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ABSTRACT

In this paper, we present the tower network, a novel, computation-

ally lightweight deep neural network for multimodal data analytics

and video prediction. The tower network is especially useful when

it comes to combining different types of input data, a problem not

greatly explored within deep learning.

The architecture is further applied to a real-world example,

where information from historic meteorological observations and

numerical weather predictions are combined to produce high-quality

forecasts of temperature for 1 to 6 hours into the future.

The performance of the proposed model is assessed in terms of

root mean squared error (RMSE), and the tower network outper-

forms even state-of-the-art forecasts from the Norwegian weather

forecasting app yr.no from 3 hours into the future. On average,

the RMSE of the tower network is approximately 6 % smaller than

that of yr.no, and approximately 27 % smaller than that of the raw

numerical weather predictions.
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1 INTRODUCTION

Multimedia is a term that encompasses infinite possibility, far be-

yond the combination of text and images.While it is often associated

with entertainment, it is also very relevant in other fields, such as
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weather forecasting, where there are a number of different types of

data that can be combined, e.g., radar, satellite images and weather

station measurements.

Weather prediction is a complex andmultifaceted problem. There

are intricate relationships between physical properties of the atmo-

sphere such as temperature, moisture, pressure, wind and so on,

across time and in three spatial dimensions. The relationships occur

on many scales, from micro to global, and can follow anything from

sub-hourly to multi-annual cycles. A perfect model would need to

understand all of these interactions, some of which are chaotic and

unpredictable [12].

Operational weather forecasting is today done largely using

what is called Numerical Weather Prediction (NWP) models. These

are complex mathematical models based on the fundamental laws

of standard physics, which aim to simulate the future state of the

atmosphere on a three-dimensional grid. The NWP models make

many approximations for processes that are smaller than the res-

olution of the model grid. However, with advances in technology,

it is possible to run these models with increasingly high spatial

resolution, providing more detailed forecasts.

Because of the enormous amount of data that is available, the pos-

sibility of using multimodal machine learning, and more specifically

deep learning, in weather forecasting has been getting more atten-

tion in recent years. Nevertheless, mulitmodal machine learning is

not very common and the focus lies mainly on single modalities,

for example, [3] explored challenges and design choices for global

weather and climate models based on machine learning.

Much of the work in deep learning weather forecasting has been

focused on precipitation (condensation of atmospheric water vapor

leading to for example drizzle or rain). For example, [15] proposed

the convolutional LSTM for precipitation prediction for a very short

time period, also called nowcasting, [14] used multi-task convo-

lutional networks, and [16] developed MetNet, a highly complex

deep neural network that outperformed the best operational NWP

available. [2] performed high-resolution precipitation forecasting

from radar images using a UNET convolutional network, and [1]

developed the Temporal Recurrent U-Net.

Similar work has been done with regards to air temperature.

[7] used historical observations in a deep neural network with

Stacked Denoising Auto-Encoders. [8] used stacked LSTMs and [10]

applied the convolutional LSTM networks introduced by [15] to a

temperature forecasting problem, while [5] compared Stochastic

Adversarial Video Prediction [11], Generative Adversarial Networks

[6] and Variational Auto-Encoders [9].
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Figure 1: The geographical area used in this work.

There are many possible ways in which one can try to incorpo-

rate machine learning into weather forecasting or even into the

NWP models themselves. The focus of this paper is to tackle the

task as a multimodal data analysis problem through improving

short-term temperature forecasts from NWP models by combining

them with historical observations using a new, lightweight deep

learning method. Multimodal data analysis in deep learning is not

very deeply explored. Most approaches use early or late fusion for

the analysis, which means either combining the features before

the analysis or analysing them separately and combining them

afterwards. Both come with their respective advantages and dis-

advantages. For this work we propose a different approach that

combines several neural networks in one ensemble which allows

feature extraction and training for all modalities at once.We call this

type of network a tower network since each possible data source,

or different view on the same data source, is represented as its own

neural network. These networks are combined via a concatenation

layer at the end which is then handed over to a dense network to

either perform classification or regression. In this work we show

the potential of these architectures for the weather forecasting task,

but it is important to point out that this can be applied for any other

multimodal data analysis problem.

2 METHOD

2.1 Data

The methods applied in this paper use two data sources. Firstly,

there is a dataset containing observations of temperature at 2 m

above the ground, which have been interpolated to a grid with a

spatial resolution of 1 × 1 km [13]. The grid covers all of Norway,

but for this work, a subset of 40 by 40 grid points, shown in Figure 1,

has been selected. The subset is centered around Oslo, and includes

both urban areas, forest and a small part of the Oslofjord inlet. The

altitudes range from 0 to 647 above sea level. The observations cover

a five year period from 2014 through 2018, and have a temporal

resolution of 1 hour.

Secondly, there are NWP model data on a grid with a spatial

resolution of 2.5 × 2.5 km [4], i.e. slightly lower resolution than

the gridded observations, covering the same period with the same

temporal resolution. These data have been regridded to have the

same 1 × 1 km resolution as the observations. While the forecasts

are hourly, fresh forecasts are only available 4 times daily, at 00, 06,

12 and 18 UTC.

For a period starting in February of 2018, data from yr.no are

also available [13]. yr.no is a weather forecasting website and app

hosted by the Norwegian government-owned national broadcasting

corporation (NRK) and the Norwegian Meteorological Institute.

The yr.no data are official forecasts based on the aforementioned

NWP model data, that have gone through various forms of post-

processing. These data are used for comparison, as an example of

state-of-the-art weather forecasting.

2.2 Models

This paper deals with the problem of short term prediction of tem-

perature, more specifically, forecasting temperature from 1 to 6

hours into the future. Intuitively, it can be surmised that the data

have relationships in both space and time. It is unlikely to see large

temperature differences within a small area at any given time, and

extreme temperature changes from one hour to the next are rare.

Therefore it makes sense to look at this as a video prediction prob-

lem, where given a set of frames (made up of the grid points in the

data) the following frames will be predicted.

The primary method used in this paper is the tower network.

Tower networks are a new type of neural network developed and

conceptualized during this work. The networks are built up of

so-called "towers" (see Figure 2), which consist of stacks of convo-

lutional layers, batch normalization layers, max pooling and acti-

vation layers. Inputs are sent to the towers, which learn different

views on the data. The output from the towers is then concate-

nated. A convolutional layer ensures the correct dimensions for the

output predictions. By varying the kernel size and/or stride of the

convolutional layers between the towers, the different towers are

able to learn data patterns on different spatial scales. This method

should theoretically be a good fit for weather forecasting, since the

weather is influenced by both large and smaller scale systems.

Since the observations are historical data, while theNWPdata are

predictions for the future, there is no obvious way to combine the

two directly. We therefore propose a modified, multimodal variant

of the tower network. The historical observations are sent through

three towers, while the NWP data go directly into the concatenation

layer. After concatenation, layers equivalent of another tower are

added. The new elements are shown in dashed lines in Figure 3.

The suggested models are further compared against a traditional

statistical approach, namely the first order autoregressive model,

AR(1), specified in each grid point. In AR(1), the observation 𝑋𝑡 at

time 𝑡 is expressed in terms of the the previous time step in the

following way:

𝑋𝑡 = 𝐶 + 𝜑𝑋𝑡−1 + 𝜀𝑡

where 𝐶 is a constant, 𝜑 is a regression parameter and 𝜀𝑡 is white
noise.
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Figure 2: Network architecture for the normal and the modified tower network.

Figure 3: One sample of observation data.

3 RESULTS

The data were split into training, validation and testing sets, using

2014 to 2016 for training, 2017 for validation and 2018 for testing.

Data from yr.no were only available starting on 19 February 2018,

so in order to get a fair comparison, data from before this date are

naturally not used when yr.no is included.

A sample of observation data consists of 12 hours used for input

with 6 hours to be predicted. The input data are observations from

24 hours before the predicted times, as well as the last 6 hours

before prediction, see Figure 3. By always predicting temperature

for the hours from 13 UTC to 18 UTC, we simplify the prediction

problem, as the model does not need to take into account the daily

cycle present in temperature data. This also facilitates the use of

and comparisons with the NWP data for which 12 UTC is one of

the production times.

The tower networks are reasonably computationally light and

used only 20 minutes to train a model on a NVIDIA V100 GPU. It

was therefore possible to test a number of different architectures

Table 1: All network parameters

filters 1 filters 2 kernel size 1 kernel size 2 strides

Tower 1 Basic block 1 64 32 8 3 1, 1

Basic block 2 64 32 3 3 1, 1

Residual blocks 64 32 3 3 1, 1

Transposed 2D 64 - 4 - 2, 2

Tower 2 Basic block 1 64 32 8 3 1, 2

Basic block 2 64 32 3 3 1, 2

Residual blocks 64 32 3 3 1, 1

Transposed 2D 64 - 4 - 2, 8

Tower 3 Basic block 1 64 32 8 3 1, 4

Basic block 2 64 32 3 3 1, 4

Residual blocks 64 32 3 3 1, 1

Transposed 2D 64 - 4 - 2, 20

Tower 4 Basic block 1 64 32 8 3 1, 1

Basic block 2 64 32 3 3 1, 1

Residual blocks 64 32 3 3 1, 1

Transposed 2D 64 - 4 - 2, 2

Final convolutional layer 6 - 8 - -

and to perform thorough parameter tuning. All parameters for the

final architecture are presented in Table 1.

For all tower networks trained, the optimizer used is adaptive

moment estimation (Adam), with mean squared error loss function,

a batch size of 10, and up to 2000 epochs chosen with early stopping.
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Figure 4: Root mean squared error averaged over the spatial

grid.

The suggested model was compared against persistence which

is a common baseline for short term forecasting in meteorology.

Persistence tends to perform well in the first few hours, as the

weather often does not change very quickly. It is also natural to

compare any method to the performance of the raw NWP model,

as well as the forecasts from yr.no.
Figure 4 shows the root mean squared error (RMSE) of the mul-

timodal tower network compared to persistence, the NWP model,

a first-order autoregressive model, a tower network trained only

on observational data, one trained only on NWP data and finally

temperature forecasts from yr.no, for predictions from one to six

hours into the future. RMSE is computed taking the mean over both

time and locations.

Persistence and the NWP model illustrate quite clearly the dif-

ferent qualities of observational and NWP model data. As expected,

persistence performs very well in the first hour, but becomes worse

every hour. The NWP model performs relatively evenly, but is best

for hours 5 and 6.

The AR(1) model follows the same trend as persistence, per-

forming well for the first two hours but losing performance over

time.

The tower network based purely on observational data performs

much better than the NWP model for the first hours, but can not

compete with persistence. From hour 4 the NWP model beats the

tower network, and persistence performs worse.

The tower network using only NWP data improves upon the

NWP model for the first 3 hours, but is in fact slightly worse for

hours 4 through 6.

The multimodal tower network combines historical observations

and numerical weather prediction data and is overall the model

with the best performance. The fact that both this and the observa-

tion based tower network perform so much better than the NWP

model for the first hours indicates the importance of historical ob-

servations in predicting the near future. However, neither model

achieves the same performance as the persistence, which is the clear

winner in the two first hours. From hour 3 onward, the multimodal

tower network is considerably better than both persistence and

the NWP model, suggesting that combining these two data sources

gives valuable insight beyond what they can provide separately.

The most interesting comparison to make is perhaps against

what the common person sees every daywhen checking theweather

on their phone. This is included in Figure 4 in the form of fore-

casts from yr.no, and we see that the multimodal tower network

outperforms them from hour 2, with a growing margin for each

hour. It is worth noting that the tower networks are beaten by both

persistence and yr.no in the first hour, which suggests that there

is still potential for improvement.

The different methods were also compared in terms of mean

absolute error which resulted in similar conclusions.

Figure 5, is a visual presentation of one prediction from the test

data. Each row is a model, with the top row displaying the ground

truth, and each column is an hour. The observations (top row)

show that there is a general reduction in temperature over the six

hours, which the NWP model, the multimodal tower network and

yr.no capture quite well. Persistence is by definition unchanging,

and so remains warm for the six hour period. The AR(1) model

exhibits more or less the same behaviour as persistence, while the

observation based tower network both starts out and stays too

warm, even though it also has a small temperature reduction.

It is easy to see that the NWP model, which has been interpo-

lated from a grid with lower resolution, does not have the level of

detail present in the other models. The NWP based tower network

seems to have learned some smaller-scale features, but is distinctly

less detailed than the other models. The remaining models appear

to share many of the same shapes and features, and none look

completely unrealistic.

The example presented in Figure 5 is the coldest day in the

test set. This day was chosen because extremes are typically more

difficult for the models to handle, and could give an indication of

whether or not the models would still be able to produce realistic

looking forecasts.

4 CONCLUSIONS AND FURTHERWORK

This paper shows how tower networks can be a useful tool in

combining different data sources using deep neural networks, based

on the example of using observational data along with output from

numerical weather prediction models in order to create short-term

weather forecasts of high quality. The simplicity and flexibility of

the method means that it can easily be adapted to accommodate

other types of input data if necessary.

So far, we have only looked at the model’s performance in terms

of summarized scores. Future work will therefore involve diving

deeper into analysis of the results, e.g. by breaking them up ac-

cording to different thresholds. Since mean squared error was used

as the model’s loss function, we need to investigate the degree to

which the model is able to predict extremes.

It would also be interesting to try to extend the prediction hori-

zon beyond +6 hours and see how far we can go while still main-

taining good performance.
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Figure 5: Example of forecasts with the ground truth for reference.
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