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Abstract. Short-term precipitation forecasting is one of the key challenges in
meteorological predictions and plays a critical role in real-time weather disaster
response and mitigation. Weather conditions are primarily obtained through ra-
dar echo information, and short-term forecasts mainly rely on the prediction of
radar echo trends. This study proposes a "Optical Flow" based extrapolation
method for near-term forecasting to simulate and predict imminent weather sit-
uations. By analyzing the temporal variations of radar echoes, atmospheric mo-
tion features and vector information are extracted to provide physically mean-
ingful precipitation forecasts. In forecast tests from 0 to 60 minutes, the optical
flow method demonstrated excellent detection capabilities, with a Probability of
Detection (POD) score exceeding 0.5 and a Critical Success Index (CSI) above
0.4 at the 30-minute forecast period, showing strong predictive performance.
Furthermore, the method's computation time for the 30-minute forecast is ap-
proximately 5.4 seconds, meeting the real-time forecasting requirements. This
study demonstrates that the optical flow method offers efficient computational
performance and reliable forecasting ability in short-term precipitation predic-
tion, providing an effective technical approach for this field. (4bstract)

Keywords: short-term precipitation forecasting, optical flow method, radar
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1 Introduction

Over the past few years, shifts in climate patterns have resulted in a rise of severe
weather occurrences, such as heatwaves, droughts, and sudden torrential rainfall. As a
type of extreme meteorological phenomenon, sudden torrential rainfall is marked by a
swift build-up of significant moisture content, followed by a intense downfall of rain in
a brief timeframe. Due to its abrupt nature, localized occurrence, and intense rainfall,
such events have become a focal point of climate change research and pose significant
challenges for forecasting and response. Sudden torrential rainfall can trigger second-
ary disasters[1],[2], such as mudslides, landslides, and urban flooding, which severely
threaten social infrastructure, agriculture, and public safety.
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Weather radar echo detection is a crucial tool for real-time weather monitoring, and
nowcasting refers to the prediction of weather changes within a 0-2 hour timeframe[3].
The increasing frequency of sudden torrential rainfall events has heightened the de-
mand for short-term precipitation forecasting. This paper explores thunderstorm identi-
fication, tracking, and detection techniques based on radar data, in pursuit of enhancing
the precision and effectiveness of immediate weather predictions.

Currently, the optical motion flow method is widely used in radar echo trend predic-
tion and is recognized for its unique advantages. This method estimates the movement
speed and direction of precipitation areas by analyzing the changes in radar image
sequences[4],[5]. Unlike machine learning approaches, the optical motion flow method
is based on physical phenomena and directly extracts motion information from image
variations, without the need for large amounts of labeled data.

The visual motion analysis approach enhances the accuracy and robustness of radar
echo prediction[6], particularly when handling rapidly changing and highly localized
echoes[7]. Additionally, the optical flow method does not rely on specific hardware
configurations and can operate efficiently even with limited computational re-
sources[8].

By analyzing the motion direction of radar echo signals, the visual motion analysis
approach method can reliably determine the development course and direction of the
signals.[9]. This study applies the optical flow method to nowcasting and develops
radar echo forecasting products based on this approach[10]. For extrapolation forecast-
ing, we employ a semi-Lagrangian scheme to project the echoes[11],[12],, which ac-
counts for the nonlinear characteristics of atmospheric motion[13], helping to better
preserve the rotational nature of the echoes and thereby improving forecast accura-
cy[14]. Through this method, we aim to provide more precise and reliable technical
support for short-term precipitation nowcasting.

2 Method

2.1  Principles of Optical Flow Method

The visual motion analysis approach assumes that echo motion satisfies the Lagrangian
conservation equation over a short time interval. Additionally, the method employs
supplementary constraint equations to compute the optical motion flow field. Define
L( x, y, t) brightness level at coordinates ( x, y ) at the moment z. Following a period of
At, the intensity value at the location transitions to L( x + 4x, y + Ay, t + At). With
the condition that 4z — 0, the z value is considered approximately constant.

I(x,y,t)=L(x +u-At, y + v-Ay, t + At) (D)

With u corresponds to the flow in the x-direction. With v represents the flow in the
y-direction. Assuming a steady change in the brightness L( x, y, t ) over time 4¢, equa-
tion (1) can be formulated using the Taylor series and omitting the second-order infini-
tesimal terms, leading to:
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aL aL oL
L(x,y,t) +Axa+Ay5+AtE— L(x,y,t) 2)
In the equation, Ax=u-A¢t and A4y=v-At. Eliminating L( x, y, ¢ ) from equation (2), af-
ter scaling both sides by 4¢ and evaluating the limit as 4¢ — 0, we get:
dL dx dL dy oL __
oy ator = ®)

Equation (3) is essentially the expanded form of dL/dt=0 and can be simplified as:
Ly+L,v+L, =0 “4)

Equation (4) represents the optical flow constraint equation.

Let VL=( Ly, L, )T, where VL denotes the gradient in space of the monochromatic
image, with L, being the time-based variation in grayscale intensity levels. The vector
(u, v) mark the optical flow, with the optical flow field being an assembly of such
vectors throughout the entire image. If the image is replaced by meteorological radar
echo signals, with the detected targets being radar echoes rather than moving objects
in the frame, then L( x, y, t ) serves as the reflectivity measure for the respective coor-
dinate (x, y) at time ¢ within the radar scan.

2.2 Lucas-Kanade algorithm for Optical motion Flow Method

The visual motion analysis approach method[15] is a classic computer vision technique
for estimating motion from image sequences. The algorithm, developed by Bruce D.
Lucas, along with Takeo Kanade in 1981, estimates the motion field for the entire sce-
ne by observing the trajectory of dominant attribute spots in an image sequence.

(a) (b) (c)

Fig. 1. Retrieval process of the L-Kanade optical flow method. (a) Cursor features in the first
frame of the image; (b) Box frame used to search for the object's location in the second frame;
(¢) Calculation of the object's displacement based on the change in cursor position between
consecutive frames.

As shown in Figure 1a, the Lucas-Kanade optical motion flow method begins by de-
fining feature points Po in the first frame of the image. These feature points have dis-
tinctive visual characteristics, making them easy to track throughout the image se-
quence. For each feature point P( x, i ), a local box window centered at P( x, y ), de-
noted as By, is created, and the optical motion flow information within this box window



458 X. Wei et al.

is labeled as J;. It is assumed that the optical flow within the local box window B re-
mains consistent with the movement of the feature point.

Next, as shown in Figure 1b, the method searches for the optical flow in the second
capture of the photo using a box of the same size to find a region B; that has the high-
est similarity to J;. The optical flow information in this region is labeled as J,. By min-
imizing the difference between J; and J2, we confirm J; = J>, thus identifying B, as the
position of B: in the second frame. Consequently, the location of the feature point in
Figure la is determined in Figure 1b. As shown in Figure lc, the object's displacement
is calculated based on the changes in optical flow between the two frames.

Let £ denote the error between J; and J>. Within the local box window, the optical
flow vector for each point is estimated by minimizing the error in the optical motion
flow equation. The error in the optical motion flow estimation is given by:

E =Yrea W2@OIVI(x, 1) -V + 1, (x, t)]? (&)

In Equation (5), £ represents the region centered at point P, W?( x ) is the window
function that denotes the weights of the points within the region, and V=( u, v )T de-
notes the optical motion flow at point P.0

To ascertain the location of the box in Figure 1b associated with the smallest error
E, the least squares approach is utilized to minimize the optical flow error. Based on
the changes in the box positions between the preceding and subsequent frames, the
displacement of the feature point P is computed.

Utilizing the Lucas and Kanade (LK) technique, radar echo movements are inferred
through optical motion analysis. Although radar reflectivity can change over time, the
interval between two radar scans is approximately 6 minutes, making these changes
relatively minor. Therefore, it is reasonable to approximate that the radar images satis-
fy the optical motion flow constraint equation (4).

2.3  Semi-Lagrangian Extrapolation Method

To account for physical processes such as rotation and varying speeds during extrapo-
lation, the semi-Lagrangian transport approach was utilized for the advancement of
radar reflectivity images. The semi-Lagrangian method is known for its stability and
accuracy and has been widely used in numerical forecasting models and climate mod-
els.

In the extrapolation of echoes, it is assumed that the physical quantities in space re-
main approximately constant during the temporal displacement. The following ex-
trapolation formula is used[16]:

F'(ty+A4t,x) =F(ty,x—s) 6)

In Equation (6), F’ represents the forecasted state of the radar echo field at #5+4z, F
is the observed radar echo field at #y, fp means the initial time, 4¢ means the look for-
ward time, where s means the vector of displacement within the look forward time The
formula assumes that the observed echo ( Z) at position x - s at ¢y will move to position
x at ty+At after a displacement of time A¢.
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The Semi-Lagrangian extrapolation method apportions the prediction lookahead pe-
riod 4¢ into N incremental stages for advancement, with each time step being 4¢. In this
study, a forward extrapolation method is used. The aggregate change in position
throughout the forecast period equals the cumulative displacement across N incre-
ments, with the time step A4¢ set to 6 minutes.

The specific method for echo extrapolation employs the Reich-improved RPM-SL
scheme[17].

2.4  Data Description

This examination incorporates radar data from the C-band dual-polarization system at
Nanjing University, and also references data patterns from the studies led by Pan et
al.[18], referred to as the NJU-CPOL dataset. The NJU-CPOL collection encompasses
268 rainfall occurrences spanning the years 2014 to 2019, comprising 35,133 individu-
al data entries. The dataset has undergone quality control and Cartesian coordinate
interpolation. All data used in this study have a horizontal grid spacing of 7 km, a grid
size of 256 x 256, and a temporal resolution of 6 minutes.

3 Results

The NJU-CPOL data contains numerous cases of convective processes. This study
selects representative convective events to test The efficacy of the optical motion flow
technique in extrapolating radar composite reflectivity factors for forecasting intervals
ranging from 0 to 60 minutes.

3.1 Case Study

The case selected involves a moving convective system, which is composed of a series
of precipitation cloud clusters. Such systems typically move rapidly, causing short-
duration, intense convective weather over a certain area, along with precipitation.

In this case, we identify representative feature points in the radar echo images by
analyzing the image changes between successive time steps, and implementing the
optical motion flow algorithm to gauge the movement of the significant component
cues.

To obtain the displacement vector field of the entire flow field, we use the known
valid feature point vectors as control points and apply an interpolation method to com-
pute the global displacement vectors in the detection area. The interpolation algorithm
used is the inverse distance weighting method, which assigns weights to the displace-
ment vectors based on the distances between control points, thereby generating a
smooth and continuous vector field in the unknown region.

As shown in Figure 2, panel 2a illustrates the vector displacement trends of the fea-
ture points computed using the optical flow method, while panel 2b shows the spatial
distribution of vector displacements obtained by interpolating the vector displacement
trends across the entire observation area.
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Fig. 2. Displacement vector field obtained using the optical motion flow method. (a) Displace-
ment vectors of feature points; (b) Interpolated displacement vector field for the entire detec-
tion area.

To predict the radar signal echo trends, a semi-Lagrangian advection extrapolation
scheme is applied. This method calculates the displacement of the physical quantities
in the grid field based on the wind speed.
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Fig. 3. Comparing the derived echo predictions with themeasured data. (a) Echo features at
time t = 0; (b) Extrapolated echo features 30 minutes after t = 0; (c) Actual echo features at t =
30 minutes.

As shown in Figure 3, panel 3a presents the echo state and spatial vector field at ini-
tial time. Based on this original state (t = 0), the prediction model is used to simulate
the evolution of the echo over the next 30 minutes, with the results shown in panel 3b.
Panel 3c displays the actual radar echo distribution at t = 30 minutes. Comparing the
predicted result in panel 3b with the actual observation in panel 3c, it can be observed
that both have a high similarity in the shape and distribution of the echoes, despite
some differences. These discrepancies are mainly attributed to the dynamic characteris-
tics of the thunderstorm system. Specifically, as the thunderstorm moves, its internal
convective activity continuously evolves, which may lead to deviations between the
actual echo development and the predicted results.

As shown in Figure 4, panel 4a presents the predicted echo features extrapolated 60
minutes ahead, based on the current radar echo state. The predicted result generally
matches the actual observed distribution shown in panel 4b in terms of overall shape,
but there are some notable differences in detail. These differences are primarily caused
by external signals at the boundaries of the detection area. Overall, the echo extrapola-
tion method demonstrates practical effectiveness.
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Fig. 4. Comparison of the extrapolated echo results with the measured data. (a) Extrapolated
echo features 60 minutes after t = 0; (b) Actual echo features at t = 60 minutes.

Furthermore, further observations in this case reveal that during the 30-minute ex-
trapolation period, the echoes near the boundary are relatively unaffected by the
boundary conditions. However, as the extrapolation period extends to 60 minutes, the
influence of the boundary conditions becomes significantly more pronounced. This
may be related to the speed and complexity of the evolution of the weather system.

3.2 Forecast Verification

To fully assess the reliability of the optical flow and cross-correlation techniques for
the forecasting of radar echo behavior, we employed a grid-point-based statistical
comparison approach. Specifically, we first analyzed the distribution of forecasted
echoes and the corresponding observed echoes at the same grid points. Each grid point
was then assessed based on the following criteria:

a. Hit: If an observed echo is present at a grid point and a forecasted echo is also
present at that point, it is considered a hit.

b. Miss: If an observed echo is present at a grid point but no forecasted echo is pre-
sent, it is considered a miss.

c¢. False Alarm: If no observed echo is present at a grid point but a forecasted echo is
present, it is considered a false alarm.

We computed the Probability of Detection (POD). This calculation relied on a spe-
cific set of formulas:

TP
TP+FN

POD = (7)
We determined the Critical Success Index (CSI). This calculation relied on a specif-
ic set of formulas:

Csi = —1F (8)

TP+FP+FN
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In this context, TP (means: True Positive) refers to the count of accurately identified
targets, FN (means: False Negative) indicates the number of targets that were over-
looked, and FP (means: False Positive) signifies the count of incorrect alerts.

Subsequently, the simulations from the previous case are assessed using the Hit
Rate (POD) and the Critical Success Factors Index (CSI) as evaluation metrics.
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Fig. 5. Results of the POD and CSI scores.

Figure 5 displays the results of echo extrapolation. These results are based on two
key metrics. The initial performance indicator is termed the Probability of Detection,
or POD. Another key performance measure is the Critical Success Factors Index, ab-
breviated as CSI. The POD scores are generally higher than the CSI scores, as the CSI
metric takes into account the "false alarm" conditions.

As the forecast lead time increases, we observe a decline in both POD and CSI
scores across all cases. Specifically, as the forecast lead time progresses from t=0 to
t=60 minutes, the average POD score decreases from approximately 0.9 to around 0.5,
and the CSI score also declines correspondingly. This trend suggests that as the fore-
cast lead time extends, systematic errors increase, leading to a decrease in forecast
reliability. This may be attributed to the current limitations of extrapolation models in
accurately simulating the physical mechanisms of thunderstorm initiation, develop-
ment, and dissipation.

3.3 Efficiency of the Computational Model

To evaluate the model's computational speed, we timed its processing on a Xeon E5-
2650 server. The model, coded in Python with NumPy, logged both its extrapolation
duration and computational usage.

Table 1. Extrapolation time and computational consumption

Extrapolation time Computational Cost
6 min 1.9s
18 min 35s
30 min 54s
42 min 6.8s

60 min 9.5s
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As shown in Table 1, for echo extrapolation, the computational time increases with
the extension of the extrapolation period, though this increase is not linear. Since the
model is coded in Python, further enhancements in computational efficiency are possi-
ble.

4 Conclusions

This study employs the optical motion flow algorithm. It combines this with semi-
Lagrangian backward extrapolation. The purpose is to forecast radar echoes up to 60
minutes into the future. The forecasts are then compared to observational data. The
following conclusions were made based on the analysis.

(1) The LK algorithm for optical flow demonstrates good performance in extrapolat-
ing radar echoes associated with nonlinear motion. In the case study, the thunderstorm
system exhibited a clear turning motion during its movement, and the LK algorithm for
optical flow successfully captured this motion characteristic, confirming the method's
effectiveness in handling nonlinear motion.

(2) When combined with the semi-Lagrangian extrapolation method, the LK algo-
rithm for optical flow effectively preserves the characteristic shape of the thunderstorm
system. Extrapolation tests demonstrate that the method maintains the shape of the
convective cloud system as it moves.

(3) The LK algorithm for optical flow has certain limitations. As the forecast time
increases, echo signals from the boundaries of the detection area are introduced, and
the LK algorithm for optical flow cannot account for boundary conditions. These limi-
tations lead to a gradual degradation in forecast accuracy.

The Lucas-Kanade algorithm’s utility in optical motion flow for thunderstorm track-
ing is notable, yet its forecasting of convective activity specifics requires enhancement.
Future research directions include refining the model to better simulate physical pro-
cesses and considering the addition of deep learning to sharpen echo prediction during
both formation and dissipation stages.
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