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Abstract

Numerical weather forecast models have biases caused by insufficient grid resolution

and incomplete physical processes, especially near the land surface. Therefore, the

Japan Meteorological Agency (JMA) has been operationally post-processing the forecast

model outputs to correct the biases. The operational post-processing method uses a

Kalman filter (KF) algorithm for surface temperature prediction. Recent reports showed

that deep convolutional neural networks (CNNs) were better than the JMA operational

method in correcting the temperature forecast biases. This study combined the

CNN-based bias correction scheme with the JMA operational KF algorithm. We expected

that the combination of CNNs and a KF would improve the post-processing performance,

as the CNNs modify large horizontal structures, and then, the KF corrects minor

spatiotemporal deviations. As expected, we confirmed that the combination

outperformed both CNNs and the KF alone. This study demonstrates the advantages of

the new method in correcting coastal front, heat wave, and radiative cooling biases.

Keywords deep convolutional neural network, statistical post-processing, temperature

forecast, Kalman filter, fine-tuning
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1. Introduction

Temperature is an element of weather that has a large impact on daily life as well as social,

agricultural, and economic activities. Numerical weather prediction (NWP) is commonly

used for forecasting temperatures. However, NWP models have biases due to limited

horizontal grid resolution and imperfections in physical processes. Thus, the Japan

Meteorological Agency (JMA) has been operationally post-processing the NWP model

outputs to correct these biases. This post-processing is called guidance (Klein and Glahn

1974; Zurndorfer et al. 1979) or model output statistics (MOS; Glahn and Lowry 1972). The

JMA provides temperature guidance products to support forecasters for short-range

surface temperature forecasts (JMA 2023a). Furthermore, the JMA has been improving the

temperature guidance forecast to prevent heat stroke from extreme temperatures or crop

damage from low temperatures. The JMA also aims to improve transportation safety by

improving snowfall forecasts that use temperature guidance forecasts (Furuichi and

Matsuzawa 2009).

At present, the JMA has two types of temperature guidance systems in operation: a

point-like temperature guidance system and a gridded temperature guidance system

(Sannohe 2018). The JMA started operating the point-like temperature guidance system in

1979 (JMA 1986) and introduced a Kalman filter (KF) into the algorithm in 1996 (Segami et

al. 1995). The point-like temperature guidance system forecasts 1.5-m temperatures at

each meteorological station. The equations have been adjusted successively at more than

2
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900 Japanese stations of the Automated Meteorological Data Acquisition System

(AMeDAS; JMA 2023b). The explanatory variables are NWP outputs around the stations,

and the objective variable is the temperature difference between the NWP outputs and

observations at the stations. By statistically correcting NWP model biases, the temperature

guidance system can reduce forecast errors in the NWP models. However, JMA’s

operational guidance system cannot correct horizontal positioning errors, such as positional

errors in coastal fronts (Takada 2018a), because it only uses explanatory variables around

the stations.

JMA’s temperature guidance employs an online learning technique with a KF that

sequentially evolves the coefficients of the prediction equations based on the latest

observations. Online learning has four advantages: it can follow seasonal changes in NWP

biases, NWP model updates (Takada 2018b), and changes in the environment due to

observatory relocation (Takada 2018c), and it can adapt to newly established observatories

without a long-term dataset. The most important advantage is that online learning has the

ability to respond to NWP model updates. NWP models are updated regularly to increase

performance (Wilson and Vallée 2002). As NWP models change, the biases in NWP

models change, meaning that post-processing must be reconfigured with a new dataset.

Online learning with the KF can accommodate these changes. The second is that it can

respond to changes in stations’ surroundings. AMeDAS stations are relocated if their

environmental conditions have changed. When a station has relocated, the characteristics

3
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at that location often change significantly (Miura and Ohashi 2017). The guidance system

can adapt to new locations through online learning without a long-term observational

dataset.

The other temperature guidance forecast, i.e., the gridded temperature guidance forecast,

is created from the point-like temperature guidance forecast and the gridded temperature

predictions of the NWP models by weighted averaging based on distance and topography

(Kuroki 2017). Because JMA’s operational gridded temperature guidance system links to

the point-like temperature guidance system, there is consistency between point-like and

gridded temperature guidance forecasts.

National weather agencies utilize post-processing algorithms for forecasting temperatures.

The National Weather Service uses multiple linear regressions (MLRs) to generate both

point and grid temperature guidance forecasts. They analyze the guidance forecasts

objectively with elevation corrections to produce gridded forecasts of weather elements,

such as temperature, clouds, and snow amount (Glahn et al. 2009). The gridded guidance

forecasts are spatially consistent predictions that are provided for forecasters. The Met

Office employs KF for point-like temperature (Met Office 2015) and physically based

corrections for height differences between the terrain in the NWP models and the actual

topography for gridded temperature (Sheridan et al. 2010). Météo-France provides

point-like temperature predictions using MLR, KF and random forest (Météo-France 2015,

Météo-France 2020). Deutscher Wetterdienst used MLR for point-like temperature

4
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forecasts (Veira et al. 2017). To our knowledge, no national weather agency currently uses

deep learning methods for temperature forecasting post-processing.

Recently, some studies have been conducted on temperature predictions using

deep-learning methods. To our knowledge, studies have yet to combine gridded and

point-like forecasts. Dongjin et al. (2022) compared several machine learning and deep

learning methods and showed that convolutional neural networks (CNNs) were effective for

post-processing next-day maximum temperatures. They reported that CNNs showed good

performances among the other post-processing models by using surrounding spatial

information at stations; however, they did not refer to relocations of stations. In general, it is

impossible to train networks until sufficient observation data are stored at the new site after

relocation. In the study of gridded temperature forecasting, Bing et al. (2022) verified

convolutional long short-term memory (ConvLSTM; Shi et al. 2015) models as a forecasting

method for timeseries gridded temperatures. They applied them to create hourly forecasts

of the 2-m temperature for the subsequent 12 h over Europe. Even though their methods

did not reach the capabilities of current NWP models, they demonstrate that deep neural

networks may achieve forecast quality beyond the nowcasting range in a data-driven way.

Kudo (2022) studied gridded forecasts for 1.5-m temperature using CNNs. They reported

that the CNN has the ability to correct the horizontal position bias in temperatures in NWP

models. Their “DNN-based gridded temperature predictions” surpassed the JMA's

operational gridded temperature guidance forecast by approximately 0.25 °C in root mean

5



130

131

132

133

134

135

136

137

138

139

140

141

142

143

144

145

146

147

148

149

square error (RMSE). Furthermore, their study showed that the CNN corrects NWP model

biases, such as positional errors of coastal fronts and extreme temperatures, which are

difficult to predict in the JMA's operational guidance forecast. However, their study did not

focus on point-like predictions, and therefore, the performance at each station is uncertain.

The present study combined the bias corrections of the CNNs and the KF to produce

point-like temperature predictions. Since the CNNs could correct the large horizontal

structure of the NWP models and the KF could correct small spatiotemporal errors, we

expect that the combination of each method would improve post-processing performance.

In addition, the method could adapt the relocations of stations and NWP model updates

through online learning with the KF.

2. Methodology

2.1 Meteorological data

Following a previous study (Kudo 2022), the present study used JMA’s operational

mesoscale nonhydrostatic regional model (MSM; JMA 2023c) outputs for explanatory

variables with a 5-km horizontal resolution and a three-hour interval. The dataset period

was from 00 UTC on October 8, 2010, to 21 UTC on December 31, 2021, with the MSM

forecasts initialized at 00, 03, 06, 09, 12, 15, 18, and 21 UTC. For training the CNNs, we

used only 15-hour predictions from each initial time, as in Kudo (2022). However, the CNN

inference forecast range was 3 to 39 hours at 3-hour intervals to clarify the performance of

6
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the CNNs.

The objective variable was the 1.5-m temperature extracted from the operational

estimated weather distribution products of the JMA (Wakayama et al. 2020), which

estimates real-time gridded weather elements in Japan. The products contain 1-km gridded

1.5-m temperature. We averaged the temperature in 5-km grids following the MSM grids.

As the estimated surface temperature covers only land, the loss function was only

calculated for grids on land. This estimated surface temperature (EST) dataset served as

the target or ground truth for the prediction, i.e., the observational temperature distribution.

The dataset covered the same period as that of the MSM forecast.

2.2 Structure of the neural networks

Fig. 1 shows the CNN model used in the present study, which is the same as the encoder—

decoder-based deep CNNs proposed in Kudo (2022). The CNN model consisted of

2-dimensional convolution, max-pooling, and fully connected layers with sigmoid or ReLU

(Nair and Hinton 2010) activation functions and batch normalization. Table 1 describes the

parameters used in the model. The network inputted seven variables and outputted a 1.5-m

temperature with 128 x 128 grid points. The seven input variables were temperatures at the

surface, 975, 925, and 850 hPa, mean sea level pressure, and surface wind components U

and V derived from the MSM. The input variables were standardized with each input

channel's maximum and minimum values ranging between 0 and 1. After encoding and

Fig. 1

Table 1
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decoding, the output variables were inversely transformed. The CNN model was trained

only on the ground grid points for each forecast lead time using the mean square error loss

function with the Adam optimizer (Kingma and Ba 2015). The input and target datasets

were divided into three parts: training, validation, and test periods, as shown in Table 2. The

validation dataset was used only for hyperparameter adjustment. The test dataset was

used to verify the prediction accuracy of the CNN model.

2.3 Prediction procedure
2.3.1 CNN model prediction

This study defined six areas (jp01, jp02, jp03, jp04, jp05, and jp06) as target domains to

cover most of Japan, as shown in Fig. 2. Each domain had 128 x 128 grid points to cover

the whole area of Japan's second-largest island, Hokkaido (jpO1). While Kudo (2022)

implemented the CNN model prediction with a size of 64 x 64 grid points to cover the area

around Tokyo, we doubled the size and targeted nearly all of the Japanese archipelago. We

trained the CNN model at each target domain separately to reduce the consumption of

GPU memory and calculation time. In addition, it was appropriate to train the networks

separately in domains because each domain had different meteorological and

climatological properties with different land-to-sea ratios.

The study introduced a fine-tuning procedure, which retrains the networks using the data

immediately preceding the validation period, from January 1 to December 31, 2019, to

correct a long-term trend of NWP models. One of the advantages of applying fine-tuning in

8
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a short training period is that it takes less time than reconstructing the network in a long

training period. By applying fine-tuning, the network can be trained to NWP models without

using a long-term training dataset. It is favorable for operational systems with frequent

NWP model updates.

2.3.2 Post-processing with a Kalman filter

The purpose of this study is to develop a post-processing system for DNN-based gridded

forecasts with a KF. Hereafter, we call it the “DNN-based point-like temperature guidance

forecast (DNN-KF).”

The DNN-KF generated temperature prediction in the following two steps. First, the

trained CNN model generated gridded temperature forecasts. Second, online learning with

the KF was applied for each station. In the first step, the CNN model corrected large-scale

structural biases, while in the second step, the KF corrected point- and season-dependent

spatiotemporal biases. By constructing a dual-processing system, we expected to improve

the forecast accuracy by removing both large- and local-scale biases.

As shown in Table 2, we set the training and test periods of the KF so as not to overlap

with the training, fine-tuning, and validation periods of the CNN model. The initial

coefficients were copied from the operational guidance system on December 31, 2019.

3. Results and Discussion

3.1 Verification method
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The verification metric in the study is RMSE, which is defined as follows:

T

> i(f’nt ~ 0%

t=1 n=1

RMSE =

|-
2|~

where T and N denote the numbers of time slices and grid or observatory points,
respectively. F,; and 0,; denote the predicted and observed temperatures at point n and
time t, respectively.

The relative improvement, or skill score (Wilks 2011), is defined as a reduction in the

RMSE normalized by the RMSE for a reference forecast,

RMSE,; — RMSE,
RMSE,o;

relative improvement = X 100,
where RMSE,.; is the RMSE for a reference forecast and RMSE,,;, is the RMSE for a
targeted forecast.

We compared the DNN-KF with the predictions of MSM, operational point-like temperature

guidance (MSM-KF), and “DNN-based gridded temperature prediction (DNN).”

3.2 Averaged scores

Figure 3 shows the monthly averaged RMSEs for the test period. The green, blue, brown,
and red lines indicate the MSM, the MSM-KF, the DNN, and the DNN-KF, respectively. As
shown in the figure, the DNN-KF surpasses the others throughout the period.

Figure 4 shows the averaged RMSEs classified by forecast lead times for the one-year

test period from January 1 to December 31, 2021. The result indicates that the DNN-KF is
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Fig. 4
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superior to the others throughout the forecast lead times.

Figure 5a shows the relative improvement in the DNN over the MSM, and Fig. 5b shows

that in the DNN-KF over the DNN. The gridded predictions, MSM, MSM-KF, and DNN, are

verified by interpolating to the location of the target observation points. The red points

represent improvement, and the blue points represent deterioration. The RMSEs improved

at most stations. These results reveal that the combination outperformed the CNNs or the

KF alone. The DNN-KF is highly functional, at least on an annual average basis.

3.3 Case studies
3.3.1 Coastal front positioning error

On December 29, 2021, a sharp temperature change caused by a coastal front occurred

in the Kanto (jp03) region. Figure 6a shows the observational temperature distribution. The

coastal front was close to the estimated 10 °C isothermal line along the southern part of the

region.

Figures 6b, 6¢, and 6d show each gridded temperature prediction differences in the MSM,

MSM-KF, and DNN from the EST, respectively. The MSM and MSM-KF predicted the

coastal front further north than the actual position. In contrast, the DNN predicted the

position of the 10 °C isothermal line as being close to the actual position. Consequently, the

DNN substantially reduced errors at Nerima (marked by the cross). Figure 7 shows the time

series of observed and predicted temperatures initialized at 21 LST or 12 UTC on

December 28, 2021, at Nerima. The MSM-KF predicted temperatures higher than the
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Fig. 5

Fig. 6

Fig. 7
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observations (OBS), while the DNN-KF predicted temperatures closer to the OBS than

MSM and MSM-KF.

Some previous studies reported that the MSM has a systematic error in forecasting

coastal fronts north of their actual position (Hara 2014; Kawano et al. 2019). Suzuki et al.

(2021) used the MSM to conduct sensitivity experiments. They discovered that differences

in topography between reality and NWP models can cause this positional error. They insist

that the positional error is a bias that statistical methods can remove. However, some

biases cannot be adequately removed by the MSM-KF (Sannohe 2018). One of the

possible reasons is that the MSM-KF only uses explanatory variables from the grids

surrounding the target point. Conversely, the CNN model uses explanatory variables from

the entire target area so that the DNN can correct positional errors with coastal fronts.

3.3.2 Heat wave

On July 1, 2022, the maximum temperatures exceeded 35 °C in the inland area of the

Kanto region (Fig. 8a). The temperatures of the MSM and the MSM-KF were lower than

that of the EST. In contrast, the DNN agreed with the EST, especially in the heat wave area.

Notably, the MSM has a negative bias in predicting daytime surface temperatures in

summer (Hara and Kurahashi 2017; Kusabiraki and Moriyasu 2013). Kusabiraki (2020)

indicated that the large negative bias in the MSM was due to excessive upper-level cloud

coverage and subsequent insufficient downward shortwave radiation at the surface. To
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eliminate these issues, cloud microphysical processes were improved in 2020 (JMA 2021).

In 2022, evapotranspiration processes were improved to further reduce the negative bias

(JMA 2022). However, the negative bias was not completely eliminated. The DNN could

efficiently correct the negative bias in this case.

Figure 9 shows the time series of observed and predicted temperatures initialized at 15

LST or 06 UTC on June 30, 2022, in Tokyo (shown in Fig. 8). Temperatures on July 1, 2022,

predicted by the MSM and MSM-KF were lower than that of OBS. The DNN adjusted the

MSM prediction moderately in the morning but excessively in the afternoon, causing the

DNN to be much higher than the OBS at 15 and 18 LST. The training data for the DNN only

included the period of 2012-2019, which was before the reduction in the MSM negative

bias. This result is probably the reason for the excessive adjustment of the DNN in the

afternoon, as the MSM prediction in 2022 was performed by the bias-reduced version.

However, the DNN-KF successfully corrected the excessive adjustment of the DNN. Since

the online learning of the DNN-KF was continuously performed from 2020 to this day (June

30, 2022), the DNN-KF learned the tendency for excessive DNN adjustment.

Figure 10 shows the interannual changes in the ME and the RMSE at 15 LST from 2020 to

2022 in summer. In 2020 and 2021, the negative biases of the MSM were large, and those

of the DNN and the DNN-KF were close to zero. In 2022, the negative bias of the MSM was

reduced, and the DNN had a positive bias, but the bias of the DNN-KF remained close to

zero. The RMSE of the DNN-KF was also smaller than that of the MSM and DNN. This
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result demonstrated that the combination of the two methods, i.e., the DNN and KF,

resulted in better forecasts, indicating the robustness of the DNN-KF to minor changes in

forecast models.

3.3.3 Low temperature caused by radiative cooling

The MSM and MSM-KF show poor performances in predicting low temperatures caused

by radiative cooling (Sannohe 2018), as temperature decreases due to radiative cooling

vary greatly depending on weather conditions, such as clouds and wind, and it is difficult to

accurately predict these factors with current NWP models. However, the DNN can simulate

low temperatures because of the deep CNN architecture considering both complex

nonlinearity and spatial structure (Kudo 2022).

In the early morning on November 16, 2021, the clear sky enhanced radiative cooling,

inducing low temperatures in eastern Hokkaido (jp01), as shown in Fig. 11a (at 15 LST on

November 16 or 21 UTC on November 15, 2021). The EST indicates a temperature of less

than -6 °C in a plain of eastern Hokkaido around Shibecha (marked by the cross). Figures

11b, 11c, and 11d indicate the temperature differences initialized at 21 LST on November

14, 2021. The MSM and MSM-KF temperatures were higher than that of EST in eastern

Hokkaido. Figure 11d shows that the DNN was closer to the EST than the others. The CNN

model could correct the low temperature bias induced by radiative cooling.

Figure 12 shows the time series of observed and predicted temperatures initialized at 21

14

Fig. 11

Fig. 12
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LST on November 14, 2021, at Shibecha. The MSM predicted temperatures higher than the

OBS. The MSM-KF roughly corrected the MSM bias. The DNN was also higher than the

OBS, although it was better than the MSM prediction. The DNN-KF was the most accurate

prediction, as it successfully corrected the temperature bias.

These results show that the DNN outperformed the MSM regarding the low temperatures

caused by radiative cooling. The DNN-KF improved the DNN. However, these CNN-based

schemes failed to correct the temperature bias outside the eastern part of Hokkaido, where

the CNN-based error correction did not work effectively.

4. Conclusion

We proposed a new method for point-like temperature predictions that would be more

accurate than the operational guidance forecast. To generate point-like forecasts from

gridded predictions, we adopted a KF. As a result, the new method outperformed the

MSM-KF, the JMA’s operational point-like temperature guidance. The DNN-KF was

consistently better than the MSM-KF from 6-h to 39-h forecast lead times throughout the

test period. Furthermore, the DNN successfully corrected NWP model biases, such as

coastal front positioning errors and extreme temperatures, which are difficult to correct by

the MSM-KF. Our case study revealed that the KF was capable of correcting DNN failures

caused by NWP model updates through online learning. Our method produced point-like

predictions with smaller errors in these cases.
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We are further improving the CNNSs by finding a more appropriate set of hyperparameters,

input variables, and suitable network constructions and using multiple NWP models rather

than a single NWP model as inputs.
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486  Fig. 1 Schematic diagram of the deep convolutional neural network proposed in Kudo
487 (2022). Only the input/output image size differs from Kudo (2022). The details of the
488 operation units, such as Convl and Conv2, are described in Table 1.

489
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Fig. 2 The six target areas (jp01-06) covering the major regions of Japan. This map is
based on the Digital Map 5000000 Japan and Its Surroundings (Integration) published by
the Geospatial Information Authority of Japan. The bathymetric contours are derived from
the General Bathymetric Chart of the Oceans (GEBCO) Digital Atlas published by the
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504  Fig. 3 Monthly averaged RMSEs of temperature forecasts for the MSM, operational
505 point-like guidance (MSM-KF), DNN-based gridded prediction (DNN), and DNN-based

506 point-like guidance forecast (DNN-KF).
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510  Fig. 4 Average RMSEs classified by forecast lead times for the MSM, MSM-KF, DNN, and

511 DNN-KF from January 1 to December 31, 2021.
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516  Fig. 5 The relative improvements of (a) the DNN over the MSM and (b) the DNN-KF over

517 the DNN at each observatory. Red (blue) circles represent improved (deteriorated)
518 observatories. The test period is from January 1 to December 31, 2021.
519
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Fig. 6 (a) Surface temperatures in the Kanto (jp03) region at 15 LST on December 29, 2021
for the real-time estimated surface temperature (EST) distribution provided by the JMA
(contours and color shades), (b) the temperature forecast of the MSM (contours) and its
differences from the EST (color shades), (c) the forecast of the MSM-KF (contours) and
its differences from the EST (color shades), and (d) the forecast of the DNN (contours)
and its differences from the EST (color shades). The forecasts are initialized at 21 LST on

December 28, 2021.
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Temperatures at Nerima
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530
531

532 Fig. 7 Time series of temperatures for in-situ observations (OBS), the MSM forecast,
533 MSM-KF, DNN, and DNN-KF at Nerima (shown in Fig. 6), initiated at 21 LST on
534 December 28, 2021.
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536

537
538  Fig. 8 Same as Fig. 6 but for the projection time at 12 LST on July 1, 2022 and the initial
539 time at 15 LST on June 30, 2022.
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543 Fig. 9 Same as Fig. 7 but for the initial time at 15 LST on June 30, 2022 at Tokyo (shown in
544 Fig. 8).
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548  Fig. 10 Interannual changes in (a) MEs and (b) RMSEs of temperature forecasts in the

549 Kanto region for the MSM, DNN, and DNN-KF at 15 LST from 2020 to 2022 in summer.
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552

553  Fig. 11 Same as Fig. 6 but for the northernmost region of Japan (jp0Ol, jp02) with the
554 projection time at 06 LST on November 16, 2021 and the initial time at 21 LST on
555 November 14, 2021.
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Temperatures at Shibecha
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558

559  Fig. 12 Same as Fig. 7 but for the initial time at 21 LST on November 14, 2021 at Shibecha
560 (shown in Fig. 11).
561
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563 List of Tables
564

565  Table 1. Functions and parameters used in the network shown in Fig. 1.

Unit Function Parameters
kernel_size = 5, stride = 1, padding = 2, number of
Conv2d
channels: 7 — 32
Convl MaxPool2d kernel_size = 2, stride =2
BatchNorm2d number of channels: 32
RelLU
kernel_size = 5, stride = 1, padding = 2, number of
Conv2d
channels: 32 — 64
Conv2 MaxPool2d kernel_size = 2, stride = 2
BatchNorm2d number of channels: 64
RelLU
Linear number of units: 65536 — 4096
FC1 BatchNorm1d number of units: 4096
RelLU
Linear number of units: 4096 — 65536
FC2 BatchNorm1d number of units; 65536
RelLU
kernel_size = 2, stride = 2, padding = 0, number of
ConvTranspose2d
channels: 64 — 32
ConvT1l
BatchNorm2d number of channels: 32
RelLU
kernel_size = 2, stride = 2, padding = 0, number of
ConvTranspose2d
channels: 32 — 1
ConvT?2
BatchNorm2d number of channels: 1
Sigmoid
566
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568  Table 2. Time periods for training, validation, fine-tuning, and testing.

DNN-based

DNN-based gridded  point-like guidance

Dataset period prediction (DNN) forecast (DNN-KF)
Oct. 8in 2010 — Dec. 31 in 2018 training -
Jan. 1 - Dec. 31 in 2019 validation, fine-tuning -
Jan. 1 — Dec. 31 in 2020 test training
Jan. 1 - Dec. 31 in 2021 test test
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