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Abstract
Probabilistic weather forecasts are amongst the most popular ways to quantify numerical forecast uncertainties. The analog
regression method can quantify uncertainties and express them as probabilities. The method comprises the analysis of errors
from a large database of past forecasts generated with a specific numerical model and observational data. Current visualization
tools based on this method are essentially automated and provide limited analysis capabilities. In this paper, we propose a novel
approach that breaks down the automatic process using the experience and knowledge of the users and creates a new interactive
visual workflow. Our approach allows forecasters to study probabilistic forecasts, their inner analogs and observations, their
associated spatial errors, and additional statistical information by means of coordinated and linked views. We designed the
presented solution following a participatory methodology together with domain experts. Several meteorologists with different
backgrounds validated the approach. Two case studies illustrate the capabilities of our solution. It successfully facilitates the
analysis of uncertainty and systematic model biases for improved decision-making and process-quality measurements.
Categories and Subject Descriptors (according to ACM CCS): I.3.3 [Computer Graphics]: Picture/Image Generation—Viewing
algorithms I.3.6 [Computer Graphics]: Methodology and Techniques—Interaction techniques I.3.8 [Computer Graphics]:
Applications—Probabilistic Weather Forecasting

1. Introduction
Weather predictability influences many aspects of human life and
constitutes a grand challenge [Gim13]. The chaotic nature of the
atmosphere amplifies weather forecast uncertainty, imposing a limit
on predictability [PH06, Kal03]. Numerical Weather Prediction System (NWPS) is the cornerstone of weather forecasts, and consists
on the simulation of atmospheric dynamics by the numerical integration of physic-mathematical models of the climate system. In
recent years, the amount of data generated by numerical weather
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prediction systems has been increasing significantly as the temporal and spatial resolution of these models has been continuously
refined. The refinement produces a more detailed representation of
the atmospheric flow at different scales.
Probabilistic weather forecasts are amongst the most popular
ways to quantify forecast uncertainty. In probabilistic forecasts, the
NWPS is used to estimate the occurrence probability of a particular weather phenomenon in a certain time window in the future
(e.g., the probability of having rain in excess of 20 mm for a particular location in the next 24 hours). Several Model Output Statistics (MOS) [Wil06] methods have been designed to estimate these
probabilities as accurately as possible. A combination of ensemble
forecasts is employed, calibrated or adjusted using past forecasts
and observational data. Hamill and Whitaker [HW06] introduced
the “Reforecast Analog Regression” (RAR) method for probabilistic
forecasting. It uses a large database of weather forecasts generated
by means of a specific NWPS [Roz06] and an associated database of
observations [Cli]. One of the main advantages of the RAR method
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is that the relationships between systematic model errors and large
scale atmospheric circulation patterns can be captured, which leads
to a better estimation. Information provided by the analogs and their
corresponding observations can be expressed not only as a probability for a particular weather phenomenon, but also as sample mean,
standard deviation, and maximum and minimum values. This can
help to quantify the forecast uncertainty and to detect the occurrence
risk of extreme weather events.

environment. It does not comprise new visualization techniques but
rather their adaptation to improve decision making based on RAR.
Our main contributions can be summarized as follows:
• C1: Enable a flexible configuration of the RAR method for different regions, applications, and purposes.
• C2: Support the visual inspection of the internal parts of the RAR
method to improve decision making.
• C3: Support the visual analysis of systematic model errors under
different atmospheric circulation regimes.

1.1. Tasks
The RAR method is successfully used to support forecasters’ decision making under uncertainty. Prior to the development of our
system, the workflow of the users consisted of setting parameters of
the RAR algorithm in a limited way, with the main aim of generating
a single probabilistic forecast and to perform a visual comparison
by juxtaposing the probabilistic forecasts.
In our approach we propose to put the users in the loop to harness
their knowledge and background for improving the task workflow.
The goals of our work are to support the expert users in the execution
of the following tasks for operational weather forecasting.
• T1: Support a flexible configuration of the RAR method for a
particular region, forecast lead time, and purpose.
• T2: Detect the occurrence likelihood of an event.
• T3: Detect possible extreme events.
• T4: Analyze the historical behavior of the numerical forecast
model. This task involves the comparison of the current numerical
forecast with similar past forecasts and their associated observations.
• T5: Analyze the uncertainty of the forecast expressed through the
probabilities of different events.
• T6: Study the systematic model bias and get further insight into
model errors.
• T7: Analyze the spatial error distribution for a given accumulation
range. This is a measure of the method accuracy for a particular
situation.
• T8: Analyze previous similar forecasts in specific sub-regions.
• T9: Inspect and compare the current numerical forecast with
historical observations.
1.2. Contributions
We propose a novel approach that uses Visual Analytics (VA) to
create a new, flexible, and efficient task workflow for probabilistic
weather forecasting (see Figure 1). Our main motivation is to use VA
to support forecasters in their operational tasks and decision making.
The workflow encompasses three loops. The first, Parameterization
Loop, presents an overview of the probabilistic forecasts and allows
the experts to calibrate parameters of the RAR method. The second,
Probabilistic Forecast Loop, goes one level deeper in the analysis of
the probabilistic forecasts and the model errors for a specific region
of the map. The third, Analogs Loop, provides a detailed view of
the construction of a probabilistic forecast, every element used for
its calculation, and the associated model biases and uncertainty.
Our tool is designed with a balanced choice of visual components
and interactions, leveraging the capabilities of coordinated multiple views (CMV) [Rob07] in an operational weather forecasting

To illustrate our work, we have chosen the precipitation accumulation variable because it is one of the most influential variables
impacting on human activities. It affects different aspects of human
life such as planning, decision making, and productivity. Flooding
and severe storms can cause disasters and are a big issue in many
places, and in particular in South America, where our approach is
applied. From 1970 to 2017, there were 75 massive flooding in Argentina, affecting 13 million people and causing the lost of 500 lives.
The target beneficiaries of our approach are expert forecasters (EFs)
that need to analyze big datasets to produce timely and accurate
forecasts for different weather events.
2. Related Work
There has been extensive work done in the area of visualization
systems and VA applied to weather forecasting and climatology. In
the scope of this work, only the most representative examples are
summarized as background references to our approach. Recently,
Ferstl et al. [FKRW17] have proposed an approach to visualize
the uncertainty of ensembles by means of clustering contours as
well as juxtaposition and animating spaghetti plots of iso-contours.
In our work, the ensemble of analogs can be very heterogeneous.
Therefore, the use of spaghetti plots can produce very cluttered and
busy visualizations that do not permit to follow the order of the
analog forecasts. Instead, we use a list of small multiples ordered by
similarity, juxtaposition of small multiples to display probabilistic
forecasts, comparative visualization of the probabilistic forecasts,
numerical forecasts and method errors, and a detailed visualization
of the ensemble of analog forecasts.
Biswas et al. [BLLS17] explore the sensitivity of a model with
respect to a specific set of parameters and to a horizontal resolution.
In our case, we evaluate –using the RAR method– the probability of
occurrence for particular weather events. We assume that there is a
user who will make a decision based on probability values. Probability is often used in the field of operational weather forecasting and
it is accepted by users of meteorological forecasts for efficient decision making. Other noteworthy previous works [WLSL17, CZC∗ 15]
address also the investigation of uncertainties by means of a sensitivity analysis and visual analytics of the parameter space. A sensitivity
analysis is a very important step to determine the most influential parameters of a given model. Instead, we use a different approach, the
Reforecast Analog Regression, to create probabilistic forecasts for a
given variable, a given threshold (event), and a specific lead time.
A key point of our method is the usability of probability forecasts
compared to deterministic numerical forecasts [Cou06]. We want to
provide an interface to allow a large number of users with different
requirements to obtain useful information for decision making.
submitted to Pacific Graphics (2017)
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Figure 1: Schema of our VA task workflow. It shows different analysis paths that correspond to different tasks the Expert Forecasters (EFs)
want to perform. For example, the parameterization loop covers the complete workflow. The EFs can continue their analysis down to the
deepest level of detail and afterwards re-configure the initial settings to improve the analysis and decision making.

Quinan and Meyer [QM16] described important design aspects of
a VA solution to assist experts in the visual comparison of weather
features in forecasts. They proposed informed color encoding for
different weather variables and the use of contour plots to display
multiple isocontour features across an ensemble. In our approach,
we also visualize an ensemble of analogs, but the use of contour
plots would not be effective given the variability between analogs.
The same applies for the ensemble of observations. Also, we only
display the mean of the ensemble of reforecasts. It would be an interesting approach for future work to incorporate the members of the
ensembles of forecasts. Many tools are available for meteorologists
to gain insight and to communicate the uncertainty in ensembles of
forecasts [PWB∗ 09], [SZD∗ 10], [HDKS05], [RKSW15], [BGS12].
We focus on the VA of uncertainty using probabilistic weather
forecasts, in particular RAR. The NOAA Climate Prediction Center [NOAb] provides visualizations of probabilistic forecasts, but
with very little interactivity. The European Centre for MediumRange Weather Forecasts provides a web-based visualization system named "ecCharts" that enables the user to interactively specify
thresholds and display probabilities computed from the ensemble
forecasts [SLTO∗ 15]). Our solution allows the visualization of the
probabilistic forecasts but also provides a novel VA approach. The
user can inspect the intermediate results and better evaluate the performance and quality of the RAR method. Our approach embraces
the same idea as expressed through Anscombe’s quartet [Ans73]),
i.e., to reveal the disparities and outliers in statistical calculations.

3. Visual Analytics Workflow
Our solution unfolds the internal steps and data used in the RAR
method by means of a balanced combination of linked-views and
interactive visualization methods with semi-automatic processing.
There are three main points in the task workflow where the user can
intervene with the RAR method. The first point is the interactive
configuration of the method (Parameterization Loop). The second
point is the analysis of the uncertainty and decision making based
on the RAR method (Probabilistic Forecast Loop). The third point
submitted to Pacific Graphics (2017)

is the detailed analysis of the analogs (Analogs Loop) to assess the
quality of the method itself.
Parameterization Loop. This iterative process allows the users
to set temporal and spatial parameters of the Hamill and Whitaker
algorithm [HW06]. Our solution provides a flexible configuration
panel and a comparative view, i.e., the “Übermap” (see Figure 2). It
allows users to explore different thresholds, accumulation ranges,
and lead times depending on their analysis needs. For example, if
the EFs are analyzing a forecast for the next two weeks (lead time),
they know that the uncertainty is high, so it does not make sense
for them to accumulate a variable per day. In this case the EFs
could choose an accumulation range of one-week. If the EFs want
to analyze the forecast with a lead time of 24 hours, they will rather
choose an accumulation range of 6 hours, for example, to know if
there will be rain during the morning, the afternoon, or the night.
Furthermore, to perform these analyses the EFs should be able to
modify the corresponding thresholds. Setting the thresholds depends
on the kind of analysis the EFs want to do and in which region it will
be done. A high probability of rainfall more than 1 mm is important
for a building construction but may not be for a city, where only a
high probability of rainfall more than 100 mm may create an alert.
Probabilistic Forecast Loop. EFs analyze the uncertainty of the
weather forecast models from different perspectives. They use probabilistic forecasts to explore the uncertainty at different levels of
detail and compare the levels of uncertainty both spatially and temporally. In the Probabilistic Forecast Loop, users can visualize a
set of probabilistic forecasts for a given meteorological variable,
analyze the associated numerical forecast results, and summarize
information about observations and uncertainty. They can also visualize and explore a given spatial sub-region used by RAR to
construct the probabilistic forecasts (see Figure 4) and continue
further analyzing other sub-regions. This iterative process allows the
experts a seamless exploration of the aforementioned sub-regions
and their associated spatial errors. During this task, forecasters can
detect extreme situations such as intense precipitation or flooding
in a given sub-region and analyze the spatial distribution of the
uncertainty there.
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Analogs Loop. Meteorologists can improve their decision making process by analyzing how the probabilistic forecast is constructed and how the RAR method performs [TTW15]. Our solution
has a break-down view, named the Analog Viewer (see Figure 5),
that allows users to access information about forecast analogs and
their associated observations, as well as statistical aggregations. For
example, they can visualize and analyze the analogs, how the similarity metric works, and the distribution of the systematic model
errors under similar atmospheric circulation regimes. The Analog
Viewer also shows different statistical summaries of the analogs and
the observations.

4. Design Process and Choices
We followed a participatory design process [SMM12, SSS∗ 14,
Mun14], closely collaborating with seven domain experts who are
meteorologists with different backgrounds. Two of them work at
the Center of Research of the Sea and the Atmosphere (CIMA),
one of them is a senior researcher who participated from the beginning of the project, and the other one has a computer science
background. The other five meteorologists are researchers who work
at the National Weather Services (NWS) in Argentina. Our work
required extensive interdisciplinary efforts between meteorologists
and computer scientists.
This section describes different phases of the design process,
the results of our meetings, as well as milestones and prototypes
built. The work was structured into three phases: inception, design,
and evaluation (Figure 6). The goal of the inception phase was to
generate ideas for content and design, to gain a better understanding
of our target audience, and to get insights into the requirements
of our domain experts. The goal of the design phase was to gather
detailed requirements from the experts, discuss prototypes with them
and jointly elaborate and validate design choices. This phase was
performed following an iterative and incremental process. Finally,
the goal of the evaluation phase was to present our solution, design
case studies, and evaluate them with the domain experts.
4.1. Inception Phase

Figure 2: The Übermap provides an overview visualization displaying probabilistic forecasts for various thresholds of precipitation
accumulation and accumulation ranges.

The EFs can interactively adapt the visualization pipeline depending on the task they want to perform. We exemplify the various
capabilities of our system in Section 6. The solution is organized as
a CMV system with several linked and coordinated views. Among
them we may count:
• A map view that allows to zoom in and out and move to different
geographical regions.
• The configuration panel that supports the contribution C1 and is
used for the Parameterization Loop.
• The Übermap that supports contributions C1 and C2 and is used
for the Probabilistic Forecast Loop.
• The Interactive Forecast Layer that supports contributions C2
and C3 and is used for the Probabilistic Forecast Loop and the
Analogs Loop.
• The Analog Viewer that supports the contribution C3 and is used
for the Analogs Loop.
• The Comparative View that allows the users to analyze at the
same time by juxtaposing the probabilistic forecast, the current
numerical forecast, and the distribution of the spatial errors.

During the inception phase we discussed a list of different stateof-the-art visualization techniques and practices with our domain
experts. Examples include the information-visualization seekingmantra, focus+context techniques, and linking and brushing. In their
previous batch workflow software, they did not have interactivity
at all. We provided them with a small and simple set of consistent
visual encoding strategies that we devised according to their previous
workflow and tasks. We drafted a first prototype based on their tasks
and requirements. Our prototype presented a configuration panel
that supports the Parameterization Loop. Our domain experts found
it very useful because it allows EFs to understand how the method
performs under specific atmospheric characteristics in a region, and
with a particular application or purpose in mind. We discussed the
design of the prototype with our domain experts.
4.2. Design Phase
We continued the participatory design process with a series of sessions involving all the experts and iterating over the prototypes. We
followed an agile development process. After each iteration, experts
evaluated the last prototype, highlighting desirable features, suggesting changes, and proposing new functionalities. All actors benefited
from this methodology. Experts discovered new visual features that
could improve their work. We learned more about the needs of the
experts, which resulted in features that are described in this section.
The iterative process allowed us to identify the three main VA loops
discussed before.
Our prototypes evolved to incorporate several coordinated and
linked views. One gives an overview of probabilistic forecasts for
different thresholds, i.e., the Übermap (see Figure 2) . The Übermap
submitted to Pacific Graphics (2017)

A. Diehl et al. / Albero: A Visual Analytics Approach for Probabilistic Weather Forecasting

5

Figure 3: Different color maps evaluated by our domain experts during the iterative process to refine our design choices. (a) Initial color
scheme. (b) Two-hue scheme from green to red. (c) Two-hue scheme from green to violet. For representing the precipitation accumulation
probabilities, they preferred the color map (c) with a two-hue HCL color scale ranging from transparent through green to violet.

Figure 4: Interactive Forecast Layer close-up. (a) probabilistic forecast divided into the sub-regions used by the RAR, (b) spatial distribution
of the Mean Squared Error, (c) numerical forecast, (d) observations. By clicking on one of the sub-regions the user has access to detailed
information on the ensemble of analogs and observations used in the computation of the probabilistic forecast for that specific area.

found this approach useful to quickly perform different tasks. The
Übermap allows the EFs to do different types of analyses, dependent on the decision making scenarios. For example, the forecasters
may want to detect if there is any sizable probability of rain or not.
Goals might be to communicate and broadcast results to different
stakeholders, or to analyze specific high thresholds of precipitation
accumulation to detect extreme events.

Figure 5: Analog Viewer for the case of a specific selected region
on the first accumulation range [24 hours – 48 hours).

provides a comparative visualization for different thresholds, lead
times, and intervals of accumulation precipitation. The experts
submitted to Pacific Graphics (2017)

Our domain experts proposed to display the numerical forecast
as a 2D scalar field on the map, as well as the spatial distribution of
the RAR errors. The analysis of this information provides the EFs
with information about the RAR behavior for a particular event. We
proposed a comparative visualization by juxtaposition that allows
the EFs to analyze all the scalar fields at the same time. For this
purpose, we built the Interactive Forecast Layer (see Figure 4) that
presents a dashboard with a main view showing the probabilistic
forecasts. Three ancillary side views depict the associated numerical
weather forecasts, observations if available, and errors.
An important outcome from our meetings was the need to show
the EFs the inner workings of the RAR method to convey an under-
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Figure 6: Flowchart describing the three main phases followed during the participatory design process and the evaluation of our solution.

standing of its behavior and performance. We asked questions to the
experts concerning the importance to perform a fast and accurate
analysis of the data. We asked also about the relevance of exploring
multiple regions or perform a multi-scale analysis. The multi-scale
analysis regards the transition from large spatial scales to a more
detailed analysis in those areas where large amounts of precipitation
are more likely. For this purpose, we propose the Analogs Loop to
identify in which sub-regions the method selected similar or disparate analogs. It also enables the experts to analyze the outputs
of the NWPS model by comparing analogs and observations. The
Analog Viewer displays analogs, their associated errors, and observations involved in the computation of each sub-region with the
RAR method. We chose small multiples ordered by increasing similarity to show the ensemble of analogs. In this way, EFs can focus
their attention on the forecasts that are more similar to the current
situation. We complemented this visualization with summary views
to support the analysis of the errors via statistical aggregations.

Albero (see Figure 7) is an open-source web application for probabilistic weather forecasting, based on a previous client/server
model [DPD∗ 15]. The web client offers an interactive visual interface built using HTML, JavaScript and JQuery technologies.
BingMaps AJAX Control 7.0 is used to display the Interactive Forecast Layer view. The multi-threaded server is realized in C++. We
implemented the Smoothed Rank Analog technique developed by
Hamill and Whitaker. The prototype, documentation, and source
code is publicly available at: https://albero.cg.tuwien.
ac.at/.

4.3. Lessons Learned

5.1. Data Sources

A critical point has been the visualization of detailed information
about the analogs and the metrics used to select them. According
to the EFs, the Analog Viewer revealed that MSE seems to be a
pessimistic metric. It is further heavily affected by spatial shifts
in the analogs. Similar phenomena that occurred in the past, but
not exactly at the same geographic location, have a strong impact
on MSE. This has been a significant discovery facilitated by our
tool. Color palettes have been other concern discussed during our
interviews. We identified that the initially selected colormap for the
probabilistic forecasts was not expressive enough to easily detect
probabilities on the map. In general, the variations in our colormaps
were considered to be too smooth for forecasters to detect adjacent
levels of a variable. Although the rainbow colormap can lead to
wrong interpretations, forecasters find it helpful to identify at a
glance variations of different thresholds and to quickly spot a severe
event. Changing color scales was also not considered to be helpful as
this increases the mental load on the users to familiarize themselves
with the changes by repeatedly checking the color legends. Figure 3
gives a comparison of different color scales analyzed during the
design phase. The color scale in Figure 3c from green to violet
was rated to be the best by the domain experts. Our key experts

decided to include the tool into their regular workflow, but we still
are on pre-production stage. To make our tool operative, we still
need a large user study first, where operational forecasters take part
to evaluate the reliability and usability of our tool.
5. Implementation

The system uses retrospective forecasts (shortly reforecasts) generated by the GFS (Global Forecast System) [NOAa]. The reforecast
data correspond to the GEFS Reforecast v2 Ensemble Data. The
datasets are stored in NetCDF4 format, containing only the mean
value of the ensemble. It uses a 30 year historic database of forecasts generated by the system. These forecasts are global and have
a maximum lead time of two weeks with a horizontal resolution of
approximately 28 kilometers for the first week and approximately
70 kilometers for the second week. They include meteorological
variables such as temperature, winds, pressure, humidity, and precipitation among others. In this work, we focus on the precipitation
variable. Precipitation forecasts are available as the precipitation
accumulated in the last three-hours.
The observations database is constructed using the CMORPH
(Climate Prediction Center - NOAA) [Cli] precipitation estimates.
The CMORPH observational data is available as an estimated precipitation grid, with a spatial resolution of 0.25 degrees, for every
three hours. The resolution of the probabilistic forecast is given by
the resolution of the observations of CMORPH, i.e., 0.25 degrees.
The use of CMORPH past observations to generate probabilistic
forecasts allows us to increase the forecast horizontal resolution. We
submitted to Pacific Graphics (2017)
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Figure 7: Albero as a visual Analytics solution for the analysis of probabilistic forecasts. Different linked-views are coordinated in a fluent
dialog between the users and the application to assist decision making processes and measure the quality of the Reforecast Analog Regression.

can decrease the resolution from the native 1 degree resolution of the
reforecast data to the 0.25 degree resolution of the observations. In
this sense, the RAR technique is acting as a statistical down-scaling
technique. The precipitation estimates provide data between 40S
and 40N latitude with a temporal resolution of as high as 30 minutes
and a horizontal resolution of as high as 8 km. In this paper we
use a lower-resolution version of the data that has 3 hours and 0.25
degrees resolution. The precipitation estimates are based on passive
microwave radiometers on board of several satellites. This data-set
is routinely used to verify NWPS precipitation forecasts as well as
to study the climatic variability of rainfall at different temporal and
spatial scales.
The reforecast database starts in 1984. However, CMORPH estimates began in 2002. Therefore, the analog search in this work is
limited to the period 2002–2016 in which both databases are available. Through the combination of NCEP reforecasts and CMORPH
databases, the algorithm can be easily implemented for any location
between 40S and 40N latitude.
5.2. Automatic Processing
The RAR method consists of two main steps. In the first step, the
algorithm identifies a given number of past forecasts that are similar
to the current deterministic forecast using a specific NWPS and for
a particular geographic region. The similarity is evaluated using
different metrics such as the Mean Squared Error. At each grid point
of the selected region, analogs are identified by computing the similarity between the current forecast and forecasts with the same lead
times in the historical database. Calculations are done over a squared
domain centered at the grid point and a yearly time window of M
submitted to Pacific Graphics (2017)

days positioned at the forecasted date. Once the N most similar reforecasts are identified, the observed precipitation corresponding to
the forecasted period is retrieved from the observations database and
a set of N observed precipitation fields is obtained. The probability
of the precipitation exceeding the user-selected thresholds as well
as some other sample parameters are obtained from the N observed
fields. N is the number of retained analogs and is a parameter in
the method. If N is too small, the data sample may be too small to
produce a robust estimation of the probability or sample parameters.
If N is too large, not so good analogs might be included in the sample, which produces a degradation of the estimated probability. By
replacing model-produced forecasts by their corresponding observations, the systematic errors of these forecasts are partially removed.
This results in a less biased estimation of the probability.

6. Case Studies
We exemplify the capabilities of Albero on two scenarios that cover
operational weather forecasting and retrospective weather analysis
for an event of extreme precipitation in a short period of time. This
event took place from the 1st to the 3rd of April in 2013 causing
flooding in different areas of the north-eastern part of the region.
Both scenarios cover the analysis of extreme precipitation in a shortperiod of time. The EFs assumed that the selected event could be
underestimated by the numerical model, since it was a rare and
very extreme situation and, in general, precipitation is one of the
most difficult meteorological variables to forecast. We performed
two guided interviews with seven domain experts with different
backgrounds.
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Figure 8: Albero showing (a) the Übermap for April 1st, 2013 for
the next 72 hours and (b) a detailed view of the probabilistic forecast
for precipitation above 60 mm.

6.1. Extreme Precipitation Analysis
The goal of the EFs was to evaluate the risk of high precipitations
up to 72 hours in advance over southern South America. The EFs
set the forecast maximum lead time to 72 hours, dividing this time
window into 24 hour intervals. The thresholds from which probabilities will be computed can be adjusted – in this case the selected
thresholds were 0 mm, 20 mm, 40 mm, and 60 mm. Setting the
precipitation threshold and time intervals allows the EFs to detect
different, potentially dangerous events (corresponding to tasks T1,
T2 and T3 as identified in Section 1.1). This allowed the EFs to
evaluate events of intense precipitations over short periods of time
that can be associated with flash floods.
Based on these inputs, Albero presented an overview of the probability associated with the different thresholds grouped by intervaltime columns as shown in Figure 8a (task T4). Green and blue shades
in the second row and second column of the Übermap indicate high
probabilities of precipitation over 20 mm during the second day
over a large portion of the selected area. For the first and second
forecasted day there was a probability of over 30% for precipitation
over 60 mm in 24 hours. Although this may still seem like a low
probability of occurrence, it is much higher than the climatological
probability of the event. This indicates that the risk of having a high
precipitation event for that period is considerable (task T2). The
EFs selected a probabilistic forecast from the Übermap where the
probabilities were above 60 mm. The EFs focused their attention
on a specific sub-region near Buenos Aires city and zoomed into
the Interactive Forecast Layer (see Figure 8b). They noticed that
for the second time interval, corresponding to the second day, the
heaviest rain was forecasted. Figure 10 shows a close-up of the
probabilistic forecasts for the second time interval of [24-48 hs), for
the thresholds 20 mm, 40 mm, and 60 mm.
Using the Analog Viewer, the EFs analyzed the numerical forecast, the analogs and the observations. Figure 9 depicts the first
twelve analogs and their corresponding observations (task T7). The
mean difference between the analogs and the observations provides
information about the systematic errors in the model associated
with situations that are similar to the one anticipated in the current
numerical forecast (task T6). By using Albero, the EFs can study
systematic model bias and get further insight into their model errors.
The bias is also displayed in Figure 9 where large blue and green
regions dominate in the selected sub-region. The EFs confirmed that
the numerical forecast systematically underestimated the amount

Figure 9: Albero Analog Viewer with RAR results over a region
centered at longitude 59.5◦W and latitude 34.5◦ S, in the province
of Buenos Aires.

of precipitation accumulation since the observations mean is higher
than the analogs forecast mean (task T4). The EFs were able to visualize the spatial error distribution for a given accumulation range,
as shown in Figure 10d. The highest errors are located in the central
part of the country. They are encoded in red shades (task T7).
6.2. Visual Quality Analysis of the Analogs
In this scenario, the EFs analyzed previous events (T6). Using the
Analog Viewer, they initially compared the numerical forecast, the
analogs and observations. The bias, calculated as the difference between the analogs and the observations, provides information about
the systematic errors in the model (task T6). This analysis allowed
the EF to validate whether the numerical forecast underestimated or
overestimated the precipitation accumulation across the three days
(task T4). They analyzed the bias between the analogs mean and
the observations mean, and as a result they detected large variations
between them. Figure 11 shows that the numerical forecast systematically underestimated the amount of precipitation accumulation
for a selected sub-region in the given accumulation range, since the
observations mean is higher than the analogs mean. This can also be
observed in the individual analogs and their associated observations,
and can be considered a systematic model bias. For further analysis,
the EFs could select the "observation" option at the bottom of the
Übermap window to display the averaged observed precipitation
corresponding to the analog forecasts. This provides information
about the expected value of the precipitation after partially removing
the systematic forecast errors (task T8). Moreover, by selecting the
MSE option, the EFs display the spatial distribution of the Mean
Squared Error (see Figure 10d). This is a measure of the uncertainty
associated with the expected precipitation value over the domain.
The highest errors are located in the central and north-eastern part
of the domain (task T5).
7. Conclusions
We presented a VA approach to support probabilistic weather forecasting using the RAR method. We performed a thorough analysis
of the tasks workflow of our domain experts, in order to understand how they analyze their data and the associated uncertainty.
submitted to Pacific Graphics (2017)
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Figure 10: Interactive Forecast Layer showing different forecasts, observations and errors for the second day. The interval of precipitation
accumulation is [24-48 hs), valid for April 1st, 2013. Probabilistic forecasts show high probability of precipitation over the north east region.

Figure 11: Extreme precipitation happened during April 2nd, 2013. The second day is shown because the heaviest rain was forecasted for that
date. (a) The user identifies a probability forecast with a large area of precipitation accumulation above 60 mm. (b) Two areas of interest are
highlighted. (c) The user finds out that the numerical forecast systematically underestimated the amount of precipitation accumulation since
the observations mean is higher than the analogs mean. Also the analog forecasts for both regions presented noticeable differences.

Our approach is the first interactive VA solution that exposes the
internal aspects of the RAR method. It provides meteorologists with
capabilities to connect and compare different pieces of information
from probabilistic forecasts and internal views of the RAR method.
The interactive visual inspection of local analogs and observations,
and how they were selected, provides our domain experts with additional information beyond the probabilities themselves. Though
it is unpractical to analyze all sub-regions one by one, Albero can
be very helpful for the analysis of specific sub-regions of interest.
For example, it can be useful to detect high probabilities of strong
precipitation in a region that is densely populated. Our solution
provides the experts with detailed views of systematic errors and extreme values, among other statistical summaries. We plan to extend
our work with additional statistical characteristics for the analogs,
the forecast bias with respect to the observations, and the detection
of specific weather features. We will also include a statistical evaluation of different similarity metrics. Our domain experts suggest to
submitted to Pacific Graphics (2017)

include an objective validation of the method using statistical scores
and machine learning algorithms for parameter optimization. We
are now deploying an operative environment of Albero. This will
allow us to perform future exhaustive tests and massive user studies
of our solution.
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