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Abstract
As the damage caused by heavy rainfall is becoming more serious, the improvement of precipitation
forecasts is highly demanded. For this purpose, arithmetic and Bayesian average-based methods
have been proposed to integrate multiple 2D-grid forecasts. However, since a single weight is
shared in the entire grid in these methods, local variations of the importance of forecasts could
not be taken into account. Besides, although a variety of information is available in precipitation
forecast, it would not be straightforwardly to incorporate the additional information in the existing
methods. To overcome these problems, we propose an encoder-decoder-based image transforma-
tion method that generates a weight image that is optimized in a pixel-wise manner, and additional
information could be embedded as the channel of input images and feature maps. Through the
experiment of precipitation forecast in the period from April 2018 to March 2019 in Japan, we will
show that our proposed integration method outperforms existing methods.
Keywords: precipitation forecast, image-to-image transformation, encoder-decoder network

1. Introduction

Currently, Japan has been experiencing a high rainfall season for the last ten years (Japan Mete-
orological Agency (b)). Local heavy rains, e.g., cloudbursts and typhoons, cause damage every
year. To reduce these damages, further improvement of precipitation forecasts is expected. Japan
Meteorological Agency (JMA) has been operating three deterministic numerical weather prediction
(NWP) models (Japan Meteorological Agency (2019)), Global Spectral Model (GSM), Meso-
Scale Model (MSM), and Local Forecast Model (LFM), each of which has a different scale of
target region, resolution, and forecast time. Through statistical processes, the outputs of three NWP
models are respectively converted to 2D-grid data, called guidance forecast, each grid point con-
tains a weather element, e.g., 3-hour average precipitation, at the corresponding location (Japan
Meteorological Agency (2019)).

Fig. 1(a)subfigure depicts an example of precipitation data drawn on a map, with the vertical
and horizontal axes corresponding to the latitude (20◦ to 50◦N) and longitude (120◦ to 150◦E)
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(a) Example of 2D grid precipitation
data drawn on a map
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Figure 1: Left: an example of 2D precipitation grid data on July 6th, 15:00UTC, 2018, drawn on
a map. In the data, there are 604 and 484 grid points on the vertical and horizontal axes,
respectively, and each grid point has a 3-hour average precipitation. Right: the histogram
of precipitation data of the left figure. We note that only the data inside the Japanese
archipelago are drawn.

respectively. The data are in the form of a 2D grid with each axis sampled at regular intervals of
604 and 484 points. Each grid point contains the average amount of precipitation per three hours.

To improve precipitation forecasts, the methods for integrating multiple guidance forecasts have
been actively studied (Mori et al. (2021); Sloughter et al. (2007); Fraley et al. (2010); Liu and Xie
(2014); Ji et al. (2019)). In the arithmetic average method (Mori et al. (2021)), three guidance
forecasts at each grid point are averaged, where the weight is fixed at 1

3 for all grid points. This
simple averaging would be expected to reduce the random errors of each forecast.

In the Bayesian average methods (Sloughter et al. (2007); Fraley et al. (2010); Liu and Xie
(2014); Ji et al. (2019)), the precipitation is assumed to follow the mixture of distributions, and the
weight of each guidance forecast is optimized to minimize the negative log-likelihood approximated
with recent past data. Although the weight is adjusted adaptively depending on the seasons of the
year in Bayesian averaging methods, a single weight is shared across the 2D grid as well as the
arithmetic average. Thus, the local variations of the importance of guidance are not taken into
account.

Recently, a deep encoder-decoder image transformation approach called U-Net (Ronneberger
et al. (2015)) was applied to directly forecast precipitation on a short-term range, e.g., 30-min to
1-hour, called nowcasting—as a spatial classification task (Agrawal et al. (2020)) and a spatial re-
gression task (Trebing et al. (2020)). These works showed that U-Net based image transformation
approaches, e.g., for spatial classification and regression, are promising to directly forecast pre-
cipitation in a short term range. However, current U-Net based approaches do not consider the
integration of existing multiple forecasts, needed for accurate forecasts for the longer-term range.

For more accurate and long term ranges, we propose U-Net based integration method of multiple
guidance forecasts where the input image of multi-channel with guidance forecasts, is transformed



ENCODER-DECODER-BASED INTEGRATION OF PRECIPITATION FORECASTS

to the weight image, each pixel of which contains a local dependant weight. To this purpose, we
extend the architecture of U-Net by introducing

• Truncation loss for stabilizing the training of U-Net, disturbed by the model-misfit errors

• Precipitation Bin Wise (PBW) loss for correcting the imbalance of precipitation data

• Forecast time embedding for adaptively extracting feature maps depending on the target fore-
cast time

Through experiments with the task of the three-hour average precipitation forecast, 3 to 9-hour later,
in Japan from April 2018 to March 2019 using the data of JMA (Japan Meteorological Agency (a)),
we show the effectiveness of our proposed method in comparison with existing integration methods,
individual guidance forecast, and current U-Net-based forecast methods.

2. Related works

Let us consider a two-dimensional Nlat × Nlon grid of data. Let Yij , Fijk, and Wijk be the true
value, the k-th forecast, and the k-th weight at the grid point (i, j).

2.1. Integration by arithmetic average

To integrate multiple forecasts with arithmetic averages, all 2D grid forecasts need to have the
exact resolution. To this purpose, a down-scaling technique using deep neural networks has been
developed by JMA (Mori et al. (2021)). Then, the integrated forecast Ŷ ∈ RNlat×Nlon is calculated
by the weighted sum of forecasts F ∈ RNlat×Nlon×Ng with a fixed weight W ∈ RNlat×Nlon×Ng as
follows:

Ŷ =

Ng∑
k=1

Fk ⊗Wk (1)

Wijk =
1

Ng
∀ijk (2)

where ⊗ is Hadamard product, and Ng is the number of types of forecasts (see Fig. 2). The im-
provement of precipitation forecasts was reported thanks to the reduction of random errors in each
forecast.

2.2. Integration by Bayesian average

With the assumption of the precipitation following the mixture of Bernoulli and Gamma distribu-
tions, Bayesian average methods have been actively studied (Sloughter et al. (2007); Fraley et al.
(2010); Liu and Xie (2014); Ji et al. (2019)). Specifically, the binary category of zero precipita-
tion (Yij = 0) or non-zero precipitation (Yij > 0) is assumed to follow the Bernoulli distribution.
Besides, the probability that the amount of precipitation (Yij > 0) is below a certain threshold is as-
sumed to follow as a gamma distribution. Then, the probability density function of the precipitation
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Yij is defined using the indicator function I(·) as

p(Yij |Fij) =
Ng∑
k=1

[
b(Y

1
3
ij = 0|F

1
3
ijk)I(Yij = 0) +

(
1− b(Y

1
3
ij = 0|F

1
3
ijk)
)
gk(Y

1
3
ij |Fijk)I(Yij > 0)

]
Wk

(3)

where the cube root is used for reducing the range of the precipitation value. b(·) is Bernoulli dis-
tribution approximated by logistic regression, and gk(·) is the gamma distribution of k-th forecast;
the mean µijk and variance σ2ijk of which are defined based on the forecast Fijk as

µijk = b0k + b1kF
1
3
ijk, σ2ijk = c0k + c1kFijk (4)

where b = (b0, b1) and c = (c0, c1) are parameters to be tuned. The integrated forecast Ŷ is
calculated as

Ŷij = stat
( Ng∑
k=1

(
1− b(Y

1
3
ij = 0|F

1
3
ijk)
)
gk(Y

1
3
ij |Fijk)Wk

)3
(5)

where stat(·) is the statistics of the mixture of distributions, e.g., mean and median. The weight W
is tuned so as to minimize the negative log-likelihood through EM algorithm with the recent past
data {Y, F} as

min
W,c
− E
Y,F

[
log

Nlat∑
i=1

Nlon∑
j=1

p(Yij |Fij)
]

Various extensions have been made, e.g., for exchangeable and missing forecasts (Fraley et al.
(2010)), and precipitation categories (Ji et al. (2019)).

From this optimization process, the weight could be adjusted adaptively depending on the sea-
sons of the year. However, as well as the arithmetic average, the same weight Wk is used for the
entire grid {i, j} a single weight is shared across the 2D grid for each guidance. Thus, the local
variations of the importance of guidance are not taken into account. Besides, various information
is available in precipitation forecasts, such as forecast time, current precipitation data, wind speed,
and humidity simulated by NWP models. In general, it would not be straightforward to incorporate
this additional information in the mixture distribution model due to the nature of linearity.

2.3. U-Net based direct approach

In the work (Agrawal et al. (2020)), a sequence of past precipitation images, i.e., observed by 2D-
radar, is transformed to a future precipitation image, containing the predicted label of intervals of
precipitation at each location. Meanwhile, U-Net could be used as a spatial regression method in the
context of precipitation forecast. In the work (Trebing et al. (2020)), U-Net was extended to predict
exact precipitation at each location (Trebing et al. (2020)) in 30-min, by introducing attention-
mechanisms and depth-wise-separable convolutions to increase the computational efficiency. These
works showed that U-Net based image transformation approaches, e.g., for spatial classification and
regression, are promising to directly forecast precipitation in a short term range, 30-min to 1-hour.

However, in general, the training of U-Net for a high degree of freedom output, i.e., the re-
gression for the values in an extensive range of precipitation, e.g., 0-100+, and the classification of
multiple intervals would be difficult with limited, highly imbalanced, and largely varied data.
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Figure 2: Image to image transformation framework for integrating forecasts using U-Net.

3. Proposed integration method

To mitigate these problems, we propose an image transformation based forecast integration method,
called iTraFI. This method transforms the input image consisting of guidance forecasts and addi-
tional information in the channel to the weight image, each pixel of which contains a local dependant
weight.

3.1. Architecture of iTraFI

The architecture of our proposed method is illustrated in Fig. 2. Let the input image be X ∈
RNlat×Nlon×Nin which consists of forecast images F and arbitrary additional information as to its
channels. Given the input image X , the encoder iteratively applies convolution and max-pooling
processes to extract the feature map Z. Given the feature map Z, the decoder iterates convolution
and up-convolution until the resolution of the feature map becomes the same as the one of the input
image X . The weight image W is outputted through a sigmoidal operation. Then, the weighted
sum of the forecast image F with the weight image W is used to obtain the forecast image Ŷ as

Z = encθ(X), W = decφ(Z, τ )

Ŷ =

Ng∑
k=1

Fk ⊗Wk, 0 ≤Wijk ≤ 1 (6)

where τ is the label of forecast time (FT) τ , and θ and φ are parameters of encoder and decoder
networks respectively. These parameters are tuned so as to minimize the loss between true value Y
and integrated forecast Ŷ with Frobenius norm regularization as

min
θ,φ

E
Y,F

[
loss
(
Y, Ŷ

)
+ λ‖W‖2F

]
(7)
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where λ is the hyper-parameter to adjust the strength of the regularization. The role of Frobe-
nius norm regularization of the weight W is to reduce the number of combinations of the weight
Wij achieving the minimization of the loss

(
Yij , Ŷij

)
. For example, when Fij = (30, 40, 100) and

Yij = 70, there are many combinations of Wij to obtain the zero-error-forecast Ŷij , e.g., Wij =
(1.0, 1.0, 0.0), Wij = (1.0, 0.5, 0.2) , Wij = (0.0, 0.25, 0.6), and Wij = (0.0, 0.0, 0.7). The regu-
larization would lead to the weight Wij with smaller L2-norm ‖Wij‖2, e.g., Wij = (0.0, 0.25, 0.6).

3.2. Truncation loss

The constraints of Wijk in Eq. 6 would be useful for visualizing and analyzing the contribution of
each forecast Fijk. However, when the true value Yij is the outside of the region spanned by fore-
casts in training, the optimization problem in Eq. 7 could not be solved. This makes the training of
U-Net unstable since the loss at many grid points keeps remained large. On the other hand, remov-
ing the constraints on Wijk would also make the training unstable due to large errors imposed by
large disparities between forecasts Fij and Yij . To mitigate these instability problems, we truncate
the loss by replacing Yij with Y ∗ij as follows:

Y ∗ij ←−


max
k

Fij Yij > max
k

Fij

min
k
Fij Yij < min

k
Fij

Yij otherwise

(8)

3.3. Precipitation Bin Wise Loss

In general, the precipitation data are overly imbalanced. Fig. 1(b)subfigure is the histogram of
the precipitation of Fig. 1(a)subfigure. These figures show that while there is medium to heavy
rain in the southwest of Japan, zero or near zero precipitation is in most regions. Due to this
heavy imbalance, the optimization problem of the parameters θ and φ (in Eq. 7) with standard loss
function, e.g., mean absolute error, is dominated by zero and near-zero precipitation data. Then,
this will lead the U-Net not to take the medium to heavy precipitation into account when generating
weight W .

To mitigate this problem, we propose Precipitation Bin Wise (PBW) loss where we split the
precipitation into several bins and allocate each data-coordinate (i, j) into the one of bins according
to Y ∗ij and take the average error from the center of bin as

loss
(
Y ∗, Ŷ

)
≡

Nthre−1∑
t=1

1

|Dt|
∑

(i,j)∈Dt

∣∣∣rt + rt+1

2
− Ŷij

∣∣∣
Dt ≡ {(i, j)|rt ≤ Y ∗ij ≤ rt+1} (9)

where Dt is the set of coordinates (i, j) and rt is the t-th threshold in the vector r defined by

r = (0, 0.5, 1, 3, 5, 10, 15, 20, 25, 30, 40, 50, 60, 70, 80, 100, 120) (10)

3.4. Forecast time embedding

In order to adaptively generate weight W depending on the forecast time (FT) τ , we propose to
select the channels of feature map Z based on τ at the decoder dec(Z, τ ). Specifically, as shown
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in Fig. 2, we split the channels of the feature map Z ∈ Rw×h×Nemb into the individual FT parts
(NftNind channels) and the common part (Nemb − NftNind channels)—w and h, Nemb and Nind,
denote the width and height of the feature map Z, the number of channels of Z and each individual
FT part, respectively. The label of FT τ is represented by a one-hot vector with the same dimensions
as the number of types of FT, Nft.

For example, if the FT is {3, 6, 9}, i.e., Nft = 3, then τ will be a 3-dimensional vector, and for
τ = +6, τ = (0, 1, 0). Then, we create a mask map M with the same size as the feature map Z.
The first part of the mask map, NftNind-channel, is a mask for individual FT parts that the one-hot
vector τ is extended. The second part, Nemb − NftNind channels, is a mask for the common part
where all elements are 1. By multiplying this mask map M by the feature map Z, we extract the
feature map consisting of the FT τ and the common parts as

Z ′ = Z ⊗M (11)

4. Experiment with precipitation forecast

We show the effectiveness of the proposed method, iTraFI, through experiments with the task of
three-hour average precipitation forecast, 3 to 9-hour later, from April 2018 to March 2019, in the
Japanese archipelago using the data of JMA (Japan Meteorological Agency (a)).

4.1. Experimental setting

In terms of computational cost, we resize 604 × 484 of 2D grid data (see Fig. 1(a)subfigure) to
312 × 248 using the resize function of cv2 library. The evaluation period is from April 2018 to
March 2019, and the evaluation region is the land and coast of Japan in Fig. 1(a)subfigure. We use
three guidance forecasts (LFM, MSM, and GSM) and outputs of NWP models generated at every
3-hour (8 times per day) for the forecast time (FT) {3, 6, 9}—there are 8× 3 = 24 sets of forecasts
per day. We compare the performance of precipitation forecasts generated by the following six
methods:

• LFM guidance

• MSM guidance

• GSM guidance

• Arithmetic average (in Sec. 2.1)—integrating the three forecasts using a fixed weightWk =
1
3 .

• Bayesian average (in Sec. 2.2)—training logistic regression model b(·) and weight Wk using
the recent past 30 days of data {F, Y } based on the study (Sloughter et al. (2007)). The
parameters of the gamma distribution gk(·) in Eq. 4 are tuned manually at b = (0, 1) and
c = (0, 0.01) respectively.

• Proposed method, iTraFI
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Table 1: List of channels of input image X for iTraFI

channel name source FT τ content

LFM guidance (LFM) {3, 6, 9} Precipitation forecast F (+τ)
k=1

MSM guidance (MSM) {3, 6, 9} Precipitation forecast F (+τ)
k=2

GSM guidance (GSM) {3, 6, 9} Precipitation forecast F (+τ)
k=3

OBS observation 0 Precipitation Y (0)

LFM-U NWP (LFM) {3, 6, 9} EW-component of wind speed at ground [m/s]
LFM-V NWP (LFM) {3, 6, 9} NS-component of wind speed at ground [m/s]

LFM-RH NWP (LFM) {3, 6, 9} Humidity at altitude of 925hPa [%]
LFM-PSEA NWP (LFM) {3, 6, 9} Sea level pressure at ground [hPa]
LFM-OMG NWP (LFM) {3, 6, 9} Vertical velocity at altitude of 700hPa [hPa/h]

LFM-Z NWP (LFM) {3, 6, 9} Geopotential height at altitude of 500hPa [m]
LFM-VOR NWP (LFM) {3, 6, 9} Relative vorticity at altitude of 500hPa [10−4/h]

4.2. Setting of iTraFI

In our proposed method, in addition to the guidance forecasts F (+τ)
k , arbitrary additional informa-

tion with the exact resolution could be incorporated as a channel of the input image X . As shown
in Table 1, the current observed precipitation Y (0) and seven different types of NWP outputs are
used as additional information. Therefore, the total number of channels of the input image X is
Nin = 10—the overall shape is 312 × 248 × 10. The number of channels in each layer is set by
Nbase × 2l−1 where l ∈ {1, 2, 3, 4, 5} is the index of layers in each encoder and decoder networks
(see Fig. 2), and Nbase = 20 is the number of base channels.

For each month of the evaluation period from April 2018 to March 2019, a U-Net model with
parameters of encθ(·) and decφ(·) is trained—12 different models are trained totally. As the training
data for a certain target month, we use the data of the same months, and ten days before and after,
of the previous three years; the maximum number of epoch for training U-Net is set to 200 and 10%
of training data are used for an early stopping operation. The size of the mini-batch is set to 20.

4.3. Evaluation metrics

The BIas score (BI) and Equitable Threat Score (ETS) (Japan Meteorological Agency (2019)) based
on the precipitation thresholds as

r′ = (0, 0.5, 1, 3, 5, 10, 15, 20, 25, 30, 40, 50, 60, 70, 80, 100) (12)
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are used to evaluate the performance of precipitation forecasts. The following six sets of grid points
are defined based on the threshold rt:

Frt ≡ {(i, j) | Ŷij ≥ rt}
Ort ≡ {(i, j) | Yij ≥ rt}

FOrt ≡ {(i, j) | Ŷij ≥ rt ∩ Yij ≥ rt}

FXrt ≡ {(i, j) | Ŷij ≥ rt ∩ Yij < rt}

XOrt ≡ {(i, j) | Ŷij < rt ∩ Yij ≥ rt}

XXrt ≡ {(i, j) | Ŷij < rt ∩ Yij < rt}

Since FOrt is the set of points where both the forecast Ŷij and the true value Yij exceeds the
threshold, this set is interpreted as True Positive with respect to the threshold. Similarly, XO, FX
and XX correspond to False Negative, False Positive and True Negative respectively.

Using these sets, BI and ETS are defined as

BIrt ≡
|FOrt |+ |FXrt |
|FOrt |+ |XOrt |

(13)

ETSrt ≡
|FOrt | − Srt

|FOrt |+ |FXrt |+ |XOrt | − Srt
, Srt ≡

|Ort |
N
|Frt | (14)

where N is the number of all grid points, and Srt represents the number of FO in the random
forecast. In other words, BI is the ratio of a forecast concerning the observation, and ETS is the
ratio of true positive over the forecast and observation, discounted by the random forecast.

4.4. Evaluation results

Fig. 3 and Fig. 4 depict the performance of precipitation forecast with different settings of FTs
τ using BI and ETS—for visualization purposes, ETS values are divided by ones of arithmetic
average.

Fig. 3(b)subfigure shows that the existing methods, arithmetic and Bayesian average methods,
tend to provide better performances than each guidance forecast, i.e., LFM, MSM, or GSM, in
almost all precipitation thresholds except for the LFM with the threshold of 100 [mm/3h]. This
indicates that random error in each of guidance forecasts, could be canceled to some extent by
averaging three forecast values.

However, large errors in one of three forecasts or correlated errors among two or three forecasts
could not be reduced in principle, especially with the constant weight Wk. Fig. 5 depicts forecasts
generated by LFM-, MSM-, GSM-guidance, arithmetic average, Bayesian average, and proposed
method on July 6th, 9:00UTC, 2018 for FT τ = 6 where the true precipitation value is depicted in
Fig. 1(a)subfigure. Guidance forecasts by LFM, MSM, and GSM in Fig. 5(a)subfigure, 5(b)subfigure,
and 5(c)subfigure seem to forecast well when comparing with Fig. 1(a)subfigure but there are er-
rors in some details. For example, there exist large XO (False Negative) regions in Hyogo (around
34.5◦N & 135◦E) and FX (False Positive) regions in Chugoku (around 34.5◦N & 133◦E) in GSM-
guidance.
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Figure 3: Performance of precipitation forecast with all forecast times (FTs) τ ∈ {3, 6, 9} for LFM-
, MSM-, GSM-guidance, arithmetic average, Bayesian average and proposed method
(iTraFI). Forecasts are done every 3 hours from April 2018 to March 2019. As the metric
of precipitation forecast, the BI and ETS (see Sec. 4.3) are calculated at each precipitation
threshold r′ (in Eq. 12). For the visualization purpose, each ETS values are divided by
the ones of arithmetic average.

Forecasts obtained by integrating three forecasts using arithmetic average in Fig. 5(d)subfigure
or Bayesian average in Fig. 5(e)subfigure show that some errors in guidance forecasts could be
mitigated where the FX regions of the GSM are improved in both arithmetic and Bayesian average
methods. However, the significant errors in guidance forecasts keep remaining, i.e., the XO regions
of the GSM in both methods. These examples indicate that arithmetic and Bayesian average meth-
ods would have problems of the trade-off between regions in which the error in one region improves
but it gets worse in other regions since a single weight Wk is shared over the entire region.

On the other hand, our proposed method, iTraFI, would enable us to adaptively tune the weight
depending on the location, and Fig. 3 and Fig. 4 show that it further improves the performance more
than existing methods. That is, the BI values of the proposed method are more close to one as shown
in Fig. 3(a)subfigure, 4(a)subfigure, 4(c)subfigure, and 4(e)subfigure, indicating that the proposed
method forecasts precipitation at each threshold with a moderate number of times. The ETS values
of the proposed method are higher in almost all thresholds as shown in Fig. 3(b)subfigure, 4(b)subfigure,
4(d)subfigure, and 4(f )subfigure, indicating that the proposed method provides more accurate inte-
grated forecasts than existing methods. Fig. 5(h)subfigure and Fig. 6 depict the integrated forecasts
and the weights, obtained by our proposed method. These figures show that the XO and FX regions
of the GSM are removed in the integrated forecasts (in Fig. 5(h)subfigure) since the weights in the
regions are set at low values, i.e., almost zero, as shown in Fig. 6(c)subfigure. Meanwhile, the FO
(True Positive) forecasts of those regions in the LFM are accepted since the weights of the regions
in LFM are set high values, i.e., about 0.6 as shown in Fig. 5(a)subfigure and Fig. 6(a)subfigure.

Fig. 6(d)subfigure depicts the normalized histogram of the highest weights among three guid-
ance forecasts at each location, in the case that the FT τ = 6 true precipitation≤ 69 and≥ 70 in July
2018. The figure shows that our proposed method could set weights adaptively i.e., higher/lower
weights for higher/lower future precipitation.
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4.5. Ablation study

To confirm the effects of the architecture and components of our proposed method, iTraFI, we
compare the performance of iTraFI with the following variants;

• iTraFI without additional information (see Table. 1)—only guidance forecasts, F , are used as
the input.

• iTraFI without PBW (see Sec. 3.3)—the mean absolute error (MAE) is used as the loss func-
tion instead of PBW loss.

• iTraFI without truncation loss (see Sec. 3.2)—true values Y are directly used for computing
PBW loss in the training.

• iTraFI without forecast time embedding (see Sec. 3.4)—the feature map Z is passed to the
decoder as it is.

• U-Net based regression (Trebing et al. (2020))—the precipitation value at each location is
directly estimated using the same U-Net architecture and input as iTraFI, by minimizing the
MAE loss function.

• U-Net based classification (Agrawal et al. (2020))—a precipitation interval consisting of ad-
jacent thresholds in r′ (Eq. 12), is selected, i.e., 16-class classification task, using the same
U-Net architecture and input as iTraFI, by minimizing the cross-entropy loss function. To
convert to the precipitation value, the lower bound of the selected interval is used.

Fig. 7(a)subfigure and Fig. 7(b)subfigure depicts BI and ETS values of iTraFI and its variants.
The figures show that removing the PBW loss or truncation loss of iTraFI largely decreases its
performance, although removing additional information and forecast time embedding would slightly
affect the performance. This indicates that the PBW loss could treat well prohibitive imbalance
problems that inevitably happened in the precipitation data, and the truncation loss would contribute
to stabilizing the training of U-Net. Fig. 7(c)subfigure and Fig. 7(d)subfigure depict BI and ETS
values of iTraFI and iTraFI w/o forecast time embedding in each of FTs. The figures show that
forecast time embedding would be effective except for some cases; high precipitation in FT τ = 6
and 9.

In addition, Fig. 7(b)subfigure shows that the U-Net based regression and classification methods
decrease the performance of forecasts. In general, the training of deep neural networks with a high
degree of freedom output, i.e., the regression for the values in a range of 0-100+ precipitation
and the classification of 16 intervals would be complicated with limited, highly imbalanced, and
largely varied data. The task of precipitation forecast would be a typical example of such cases.
Fig. 5(f )subfigure and Fig. 5(g)subfigure show that although the tendency of predicted precipitation
is similar to the true precipitation in Fig. 1(a)subfigure, the predicted values tend to be lower and
thus there would be lots of XO (False Negative) regions, indicating a naive application of existing
U-Net would not help for accurate precipitation forecasts, especially for a longer-term range.

Overall, these experimental results show that our proposed architecture of iTraFI generating
weights for integrating guidance forecasts could be effective as our proposed method outperforms
existing methods.
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5. Conclusion

In this work, we propose a new approach, called iTraFI for integrating precipitation forecasts, by
converting forecasts images to weight images; this enables us to tune the weight adaptively depend-
ing on the locations and to incorporate additional information from numerical weather prediction
models and forecast time. Through experiments with the task of precipitation forecast for the fu-
ture time of 3, 6, and 9 in Japan, we show the effectiveness of our proposed method over existing
methods, including arithmetic average, Bayesian average, and recent U-Net-based regression and
classification methods. The further improvement for a longer forecast time than 9-hour would be
expected as future works. In addition, our proposed method is not specific to the precipitation data
and could be applicable to other forecast tasks with multiple spatial forecasts, e.g., wind speed and
temperature, etc. The evaluation in other forecast tasks would also be future works.
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(c) BI for τ = 6
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(d) Ratio of ETS for τ = 6
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(e) BI for τ = 9
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(f ) Ratio of ETS for τ = 9

Figure 4: Performance of precipitation forecast with each individual forecast time (FT) τ ∈
{3, 6, 9} for LFM-, MSM-, GSM-guidance, arithmetic average, Bayesian average and our
proposed method, iTraFI. Forecasts are done every 3 hours from April, 2018 to March,
2019. As the metric of precipitation forecast, the BI and ETS (see Sec. 4.3) are calculated
at each precipitation threshold r′ (in Eq. 12). For the visualization purpose, ETS values
are divided by the ones of arithmetic average.
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(a) LFM guidance (b) MSM guidance (c) GSM guidance (d) Arithmetic average

(e) Bayesian average (f ) U-Net regression (g) U-Net classification (h) Proposed method

Figure 5: Precipitation forecasts drawn on a map. The forecasts are generated by LFM-, MSM-,
and GSM-guidance, arithmetic average, Bayesian average, U-Net based regression (Tre-
bing et al. (2020)) and classification (Agrawal et al. (2020)) (see Sec. 4.5), and proposed
method (iTraFI) on July 6th, 9:00UTC, 2018 for FT τ = 6. The true precipitation data
are shown in Fig. 1(a)subfigure.
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(d) Weight distribution

Figure 6: Left: Weights Wk for each guidance, drawn on a map. These weights are generated by
proposed method, iTraFI, on July 6th, 9:00UTC, 2018 for the FT τ = 6. Right: histogram
of highest weights among three guidance forecasts at each location for the FT τ = 6 true
precipitation ≤ 69 and ≥ 70.
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Figure 7: Ablation study—Fig. 7(a)subfigure and Fig. 7(b)subfigure show the performance com-
parison of our proposed method, iTraFI, with w/o additional information, w/o PBW, w/o
truncation loss, w/o forecast time embedding, U-Net based precipitation regression (Tre-
bing et al. (2020)), and precipitation interval classification (Agrawal et al. (2020)).
Fig. 7(c)subfigure and Fig. 7(d)subfigure show the performance comparison of iTraFI
and iTraFI w/o forecast time embedding in each of FTs.
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