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Abstract: A storm tracking and nowcasting model was developed for the contiguous US (CONUS) 
by combining observations from the advanced baseline imager (ABI) and numerical weather pre-
diction (NWP) short-range forecast data, along with the precipitation rate from CMORPH (the Cli-
mate Prediction Center morphing technique). A random forest based model was adopted by using 
the maximum precipitation rate as the benchmark for convection intensity, with the location and 
time of storms optimized by using optical flow (OF) and continuous tracking. Comparative evalua-
tions showed that the optimized models had higher accuracy for severe storms with areas equal to 
or larger than 5000 km2 over smaller samples, and loweraccuracy for cases smaller than 1000 km2, 
while models with sample-balancing applied showed higher possibilities of detection (PODs). A 
typical convective event from August 2019 was presented to illustrate the application of the now-
casting model on local severe storm (LSS) identification and warnings in the pre-convection stage; 
the model successfully provided warnings with a lead time of 1–2 h before heavy rainfall. Im-
portance score analysis showed that the overall impact from ABI observations was much higher 
than that from NWP, with the brightness temperature difference between 6.2 and 10.3 microns rank-
ing at the top in terms of feature importance. 

Keywords: local severe storm; nowcasting; satellite measurements; pre-convection;  
machine learning 
 

1. Introduction 
Severe convective storms such as thunderstorms, hailstorms and short-duration 

heavy rainfall are typical high-impact weather events that pose threats to life and prop-
erty. With the relatively small spatial scale and rapid evolution of convective systems, it 
remains challenging for forecasters to accurately forecast the initiation and severity of 
convective storms. Local severe storms (LSS) are especially difficult to forecast as they are 
usually isolated and occur suddenly, with little direct impact from synoptic scales [1,2]. 
Therefore, it is very important to accurately predict the initiation process of local 
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convection. However, as the specific details of the local convective initiation process are 
still not well simulated in numerical weather prediction (NWP) models, predicting the 
timing and location for the initial development of local severe storms using only NWP still 
has large uncertainties [3].While radar observations play an important role in operational 
forecasts for tracking the intensity of convection, they do not provide enough information 
on convective initiation when used alone [4–6]. With fine spatial and temporal resolutions, 
geostationary satellite imagers have been widely used in storm identification and tracking 
[7–11], providing information conducive to convective initiation (CI) research. 

Some objective methods for CI nowcasting have been developed using criteria from 
geostationary satellite observations. Roberts and Rutledge [6] found a drop in brightness 
temperature (BT) from the infrared (IR) window channel from 0 °C to −20 °C to be a pre-
cursor to storm initiation in radar-detected convective clouds. Mosher [12] developed the 
global convective diagnostic algorithm using the BT difference between the 11 µm and 6.7 
µm bands to monitor thunderstorm convection from geostationary satellites. Multispec-
tral information from geostationary operational environmental satellite (GOES) Imager 
observations, along with cloud tracking techniques, have been used by Mecikalski and 
Bedka [13] to establish a CI nowcasting approach with a set of interest fields. Validation 
of this algorithm, known as the satellite convection analysis and tracking (SATCAST) sys-
tem, shows that good quality cumulus tracking is important for the algorithm to achieve 
better accuracy [14]. An enhanced version, SATCASTv2, was developed by Walker et al. 
[15] by changing the cloud tracking approach from single-pixel tracking to cloud-object 
tracking, where statistical skill results show overall improvements but vary by geoloca-
tion. Another CI system, the University of Wisconsin convective initiation (UWCI) algo-
rithm, was developed with increased computational efficiency by calculating box-aver-
aged cloud-top cooling rates and using 4 K per 15 min as a threshold to filter the candi-
dates for nowcasting [16]. 

Apart from those CI systems with constant thresholds, modern advanced machine 
learning (ML) techniques have already been used for forecasting and nowcasting convec-
tion with promising results [17–19]. Random forest (RF) and neural network (NN) algo-
rithms have proven to be useful in developing ML-based CI models with input from geo-
stationary satellite observations in specific geographic regions [20–23]. Meanwhile, optical 
flow (OF) methods, widely used in computer vision, have also been found to be useful in 
nowcasting tasks as they promote flexibility in tracking candidates of small scales [22,24–
27]. ProbSevere, a probabilistic model, was developed using naïve Bayesian classifiers to 
provide nowcasting results for different kinds of severe hazards via integrating multiple 
data sources including radar, lightning, NWP and satellite observations [28]. 

In contrast to the ProbSevere system, a storm tracking and nowcasting model known 
as storm warning in pre-convective environment (SWIPE), was developed by Liu et al. 
[29] using geostationary satellite multi-band IR measurements from Himawari-8, in com-
bination with global numerical weather prediction (NWP) forecast data from the GFS 
(Global Forecast System). SWIPE was developed for the purpose of better utilizing geo-
stationary satellite observations with high temporal and spatial resolutions to help iden-
tify potentially severe storms that may lead to severe rainfall and flooding events before 
convective systems are developed, especially the local storms that are difficult to predict 
from operational NWP models. Research studies and operational use have demonstrated 
that the SWIPE model is capable of capturing and nowcasting the severity of local burst 
storm systems characterized by the maximum rain rate in the pre-convection stages, with 
the advantage of detecting LSS occurrence and severity in the pre-convection stage before 
radar. This study will provide a US-based and enhanced version of SWIPE using tracked 
convective cases from the contiguous US (CONUS) using satellite observations from 
GOES-16, with an OF algorithm incorporated to overcome the limitations of the SWIPE 
algorithm. 

The remainder of this paper is organized as follows. Section 2 introduces the data 
used in this study. Section 3 explains the algorithm for SWIPE methodologies to track 
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convective cases and establish the dataset for ML training and validation, its limitations 
and the corresponding enhancements. The training and optimization of the RF prediction 
model, and the statistical validation results, along with the nowcasting application are 
presented and discussed in Section 4. Finally, a summary and discussion are provided in 
Section 5. 

2. Data 
Seven continuous months, from March to October 2018, of ABI CONUS data from 

GOES-16 were used to identify and track the convective samples for training the ML-
based prediction model. GOES-16, the first satellite of the new-generation geostationary 
operational environmental satellite (GOES-R series), has a fine spatial resolution of 2 km 
at nadir for IR channels, and a fast scan rate of 5 min for CONUS [30]. ABI has 16 channels, 
10 of which are IR channels with channel numbers from 7 to 16. All 10 IR channels were 
used in this study; in particular, the cooling rate of the brightness temperature from the 
10.3 µm channel was used for storm identification and tracking, while the other channels 
contributed to forming the predictors of the model. More details on the description and 
usage of ABI’s channels can be found in previous papers [30,31]. 

In addition to geostationary satellite observations from ABI CONUS, NWP data 
from the Global Forecast System (GFS) was used to provide dynamic and environmental 
information about the atmosphere. Such information was not available from satellite ob-
servations due to cloud contamination. The NWP data with a spatial resolution of 0.5° × 
0.5° and a 3-h time interval, on 26 vertical layers from 10 to 1000 hPa [32], can be obtained 
at four initial forecast times daily (0000, 0600, 1200 and 1800 UTC) from the National Oce-
anic and Atmospheric Administration (NOAA, https://www.ncdc.noaa.gov/data-ac-
cess/model-data/model-datasets/global-forcast-system-gfs, accessed on 17 February 
2022). Our goal was to use the dynamic and environmental information from the NWP 
forecast data as the background of the atmosphere to support nowcasting CI. Some pa-
rameters related to convective environments, such as lifted index (LI), total precipitable 
water (TPW) and K-index, were calculated and mapped to the observations of ABI via 
linear interpolation. Next, these parameters were put into the training as predictors in 
collocation with ABI variables. 

Inherited from the original SWIPE model (SWIPEv1) [29], the enhanced model also 
focuses on nowcasting convective events that are associated with heavy precipitation, 
which may lead to flooding. According to the authors in [33], flooding is the leading cause 
of weather- and climate-hazard-related fatalities in North America. The gridded precipi-
tation analysis data from the bias-corrected CMORPH (the Climate Prediction Center 
morphing technique), namely CMORPH version 1.0 CRT, was used in the study, with the 
maximum rainfall intensity functioning as the main indicator for truth in the training. This 
technique incorporates precipitation estimates derived from the passive microwave ob-
servations of the special sensor microwave imager (SSM/I), advanced microwave sound-
ing unit (AMSU-B), advanced microwave scanning radiometer (AMSR-E) and TRMM mi-
crowave imager (TMI) aboard various low-orbit spacecraft, while the geostationary IR 
data are used only to derive the movement of precipitation systems [34]. In this study, we 
used CMORPH data covering a global area between the latitudes of 60°N and 60°S with a 
spatial resolution of 8 km (at the equator), and a 30-min time interval. The CRT product 
was adjusted from the original estimates to remove the bias through matching the PDF of 
daily CMORPH-RAW against the daily gauge analysis over land and with the pentad 
Global Prediction Climatology Project (GPCP) analysis over the ocean [35,36]. Previous 
validation studies of this product with gauge or radar observations have shown positive 
results [37–40]. This dataset with high spatial and temporal resolutions was used as the 
benchmark for classifying convective intensity in the training and validation process. 
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3. Methodology 
3.1. SWIPE Model and Existing Issues 

As is mentioned above, the original CI nowcasting framework SWIPEv1 was pri-
marily developed through RF training from a collocated dataset of the advanced 
Himawari-8 imager (AHI, Advanced Himawari Imager) observations, GFS NWP forecast 
data and truth values of convective intensities derived from the CMORPH rain rate anal-
ysis [29]. Readers may refer to the original paper for details, and see Figure 3 of paper [29] 
for the flowchart of SWIPEv1 including the inputs, outputs, and modules of training and 
prediction. A brief introduction is provided in this section. The original algorithm consists 
of three major parts which are summarized as follows: 
1. Convection identification and tracking. Possible clouds are firstly identified from BT 

observations of 10.4 µm as spatially continuous pixels with eight neighboring pixels 
that are no more than 273 K for each observation time of AHI. Candidate clouds with 
the potential of becoming convective are identified through two consecutive cooling 
rates calculated from the 10.4 µm band BT observations of three consecutive AHI 
images. The cooling rates are calculated from the equations below: 

𝑅ଵ =  𝑚𝑖𝑛൫𝐵𝑇஺ଶ,ଵ, 𝐵𝑇஺ଶ,ଶ , , , 𝐵𝑇஺ଶ,ேଶ൯ − 𝑚𝑖𝑛൫𝐵𝑇஺ଵ,ଵ, 𝐵𝑇஺ଵ,ଶ , , , 𝐵𝑇஺ଵ,ேଵ൯𝑡ଶ − 𝑡ଵ   (1)

𝑅ଶ =  𝑚𝑖𝑛൫𝐵𝑇஺ଷ,ଵ, 𝐵𝑇஺ଷ,ଶ , , , 𝐵𝑇஺ଷ,ேଷ൯ − 𝑚𝑖𝑛൫𝐵𝑇஺ଶ,ଵ, 𝐵𝑇஺ଶ,ଶ , , , 𝐵𝑇஺ଶ,ேଶ൯𝑡ଷ − 𝑡ଶ   (2)

For BTA2, 1, the three subscripts A, 2 and 1 denote the candidate cloud, observation 
time and the pixel number within the cloud, respectively. N1, N2 and N3 represent 
the varying total pixel numbers of the tracked cloud at different consecutive times. 
Furthermore, t1, t2 and t3 are the times of the three AHI observations. To eliminate 
sudden noise and large-scale clouds that are associated with frontal cloud systems, 
clouds with a total pixel number less than 10 or greater than 50,000 are omitted. The 
corresponding clouds from different geostationary images are determined through 
an area overlapping method [41], and those clouds with both R1 and R2 reaching a 
cooling rate of 16 K/h are marked as candidates for potential convection and put into 
datasets for model training and validation. The cloud candidates that meet the con-
secutive cooling thresholds will be the targets of subsequent collocation and model 
development. This cooling rate requirement ensures that the SWIPE model is useful 
in the pre-convective environment or in the early stages of convection, where the 
storm just starts to develop and radar is less effective due to no or weak radar reflec-
tivity. 

2 Collocation of datasets. With tracked cases from geostationary observations, the BT 
variables from multiple channels of the cloud candidates are collocated with NWP 
variables and precipitation products to build a dataset for training and validation. 
For NWP, interpolations are made to match the grids to geostationary satellite pixels. 
For precipitation products, the analysis data immediately following the time a can-
didate is recognized is used to match the datasets as the truth value for classification 
[29]. Then, the convective candidates are divided into three intensity classes based on 
the maximum precipitation rate, and labeled accordingly for training and validation. 

3 After the historical training dataset is built, the random forest (RF) algorithm [42] is 
used to train and optimize the convection intensity classification predictive model. 
During the training, a sample-balance technique is applied to avoid overfitting the 
model to the majority class (the weak class for this study) by adjusting the sample 
sizes of the three classes to 1:1:1 through under-sampling. Note that the weak class 
has a sample size that is 120 times that of the severe class. 
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While the current SWIPEv1 model has shown good efficiency in identifying and 
nowcasting the intensity level of local convective storms over East Asia, some limitations 
in the framework remain: 
1. During the collocation process, the collocated rain rate for a case was derived from 

the maximum value within the cloud region. This cloud region was determined at 
the time (t3) when the cloud candidates were identified. The movement of the con-
vective cloud during the time period between the candidate identification and collo-
cated rain rate was not considered. This could result in uncertainties in intensity clas-
sification, especially for those clouds with a maximum rain rate outside of the origi-
nal cloud domain. Collocation with the moved cloud candidates at the time of the 
rainfall analysis data would be more accurate and objective. 

2. Only the precipitation data closest in time was considered when building the training 
dataset. AHI has a scan rate of 10 min for the region of interest, while the time interval 
of the precipitation analysis (GPM and CMORPH) is 30 min; therefore, the time be-
tween identifying candidate clouds and the precipitation analysis was between 10 
and 30 min. If the storm is not mature at the precipitation analysis time, the rain rate 
used does not reflect the true storm intensity. Some convective clouds may need more 
time to develop and to fully demonstrate their intensities. Therefore, further tracking 
and collocation with multiple rain rate analyses for the whole lifetime of the storm is 
required, ensuring the true maximum storm intensity is successfully characterized. 

3.2. Optimized Model Framework for ABI 
As an enhancement to the existing methodology, not only was the RF-based training 

framework applied to the CONUS region using observations from ABI, but efforts were 
also made to solve the existing limitations of SWIPEv1 mentioned above. The ABI CONUS 
observations with a 5-min time interval were used for the identification and tracking pro-
cedure. The tracking procedure was based on the brightness temperature (BT) of the 10.3 
µm channel (channel 13 of ABI). This channel is the ‘clean’ IR window channel, which is 
less sensitive to water vapor absorption than other IR window channels, and is most use-
ful for monitoring cloud-top growth [31]. The threshold for monitoring was kept as two 
consecutive cooling rates exceeding −16 K/h, the same as was used by the authors in [16], 
but with a 5-min interval. The tracking was performed continuously, i.e., every 5 min. This 
was more frequent than the AHI 10-min window. As a result, the model had a better 
chance of capturing the initiation of local convection at a slightly earlier time (from 5 to 15 
min earlier depending on the cooling situation). This improvement of 5 to 15 min in lead 
time is important for local severe storm nowcasting. [43,44]. 

Figure 1 shows an example of how the candidate clouds were tracked through area 
overlapping and identified through thresholds. Figure 1f shows that not all convective 
clouds were candidates. Clouds with cloud tops reaching the tropopause were not candi-
dates because their cooling rates did not exceed the threshold. For example, the northeast–
southwest convective cloud belt extending from Lake Superior to northern Illinois showed 
two convective cloud tops below 220 K, but the cooling rates for the two time steps were 
positive values, which indicated already developed convection rather than CI. Thus, the 
model targets CI. 
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Figure 1. Tracked convective storm candidates at 1940 UTC on 07/01/2018 over CONUS. Subplots 
are (a–c) the three consecutive brightness temperature (unit: K) imagery of band 10.3 µm from ABI, 
(d,e) the maximum cooling rates (unit: K/h) calculated from tracked cloud candidates that exceeded 
−16 K/h, and (f) the identified potential convective candidates (masked by orange) to be monitored 
and nowcasted through the RF framework. 

A major enhancement for building the dataset was the consideration of cloud move-
ment in the collocation of the precipitation data. This ensured the collocated maximum 
rain rate came from the whole domain of the same candidate cloud. See Section 3.1 (SWIPE 
model and existing issues) of this paper for an explanation of why enhanced cloud track-
ing is needed. Ideally, the tracking should be carried out continuously from the tracking 
time t3 to the CMORPH time at t4. The CMORPH time was specially designed to be 15 to 
45 min after t3. This ensured the CMORPH time was not too close to t3 so that the now-
casting model had a meaningful and reasonable lead time, and was not too far away from 
t3 so that the area overlapping could be successful between t3 and t4. The relatively large 
time difference between t3 and t4 significantly increased the computational burden for 
tracking. 

To overcome that burden, we used an estimation to project the movement. This es-
timation was carried out by introducing the classical dense optical flow (OF) algorithm 
[45] to predict the candidate cloud’s location at the time of CMORPH data from the con-
secutive images used in convective tracking. The algorithm detected the changes between 
two frames from all the pixels and calculated the motion vectors of each pixel from two 
dimensions, i.e., Fx, Fy. Then, the moving components of a candidate cloud were acquired 
from the averaged OFs of pixels that belong to the specific cloud. After that, a temporal 
extrapolation was performed to obtain the estimated range and predict the location of the 
candidate cloud at t4. 

To find the actual location and domain of the candidate cloud at t4, the final area 
overlapping was applied between the predicted cloud and the actual ABI imagery at t4. 
Once the candidate cloud at t4 was identified, the maximum precipitation rate at t4 was 
found from the domain of the actual candidate cloud. Figure 2 shows a schematic of the 
collocation process with OF and additional area overlapping with ABI imagery at t4 in-
cluded. This enhanced method can benefit the CI model with a more accurate spatial range 
of rainfall detection in training, and provide important information on the potential move-
ment of clouds in real-time nowcasting applications. Figure 3 shows the comparison of 
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flow charts of the tracking and collocation process in building the training dataset for the 
original SWIPEv1 and enhanced SWIPEv2. 

However, the maximum rain rate does not necessarily happen at CMORPH data 
time t4. It could happen 30 min later (t5), or 1 h later (t6). Therefore, it is important to 
examine multiple time steps of the rain rate data for collocation to improve the classifica-
tion of the intensity. This was carried out by applying the same collocation techniques (OF 
plus the area overlapping) from t4 to t5 and from t5 to t6 (the second and third CMORPH 
data time after identification). The maximum rain rate from all collocated CMORPH data 
corresponding to the same cloud candidate was considered the final value and criterion 
for intensity classification. It is worth noting that only when a cloud can be tracked and 
matched with a cloud candidate from the previous image can it be considered valid. Oth-
erwise, the collocation process will stop at the previous CMORPH time and the result will 
be based on the valid results. In addition, the cloud-top BT from the ABI image of a latter 
CMORPH time should be no more than 3 K warmer compared to that of the former one. 
This ensures that the convective cloud should at least have developed or maintained a 
similar cloud top after the previous CMORPH time. If the cloud-top BT is substantially (3 
K) warmer than that of a previous time, it indicates either the system is in the dissipating 
stage or is of a completely different system. In such cases the rainfall intensity at this time 
should not be considered as the basis for classification. 

 
Figure 2. Schematics of the application of optical flow and area overlapping in collocating precipi-
tation data for fast moving cloud candidates. For a moving cloud that has some overlap with its 
original area at the time of identification, (a) the SWIPEv1 [29] searches for the maximum rain rate 
within the overlapped area, while (c) the enhanced SWIPEv2 is able to locate the whole area of the 
precipitation cloud through application of area overlapping with actual ABI imagery at t4 in the 
collocation process. For a moving cloud that does not have any overlapped area with its original 
area, (b) SWIPEv1 fails to find the corresponding rain rate, while (d) the enhanced SWIPEv2 is able 
to collocate the ABI image at t4 with an estimated cloud area provide by OF, and successfully find 
the whole area of the target precipitation cloud. 

An added quality control step was performed on those cases for which the colloca-
tion process stopped before t6. This was carried out by labeling the cases whose lifetime 
minimum cloud-top BT was higher than 241 K (−32° C) as class 0 (‘non-convective’), be-
cause those warm clouds should not be considered convective systems [7]. This procedure 
is essential because the goal of this work was to nowcast local convective initiation, while 
precipitation from stratiform clouds without convection that could possibly be tracked 
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with cooling cloud tops should not trigger warnings. By introducing the OF algorithm 
and continuous tracking for precipitation, the collocated dataset for training could have 
an enhanced correlation between the predictors in pre-convection environments and their 
intensities. Note that there was no continuous tracking for precipitation after t6. That 
means the nowcasting model focuses on very short-term systems, i.e., within the next 1 h 
and 45 min, although the model could be applied to storms with lifetimes longer than that, 
as will be shown in Section 4. The limit of 1 h and 45 min is more than the average lifetime 
of 20–30 min for thunderstorms in northern Texas, Oklahoma and Kansas [44]. Only 6.9% 
of storms have a lifetime longer than 1 h. These enhancements in SWIPEv2 improved the 
quality of the collocation dataset, which in turn benefited the predictive model. For exam-
ple, the application of in tracking the movements of cloud candidates resulted in 1071 
additional severe samples compared to non-OF collocations, which indicates a labelling 
correction of around 5.0% of the severe samples. Compared with the collocation results 
from precipitation of the nearest time, there were 4816 more severe samples identified by 
the enhanced framework with continuous tracking, which is 22.4% of the severe class sam-
ple size. Statistical results show that there were 1523 non-severe cases that were mistak-
enly identified as severe due to the lack of quality control, which is likely associated with 
non-convective precipitation. With the enhanced tracking and collocation framework, the 
lead times between when a candidate was identified and when it was labelled by precipi-
tation was in a range of 20 to 105 min. This is much longer than that of SWIPEv1, whose 
lead time for collocation is 10 to 30 min. 

 
Figure 3. The flowchart of the tracking and collocation framework of (a) SWIPEv1; and (b) SWIPEv2 
to build the training dataset. Here, t1, t2 and t3 are times for (a) AHI; (b) ABI CONUS images with 
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a time interval of (a) 10 min; (b) 5 min. In addition, t4, t5 and t6 are times for CMORPH precipitation 
data with a time interval of 30 min. Note that the continuous tracking for CMORPH precipitation at 
t5 and t6 enhances the chance to capture the true storm intensity based on the precipitation rate. 

3.3. Convective Dataset 
Seven continuous months of convective cases from the CONUS region (60°W~150°W, 

10°N~50°N, from March to October 2018) were tracked using ABI 10.3 µm band BT meas-
urements and collocated with the corresponding GFS NWP variables to build the dataset 
for training the CI model. Shown by Table 1 are the variables collocated from both datasets 
that are used as predictors of SWIPEv2. As there was no clear threshold in the US for a 
convective intensity definition based on precipitation rate, we adopted the classification 
thresholds of rainfall intensity defined by the American Meteorological Society (AMS) as 
the basic indicator for classification. The cases in this study were divided into three classes 
based on their maximum rain rates from CMORPH. The thresholds were as follows: (1) 
Candidates with a maximum rain rate no more than 2.5 mm/h were classified as weak or 
non-convective cases, (2) Candidates with a maximum rain rate between 2.5 mm/h and 
7.6 mm/h were classified as moderate cases, (3) Candidates with a maximum rain rate 
more than 7.6 mm/h were classified as severe cases [46]. Both weak and moderate classes 
were considered non-severe. 

Next, the samples were randomly split into two groups: a training group consisting 
of 80% of the overall samples to be fed into the RF framework to train the model, and a 
validation group using the remaining 20% set aside after the training process to be used 
for independent model evaluation. Further analysis on predicting skills of the enhanced 
algorithm was carried out using the validation dataset that was not included in the train-
ing process. In addition, the representativeness of the validation set was verified through 
a five-fold cross-validation ensuring that the impact from different separations on statis-
tical performance was minor. Shown in Table 2 are the sample sizes for different groups 
and classes. Note that these sample sizes are for the convective candidates that were to be 
monitored and n via the RF model, rather than convective storm systems in synoptic def-
inition. 

Table 1. Predictor variables collocated for random forest training and prediction in the nowcasting 
model. 

Data 
Source Variable 1 Feature 

ABI 
CONUS 

Maximum cooling rate (R1 and R2) Cloud-top cooling rate 
Area Candidate size 

BT10.3 Window channel brightness temperature 
BT difference (3.9–10.3) Channel difference in brightness temperature 
BT difference (6.2–10.3)  
BT difference (6.9–10.3)  
BT difference (7.3–10.3)  
BT difference (8.4–10.3)  
BT difference (9.6–10.3)  
BT difference (11.2–10.3)  
BT difference (12.3–10.3)  

BT difference (13.3–10.3)  
BT difference (3.9–7.3)  

BT difference (3.9–11.2)  
BT difference (8.4–11.2)  
BT difference (11.2–12.3)  

GFS 
NWP 

T (temperature) 
Basic profiles on pressure levels between 500 and 925 hPa 

MR (Water vapor mixing ratio) 
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DIV (divergence) Characteristics of low-level atmosphere on 850 and 925 hPa 𝜃௦௘ (pseudo-equivalent potential temperature)  
DIV10 (divergence at 10 m above surface) Surface and near-surface information 

Tsur (surface temperature)  
PV (potential vorticity) PV on isentropic surface 𝜃 = 320 K 

K-index General information of atmospheric instabilities and moisture 
CAPE (convection available potential energy)  

LI (lifted index)  
CIN (convective inhibition)  
EBS (effective bulk shear)  

TPW (total precipitable water)  
1 The maximum, minimum and mean values of each predictor variable in the domain of the candi-
date cloud (except maximum cooling rates and area coverage that are used directly) are used as 
inputs of the RF model. 

Table 2. Sample sizes for convective candidates tracked in conus during March to October 2018. 

Dataset Weak/None Moderate Severe Total 
Training 605,223 19,209 17,257 641,689 

Validation 151,274 4887 4262 160,423 
Overall 756,497 24,096 21,519 802,112 

4. Prediction Model 
4.1. Random Forest Training 

Inherited from the experience of SWIPEv1, the random forest (RF) algorithm, which 
is very useful for classification problems [47,48], was adopted as the machine learning 
framework for the enhanced SWIPEv2. For a detailed description of the RF algorithm, 
readers are referred to the classic paper on this method [42] and the brief introduction by 
coauthors of this article in the Appendix of the paper on SWIPEv1 [29]. Following the 
flowchart shown in Figure 3, the random forest (RF) classification model was developed 
with collocated ABI and GFS NWP variables serving as the predictors for each CI candi-
date. The corresponding intensity determined from the tracked maximum precipitation 
rate functions as the truth label. A random forest classifier trains a number of decision tree 
classifiers on different sub-samples using different predictors, and uses averaging to pro-
vide an ensembled result [42]. In this study, the training process was implemented using 
the free and efficient Scikit-learn toolkit [49]. It is worth noting that there was a significant 
imbalance among the sample sizes of each class. Overall, 94.3% of the candidate samples 
were weak or non-severe convective storms; this was significantly more than the percent-
age of moderately severe storms (3.0%) and severe storms (2.7%). Previous studies [50] 
have demonstrated the negative impact of unbalanced sample sizes among classes on the 
performance of machine learning classification models. In this study, models with original 
unbalanced sampling and balanced sampling were trained in parallel to compare the abil-
ities of nowcasting under different sampling configurations. Three major hyperparame-
ters, including the total number of decision trees (n_estimators), the maximum depth of 
the tree (max_depth) and the maximum number of predictors to consider when looking 
for the best split (max_features), were tuned iteratively to find the optimal model setting 
under each specific scenario. Shown in Table 3 are the different scenarios under which the 
training procedures were conducted, and their respective features shown after the train-
ing. For each scenario, the hyperparameters were exhaustively iterated within the follow-
ing lists, [100, 200, 300, 400, 500, 1000] for parameter ‘n_estimators’, [10, 20, 30, 40, 50] for 
‘max_depth’ and [5, 10, 20, 30, 40, ‘sqrt’, and ‘log2′] for ‘max_features’. 
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Table 3. The classification and sampling methodologies for different scenarios, and the mean value 
and standard deviations (in parentheses) of their respective OOB scores and overall accuracy com-
pared to the validation dataset. 

Scenario 1 Classification Sampling 2 OOB Score 3 
Validation 
Accuracy 4 

3CUB Triple Original 0.951 (0.0003) 0.951 (0.0002) 
3CBA Triple Balanced 0.663 (0.0053) 0.794 (0.0022) 
2CUB Double Original 0.978 (0.0001) 0.979 (0.0001) 
2CBA Double Balanced 0.876 (0.0016) 0.867 (0.0016) 

1 A scenario named ‘3C’ used three classes (weak, moderate, and severe), while ‘2C’ represents two 
classes (non-severe and severe). UB here denotes original or unbalanced sampling, while BA repre-
sents balanced sampling. 2 The balanced sampling means all classes in the training had a similar 
sample size. 3 OOB score is the evaluation provided in the training process. For details, readers are 
referred to [51]. 4 The validation accuracy is the independent evaluation after the training using the 
independent validation dataset. 

For each combination of hyperparameters, the out-of-box (OOB) score of the RF 
model was calculated to evaluate the generalization skills of the model using the out-of-
bag samples within the training dataset that were randomly left out when building the 
decision trees [51]. In addition, the overall classification accuracy for each model was cal-
culated on the independent validation dataset shown in Table 3. On top of the triple-group 
models from the previous version by Liu et al. [29], double-group classifications were ac-
complished by combining the moderate class and the weak/none class into one group, 
which was then classified against the severe class as a ‘severe against non-severe’ classifi-
cation model. It is obvious from Table 3 that under all scenarios, the standard deviations 
(STDs) of the out-of-box (OOB) scores and overall accuracy values were very small com-
pared to their respective mean values. This indicated that the fitting performance in this 
study was not sensitive to the combination of parameters, and the major difference came 
from the training framework and sampling approaches. Generally, the double-group 
models showed higher OOB scores and better overall accuracies compared with their tri-
ple-group counterparts, implying fewer classification errors and better stability in perfor-
mance. 

When comparing the results under the same classification framework, the unbal-
anced models showed better OOB scores and higher accuracy than the balanced models. 
However, this was most likely due to the extreme imbalance of the sample sizes in both 
the training and validation datasets. As previous studies have shown that ML models 
would be biased towards the largest class with poor performance for predicting the mi-
nority classes [50], and because the weak class covered over 94% of the total sample size, 
the results from this class would have misleading effects on the overall accuracy. For in-
stance, the overall accuracy could be as high as 0.94 if all samples were blindly classified 
as ‘weak’. Since the focus here was on severe storms, the accuracy on these cases should 
be the key indicator of model performance, and the results have been further analyzed in 
Section 4. 

4.2. Model Evaluation 
Based on the discussions above, some indicators based on the confusion metrics were 

adopted to evaluate the model performances for certain classes, especially the severe class. 
Shown in Tables 4 and 5 are an example of a contingency table for predictions and actual 
labels for a specific group, and the metrics calculated based on the confusion matrix to 
evaluate the model performances, respectively. 
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Table 4. Example of a contingency table for predictions and actual labels of a specific class in a 
classification task. 

 Observation 
True False 

Prediction 
True A C 
False B D 

Table 5. The metrics used to evaluate the performance of the random forest classification model on 
a specific class. 

Metric Full Name Formula Range Optimal 
POD Probability of Detection A/(A + B) [0,1] 1 
FAR False Alarm Rate C/(A + C) [0,1] 0 
CSI Critical Success Index A/(A + B + C) [0,1] 1 

Shown in Table 6 are the performance metrics of different classes calculated using 
different models. Each model was optimized with regard to the hyperparameters to reach 
the best probability of detection (POD) score and maximize the prediction of the severe 
class. For fair comparisons, all the models with different configurations were validated 
against the same unbalanced testing dataset, which was similar to that in the real world. 
According to the statistics in Table 3, the variation in overall OOB score and accuracy was 
very tiny within each scenario, which means these selected models were representative of 
their respective scenarios, and showed the best accuracy for severe storms among the hy-
perparameter combinations. 

Table 6 shows that the balanced models (Scenario 3CBA and 2CBA) performed better 
than the original models (Scenario 3CUB and 2CUB) in terms of the POD score of severe 
cases, at the expense of higher false alarm rates (FARs). As for the original models, despite 
the fact that they had better critical success index (CSI) scores for the severe class com-
pared to their balanced counterparts, their POD values were below 0.40 which means they 
missed the majority of severe cases. This was mainly due to the imbalanced proportion of 
different classes in the training set (shown in Table 2) that led to biased performances to-
wards the dominant class, or the weak/non-severe samples in this case. 

Despite some false alarms, as the nowcasting model focused on providing warning 
signals in the pre-convection stage, we considered capturing as many severe convective 
samples as practical to be a higher priority. Considering the fact that the severe samples 
only made up approximately 2.7% of the total tracked candidates, as long as the model 
could distinguish the potentially severe cases from the vast majority of candidate storms 
in Section 3, it was possible to make corrections to reduce the false alarms with reference 
to subsequent radar echoes. In this way, the balanced models trained under Scenario-
3CBA and Scenario-2CBA were preferred in this study. However, it is worth noting from 
Table 6 that both of the triple-group models showed poor skill for the moderate class, with 
either scarce detection or a very high number of false alarms. Since our focus was on se-
vere convection, and model 3CBA showed the highest CSI score for the severe class while 
2CBA showed the highest POD among the four, the capability of the two frameworks 
needed further evaluation. 

In order to further investigate how these models performed for severe storms, we 
separated the tracked candidates in the validation dataset into three groups based on the 
area covered by the candidate cloud at the time of identification (t3 in Figure 3). The four 
selected models were then validated separately for each group to determine the nowcast-
ing capability of the different models on targets with different sizes. 
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Table 6. Statistics on the performance metrics of the storm nowcasting classification model trained 
and optimized under different scenarios. See Table 3 for the definition of each scenario. 

Scenario Class POD FAR CSI 

3CUB 
Weak/None 0.99 0.04 0.95 

Moderate 0.03 0.55 0.03 
Severe 0.39 0.35 0.32 

3CBA  
Weak/None 0.81 0.01 0.80 

Moderate 0.58 0.90 0.09 
Severe 0.63 0.66 0.28 

2CUB  
Non-Severe 0.99 0.02 0.98 

Severe 0.31 0.25 0.28 

2CBA  
Non-Severe 0.87 0.01 0.87 

Severe 0.90 0.84 0.15 
Ensembled for Se-

vere (3CBA + 2CBA) 
Severe 0.90 0.58 0.40 

Shown in Figure 4a are the frequencies of occurrence for different sizes of non-severe 
and severe cases. While the ratio of non-severe to severe cases for those candidates with 
areas less than 1000 km2 was as high as 101.75, the number of non-severe cases was only 
approximately four times that of the severe cases for samples with areas over 5000 km2. 
The large-area group also had the most severe case occurrences among the three, consist-
ing of approximately 45% of the total severe samples from the whole dataset, much more 
than for the small- and medium-area groups. That means large severe storms are more 
common. Since large severe storms are more likely to cause more damage than smaller 
ones due to their broader spatial coverage, it is important to ensure that the nowcasting 
tool is useful for large severe storms. 

Figure 4b–d show the metric scores of POD, FAR and CSI for the severe classes for 
small storms with areas of no more than 1000 km2, medium storms with areas ranging 
between 1000 and 5000 km2, and large storms with areas over 5000 km2, respectively. 
Drawn from comparison among the three groups, each of the four models showed its best 
performance on the large group, with the highest POD and CSI among the groups and 
FAR significantly smaller than POD. This result indicates that the SWIPEv2 identification 
and tracking methodology showed more skill nowcasting severe storm systems with 
larger spatial scales regardless of the training configurations. This means the SWIPEv2 is 
particularly useful for large storms associated with more damage. 

When comparing the models, the 2CBA model had the highest POD score of 0.99, 
indicating that almost all severe cases in this group could be successfully predicted. How-
ever, model 2CBA also had the largest FAR value of 0.63 among the four models, which 
meant a significant number of false alarms were given along with the correct signals, and 
that led to the lowest CSI score for 2CBA among the models. The other three models 
showed better CSI scores close to each other, with the highest score coming from model 
3CUB. However, as large severe storms are more likely associated with damage compared 
to smaller ones, it is always necessary to capture as many potentially severe storm candi-
dates as possible. Therefore, in spite of its higher FAR than the other two models with 
similar CSI scores, model 2CBA showing higher PODs may be regarded as the optimal 
model for this group. The results of 3CBA should also be considered to help with real-
time nowcasting as it rarely missed a severe candidate covering a large area. Storms pre-
dicted by both models as severe will be warned as severe. If one model predicts a storm 
as severe while the other predicted it as non-severe, it will be warned as ‘potentially se-
vere.’ Continuous monitoring using follow-up observations may help correct the false 
alarms. 

In terms of the small-area group (Figure 4b) and medium-area group (Figure 4c), the 
POD scores for the imbalanced models, 3CUB and 2CUB, decreased drastically compared 
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with the large-area group. While the drops in POD for 3CBA and 2CBA were not that 
significant, the FAR values were much larger compared to the large-area group. All four 
models showed the worst overall performance on severe samples with areas less than 1000 
km2. In particular, the imbalanced models 3CUB and 2CUB showed almost no skill in pre-
dicting the severe cases in this group. This is partly because the spatial range of small 
cloud candidates less than 1000 km2, approximately 32 km × 32 km, was smaller than the 
spatial resolution of the GFS NWP gridded data, which was collocated in the predictors 
to provide the environmental background information. Without adequate information 
from the atmospheric background, it could be difficult to make an accurate prediction of 
the future severity and evolution of a convective cloud from only its BT spectra at the pre-
convection stage. Refer to Section 4.4 for the relative importance of NWP in comparison 
to satellite data. Compared with larger systems, the motions of small cloud candidates are 
more difficult to track and accurately predict via the OF methodology, which adds to the 
uncertainties in the collocation of precipitation through area overlapping. For small and 
medium candidates, model 2CBA can only be relied on to capture the most severe cases, 
while the results of model 3CBA can be used to determine those severe samples that are 
less likely to be false alarms. 

Further analysis of the results from models 3CBA and 2CBA shows that, out of the 
severe cases correctly predicted by model 3CBA, 100% of the large cases, 99.85% of the 
medium-sized cases and 98.69% of the small cases were also correctly predicted by 2CBA. 
Meanwhile, out of the false alarmed cases produced by 3CBA, 99.42% of the large cases, 
99.21% of the medium-sized cases and 95.16% of the small cases were also among the false 
alarms from 2CBA. This reveals a high correlation between the prediction skills of models 
3CBA and 2CBA on severe storms, with the former providing conservative prediction re-
sults with less severe warnings and fewer false alarms, and the latter giving more severe 
warnings with higher POD and higher FAR. Therefore, an ensembled framework was de-
veloped for potential real-time nowcasting by taking advantage of the benefits from both 
models through a two-level warning. If a cloud candidate was predicted as severe by both 
models, it was marked as ‘severe’; and if it was predicted as severe by only one model, it 
was marked as ‘potentially severe’. Shown in the bottom row of Table 6 is the statistical 
performance of the ensembled model on severe cases. When the two-level warnings were 
considered, the false alarm rate decreased significantly, while the POD of severe cases 
remained high. The other two models, 3CUB and 2CUB, were not used in the ensembled 
framework due to their overall low prediction skills. 
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Figure 4. (a) Sample sizes of non-severe and severe cases for small-area group (areas smaller than 
1000 km2), medium-area group (areas in the range of 1000 to 5000 km2) and large-area group (areas 
no less than 5000 km2) in the validation dataset. POD, FAR and CSI scores for the severe cases with 
(b) small-area group, (c) medium-area group and (d) large-area group, respectively. Refer to Table 
3 for the definition of the four scenarios. 

4.3. Case Demonstration 
The tracking and prediction model trained and validated with data from 2018 was 

tested on independent real cases in August 2019. Based on validation results from different 
scenarios, predictions were carried out as an ensemble classification model. The tracked 
candidates predicted as severe by both models 3CBA and 2CBA were marked as ‘severe,’ 
and those candidates predicted as ‘severe’ by only one (mostly from B2) of the two models 
were marked as ‘potentially severe’ indicating a possible severe storm, but this could also 
indicate a false alarm. The enhanced SWIPEv2 model could identify the candidates and 
give predictions with the same time interval of 5 min as ABI for the CONUS region, and 
the averaged time cost from reading in datasets to giving predictions was approximately 
two minutes. Once a warning signal was issued in real-time application, a follow-up track-
ing module continued tracking the cloud candidate until it could be identified from radar 
observations. This allowed forecasters to monitor the further development of those previ-
ous candidates that were predicted with severe storm potential when they were no longer 
identified as CIs due to development. As this follow-up module was purely tracking and 
designed only for real-time application, it has not been shown in this study. A typical 
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storm event documented by the Storm Prediction Center (SPC, 
https://www.spc.noaa.gov/exper/archive/events, accessed on 7 August 2019) was tracked 
and predicted by the enhanced SWIPEv2 model in its pre-convection stage, and is illus-
trated in detail for demonstration purposes. 

A pair of convective systems were identified successively by the enhanced SWIPEv2 
system with an interval of 30 min, before developing and merging into a larger system 
and resulting in hail, strong winds and heavy rainfall in northeastern Wisconsin on 07 
August 2019. The results are presented in Figure 5. The first severe warning prediction 
was issued at 1655 UTC, when the cloud-top BT was around 250 K with light rainfall under 
2 mm/h. Another storm candidate to the west of the previous one was identified and pre-
dicted as severe at 1725 UTC. The two storms were independent of each other at this time 
and each had its own associated precipitation shown on the CMORPH plots. 

The storm in the west then moved closer to the one in the east and started merging 
at 1800 UTC when the associated maximum precipitation rate first exceeded 7.6 mm/h 
from CMORPH. The two cloud candidates merged into a large cloud afterwards and 
showed a maximum precipitation rate over 12 mm/h at 1930 UTC. Hail and strong winds 
were also reported around this time. The convective system that produced hail and strong 
winds in Wisconsin was first captured by the enhanced SWIPEv2 model at 1655 UTC, over 
2.5 h prior to its peak intensity. The smaller candidate that merged into it was also suc-
cessfully identified prior to the merger and intensified convection. 

Despite the success for this convection event, it should be noted that when clouds 
merge after they are identified and tracked as candidates, the severity is labeled according 
to the rainfall intensity of the merged clouds, and it is hard to distinguish the correspond-
ing contribution from each cloud candidate under the current framework. This makes it 
possible that candidates with different characteristics at initiation times are collocated 
with the same intensity of convection as long as they merge into one big convective cloud. 
In particular, this is important to be aware of for cases when one small candidate not fa-
vorable for convection merges into a large convective cloud resulting in heavy rainfall, 
which might add uncertainties to the model when included in the training dataset. This 
might potentially reduce the skill of the model to correctly predict the severity of small-
size candidates. 
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Figure 5. Two convective cloud candidates that merged into a severe convective storm case tracked 
by the enhanced SWIPEv2 model on 07 August 2019 in Wisconsin. The first row shows the greyscale 
BT of ABI’s 10.3 µm channel, overlaid with the results predicted by the enhanced SWIPEv2 model 
with ‘severe’ indicating unanimous classification decisions of severe from both models 3CBA and 
2CBA, while ‘potential’ indicates split decisions from the two models with severe predicted by only 
one of them. The second row shows the colored BT(K) from ABI’s 10.3 µm channel. The third row 
shows the precipitation rate (mm/h) at the given times from CMORPH, with red circles marking the 
precipitation associated with the tracked storm system. 

4.4. Relative Importance of Predictors 
Despite the success for this convection event, the relative contribution of different 

predictors for the RF based classification model was evaluated through feature im-
portance scores (IS) calculated using the Scikit-learn toolkit [49]. Shown in Table 7 are the 
top 10 ranked predictor variables with the highest ISs from ABI and NWP for the selected 
models 3CBA and 2CBA, respectively. The top ranked predictors for both models came 
from satellite observations from ABI, which made up the top five predictors for both 3CBA 
and 2CBA. Another consistency was that the maximum value of brightness temperature 
differences between channels 6.2 and 10.3 µm ranked at the top in both models. The BT 
differences between other water vapor (WV) channels (6.9 and 7.3 µm) and the window 
channel also had higher rankings in both models. This was in good agreement with pre-
vious studies in that the BT differences between a strong WV absorption band and a win-
dow band reflect the growth of cloud-top height relative to the tropopause, showing good 
correlations with potential convection, and can be used for nowcasting that convection 
[13,14,52]. This is also the reason why such BT differences have been used to identify deep 
convective clouds [53–55]. 

Table 7. Importance scores of the top 10 ranked predictor variables 1 of RF models 3CBA (n_estima-
tors = 1000, max_depth = 50, max_features = 5) and 2CBA (n_estimators = 500, max_depth = 30, 
max_features = 40). The total scores were calculated by summing the scores of all variables (not 
limited to the top 10 variables shown in the table) under the category. 

Model Data 
Source Variable Score  Ranking  Variable Score Ranking 

Total Score  
from the 
Source 

3CBA 

ABI 

dBT(6.2−10.3) max = 0.0346 1 dBT(13.3−10.3) max = 0.0285 6 

0.610 
dBT(7.3−10.3) max = 0.0327 2 BT(10.3) mean = 0.0210 7 
dBT(6.9−10.3) max = 0.0319 3 Area = 0.0175 9 
dBT(9.6−10.3) max = 0.0309 4 dBT(11.2−12.3) min = 0.0174 10 

BT(10.3) min = 0.0292 5 dBT(7.3−10.3) mean = 0.0170 11 

GFS NWP 

K-index max = 0.0178 8 DIV (925) min = 0.0128 25 

0.390 
MR (850) max = 0.0156 15 LI min = 0.0109 28 
DIV (10m) min = 0.0150 18 CIN max = 0.0107 31 Ɵse (850) max = 0.0131 23 TPW max = 0.0104 34 
K-index mean = 0.0129 24 Ɵse (850) mean = 0.0104 36 

2CBA 

ABI 

dBT(6.2−10.3) max = 0.1804 1 dBT(6.9−10.3) max = 0.0291 7 

0.721 
dBT(9.6−10.3) max = 0.1706 2 Cooling rate (R2) = 0.0095 12 
dBT(7.3−10.3) max = 0.0654 3 dBT(3.9−11.2) max = 0.0088 13 

BT(10.3) min = 0.0607 4 Area = 0.0077 15 
dBT(13.3−10.3) max = 0.0315 5 dBT(11.2−12.3) min = 0.0071 17 

GFS NWP 

Ɵse (850) max = 0.0314 6 TPW max = 0.0080 14 

0.279 
K-index max = 0.0221 8 DIV (925) min = 0.0073 16 
MR (850) max = 0.0197 9 DIV (10m) mean = 0.0069 18 
DIV (10m) min = 0.0166 10 LI min = 0.0068 20 

CIN max = 0.0124 11 K-index mean = 0.0068 21 
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1 Variable names with ‘dBT(a–b)’ represent the difference in brightness temperatures between chan-
nels with wavelengths centering at a and b; numbers shown in brackets following NWP variables 
represent the pressure level of the variable; and ‘min, max, mean’ represent the minimum, maxi-
mum and mean values of the variables within the spatial region of the cloud candidate. 

The differences between the two models were mainly in the feature importance of 
NWP variables. In terms of overall importance, ABI has a higher importance than the GFS 
NWP in both models, and it contributes more to model 3CBA than model 2CBA. While 
more predictors from the GFS NWP appeared in the top 25 rankings of model 2CBA, the 
top 2 ranked predictors from ABI observations outscored other predictors by large mar-
gins, and contributed over one-third of the total importance. This reveals that, compared 
to NWP variables from the GFS, the ABI predictors had much larger impacts for both 
models, and model 2CBA, with higher POD along with higher FAR, relies more on specific 
channel differences between the clean window channel and channels 6.2/9.6 µm, respec-
tively. 

It is worth noting that there are two ways that ABI may contribute to the storm now-
casting. Besides the direct use of ABI observations as predictors, ABI may provide useful 
information to the storm nowcasting indirectly through NWP predictors because the ABI 
clear sky radiances [56,57] and atmospheric motion vectors [58] have been assimilated into 
the GFS. 

5. Summary 
A storm nowcasting framework was developed for the CONUS region by combining 

high-resolution ABI observations with GFS forecasts as predictors, and by training 
through a random forest ML environment with a precipitation rate from CMORPH used 
as the truth label. This methodology was adapted from a previous framework named 
SWIPEv1 that used observations from AHI in combination with GFS forecasts to nowcast 
severe storms in East Asia. This study addressed some of the limitations of SWIPEv1 
through optimizations in the following three aspects: (1) When searching for the truth 
precipitation rate associated with the tracked convective candidate, the movement of the 
target cloud is taken into account by introducing dense optical flow to estimate the loca-
tion at the precipitation time, before an additional area overlapping procedure to confirm 
with the real observed BT; (2) Time periods to search for maximum rain rates are ex-
panded to three consecutive CMORPH analysis, making the collocated labels more repre-
sentative for candidates with longer periods of development and increased possibility to 
find maximum intensities; (3) Additional quality control procedures are also included to 
enhance the accuracy of convective storm tracking. 

After the establishment of datasets tracked and collocated from March to October 
2018, the enhanced SWIPEv2 model was trained through RF under different scenarios. Th 
results showed that severe cases with areas equal or larger than 5000 km2 were easier to 
nowcast over smaller samples. This is very important for nowcasting because severe 
storms with areas larger than 5000 km2 account for 45% of all severe storms, and large 
storms are likely associated with increased damage due to their larger spatial coverage. 
The ratio of different classes in the training was important. The balanced two-class model 
(1:1, both classes had similar sample sizes in the training), with moderate and weak classes 
combined as non-severe, showed the best POD for severe storms but with the highest FAR. 
The balanced three-class model (1:1:1) showed more balanced results of POD and FAR 
compared with the two-class model when dealing with samples with large areas. How-
ever, the balanced two-class model may be preferred to capture severe storms with 
smaller sizes as all other models showed a significant decrease in POD as the area of the 
candidate decreased. For candidates with an area less than 1000 km2, the imbalanced mod-
els (ratio of different classes not adjusted in the training) showed almost no skill. 

The analysis of the relative importance of predictors revealed that the overall contri-
bution from ABI observations was much higher than that from the GFS forecast. The top-
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ranked predictors were BT differences between channel 6.2 µm and channel 10.3 µm, fol-
lowed by BT differences between the 10.3 µm channel and channels 6.9/7.3 µm and 9.6 
µm. NWP predictors associated with atmospheric instabilities and moisture content also 
showed a relatively higher importance among the variables. 

Application of the enhanced SWIPEv2 model was demonstrated with a typical storm 
event over CONUS from 2019. The model showed its capability to nowcast severe storms 
in the pre-convection stage by successfully issuing warnings approximately 1 h and 5 min 
prior to the occurrence of the first precipitation rate over 7.6 mm/h from CMORPH, and 
more than two hours before the storms reached their peaks of intensity. 

There are still several limitations of this nowcasting model. For example, it only con-
siders precipitation as an indicator of convective intensity, while there are storms that 
produce other forms of damage such as hail and severe winds but with little or no precip-
itation. It is also worth noting that this tracking algorithm based on cloud-top cooling rate 
was mainly focused on isolated storm candidates. For convection initiated over an existing 
larger cloud system, it would not be considered ‘local convective initiation’ and not appli-
cable to the SWIPEv2 model. Hence, this model is likely to be more effective on precipita-
tion-related local severe storms than other storms. Future work will include utilizing the 
published reports from SPC to add storms related to hail and strong winds, as well as 
tornadoes. Ground-based radar and surface observations can also be utilized complemen-
tary to precipitation observations in the training process as the truth indicator of convec-
tive storm intensity. The nowcasting model can also benefit from regional NWP forecasts 
with finer spatial and temporal resolutions, such as the high-resolution rapid refresh 
(HRRR) model, when the forecast vertical profiles can be accessed in near real time. This 
nowcasting model is less effective for severe storms with smaller sizes, i.e., smaller than 
1000 km2. NWP data from GFS is not able to provide more accurate information regarding 
the local thermodynamic and dynamic information due to coarse spatial resolution. 
Hourly forecasts from HRRR with a spatial resolution of 3 km should be able to provide 
additional added value on the nowcasting. 

While combining all of the available information from geostationary and polar orbit-
ing satellites as well as NWP forecasts through data assimilation can be an effective ap-
proach for short-term forecasting [59], this study focused on the nowcasting (0~2 h) of 
local storms with meso-to-micro scales. Such storms are difficult to nowcast via NWP. To 
achieve this, real-time three-dimensional observations with high spatial and temporal res-
olutions are desired. As hyperspectral geostationary observations and derived products 
could provide valuable information on the pre-convection environment [60,61], resolu-
tions are proven to have a significant impact on the capability of hyperspectral sounders 
in capturing the fine spatial variations of the atmosphere [62]. Geostationary hyperspec-
tral infrared sounders with resolutions higher than ERA5, such as 12 km from on-orbit 
GIIRS on Fengyun-4B [63], 4 km from the to-be-launched IRS onboard MTG from EU-
METSAT [64], and the planned geostationary extended observations (GeoXO) sounder 
(GXS) [65], should be expected to provide additional benefits to the nowcasting of local 
severe storms with small scales. In addition, geostationary hyperspectral infrared sound-
ers have the potential to capture low-level pooling and mid-level drying of the atmosphere 
before ABI sees the cloud-top cooling. Soundings with such information, when incorpo-
rated into SWIPE, may further improve the lead time. This potential has not been dis-
cussed in this study as the focus was on nowcasting the intensity after the candidate storm 
was identified from ABI. Finally, it should be noted that radiances from high spatiotem-
poral geostationary hyperspectral infrared sounders can be used directly instead of 
soundings in the enhanced SWIPEv2 model when such data are available. 
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