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estimate hail size distributions and melting of hail on the ground
Martin Lainer!, Killian P. Brennan'#, Alessandro Hering', Jérome Kopp?, Samuel Monhart!,
Daniel Wolfensberger', and Urs Germann'

Federal Office of Meteorology and Climatology, MeteoSwiss, Locarno-Monti, Switzerland
anow at: Institute for Atmospheric and Climate Science, ETH Zurich, Zurich, 8092, Switzerland
2Qeschger Centre for Climate Change Research and Institute of Geography, University of Bern, Switzerland

Correspondence: Martin Lainer (martin.lainer @ meteoswiss.ch)

Abstract. Hail is a major threat associated with severe thunderstorms and an-estimation—of-estimating the hail size is im-

portant for issuing warnings to the public.
verification-of such produets; ground-based For the validation of existing, operational, radar-derived hail estimates, ground-based
observations are necessary. Automatic hail sensors, as for example within the Swiss hail network, record the kinetic energy
of hailstones and-can-estimate—with-this-the-hail-diameters—However—due-to estimate the hail sizes. Due to the small size
of the observational area of these sensors (0.2 m?)the-estimation-of-the-, the full hail size distribution (HSD) ean-havetarge
uneertainties—To-overcome-cannot be retrieved. To address this issue, we combine-drone-based-aerial-photogrammetry-with
apply a state-of-the-art custom trained deep-learning object detection model to identify-hailstonesinthe-tmages-drone-based

aerial photogrammetric data to identify hailstones and estimate the HSDin-afinal-step—This-approachis-applied-to-photogrammetrie

image—. Photogrammetric data of hail on the ground frem—a—supercell-storm;—that-erossed-was collected for one supercell
thunderstorm crossing central Switzerland from southwest to northeast in the afternoon of June-20 -June 2021. The hail swath

of this intense right-moving supercell was intercepted a few minutes after the passage at a soccer field near Entlebuch (Canton

Lucerne, Switzerland) and aerial images of-the-hail-on-the-greund-were taken by a commercial DJI drone, equipped with a 56

megapixels-45 megapixel full frame camera system. The average-resulting images have a ground sampling distance (GSD) that
eould-be-reached-was-of 1.5 mm per pixel, which-isset-by-the-mounted-camera-objeetive-with-a-defined by the focal length

of 35 mm of the camera and a flight altitude of 12 m above ground. A 2D orthomosaic model of the survey area (750 m?)
is created based on 116 captured images during the first drone mapping flight. Hail is then detected by using a region-based
Convolutional Neural Network (Mask R-CNN). We first characterize the hail sizes based on the individual hail segmentation
masks resulting from the model detections and investigate the performance by using manual hail annotations by experts to
generate validation and test data sets. The final HSD, composed of 18209 hailstones, is compared with nearby automatic hail
sensor observations, the operational weather radar based hail product MESHS (Maximum Expected Severe Hail Size) and
seme-crowdsourced hail reports. Based on the retrieved drone-hail-data set, a statistical assessment of sampling errors of hail

sensors is carried out. Furthermore, five repetitions of the drone-based photogrammetry mission within abett4818.65 min

give-the-unique-oppeortanity-to-investigatefacilitate investigations into the hail melting process on the groundfer-this-speeifie
f‘]’pefee h'ii A(wt(afm (iHE} (36’1{]‘(3]:,.
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1 Introduction

Hail is a severe danger-hazard associated with thunderstorms and its-impaetinereases-with-its-the threat and potential damage
increases with increasing hail size. Therefore, the estimation of the hail size is important fer-an-appropriate-warning-of-to issue
appropriate warnings to the public and to asses-assess the damage. The-hailstorms-in-the-period-between-Between 18 June and

317 uly 2021 were-extremely-intense-a period of intense hail storms occurred over Switzerland (Kopp et al., 2022). Aecording-to
arotid-340 million (CHF) storm-related

losses are estimated in the month of June alone-and large hail played a significant role (la Mobiliere, 2021). Operational weather

radar-based algorithms exist;-which-try-to-compute-allow for the computation of the the maximum expected severe hail size
(MESHS, Treloar, 1998) and probability of hail (PoH, Waldvogel et al., 1979) within a thunderstorm. In Switzerland, those

products are derived from five C-band weather radars operating in the complex terrain of the alps-Alps (Germann et al., 2022)
and have a spatial resolution of 1km?. Fer-Ground-based observations are crucial for the verification and improvements of
such radar-based hail products;-ground-based-observations-are-needed.

Beside-Besides traditional hallpads which are cost effective and-but do not provide any time-information,-promising-other
i temporal information, new automatic hail sensors (Loffler-Mang

et al., 2011) and crowdsourced hail reports (Barras et al., 2019) -—Reeently,—provide valuable additional hail observations.
et al., 2022) a network of 80

Within the framework of the Swiss Hail Network project (Romppainen-Martius, 2022; Ko

automatic hail sensors was installed in the—three—mest—three hail-prone regions ef-in Switzerland (Jura, southern Ticino

and Napf)

{Rmﬁppmﬁm-M&Fﬁﬁs—%Q%—Keppe%dl—ZGQ%}that are identified as hail hot spots based on climatological studies (Nisi et al., 2018, 2016)

. These sensors te

no-shape-(axisratioy-information-and-have-only-a-smallimpaet-provide an estimate of the hail size and the exact time of the

impact, but no information about the shape. In addition, hail sensors cannot capture the entire hail size distribution (HSD

to-predefined-fixed-size-categories(smaller-than-—eoffee-bean:—0-5(Kopp et al., 2023). Similarly, crowdsourced hail reports
use predefined categories (no hail, < 10 mm, eoffee-bean5-810 mm, +CHFeoin+2320 mm, 5-CHF-eoin:-3230 mm, gokf-ball:

4350 mm stennis-bal:-68and > 70 mm) -

users-for estimating the hail size, corresponding to an unknown percentile of the actual HSD. Besides that, their quality control
is challenging (Barras et al., 2019).

In order to overcome some of the limitations of automatic hail sensors and crowdsourced reports enly-give-information-abeut
i i for estimating the HSD, a new technique, called
HailPixel, has been introduced by Soderholm et al. (2020)for-measuring the-size-distribution-of-hail-. They propose to use aerial
imagery captured by an unmanned aerial vehicle (UAV) to survey hail on the ground over a large detection-areausing-aeriat
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imagery-captured-from-a-small-unmanned-aireraftand-area. The resulting image data is analyzed using deep-learning techniques
combined with computer vision feature extraction JPheyshewe*emp%afywma&:WMQAIhg results from a HailPixel

survey of-a-hailstorm-in San Rafael (Argentina) in

fature-hail surveys—With-asample-ofclearly demonstrates the advantage of this technique, as an UAV can survey an extended
area and capture a large sample of hailstones. They identified 15983 measured-hailstone-sizes;—they-were-able-topreeisely
MWWMM%WM&WM

they-ean-sometimes-havelarge-protuberances-Knight 1986)—In this study —we-present-detailed-statistics-of-the-observed-hail

aspeetratiosfora-particular-hail-event-and-loeation—
On-we use aerial drone images collected on 20 June 26242021. That day, the ingredients for long-living and well-organized

severe thunderstorms eame-together-ever-(humid air, high instability and strong wind shear) were in place across Switzerland.
An air mass with steep lapse rates was advected from the southwest wa%—adveeted»eiﬁep«af—deeeﬁkw low-level

metstare—As-the-air with mean mixing ratios around 12 seundi

during-the-course-of the-day SB(g kg~ I&W@MWWMMI&SMM-
Based »-EAPE(Convective Available Potential Energy )-vatues-of-more-than (SBCAPE) was above 2000 Jkg~! developed
in-eonjunetion-with-a-high-6—6-and high wind shear of about 30 m s ! —A-hail produeing strongsupereel-was-chased-on-that
day—The-temporal-track-of-this-supercel-from—radar-data-in_the layer 0—6 km was present at 12 UTC (Fig. 1). A supercell

developed over the French Alps in the morning and moved through Switzerland within 5 hours. The track of the supercell is
shown in Fig. 2(a) - i i i

and was generated based on the TRT
Thunderstorm Radar Tracking) algorithm (Feldmann et al., 2023; Hering et al., 2004). From the hodograph shown in Fig. 2(a
P-—A-deeper-anatysis-of the-storm-metion-and-1 a storm motion vector of 234° at 13 ms~! (according to Bunkers et al. (2000

) and mean storm relative winds based-on-the-hodograph-display(s-(0-6 Fie-km) of 71° at 9Hshews-that thems™! can be
derived. This environment favored the development of classical right-moving supercells (Houze et al., 1993)eﬁfh&t—day.

was-nearly-uninterrupted-from-the-north-eastern-edge-of- The supercell produced a continuous hail swath from lake Geneva to
the-nerth-western-edge-of-lake-Zurich over a length of about 155 km —The-maximal-width-ef-and the maximum hail size is
estimated above 60 mm. Both, the maximum hail size and the hail swath partexceeding-a MESHSvalue-of 6-was-in-the-order
of +6are inferred from the MESHS products based on the Swiss operational radar network (Germann et al., 2022). Figure 2(b)
illustrates the radar derived MESHS signature from the supercell whem{»eresseekeemfal—Sw&eﬂaﬁdjust—a%fﬂﬁeﬂ%h—eﬁm the

hatHrom-the-superecell-wasintereepted-at-central Switzerland) where the aerial images were collected on a soccer field (fﬂageﬂ{a

white cross) near Entlebuch (Canton Lucerne).
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GHSHﬂd—HS%eimapﬁﬁ—thFor this location MESHS indicates a maximum expected severe hail size of 63 2(e)-and-(d)-

smm and on-site observations revealed

maximum dimensions between 40 mm and 5850 mm¢Fig—, In addition, data from four automatic hail sensors are available

for the area within a distance of less than 1 2(d))—Interestingly—the-very-km from the survey area. Surprisingly, the closest
sensor HS1 (300 m SSW from the soccer field) did not getrecord any impact during the passage-of-the-hail-core-Because-of

%heﬂbsa%eﬁfﬂﬁffeeeféﬁ%ée%eﬁ%ﬁmgﬁogg we use the hail-data from the other-remaining 3
Sensors ; : - ~in this analyses. HS2 and HS4 are located NNE of

the soccer field at a distance of 770 m srespeetively-and 1470 m, to-the NNE-direction-of-the-soceerfieldrespectively, while
HS3 is located SSW at a distance of 1150 m te%he—SSW(Flg 2(e)3).
Soderholm et al. (2020) provided re

general

recommendations to optimize the quality and further analysis of aerial drone images of hail: uniform and contrasting back-
grounds (cut or grazed turf grasses); Inerease-the-high camera resolution for capturing smaller hailstones; Minimize-minimize

the melting of hailstonesand-; avoid aerial surveys in areas with flowing water and conduct surveys as-immediately-as-pessible
immediately after hail fallstops-to-prevent-further-melting. Following those suggestion;-we-have puteffortin-using-suggestions,

we used a camera equipment that aHows-to-take picturesina-higher resolutionto-inerease-the-has a high resolution giving a
ground sampling distance (GSD) te-of 1.5 mm px~'. Fherefore;we-are-able-It permitted us to classify hailstones down-inte-the

smat-up to a minimum size of 3—6 mmbin-size;-, which is a significant improvement compared to the minimum size of 220 in
Soderholm-et-al(2020)—The-drone-based-hail-survey-in-this-study-mm from Soderholm et al. (2020). Here, the survey was
performed on a soccer field with a visually homogeneous background, and an excellent drainage of water. A main difference
to the approach of Soderholm et al. (2020) is the technical setup to estimate the size of the identified hailstones. Instead of
using an additional computer-vision-based method, we here use-only-only use the data from the deep-learning algorithm to

direetly-estimate the hail sizes and shapes. In addition, we present an approach to address the majeﬁprebkf&ef—ﬂaefifeﬂe-ba%eé
fﬁefhed—whteh—ls—themeltmg of hailstones on the groundbe

and-derive-therate-of-melting—This-will-alowte-a-certain-stage;: the melting rate is estimated by capturing the shrinking of
the hailstones from images of successive drone flights. This allows to approximate the expected largest hail sizes dating-back

to-at the start of the hail fall, if the exact times of the storm passage and images are known.

In Sect. 2 the end-to-end-chain-methodology is presented, starting frem-with the data collection procedure, the-equipment
used-a_description of the equipment and details about the image data acquisition, followed by the post-processingane-the
automated-task-of hatl-objeet, the hail detection with deep-learning algorithms and the final retrieval of the hail size distribution.
The results-and performed investigations resulting hail size distributions, performance of the model and melting rate estimation
are described in Sect. 3. Further discussions to setbring the findings in a broader context are presented in Sect. 4. Conclusions,

ideas and suggestions for future analyses are given in Sect. 5.
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2 Data and methods

study we use a deep-learning

to automatically detect hai

individual hailstones in aerial images of hail. A subset of the
images was annotated by a human expert and served as a training, validation and test data set. Hereby-we-follow Furthermore,
the test data set was annotated by two additional independent experts to objectively estimate the performance of the model.
The method follows the HailPixel procedure described in Soderholm et al. (2020) with-somestightadaption-thatare-mentioned
briefly-below—The-HailPixel technigue-that applies a two-stage approach, combining-machine-learningforfinding-the-center
hail-pixel-and-consisting of a machine learning technigue to identify the center pixel of each hailstone in the image and a

computer vision (CV) fer-an-exaet-hatl-edge-detection-on-the-imagelightness—in-the-H B e

spaceapproach to detect the edges of the individual hailstones based on pixel lightness values. During a preliminary test
phasein our study, the two-stage approach frem-Sederholm-et-al(20620)-was compared to a one-stage method using solely a
deep-learning instance segmentation model based on Mask R-CNN —lt-was-found;-that-theto detect individual hailstones and

estimate their sizes. The size estimation based on ourthe one-stage method led-to-yielded better results for this-speeific-hail
ease-thanour data compared to the two-stage approach.

In particular for small hailstones, the pixel lightness values were much lower. Here we therefore focus on the one-stage
approach.

2.1 Data collection and the experience from chasing hailstorms

A major challenge of drone-based-drone-based hail photogrammetry is the collection of data. Fherefore-wehere briefly-deseribe
our-strategy-to-prepare-the-data-eoleetion-precess—Hail producing thunderstorms are highly localized phenomena and falling
hail melt-melts quickly on the surface due to high (summer) air and soil temperature and sometimes strong rainfall following
directly after the hail. Thus, to enceunter-intercept a thunderstorm, the drone operators need to be on site before the arrival of
the storm. Therefore, the availability of geed-suitable nowcasting products and experienced interpretation are highly important.
Aside from the meteorological challenges, the practical difficulties are even more pronounced. To obtain best possible quality
of aerial images, we focused on places where we were confident to encounter fresh cut meadows. Public soccer fields turned
out to be most promising target locations, which can be easily identified in interactive maps while being on the road, e.g. on

https://map.geo.admin.ch/ (SwissGeoportal, 2023). In addition, major parts of the hail prone areas were scouted in advance to

determine potential locations to intersect a specific storm cell and familiarize with the local traffic routes.
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sy-During days with such-faveringconditions
conditions favorable for supercells, the drone operators were on standby in central Switzerland already in the morning hours to
be ready to head towards potential regions of thunderstorm occurrence. Anether-valuable-souree-A valuable source to identify
such conditions and regions are the forecasts by ESTOFEX (European Storm Forecast Experiment, Groenemesijer et al. (2007)).
Our experience has shown, that at least a level 2 on the ESTOFEX internal scale needs to be issued to have a realistic chance
to interfere-intercept a hail producing cell. In general, the forecasts and evaluation of the synoptic situation across Europe
provided on their website are highly valuable for the preparation process and determining, whether meteorological conditions
are favorable on the next day.

On the day of an event, different nowcasting and observational products were used. Most importantly, the operational radar
images produced by MeteoSwiss served as a baseline to identify storms and nowcast the upcoming minutes to hours. Hereby;
the-The 3-dimensional reflectivity information is crucial to not only identify the cell itself but to further estimate the strength and
exact location of a potential hail core. Within the operational radar products, POH and MESHS was used. Our experience has
shown that for promising results, POH needs to be 100 % and MESHS should reach stable values above 220 mm. Furthermore,
satellite images and lightning information, e.g. lightning jumps (Schultz et al., 2009; Chronis et al., 2015; Nisi et al., 2020),
help to focus on intensifying regions within the developing storm cells. Finally, real-time hail reports from the public can give
a hint about the size of the hail that can be expected and to fine tune the final decisions for a sueeessful-hail-core-punchsuitable

Following this strategy and using the tools mentioned, two drone-based hail photogrammetry surveys could be performed
during five event days in 2021. In this study, we present an analysis of the data collected on the-2624-66-26-20 June 2021

to demonstrate the methodology. The data from the second available event eannoet-cannot be taken into account because of

low quality of the data. In particular, both, the light conditions and the background (longer grass on the soccer field) were not

optimal and thus the data can unfortunately not be used for an in depth analyses—

2.2 Drone operation and image processing

The aerial hail photogrammetry missions were performed with a DJI Matrice 300 RTK drone equipped with a Zenmuse P1
camera system, that has a full-frame sensor (45 -megapixel) stabilized by a 3-axis gimbal and a focal length of 35 mm. The
synchronization of the camera, the flight controller, the RTK (Real Time Kinematic) GPS module, and gimbal-takes-place-at
the-microsecond-level-and-the gimbal is done on a temporal resolution of microseconds and thus ensures a high accuracy of the

image data.
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step, the individual images captured by the drone have to be combined into an orthomosaic. An orthomosaic is defined as
a composite of multiple aerial (airborne or space-borne) photos that are previously processed to remove inherent distortions
caused by the geometrical properties of the lenses (airborne photos) and the earths curvature (space borne satellite images).
Thus, the processed individual pictures and the resulting composed orthomosaic is distortion free and exhibits a true scale that
allows to estimate the size of the objects within the photo. To generate an orthomosaic an image overlap between 70 % and 80 %

Here we use an image overlap of 70 % for both sides (frontal and sideways)was-apphied.

The at w-flight pattern was programmed using the DJI
Pilot 2 applicationas-. We defined a lawnmower (boustrophedonic) flight path without cross-hatch —Bue-to-restrictions-of-the
BM@W@H@WM@@MM&%%WMMQ m above ground —As-demonstrated

: {(minimal possible
altitude) and a flight speed of 1 ms™'swas - A low horizontal flight speed is necessary to reduce the mo-
iom bl (Bemis .ok 2014 Sodesbolm ot al. 2020, whish s within one image piel ~Fhe image prosesing 10 prodce e

W&memm)mwm
is generated using the open source software OpenDroneMap (ODM, OpenDroneMap (2020)). ftis-able-to-turn-simple-This
software can convert 2-dimensional images into: classified point clouds, 3-dimensional textured models, georeferenced or-
thorectified imagery or georeferenced digital elevation models. ODM makes use of OpenSfM (mapillary, 2020), which is a
structure from motion (SfM) library written in Python on top of OpenCV (Bradski, 2000). The library serves-as-a-proeessing
pipelineforreconstructing-camera-poses-can be used to reconstruct camera positions and 3-dimensional scenes from-multiple
images-based on multiple images (mapillary, 2023). Here we make use of some-the basic modules for SfM: Feature detection,

feature matching, minimal solvers.

The orthophoto construction can be-breken-dewncan be divided into the following main steps:

— Identification of matching points between the images.

— Reconstruction of the camera perspective and the position of each image for quality check and subsequent computation

of the 3-dimensional coordinates of the matching points.

— Derivation of a DEM (digital elevation model) by using a reduced point cloud in 3-dimensional space.
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— Construction of the orthophoto ef-the-survey-area-by applying the DEM to spatially-project-every-image-pixelthe spatial
projection of each image point.

The first flight missien-after-the-passage-of-the-hail-core-of thesupereell-started-started at 14:37:28 (UTC), which is about
9.5 min after the start of the hail fall. Within 3:51 min a total of 116 images were takenat-a-constant-altitude-of12-abeveground
fevel. Each image has a resolution of 8192 x 5460 pixelsand-was-eaptured-at-. The camera has a fixed focal length of 35 mm
foeaHength-with-a-manual-set-and for this mission we selected an exposure time of 1/1000s, an aperture of f/5.6 and a light

sensitivity value of ISO-25600fer-the-applied-gain-by-the-camerasenser. The resulting GSD of 1.5 mm px~! is-geed-enough
to-visually-deteet-hatlstones—-5allows to detect hailstones down to the 3 — 6 mm and-thus-also-the-smallestsize-classification

of-hatl-(DHbin.

TFhe-qualityreport-A standard output of the ODM processingof the-H6-survey-imagesrevealed-the reconstruction-of software
&M@M&a total of 14.916.215 reconstructed dense points and a mean GPS error of 0.34 m. The total
i m (see Fig. S(a)*rs
change of 0.5 mts—feuﬂd—Fer—afHﬂdepeﬂdeﬂt—veﬂﬁe&ﬁeﬂﬂf—meGS& valvtlpll\@\reference objects (s=see Fig. 5(b)) were-placed
on the soccer field before-the-drone-image-capturingstarted—Those-are used for an independent verification of the GSD. These

reference objects were laminated printouts of geometric shapes in black and white, e.g. circles of-diameter-with a diameter of

10 mm and squares with side lengths of 75 mm. €ress-checking-of-the +0-white-eireles-yielded-a-diameter between-The white
circles consists of 6 and-to 7 pixels within the orthophoto, equivalent to the-metrie-range-a diameter of 9-10.5 mm. Due to a

slight overexposure in combination with the motion blur, the black circles on white background appeared much smallerthan
2.3 Object detection and size estimation

Object detection is a teehn

objeets-ofa-certain-elass-computational method to automatically identify and locate different objects or semantic classes (e.g.

trees, bicycles, faces) within an image or a
video. A comprehensive overview of the techniques and developments in object detection over the last two decades is-shewn

in-the-road-map-of-milestones—in-objeet-detection-by-Fig—2-can be found in Zou et al. (2019). In recent years, many of the
latest available neural network detection engines (e.g. AlexNet, VGG, GoogleNet, ResNet, DenseNet) have been applied to
object detection. For example, the Mask R-CNN (He et al., 2020), as one of the state-of-the-art models for instance object
segmentationtasks i i

Neural Network (ResNet) detection engine described in He et al. (2016) and is designed to s1mp11fy the training of substantially

deep neural networks.

vas, uses a Residual
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We used the deep-learning toolbox Detectron? from Wu et al. (2019) as a starting point to train a model for visual hail recog-
nition. Its flexible design makes-iteasy-allows to switch between different tasks such as object detection, instance segmentation
or panoptic segmentation. It kas-provides built-in support for popular data sets like the MS COCO (Microsoft Common Objects
in Context) described in Lin et al. (2014) and many-backbone-combinations-of-contains features from Faster/Mask R-CNN:
ResNet (Residual-Neural-Network)-in combination with FPN~«(Feature Pyramid Network }-€4-(FPN), Convolution 4 (C4)
as single scale feature map, or dilated-convolution—Furthera dilated convolution technique. Furthermore, Detectron2 provides
ready-to-use baselines with pre-trained model weights. ©re-Here we use one set of those pre-trained model weights on-the
MS-COCO-datasetisused-to train a new model ox

model is trained using data from a single event with grass in the background (soccer field). In order to generalise the model
and apply it to additional data with different backgrounds (less homogeneous grass field, crop fields, concrete surface), the
model should be retrained with additional data. However, not all backgrounds are suitable, e.g. on a concrete surface (a public
parking) the m i i i

~hail would melt much faster due to

2.3.1 Image data preparation

The orthophoto exhibits a resolution of 24500 px and-height-by 22000 px has-a-storage-size-resulting in a total of 5.39 x 10°
ixels and a disk space of about 2 GBand-a-total-number-of-5:39-<10%pixels, The ODM software provides different output
formats for the orthophoto. Here we use a PNG (Portable Network Graphics) format for the subsequent analysis. As shown

in Fig. 5(a) the orthophoto does not cover the fu

object-detection-algorithm-consists-only-of-approximate-entire image size, reducing the total analyzed image pixels to about
5 x 108 px. Given-Thus, given the GSD of 1.5 mm px !, the area-sizereaches-entire image covers an area of 750.4 m?.

The high-demand-of-original orthophoto is divided into smaller image tiles to save computational resources during the

training of the Mas

image-te-model. A reasonable compromise is a size of 500 x 500 px is-areasonable-compromise—TFherefore-the-orthophete

use 10 % eﬁﬂﬁﬂvzmabl&fmag& randomly selected tiles as reference data %ﬁ—yﬂﬁd&&%@f&kﬁ#@% fmages—aﬁdmesewvefe
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again-tiles). This reference data is further divided into 70 % for training and-the remainingbutk-equally-sphtinto-(150 tiles
and 15 % eaeh-for the validation (33 tiles) and test data —Fhese-three-datasets-of images-are-further processed-with(33 tiles)

respectively. These data sets are visually analyzed by an expert A, and all hailstones are annotated using the Computer Vision
and Annotation Tool (CVAT, Sekachev et al. (2020))te-man

Deteetron2-framework—The-. The resulting annotation files are JSON (JavaScript Object Notation) based and store information
about each image tile. This includes the path, width, height, annotation identifiers of the hailstones and the polygon coordinates

defining their binary-instance segmentation masks. Overalla-total-of-937-hailstone-annotations-are-contained-in-the-training-,
the training data set contains 937, the validation data 249 and the test data set - 249-in-the-validation-set-and215-in-the-test set:

the visually determined annotations, tow-mere-two more human experts (B and C) annotated the test data set consisting-of-33

tHe-images—Thusindependently. Thus, the test data set is-ereated-by-three-independent-experts-annotated by the experts B and
C are used as a independent data source to assess the model prediction performance.

2.3.2 Hail detection and size estimation - training, validation and testin

The main concept behind deep-learning models is to split the reference data set into a training, a validation and netused-during

the- CNN-resultsa test data set. The training data set is used to estimate the model parameters. Within the training procedure, a
validation data set is used to prevent over fitting and to assess the evolution of performance indicators during the entire training
run in steps of 100 iterations. Furthermore, an independent test data set is necessary that serves as a truth against which the
model results (applied to data not contained in the reference data set) and thus the model performance can be assessed. As
mentioned before, we use independent test data sets where hail is visually detected by three experts (see Fig. 9).

2.3.3

A NVIDIA GeForce RTX™ 3060 Ti was used to efficiently train the Mask R-CNN model on the eustom-hail-training data
set. This GPU model has 4864 €CUDA~(Compute Unified Device Architecture (CUDA) cores and in total 8 GB GDDR6 RAM
available. A default conﬁguratlon of Detectron2 is used for-a-first-estimate-of-to_estimate a first set for the hyper parameter
tuning. i i i

started with a base model that is pre-trained using the MS COCO data set used-a-Resnet-and-FPNeombination—Thetarge-based
on ResNet and FPN. The MS COCO data set consists of about 2 x 10° annotated images with a total of 80 different object

classes and it is thus an ideal starting point to train deep-learning models to recognize, label, and describe objects.

A-—set-of-16 d—different training runs (run-0 to

run-15) were performed to assess various hyper-parameter combinations (ﬁsee Table l)wef&eeﬂduetedreﬁﬂ&eGPU—deﬂee
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Table 1. Overview-of-the-performed-vartations-of Range tested for the 3 hyper-parameters: Learning rate (LR—+row), v value (2rewy)) and
batch size (BS) per image3rew). The hyper-parameter combination of the model with the lowest validation loss after 3000 training-iterations

are highlighted in redbold font.

LR | 0.0001 | 0.00025 | 0.0005 | 0.001
v 0.1 0.5
BS 128 256

. Here we only vary the three hyper parameters learning rate, the gamma value and the batch size to show a concept of
roof for automatic hail detection. For detailed information about the concept and additional available parameters, we refer to
Schmidhuber, 2015; Wu et al.,

set. Using two images per batch and-150-training-images-in-total-on 1 GPU, a total of 75 training-iterations-are-needed-for
batches are needed which represents one epoch time—TFhus-3000-iterations—translate-inte, i.e. to iterate through all available

image tiles. We then performed 40 epoch times

2023). These training runs were performed for each of the 150 image tiles in the training data

Fhe-internal-model-evaluation-pertod-was-setto-During an individual training run, the validation is done every 100 iterations.
This—means;—that-there-are-Thus, for one training run with a total of 3000 iterations we obtain a temporal evolution of the

scores along 30 avai
fhe—vahdaﬂeﬁd&fd—setm Flgure 6 eempafeﬁshows the progress of total and-loss and the validation loss for the-all 16

training runs performed. The bold lines depict the

run exhibiting the lowest validation loss after 40 training-epochsepoch times. To chose the best model, we performed a more
detailed evaluation of the model runs by means of commonly used metrics in object detection. The-aceuracy-of-an-objeet

To assess the performance of a model, diverse metrics are available. A single score (i.e. performance metric) does provide
the model performance from a certain perspective and thus different scores should be taken into account. A score compares
the predicted result with the truth based on a confusion matrix (Wilks, 2011). In image classification the predicted results of
an individual feature (i.e. hailstone in our case) usually does not exactly match with the truth (the same hailstone in the test
MMWWV\MWWWW@WMVMVMWMMM The IoU ratio is usuaﬂy

in-the-reference-annotation-data—set—In-thisstady,—defined as the ratio between the overlap and the union of the bounding box
around the features in the predicted result and the truth. In our case we use the leU-—retrievedfrom-the-binary-mask-areas-and
instance segmentation mask (i.e.
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the one segmentation mask for each individual feature) instead of the bounding box to compute the IoU ratio. The IoU ranges
from 0 to 1 and a ratio of 0.5 is used to define a correct prediction and thus interpreted as a true positive (I'P) result. Predicted
results with a IoU less than 0.5 are thus false positive (F'P) and if no results is predicted for an existing feature in the truth, it

is depicted as false negative (F'/V). Following the standard COCO evaluation procedure, the set of loU-—ratiesrangesfrom-0-5
S e e e e Do el e ToU ratios Lor a T e

In patternrecognition,information

cision and recall (Eq. (1) and Eq. (2)) are

Fhe-commonly used (Powers, 2020). Precision depicts the number of true positive results divided by the total number of

ositive results. Recall refers to all true positive results divided by the number of all samples that should have been classified

i.e. as visually identified by the experts in the test data set in our case). Precision and recall can be combined in the F'1

score in Eq. (3)
i Van Rijsbergen, 1979; Goutte and Gaussier, 2005). The F'1 score results in values from O to 1 where O indicates
extremely poor performance and 1 refers to a perfect performance of the model.

12
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" Precision + Recall

signatures-are-found-to-be-similarfor-the-validation-and-Here we prioritize the precision and aim at a large portion of correct
detection (7'P) of hailstones and low false positive results (i.e. hail detected by the model but not present in the test data

). Thus, as a trade-off some hailstones are missed (F/NV

and the selected threshold does not exactly correspond to the optimal F'1 score. A reasonable compromise between precision
and recall is found at a hail confidence threshold of 0.9 for run-3 (see Fig. 7) where F'1 is close to 0.8 (0.85) when evaluating

against the test (validation) data set. The appearance of 4-four groups in the two plots of Fig. 7 is due to the quadruple-variation

of the-fearning rate-four different learning rate values tested (Table 1).

Eooking deeper-into From the 16 different training runs, run-3 is chosen as the model to apply to the orthophoto for automatic
hail detection. Thus, (run-3) was applied to all available image tiles (2156) and the instance segmentation masks of each
therefore manually removed to guarantee a correct representation of the largest hail size bins in the distribution.

In the validation data set eonsisting-of-with 249 annotated hailstones, we-find-a-T-P-number-of 237 and-aF-N-number-of-are
T'P and 12 whieh-gives-a-missrate-or-are I'/V resulting in a false negative rate (FNR = FN/(FN + TP)) of 4.8 %. For the
test data set {with 215 hailstones), 198 are T'P reaches198,-FN-countand 17 which-yields-toFN=79F N which yields a
ENR of 7.9 %. Fhe-An additional performance metric used to describe the accuracy of a model is the mean average precision
- thatiscaleulated-over the-whole JoU-rangefor the (mAP). In short, mAP depicts the average relationship between precision

and recall over all IoU classes (from 0.5 to 0.95). The mAP for the validation (test) data set results in 0.53 (0.50) for the 90 %

L athrach I d 1on—d o agpe 1A 050 o d o i o
a O c O1a a vg varraatton—aata 5 s, VeIy—U9OU B 2

on-hail confidence threshold. In addition, Figure 8 shows the number distribution of the IoU ef-the-for all true positive matches
(hail confidence level C; > 0.9) s-again-for-both-within the validation (blue bars) and the test (green bars) data sets—A-large-set.

The majority of the hait-IoUs lie above 0.7, indicating a good match between the predicted hailstones and the truth. For the test
data set a bi-modal distribution shape-is found with peaks around 0.76 and 0.86.

As mentioned earlier-a-pre-evaluation-of-the-performance-of-the-model-ecapabili
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m-in the beginning, the
test data set is visually classified by three independent human experts. This allows assessing the uncertainty of the test data set

resulting from the visual detection of the hailstones. The hail size (in terms of major axis length) is derived from the annotated

model output. The resulting HSD with a bin size
of 3mm is-taken-The-distributionsfrom-the-medek-are presented in Fig. 9. It shows that expert B and expert C peak-in-have a

eak number of hailstones within the 6—9 mm major axis hail size bin;-where-also-the-meditan<(9-)-isfound-—-Against-this;the
pealk—bins. The median value of these experts assessments is 10.5. In comparison, the highest number of hailstones and the

median

nsvalue of expert A are found in
the next higher bin class. Overall the discrepancies are largest for the smallest hail-major-axis-size bin (3—6 mm). This prebably
indicates that the orthophoto resolution timits-the-is a limiting factor for reliable identification of these-such small hailstones by

backeground—In-the-mainresults-visual classification as this size class suffers from low brightness and translucent background
(see also Sect. 3 and diseussions<{Sect. 4)we-will-elaborate-on-the lightnessissue.

3 Results

2021, We compare the HSD retrieved from the photogrammetric approach presented above to the HSD retrieved by four close
by hail sensors (Sect. 3.1). Subsequently, we assess the sampling error of hail sensors having an observational area of 0.2 m?
with a sub-sample of data retrieved from the drone observation from an area of 600 m? (Sect. 3.2). In Sect. 3.3, we estimate the
melting rates of hail on the ground based on the evolution of the HSD from all five successive flights.

3.1 Estimation-ef-the HSD
3.1 Estimation of the hail size distribution

The rumbe

from the aerial photogrammetric data is shown in Fig. %mww&w&wwwﬂmlmmw
the size refers to the major axis determined by the machine learning algorithm. 45 hailstones are larger than 30 mm with the
largest size being 39 mm. The mode of the distribution lies in the 6-9 mm bin. Only a few hailstones are larger than 21 mm.
The closest automatic hail sensor HS2 recorded 9 hailstone-impacts—with-a—maximal-diameter-impacts within 3 min and a
maximum hail dimension of 14 mm in-a-time span-of 3(Fig.4). The duration of the event at the location of the drone survey

ig-HSD estimated
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was ~ 9.5 min. Relatively-seen-much-more-small-hailstones-were-measured-by-Estimated duration based on the neighborin
hail sensors range from 3 min for HS2¢likewisefor-HS3-and-, 13 min for HS4 )-then-by-the-droneand 16 min for HS3. The
up-scaled density of hailstones detected by the HS2 sensor is 45 hailstones per m?, compared to 24 hailstones per m? {average

on average as retrieved from the drone data. This might be related to the 6—-9-bin—Within-thetarge-survey-area-ofinherent spatial
and temporal variability of hail as the automatic hail sensor is located in a distance of about 750-45-hailstones-are-found-to-be
greater-than-30770 and-the largesthatlstone size reached-39mm-—These targesthail- sizes-are not captured by the hatl sensers;a

We note-that-the mean-tightness-value m downstream of the area observed by the drone. In addition, the sensor detects the
hail directly during the event, whereas the drone data is collected after the hail stopped to avoid the drone being damaged.
Therefore, the drone data is affected by melting processes and thus tends to underestimate the hail size and in particular the
number of small hailstones. Furthermore, small hailstones might not be detected within the drone data as they might partially
be obscured by the grass and by low differences in the lightness values compared to the background. Lightness values come
from the HSL, (Hue, Saturation and Lightness) color space and range from 0 to 255. Mean lightness values (Fig. 10, orange

line) i1

I
OW

A

the 3—6 mm hailstones drop below 180 and-thus-becomes-gradually-which is similar to the lightness-of-the-background-—Edge
deteetion-methods-based-on-the lightness-valae-background. Size estimation based on edge detection methods that use lightness

values alone, such as proposed in the-work-of-Sederholm-et-al-2020)—will-have-difficulties-infindingthe-correct-hail p

edgesSoderholm et al. (2020), can thus not be applied.
The same drone-based HSD as in Fig. 10 is shown again with-as a function of the probability density in Fig 11(a). Fhere

additionally-the-shape-is-approximated-by-a-A gamma probability distribution function (PDF) —In-general-the-gammaPDE
characterize the distribution of the hailstones major-axistengths by -otherease studies;e-gZiegleretal(1983); Fraile et-ak(1992)
—n-our-ease-, as shown by Ziegler et al. (1983) or Fraile etal. (1992). Overall, the gamma PDF skightly-underestimates-the
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e-closely follows the

empirical distribution retrieved from the drone data with a median of 9mm {s-and a slight underestimation of the peak (see
Fig. 11(a)). The prebabitity-density-of-the-projected hail aspect ratios shews;-indicate that the majority of hailstones shew-have

equal axis lengths (Fig. 11(b)) —and 75 % of the hailstones have projected aspect ratios higher than 0.75.

3.2 Assessment-of sampling-Sampling error of within automatic hail sensers-using-sensor data with respect to

drone-based data

MW&WWWMWM probability that a randomly placed hail sensor on-the

orthopheto-areaisnothitat-al-ors hit by a
size. 10000 virtual m@a&me were distributed across an area of 600m* within the orthophoto

(blue circles in the-erthophote-of-Fig. 5(d))ef
each virtual areasensor, the HSD was derived —The-and the individual Kernel density estimates (KDE, gray lines) are plotted

shown in Fig. 12(a). The KDE eeutd-be-was obtained from 7817 virtual sensor areas. The remaining 2183 sensors had-too-few
impacts-and-the- KDEeould-not-be-estimateddid not have enough virtual impacts to estimate the KDE. The distribution from
the swwhele-entire 600 m? area is shown by-the-blacklinein black, and the respective quantiles (Q25, Q50 and Q75) from all the
virtual sensors aﬁed—ﬁﬂesir}p/@g}gwg\gjggp.

Within all virtual hail sensors only 45 hailstones
m%%mmm are observed and thus only 0.3% (34 out of 10000virtaal-sensors)record-hitstarger-than-30mmm;
). of the virtual sensors exhibit an impact of such large hail. 9.9% (988sensers)-record-hits-) of the virtual sensors observe
impacts from hail with a size larger than 20mm and 65.8 % (6576sensers)+ecord-hits-) from hail with a size larger than
10mm. Moreover, the probability MJWMWMWW
all is 4.7 %o—While-we th i i

In-Fig-Figure 12(b) a-distribution-calculated-from-the-Jargest-hits-on-shows the distribution of the largest hailstone observed
by each virtual sensoris-shewn-with-markers-of eertain-pereentiles. The median value reaches 12 mm and the 95 percentile
is-ata-major-axistength-of-(Q95) corresponds to 24mm.

Figure 12(c) shows the histogram-from-distribution of the number of hits-per-virtual-senser-areas-hailstones observed by all
virtual hail sensors and compares it with the point measurements-of the-4-elosestnumber of observed hailstones within the four

physical hail sensors. The locations of those sensors tr-eontext-with-the-drone-observations-on-the soeeerfield-is shown on the

map in Fig. 2-All-these-sensors-were-crossed-by-the-3. All physical hail sensors were within the hail path (100 % POH region
fatl x 1km resolutlon)eﬁfhe%zrﬂﬁefm—l%egﬁdiﬁgﬂvfeﬁ%

The highest probability (22 are: %o, see peak of
WP%MW&WW’MWW%%W@W
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impacts (e.g. HS1senser, cyan line) wef&mef&hke}ﬁhaﬁls 4.7 % and the probability for 9 or 10 as-recorded-by-the Mp\ggtg
(HS2 seﬁseﬁéblrue—lme%and HS4sen

impaet-was—52-5compared-to-3-at-HS2-and13, blue and red line, respectively) is less than 2 at-HS4—The-%. 32 impacts
were recorded by the third sensor (HS3), which is higher than the maximum number of hits-from-the10000-randem-senseor
plraeemeﬂfs—lﬂgnﬁg\aACLSAQQ. B

numbers) within all virtual sensors. This indicates that the spatial variability might play an important role and/or the limitation

of the drone data regarding the melting process prior to the flight might affect the estimation.

3.3 Melting on the ground and the-impaetimplications on the-estimation-of the HSDhail size distribution estimations

the-greundis its timing with respect to impact. Hail from the beginning of the event is thus already affected by melting and
decrease in size until the drone observation can take place. In this section, we try-to-estimate-quantify the impact of melting

by comparing the data from five successive drone ﬁight—mﬁﬁ@ﬂ&—whef&m hts. This allows to estimate the temporal evolution
of the HSDeet

Figure 13 illustrates the shape evolution of two prominent hailstones during the melting process. Due to slight deviations in the
derived orthophotos and the melting process itself, the location of the the center hail pixel due-to-the-melting-and-differences

and leads to misalignments for an individual hailstone across the successive flights. Therefore, we only use a subset of the

orthophotos and select the area within the soccer center circle which can be unambiguously identified.
W&hﬂﬁd}u&%@—yﬂf&%@%&—ﬂa&The area of the soccer center circle (263 m2) is well defined and-reaches—263with

a radius of 9.15+

between the first and the last drone flight, the number of hailstones is-roughlyreduced-decreased by 64; % in-the-soccereenter
etrete-ts—(see Table 2)from-the-firstto-thefifth-hatl-survey. The evolution of the Kernel-density-estimation-foratHive- orthophete
wmwmmmwmmmwwmm

is shown in Fig. 14. F

eertain-plateaus-in-the-different-colored-distributions;-A clear shift of the peak and the upper tail to smaller major axis lengths
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Table 2. Time slots in UTC, when the aerial pictures of the soccer center circle (263 m?) were captured for the five drone mapping flights.

307273-268and-271—From the first to the last orthophoto 1119 s (18 min, 39 s) passed—Thelast-column-gives-thenumber-of-hailstones
deteeted-within-the soecer-eenter eirele for each-of the-five-erthepheteselapsed.

Capture series ~ Start [UT'C]  Stop [UT'C]  Capture interval [s] =~ Ne-hailNumber of hailstones

1 14:37:59 14:41:19 200 3925
2 14:43:06 14:46:25 199 3077
3 14:47:39 14:50:59 200 2511
4 14:52:07 14:55:27 200 1962
5 14:56:38 14:59:56 198 1411

can be observed. The shift of the plateaus on the upper tail indicate meltlng rates in the order of fﬂﬁgﬂﬁ&de—ef—@—&eaﬂ—be

difference between %M&Wm%%tmm
flight, we infer that the initial size of the largest captured hailstone (39 mm) s-an-initial-size-of rounded-was 44 mmeould-be

e*peeted—whielﬁs—e}eseﬁe{hefesu}%eﬁMESH&éé% Most crowdsourced reports in the Vlclnlty of the soccer field indicated
sizes of-a-5from 30 eoin-(~3mm to 50 -
field¢s:mm and the MESHS estimate was 63 mm (see Fig. 2(b)). Immediate-on-site-measurements-On site measurements by
the storm chasers during the hail event revealed maximal-hail-diameters-between<4-and-5maximum hail dimensions between

40 and 50 mm as well.

4 Discussion

Hail-forms-through-A major challenge for drone-based photogrammetry of hail is related to the appearance of the hail within
an orthophoto. The hailstones need to show distinct differences from the background. This is not always the case as hail is
formed by a combination of dry and wet growth processes, which can lead to varying densities and appearances in the ice.
Dry growth resutis-in-bubbles-and-irregutaritiestn-thetee-produces high densities of microscopic air bubbles that scatter light,
while wet growth causes liquid to soak into gaps and form-a-clearer-and-higher-density-accretes on top of existing outer ice to

form clearer ice. Hailstones can alternate-between-these-growth-grow in both regimes, leading to alternating layers of cloudy
and clear ice (Allen et al., 2020; Kumjian and Lombardo, 2020; Brook et al., 2021). Fer-the-detection-and-size-estimation-of
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hail-stones-in-image-data;thesefacts-are-of relevaneeThus, for hailstones with high transparency the approach used here might

T-afirst-step;a-pure First, a simple computer vision approach witheutthe-tise-of neural-networks(without neural networks)
was tested to extract the binary-segmentation hail masks. The approach was based on lightness thresholds, morphological
transformations and watershed algorithms (Najman and Schmitt, 1994) for image segmentation within OpenCV (Bradski,

2000). The success and reliability of this approach highly depended on the visual appearance of the hailstones. For larger sizes

es-hail exhibiting distinct lightness difference compared
mt&mmﬁwmm@mmmmg 10)the-method
produced-very-poorresultslike-, the CV-based edge detection (s=see Sect. 1 and 5) —Iteould-be-different-with-the-appearanee-of
on the ground, where-atgorithms-based-on—watershed-watershed algorithms could retrieve more reliable information;-but-this
needs-to-be-tested.
In-a-second-step-Second, a deep-learning model (Mask R-CNN) was tested. By-now;-the-training-of-this-medel-consisted
of-onty-We used one single hail class —Performanece-wiseit-might-be-worth-to-checkif-an-inclusion-of-different-to_train the
model. Additional hail size classes ear-might improve the hail predictions and mask shapes. For-astmpte-check—wepropose

hefor-instanee—at-In particular, a distinction between damaging and non-damaging hail with a threshold of 20 mm —where

VQMWM

study

Sphitting-Another technical challenge arises from splitting the orthophoto into many-smaller image tiles ean-produce-artificially

eropped-hailstones—To-aveid-thisissuer-which can result in truncated hailstones. This can be overcome by producing overlap-
ping tiles by the maximalmaximum length of the largest observed hallstoneafeﬂﬂe—pessrb&&y as implemented by Soderholm

et al. (2020). However

Wthe correct-major-axistength—image tiles cover large areas (500 x 500 pixels), it is safe to assume that the

number of truncated hailstones is very low. Other sources of errors such as false positive detections or missed hailstones likel
lay a more important role.




605

usually have an oblate spheroid shape with mean axis ratios close to 0.8, though they can sometimes have large protuberances

Knight, 1986) and the probability for nonspherical shapes rises with increasing maximum dimension (Shedd et al., 2021). Asa

D

consequence the hail aspect ratio decreases for larger sizes as shown in the various studied data sets (Knight, 1986; Soderholm et al., 2020; ¢
- Figure 6 in Shedd et al. (2021) compares their recent results on the evolution of aspect ratios with maximum hail sizes from
610 manually measured hailstones to the results of Knight (1986). The slopes of the decreasing aspect ratios are comparable,
but the absolute values tend to be lower in the hail data set of Shedd et al. (2021), reflecting possible effects by meltin
before the measurements were taken. Likewise with hailpads, the shape factor in the image plane can be determined with
the aerial drone-based hail photogrammetry, but the estimated aspect ratios (Fig. 11(b)) may differ from in-situ measurements

as published in e.g. Knight (1986); Shedd et al. (2021). The hail images show only the projected maximum and minimum axes

615  which may differ to the true stone axis ratios.
Afew studies exist; that exptore the-Another limitation of the drone-based photogrammetry is that melting already affects the
hail before the data can be collected. The effect of melting hail in the air from-was studied by Kumjian and Ryzhkov (2008)
using polarimetric radar measurements (?Kumijian-and-Ryzhkov;2008)-or-models(Fraile-et-al-2003)—and numerical model
investigations were performed by Fraile et al. (2003). Other studies by Rasmussen and Pruppacher (1982) and Rasmussen and Heymsfield
620 have explored the melting of spherical ice particles falling at terminal velocity. They found that the melting rate depends on the
initial size of the spheres size and the surroundings, including temperature, humidity, turbulence, and how meltwater is shed.
The hailstones in our case are already on the ground, so they experience different environmental conditions compared to when
they are falling through the atmosphere. We have not measured these specific conditions for each hailstone, so we cannot make

any conclusions about how the melting rate relates to their initial size.
625 To our knowledge there are no studies ;-that analyze the melting of a large sample size of real-hail on the groundafter-the

HSB-Hewever. We here provide a first estimate about the melting process of hail on the ground. More in-depth investigations
would be needed to retrieve more accurate results, maybe also in relation to initial hail sizes and environmental conditions
like ground temperature and occurrence of rain before, during and after the hail eventean-stronghy-impact-the-meltingrate-and

630
Beeaﬂse—meﬂie}tmgfa{&wﬂ}%&depeﬁdeﬂ&eﬁln Table 3 temperature and relative humidity ;-seme-measurements-of-these
for two SwissMetNet (SMN) weather
stations (Schiipfheim and Langnau i.E.) WMWWWW
in a distance of 5.7km (Schupfhe1m) and 20 km (Langnau i.E. )
635

event-are-present—Preeipitation—-measurements—to the soccer field. Unfortunately, no in-situ measurements are available for
this event, Closest precipitation measurements from an automatic rain gauge (Station: Entlebuch) are available at a distance
of 670 m to the east. There;an-automaticrain-gauge(Station-Entlebuch)recorded-9.1 mm were recorded between 14:30 and
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Table 3. Measurements of temperature at 2m (7%.,), 5cm (I5¢m), ground-level (Toerm) and relative humidity at 2m (RHo.,) from the

SwissMetNet (SMN) weather station in Langnau i.E. (744 m a.s.l.) and measurements 75, and RH2,, from the SMN weather station in
Schiipfheim (744 m a.s.1.) —Fhe-temporal-period-is-between+4:00-and-15:30-0n 2021-06-20-with-a-reselution-of+0-20 June 2021,

Time \ 14:00 \ 14:10 \ 14:20 \ 14:30 \ 14:40 \ 14:50 \ 15:00 \ 15:10 \ 15:20 \ 15:30 \
Top (Schiipfheim) 235 234 231 210 193 203 194 184 184 186
RHs,, (Schiipfheim) 669  67.5 692 779 860 8.1 877 892 904 905

T, (Langnau i.E.) 234 229 18.9 18.4 18.1 18.4 18.4 18.4 18.7 19.1
Tscm (Langnau i.E.) 22.0 21.5 17.9 17.4 17.4 17.2 16.9 18.0 19.8 21.6
Tocm (Langnau i.E.) 21.8 21.3 18.1 17.4 17.5 17.3 17.1 18.1 20.2 21.9
RHj,, (Langnaui.E.) 71.1 75.7 93.9 96.5 99.2 93.7 90.8 94.9 96.9 92.7

14:40 UTC and 0.2 mm in the subsequent 10 minutes. ?hewe%yhgh&preerp&&&m%eemie%eiﬂ—m&%&ke}evaﬁ&e—mﬂw

round was exposed to strong rain, what might effect the melting rate. At the same time temperatures close to the ground
decreased by about 4.5 °C between 14:00 UTC and 14:30 UTC, after the supercell passed the SMN station Langnau i.E. SMN

weatherstation—For-which is assumed to be in a similar range for the soccer field. To better assess the melting process, future
drone-based hail surveys the

aee-should include a mobile
weather station or some ground temperature sensors at the hail-measurementlocation-to-record-more-aceurate-dataobservation

site.

5 Conclusions and outlook

Reliable ground truth data from hail observations are rare and of high value to the hail research community. This paper deseribes
the-assesses an application of aerial drone-based photogrammetry combined with a state-of-the-art deep-learning object detec-
tion model to retrieve the time-integrated-hail size distribution over a large survey-area. The abﬂﬁy%e—dﬁaiyzem

from a large survey area allows to capture a epresentative

distribution and can thus serve as a complementary source to existing ground-based measurementtechniques;-espeeiatty for
the-upper-tail-of the size distributionobservation networks such as automatic hail sensors and crowdsourced reports.

During a period in June 2021, when-exceptionally strong convective supercell-storms-occurred-asuceessful-datacollection
with-the-drone-tookplace—Onr-2021-06-20-storms occurred in Switzerland. On 20 June 2021 drone-based photogrammetric
data from-asporadictarge-hatt-fall-tno-ctustering)from-of a hail event related to a right-moving elassteat-supereel-conld-be
supercell was collected near Entlebuch (Canton Lucerne, Switzerland). Aerial-drone-imagery-of-the-hail-survey-area(750-on
Five successive drone-based photogrammetry flights were performed above a soccer field )-eould-be eaptured-infive subsequent
phetegrammetry-flight-misstens-between 14:38 and 15:00 UT C. Wepresented-our-approach-toretrieve-the-hailsize- distribution
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using-a-A deep learnlng instance segmentatlon model (Mask R-CNN) under the Detectron2 framework —A-breaderpart-of-the

was trained to automatically retrieve the hail size distribution.
A-short-summary-of-the-The key results and conclusions of-the-presented-workts-are listed below:

— A robust retrieval of a HSD based on a-peputation-size-of-18209 hail-stones-hailstones on an area of 750 m? from a
single hail event with a duration of about 9.5 minutes en-202+-06-20-was-earried-outis presented. The median hailstone
i i i i i ~the majority of hailstones had projected

size was 9 mm and

aspect ratios close to 1.

— The largest hail-stone-reached-hailstone was 39 mm and is substantially larger than impaets-on-the-closest-hail-sensorsat
distanees-between-300-and1470-from-the-soecer-fieldestimates retrieved from close-by automatic hail sensors.

— A combination of hail data from different applieations-sources (drone, sensor-and-erowdsourced-)-that-observe-the-same

hail-fall-automatic hail sensors and crowdsourced reports) to observe hail on the ground improves the reconstruction of
the complete HSD

the-data—alse—to—and allows to assess the limitations of each method. Furthermore, such ground truth data can help to
verify and further develop radar-based hail productsestimations.

a-The analysis of virtual hail sensors placed
in the photogrammetric data highlights the challenge to observe a representative sample of the HSD using a device with
an area (0.21 m?) much smaller than a typical hail swath.

— The deeay—gyglvm of the HSD caused by meltlng could be monitored during—+8-5for a period of 18.65 min by
analysing data from multiple drone

1

were-could be estimated.

flights. A melting rate in the order of 0.5 mm min~—

Radar-based hail algorithms estimating.
the size of hail, such as MESHS, need ground-based measurements for verification and potential improvements. Drone-based
photogrammetry can cover areas closer to the radar spatial resolution, which makes this approach particularly valuable for the
verification of radar products.

The comparison of drone-based photogrammetry with automatic hail sensors allowed to highlight the advantages and
limitations of both approaches in measuring hail (see a summary in Table 4). We here want to highlight that the clustering
problem refers to many hailstones that aggregate on the ground next to each other. This predominantly occurs during hail events
with dominating small hail and intense precipitation. The resulting hail clusters pose a problem to the algorithm to differentiate
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between individual hailstones. An equivalent problem within the automatic hail sensor data is related to the dead time after

each hail impact. The dead time is necessary to avoid any interference with subsequent impacts and to perform the retrieval of
the TR . ) .. .

Furthermore, by combining data from both approaches strongly improves the reconstruction of the complete HSD and could
further extend our understanding of hailstorms.
Drone-imagery-acquisition_Future drone-based acrial photogrammetry for hail could be improved ;-considering-thattow

v-by having an artificial light source.
Poor light conditions are a main challenge caused by the thunderstorm itself or if the hail occurs during twilight or night. The
light conditions determine the exposure time which limits the maximum flight velocity given-a-sub-pixel-motion-blureriterion-
i ight : w-to avoid any motion blur. A flash or additional light

s-, and thus a larger area can be covered. In
addition, the image quality can be improved by reducing the sensor gain (ISO) and the aperture sizeeould-beredueed-—

To further assess the hail size distribution of different storms, more observational data is crucial. However, as-deseribed-in

the-introduction(Seet—H)-the collection of drone-based areal-photography-is-a-time-consumingand-diffiealt-aerial photography
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Table 4. Schematic-list-of some-advantages-Advantages (greenbold font) and disadvantages (rednormal font) of the two hail observation
methods: Drone-based photogrammetry and automatic hail sensor.With-the—~«elustering-problem»—werefer-to-the-issue-when-too-many-hail

Drone-based photogrammetry | Automatic hail sensor
Sampling error tev-low high-high
Melting problems yes-yes #5-NO.
Exact time information f6-N0 yesyes
Probability to capture largest hailstones High-high tow-low
Daylight dependence yes-yes #5-NO
Operational application diffienttchallenging easyreasonable
Clustering problems high-high existing-buttovw-existing, but low
Size estimation direet-direct indireet-indirect

of hail is a time-consuming and challenging task. Therefore, it could be beneficial to set up a database-of-public database

730 of performed drone-based maps—for-hail-surveying-to-further-adapt-and-test-the-existing-algorithms—In-additienhail surveys

to enhance collaborations between different research groups on adaptation and testing of existing algorithms for various hail

events. Moreover, with the increasing usage-use of personal drones equipped with cameras, there could be a public community

that has-brings the basic requirements for such observations. It might thus be useful to provide the requirements-information

about how to collect adequate image data and use—it—collect such data in a crowdsourced approach similar to the existing

735 crowdsourced information—retrieval-reporting systems at weather services (e.g. German—Weather-Serviee-DWD-and-Federal
Office for Meteorology and Climatology MeteoSwiss )

or German Weather Service DWD). Another point to stimulate-in-futare-could-be-address are tests with artificial hail objects

of defined size enreal-backgroundssuch-as-short-mowed-meadowsclasses on different backgrounds. In this way several setups

ean-could be trained, tested and optimized: Save and-smooth-drone operation in various conditions, flight missions and camera

740 settings and precise comparison of the retrieved HSD to the known ground truth.
Data availability. The drone-based hail size data set of the 2021-06-20 event are available on request.
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Figure 1. Skew-T plot with hodograph analysis from the atmospheric radio sounding at the Payerne station (ID: 06610, 87 km WSW from
the soccer field) on 2021-06-20 12 UTC, produced with the MetPy software (May et al., 2023). The temperature and dew point profiles are

drawn in red and green. The shaded areas in red and blue mark the CAPE (Convective Available Potential Energy) and CIN (Convective

Inhibition). The seunding-is-characterized-by-a-meisthodograph display shows four layers: 0—1km (cyan), fairky-weh-mixed-tayerl-3 km
light blue), « et i - ; ;
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(a) TRT storm track on 2021-06-20 uTC (b) MESHS and crowdsourced reports
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Figure 2. Storm track (a) of the 2021-06-20 supercell with colored time information (5 min resolution of the scatter points) and the location
of the atmospheric radio sounding (magenta open circle with black cross inside) shown in Fig. 1. The storm location at the sounding time
(12UTC) is marked with the same edge color (magenta). The black rectangle in (a) marks the zoom area for plot (b), where information

on radar derived MESHS (Maximum Expected Severe Hail Size) and crowdsourced hail size reports (black and different sized circles for 6

size categories with bin centers at 2.5, 6.5, 23, 32, 43 and 68 mm

eoffee-bean; 1+ CHF-coin5CHF-coin-and-tennis-ball), are given. The location of the soccer field, where the drone-based hail survey took

place, is marked with a magenta cross. The white rectangle around the magenta cross in (b) marks the zoom area for the detailed map view
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Map zoom on hail sensor and drone survey area locations
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Figure 3. The zoom area and detailed view for the marked rectangle around the white cross in Fig. 2(eb);—where-. It shows the detailed
locations of the soccer field (roughly centered to the map view, magenta-black cross), the 4 nearest automatic hail sensors (HS1, HS2, HS3

and HS4) and the crowdsourced hail size data (black and different sized circles)for-this-area—are-shown—The-histograms—in<{(d)-present-the
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Figure 4. Histograms of the recorded hail size distributions from the automatic hail sensors together with the daily maximum MESHS value
at the sensor locations (see Fig. 3). The recorded hail duration for the sensors are about 3 min (HS2), 16 min (HS3) and 13 min (HS4). The
color scheme follows the one from Fig. 3. The HS1 sensor did not record any hailstones, and is thus omitted here.
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from 116 individual aerial drone images with the OpenDroneMap (ODM) software package. The radius of the soccer middle circle is 9.15 m.
field in conjunction with one of the reference objects (black and white circles: 10 mm diameters; black and white squares: 75 mm side
lengths) to verify the ground sampling distance (GSD). In (c), the random selected distribution of training (light grey), validation
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Hyperparameter tuning
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Figure 6. Spaghetti-Line plots of the evolution of validation loss and total loss along the training iteration steps for the 16 deep-learning
model runs with different combinations of hyper-parameters shown in Table 1. The thick lines depict the training «ran-3»run-3, used for

prediction of hail pixels.
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(a) Validation data set 10 (b) Test data set
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Figure 7. Spaghetti plots of precision (blue), recall (red) and F'1 scores (black) against the hail confidence level for all 16 deep-learning
model runs applied to the validation data (a) and test data (b). The thick lines depict the training «ran-3»7un-3, used for prediction of hail

pixels. The green vertical line marks the 90 % hail confidence value, that has been chosen as the lower limit for the object classification.
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Figure 8. Histograms of IoU (Intersection over Union) ratios between model «tn-3»-run-3 prediction masks (hail confidence C; > 0.9) and
the validation data set (blue), respectively the test data set (green). The histogram area of the overlap between green and blue bars appears in
dark green color. Only true positive (7' P) matches, defined as IoU > 0.5, are shown. In the validation (test) data set 237 (198) hailstones are
classified as T'P.
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Comparison of hail size distributions with the test data set
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Figure 9. Comparison of four hail size distributions (HSDs)-from the test data set derived from manual annotations by three experts (A: blue,
B: red, C: yellow) and the prediction of the Mask R-CNN model (black). The total number of identified hailstones by the experts are 215
(A), 263 (B) and 269 (C). The CNN (Convolutional Neural Network) predicted 275 hail segmentation masks.
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Hail size distribution of the 2021-06-20 hail event. Hail count: 18209
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Figure 10. Logarithmic view of the time integrated hail size distribution of the 2021-06-20 event captured by the drone between 14:37:28
and 14:41:19 UTC. The total number of detected hailstones per each bin is shown with the number above each bar. All together 18209
hailstones were identified. The orange line represents the mean lightness value as digital number (DN) of all derived center hail pixels in the

HSL (Hue, Saturation, Lightness) color space for each hail size bin.
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Figure 11. Probability density distributions of the hail major axis (a) and the projected aspect ratio (b) between minor and major axis length

in_the image plane. The vertical blue and-oerange-dashed lines indicate the position of the particular i i uantiles with

respect to the twe—>X-axesmajor axis (Q5, Q25, Q50, Q75, Q95) and projected aspect ratio (Q5, Q25, Q50, Q60). The HSD in plot (a) is
additionally fitted against a gamma distribution (black dotted line).
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(a) KDE of HSDs from 7817 virtual sensors (b) Distribution of largest hits (c) Distribution from number of hits
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Figure 12. Kernel density estimation (KDE) of HSDs (Hail Size Distributions) from virtuatty-and-randomptaced-simulated hail sensors at
random locations (a) on an area of 600 m? (red rectangle in Fig. 5(d)). From the 10000 virtual HSDs 7817 can be represented by a KDE
(gray curves), whereas the others do not have enough impacts. The quantiles of the sorted HSDs are shown as dashed blue (Q25), dashed
green (Q75) and solid red (Q50) red-curves. For comparison, the KDE as derived from the whole 600 m? area is overplotted in black. In
the center (b), the KDE distribution for the aggregation of the largest hailstone impact on each virtual sensor is shown. Additienalhy—~varieus
pereentite-Quantile markers (Q5, Q25, Q50, Q75, Q95) are drawn on top of the-plot (b) pletin dashed red vertical lines. On the right side
(c), the probability density for the total hits-impacts on each virtual sensor is shown as gray histogram, together with the registered number

of impacts of the four closest automatic hail sensors HS1 (cyan line), HS2 (blue line), HS3 (green line) and HS4 (red line).
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Figure 13. Two examples of hailstone size and mask shape development during the captured melting process on the ground. From left to
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right the sequential lightness images of two hailstones (row 1 and 2) extracted from the five orthophotos (soccer center circle) are shown.
In the images the Mask R-CNN segmentation masks are emphasized together with with the major and minor axis lengths indicated by the
minimal bounding boxes. The actual sizes (widthand-, heightin-mm) are given in the titles as well as the the time ¢, since first capture. During
the 1119 s these hailstone-hailstones shrink about 12 mm (upper row) and 7.5 mm (lower row) in their major axis length.
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KDE evolution due to melting
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Figure 14. Kernel density estimation (KDE) with-linear{(a)-and-logarithmie{(b)-y-axis-of the degrading hail size distributions due to melt-
ing processes on the ground. The initial hail sample size is 3925. The orthophoto area for the melting analysis is restricted to the soccer
center circle to ensure a correct comparison between the different generated orthophotos (Map-Flight 1-5). In total, five drone-based hail

photogrammetry surveys were carried out to seetre-capture the temporal data analysis. All the relevant time frames are listed in Table 2.
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