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Abstract

The paper aims to forecast the Philippine storm frequencies using non-
linear Poisson model. More specifically, the nonlinear kernel of the
model is defined by the Artificial Neural Network (ANN) with one hid-
den layer and at least two output neurons. The model is trained to
simultaneously forecast two semesters ahead for a given input. Fur-
ther, the covariates studied were the Average Sea Surface Temperatures
in the NINO3.4 region (5°-5°S, 170°-120°W), and the Average Sea
Surface Temperatures in the eastern pole (0°-10°S, 90°-110°E) of the
Dipole Mode Index. The data, taken from the Japan Meteorological
Agency’s Regional Specialized Meteorological Center, with time points
running from 1950 to October 2021, is modeled at a semester-level
granularity. The estimation is done using Maximum Likelihood Esti-
mation by minimizing the negative log-likelihood function. Further,
the proposed model is studied for different activation functions and
different number of hidden neurons. Lastly, out of the 12 candidate
models, the best model captures well the characteristics of the data
both in terms of the point forecast and the associated uncertainties.

Keywords: Count Time Series, Maximum Likelihood Estimation, Python,
TensorFlow Probability, Typhoons
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1 Introduction

From 2001 to 2016, the tropical storms cost the Philippines an estimated loss
of 12.5 million tons in rice production, with 260 000 tons of this loss is believed
to have come from the 2013 typhoon Haiyan alone (Blanc and Strobl, 2016).
The said typhoon is also responsible for the death of 6300 individuals (Lagmay
et al, 2015), and for forcing coconut farmer survivors to explore other sources
of income, including raising livestock and growing other crops (Seriño et al,
2021). Apart from the strong winds, Haiyan—known locally as Yolanda—also
brought with it huge storm surges, drowning the locals in the coastal area of
Leyte province (Yi et al, 2015). It is therefore of interest for the Philippines to
further study the behavior of these natural events, to help policy makers take
early precautions to hopefully reduce further losses.

Among the interests related to these disasters is the annual number of tropi-
cal cyclones (TCs) entering the Philippine Area of Responsibility (PAR). From
the literature, the task of forecasting the TC counts for PAR was first studied
by Magee et al (2021), whose paper also modeled other areas of reponsibilities
of other southeast asian countries. The said paper started with 16 covariates,
which was then filtered using an automated variable selection algorithm for
each location involved. The model used by Magee et al (2021) was a Poisson
regression model for all locations studied. Further, among the covariates fre-
quently used by their automated variable selection algorithm, the Average Sea
Surface Temperatures in the NINO3.4 region (5°-5°S, 170°-120°W), and the
Average Sea Surface Temperatures in the eastern pole (0°-10°S, 90°-110°E) of
the Dipole Mode Index (DMI) are both used as predictors in this paper. Out-
side the work of Magee et al (2021), the rest of the literature have focused on
major ocean basins, for example, the Western North Pacific (WNP) and the
Indian ocean regions.

Moreover, most TC count modeling are done at an annual level granularity.
This is true for both Magee et al (2021) and those papers applied to major
ocean regions, examples like Fan (2007) and Fan and Wang (2009) for WNP;
and, McDonnell and Holbrook (2004b) for australian-southwest pacific region.
For this study, however, we’ll model the TC frequencies at a semester level
granularity. This is because we want to take into account the autoregressive
covariates to our proposed model, and a semester level granularity will make
the historical data to have periodicity annually. So that, future frequencies can
be described by this periodicity expressed as autoregressive term of the model
input. The periodicity follows from the fact that the first semester is a non-
TC season for PAR, contrary to the second semester. This is evident from the
result of Asaad (2021). Therefore, the first semester of the year will always be
lower compared to the second semester in terms of the TC frequencies, and
this pattern recurs annually.

In addition, most TC count modeling are trained for one point ahead fore-
casting. That is, given an input, we forecast one year ahead for an annual-level
dataset. For multi-step forecasting, we roll the forecast, that is, previous fore-
cast will be used as input for future forecast, and the independent covariates
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involved needs to be forecast ahead as well. The problem with this approach
is that, it can quickly accumulate errors since the error of the preceding fore-
cast is propagated to future forecast. This is true with the model proposed by
Magee et al (2021), and we address this by simultaneously forecasting two steps
ahead for two semesters for every given input. Further, instead of using linear
models, which dominated the literature of TC count modeling, we explore a
nonlinear model. In particular, we propose an Artificial Neural Network (ANN)
model with one hidden layer and two output neurons (for the two semesters
ahead forecasting).

As for the literature on TC count forecasting for major ocean basins, most
of the models used are linear models. Popular choices are multiple linear regres-
sion models like in the works of Fan (2007), Choi et al (2010), and Fan and
Wang (2009); others have used Poisson generalized linear regression models,
for example in the study of McDonnell and Holbrook (2004a), McDonnell and
Holbrook (2004b), Chand et al (2010), Werner and Holbrook (2011), Zhang
et al (2018), and Magee et al (2021). As for the nonlinear models, however,
only Nath et al (2015) have applied it to TC count forecasting, to the best
of knowledge of the author. The model used by Nath et al (2015) is based on
ANN. It should be noted that, there are other nonlinear Poisson regression
models apart from ANN based kernels. For example, the exponential Poisson
autoregressive models studied by Fokianos et al (2009).

ANN models have gained success in the field of Machine and Deep Learn-
ing on many applications including time series forecasting. In fact, the popular
extension of ANN for sequential modeling named Long Short Term Memory
(LSTM) by Hochreiter and Schmidhuber (1997) have performed better on
complex time series forecasting compared to statistical models (see for exam-
ple Elsaraiti and Merabet (2021)). The striking feature of ANN-based models
is their complexity, which dwarfed the simplicity of statistical models. This
complexity, however, is also the reason why ANN-based models are treated as
“block-box,” mainly because of their lack of interpretability. This limitation,
however, motivated some recent innovations, for example the Neural Basis
Expansion Analysis Time Series (NBEATS) model by Oreshkin et al (2020),
aims to provide an interpretable yet powerful univariate Deep Learning model;
and another, is the Temporal Fusion Transformer (TFT) model by Lim et al
(2021), also interpretable. These Deep Learning models are suitable for com-
plex time series datasets, those defined to be high in granularity (e.g., every 3
seconds or every 5 minute datasets) with low autocorrelations, meaning past
values don’t have much influence on current values; and, those requiring long
horizon forecasting, for example 120 points for one day forecasting of a 5-
minute dataset. As such, these models can likely overfit a 142 data points
considered in this paper. Hence for this study, we’ll use the simplest ANN
model. More details are given in Section 2.

Furthermore, the two output neurons of the proposed model are assumed to
be governed by two independent Poisson distributions, each having conditional
mean conditioned on the nonlinear combinations of the autoregressive inputs
and the covariates. The model is therefore named as Poisson Neural Network
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(PoisNN). Another alternative for Poisson would be the negative Binomial dis-
tribution as in the work of Zhu (2011), but this is beyond the scope of the
paper. The assumed Poisson distribution will provide the observation uncer-
tainties, which we refer in this paper as the aleatoric uncertainties adopted
from Kendall and Gal (2017). Lastly, the model parameters are inferred
using Maximum Likelihood Estimation (MLE), but instead of maximizing, we
minimize the negative log-likelihood function.

PoisNN models were first studied by Fallah et al (2009), to the best knowl-
edge of the author. The said paper found that, PoisNN models can largely
improve the prediction in nonlinear situations. Another application of PoisNN
is the work of Montesinos-López et al (2020) on prediction of genomic count
data. Further, Huang et al (2019) also used PoisNN, but for forecasting num-
ber of emergency calls. Lastly, Rodrigo and Tsokos (2020) proposed a Bayesian
PoisNN and found that it performs well over traditional Poisson or negative
binomial regression models based on their simulation and real data studies.

The work of Rodrigo and Tsokos (2020) explored two different activation
functions, sigmoid and hyperbolic tangent, which we also considered in this
paper. These functions were also studied by Nath et al (2015), and found them
to be the optimal activations for their ANN model with one hidden layer.

In summary, this paper has two main contributions to the literature of
TC activities: i. the use of Poisson Neural Network model; and, ii. the use of
multi-step forecasting.

2 Data and methods

The data is publicly available from the Japan Meteorological Agency’s (JMA’s)
Regional Specialized Meteorological Center (RSMC). The available time points
run from 1951 to October of 2021. In total, there are 1852 unique TC
international IDs (IDs).

In order to count the frequency of the TCs for the PAR, the 1852 TC IDs are
further filtered to only those that have entered the PAR. These include tracks
that made a recursive path, meaning entering the PAR briefly and left for the
north. In total, 1250 TC IDs tallied under the PAR. It should be noted that, the
Philippines has its own local weather agency (PAGASA short for Philippine
Atmospheric, Geophysical and Astronomical Services Administration) tracking
the TCs, and there can be minor differences in terms of TC counts with that
in JMA. Nonetheless, the difference should be marginal. Figure 1a shows the
1852 TCs in the WNP, and Figure 1b shows the 1250 TCs in PAR (tails and
heads of the tracks beyond PAR were cut out for emphasis). These data points
were then grouped per semester annually, so that Figure 2a depicts the time
series of the historical frequencies of the TCs in PAR. The historical data for
NINO3.4 average SST is also displayed in Figure 2b, and Figure 2c is the
historical data of the IODE average SST. It should be noted that Asaad (2021)
defines the Philippine storms as those that went straight to the Philippines,
and classified those that made a recursive track as belonging to a different
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Fig. 1 Typhoon tracks in the a Western North Pacific (WNP) region; and, b the Philippine
Area of Responsibilities (PAR)

cluster, including those that briefly entered PAR. While it differ, the proposed
definition in this paper is already a good proxy for the number of storms that
passed straight through the country.

In this study, the data is partitioned into training and testing, with training
accounting for 80% of the data, that is up until the first semester of 2007, and
the rest accounts for the test data, that is, up until the first semester of 2021.
We exclude the second semester of 2021, since the data is not complete, and
instead we will start our roll forecast with it for the 2022 semesters. The model
parameters are estimated using the training data, with 20% of the training data
used as the validation set. The final model is then evaluated in the test data.
The software used for this study is Python (Van Rossum and Drake, 2009)
programming language, using TensorFlow Probability (Dillon et al, 2017) as
the core library for ANN modeling using MLE. Julia programming language
was also used to produce the maps in Figure 1.

The remainder of the paper is organized as follows: Section 2.1 introduces
the PoisNN model; Section 2.2 discusses the model estimation using MLE;
Section 3 presents the results; and, Section 4 is the conclusion and future works.

2.1 Poisson artificial neural network

This section provides details on the proposed model defined in Definition 1.

Definition 1 (Poisson ANN) Let F
X,Y,Z
t := σ(Xi, Yi, Zi, i ≤ t, t ∈ N) be the σ-

algebra generated by {X1, · · · , Xt, Y1, · · · , Yt, Z0, · · · , Zt}, such that [Zt+1, Zt+2]
⊤ |

F
X,Y,Z
t ∼

∏K
k=1 Poisson(λt+k), then the Poisson ANN model is defined by

λt+k := exp



αk +

q
∑

j=1

ωkjg (h(η, j))



 , (1)
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Fig. 2 Historical data for a PAR tropical cyclones’ frequency; b the NINO3.4 average SST;
and, c the IODE average SST

where

h(η, j) := βj + hX(m, j) + hY (n, j) + hZ(p, j), (2)

hX(m, j) :=
t

∑

i=t−m

ϕji log(Xi + 1), (3)
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hY (n, j) :=

t
∑

i=t−n

ϑji log(Yi + 1), (4)

hZ(p, j) :=
t

∑

i=t−p

ψji log(Zi + 1), (5)

η := [m,n, p]⊤, and g is the activation for the hidden layer.

Remark 1 We assumed that the joint distribution of Zt+1 and Zt+2 given F
X,Y,Z
t

is equal to the product of its marginal distributions, i.e., they are indepen-
dently distributed. So that, given F

X,Y,Z
t ,Pr(Zt+1, Zt+2) = Pr(Zt+1)Pr(Zt+2) =

∏2
k=1 Poisson(λt+k).

Remark 2 The Xt and Yt correspond to the covariates, which for this study are the
Average Sea Surface Temperatures in the NINO3.4 region (5°-5°S, 170°-120°W), and
the Average Sea Surface Temperatures in the eastern pole (0°-10°S, 90°-110°E) of the
Dipole Mode Index (DMI), respectively.

Remark 3 The model in Eq. (1) encodes the input data into a logarithmic scale
and decodes the output using the exponential activation function. These encoding
and decoding functions are inspired by the log-linear Poisson autoregressive model
proposed by Fokianos and Tjøstheim (2011).

For this study, we explore two sets of models: the first are those with
covariates Xt and Yt; and, the second are those with autoregressive terms only.
Lastly, for the number of hidden neurons, we examine 4, 8 and 16 neurons,
each are studied for 2 activation functions: Sigmoid, and Hyperbolic Tangent.

The network architecture for the proposed model is given in Figure 3.
The dashed outline in each neuron indicates that the node is activated by
its activation function. Therefore, the input neurons with this indicator are
activated by the log function specified in Eq. (3)-(5). Also, the output neurons
are fixed to exponential activation functions as specified in Eq. (1).

2.2 Model estimation

The weights of the model are estimated using MLE, and is done as follows: let

Y := {[y
(1)
1 , · · · , y

(1)
N ]⊤, · · · , [y

(R)
T+1−N−K , · · · , y

(R)
T−K ]⊤}, (6)

X := {[x
(1)
1 , · · · , x

(1)
M ]⊤, · · · , [x

(R)
T+1−M−K , · · · , x

(R)
T−K ]⊤}, (7)

W := {[z
(1)
1 , · · · , z

(1)
P ]⊤, · · · , [z

(R)
T+1−P−K , · · · , z

(R)
T−K ]⊤}, (8)

Z := {[z
(1)
P+1, · · · , z

(1)
P+K ]⊤, · · · , [z

(R)
T−K+1, · · · , z

(R)
T ]⊤}, (9)

where T is the total number of observations. So that, the joint of each col-
lection in matrix form is represented as follows: X := [x1, · · · ,xR],Y :=
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Fig. 3 Network architecture of the proposed Poisson ANN model for two semesters horizon

[y1, · · · ,yR],W := [w1, · · · ,wR], and Z := [z1, · · · , zR]. Further, let V be

the random variable of observing the data zi := [z
(i)
t+1, · · · , z

(i)
t+K ]⊤, and let

P := {α,β,ω,ϕ,ϑ,ψ} be a collection of weights and biases of the model,
then the likelihood function is given by:

L(P | Z,W,X,Y) := Pr(Z | W,X,Y,P) (10)

=

R
∏

i=1

Pr(V = zi | wi,xi,yi,P) (11)

=

R
∏

i=1

Pr(V = [z
(i)
t+1, · · · , z

(i)
t+K ]⊤ | wi,xi,yi,P) (12)

=

R
∏

i=1

[

Pr(z
(i)
t+1 | wi,xi,yi,P) × · · · (13)

× Pr(z
(i)
t+K | wi,xi,yi,P)

]

So that, the log-likelihood is given by:

ℓ(P | Z,W,X,Y) := logL(P | Z,W,X,Y) (14)

=

R
∑

i=1

[

log Pr(z
(i)
t+1 | wi,xi,yi,P) + · · · (15)

+ log Pr(z
(i)
t+K | wi,xi,yi,P)

]
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where

Pr(z
(i)
t+k | wi,xi,yi,P) =

λ
z
(i)
t+k

t+k exp(−λt+k)

z
(i)
t+k!

, (16)

and λt+k is a function of wi,xi,yi and P as defined in Eq. (1). Substituting
Eq. (1) to Eq. (15) gives us the complete form of the log-likelihood, which
then is the objective function. The goal therefore is to maximize this objection
function, i.e.,

P̂ := argmax
P

ℓ(P | Z,W,X,Y). (17)

However, maximizing Eq. (17) is equivalent to minimizing the negative of it,
or explicitly, the negative log-likelihood, i.e.,

P̂ := argmin
P

[−ℓ(P | Z,W,X,Y)] . (18)

Minimizing this objective function is done by taking the partial derivative
with respect to each of the parameters or weights of the model. The resulting
derivatives are then set to 0 to align to the critical values, then solving for
the corresponding weight or parameter should give the solution. The second
derivative will then confirm if the solution is the minimum value. However,
most objective functions of nonlinear models like ANN, don’t have closed-form
solution, and so exact solutions through differentiations are not possible. In
practice, we approximate the solution by numerical approximations, for exam-
ple using Stochastic Gradient Descent (SGD) (Robbins and Monro, 1951),
RMSProp (Hinton et al, 2012) or ADAM (Kingma and Ba, 2015) algorithm.
For this paper, we used RMSProp.

Lastly, minimization is often the preferred optimization task since most
software implementing the numerical approximations were developed for min-
imizing objective functions, this is true with the algorithms implemented in
TensorFlow (Abadi et al, 2015), which is used by TensorFlow Probability
(Dillon et al, 2017).

2.3 Model inference

For every given input, the model returns two point estimates as forecasts
for two semesters ahead. These two estimates serve as the rate parameter
or the mean of the Poisson distributions, which we can use to compute the
corresponding quantiles of the prediction intervals. The intervals are 90%
(lower bound at 2.5th percentile and upper bound at 97.5th percentile), 75%
(12.5th lower and 87.5th upper percentiles), and 50% (25th lower and 75th
upper percentiles). The percentile/quantile q of the forecast for training or

test data is denoted by ẑ
(i)
t+k,q, but for future TC count the notation is ẑt+k,q,

and is computed as follows: ẑt+k,q := F−1(q | λt+k), which is the image of
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F (ẑt+k,q | λt+k), the cumulative distribution function, defined below:

F (ẑt+k,q | λt+k) := Pr(Zt+k ≤ ẑt+k,q | λt+k) =

ẑt+k,q
∑

i=1

λi
t+k exp(−λt+k)

i!
. (19)

3 Results and discussions

The results are presented into the following sections: Section 3.1 discusses
the performance of the candidate models; and, Section 3.2 discusses the
corresponding forecasts of the best model.

3.1 Candidate models’ performance

There are 12 models in total that were studied in this paper, these are shown
in Table A1 with their corresponding errors and correlation for the training
data. The first six models contain independent variables, which are the average
SSTs for both NINO3.4 and the IODE regions; and, the remaining 6 candidates
from models 7 to 12 are PoisNN with no indepedent covariates, that is, we only
used the autoregressive terms to forecast the future TC counts. Each of these
models were trained for 1000 epochs, but we used early stopping rule in which
the training will stop if there are no improvements after 20 consecutive epochs.

From Table A1, we can see that Model 10 is the best performing PoisNN
for training data, which only uses autoregressive terms as its predictors, and
with 8 hidden neurons all activated by a hyperbolic tangent function. This is
followed by Model 11 which is much simpler as it only has 4 hidden neurons,
and is activated by sigmoid function. On the other hand, for the test dataset
shown in Table A2, we found that Model 11 is the best performing model in all
metrics. This is followed closely by Model 5 which uses the two independent
covariates. Both Model 5 and Model 11 uses only 4 hidden neurons and are
both activated by a sigmoid function. Therefore, out of the 12 models, we chose
Model 11 as it can generalize well in the out-sample dataset.

The main advantage of Model 11 is that it does not depend on other inde-
pendent covariates, making it easy to do roll forecast on further values. This is
not true with Model 5 since we have to forecast future values of the independent
covariates as well, to use as model input for forecasting further horizons.

The history of the minimization of the loss function of the Model 11 across
epochs is given in Figure 4.

3.2 Forecasts

The forecast of the best model (i.e., Model 11) for the training and testing
datasets are given in Figures 5-6, respectively. From both figures, the model
does capture well the characteristics of the time series. There are some misses,
however, for example the significant spike on the second semester of 1964 in
the training dataset. As for the testing dataset, it also misses on values at
first semester of 2010, at second semester of 2013, and at first semester of
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Fig. 4 Negative log-likelihood across training epochs

2016. Despite these errors, however, most of the actual values are within the
prediction intervals as indicated by the aleatoric uncertainty.

Moreover, it is a common practice in the literature (for example Zhang
et al (2018), McDonnell and Holbrook (2004b), among others) of TC count
forecasting to also check on the Pearson correlation between the forecast and
the actual values. For the proposed model, the correlation is high since the
model takes advantage of the semester-level data, where periodic patterns recur
every year.

In terms of the forecast of first and second semesters of 2022, Table 1
presents the details. As mentioned in Section 2, we did not use the second
semester data for 2021 since it is incomplete, as it only accounts TC tracks
up until October 2021. Having said that, we therefore need to forecast the
second semester of 2021, and then forecast the semesters of 2022. The results
are given in the first row of Table 1. Using the forecast mean of the second

Table 1 Tropical cyclone count forecasts of the proposed model up to the last semesters
of 2022

Year-Sem Aleatoric Percentiles Mean

2.5 12.5 25 75 87.5 97.5

2021 - Sem2 9 12 13 19 21 24 16.04
2022 - Sem1 0 1 2 5 6 8 3.52
2022 - Sem2 8 11 13 18 20 24 15.58
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Fig. 5 One-semester ahead forecast on training data.

semester 2021, we can append this to the data to simultaneously forecast
both semesters of 2022. The results are provided in the said table with the
corresponding percentiles. From the inference, about 4 TCs are expected in
PAR in the first semester of 2022, although it can be as low as 2 according
to the 50% prediction interval. For the second semester, on the other hand,
about 16 TCs are expected, but it can be as high as 20 according to the 87.5th
percentile—the upper limit of the 75% prediction interval.

4 Conclusion and future works

The aim of the study was to explore the use of PoisNN model for modeling
the Philippine storm frequencies. The results suggest that the two independent
covariates, average SSTs in the NINO3.4 and IODE regions, does contribute
in characterizing the TC counts if the PoisNN has 4 hidden neurons all acti-
vated by a sigmoid function, as specified by Model 5. Although, using this same
architecture but excluding the independent covariates will further improve
the model. Hence, we chose Model 11 as the best model among the 12 mod-
els explored. The absence of the covariates, meant that the model is easy to
maintain and operationalize since it only depends on its historical data. We’ve
shown this on forecasting the 2022, where roll forecasting was done to simul-
taneously forecast both semesters of the said year. So that, the model inferred
about 4 TCs on the first semester of 2022, and about 16 TCs for the second
semester.
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Fig. 6 One-semester ahead forecast on testing data.

There are still room for improvement. The Poisson distribution assumed in
the output neurons assumes that the mean and the variance of the population
distribution are equal. This is often not the case in practice, and one can
explore the negative Binomial distribution instead.
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Appendix A Statistical tables

Table A1 Performance of the models on training dataset

Model Input Layer Hidden Layer MSE RMSE MAE Corr.

No. Variable Lags g Neurons

1 W 4 Sigmoid 16 8.87 2.98 2.28 0.87
X 2
Y 2

2 W 4 Tanh 16 7.86 2.8 2.16 0.89

X 2
Y 2

3 W 4 Sigmoid 8 8.52 2.92 2.24 0.88
X 2
Y 2

4 W 4 Tanh 8 8.09 2.84 2.18 0.88
X 2
Y 2

5 W 4 Sigmoid 4 7.7 2.78 2.13 0.89

X 2
Y 2

6 W 4 Tanh 4 10.8 3.29 2.51 0.86
X 2
Y 2

7 W 4 Sigmoid 16 8.51 2.92 2.23 0.87

8 W 4 Tanh 16 7.60 2.76 2.12 0.89

9 W 4 Sigmoid 8 7.62 2.76 2.11 0.89

10 W 4 Tanh 8 7.20 2.68 2.02 0.89

11 W 4 Sigmoid 4 7.31 2.70 2.06 0.89

12 W 4 Tanh 4 7.62 2.76 2.13 0.89
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Table A2 Performance of the models on testing dataset

Model No. MSE RMSE MAE Corr.

1 8.17 2.85 2.34 0.87
2 8.10 2.85 2.26 0.87
3 9.89 3.14 2.55 0.84
4 9.99 3.16 2.54 0.85
5 7.55 2.75 2.28 0.88

6 10.71 3.27 2.62 0.83
7 8.61 2.93 2.37 0.86
8 9.25 3.04 2.42 0.85
9 8.00 2.83 2.33 0.87
10 8.42 2.90 2.35 0.86
11 7.49 2.74 2.26 0.88

12 8.71 2.95 2.36 0.86
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