
7270 IEEE INTERNET OF THINGS JOURNAL, VOL. 8, NO. 9, MAY 1, 2021

Consensus Forecast of Rainfall Using Hybrid
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Abstract—Rainfall event forecasting is prominently done using
climate models (CMs) to produce multiple forecasts for the same
rainfall event. The best forecast is complicated to find and hence
has not yet been explored in the CMs. Recent advances in deep
learning methods have provided an exceptional ability to inves-
tigate intricate weather patterns from big climate data. In this
article, a hybrid climate learning model (HCLM) is proposed
that utilizes both the CM and the deep learning models for
improving the rainfall forecast. More specifically, a probabilistic
multilayer perceptron (PMLP) network evaluates multiple fore-
casts from the CM-generated forecasts and selects the best one.
The selected forecast is next passed onto a hybrid deep long
short-term memory (HD-LSTM) network, which looks back and
learns the relationship of the selected forecast with corresponding
rainfall and temperature observations to produce the next-day
rainfall forecast. The experimental results from various climate
zones in Australia show that the HCLM outperforms existing
state-of-the-art climate and deep learning models.

Index Terms—Climate model (CM), hybrid model, long short-
term memory, multilayer perceptron (MLP), rainfall forecast.

I. INTRODUCTION

A RELIABLE model for predicting weather events can
provide useful information for planning and manage-

ment in many fields [1], [2]. A good weather prediction model
should seamlessly link together diverse atmospheric changes
for providing improved weather predictions. The majority of
countries worldwide use climate models (CMs), such as the
general circulation model (GCM), the Earth system models,
and more to officially forecast weather patterns [3]–[5]. They
are built upon differential equations based on the laws of
physics, fluid motion, and chemistry, which are applied to the
input data. On that account, forecasts can be considered as
the numerical relationship between various atmospheric and
environmental changes that result in the occurrence of climate
events.
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The data to the CM are obtained from the Earth-
observing satellites, the weather radars, and various climate
sensors [6], [7]. These data then get processed using various
scientific tools for climate impact, adaptation analysis, and
weather forecasting thereby providing a higher representation
of the input data. Over the years weather forecasting by the
CM has greatly improved with the arrival of new technolo-
gies, integration of better theory, and increased computational
power. Nevertheless, there is still a gap in finding the best
forecast from multiple forecasts produced by the CM. The
discovery of hidden weather patterns and relationships from
the CM could significantly improve its performance. Deep
learning techniques can capture underlying subtle functional
relationships, unearth intricate structures from big climate
data, and find the hidden patterns from complex CM forecast
data. These features of climate and deep learning models make
them ideal to form a teacher–student network for knowledge
distillation from the CM to the deep learning model [8].

Neural networks have been used for predicting various
weather attributes [9], [10]. Comparative analysis has indi-
cated a higher performance accuracy for the neural network
models than prominent data mining techniques for rainfall
predictions [6]. A deep neural network (DNN) is a multilayer
neural network with outstanding learning ability [11]. The suc-
cess of deep learning models is due to its deep architectures.
DNN-based approaches have become the most effective tech-
niques for rainfall prediction due to its ability to progressively
build higher-level representation from the weather data.

The DNN-based rainfall prediction approaches that utilize
feedforward neural networks provide only a static network,
that lack memory capacity [7], [12]. They do not con-
sider temporal relationships. Comparative analysis has shown
that a dynamic neural network with memory units exhibited
improvement in predicting the rainfall than static feedforward
neural networks [13], [14]. So from all the above works, it can
be concluded that both the CM and the DNN-based approaches
for rainfall predictions have been successful in forecasting
certain rainfall features but fails to completely emulate the
actual rainfall pattern. Henceforth, a new prediction method
that utilizes both the CM and the DNN for the more accurate
prognosis of rainfall events is proposed in this article.

The discovery of the best forecast pattern is difficult
and consequently has not been investigated to improve the
performance of CMs. Learning the best forecast pattern from
the CM, and determining its relationship with other weather
changes will improve the rainfall event prediction. We propose
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Fig. 1. Illustration of the HCLM structure. Multiple forecasts from the CM
are input to the PMLP network, which conducts a conditional probability
evaluation of the forecasts for finding the best of the N forecasts. The output
of PMLP is input to HD-LSTM along with input data observations over the
forecast period. HD-LSTM analyzes the PMLP forecast and the input data
observed over the selected forecast period to predict rainfall.

a hybrid climate learning model (HCLM) that learns from
the CM using deep learning. The HCLM shown in Fig. 1 is
designed using a probabilistic multilayer perceptron (PMLP)
and a hybrid deep long short-term memory (HD-LSTM)
network for reprocessing the multiple forecasts produced by
the CM for improved next-day rainfall prediction.

PMLP is used to rank and select the best forecast, and
HD-LSTM finds the correlation between the PMLP-selected
forecast and the corresponding data observations for predicting
the next-day rainfall. The PMLP network evaluates the prob-
ability of each forecast and selects one forecast with the
highest probability. The output from PMLP along with weather
changes observed over the forecast period is analyzed by the
HD-LSTM to produce the next-day rainfall forecast. The rain-
fall forecasts and the observation data from ten sites from
different weather zones across Australia are selected to evalu-
ate the performance of the HCLM. The main contributions of
this article are summarized as follows.

1) A hybrid learning model that utilizes both the CM and
the DNN is proposed. To the best of our knowledge,
this is the first time that a hybrid DNN is used to refine
multiple forecasts from the CM.

2) A PMLP network-based best forecast selection method
is proposed, which analyzes, compares, and ranks
multiple forecasts for different rainfall patterns.

3) A new improved HD-LSTM network is proposed for
learning the relationship between the best forecasts from
the CM and the corresponding data observations for
producing the next-day rainfall forecast.

4) Experimental evaluation of the proposed HCLM model
has shown that it outperforms existing state-of-the-art
climate and deep learning models.

The remainder of this article is organized as follows.
Section II lists the related work. Section III describes the
proposed HCLM model. A list of all symbols used in this
Section is given in Table I. Section IV gives the experimental
results. Concluding remarks are drawn in Section V.

TABLE I
LIST OF SYMBOLS

II. RELATED WORK

A. Climate Models

Numerous types of CMs are used for weather forecast-
ing. The energy balance CMs produce forecasts based on
the relationship between the energy entering and leaving the
atmosphere [3]. The radiative–convective CMs produce a fore-
cast based on the changes in temperature and humidity in
the atmosphere [15]. The GCM produces weather forecasts
based on the flow of air in the atmosphere, water in the
ocean, and transfer of heat in the atmosphere [4]. The Earth
system models conduct an additional analysis of the changes
in the biogeochemical cycle than the GCM [5]. Therefore,
the rainfall forecasts can be considered as the numerical rela-
tionship with the changes in the atmosphere and environment.
The forecast summary is usually provided by an expert using
the complicated forecasting characteristics of numerical meth-
ods. This method has achieved acceptable results, but it often
needs long-term experience and subjective judgment. Deep
learning can learn and execute complex analytical tasks [16].
So they have high potential in summarizing the forecast-
ing characteristics of the CM to further improve the rainfall
prediction. Details of some existing weather predictions using
deep learning models are discussed in the following section.

B. Deep Learning Models

Many research studies have been conducted on the appli-
cation of deep learning models on weather predictions. An
artificial neural network model with two hidden layers is
used to predict rainfall [17]. This work indicated that the
proposed neural network model performs better than the GCM.
Similarly, another study used climate parameters and circula-
tion factors from the CM as input to a 1-D deep convolutional
neural network (1DD-CNN) [18]. This work illustrated the
potential of deep learning models to objectively extract fea-
tures to predict rainfall events from the CM. However, this
study does not provide a comparison with any dynamic neu-
ral network models with memory units. This is critical since
studies have indicated a higher performance for such networks
over CNN in some types of time-series data [19]. A compar-
ison with this will paint a clear picture of which network is
more effective for rainfall.
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Fig. 2. Illustration of the PMLP structure. All forecasts and actual rainfall
(red box) pass from the input layer to the hidden layer, which generates error
signals for a given set of input forecasts. Errors are used by the nodes to update
the values for each connection weight. A weighted sum of the inputs goes
to the softmax layer, which provides a probabilistic estimate to the Argmax
layer. The Argmax layer outputs the label of the best forecast, which is used
to select the corresponding observation data for the best forecast.

Lin and Wu [20] proposed a network model using
self-organizing-maps and multilayer perceptron (MLP), for
predicting typhoon rainfall. Zhang et al. [21] proposed a
deep belief network-based rainfall prediction. According to
Mekanik et al. for spring rainfall prediction the most accurate
performance was demonstrated by MLP [22]. Shi et al. [23]
proposed a novel model based on LSTM to predict the struc-
ture and direction of clouds in the radar picture. It can better
predict short-term rainfall than many popular deep learning
models. In recent years, deep learning models have shown
exceptional performance in weather predictions due to its
hybrid deep architectures, such a work is done in [11], where
a hybrid gated recurrent neural network is used for improved
predictions for multiple meteorological events. Shi et al. [23]
proposed a novel approach using hybrid LSTM for weather
predictions by analyzing the structure and direction of clouds
in the radar picture. Neural network-based climate data anal-
ysis has received a lot of attention in recent years to tackle
several climate problems [2], [9], [10]. These works exhibit
the effectiveness of deep hybrid neural networks for detection,
classification, and predictions of weather events.

III. HYBRID CLIMATE LEARNING MODEL

In HCLM, the PMLP learns the pattern of the best forecast
from the CM over multiple data subsamples and selects the
best forecast from the evaluation data. The PMLP output is
fed to HD-LSTM as part of knowledge distillation. The use
of the PMLP output label for data selection reduces the LSTM
search space for sequential data analysis.

A. PMLP

In the PMLP structure illustrated in Fig. 2, N input forecasts
are passed to the input layer of the PMLP. The N forecasts
produced for the rainfall event by the CM are denoted by
Fn(t) for n ∈ {1, 2, . . . ,N} at t ∈ {1, 2, . . . ,T} and are
passed on to the input layer of the PMLP for further refine-
ment. Opast(t) is the past rainfall observations. The pattern of
each forecast changes over different time blocks, so the PMLP
learns the relationship between Fn(t) and Opast(t) for multiple
Tsub data blocks. Table II lists the monthly root-mean-square

error (RMSE) of the 7-days forecasts for obtained from the
Australian Bureau of Meteorology (BOM) for the Burdekin
region in Queensland [24]. The data set was prepared by the
BOM’s evidence targeted automation team for the science to
services program. In Table II, Forecast 1 is the first forecast
produced seven days before the event, while Forecast 7 is the
last forecast produced one day before the event. Forecast 7 is
thought to be the best forecast as it has the shortest lead time
to the actual rainfall event [5]. However, our analysis of the
monthly forecast data (from 2015 to 2017 using [24]) shown
in Table II indicated that this is not always true. For example,
Forecast 7 predicted 6.4-mm rain and Forecast 1 predicted
0.9-mm rain for October 18, 2017, but the actual rain was
0.6 mm. So to forecast rain on October 18, 2017, information
from Forecast 1 is more useful.

Table II illustrates that for each period there exists a forecast
which is more reliable than the other forecasts. So the rest
of the forecasts can be dismissed for that period. Hence, we
propose to rank each forecast based on the patterns of each
forecast and rainfall observations for multiple Tsub data blocks
for selecting the best forecast. A probabilistic selection of any
feature over different data blocks performs better than many
benchmark methods [25], [26]. Therefore, such a selection is
adopted. For the data set used in this article, Tsub = 21 days
is chosen using the random search algorithm [28].

The PMLP analyzes all Fn(t) for the rainfall patterns over
multiple Tsub data blocks. After training, the PMLP for similar
rainfall patterns and similar forecast inter-relationship selects
one from Fn(t) as its output, which it predicts to be the best
forecast. Error signals for each hidden layer node are deter-
mined for the given inputs. The errors are used by the nodes to
update the values for each connection weights. For the PMLP,
let Wm

lv denote the values of the weights from the vth neu-
ron of layer (m − 1) to the lth neuron of layer m, and W be
the collection of Wm

lv ∀l, v,m. So for the given set of inputs,
the outputs can be represented as Sn(Fn(t); W), a function of
inputs and weights. The PMLP softmax layer estimates the
conditional probability of all forecasts. Using [25], this can
be expressed as

Pj(t) = P(Fj(t)|Fn(t); W) for j ∈ {1, 2, . . . ,N} ∀j �= n

= eSj(Fn(t);W)

eS1(Fn(t);W) + eS2(Fn(t);W) + · · · + eSN (Fn(t);W)
(1)

where P(Fj(t)|Fn(t); W) is the conditional probability of fore-
cast j for the given set of inputs Fn(t) and the given set of
weights W. The PMLP ranks and selects the best forecast
using (1) over Tsub blocks. Let F′(t) be the PMLP selected
forecast, then

F′(t) = Fn(t), if Pn(t) > Pj(t) (2)

where j ∈ {1, 2, . . . ,N} ∀ j �= n. Using (2), the best fore-
cast F′(t) is selected from Fn(t). The PMLP output F′(t) is
given as input to the HD-LSTM for temporal analysis with
the temperature and the rainfall observations during the fore-
cast time. For the given rainfall events, the temporal changes
in observation data at the forecast period t − z, where z is
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TABLE II
MONTHLY RMSE OF SEVEN DAYS FORECASTS OF BOM AUSTRALIA IN 2017. FORECAST i PRODUCED (8 − i) DAYS BEFORE THE EVENT

Fig. 3. Illustration of the HD-LSTM structure. The learning process is imple-
mented in three steps: 1) DNN disentangles data observations through weight
distribution; 2) supervised learning uses PMLP forecast and observation data
with real rainfall as the prediction target; and 3) input state transition by the
network through hk(t) from (7), and the network predicts the output using (8).

the forecast lead time, affect its decisions. The PMLP argmax
layer provides the label of the best forecast for matching with
the index of the data set to select the observation data. The
HD-LSTM analyzes the relationship of the selected forecast
with the observations. The HD-LSTM is detailed as follows.

B. HD-LSTM

In the HD-LSTM structure illustrated in Fig. 3, the output of
PMLP is given to the HD-LSTM for further analysis. The HD-
LSTM learns the relationship between the PMLP output and
the observation data to predict the next-day rainfall. For the
CM used, the data observations are the maximum temperature
Tmax(t), the minimum temperature Tmin(t), the past rainfall
Opast(t), and the average hourly temperature Tavgh

(t). For the
ease of derivation, we denote x(t) as the input data for the
HD-LSTM and U types of data are denoted by xu(t). Here
for derivation, we use [Tmax(t),Tmin(t),Opast(t),Tavgh

(t)] =
[x1(t), x2(t), x3(t), x4(t)]. For simplifying derivation, we first
derive for one type of observation, denoted by x(t).

For the selected forecast F′(t) by the PMLP, the HD-LSTM
applies a fully connected DNN at its input to select the data
observations over the best forecast period. This data is passed
on to the K LSTM layers. The network then analyzes the
temporal correlation between the forecast and changes in the
observation data. To make the comparison further easier for
the HD-LSTM hidden layers, a summary of the changes in the
(i − 1) hidden sates are provided to the ith hidden state. This
implementation aids the network to look back at the summary
of historical changes with current changes. The HD-LSTM

within the HCLM progressively builds up a higher-level rep-
resentation of input weather data. From [27], the equation of
the LSTM can be expressed as

h(t) = H(Wxhx(t)+ Whhh(t − 1)+ bh(t)) (3)

where the input sequence is x(t), the hidden vector is h(t), Wxh

denotes the input–hidden weight matrix, Whh denotes the hid-
den to hidden weight matrix, bh(t) is the hidden bias function,
and H is the hidden layer function.

A fully connected DNN at the input of the HD-LSTM
implements a selection window. It selects the data observa-
tions x, which are the same as data observations over the best
forecast period of z. The DNN matches the selected forecast
label to index of observation data set. This assists the network
to establish relationships between the temporal changes in
the PMLP forecast and observations. This is highly necessary
for establishing the puzzling forecast relationships with other
climatic changes x(t) over forecast period z. The DNN disen-
tangling data observations through weight distribution for the
selected forecast. So for the proposed network, Wxhx(t) in (3)
becomes Wxhx(t)

Wxhx(t) =
b∑

z=a

Wh,zx(t − z) (4)

where a ≤ z ≤ b defines the size of the selection window that
ranges between 0 to 7, t corresponds to the time of the actual
event, and z corresponds to the forecast time of F′(t). It is
the window that the network looks back to learn the temporal
correlation with F′(t). Wh,z is the input weight from the deep
input transcription layer over the range z. Wxhx(t) and F′(t)
are analyzed by the HD-LSTM to learn what changes in x(t)
over forecast interval led to the best forecast prediction.

For learning the relationship of the current dynamic changes
with the past CM data, an approximator between (i − 1) hid-
den states and the ith hidden state is implemented in the
HD-LSTM. This provides a useful summary of the past to
the present hidden states along with the current input. Thus,
enabling the HD-LSTM to establish the relationship between
the two. This is implemented using a vanilla neural network.
Hence for the HD-LSTM used in this article, h(t) in (3) can
be expressed as

h(t) = ψh[Wiψi−1[ · · · [ψ1[Whhh(t − 1)+ Wxhx(t)

+WF′hF′(t)]]]] + bh(t) (5)

where F′(t) is obtained from the PMLP, WF′h denotes the
PMLP output to the HD-LSTM hidden weight matrix, Wxhx(t)
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Fig. 4. Process of establishing HCLM is done in seven steps: 1) preprocessing
and feature extraction; 2) PMLP structure selection and parameter tuning;
3) PMLP model optimization; 4) forecast selection using PMLP; 5) the PMLP
is concatenated with the HD-LSTM for temporal analysis of forecasts with
observations over forecast interval; 6) HD-LSTM model optimization is done
using steps 2 and 3; and 7) rainfall prediction is obtained.

is obtained using (1), ψh is the nonlinear function obtained
using the vanilla neural network, and Wi is the weight to the
vanilla neural network between (i − 1) hidden states and the
ith hidden state. For k ∈ {1, 2, . . . ,K} layers, the hidden vec-
tor sequence h(t) in (5) becomes hk(t). This can be expressed
as

hk(t) = ψh[Wiψi−1[ · · · [ψ1[Whkhk hk(t − 1)+ Wxhk x(t)

+WF′hk F′(t)]]]] + bk
h(t). (6)

Substituting for u types of data observations to (6), then

hk(t) = ψh[Wiψi−1[ · · · [ψ1[Whkhk hk(t − 1)+ (Wx1hx1(t)

+ · · · + Wxuhxu(t))+ WF′hk F′(t)]]]] + bk
h(t). (7)

The network computes all the K hidden states. Once the
value of hk(t) at k = K is obtained, the network output y(t)
can be calculated as

y(t) = WhN yh(t)N + by(t) (8)

where by(t) is the output bias function. The process of building
this structure is discussed in the following section.

C. HCLM Implementation

The HCLM was developed using Python 3.5 with
TensorFlow as the backhand. A detailed explanation of the
main steps illustrated in Fig. 4 for developing the HCLM is
given as follows.

1) Data Preprocessing and Feature Extraction: The PMLP
inputs are the multiple rainfall forecasts and past rainfall
observations. They are inputted to the PMLP for selecting
the best forecast F′(t) from Fn(t). The training set for the
PMLP can be denoted as Q = {Fn(t), t = 1, 2, . . . ,T}
for T number of training data. The PMLP output F′(t) and
xu(t), the U types of observation data are passed to the HD-
LSTM. The training set for the HD-LSTM can be denoted as
R = {(xu(t),F′(t)), t = 1, . . . ,T} for T number of data.

2) Structure Selection and Parameter Tuning: Parameter
tuning is tedious and costly as the network goes through
numerous iterations according to the performance for dif-
ferent sets of hyperparameters. The random search method
exhibits the same performance as many common hyperparam-
eter optimization methods with lower computation cost [28].
Hence, we have chosen the random search method. The
key hyperparameters optimized are the length of the input
sequence and the number of nodes in the hidden layer. A
dropout of 20% is used to prevent overfitting.

3) PMLP Model Optimization: Once tuning is completed,
optimal parameters are obtained. Next, the model undergoes
training to find the best forecasts for the given inputs. PMLP
learns through the backpropagation of errors by searching the
data set containing all forecasts to find the best of forecasts
that enhance the performance. This provides the network with
efficient learning updates with high-quality gradients.

4) Real-Time Prediction: Once training is completed the
PMLP will predict F′(t); the best forecast by analyzing the
given set of multiple forecasts Fn(t). The PMLP uses (2) for
selecting the best forecast as its output.

5) Model Concatenation: F′(t) is the best forecast obtained
using the PMLP. For U types of weather data changes observed
over the forecast period, the observations xu(t) undergo tem-
poral analysis with the best of forecasts F′(t). For this purpose,
the PMLP output is concatenated to the HD-LSTM.

6) HD-LSTM Model Optimization: Steps two and three are
applied to the HD-LSTM for model optimization. For rainfall
events generally, it is thought that recent weather data is more
important for prediction. However, older data can help the
model in recognizing general trends and movements. So the
selection of sequence length is done for the rainfall data.

7) Rainfall Event Prediction: For the given data observa-
tions xu(t) and F′(t), the best forecast selected by the PMLP,
the HD-LSTM predicts the rainfall for the next day.

Fig. 5 illustrates how the PMLP selects the best forecast,
and HD-LSTM correlates with the observations after com-
pleting the above seven steps of establishing the HCLM.
The difference between the seven forecasts and the weighted
sum of the past 21 days’ PMLP inputs is calculated. The
one with the least error is selected as the best forecast. For
the selected forecast, the corresponding Tmax(t), Tmin(t), and
Tavgh(t) values are taken. From the list of 21 Tmax(t), Tmin(t),
and Tavgh(t) values, those that do not match with the output
time observations selected by the PMLP are removed by the
DNN. The Opast(t) values corresponding to the DNN retained
Tmax(t), Tmin(t), and Tavgh(t) are taken for further examina-
tion. Next, the remaining values of Tmax(t), Tmin(t), Tavgh(t),
and Opast(t) are passed on to the LSTM for analysis. For the
given sequence, the LSTM looks for a row with the minimum
difference between Opast(t) and the PMLP selected rainfall
forecast, which is chosen as the output. The values of the
selected row are weighted to scale the data to predict the rain-
fall for the target day. Hence to summarize, the HCLM model
uses a PMLP network to select the best forecast. The best
forecast produced by the PMLP is compared with the other
observed weather changes over the forecast period by the HD-
LSTM to predict the next-day rainfall. The HCLM is tested
in Section IV.
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Fig. 5. Illustration of the HCLM working mechanism. 1) The forecast having
the least error with the weighted sum of the past 21 days is chosen as the
best forecast by PMLP; 2) DNN removes all Tmax(t), Tmin(t), and Tavgh(t)
data from the list of 21 sequences that does not match with the observations
corresponding to PMLP selection and retains Opast(t) for the remaining val-
ues; and 3) HD-LSTM analyze the DNN input sequence and selects the one
with minimal error with the PMLP output. For the final selected combination
of Tmax(t), Tmin(t), Tavgh(t), Opast(t), and PMLP best forecast, the LSTM
predicts the rainfall.

IV. EXPERIMENTAL RESULTS

To evaluate the HCLM, we test it on the data set from the
BOM of Australia [24]. According to the BOM, there exist
six major climate zones, namely, the equatorial, the tropical,
the subtropical, the desert, the grassland, and the temperate
zones. We compare our model with the best of BOM fore-
casts produced using the CM [5], the LSTM which is the most
widely used neural network for time-series data analysis [14],
[29] and two recent related works 1DD-CNN [18] and DBN-
GRU [11]. For real data analysis, ten stations that span across
six climate zones are considered for model training and pre-
liminary verification by all the models (123 640 data points).
For testing, we used rainfall data from June 2017 to May 2018.
For training the HCLM, LSTM, 1DD-CNN, and DBN-GRU,
we used data from May 2015 to May 2017. We used seven
forecasts for the daily rainfall and the observation data, i.e.,
Opast(t), Tmax(t), Tmin(t), and Tavgh(t). HCLM, LSTM, 1DD-
CNN, and DBN-GRU use this data to predict the next-day
rainfall. Daily rainfall forecasts from the CM are produced
over a 24-h period back to back, where the last forecast is
available only one day before the event. Therefore, this study
aims at only the next-day prediction.

The 1DD-CNN [18] is used for comparison as it uses obser-
vational data from the BOM as input for rainfall prediction.
The simulation results in [18] indicate a higher performance
than BOM’s forecasts. Therefore, this provides a fair compar-
ison to our approach. While [11] uses a hybrid gated recurrent
unit (DBN-GRU) model to analyze time-series meteorological
data. This comparison is done since LSTM and GRU introduce
additional gating components that handle vanishing gradients
problem in traditional RNN for time-series data analysis. A
comparison will help understand which of the two can better
analyze time-series weather data. Hence, we find these works
very important for comparison.

Fig. 6. Pearson correlation values between the BOM-Best, LSTM, 1DD-
CNN, DBM-GRU, and HCLM predicted rainfalls. The HCLM, LSTM, 1DD-
CNN [18], DBM-GRU [11], and BOM-Best exhibit average correlation of
0.81, 0.72, 0.61, 0.70, and 0.48, respectively.

TABLE III
RAINFALL PREDICTION ERROR COMPARISON

A. Statistical Analysis

The accuracy of daily weather prediction for 12 months
is compared using the Pearson correlation coefficient. The
closer the value is to the +1, the better the forecasts. The
bar graph in Fig. 6 illustrates the Pearson correlation coef-
ficient values obtained for ten stations over one year. The
graph illustrates a higher temporal correlation of the HCLM
than [11], [18], the LSTM, and the BOM. There is a sig-
nificant improvement in the fitting of time-series fluctuations
of the HCLM predicted rainfall. For the average temporal
correlation for ten stations for one year calculated using the
Pearson correlation, the HCLM exhibits an average correlation
of 0.81, LSTM exhibits an average correlation of 0.72, [18]
exhibits an average correlation of 0.61, [11] exhibits an aver-
age correlation of 0.70, and the BOM exhibits an average
correlation of 0.48.

In weather predictions, forecasting extreme rainfall events is
a major challenge. Fig. 7 shows the extreme rainfall events for
four locations located in high rainfall zones between June 2017
to May 2018. The comparison results show that the HCLM can
outperform the BOM, the LSTM, [18], and [11]. Quantitative
measurements are considered for synthesizing the effective-
ness of the performances over 12 months for ten stations. Here,
RMSE is used to calculate the accuracy of the HCLM. The
closer the RMSE values are to zero, the better the forecasts.
Fig. 8 shows the RMSE for rainfall predictions for ten loca-
tions. The RMSE curves show that the proposed HCLM has
a lesser error in predicting the rainfall amount in comparison
to the BOM and the deep learning models. Table III gives the
quantitative RMSE values for the ten stations. It can be seen
from this table that the average RMSE of the HCLM is the
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Fig. 7. Rainfall forecast results of four stations that experienced the highest
rainfall events between June 2017 to May 2018. Graphically compared HCLM
with LSTM, 1DD-CNN [18], DBN-GRU [11], and BOM-Best.

TABLE IV
COMPARISON OF PROBABILITY OF RAINFALL OCCURRENCE

smallest among all approaches, indicating that the HCLM has
higher rainfall prediction accuracy.

The rainy and nonrainy days occurrence prediction accu-
racy test was carried out for the ten locations. Table IV shows
the prediction results. The results show that there is a notable
improvement in the prediction accuracy of the HCLM in com-
parison with the BOM, the LSTM, the 1DD-CNN [18], and
DBN-GRU [11]. There is an improvement of 18.65% for the
HCLM over the best of BOM seven days forecasts. Also the
HCLM is 8.64% more accurate than the LSTM. With the 1DD-
CNN [18] there is an improvement of 10.57%. And to the
DBN-GRU model in [11], there is an improvement of 7.10%.
Hence from the results, it is apparent that the HCLM model
is highly accurate in predicting the chance of occurrence of
rainy days in comparison to the BOM, LSTM, [18], and [11].

Fig. 8. Comparison of the RMSE for ten locations across all major climate
zones in Australia for 12 months (source: BOM).

B. Ablation Studies

To verify the effectiveness of the individual network mod-
ules of the HCLM, ablation studies were conducted using
seven forecasting approaches: 1) PMLP: the performance
of the PMLP module with the seven forecasts as input;
2) HD-LSTM+(All): HD-LSTM with all the forecasts and
observations as input; 3) HD-LSTM+(Forecast 7+Obs): HD-
LSTM with the last forecast and all observations as input;
4) HD-LSTM-(Opast): HD-LSTM without Opast(t) as input;
5) HD-LSTM-(Tmax): HD-LSTM without Tmax(t) as input;
6) HD-LSTM-(Tmin): HD-LSTM without Tmin(t) as input and
7) HD-LSTM-(Tavgh): HD-LSTM without Tavgh(t) as input.
Approaches 4–7 use all the BOM predictions. Table V shows
the ablation study comparison with the HCLM.

The higher RMSE of PMLP than HCLM suggests that
PMLP alone does not achieve the same performance as that of
HCLM. Approach 2 shows that the HD-LSTM module has a
smaller RMSE than PMLP, signifying that linking changes in
observation data with the CM forecasts is essential. However,
the higher RMSE of Approach 2 than HCLM suggests that
rather than more training data, better training data will improve
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TABLE V
COMPARISON OF ABLATION STUDIES

network learning. So the use of PMLP to select the best fore-
cast may have boosted the performance of the HCLM. The
higher RMSE of approach 3 denotes that the final forecast
alone cannot improve the performance of HD-LSTM.

Approaches 4–7 remove the observation data one by one
from HD-LSTM, so as to identify the removal of which obser-
vations has the most effect. Table V shows that the removal of
Opast(t) has the most effect on HD-LSTM, probably because
there was a learning gap with the HD-LSTM unable to relate
the past rainfall trends with the forecast. The removal of
Tavgh(t) seems to have the least effect. This could be because
the model was able to learn the average hourly temperature
trends from Tmax(t) and Tmin(t) data. Also, approaches 4–7
do not outperform HCLM, further indicating that directly
inputting all forecasts does not enhance the model learning.
This must be the case since the forecast errors add up and
misguide the model. So these results demonstrate that the
PMLP and HD-LSTM work collaboratively to enhance the
performance of the HCLM.

V. CONCLUSION

In this article, an HCLM is proposed. The HCLM builds its
future rainfall predictions on the multiple forecasts produced
by the CM for the rainfall events. The HCLM is designed
using a PMLP network and an HD-LSTM network. The PMLP
selects the best forecast from the multiple CM forecasts and
the HD-LSTM finds the relationship of the selected forecast
with the temperature and the rainfall observations during the
forecast time. The evaluation was conducted on ten different
locations that span across six major climate zones in Australia.
Results showed that the HCLM predicted rainfall is more sim-
ilar to the real rainfall than the CM and deep learning models
tested, for average yearly results in all the locations ana-
lyzed. The potentiality of the model predicted rainfall has been
established in terms of ablation studies, RMSE, and Pearson
correlation. Hence, it can be concluded that there is a signif-
icant improvement by the HCLM to predict the rainfall over
the popular climate and deep learning models.
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