3 sequence data {X1,X2,X3}.
We create a new mask sequence

{
Mnew

1 ,Mnew
2 ,Mnew

3

}
during the training process and multiply it by the orig-
inal input sequence {X1,X2,X3} and the original input
mask sequence

{
Mx,1,Mx,2,Mx,3

}
as shown in Figure 4.

Note that we set all missing values to zeros. We obtain the
input sequence with additional missing values

{
X g
1 ,X

g
2 ,X

g
3

}
and the input mask sequence with additional zero values{
Mg

x,1,M
g
x,2,M

g
x,3

}
, and we use these two sequences for

the PConvLSTM network training.We also useMiobs
x , which

is the union of
{
Mg

x,1,M
g
x,2,M

g
x,3

}
for training and we

describe the detail ofMiobs
x in the following Section III-C.

As explained earlier, we create a new mask sequence,
Mnew

=
{
Mnew

t−k+1, . . . ,M
new
t
}
, to generate additional

zero values randomly in the input mask sequence, Mx ={
Mx,t−k+1, . . . ,Mx,t

}
. We multiply the original input mask

Mx,i by Mnew
i to create a mask Mg

x,i with additional zero
values. We multiply the input Xi byMnew

i to obtain the input
X g
i with additional missing values as follows.

Mg
x,i =Mx,i �Mnew

i , i = t − k + 1, . . . , t (21)
X g
i = Xi �Mnew

i , i = t − k + 1, . . . , t (22)

FromEquation (21) and (22), we useX g
={X g

t−k+1, . . . ,X
g
t }

with additional missing values as the input sequence and
Mg

x =

{
Mg

x,t−k+1, . . . ,M
g
x,t

}
as the input mask sequence

to the network. We generate a newMnew for each epoch dur-
ing the training. The network is trained with the new data that
have additionalmissing values randomly per epoch. Note that
we randomize Mnew for each epoch to avoid losing data
completely. In the generating missing technique, the network
is trained to predict space-time information with fewer data
by additionally generating missing data. Therefore, our net-
work tends to predict more successfully future values of data
with more missing values than training data. The proposed
generating missing technique also trains the network to pre-
dict data at any location, although there is no data sample at
the location. Besides, the incomplete data may always have
samples at specific locations. In the sensor data, for example,
there is always no observation value at a location where
there is no sensor. In the original input sequence of Figure 4,
(A) is the location where the observation value always exists.
However, after the additional missings, all data are missing
at (A). Therefore, we train the network to predict data that
always miss at the location (A).

FIGURE 5. Loss functions. We define three different loss functions. Lobs,
Liobs and Lmss according to the masks.

C. LOSS FUNCTION
In this work, we define three different loss functions, Lobs,
Liobs and Lmss. Besides, we employ a total variation (TV)
loss function Ltv for the spatial smoothness [30]. Figure 5
illustrates how to compute the losses using Mx,t+1
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and Miobs
x . As presented in Figure 5 (a), we define Lobs as

follows.

Lobs =
1
N

∥∥∥Mx,t+1 �

(
ˆXt+1 − Xt+1

)∥∥∥
1
, (23)

where Mx,t+1 is the mask of Xt+1 and N is the size
of Xt+1, which indicates N = height × width of Xt+1.
In Equation (23), we calculate the loss only for the obser-
vations except for the missing locations. The TV loss Ltv is
defined as follows.

Ltv =
∑

(u,v)∈R,(u,v+1)∈R

∥∥ ˜Xt+1 (u, v+ 1)− ˜Xt+1 (u, v)
∥∥
1

N

+

∑
(u,v)∈R,(u+1,v)∈R

∥∥ ˜Xt+1 (u+ 1, v)− ˜Xt+1 (u, v)
∥∥
1

N
,

(24)

where R is the region of 1-pixel dilation of the missing region
and ˜Xt+1 is the output frame, but the areas where the element
of Mx,t+1 is 1 are set to valid pixels of Xt+1. Without
the proposed generating missing technique, the network is
optimized withLobs+λtvLtv, a weighted combination ofLobs
and Ltv, where λtv is the weights of Ltv.
In the training introduced in Section III-B, we create addi-

tional missing values during the training and then represent
the locations of all missing values in the input sequence as
the sum of Mg

x . The union of masks with additional missing
values is presented as follows.

Miobs
x = clip

(
k∑
i

Mg
x,i

)
. (25)

If the element of Miobs
x is 1, it indicates that there is at least

one observation value, whereas if the element is 0, this indi-
cates that all of the elements are missing at the corresponding
position in the input sequence. As seen in Figure 5 (b) and
Figure 5 (c), we defineLiobs andLmss usingMiobs

x as follows.

Liobs =
∥∥∥Mx,t+1 �Miobs

x �

(
ˆXt+1 − Xt+1

)∥∥∥
1

(26)

Lmss =
∥∥∥Mx,t+1 �

(
1−Miobs

x
)
�

(
ˆXt+1 − Xt+1

)∥∥∥
1
.

(27)

ˆXt+1 is the output of the network which utilizes X g andMg
x

as inputs. In Equation (26), only if the element ofMx,t+1 and
the element of Miobs

x are both 1, the element of Mx,t+1 �

Miobs
x is 1, otherwise it is 0. Therefore, Liobs is the loss

function for the positions where at least one observation
exists in the input sequence among the positions where obser-
vation exist in Xt+1. In Equation (27),

(
1−Miobs

x
)
is the

inverted Miobs
x . Therefore, Lmss is the loss function for the

positions where there is no observation in the input sequence
among the positions where the observatiosn exist in Xt+1.
In the generating missing technique, the network is opti-
mized with a weighted combination of Liobs, Lmss, and Ltv.
We define the total loss function as follows.

Ltotal = Liobs + λmLmss + λtvLtv, (28)

where λm denotes the weight of the loss function Lmss.
The larger the value of λm, the more weight for prediction
of the unsampled regions. We set λm to 6 and λtv to 0.001 for
all experiments in this work.

IV. EXPERIMENTS
In this section, we analyze the prediction accuracy of the
proposed networks with two datasets. We have designed the
experiments to compare the incomplete spatiotemporal data
predictions of deep learning networks. Figure 6 presents four
architectures of the network models, including ConvLSTM,
PConvLSTM-C, PConvLSTM-P, and PConvLSTM-P (G).
ConvLSTM is configured with two ConvLSTM layers and
one convolutional layer. PConvLSTM-C is the network in
which ConvLSTM layer is replaced by PConvLSTM layer
from ConvLSTM. PConvLSTM-P is the network we pro-
posed in Section III. PConvLSTM-P (G) has the same struc-
ture as PConvLSTM-P and is trained with the proposed
generating missing technique. PConvLSTM-P (G) is opti-
mized with Ltotal defined in Equation (28), whereas the other
three networks are trained using Lobs and Ltv defined in
Equation (23) and (24) respectively.

FIGURE 6. Comparison of four network architectures, ConvLSTM,
PConvLSTM-C, PConvLSTM-P, and PConvLSTM-P (G). BN indicates the
Batch Normalization layer.

We compare ConvLSTM and PConvLSTM-C to examine
the performance of the PConvLSTM layer. We also com-
pare the PConvLSTM-C and PConvLSTM-P to analyze the
predictions after combining the partial convolutional layer
and the PConvLSTM layer. We examine the predictions of
PConvLSTM-P and PConvLSTM-P (G) to evaluate the pro-
posed generating missing technique. We also compare these
four networks with a 2-phase approach which consists of
interpolation and prediction. Luo et al. [31] propose a gen-
erative model for multivariate time series data imputation.
Without a complete dataset, it is impossible to calculate the
imputation accuracy. Therefore, they first impute the dataset,
and then they train the classifier with the imputed data to
evaluate the imputation performance with the classification
accuracy. Similarly, in the 2-phase approach, we fill the miss-
ing region with the radial basis function (RBF) interpolation
and then train ConvLSTM with the interpolated data.
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A. DATA DESCRIPTION
We utilize the Moving MNIST dataset and the Radar Echo
dataset for the model evaluation. In this section, we present
the preprocessing of each dataset.

1) MOVING MNIST DATASET
We use the Moving MNIST dataset [32] containing
10,000 sequences. Each sequence consists of 64× 64 image
frames and displays two moving numbers, which are ran-
domly selected from the MNIST dataset. Each number is
assigned a velocity whose direction is chosen uniformly ran-
domly on a unit circle and whose magnitude is also chosen
uniformly at random over a fixed range.We use 8,000 training
sets, 1,000 validation sets, and 1,000 test sets. We apply
nine frames as input data and the tenth frame as the output
reference.

2) RADAR ECHO DATASET
We have obtained the radar echo dataset from the CIKMAna-
lytiCup 2017 challenge1. Shenzhen Meteorological Bureau
collected the radar echo dataset for three years, which
includes radar maps measured 15 times (1.5 hours total) at
6-minute intervals over an area of 101km×101km. In the
radar map, 1km is represented by one pixel, and each pixel
contains a radar reflectivity value. Therefore, eachmap size is
101 × 101. We split the datasets for training, validation,
and testing at an 8:1:1 ratio, respectively. The number of
sequences in the training set is 9,600, and the number of
sequences in the validation set and the test set is 1,200.
We then divide each dataset with a sliding window of time
length seven and make each sequence consists of 7 frames.
We apply the first six frames as input data and the last frame
as the output reference.

B. GENERATING MISSING VALUES
In this work, we intentionally generate missing values to see
how the networks are trained with incomplete spatiotempo-
ral data. To generating missing values, we create irregular
masks by multiplying two sets of masks, which are a random
sample mask and a set of random walk masks as presented
in Figure 7, which shows how we create missing values with
the Moving MNIST dataset. Figure 7 (a) presents a random
sample mask created by generating random samples with
the 30% missing rate. We randomly set 0 and 1 at a ratio of
3:7 to form the random sample mask whose size is 64× 64.
To make the missing regions more irregular, we create ran-
dom walk masks, as shown in Figure 7 (b). We make the
random walk masks in the same way as described in work
by Yu et al. [33]. First, we create a 64 × 64 image frame
where all elements are 1. The random walk is performed by
a specific step starting from a randomly selected point in the
frame. The element of the mask selected in each step changes
from 1 to 0. The element can be selected more than once
with the random walk procedure. We set the total number of

1https://tianchi.aliyun.com/competition/entrance/231596/information

FIGURE 7. We create input mask sequence to generate missing values on
the Moving MNIST dataset.

steps to 642. We create different random walk masks for each
frame of the Moving MNIST dataset. To create the irregular
masks as shown in Figure 7 (c), we multiply one random
sample mask by each random walk mask. In the irregular
mask, the part where the random sample mask is 0 indicates
a common missing region in the entire radar echo dataset,
whereas, in the irregular mask, the part where the random
walk mask is 0 means a different missing region for each
data frame. Figure 7 (d) displays the original data without any
missing value. Figure 7 (e) reveals themissing data created by
multiplying the original data in Figure 7 (d) by the irregular
masks in Figure 7 (c). Note that in this work, we do not use
the original data for the network training; instead, we create
missing values for both input and output data. We generate
missing values with irregular masks in the training set and
validation set, and the missing rate in the Moving MNIST
dataset is 47%. We create three more random sample masks
in addition to the irregular masks in the test set. In order to
compare the prediction accuracies according to the missing
rates, we generate 35%, 55%, 75%, and 95% missing values
in each test set. For each missing rate, we create all different
random sample masks for all frames in the test set. We do not
combine the random walk mask with three random sample
masks. The random sample mask in the training set is fixed as
one, but in the test set, the random samplemask is different for
each frame. We examine the predictions of the deep learning
networks for three test set masks. In the same way, we also
create masks for the radar echo dataset. For the irregular
masks of the radar echo dataset, we set the missing rate of
the random sample mask to 95% and the number of steps in
the random walk to 1012. Then, the missing rate of the radar
echo dataset by the irregular masks is 96%. In the generating
missing technique, we created the new mask Mnew

i in the
same way as the random sample mask, and the missing rate
is set to 10%.
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TABLE 1. Performance comparison of ConvLSTM, PConvLSTM-C, PConvLSTM-P, and PConvLSTM-P (G) with the Moving MNIST test set. The highest value is
highlighted in red, and the second-highest value is displayed in blue.

C. RESULTS
We set the hidden state and kernel size of the four net-
works identically in each dataset. We create missing val-
ues in the training sets with the irregular masks described
in Section IV-B. We scale the data range between 0 and 1
and train four networks using Adam optimizer [34] with a
learning rate of 0.001. We set the batch size to 8 and the
epoch size to 50. Then, we select the model with the lowest
validation loss. We conduct experiments by TensorFlow [35]
on a single NVIDIA TITAN Xp GPU. We generate miss-
ing values in the test sets with irregular masks and random
sample masks as defined in Section IV-B. We evaluate the
prediction performances of the networks for the five test sets
with missing values. We compare the output frame and the
target frame by calculating the Structural Similarity Index
(SSIM) and the Peak signal-to-noise ratio (PSNR). SSIM is
a perceptual quality metric that measures image similarity.
PSNR is measured by calculating the mean squared error
(MSE) between corresponding pixels. We use SSIM and
PSNR, which are commonly applied criteria for the image
comparison, to evaluate the predicted image quality. Higher
SSIM and PSNR indicate better results.

1) MOVING MNIST DATASET
We set the dimension of the hidden states to 32 and ker-
nel size to 5 × 5. Table 1 presents the results for the
Moving MNIST test set. RBF+ConvLSTM indicates the
result of the 2-phase approach (RBF interpolation and Con-
vLSTM). RBF+ConvLSTM is the best when the missing
rates are less than or equal to 75%. However, the SSIM of
RBF+ConvLSTM is the lowest when themissing rate is 95%.
Aside from these results, ConvLSTMwithout interpolation is
always the worst. The results are generally improved in order
of PConvLSTM-C, PConvLSTM-P, and PConvLSTM-P (G).
Especially when themissing rate is 95%, the SSIM and PSNR
of PConvLSTM-P (G) are the highest. However, when the
missing rate is 35%, PConvLSTM-P performs better than
PConvLSTM-P (G). With the irregular mask, the missing
rate of the training set is about 47%, and we have trained
PConvLSTM-P (G) with data having a missing rate higher
than 47%. Consequently, the network trained by the gener-
ating missing technique performs well only on data with a
missing rate higher than 47%.

FIGURE 8. The prediction visualizations with the Moving MNIST dataset.
The left pink box represents input sequences and the right green box
presents the predictions with four networks and the ground truth(GT).

We can also see the performance of four networks in
Figure 8 that shows the prediction visualizations for the test
sets. The left side of Figure 8 presents input sequences, and
the right side visualizes the predictions of four networks
and the ground truth (GT). In Figure 8, we can see that
the predictions of three PConvLSTM networks, including
(PConvLSTM-C, PConvLSTM-P, PConvLSTM-P (G)), are
more apparent than one of the ConvLSTM network. In par-
ticular, for the test sets in which missing values are generated
with the random sample masks, the output shapes of three
PConvLSTM networks are more similar to the digits shown
in the ground truth than one of the ConvLSTM network. The
random sample mask is created in a different way compared
to the irregular mask of the training set. Therefore, we can see
that the PConvLSTM predicts more successfully than Con-
vLSTM for datasets with missing values, which are different
from the training sets. As presented in Table 1 and Figure 8,
the prediction performances of the network consisting of the
PConvLSTM layer are always better than one of the ConvL-
STM layer. Figure 9 shows the result of the 2-phase approach
with the Moving MNIST dataset. The first row presents the
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TABLE 2. Performance comparison of ConvLSTM, PConvLSTM-C, PConvLSTM-P, and PConvLSTM-P (G) with the radar echo test set. The highest value is
highlighted in red, and the second-highest value is displayed in blue.

FIGURE 9. Results for the 2-phase approach on the Moving MNIST
dataset. The first row shows the frames interpolated by RBF interpolation
and the original frame. ConvLSTM is utilized for the predictions, and
the second row represents the output frames and ground truth.

ninth frames of the interpolated input sequences by the RBF
interpolation according to the missing rates. Moreover, the far
right of the first row shows the original data without any
missing value. The second row reveals the prediction results
and the ground truth data of the ConvLSTM. We can see that
the output prediction frame is significantly distorted when the
missing rate is 95%.

2) RADAR ECHO DATASET
We set the dimension of the hidden states to 32 and ker-
nel size to 3 × 3 in the four networks. Table 2 shows the
results for the radar echo test set. In this experiment, ConvL-
STM always produces the worst results. When the missing
rate is more than 95%, the results with RBF+ConvLSTM
are the best. However, when the missing rates are below
55%, the results with RBF+ConvLSTM are worse than Con-
vLSTM. The results for PConvLSTM-C, PConvLSTM-P,
and PConvLSTM-P (G) are similar to those of the Mov-
ing MNIST dataset. The missing rate of the training set in
which missing values were created with the irregular mask
is 96%. Similar to the results of the Moving MNIST data,
the PConvLSTM trained by the generating missing technique
(PconvLSTM-P (G)) does not significantly improve the per-
formance when the missing rate is 35%. However, if the
missing rates are 55%, 75%, and 95%, PConvLSTM-P (G)
outperforms PConvLSTM-P, even though the missing rate is
lower than that of the training set. Figure 10 shows input
sequences and predictions of the four networks, and the
ground truth (GT). As the missing rate increases, the Con-
vLSTM produces artifacts such as holes in the middle of

the space. We see that PConvLSTM-C and PConvLSTM-P
could be better predictors than ConvLSTM but still pro-
duces hole marks. The PConvLSTM-P (G) produces the
prediction most similar to the ground truth. We see that
PConvLSTM-P (G) is the most successful in predicting con-
tinuous space when the missing rate is high or missing values
are generated irregularly. Figure 11 presents the results of the
2-phase approach with the radar echo dataset. We can see
artifacts in the output prediction frames when the missing
rates are below 75%.

D. DISCUSSION
When the missing rate of the training set is higher than
that of the test set, PConvLSTM-P (G) stably predicts bet-
ter than PConvLSTM-P. This is because, as described in
Section III-B, we have trained PConvLSTM-P (G) with data
having additional missing values. Since we randomly gen-
erated missing values, we have trained PConvLSTM-P (G)
to be more robust to irregularly distributed data. As a result,
PConvLSTM-P (G) has higher performance for the irregular
missing cases as well as test sets with high missing rates.

For 35% missing data, the generating missing tech-
nique does not seem to improve the network performance.
In the experimental results for the Moving MNIST dataset,
we have explained that this is because the missing rate
(35%) of the missing data has lower than the missing rate
(47%) of the training set. In the experiment results for
the radar echo dataset, PConvLSTM-P (G) performs bet-
ter than the PConvLSTM-P even when the missing rate
(55%, 75%, and 95%) of the test set is lower than the missing
rate (96%) of the training set. The cause of these results seems
to be related to the characteristics of the radar echo dataset.
In the radar echo dataset, there are many regions where pixel
values are continuously changed. This feature makes the data
robust against the occurrence of additional missing values.
Therefore, data with a missing rate of 55% or higher is not
significantly different from the training set. However, when
the missing rate decreases to 35%, the difference between the
training set and the test set increases, which implies that the
generating missing technique does not help improve the per-
formance. We further investigate this by producing missing
values so that the missing rate of the training set and valida-
tion set of the radar echo dataset becomes 47%. To generate
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FIGURE 10. The prediction visualizations with the radar echo test set. The left side shows the input sequences and the right side presents the predictions
with the four models and the ground truth.

FIGURE 11. Results for the 2-phase approach on the radar echo dataset.
The first row shows the frames interpolated by RBF interpolation and the
original frame. ConvLSTM is utilized for the predictions, and the second
row represents the output frames and ground truth.

47%missing data, we apply an irregular mask constructed by
multiplying the random sample mask containing the missing
rate of 30% with the random walk mask by a 1012 step.
Then, we train PConvLSTM-P and PConvLSTM-P (G) again.
The two trained networks predict the 30% missing test set.
As a result, the SSIM and PSNR of PConvLSTM-P are
0.6535 and 23.6931, respectively. The SSIM and PSNR of
PConvLSTM-P (G) are 0.6686 and 24.0691, respectively,
which are higher than ones of PConvLSTM-P. Therefore,
the performance of PConvLSTM-P (G) trained with the 47%

missing data for the 30% missing data is higher than that of
PConvLSTM-P. Even if the missing rate in the radar echo
dataset is as low as 30%, we observe that the generating
missing technique improves the performance if the difference
between the training set and the test set is not significant.
From our experiments, it is seen that the generating missing
technique may have different results depending on the data
continuity characteristics. Therefore, we will enhance the
algorithm to successfully predict data with fewer missing
values than the training set regardless of the characteristics
of data in the future.

We have also compared the results of the 2-phase
approach for comprehensive experimental studies. The
2-phase approach becomes unstable when the missing rate of
the test set is significantly different from the training set. This
is because if the missing rate is different, the result estimated
by the interpolation is different. If the difference between
the training set and the test set is not significant enough,
the 2-phase approach achieves excellent performance, but the
larger the difference, the worse the results. In the proposed
network, even if themissing rate difference increases, the arti-
facts occurring in the 2-phase approach are not produced.
Also, the proposed network can be trained immediately with-
out any pre-processing, as in the 2-phase approach.
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V. CONCLUSION
In this paper, we proposed a new deep learning frame-
work, Partial Convolutional Long-Short-Term-Memory
(PConvLSTM). The proposed PConvLSTM extends
ConvLSTM to handle incomplete spatiotemporal data with
input frames and input mask by a partial convolution opera-
tion. To process the missing data, we designed the network so
that the state is adjusted only by the observation values using
a mask in the hidden state. We also introduced a training tech-
nique that does not use ground truth since many cases in the
real-world data do not have ground truth. The proposed train-
ing technique is designed for the network to predict the data
where the data is missing effectively. We have shown that
it is possible to train incomplete spatiotemporal data by the
proposed deep learning framework and training algorithm.
As shown in the prediction results, PConvLSTM achieves
higher accuracy than ConvLSTM. We confirmed that the
PConvLSTM trained by the proposed generating miss-
ing technique could successfully predict data with large
missing rate. In this paper, we focused on the miss-
ing problem with space rather than time. In the future,
we will extend PConvLSTM to handle missing in time to
enable missing frame estimation. Besides, the current one-
step prediction will be extended to multi-step prediction
using an encoder-decoder structure. Moreover, currently,
PConvLSTM works only with grid-based data structures.
We will develop a network supporting spatiotemporal graph-
based data structure in which nodes and edges are missing
irregularly.
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