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Networks for Short-term Quantitative Precipitation
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Abstract—Short-term Quantitative Precipitation Forecasting
(SQPF) using weather radar is an important but challenging
problem as one must cope with inherent nonlinearity and
spatiotemporal correlation in the data. In this paper, we propose
a novel deep learning model, named Inductive spatiotemporal
Graph Convolutional Networks (InstGCN), to overcome these
issues in SQPF. The proposed InstGCN can learn a nonlinear
mapping from historical radar reflectivity to future rainfall
amounts, and extract informative spatiotemporal representations
simultaneously. Specifically, we first provide a formal definition
for formulating the SQPF problem from a graph perspective.
Then, based on radar reflectivity and rain gauge observation,
we propose a novel graph construction approach which utilizes
a special elliptic structure to model the spatial dependency of
precipitation area. Additionally, a new Node level Differential
Block (Node-DB) is introduced to tackle the non-stationary
temporal dependency. To execute inductive graph learning for
unseen nodes, we design to decompose a whole graph into subgraphs. We conduct extensive experiments on three real-world
datasets in East China and a public weather radar dataset in the
south-eastern parts of France. The experimental results confirm
the advantages of InstGCN compared with several state-of-thearts.
Index Terms—Quantitative precipitation forecasting, graph
convolutional networks (GCN), spatiotemporal model, radar-rain
gauge data merging.

I. I NTRODUCTION
Short-term Quantitative Precipitation Forecasting (SQPF)
has long been a crucial task in the crisis management of natural
disasters, such as flash flood warning process and operations
of dams and reservoirs [1]. SQPF also provides the scientific
guidance for public and outdoor events, commercial aviation,
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power utilities, construction industry, ground transportation
services, etc. However, it has been acknowledged to be quite
challenging in the domain of meteorology and hydrology [2]
due to the complex meteorologic even physical theory, various
influencing factors and dynamic information. Consequently,
how to effectively provide accurate short-term forecasting of
precipitation has attracted increasing attention in recent years.
SQPF aims to provide an amount of expected liquid precipitation in the near future based on weather radar, rain gauge and
other observation data [3]. There have been extensive attempts
to forecast short-term precipitation in the literature, mainly
falling into two categories: Numerical Weather Prediction
(NWP)-based approaches and radar-based approaches [4]. The
NWP models play a vital role in both improving prediction
skills and extending lead time [5]. Many active research areas
are summarised by Yano et al. [6]. While NWP models
undoubtedly increase the skill on synoptic timescales, they
are computationally expensive and limited in the small spatial
scales [7], [8]. In contrast, radar-based approaches can offer
a high spatiotemporal resolution. Thus, for short-term forecasting, many recent efforts have been invested to employ the
weather radar to yield a good forecast. Along this path, some
works treat the radar maps as images and attempt to examine
the precipitation forecasting problem from the computer vision
perspective, such as Convolutional Long Short-Term Memory
Network (ConvLSTM) [9], [10] and some new advances [11]–
[13]. However, the extrapolated radar maps generated from
the above deep learning models are just an indirect reflection
of the actual quantitative precipitation values. Hence, the first
issue we need to handle is how to effectively learn the complex
nonlinear relationship between the radar reflectivity and the
rainfall amount? Additionally, rainfall, as a dynamic process,
involves complex spatiotemporal characteristics [14] which
leads to the second issue: How to adaptively explore the
spatiotemporal dependencies within precipitation area?
Recent advances in spatiotemporal forecasting provide some
useful insights on how to tackle the above problems simultaneously. Particularly, spatiotemporal Graph Convolutional
Networks (GCN), as a new neural network architecture, generalizes spatiotemporal deep neural networks to graphs of
arbitrary structures and has been adopted in a number of
applications successfully [15]–[17]. In general, spatiotemporal
GCN typically uses GCN-based models [18]–[21] to explore
unstructured spatial correlations and employs Recurrent Neural Networks (RNN), Long Short-Term Memory (LSTM) or
Gated Recurrent Unit (GRU) [15], [22] to capture temporal
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Fig. 1. The spatial correlations of observation on two real-world datasets:
(a) Hangzhou dataset (HZ) and (b) Shanghai dataset (SH). The color bars
included in the figure show the total amount of precipitation accumulated
every 6 min (unit: mm/6 min).

dependencies. Meanwhile, the spatiotemporal GCN obtains
sight of their capacity to model nonlinear relationships from
features to ground truth via the mapping of deep neural
networks. These excellent characteristics inspire us to handle
the above two problems of SQPF under the spatiotemporal
GCN framework. In the setting of radar-based SQPF, as we
stated earlier, the radar reflectivity is an indirect measure
of rainfall and can be regarded as the input features of the
spatiotemporal GCN. The rain gauge is a direct measure of
precipitation amount at a point and can be considered as
the supervised information, i.e., the ground-truth. As the rain
gauges deployed at some fixed but different locations normally
present high spatiotemporal correlations [14], both the spatial
geometric and the temporal information can be readily taken
into consideration by the end-to-end training of spatiotemporal GCN. Despite this, due to some unique properties of
precipitation, the performance of directly applying the existing
spatiotemporal GCN methods to SQPF is far from satisfactory.
There are at least three weaknesses worthing noticing. First,
the existing spatiotemporal GCN methods are generally based
on the predefined graph structure, e.g. road network [15],
human skeleton [16] and molecular structure [17]. In the SQPF
task, there is still a lack of technique to construct a suitable
spatiotemporal graph architecture for precipitation observation
data. Second, the most spatiotemporal GCN models are inherently transductive, which directly optimize the networks
on the whole graph and cannot be applied to new nodes.
Nevertheless, in the practical operation, SQPF requires an
inductive scheme [20], [23] that learns a model only from
a training set of points (i.e., with rain gauge observations)
while generalizes well to any point even unseen (i.e., without
rain gauge observations). Third, the rainfall process itself has
the unique spatiotemporal dependency which calls for some
special considerations. Specifically, the spatial correlations
among the neighbor observations for precipitation forecasting
may not be a regular circle structure. As shown in Fig. 1, the
spatial dependency is visually presented in an elliptic structure
among the observations, which corresponds to the meteorological characteristic [24], [25]. For convective precipitation,
the sudden changes (growth or decay) of temporal state in
rainfall usually are reflected by the accumulation or dissipation
of radar reflectivity. The effective description of such a nonstationary pattern will benefit the improvement of forecasting
precision.
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Fig. 2. The motivation of the proposed framework. This new framework
is proposed with Inductive spatiotemporal Graph Convolutional Networks
(InstGCN) for Short-term Quantitative Precipitation Forecasting (SQPF).
First, the radar and rain gauge data are utilized to learn the complex nonlinearity relationship between historical radar reflectivity and the future rainfall
amounts. The elliptic structure in the graph construction is proposed to capture
special spatial dependency. Second, the sub-graph sequence is delivered to the
network in order to realize an inductive setting. Third, InstGCN adapts Node
level Differential Block (Node-DB) to model temporal correlation.

To alleviate the aforementioned limitations, we propose a
novel general framework for SQPF, called InstGCN (Inductive spatiotemporal Graph Convolutional Networks), which
realizes inductive node embedding to model spatiotemporal
dependency on the graph. Node embedding is a learned
continuous vector representation of each node in the graph.
In our framework, regarding the locations of rain gauge as
nodes, node embedding can effectively learn the feature representation for each node by representing close nodes as similar
vectors and benefit node-related tasks from spatiotemporal
correlation modeling. The overall motivation of our proposal
is shown in Fig. 2. To be specific, our framework utilizes radar
and rain gauge data to learn complex non-linearity relationship
between historical radar reflectivity and the future rainfall
amounts. With rain gauge observations as the ground truth of
nodes, we can regard the radar reflectivity around the gauges
as nodes’ features, which are expected to reflect the similarity
information between different locations. It is natural that the
distance between gauges can be encoded as edge attributes.
Different from previous spatiotemporal GCN methods that
infer on the entire graph, the proposed InstGCN regards the
sub-graph sequence as the input, such that our InstGCN can
be operated in an inductive way. Considering the complicated
and unique spatiotemporal correlations mentioned above, we
propose an elliptic structure to appropriately match the shape
of precipitation area and devise a Node level Differential Block
(Node-DB) to capture the non-stationary information. As a
summary, we highlight our main contributions as follows:
•

•

We propose a new framework called InstGCN. InstGCN
can effectively learn the complex nonlinear relationship
between radar and rainfall data, as well as adaptively
explore the spatiotemporal dependencies within precipitation area at the same time. To the best of our knowledge,
no such spatiotemporal GCN model has already been
successfully used for SQPF.
Sub-graph sequence is delivered to the network, thus InstGCN can conduct in an inductive setting. Inductive representation learning can realize predicting rainfall amounts
at any location only with radar features in the radar
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•

•

coverage including where no rain gauge observations are
available during the training.
For the spatial correlations between rain gauges, we
propose a novel graph construction method that leverages
the elliptic structure [24] to appropriately match the shape
of the precipitation area. For the temporal correlations
between timestamps, we introduce Node-DB to tackle
non-stationary cases.
We conduct an extensive evaluation on four SQPF
datasets including three real-world datasets in East China
and a public dataset in the south-eastern parts of France.
The results confirm the advantage of our proposal and
demonstrate the potential of InstGCN in SQPF task.

The remainder of this paper is organized as follows. The related works are reviewed in Section II. As InstGCN inherits the
core idea of spatiotemporal GCN, some necessary definitions
and notations are briefly introduced in Section III. In Section
IV, the proposed InstGCN is detailed. Section V describes
two datasets and experiments configurations for the evaluation
of InstGCN. The experimental results and the corresponding
analysis are presented in Section VI. In Section VII, more
experiments are conducted to validate the generalization capability of InstGCN as well as exhibit prospects of operational
service. Finally, conclusions and future work are summarized
in Section VIII.
II. R ELATED W ORK
We categorize the related works into three groups: machine
learning models for SQPF, meteorological domain-specific
spatiotemporal forecasting and the development of deep learning for spatiotemporal forecasting on graphs.

A. Machine Learning Models for SQPF
There are a rich amount of researches on the topic of machine learning prediction methods. Machine learning methods
can model the complex nonlinear map and generate some patterns to provide more accurate quantitative precipitation values
in the feature. Some related studies including Random Forest
(RF) [26], Support Vector Machine (SVM) [27], [28], KNearest Neighbors (KNN) [29] have been performed recently.
By taking advantage of model training, they consider radar
data as feature and collected rainfall amount as ground truth,
result in offering precise precipitation forecasts. Meanwhile,
emerging research [30] has suggested that machine learning
may improve point predictions in the context of SQPF by
distinction advantages in modeling non-linearity. For instance,
Moon et al. provided useful insight into an early warning system for very short-term heavy rainfall using various
machine learning techniques [31]. However, the success of
these traditional machine learning models is limited because
the obtained forecasts are based on the point and separated.
Actually, precipitation exhibits a strong spatial and temporal
variability over a large range of scales [32]. Therefore, building
an effective SQPF model from spatiotemporal data is still
challenging.

3

B. Spatiotemporal Forecasting
Mainly in spatiotemporal forecasting domain, researchers
have witnessed the methods from statistical models to deep
learning models. In the early stage, statistic models including
Historical Average (HA), Auto-Regressive Integrated Moving
Average (ARIMA) [33] and Vector Auto-Regressive (VAR)
[34] were prevalent, as they have solid accepted mathematical
theories. However, the linear and stationarity assumptions of
these methods are violated by the highly non-linearity and
dynamics in precipitation data, resulting in poor performance
in practice.
As the meteorological data of different locations usually
present high spatiotemporal correlations, spatiotemporal data
mining models are widely used for weather forecasting. Especially, the recent advances of spatiotemporal data mining models have focused on the tasks of weather or climate forecasting,
such as wind speed prediction [35], [36], air quality inference
[37], [38] and precipitation prediction [9], [39]. Particularly,
for the task of precipitation prediction using weather radar,
Shi et al. defined a ConvLSTM architecture to predict the
future frames of radar reflectivity [9]. This ConvLSTM model
has become a seminal work in the community of radar-based
nowcasting. Subsequently, other researchers [10]–[13] also
developed some deep learning methods with spatiotemporal
radar reflectivity for precipitation nowcasting. TrajectorGRU
(TrajGRU) further improved the model by actively learning the
location variant in the sequences [10]. Wang et al. started using
zigzag memory flows to provide a great capability for shortterm prediction [11], [12]. Extending on this, the structure of
RNN was further optimized and the stacked memory modules
were added for achieving longer forecasting [13].
There are some main differences between the previous
works and ours. In view of methodology, spatiotemporal
forecasts based on images of radar reflectivity are all radar
echo extrapolation. Through the technique of extrapolation,
the evolution and approaching motion of weather system can
be obtained. Nevertheless, it is an indirect way of precipitation nowcasting. By contrast, our model can output rainfall
amounts directly. In view input, the data type is spatial map
in the above-mentioned works, where the predictions always
base on the Euclidean data organization (i.e. radar reflectivity
image). Instead, we adopt graph data organization in a more
natural way. In view of radar-rain gauge merging, except for
weather radar, in our model the rain gauges are also utilized
for the improvement of SQPF accuracy.
C. Deep Learning for Spatiotemporal Forecasting on Graphs
Originally, our proposal is inspired by the graph-based deep
learning for traffic forecasting, which builds upon a rich line
of recent research on graph neural networks. We mainly focus
on spatiotemporal GCNs referring to the prediction task. Since
the methodological improvement of our InstGCN about graph
involves two aspects, the related works concentrate on graph
construction and spatiotemporal GCN model.
1) Graph construction: The edge in a graph represents the
heterogeneous pairwise relationship and captures various predefined correlations between nodes. Hence, the edges play an
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important role to model the spatial correlation. Researchers
have designed various metrics to build edges. For instance,
some works measured the closeness between nodes in terms
of geometrical distance and used threshold Gaussian Kernel
to define the weighted edge between the pairwise nodes [15],
[40], [41]. Recently proposed models [42], [43] further used
adaptive mechanisms to learn the hidden spatial dependency
within data. However, the graphs generated in the above
technique are normally intuitive and lack careful consideration specifically for the precipitation forecasting task. As
the substantial domain knowledge is sensitive to the graph
quality [44], [45], it further requires combining the domain
characteristics to make the existing GCN-based models more
effective.
2) Spatiotemporal GCN model: Recent works utilize GCN
and the variants of RNN to model spatial dependencies and
temporal patterns jointly. In the traffic task, spatiotemporal
GCN models have obtained huge success and improved overall
performance, which have deep enlightenment and reference
meaning for SQPF scenario. These efforts formulated the traffic forecasting problem on the graph and utilized the spectral
GCN developed in [18], [46] for capturing the prominent
spatial interactions among traffic series. For instance, Diffusion Convolutional Recurrent Neural Network (DCRNN) [15]
considered traffic series as a diffusion process and extended the
spectral GCN to a directed graph. More recent works [47]–[49]
further added more complicated spatial and temporal attention
mechanisms with GCN to capture the dynamic spatiotemporal
correlations. However, these methods can only rely on the
transductive learning strategy, which does not always hold
and may limit model generalization for forecasting in other
communities. Note that, our model can be viewed as an
extension of the spatiotemporal GCN to the inductive setting,
a point which we will revisit in Sec. IV-B1.
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TABLE I
L IST OF NOTATIONS ASSOCIATED TO GRAPH
Notations

Definition
Graph related elements

G = (V, E, A)
V
vi
N
E
eij
A ∈ RN ×N
N (vi )

Model related settings
Tp
Tf
h(·)

The number of the past time slices
The number of future time slices
The overall mapping function of model
The Rectified Linear Unit (ReLU) function,
an activation function
The layer index of models
The dimension of a node feature vector
in the l-th layer
The hop index according to the center node
The total number of hops
according to the center node
The trainable parameters

ReLU
l
Fl
m
M
W, b, θ, φ

Spatial variables in spatial operation
i ∈ R Fl
Xl,t
i ∈ RTp ×Fl
Xl,:

∈

R Fl

Xil,: ∈ RTp ×Fl

X ∈ RF0 ×N ×Tp

A. Definition of spatiotemporal forecasting on graph
Suppose we are monitoring spatiotemporal sequences X
collected data over time in a spatial region. Moreover, we
assume data is measured with F0 -dimensions at some locations
represented by N nodes on the graph. X at t time step can be
represented by a matrix Xt = [Xt1 , ..., Xti , ..., XtN ] ∈ RF0 ×N ,
where Xti ∈ RF0 is the node i at time t with F0 -dimensional
features. The corresponding predicted targets (ground truth) at
the location are denoted by Yt = [Yt1 , ..., Yti , ..., YtN ] ∈ RN ,
while the corresponding predictions are denoted by Ŷt . Essentially, spatiotemporal predictive learning problem is to learn a
function h (·) that maps the previous feature sequence to the
ground-truth sequence, given a graph G:

Ŷ ∈ RN ×Tf

where Tp is the number of the past time slices and Tf is the
number of future time slices.

The Fl -dimensional features of node i at time t
A sequential Fl -dimensional features
for node i over Tp time slices
Spatiotemporal variables

X i ∈ RF0 ×Tp

(1)

The features of node i
in the l-th layer at time t
The features of node i in the l-th layer
over Tp time slices

Temporal variables in temporal operation
Xil,t

III. P RELIMINARY
Our proposed model inherits the merit of spatiotemporal
GCN. As a preliminary, in this section, we provide a necessary
foreshadowing of spatiotemporal forecasting on the graph.


 h(·) 

X−Tp +1 , · · · , X0 ; G −→ Y1 , · · · , YTf ; G

The whole graph
The set of nodes in graph G
Node i vi ∈ V
The number of nodes, N = |V|
The set of edges in G
The edge between nodes vi
and vj , eij = (vi , vj ) ∈ E
The adjacency matrix
The neighbors of node vi

Xt ∈ RF0 ×N
Xti ∈ RF0
Y ∈ RN ×Tf

Y i ∈ RT f
Ŷ i ∈ RTf
Y t ∈ RN
Ŷt ∈ RN
Yti ∈ R
Ŷti ∈ R

The spatiotemporal graph input composed of N
nodes with F0 -dimensional feature
over Tp time slices
The features of a sequential node i
over Tp time slices
The features of a spatial graph at time t
Node i at time t with F0 -dimensional features
The ground-truth of the rain values composed of
N nodes over Tf time slices
The graph output composed of
N nodes over Tf time slices
A series ground-truth of the rain values
of node i over Tf time slices
A series predictions of node i over Tf time slices
The ground-truth of the rain values at time t
The predictions of model at time t
Node i at time t with the ground-truth of rain value
The prediction of node i at time t

B. Notations and Graph Convolutional Networks
Here, we introduce the notations associated with the graph,
which will be used throughout this paper (as shown in Table
I). Note that we mainly focus on undirected graphs. An
undirected graph is represented by G = (V, E, A), where V
is the set of N nodes, E is the set of edges between these
nodes. |V| = N refers the number of nodes in the graph G.
The node vi ∈ V represents the location, where the meteorological element corresponding to precipitation can be the radar
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reflectivity (input) or the value of rainfall intensity (output).
eij = (vi , vj ) ∈ E is an edge and A = (Ai,j )N ×N ∈ RN ×N
is the adjacency matrix containing the topology or geometry
information of the gauge-based network, which is valuable
for rain forecasting. The entry Ai,j of matrix A represents
the node proximity. Here, it will be assigned a binary value 1
or 0 [50], [51]. Specifically, 1 indicates an edge between node
i and node j, while 0 indicates no edge between them. In our
proposal, the spatial dependency modeling and the temporal
dependency modeling are detailed independently. To avoid
misunderstanding, we have divided these variables into spatial
variables (X), temporal variables (X) and spatiotemporal
variables (X , Y).
In general, GCN employs nodes’ features and the graph
structure as input to learn the node or whole-graph embeddings. Inspired by Convolutional Neural Networks (CNN), the
concept of GCN intends to extract informative features at a
node by aggregating features of nodes from its neighborhood.
Since the nodes are updated simultaneously and continuously
as the number of graph network layers increases, the node
embeddings will fuse larger local information. In the final
layer, the powerful node embedding XLi can be used for
different tasks.
IV. M ODEL F RAMEWORK
In this section, we first introduce the formulation of SQPF
problem and give a new way to build a gauge-based graph
from rain data. Then we describe how to model the spatial and
temporal dependencies using the proposed Inductive Spatiotemporal Graph Convolutional Networks (InstGCN).
A. Graph Construction from Precipitation Datasets
Given the whole gauge-based network, SQPF aims to utilize
the historical radar reflectivities over past Tp time slices and
predict the future rainfall intensities over the Tf time slices. To
implement graph-based deep learning architectures for SQPF,
it is vital to formulate a precipitation dataset as a graph. This
yields the following questions for graph building: 1) how can
we create a graph with a given dataset? 2) what is the optimal
graph for the task?
To provide an effective solution, graph construction will be
detailedly introduced in several aspects. A graph G for rain
prediction is composed of four parts including nodes V, node
features Xt ∈ RF0 ×N , ground truth for nodes Yt ∈ RN ,
and adjacency matrix A. We first introduce how to construct
node, node feature and ground truth from some kinds of rain
measurements. Next, we give a novel and detailed introduction
to our adjacency matrices.
1) The construction of nodes and node features: Forecasting the future rainfall intensities requires to forecast the
sequential amounts of precipitation at a location. Meanwhile,
in order to train InstGCN with sequential observations by
backpropagation (BP), the ground truth can be obtained by
the rain gauges. Therefore, the location of a rain gauge can be
regarded as a node vi , and the series observations collected
from the same rain gauge can be regarded as the ground
truth (labels) Y i ∈ RTf . For the feature Xti of the node at
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Fig. 3. The illustration of elliptical structure for graph construction in SQPF:
(a) an example of parameters of ellipse equation and (b) the elliptical structure
for rain gauge observations in HZ. The color bar shows the total amount of
precipitation accumulated every 6 min (unit: mm/6 min). The red hollow circle
in (b) indicates the center node in the elliptical structure.

time t, the Constant Altitude Plan Position Indicator (CAPPI)
reflectivities are typically employed. In specific as in [26],
[52], the lowest four levels of CAPPI reflectivities with the
nearest nine grid points for each level are adopted to maintain
spatial consistency of radar and rain gauges.
2) The construction of adjacency matrix: The rain gauge
network used for collecting the observations is graphstructured in nature. Hence, it is appropriate to formulate
the gauge-based network as a graph mathematically. As the
location of a gauge is available with its latitude and longitude
coordinates, the topological information based on geography can be obtained. Mathematically, the adjacency matrix
A = (Ai,j )N ×N ∈ RN ×N is the key to capture the spatial
dependency of rain gauge network. Accordingly, we propose a
specific construction of the graph for the precipitation task. We
utilize the elliptical structure for graph construction to better
express precipitation area. In nature, such elliptical structure is
also encountered in many rain event properties [53]–[55], such
as the construction of motion vector fields and the convective
cells tracking and detection. The shape is approximated by
an ellipse fitted better to the projection of the storm cell on
the horizontal plane in the atmosphere which enlightens our
work. Formally, let (xi , yi ) and (xj , yj ) be the coordinates
of the node vi and vj in the geographic coordinate system
respectively, then the edge Ai,j between vi and vj can be
formulated as:
(
1, f (x) ≤ 0
Aij =
(2)
0, otherwise
where the f (x) is the equation of the ellipse, which is written
as:
f (x) =

[(xj − xi )cosθ + (yj − yi )sinθ]2
a2
[(yj − yi )cosθ + (xj − xi )sinθ]2
+
−1
b2

(3)

where a is the major radius, b is the minor radius and θ is
the angle of rotated standard ellipse. An example of these
parameters of ellipse equation are illustrated in Fig. 3(a).
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Node Regression for predicting precipitation value
i
𝒴𝑻𝒊
𝒴 𝒊
𝒴 𝒊
⋯ 𝒴𝑻 −𝟏

Model Architecture

𝟏

Temporal dependency modeling

𝟐

Temporal decoder

Temporal encoder
𝒊
𝑋2,−𝐽+1

𝑖
𝑋2,−𝐽+2

𝑖
𝑋2,−1

𝑖
𝑋2,0

SGCN

SGCN

Spatial dependency modeling

⋯

SGCN

SGCN

𝒇

𝒇

𝒗𝒊
A whole graph
A whole graph
A whole graph

𝒗𝒋
1-hop
𝒋 ∈ 𝓝(𝒊)

A sequential whole graph

Sub-graph sequences

t= −𝑻𝑷 +1

t= −𝑻𝑷 +2

𝒗𝒋
𝒗𝒎

⋯
⋯

t= − 1

2-hop
𝒎 ∈ 𝓝(𝒋)

t= 0

A sub-graph sequence in history

Fig. 4. The framework of the proposed InstGCN. InstGCN consists of: 1) graph construction; 2) spatial dependency modeling; 3) temporal dependency
modeling. First, the whole graph based on radar reflectivities is constructed with respect to the locations of rain gauges. Next, the sub-graph sequences in
history are delivered to model the spatial dependency. Finally, Sequence to Sequence (Seq2Seq) structure is used to model node-level temporal dependency.

Fig. 3(b) shows the elliptical structure for rain gauge observations. The center node (rain gauge) is considered as the center
of the ellipse. Other nodes in the ellipse are deemed to be
its neighbors. Namely, the structure of the ellipse indicates
the coverage of the neighbors of the center node, which will
be detailed in Sec. V-A. The parameters are determined and
will not change dynamically during the spatial dependency
modeling. Further, for the practical purpose, the diagonal
elements in the adjacency matrix A are 1 representing self
connections. If the neighbors cannot be found in the sub-graph,
the node which needs to be predicted is regarded as its own
neighbor. In the circumstances, the node also can be predicted,
but the neighbor information cannot be employed.
Once the adjacency matrix and node features have been
constructed, the node embedding can be performed by GCN.
The adjacency matrix A provides nodes neighborhood information. Specifically, Ai,j = 1 is equivalent to vj ∈ N (vi ),
which means that vj is a neighbor node of vi . Formally,
a general graph convolution operation can be formulated as
the following aggregation process AGGREGATE and update
operation f :

Xil = f Xil−1 , AGGREGATE {Xjl−1 , Ai,j = 1}
(4)
where the superscript l represents the l-th layer. In the following (Sec. IV-B2), the concrete graph convolution operations
will be detailed.
B. Spatial Dependency Modeling
As illustrated in Fig. 4, the proposed InstGCN consists of
a spatial model and a temporal model. Here we first present
how to model spatial dependency.
1) Sub-graph sequence: To operate in an inductive setting
on spatiotemporal learning, we propose to regard the sub-graph
sequence as the input for spatial model. For each historical
time step, the sub-graph contains a center node vi and its’
neighbor nodes N (vi ). The node vi is also at the location
whose precipitation value needs forecast. The architecture of

the sub-graph sequence is shown in Fig. 4. The red nodes in a
sub-graph sequence are center nodes. Instead of processing the
whole graph, we advocate focusing on the node to forecast and
its local information. Therefore, unlike training several whole
graph sequences in the mini-batch setting, a set of sub-graph
sequences are delivered to train InstGCN. In particular, M -hop
neighbors are sampled according to the adjacency matrix A.
Note that if the Tp steps’ input sub-graphs with N neighbors
in each hop are delivered to InstGCN, the dimension of each
input sample (a sub-graph sequence in history of Fig. 4) is
F0 × N M × Tp .
2) Node embedding in spatial domain: As a category
of graph embedding, node embedding can facilitate a wide
variety of node related graph analysis tasks from spatial
correlation modeling. Different from the original inductive
node embedding framework like Graphsage [20], we make
a generalization to the spatiotemporal domain. Algorithm 1
describes the framework of spatial operation of InstGCN in
detail.
In order to obtain sufficient expressive power to transform
the features of both center and neighbors into higher-level
features, Multi-Layer Perceptron (MLP) before each layer and
the ReLU are required to express nonlinearity (Lines 4-5 of
Algorithm 1). Here max-pooling is used to aggregate spatial
information by the elementwise max operator (MAXPOOL at
Line 6 of Algorithm 1).
By applying the pooling operation to the collection of
neighbors’ features, arbitrary number of neighbors’ features
can be mapped to the space with same dimension as the center
node’s. Then, we apply concatenation operation to combine the
information of the center node and its neighbors (|| at Line 7
of Algorithm 1). Here, the spatial model consists of two graph
convolutional layers and batch normalization [56] is applied
after every layer.
The spatial operation of InstGCN can be regarded as transi
i
forming the features of node Xl−1,t
∈ RFl−1 to Xl,t
∈ RFl
with the shared parameters among all nodes. Sharing parameters may be useful to learn the most prominent spatial patterns
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Algorithm 1: Spatial operation of InstGCN for SQPF
Input: A sub-graph sequence which contains the center node feature
X i ∈ RTp ×F0 and M -hop neighbor features (e.g., X j for
1-hop and X m for 2- hop in Fig. 4); layer L; weight
matrices Wl , ∀l ∈ 1, ..., L
i
Output: Hidden representation XL,:
∈ RTp ×FL of vi after spatial
operation
1

2
3
4
5
6
7
8

9
10
11
12

j
Xti , X0,t

13

14
15
16

end

MIM-S

𝒐𝒕
𝑺𝒍,𝒕

+
𝐗 𝒍,𝒕−𝟏

𝑪𝒍,𝒕−𝟏

𝒊𝒎
𝒈𝒎

𝒊𝒕

𝒈𝒕

𝒇𝒕

𝑪𝒍,𝒕−𝟏

𝑪𝒍,𝒕
MIM-S

𝑺𝒍,𝒕−𝟏

ℳ𝒍,𝒕

𝑫𝒍,𝒕

𝐬𝒍

𝒐𝒕

MIM-N

*/

𝒐𝒎

+

𝑫𝒍,𝒕

Xtj ,

i ←
m ← Xm
Initialization:
X0,t
←
X0,t
t
/* Forward process implementation
for t = 1 : Tp do
for l = 1 : L do 

i ← MLPi X i
Xl,t
l  l−1,t ;

j
j
Xl,t
← MLPjl Xl−1,t
, ∀vj ∈ N (vi ) ;


N (v )
j
Xl,t i ← MAXPOOL {Xl,t
, ∀vj ∈ N (vi )} ;


i ← ReLU Wi · [X i ||X N (vi ) ] ;
Xl,t
l
l,t
l,t
i ← X i /kX i k ;
Xl,t
l,t
l,t 2
/* Complete the operation of updating
the center node with its 1-hop
neighbors


j
ˆ jl X j
Xl,t
← MLP
, ∀vj ∈ N (vi ) ;
l−1,t


m ← MLPm X m
Xl,t
l
l−1,t , ∀vm ∈ N (vj ) ;


N (v )
m , ∀v
Xl,t j ← MAXPOOL {Xl,t
m ∈ N (vj )} ;


N (v )
j
j
Xl,t
← ReLU Wlj · [Xl,t
||Xl,t j ] ;

𝐗 𝒍,𝒕

Node-DB

𝒊′𝒎
+

𝓝𝒍

𝐗 𝒍−𝟏,𝒕−𝟏

𝒇′𝒎

𝐗 𝒍−𝟏,𝒕−𝟏

𝓝𝒍,𝒕−𝟏
ℳ𝒍,𝒕−𝟏

(a)

𝓝𝒍,𝒕

𝒊𝒕

𝐗 𝒍−𝟏,𝒕

𝒈′𝒎

𝐗 𝒍−𝟏,𝒕

𝒈𝒕

MIM-N
𝒇𝒕

(b)

Fig. 5. The proposed Node-DB: (a) two recurrent modules MIM-N (nonstationary module) and MIM-S (stationary module) are added to the ST-LSTM
block [11] and compose Node-DB, (b) MIM-N and MIM-S are in a cascaded
structure.
*/

j
j
j
Xl,t
← Xl,t
/kXl,t
k2 ;
/* Complete the operation of updating
the 1-hop nodes with 2-hop neighbors
*/

end
i
Return XL,:
;

among all nodes and can significantly reduce the parameter
numbers.
C. Temporal Dependency Modeling
Except for the spatial correlations, precipitation forecasting
also involves complex temporal correlations. Our temporal
dependency modeling is inspired by the Memory In Memory (MIM) networks [13] and follows a Seq2Seq prediction
manner [57] (as shown in Fig. 4). We aim to capture the nonstationary and stationary information within the spatiotemporal
data. Our temporal model simplifies MIM as a Recurrent
Neural Network (RNN) architecture for learning the temporal
patterns on the graph.
Note that MIM [13] is originally used in image domain
through embedded convolution operation. However, it hinders
us to directly employ the non-stationary module and stationary
module on the graph data. In contrast to image task, the SQPF
task only requires vector operations for temporal dependency
modeling, since we have regarded the sequential hidden representations for the center node as input. Therefore, our model
replaces the convolution operator in MIM and adopts nodelevel vectors product.
More concretely, we first introduce a new Node level
Differential Block (Node-DB) to learn non-stationarity from
precipitation patterns in different time steps on the graph, then
the Node-DBs are stacked on a basic LSTM layer to build
the RNN architecture. The bottom LSTM here is a nodelevel operation can be written as Node-LSTM. The others

are stacking 3 Node-DB layers. All layers are activated by
the ReLU. Similar to MIM, the architecture of temporal
dependency modeling can be formulated as follows:
X1,t , C1,t , M1,t =Node-LSTM(X0,t , X1,t−1 , C1,t−1 , M1,t−1 )
(5)
Xl,t , Cl,t , Ml,t , Nl,t ,Sl,t = Node-DB (Xl−1,t , Xl−1,t−1 ,
Xl,t−1 , Cl,t−1 , Ml,t−1 , Nl,t−1 , Sl,t−1 )
(6)
where X0,t in the first Node-LSTM layer is the hidden
i
of node vi after spatial operation. We use
representation XL,t
the causal-LSTM [12] with the zigzag state M and horizontal
memory cell C as the first layer. All the convolution in causalLSTM is merely replaced with matrix multiplication. In Eq.
(6), N and S are also the horizontally-transited memory cells
in different modules respectively in the Node-DB. As shown
in Fig. 5 (a), Node-DB is composed of MIM-N (non-stationary
module), MIM-S (stationary module) and ST-LSTM block
[11]. Key calculations inside MIM-N and MIM-S are shown in
Fig. 5 (b). According to the difference-stationary assumption
[13], [58], the differencing (Xl−1,t − Xl−1,t−1 in MIM-N)
between two recurrent time steps is delivered as the input,
in order to capture the non-stationary variations. Dl,t is the
differential feature generated by MIM-N and taken as inputs
by MIM-S. MIM-S is considered as a stationary module to
retain the approximately stationary information in temporal
sequences.
D. Loss Function for Multi-step Precipitation Prediction
The InstGCN is trained in a fully supervised manner by
minimizing the Mean Absolute Error (MAE) loss with the
Adam optimizer for multi-step prediction. InstGCN aims to
map the historical radar data to the future precipitation values.
Let Ŷ i ∈ RTf be the precipitation prediction of the node (location) i over Tf time slices, Y i ∈ RTf be the corresponding
observation collected by the gauge and Ω set of forecasted
nodes. The formula of MAE loss function is expressed as:
1 X
MAE =
k Y i − Ŷ i k1
(7)
Tf |Ω|
i∈Ω

0196-2892 (c) 2021 IEEE. Personal use is permitted, but republication/redistribution requires IEEE permission. See http://www.ieee.org/publications_standards/publications/rights/index.html for more information.
Authorized licensed use limited to: INSTITUTE OF AUTOMATION CAS. Downloaded on April 02,2022 at 07:55:46 UTC from IEEE Xplore. Restrictions apply.

This article has been accepted for publication in a future issue of this journal, but has not been fully edited. Content may change prior to final publication. Citation information: DOI 10.1109/TGRS.2022.3159530,30.8°N
IEEE
Transactions on Geoscience and Remote Sensing
SUBMIT TO IEEE TRANSACTIONS ON GEOSCIENCE AND REMOTE SENSING

121°E
(a)

8

121.5°E
(b)

V. DATA AND E XPERIMENTS C ONFIGURATIONS
To evaluate the performance of InstGCN, we conduct
experiments on rainfall datasets. In this section, we build
spatiotemporal graphs on two real-world rainfall datasets for
SQPF. Meanwhile, experiment configurations are described in
detail.

120.5°E

121°E

30.8°N

30.5°N

A. Data Description and Preprocessing
(a)
(b)
The two datasets of the precipitation prediction in this
study were provided by China Meteorological Administration Figure 6. Information about Hangzhou dataset (HZ): (a) the distribution of
最终输出的这个图
(CMA). The radar reflectivities were all collected by an S- rain gauges within radar coverage, (b) graph structure HZ with a = 0.45,
b = 0.1 and θ = 10.
band Doppler weather radar from 2014 to 2015 and simply
preprocessed by a class of quality control. Two radars are
located at Hangzhou (Zhejiang Province, China) and Shanghai the parameters a, b and θ control the structure and orientation
(China), respectively. Concretely, CAPPI reflectivity data used of ellipse, and are assigned to 0.45, 0.1 and 10. The result
in this study were generated every 6 minutes from the raw of graph construction for HZ is visualized in Fig. 6(b). The
radar volume scan. The ground truth of predictions were average number of neighbors in this graph structure is about
observed by rain gauges within the coverage of the radar. 9.
The rain gauge data in Automatic Weather Stations (AWSs)
recorded precipitation values every 1 minute. Here, the winter
and summer data were all handled together. Besides, we
31.7°N
did not specifically distinguish between the convective and
stratiform precipitation types in this study.
31.4°N
To maintain the time consistency of the two sources, 6
consecutive precipitation values from rain gauges are accu31.1°N
mulated. Rain gauge distributions within approximate 100 km
range of two radars are shown in Fig. 6 (a) and Fig. 7 (a)
30.8°N
respectively. As the measurements used in the two datasets are
the same, the preprocessing is similar. The linear
interpolation
(a)
120.5°E
121°E
121°E
121.5°E
is used to fill missing values after data cleaning.
Continuous
(a)
(b)
features, as graph input are normalized using Z-Score normal- Figure 7. Information about Shanghai dataset (SH): (a) the distribution of
ization. In general, the Seq2Seq structure is needed to be fed 30.8°Nrain gauges within radar coverage, (b) graph structure with a = 0.3, b = 0.15
into the model. For instance, we use one-hour historical radar and θ = 40.
data to predict the next-hour precipitation, i.e., we organize
2) Shanghai dataset (SH): Fig. 7 shows the location of
10 steps’ historical radar reflectivities as input and output
radar and 110 rain gauges of Shanghai dataset (SH). After
precipitation values for the following 10 steps. Therefore, this 30.5°N
the slicing operation from 3600×110=396,000 precipitation
(b)
study focuses on the rainfall process, which can
be regarded
records, SH contains 2148 training sequences, 614 testing
as a discrete meteorological event. More specifically, the
sequences and 306 validation sequences. Fig. 7(b) visualizes
time period at least 2 hours with significant ongoing rainfall
the graph construction. In SH, a, b and θ respectively equal
coverage of the space at least 5% is selected. As a result,
to 0.3, 0.10 and 40, resulting in about 7 neighbors in average.
the Hangzhou dataset contains 27 rainfall processes with 298
hours in total. And Shanghai dataset consists of 28 rainfall
Methods and Settings
最终输出的这个图
processes with a total of 360 hours. All the sequences are B. Comparative
sliced from the selected rainfall processes with a 20-time-step
To evaluate the overall performance, we compare InstGCN
sliding window. There is 6 min interval between two time with some widely used baselines and state-of-the-art models,
steps. Note that, our datasets are strictly divided into training including:
set, validation set and test set. All models are trained only
1) Static Prediction (SP): A simple model, which considers
on the training set and evaluated the performance only on the the precipitation value of the last time step as the subsequent
test set to evaluate the generalization capacity. The first 70% prediction value without using any radar information, just
of sequences are used for training, the last 20% are used for operation on each precipitation sequence separately.
testing while the remaining 10% for validation.
2) Historical Average (HA): A temporal model which
1) Hangzhou dataset (HZ): As shown in Fig. 6, 35 rain averages all the historical rain-gauge records at the same time
gauges are considered in Hangzhou area in this dataset. Totally, slot.
3) Vector Auto-Regression (VAR) [34]: A time series model
HZ dataset contains 2980×35=104,300 precipitation records.
After organizing to the Seq2Seq format, HZ contains 1620 which captures the temporal correlations among all rainfall
training sequences, 463 testing sequences and 232 validation processes. The number of lags is set to 3 for both HZ and
sequences. According to our graph construction in Sec. IV-A, SH.
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4) Space-Time Autoregressive Moving Average (STARMA):
A statistical model based on geospatial and time which explicitly attempts to explain dependence lagged in both space and
time and is widely used in precipitation forecasting [59]–[61].
For both HZ and SH, the number of autoregressive parameters
is set to 3, and the number of iterations for Kalman filter is
3. Besides, the number of moving average parameters is 2 for
HZ and 4 for SH, respectively.
5) Feedforward Neural Network (FNN) [62]: FNN can be
treated as a basic neural network model without any structural
information. Center node sequences are considered as input
data to validate the local spatial information influence. Here,
we remain the same spatial configuration as InstGCN except
temporal information.
6) Support Vector Regression (SVR) [27]: SVR uses linear
support vector machine for the regression task. The Radial
Basis Function (RBF) is employed.
7) Random Forest (RF) [26]: As a representative machine
learning model, the number of trees is set to 200. We can
obtain robust and optimal performance based 200 trees, which
is enough for both datasets.
8) K-Nearest Neighbor (KNN) [26]: As a baseline method,
the number of neighbors is 5 with the best result here.
9) DCRNN [15]: A popular spatiotemporal GCN that deploys GCN with GRU in an encoder-decoder manner for multistep prediction. For adjacency matrix construction, we set the
threshold to 0.4 on HZ and 0.8 on SH respectively, in order
to ensure no isolated node.
To summarize, SP, HA and VAR are conventional widely
used time series regression models via a publicly available
Python implementation1 . SVR, KNN and RF belong to the
category of non-deep machine learning models using the code
provided in the sklearn Python package. FNN and DCRNN are
deep learning models based on a PyTorch implementation2 .
STARMA is a spatiotemporal statistical model used mostly in
the various sector as geology and climatology, and the model
is implemented using the pySTARMA Python package3 .

dimensions in the temporal model are 64. The mini-batch
of sub-graph sequence is 8096.
In our experiments, the Glorot initialization [64] is applied
to all the weights. All the models are executed on a server
with one NVIDIA Titan X GPU card. Our models are run
with Pytorch 1.1.0.

C. Model Configurations
For our InstGCN, following [20], [63], the grid search is
adopted for hyper-parameter selection. For each dataset, the
best trained model is chosen for testing according to the
MAE performance on the validation set. We set the learning
rate to 0.01 after tuning it from {0.001, 0.005, 0.01, 0.05}.
Additionally, the early stop is performed with the patience of
15 for a maximum of 100 epochs. Some specific differences
are described as follows:
• HZ. The dimensions of hidden and output layers in MLP
are 64, 256, 512, 128 respectively for two layers. The
dimensions of layers in the temporal model are 16. The
mini-batch of sub-graph sequence is 2048.
• SH. The dimensions of hidden and output layers in MLP
are 64, 64, 128, 32 respectively for two layers. The
1 https://github.com/liyaguang/DCRNN/blob/master/scripts
2 https://github.com/chnsh/DCRNN

PyTorch

3 https://github.com/MAGDa-BeuthHS/pySTARMA

D. Evaluation Criteria
Once the precipitation values have been predicted, they are
amenable to evaluation with verification scores for quantitative
assessment of the models. Here, a total of five verification
scores are used. In detail, they are the MAE (Eq. (7)), Root
Mean Square Error (RMSE, Eq. (8)), Median Absolute Error
(MedianAE, Eq. (9)), Standard Deviation (SD, Eq. (10)), and
Correlation Coefficient (CC, Eq. (11)). Given the observation
and the prediction for test set, the equations are defined as:
s
1 X
k Y i − Ŷ i k2
(8)
RMSE =
Tf |Ω|
i∈Ω


Tf
MedianAE = Median {|Ŷti − Yti |}t=0,i∈Ω
(9)
v
u
Tf
u
u 1 P P (|Ŷ i − Y i | − MAE)2
t
t
u Tf |Ω|
t i∈Ω
t
SD =
(10)
|Ω|N − 1
CC =

cov(Y i , Ŷ i )
σY i σŶ i

(11)

where Tf indicates the total number of predicted time step.
The MAE and RMSE are both the most common measures
for the regression task. RMSE is more sensitive to large
errors compared with MAE. In fact, MAE and RMSE can be
influenced by the higher rainfall intensity, whereas MedianAE
will be less influenced by the rainfall intensity. SD which
measures confidence of MAE in statistics, indicates how much
variation exits from the average. CC is a verification score of
the correlation between the predicted precipitation values and
the observations from rain gauges. Except for CC, the other
four scores are negatively oriented.
VI. E XPERIMENTAL RESULTS AND ANALYSIS
In this section, we demonstrate the effectiveness of the
proposed model on two real-world rainfall datasets. We firstly
compare its performance with the comparative methods for
SQPF. We then run ablation experiments for key components
validation. Next, we focus on the inductive task and perform
forecasting on locations that are not seen during training. We
also analyze the performance with different hyperparameters.
A. Performance Comparisons
The results of our comparative evaluation experiments are
summarized in Table II. Overall, machine learning models
(FNN, SVR, RF and KNN) are superior to time series regression models (SP, HA and VAR). There are some reasons for
these results. First, radar features, which are used in machine
learning models, can provide more sufficient information about
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TABLE II
OVERALL PREDICTION PERFORMANCE OF DIFFERENT METHODS ON HZ AND SH

DATASETS .

HZ

Methods

SH

MAE

MedianAE

SD

RMSE

CC

MAE

MedianAE

SD

RMSE

CC

SP
HA
VAR

1.600
1.561
1.804

1.000
0.889
1.429

2.298
1.995
1.617

2.776
2.533
2.422

0.419
0.397
0.373

2.373
2.424
2.451

1.000
0.889
1.131

5.554
5.155
4.871

6.040
5.696
5.467

0.474
0.439
0.401

FNN
SVR
RF
KNN

1.598
1.618
1.527
1.533

1.062
1.249
0.965
0.800

1.748
1.911
1.888
2.143

2.368
2.504
2.428
2.635

0.358
0.017
0.428
0.306

2.635
2.533
2.417
2.210

1.988
1.672
1.105
0.800

5.167
5.354
4.527
5.056

5.800
5.923
5.532
5.518

0.052
0.092
0.497
0.387

1.471The test0.898
1.922
2.476
0.394forecasting
2.136 on the
0.817
4.897
MAE of precipitation
time series
dataset HZ
1.419
0.881
2.120
2.570
0.370
1.986
0.793
5.138
1.279
0.739
1.869
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Figure 8. A detailed illustration of the performance comparison in terms of MAE for all the models on (a) HZ and (b) SH datasets. The advantage becomes
more clear as the prediction time increases.
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atmosphere around gauges. Second, although the relationship
between historical radar reflectivity and future precipitation
values is not intuitive, machine learning methods can partially
describe this complex relationship. STARMA achieves even
better performance than machine learning models on HZ
and SH datasets. The main reason is that physical statistical
information involved geospatial space and time series are both
critical in the precipitation area. Furthermore, DCRNN and
InstGCN perform better than those models without graph
structure in most evaluation indexes. It indicates that graphbased spatiotemporal forecasting can help improve SQPF performance. Besides, it also deduces that deep learning models
are characterized by better learning capacity and generalization
ability. By modeling spatiotemporal dependency in the learning algorithm, we simultaneously learn the rich features of
each node as well as some spatiotemporal patterns of precipitation area. Eventually, InstGCN achieves the best performance
over competitors in terms of all MAE, MedianAE and RMSE
on all datasets, demonstrating the superior forecasting by
our proposal. Compared to the strong competitor DCRNN,
InstGCN has improved MAE by 10% and 7% respectively

and RMSE by 11% and 6% respectively. These could be due
to the special module design for the characteristics of rainfall
process in InstGCN.
An interesting observation is the inferiority of InstGCN
in SD. For SQPF, we attribute its inferiority to that the
model is not always maintained at the level of high-precision
forecasting. However, as the standard deviation of MAE, our
proposed InstGCN almost gives an improvement over the other
8 models, which only lags behind VAR on HZ and RF on SH.
To take a closer look at results on both HZ and SH datasets,
we further test the forecasting accuracy in terms of MAE for
precipitation time series. The MAE of single-step prediction is
illustrated in Fig. 8. We can observe that: 1) InstGCN generally
outperforms the other models. In detail, our proposal mainly
enhances the forecasting at the time from 12 min to 60 min.
At the same time, DCRNN improves others except InstGCN.
These results indicate that spatiotemporal GCN-based models
can be potentially applied to spatiotemporal forecasting tasks.
Moreover, the advantage becomes more clear with the increase
of the prediction time horizon; 2) SP, as the most simple
time series model, has already been able to forecast well for
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the next 6 min forecasting. We conjecture the reason is that
very short-term forecasting usually obtains enough information
from historical observations. However, SP obviously harms
forecasting with time increasing, demonstrating that more accurate prediction need benefit from modeling complex spatial
and/or temporal correlations; 3) Some popular methods like
FNN SVR and STARMA perform worse in MAE at early
time steps compared with some simple methods, while they
improve the performance with increasing time steps.

suspect that global information covers a wide range (see Fig.
6 and Fig. 7), which may result in weak correlation between
two gauges with long distance.
Effect of ellipse structure. To investigate the effect of
ellipse structure in spatial modeling, we compare the InstGCNNoDB (yellow in Fig. 9) with the InstGCN-NoEllipse-NoDB.
The average number of neighbors remains consistent in both
variants to perform a fair comparison. The difference between
these two variants is whether the ellipse structure is utilized.
As expected, InstGCN-NoDB with ellipse structure outperforms InstGCN-NoEllipse-NoDB both on HZ and SH.
Effect of Node-DB module. Similarly, to evaluate the effect
of Node-DB module in temporal modeling, Node-DB module
is added to InstGCN-NoEllipse compared with the InstGCNNoEllipse-NoDB. We observe that InstGCN-NoEllipse-NoDB
has slightly higher MAE. However, RMSE is not always ascended by the Node-DB module on any dataset. For instance,
in the case study of SH, InstGCN-NoEllipse performs poorly.
The reason is presumably that RMSE is more sensitive to
large errors compared with MAE. Hence, the forecast with
the Node-DB module is bolder.
To summarize, the inductive framework improves the performance distinctly. Compared to the Node-DB module, the
effect of the ellipse structure is more obvious. Unsurprisingly,
the overall model InstGCN performs the best.

InstGCN-NoEllipse-NoDB
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Figure 9. Performance comparisons for DCRNN, InstGCN and different
InstGCN variants. InstGCN achieves both the best MAE and RMSE on two
datasets. The advantage becomes more clear with our key components added
to InstGCN.

Input graph

B. Ablation Experiments
In the above results of experiments, the power of
spatiotemporal-GCN models have been investigated. In this
subsection, to better evaluate the performance of InstGCN,
we conduct a comprehensive ablation study. The baseline for
our ablation is DCRNN, a transductive GCN with GRU to
capture spatiotemporal correlations. The validation of three
major concerns in our proposal are analysed: 1) the effect
of inductive framework; 2) the effect of ellipse structure
in spatial modeling; 3) the effect of Node-DB in temporal
modeling. Hence, we compare DCRNN with the following
variants of InstGCN: 1) InstGCN-NoEllipse-NoDB, which
only replaces transductive setting in DCRNN with inductive
setting; 2) InstGCN-NoEllipse, which only integrates the nonstationary temporal model (e.g., Node-DB) into the basis of
inductive learning mechanism while the spatial structure of
ellipse is removed; 3) InstGCN-NoDB, which only preserves
the spatial structure of ellipse on the basis of inductive
learning mechanism while Node-DB is removed; 4) InstGCN,
an overall model which both preserves the spatial structure of
ellipse and the non-stationary temporal model on the basis of
inductive learning mechanism. For the sake of fairness, model
configuration is almost set to be the same for all variants.
Effect of inductive framework. From Fig. 9, it is clear
that InstGCN-NoEllipse-NoDB can substantially reduce the
MAE and RMSE compared with DCRNN model. Therefore,
results reveal the ability of the inductive framework to focus on
local information instead of global information for SQPF. We

C. Inductive Learning Task
To evaluate our proposed InstGCN with the inductive task
for forecasting on the unseen locations (nodes), we implement
the leave-one-out procedure to perform forecasts on nodes
that are not seen during training. Specially, in the case of
the HZ dataset with 35 rain gauges, InstGCN is trained and
tested 35 times independently. During each as shown in Fig.
10, we only use the node located at a certain rain gauge for
test and delete the corresponding features and edges in the
training set in order to erase all the information of test nodes.
The overall prediction performance of InstGCN and machine
learning models on HZ is shown in Table III.

Test
node

Whole graph

Training graph

Test graph

Figure 10. An example of leave-one-out testing procedure. In the inductive
task, the leave-one-out procedure is considered to forecast the unseen locations
(marked red in test graph).

The comparison results in Table III present that InstGCN
achieves superior performance over other machine learning
models again in the inductive task. Compared with the results
of the transductive setting in Table II, the inductive setting
gives slightly worse performance for all models due to the
reduction of training data. Nevertheless, the inductive learning
task examines the capability of inferred representations on

Graph Construction

GCRNs Framework
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1.35

TABLE III
I NDUCTIVE LEARNING TASK RESULTS FOR PREDICTING UNSEEN NODES .

1.32
1.29
1.26

Methods

MAE

MedianAE

SD

RMSE

CC

FNN
SVR
RF
KNN
InstCGN

1.703
1.610
1.530
1.540
1.292

1.062
1.244
0.970
0.800
0.741

1.781
1.907
1.924
2.095
1.940

2.464
2.497
2.431
2.600
2.331

0.226
0.256
0.427
0.315
0.462

unseen nodes to predict the future precipitation amounts on
unseen locations. Note that DCRNN has not been compared
in Table III, because DCRNN can only handle transductive
tasks, i.e., it may require re-training to forecast for unseen
nodes. Note that, the observations of test nodes here are only
used to calculate the verification scores and are not involved
in training. In operational applications of SQPF, our InstGCN
is capable of generalizing well to any location only with radar
features in the radar coverage without rain gauges.
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Figure 11. The sensitivity of InstGCN to different spatial structures.
The test MAE of precipitation forecasting on the datasets
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D. Parameter Analysis

1.28

1) Sensitivity of spatial structure: In InstGCN, we introduce the parameters of the ellipse in Eq. (3). The ellipse
parameters which appropriately reflect the spatial pattern are
considered as the hyperparameters fixed in our spatiotemporal
GCN framework. Thus it is desirable to test our model’s
response to different structures of the ellipse. Firstly, we follow
the graph construction in [15], [65], [66], and ensure that each
node contains at least one neighbor. Hence, each representation
of the node can be updated with the information from their
neighbors. Secondly, we vary the parameters a, b and θ
for InstGCN. Meanwhile, the average number of neighbors
roughly remains consistent to perform a fair comparison. The
overall MAE for each ellipse structure on two datasets is
shown in Fig. 11. The results show that the MAE for HZ
reaches local minima (see the yellow region in Fig. 11 (a))
at small angle (10◦ − 30◦ ). For SH, the MAE reaches local
minima at mid angle (30◦ − 50◦ ). The possible reason is the
different characteristics of these two case studies. Broadly
speaking, in East China, the moving law of rain is typically
associated with the southeast monsoon, monsoon troughs and
airflow. However, in the process of precipitation, the spatial
correlation of rain area is complex and affected by the moving
mode of storm cell in the atmosphere. The shape of the storm
cell and its movement are related to local topography, wind
direction, wind speed and other factors. Therefore, the spatial
correlation of different regions is also slightly different.
2) Sensitivity of number of neighbors: The influence of
the different numbers of neighbors on the prediction results
needs to be analyzed. First, to control variables, the optimal
parameters of the ellipse are fixed. Then, we follow the wellknown inductive model Graphsage [20] and change the different numbers of neighbors to construct the sub-graph for spatial
operation. Fig. 12 shows the performance in terms of MAE
for the different numbers of neighbors on both HZ and SH
datasets. The superior or competitive performance is achieved
at around the average number of neighbors for HZ (9) and SH
(7). Even though the performance of InstGCN is stable, the

1.27
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1.83
1.825

1.26
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The different numbers of neighbors
(b) SH

7
8 9 10 11
The different numbers of neighbors
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Figure 12. The sensitivity of InstGCN to different number of neighbors on
(a) HZ dataset and (b) SH dataset.

trends are different on the two datasets. On HZ, compared with
the more neighbors (10 and 11), the small number of neighbors
would harm sightly the capability of InstGCN. In contrast, the
performance is decreased with the increase in the number of
neighbors on SH (from 7-9). Actually, these two case studies
have different spatial patterns involving many factors. Thus,
deep learning models need adaptive adjustment.
3) Sensitivity of temporal structure: We further study the
sensitivity of InstGCN to the number of Node-DB layers.
As stacking 2-4 recurrent layers is commonly suggested, we
test InstGCN with 1-4 Node-DB layers and one Node-LSTM
layer on the two datasets. The MAE and RMSE for each
setting are shown in Table IV. In general, as the number
of layers increases, the performance also increases. However,
for HZ, InstGCN predicts slightly worse with 4 Node-DB
layers. InstGCN with 3 Node-DB layers performs best. Deeper
network enables the model to capture more complex temporal
dependency but may lead to training difficulty. Considering
this trade-off, we just stack 3 Node-DB layers on the one
Node-LSTM layer in our InstGCN.

TABLE IV
T HE SENSITIVITY OF OUR MODEL TO THE NUMBER OF N ODE -DB LAYERS .
Number of
Node-DB layers
1
2
3
4

HZ

SH

MAE

RMSE

MAE

RMSE

1.325
1.295
1.279
1.289

2.372
2.324
2.279
2.332

1.883
1.880
1.838
1.834

5.344
5.285
5.119
5.115
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Figure 13. Visualizations for SQPF with different methods in terms of both spatial distribution and time series on HZ dataset. The color bars in (1) - (6)
show the total amount of precipitation accumulated every 6 min (unit: mm/6 min). In (7) - (12), the abscissa is the predicted time step and ordinate is also
the total amount of precipitation accumulated every 6 min (unit: mm/6 min).

E. Discussion
To better understand our proposal, we visualize forecasting
results in terms of both time series and spatial distribution.
Fig. 13 shows the visualization of the SQPF. The sub-graphs
(a) and (b) respectively illustrate two different precipitation
processes of light and moderate rain. Generally speaking,
InstGCN makes the most accurate forecasting, indicating its
capability to learn the complex spatiotemporal pattern.
In Fig. 13(a), DCRNN fails to predict light precipitation values, since its outcomes mostly depend on global information.
However, according to the global condition (Fig. 13(a1) and
Fig. 13(a4)), the light rain only occurs in some local areas. In
this under-forecasting case, InstGCN eases slightly. InstGCN
can better capture the tendency in the scenario of light rain.
However, all the models can not make satisfying forecasts for
extreme precipitation (Fig. 13(a10) and Fig. 13(a12)). In Fig.
13(b), we also show a moderate rainfall process. In view of
spatial distribution, DCRNN trends to be over-forecasting (Fig.
13(b3) and Fig. 13(b6)), while InstGCN generally achieves
the best performance. Even though our model still performs
the best in these scenarios, due to the inherent uncertainty of
the future atmosphere, forecasting accuracy begins to decrease
with the prediction time increasing.

VII. G ENERALIZATION VALIDATION AND P ROSPECTS OF
O PERATIONAL S ERVICE
In this section, we empirically validate the proposed framework on more datasets from the perspective of generalization
and operational service.
A. Generalization Validation on a public dataset
To validate the generalization capability of our proposed
InstGCN, an experimental study on a public dataset is carried
out. The public weather radar dataset here called FR is
provided by the French National Meteorological Service4 . The
data spans 2018 and covers the south-eastern parts of France
(from latitude 43◦ N to latitude 46◦ N and from longitude 2◦ E
to longitude 5◦ E). Similar to the HZ and SH datasets, the
new product of radar reflectivities are considered as features
and observations of ground stations are ground-truth. The
information of FR dataset is show in Fig 14.
In contrast to HZ and SH datasets, the timestamp intervals
of radar data (5 min) and observations (6 min) are different.
Thus, we maintain the same temporal resolution of the radar
and the observation in FR by interpolating the rainfall amounts
into 5 min. Our model (InstGCN) utilizes the historical radar
4 https://meteofrance.github.io/meteonet/
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Fig. 14. The information of FR dataset: (a) an example of radar reflectivity
of FR dataset at 201809081030 UTC and (b) the graph structure for ground
stations with a = 1.1, b = 0.4 and θ = 30.
TABLE V
OVERALL PREDICTION PERFORMANCE OF DIFFERENT METHODS ON FR
DATASET.
Methods

MAE

MedianAE

SD

RMSE

CC

SP
HA
VAR

0.087
0.085
0.318

0.030
0.006
0.268

0.232
0.223
0.618

0.247
0.238
0.647

0.091
0.061
0.394

FNN
SVR
RF
KNN

0.091
0.085
0.084
0.085

0.017
0.028
0.030
0.027

0.210
0.202
0.204
0.210

0.237
0.219
0.213
0.226

0.460
0.566
0.575
0.501

STARMA
DCRNN
InstCGN

0.092
0.071
0.069

0.052
0.021
0.016

0.258
0.210
0.196

0.274
0.221
0.206

0.402
0.578
0.587

reflectivities over the historical half-hour and predicts the
future rainfall intensities over the next half hour step by step.
A similar preprocessing consistent with the previous section
is performed for FR. After selecting the time period with
significant ongoing precipitation, FR contains 1182 rainfall
sequences. The optimal parameters for each method are also
obtained in the same way introduced in Sec. V.
The performances of all the competitors are shown in Table
V. Experiments on the public dataset further support our
previous findings: 1) graph-based spatiotemporal forecasting
can help improve SQPF performance; 2) InstGCN is superior
to the other models, which confirm the effectiveness of our
proposed framework for SQPF.
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B. Prospects of Operational Service
From the point of view of operational service, this paper
also presents analysis and discussions to exhibit prospects.
Although our proposed framework (InstGCN) builds an endto-end efficient model for SQPF, we will consider more
conditions that might be encountered in practical application.
1) Evaluation with More Skill Scores: In practice, Critical
Success Index (CSI), False Alarm Rate (FAR) and Probability Of Detection (POD) are widely-used skill scores. Thus,
extensive empirical evaluations using those commonly used
metrics are further conducted. Since our framework focuses on
continuous rainfall amounts (regression task), the predictions
and ground truth are converted to a 0/1 binary classification
using a threshold of 0.1 rainfall rate (indicating raining or
not). Then, we calculate the hits (forecasting = 1, truth = 1),
misses (forecasting = 0, truth = 1) and false alarms (forecasting
= 1, truth = 0). The three criteria are defined as CSI=
hits
hits
hits
hits+misses+falsealarms , FAR= hits+falsealarms , POD= hits+misses .
We evaluate all methods using CSI, FAR and POD on three
datasets (HZ, SH and FR). The results are reported in Table VI.
Our method achieves superior performance in CSI and FAR
on all the datasets. Moreover, InstGCN gains improvement in
terms of POD on FR compared with other methods. Despite
the better CSI and FAR achieved by InstGCN on HZ and SH,
the slight degradation of POD is observed. It is due to the fact
that InstGCN encourages the model to reduce the frequency
at which false alarms occur for precipitation. And it can be
observed that most gains are obtained in CSI.
2) Comparison with the Methods of Radar Extrapolation:
In consideration of operational service, the technique of extrapolation is commonly used. To allow for the implementation
of the extrapolation, the sequences of radar reflectivity images
need to be collected. But in fact, our concern is mainly with
graph-based spatiotemporal forecasting. The data type organized as graph sequences is difficult to apply the extrapolation.
Thus, we provide a new dataset (i.e., NJ) containing both radar
images data and spatiotemporal graph data. Later this new
dataset will be detailed.
Two commonly used methods for comparison along this
path are the Optical Flow (OF) [67] and TREC [24] methods.
Although InstGCN and the traditional extrapolation methods
look somewhat relative, they are completely different. To
further facilitate quantitative comparison, necessary operations

TABLE VI
P REDICTION PERFORMANCE OF DIFFERENT METHODS IN CSI, FAR

HZ

Methods

AND

POD

ON

HZ, SH

AND

SH

FR

DATASETS .

FR

CSI ↑

FAR ↓

POD ↑

CSI ↑

FAR ↓

POD ↑

CSI ↑

FAR ↓

POD ↑

SP
HA
VAR

0.584
0.666
0.696

0.308
0.319
0.291

0.790
0.969
0.974

0.564
0.528
0.578

0.323
0.456
0.408

0.773
0.948
0.960

0.435
0.426
0.410

0.330
0.301
0.296

0.555
0.522
0.496

FNN
SVR
RF
KNN

0.690
0.673
0.686
0.672

0.289
0.310
0.303
0.287

0.960
0.965
0.978
0.823

0.536
0.557
0.578
0.619

0.458
0.437
0.411
0.340

0.980
0.980
0.970
0.910

0.458
0.446
0.426
0.440

0.267
0.268
0.368
0.339

0.569
0.534
0.567
0.569

STARMA
DCRNN
InstGCN (ours)

0.668
0.688
0.718

0.276
0.301
0.256

0.896
0.979
0.954

0.596
0.504
0.654

0.397
0.375
0.317

0.981
0.722
0.941

0.405
0.401
0.485

0.361
0.321
0.260

0.524
0.496
0.586

↑ and ↓ denote positive and negative oriented, respectively. The best results are in bold face.

0196-2892 (c) 2021 IEEE. Personal use is permitted, but republication/redistribution requires IEEE permission. See http://www.ieee.org/publications_standards/publications/rights/index.html for more information.
Authorized licensed use limited to: INSTITUTE OF AUTOMATION CAS. Downloaded on April 02,2022 at 07:55:46 UTC from IEEE Xplore. Restrictions apply.

This article has been accepted for publication in a future issue of this journal, but has not been fully edited. Content may change prior to final publication. Citation information: DOI 10.1109/TGRS.2022.3159530, IEEE
Transactions on Geoscience and Remote Sensing
SUBMIT TO IEEE TRANSACTIONS ON GEOSCIENCE AND REMOTE SENSING

15

are taken as follows. Since the technique of extrapolation is
an indirect way of SQPF, the extrapolation radar reflectivities need to be converted to rainfall amounts using the ZR relationship [68]. In order to make OF and TREC have
better performance, we tune the parameters in the Z-R relationship. When the validation reaches minimal MAE, the
optimal parameters are used to report the test results. Besides,
to compare with ground truth (observations of rain gauges),
spatial interpolation is adopted for OF and TREC by the
inverse distance weight method with four gridded neighbors.
In the following, we will first describe the dataset NJ.
Next, both quantitative and qualitative metrics are used to
evaluate the performance of the InstGCN in comparison with
the technique of extrapolation and other comparisons.
The description of dataset. NJ dataset is provided by the
Public Meteorological Service Center of CMA which collects
the radar and rain gauge data in Nanjing (Jiangsu Province,
China) from 1 May to 30 June in 2018. NJ can be leveraged
to further investigate the generalizability of our model in
the warm season. The radar reflectivity data is covered by
Nanjing Radar with a 6 min temporal resolution. Rainfall data
is observed by a total of 168 rain gauges in AWSs from latitude
31◦ N to 32.6◦ N and longitude 119◦ E to 120◦ E. Following
the similar preprocessing introduced in Sec. V-A, NJ contains
1896 rainfall sequences from 18 precipitation processes.
Quantitative analysis. Overall quantitative results on the
NJ dataset are provided in Table VII. Based on the experimental results, findings are fourfold. (1) Regrading regression
criteria (e.g., MAE, RMSE or CC), we can find that the performance of the extrapolation is not so good for SQPF, which
is mainly caused by the two-stage procedure where the errors
will accumulate. By contrast, the end-to-end methods (e.g.,
DCRNN or InstCGN) can model the relationship between
historical radar reflectivity and future precipitation amounts
to achieve better accuracy. (2) TREC attains the best FAR
score but worse CSI and POD scores. This is because TREC
attaches more attention to thunderstorms, while light rain and
background field are often neglected. (3) InstGCN obtains
the second-best result with respect to POD. That is because
KNN tends to predict rain once there exists rain around to the
location. However, InstGCN achieves a significant increase in
terms of the FAR metric (improvements of 36.7% compared

with KNN). (4) InstGCN better considers the trade-off between FAR and POD. That is, InstGCN attains the second
best FAR and POD, but the best CSI. Overall, the performance
of InstGCN is generally better than others, which verifies its
effectiveness and operational potential for SQPF.
Qualitative analysis. Fig. 15 illustrates two case studies
at T+6, T+30 and T+60 mins lead time, showing both the
evolution of radar reflectivities (the first three columns) and
the rainfall amounts on the locations of rain gauges (the last
four columns). The first three columns in Fig. 15 represent
the observed measurements of radar, extrapolation of OF,
and thunderstorm identification tracking by TREC (black
silhouette and red arrow), respectively. Note that we use
InstGCN framework to build an end-to-end trainable model for
the precipitation forecasting problem. The evolution of radar
reflectivity is implicit. Nevertheless, to explore underlying
evolution, the prediction of rainfall amounts on the nodes
at each time step can be used to evaluate the performance.
The last four columns in Fig. 15 show the predictions of
rainfall amounts using three methods (OF+ZR, TREC+ZR and
InstGCN) and observations of rain gauges (ground truth).
Fig. 15(a) shows a comparison for predicting heavier rainfall
in the large region. In order to have a thorough understanding
of our model, we also consider predicting local lower rainfall
shown in Fig. 15(b). In both cases, the following similar
conclusions can be found: 1) with reference to the observed
measurements of radar, OF and TREC can basically reflect
the general trend of motions; 2) By comparison, InstGCN
can provide more accurate rainfall forecasting over the time
period. Besides, in the fourth and fifth columns, owing to the
exponential Z-R relationship, OF and TREC over-predict the
rainfall amounts in Fig. 15(a) at T+6 and T+30 mins lead time,
while they under-predict the rainfall amounts in Fig. 15(b).

TABLE VII
OVERALL PREDICTION PERFORMANCE OF DIFFERENT METHODS ON NJ
DATASET.

Methods MAE MedianAE

SD

RMSE

CC

CSI

FAR POD

SP
HA
VAR

0.189
0.180
0.081

0.100
0.100
0.028

0.198 0.290 0.051 0.466 0.273 0.565
0.179 0.253 0.073 0.480 0.247 0.569
0.199 0.215 0.094 0.489 0.236 0.575

FNN
SVR
RF
KNN

0.071
0.213
0.126
0.112

0.001
0.173
0.050
0.020

0.187
0.309
0.225
0.247

OF
TREC

0.157
0.160

0.164
0.027

0.229 0.287 0.188 0.483 0.244 0.573
0.245 0.310 0.129 0.101 0.032 0.101

STARMA 0.079
DCRNN 0.073
InstCGN 0.069

0.100
0.002
0.001

0.210 0.225 0.382 0.491 0.314 0.628
0.208 0.210 0.401 0.461 0.261 0.552
0.184 0.196 0.437 0.540 0.219 0.636

The best results are in bold face.

0.200
0.375
0.257
0.271

0.435
0.204
0.317
0.248

0.468
0.294
0.456
0.495

0.276
0.255
0.370
0.346

0.569
0.327
0.623
0.672

VIII. C ONCLUSIONS AND F UTURE W ORK
In conclusion, a new framework for Short-term Quantitative
Precipitation Forecasting (SQPF) is proposed with Inductive
spatiotemporal Graph Convolutional Networks (InstGCN). In
this framework, we propose a novel graph construction method
from precipitation datasets and capture special spatial dependency through inductive learning. Meanwhile, InstGCN adapts
Node level Differential Block (Node-DB) to model temporal
correlation. Our proposal was applied to three real-world and
a public SQPF datasets. The results confirm that InstGCN
improves the overall performance of SQPF with respect to all
datasets. Moreover, the quantitative and qualitative analyses of
results in the cases indicate the effectiveness of InstGCN for
precipitation forecasting.
Certainly, our framework is a preliminary attempt in SQPF.
Some deficiencies need to go deeper in our future studies.
On the one hand, future research based on spatiotemporal
GCN will include the following: 1) more forecast variables
which are relevant to precipitation (e.g., humidity and wind)
will be added; 2) adaptive graph construction to replace
the handcraft graph construction. On the other hand, more
elaborative consideration from a meteorological perspective
will be included such as identifying and removing the bright
band echoes to further improve the performance.
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Figure 15. Two case studies of performance on two extrapolation methods (OF and TREC) and ours (InstGCN) for SQPF starting at T+6, T+30 and T+60
mins lead time in rows, from latitude 31◦ N to 32.6◦ N and longitude 119◦ E to 120◦ E. Two rainfall sequences start at T= 201806220610 UTC for (a), and
T= 201806240755 UTC for (b), respectively. The first three columns represent the observed measurements of radar, extrapolation of OF, and thunderstorm
identification tracking by TREC (black silhouette and red arrow), respectively. The last four columns show the predictions of rainfall amounts for three methods
(OF+ZR, TREC+ZR and InstGCN) and observations of rain gauges (ground truth).
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