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Abstract. Quantitative precipitation nowcasting (QPN) has become an essential technique in various application contexts,

such as early warning or urban sewage control. A common heuristic prediction approach is to track the motion of precipitation

features from a sequence of weather radar images, and then to extrapolate that motion to the imminent future (minutes to hours),

assuming that the intensity of the features remains constant ("Lagrangian persistence"). In that context, "optical flow" has

become one of the most popular tracking techniques. Yet, the present landscape of computational QPN models still struggles5

with producing open software implementations. Focusing on this gap, we have developed and extensively benchmarked a stack

of models based on different optical flow algorithms for the tracking step, and a set of parsimonious extrapolation procedures

based on image warping and advection. We demonstrate that these models provide skillful predictions comparable with or even

superior to state-of-the-art operational software. Our software library ("rainymotion") for precipitation nowcasting is written in

Python programming language, and openly available at GitHub (github.com/hydrogo/rainymotion). That way, the library may10

serve as a tool for providing fast, free and transparent solutions that could serve as a benchmark for further model development

and hypothesis testing – a benchmark that is far more advanced than the conventional benchmark of Eulerian persistence

commonly used in QPN verification experiments.

1 Introduction

How much will it rain within the next hour? The term "quantitative precipitation nowcasting" refers to forecasts at high spatio-15

temporal resolution (60-600 seconds, 100-1000 meters) and short lead times of only a few hours. Nowcasts have become

important for broad levels of the population for planning various kinds of activities. Yet, they are particularly relevant in the

context of early warning of heavy convective rainfall events, and their corresponding impacts such as flash floods, landslides,

or sewage overflow in urban areas.

While recent advances in numerical weather prediction (NWP) allow us to forecast atmospheric dynamics at very high20

resolution (Bauer et al., 2015), computational costs are typically prohibitive for the requirements of operational nowcasting

applications with frequent update cycles. Furthermore, the heuristic extrapolation of rain field motion and development, as

observed by weather radar, still appears to outperform NWP forecasts at very short lead times. Today, many precipitation

nowcasting systems are operational at regional or national scales, utilizing various radar products, algorithms, and blending
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techniques in order to provide forecasts up to 1-3 hours: ANC (Mueller et al., 2003), MAPLE (Germann and Zawadzki, 2002),

RADVOR (Winterrath et al., 2012), STEPS (Bowler et al., 2006), STEPS-BE (Foresti et al., 2016), SWIRLS (Cheung and

Yeung, 2012; Woo and Wong, 2017). For an extensive review of existing operational systems, please refer to Reyniers (2008).

There are three main groups of techniques for radar-based precipitation nowcasting: analog, local Lagrangian, and stochastic

(Foresti et al., 2016). Analog-based methods utilize a measure of similarity (e.g., correlation coefficient) to find the most similar5

sequences in archived radar observations in order to construct a precipitation forecast (Foresti et al., 2015). Stochastic nowcasts

add random perturbations to deterministic ones to account for the uncertainty (Bowler et al., 2006; Foresti et al., 2016). In this

study, we focus on the second group – local Lagrangian – which allows the extrapolation of the most recent radar images under

the assumption that the velocity field is persistent (Germann and Zawadzki, 2002; Woo and Wong, 2017).

Local Lagrangian methods consist of two computational steps: tracking and forecasting (extrapolation) (Austin and Bellon,10

1974). In the tracking step, we compute a velocity field from a series of consecutive radar images, either on a per pixel basis

(Germann and Zawadzki, 2002; Grecu and Krajewski, 2000; Liu et al., 2015; Zahraei et al., 2012), or for contiguous objects

(Zahraei et al., 2013). In the second step, we use that velocity field to advect the most recent rain field, i.e. to extrapolate its

motion into the imminent future. That step has been implemented based on semi-Lagrangian schemes (Germann and Zawadzki,

2002), interpolation procedures (Liu et al., 2015), or mesh-based models (Bellerby, 2006; Zahraei et al., 2012). Different15

algorithms can be used for each step, tracking and forecasting, in order to compute an ensemble forecast (Grecu and Krajewski,

2000; Foresti et al., 2016).

One of the most prominent techniques for the tracking step is referred to as "optical flow". The original term was inspired by

the idea of an apparent motion of brightness patterns observed when a camera or the eyeball is moving relative to the objects

(Horn and Schunck, 1981). Today, optical flow is often understood as a group of techniques to infer motion patterns or velocity20

fields from consecutive image frames, e.g. in the field of precipitation nowcasting (Bowler et al., 2004; Liu et al., 2015; Woo

and Wong, 2017). For the velocity field estimation, we need to accept both the brightness constancy assumption and one of a

set of additional optical flow constraints (OFC). The spatial attribution of OFC marks the two main categories of optical flow

models: local (differential) and global (variational) (Cheung and Yeung, 2012; Liu et al., 2015). Local models try to set an OFC

only in some neighborhood, while global models apply an OFC for a whole image. Bowler et al. (2004) introduced the first25

local optical flow algorithm for precipitation nowcasting and gave rise to a new direction of models. Bowler’s algorithm is the

basis of the STEPS (Bowler et al., 2006) and STEPS-BE (Foresti et al., 2016) operational nowcasting systems. Liu et al. (2015)

proposed using a local Lucas–Kanade optical flow method (Lucas and Kanade, 1981) independently for every pixel of satellite

imagery and compared its performance with a global Horn–Schunck (Horn and Schunck, 1981) optical flow algorithm. Yeung

et al. (2009), Cheung and Yeung (2012), and Woo and Wong (2017) used different global optical flow algorithms (Bruhn et al.,30

2005; Wong et al., 2009) for establishing the SWIRLS product for operational nowcasting in Hong-Kong.

Hence, for around two decades, optical flow algorithms have been doing their best for state-of-the-art operational nowcasting

systems around the globe. Should research still care about them? It should. . . and the reason is that – despite the abundance of

publications about different flavours of optical flow techniques for nowcasting applications – an open and transparent bench-

mark model is yet not available, except the most trivial one: Eulerian persistence. That is all the more surprising since open35
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source libraries such as OpenCV (opencv.org) have been around for almost 20 years, providing efficient implementations of

various optical flow algorithms for an endless number of research and application contexts. The aim of this paper is thus to

establish a set of benchmark procedures for quantitative precipitation nowcasting as an alternative to Eulerian persistence.

This study does not aim to improve the standard of precipitation nowcasting beyond the state-of-the-art, but to provide an

open, transparent, reproducible and easy-to-use approach that can compete with the state-of-the-art, and against which future5

advances can be measured. To that end, we developed a group of models that are based on two optical flow formulations

algorithms for the tracking step – local (Lucas and Kanade, 1981) and global (Farnebäck, 2003) – together with two parsimo-

nious extrapolation techniques based on image warping and spatial interpolation. These models are verified against Eulerian

persistence, as a trivial benchmark, and against the operational nowcasting system of the Deutscher Wetterdienst (the German

Weather Service, DWD), as a representative of state-of-the-art models. The different optical flow implementations are pub-10

lished as an open source Python library (rainymotion, github.com/hydrogo/rainymotion) that entirely relies on free and open

source dependencies, including detailed documentation and example workflows (rainymotion.readthedocs.io).

The paper is organized as follows. In Section 2, we describe the algorithmic and technical aspects of the suggested optical

flow models. Section 3 describes the data we used, and provides a short synopsis of events we used for the benchmark exper-

iment. We report the results in Section 4, and discuss them in various contexts in Section 5. Section 6 provides summary and15

conclusions.

2 Models

The benchmark models developed in this study consist of different combinations of algorithms for the two major steps of La-

grangian nowcasting frameworks, namely tracking and extrapolation (Austin and Bellon, 1974). Table 1 provides an overview

of the models. The values of model parameters adopted in the benchmark experiment have been heuristically determined and20

not yet been subject to systematic optimization. For a description of parameters, please refer to Section S1 in the Supplementary

or the rainymotion library documentation (rainymotion.readthedocs.io/).

2.1 Local optical flow models (the Sparse group)

The central idea around this group of methods is to identify distinct features in a radar image that are suitable for tracking. In

this context, a "feature" is defined as a distinct point ("corner") with a sharp gradient of rainfall intensity. That approach is less25

arbitrary and scale dependent and thus more universal than classical approaches that track storm cells as contiguous objects

(e.g., Wilson et al., 1998). Inside this group, we developed two models that slightly differ with regard to both tracking and

extrapolation.

The first model (SparseSD, for Sparse Single Delta) uses only the two most recent radar images for identifying, tracking,

and extrapolating features. Assuming that t denotes both the nowcast issue time and the time of the most recent radar image,30

the implementation can be summarized as follows:

1. Identify features in a radar image at time t-1 using the Shi–Tomasi corner detector (Shi and Tomasi, 1994);
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2. Track these features at time t using the local Lucas–Kanade optical flow algorithm (Lucas and Kanade, 1981);

3. Linearly extrapolate the features’ motion in order to predict the features’ locations at each lead time n;

4. Calculate the affine transformation matrix (Schneider and Eberly, 2003) for each lead time n based on the features’

locations at time t and t+n;

5. Warp the radar image at time t for each lead time n using the corresponding affine matrix, and linearly interpolate5

remaining discontinuities (Wolberg, 1990).

For a visual representation of the SparseSD model routine, please refer to Fig. 1.

The second model (Sparse) uses the 24 recent radar images, and we consider here only features that are persistent over the

whole period (of 24 timesteps) for capturing the most steady movement. Its implementation can be summarized as follows:

1. Identify features on a radar image at time t-23 using the Shi–Tomasi corner detector (Shi and Tomasi, 1994);10

2. Track these features on radar images at the time from t-22 to t using the local Lucas–Kanade optical flow algorithm

(Lucas and Kanade, 1981);

3. Build linear regression models which independently parametrize changes in coordinates through time (from t-23 to t) for

every successfully tracked feature;

4. Continue with steps 3-5 of SparseSD.15

For a visual representation of the Sparse model routine, please refer to Fig. 2.

To our knowledge, this study is the first to apply image warping directly as a simple and fast algorithm to represent advective

motion of a precipitation field. In Section S2 of the Supplementary, you can find a simple synthetic example which shows the

potential of the warping technique to replace an explicit advection formulation for temporal extrapolation.

2.2 Global optical flow models (the Dense group)20

The Dense group of models uses the global optical flow algorithm proposed by Farnebäck (2003) which allows us to explic-

itly estimate the velocity of each image pixel based on an analysis of two consecutive radar images. The two models in this

group differ only with regard to the extrapolation (or advection) step. The first model (Dense) uses a constant-vector advection

scheme (Bowler et al., 2004), while the second model (DenseRotation) uses a forward semi-Lagrangian advection scheme

(Germann and Zawadzki, 2002). The main difference between the proposed approaches is that a constant-vector scheme does25

not allow for the representation of rotational motion (Bowler et al., 2004); a semi-Lagrangian scheme allows for large-scale

rotational movement while assuming the motion field itself to be persistent (Fig. 3). Both models utilize a linear interpolation

procedure in order to interpolate advected rainfall intensities at their predicted locations to the original radar grid. This inter-

polation procedure follows the same idea of distributing the value of a rain pixel to its neighborhood, as proposed in different

modifications by Bowler et al. (2004), Liu et al. (2015), and Zahraei et al. (2012). The Dense group models’ implementation30

can be summarized as follows:
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– Calculate a continuous displacement field using a global Farnebäck optical flow algorithm (Farnebäck, 2003) based on

the radar images at time t-1 and t;

– Use a constant-vector (Bowler et al., 2004) or a semi-Lagrangian scheme (Germann and Zawadzki, 2002) to extrapolate

(advect) each pixel according to the obtained displacement (velocity) field, in one single step for each lead time t+n. For

the semi-Lagrangian scheme, we update the velocity of each displaced pixel at each prediction time step by retrieving5

the velocity closest to the predicted pixel location;

– As a result of the advection step, we basically obtain an irregular point cloud that consists of the original radar pixels

displaced from their original location. We use the intensity of each displaced pixel at its predicted location at time t+n

in order to interpolate the intensity at each grid point of the original (native) radar grid (Liu et al., 2015; Zahraei et al.,

2012). It is important to note that we minimize numerical diffusion by first advecting each pixel over the target lead time10

before applying the interpolation procedure. That way, we avoid rainfall features to be smoothed in space by the effects

of interpolation.

2.3 Persistence

The (trivial) benchmark model of Eulerian persistence assumes that for any lead time n, the precipitation field is the same as for

time t. Considering its simplicity, it is quite a powerful predictor for very short lead times, and, at the same time, its verification15

performance is a good measure of temporal decorrelation for different events.

2.4 rainymotion Python library

We have developed the rainymotion Python library that implements the above models. The source code is available in a Github

repository (github.com/hydrogo/rainymotion), and has a documentation page (rainymotion.readthedocs.io) which includes in-

stallation instructions, models’ description, and usage examples. The library code and accompanying documentation are freely20

distributed under the MIT software license which allows unrestricted use. The library is written in the Python 3 program-

ming language (python.org) and its core is entirely based on open source software libraries (Fig. 4): OpenCV (Bradski and

Kaehler, 2008), SciPy (Jones et al., 2018), NumPy (Oliphant, 2006), Scikit-learn (Pedregosa et al., 2011), and Scikit-image

(Van der Walt et al., 2014). For manipulation of the data stored in HDF databases we also use the h5py library (h5py.org),

to generate figures we use the Matplotlib library (Hunter, 2007), and we use the Jupyter notebook (jupyter.org) interactive25

development environment for code and documentation development and distribution. For managing the dependencies without

any conflicts, we recommend to use the Anaconda Python distribution (anaconda.com) and follow rainymotion installation

instructions (rainymotion.readthedocs.io/en/latest/gettingstarted.html#installation).

2.5 Operational baseline (RADVOR)

The DWD operationally runs a stack of models for radar-based nowcasting providing precipitation forecasts for a lead time up30

to 2 hours. The operational quantitative precipitation nowcasts are based on the RADVOR module (Bartels et al., 2005; Rudolf
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et al., 2012). The tracking algorithm estimates the motion field from the latest sequential clutter-filtered radar images using

a pattern recognition technique on different spatial resolutions (Winterrath and Rosenow, 2007; Winterrath et al., 2012). The

focus of the tracking algorithm is on the meso-β scale (spatial extent: 25–250 km) to cover mainly large-scale precipitation

patterns, but the meso-γ scale (spatial extension: 2.5–25 km) is also incorporated to allow the detection of smaller-scale

convective structures. The resulting displacement field is interpolated to a regular grid and a weighted averaging with previously5

derived displacement fields is implemented to guarantee a smooth displacement over time. The extrapolation of the most recent

radar image according to the obtained velocity field is performed using a semi-Lagrangian approach. The described operational

model is updated every 5 minutes and produces precipitation nowcasts at a temporal resolution of 5 minutes and a lead time of

2 hours (RV product). In the presented study we used the RV product data as an operational baseline and did not implement a

programmatic realization of the DWD algorithm itself.10

2.6 Verification

For the verification we use two general categories of scores: continuous (based on the differences between nowcast and ob-

served rainfall intensities) and categorical (based on standard contingency tables for calculating matches between boolean

values which reflect the exceedance of specific rainfall intensity thresholds). We use the mean absolute error (MAE) as a

continuous score:15

MAE =
∑n

i=1 |nowi− obsi|
n

(1)

where nowi and obsi are nowcast and observed rainfall rate in the i-th pixel of the corresponding radar image, and n the number

of pixels.

And we use the critical success index (CSI) as a categorical score:

CSI =
hits

hits+ false alarms+misses
(2)20

where hits, false alarms, and misses are defined by the contingency table and the corresponding threshold value (for details see

Section S4 of the Supplementary).

Following the study of Bowler et al. (2006) we have applied threshold rain rates of 0.125, 0.25, 0.5 and 1 mm h−1 for

calculating the CSI.

These two metrics inform us about the models’ performance from the two perspectives: MAE captures errors in rainfall25

rates prediction (the less the better), and CSI captures model accuracy (the fraction of the forecast event that was correctly

predicted; does not distinguish the source of errors; the higher the better). You can find results represented in terms of additional

categorical scores (false alarm rate, probability of detection, equitable threat score) in Section S4 of the Supplementary.

3 Radar data and verification events

We use the so-called RY product of the DWD as input to our nowcasting models. The RY product represents a quality-controlled30

rainfall depth product that is a composite of the 17 operational Doppler radars maintained by the DWD. It has a spatial extent
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of 900×900 km and covers the whole area of Germany. Spatial and temporal resolution of the RY product is 1×1 km and

5 minutes, respectively. This composite product includes various procedures for correction and quality control (e.g. clutter

removal). We used the ωradlib (Heistermann et al., 2013) software library for reading the DWD radar data.

For the analysis, we have selected 11 events during the summer periods of 2016 and 2017. These events are selected for

covering a range of event characteristics with different rainfall intensity, spatial coverage, and duration. Table 2 shows the5

studied events. You can also find links to animations of event intensity dynamics in Section S3 of the Supplementary.

4 Results

For each event, all models (Sparse, SparseSD, Dense, DenseRotation, Persistence) were used to compute nowcasts with lead

times from 5 to 60 minutes (in 5 minute steps). Operational nowcasts generated by the RADVOR system were provided by the

DWD with the same temporal settings.10

Figure 5 shows the model performance (in terms of MAE) as a function of lead time. For each event, the Dense group of

models is superior to the other ones. The RV product achieves an average rank between models of the Sparse and Dense groups.

The SparseSD model outperforms the Sparse model for short lead times (up to 10-15 minutes), and vice versa for longer lead

times. For some events (1-4, 6, 10, 11), the performance of the RV product appears to be particularly low in the first 10 minutes,

compared to the other models. These events are characterized by particularly fast rainfall field movement.15

Figure 6 has the same structure as Fig. 5, but shows the CSI with a threshold value of 0.125 mm h−1. For two events (7 and

10) the RV product performs better than optical flow based models for lead times beyond 30 minutes, and the Sparse group

outperforms the Dense group for lead times beyond 45 minutes. For the remaining events, the Dense group outperforms all

other methods. For the Dense group of models, it is clear that accounting for the rotation in the field only improves the forecast

when strong rotation exists (e.g., event #7, which is consistent with the performance of the RV product that also follows a20

semi-Lagrangian approach). For the majority of events, however, the constant-vector advection scheme (the Dense model)

appears to perform slightly better then the semi-Lagrangian scheme (the DenseRotation model). The behavior of the Sparse

group models is mostly consistent with the MAE.

Figure 7 shows the model performance using the CSI with a threshold value of 1 mm h−1. For the majority of events, the

resulting ranking of models is the same as for the CSI with a threshold of 0.125 mm h−1. For three events (2, 7, 10) the RV25

product performs better for lead times beyond 20-30 minutes.

Table 3 summarizes the results of the Dense group models in comparison to the RV model for different verification metrics

averaged over all the selected events and two lead time periods: 5–30, and 35–60 minutes. Results show that the Dense group

always slightly outperforms the RV model for lead times up to 30 minutes. For lead times from 30 minutes to 1 hour, differences

between model performances are less pronounced. For the CSI metric, the differences between all models tend to decrease with30

increasing rainfall thresholds.

You can find more figures illustrating the models’ efficiency for different thresholds and lead times in Section S4 of the

Supplementary.
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5 Discussion

5.1 Model comparison

For the analyzed events, there is a clear pattern that the Dense group of optical flow models outperforms the operational RV

model for shorter lead times (up to 30 minutes) and sometimes (events 2, 7, 10) underperforms for longer lead times (from 30

minutes to 1 hour). That behavior of the RV product could be a result of accounting for meso-β scale features in the velocity5

field computation (Winterrath et al., 2012) which is designed to capture movement patterns at a larger scale, concerted with

a weighted averaging of the derived displacement vectors over the three recent time steps (in order to guarantee a steady

displacement over time). A gain in performance for longer lead times by taking into account more time steps from the past can

also be observed when comparing the SparseSD model (looks back five minutes in time) against the Sparse model (looks back

two hours in time).10

The natural properties of the precipitation formation process limit predictability. Many studies specify a lead time of 30

minutes as a predictability limit for convective structures with fast dynamics of rainfall evolution (Foresti et al., 2016; Grecu

and Krajewski, 2000; Thorndahl et al., 2017; Wilson et al., 1998; Zahraei et al., 2012). Our study confirms these findings.

There are a couple of possible directions for enhancing the performance for longer lead times using the Dense group of

models. The first way is to adopt the RV scheme for a weighted averaging of calculated velocity fields separately derived for15

the last three (or more) time steps. Another option is to calculate separate velocity fields for low and high intensity subregions

of the rain field, and advect these subregions separately (like proposed in Golding (1998)), or find an optimal weighting

procedure. The third possible way is to implement different smoothness constraints when implementing optical flow algorithms

like proposed in Germann and Zawadzki (2002), Bowler et al. (2004), or Mecklenburg et al. (2000). The flexibility of the

rainymotion software library allows users to incorporate such algorithms for benchmarking any hypothesis, and e.g. implement20

different models or parameterisations for different lead times. Bowler et al. (2004) also showed a significant performance

increase for longer lead times by using NWP model winds for the advection step. However, Winterrath and Rosenow (2007)

did not obtain any improvement compared to RADVOR for longer lead times by incorporating NWP model winds in the

nowcasting procedure.

5.2 Advection schemes properties and effectiveness25

In our study, we have shown the advantages of the constant-vector advection scheme (implemented in the Dense model, pro-

vided in Bowler et al. (2004)) over the semi-Lagrangian scheme (implemented in the DenseRotation model). For the majority

of events (except the event #7) and lead times it appears that a linear extrapolation together with a constant-vector advection are

preferable, particularly in a context where we have a complex motion pattern with an absence of distinct large-scale rotation.

However, when a precipitation field has a clear rotational component (e.g. counter-clock wise cyclonic rotation during the event30

#7), accounting for rotation increases the forecast efficiency (DenseRotation outperforms Dense). It is also possible that the

positive effect of using a semi-Lagrangian advection scheme may be more evident for lead times longer than one hour, and for

smoothed velocity fields (as shown in Germann and Zawadzki (2002)).
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5.3 Computational performance

Computational performance might be an important criterion for end users aiming at update cycles with high frequency. We ran

our nowcasting models on a standard office PC with an Intel® CoreTM i7-2600 CPU (8 cores, 3.4 GHz), and on a standard

laptop with an Intel® CoreTM i5-7300HQ CPU (4 cores, 2.5 GHz). The average time for generating one nowcast for one

hour lead time (at 5 minute resolution) for the Sparse group is 2-3 s, and for the Dense group is 150-180 s. The Dense group5

consumes more computational resources mostly because of expensive interpolation operation implemented for images of high

resolution (900×900 pixels). There is also ample potential for increasing the computational performance of the interpolation. It

might also be considered to combine the warping procedure for the extrapolation step with the Dense optical flow procedure for

the tracking step in order to dramatically enhance computational performance. For that purpose, however, the errors introduced

by the warping procedure need to be understood better.10

6 Summary and conclusions

Optical flow is a technique for deriving a velocity field from consecutive series of images which is widely used in image

analysis, and became increasingly popular in meteorological applications over the past 20 years. In our study, we examined

the performance of optical flow based models for radar-based precipitation nowcasting, as implemented in the open-source

rainymotion library, for a wide range of rainfall events using radar data provided by the DWD.15

The comparison of the models’ verification performance with the performance of the operational baseline (the RV product

provided by the DWD) shows a firm basis for using optical flow in radar-based precipitation nowcasting studies. For the

majority of the analyzed events, models which use the global optical flow algorithm for deriving a displacement vector field

outperform the operational model. The Sparse group of models showed significant skill, yet they performed generally poorer

than both the Dense group and the RV product. We should, however, not prematurely discard the group of Sparse models before20

we have not gained a better understanding of error sources with regard to the tracking, extrapolation and warping steps.

There is a clear and rapid model performance loss over lead time for events with high rainfall intensities. This issue continues

to be unresolved by standard nowcasting approaches, but some improvement in this field may be achieved with using strategies

such as nowcasts merging with NWP results and stochastic accounting of rainfall field evolution. We suppose that using new

data-driven models based on machine and deep learning approaches may provide additional gain in performance by utilizing25

and structuring common patterns in the massive archives of radar data.

We do not claim that the developed models will compete with well-established and excessively tuned operational services

for radar-based precipitation nowcasting, but we hope our models may serve as an essential tool for providing a fast, free and

open source solution that can serve as a benchmark for further model development and hypothesis testing – a benchmark that

is far more advanced than the conventional benchmark of Eulerian persistence.30
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Code and data availability. The rainymotion library is free and open source. It is distributed under the MIT software license which allows

unrestricted use. The source code is provided through a GitHub repository github.com/hydrogo/rainymotion, and the documentation is avail-

able on a website http://rainymotion.readthedocs.io. The DWD provided the sample data of the RY product, and it is distributed with the

rainymotion repository to provide a real case and reproducible example of precipitation nowcasting. We encourage any collaboration to make

free and open source models for radar-based precipitation nowcasting better and accessible for a broader public.5
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Figure 1. Scheme of the SparseSD model
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Constant-vector

semi-Lagrangian

Figure 3. Displacement vectors of two proposed advection schemes: constant vector and semi-Lagrangian
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rainymotion

Figure 4. Key Python libraries for rainymotion library development
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Figure 6. Lead time wise CSI for the threshold of 0.125 mm h−1
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Figure 7. Lead time wise CSI for the threshold of 1.0 mm h−1
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Table 1. Overview of the developed models

Model name Input radar

images

Tracking Extrapolation Number of

parameters

Computational

time, s

SparseSD 2 Shi–Tomasi corner detector,

Lucas–Kanade optical flow

(local)

Constant delta-change,

affine warping

7 ∼2-3

Sparse 3-24 Shi–Tomasi corner detector,

Lucas–Kanade optical flow

(local)

Linear regression, affine

warping

10 ∼2-3

Dense 2 Farnebäck optical flow

(global)

Constant-vector advection

scheme

7 ∼150-180

DenseRotation 2 Farnebäck optical flow

(global)

Forward semi-Lagrangian

advection scheme

7 ∼150-180
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Table 2. Characteristics of the selected events

Event shortcut Start End Duration, hours Maximum extent, km2 Extent >1 mm h−1, %

Event 1 2016-05-23 2:00 2016-05-23 8:00 6 159318 42

Event 2 2016-05-23 13:00 2016-05-24 2:30 13.5 135272 56

Event 3 2016-05-29 12:05 2016-05-29 23:55 12 160095 72

Event 4 2016-06-12 7:00 2016-06-12 19:00 12 150416 53

Event 5 2016-07-13 17:30 2016-07-14 1:00 7.5 145501 62

Event 6 2016-08-04 18:00 2016-08-05 7:00 13 168407 74

Event 7 2017-06-29 3:00 2017-06-29 5:05 2 140021 70

Event 8 2017-06-29 17:00 2017-06-29 21:00 4 182561 60

Event 9 2017-06-29 22:00 2017-06-30 21:00 23 160822 75

Event 10 2017-07-21 19:00 2017-07-21 23:00 4 63698 77

Event 11 2017-07-24 8:00 2017-07-25 23:55 16 253666 63
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Table 3. Mean model metrics for different lead time periods

Lead time (from–to), min

Model 5–30 35–60

MAE, mm h−1

Dense 0.29 0.44

DenseRotation 0.29 0.44

RV 0.31 0.45

CSI, threshold=0.125 mm h−1

Dense 0.78 0.63

DenseRotation 0.78 0.62

RV 0.76 0.61

CSI, threshold=0.25 mm h−1

Dense 0.76 0.60

DenseRotation 0.76 0.59

RV 0.74 0.59

CSI, threshold=0.5 mm h−1

Dense 0.73 0.55

DenseRotation 0.72 0.55

RV 0.70 0.55

CSI, threshold=1 mm h−1

Dense 0.68 0.49

DenseRotation 0.67 0.49

RV 0.65 0.49

The best result for specific metric and lead time period in bold face
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