10

15

20

https://doi.org/10.5194/egusphere-2025-2818
Preprint. Discussion started: 7 July 2025 EG U
sphere

(© Author(s) 2025. CC BY 4.0 License.

Semi-supervised machine-learning method for analyzing images
from the Balloon-borne Ice Cloud particle Imager B-ICI

Janos Stenszky' and Thomas Kuhn'
'Luled University of Technology, Department of Computer Science, Electrical and Space Engineering

Correspondence: Janos Stenszky (janos.stenszky @ltu.se)

Abstract.

Machine learning (ML) has emerged as a promising approach for image analysis, particularly for applications involving
specialized or niche datasets. Different imaging techniques result in varying image characteristics and quality. ML techniques
that have been previously employed to analyze ice crystals had to be developed for each instrument and imaging technique.

The Balloon-borne Ice Cloud particle Imager (B-ICI) collects and images ice particles on a film strip as it ascends through
the atmosphere, producing images of ice particles on a background revealing features of the film and its oil coating. To process
these raw data obtained from B-ICI, two distinct ML models were developed and trained. The first is a segmentation model,
designed to identify ice crystals while filtering out other objects on the image. The second is a shape classification model,
which assigns the detected particles to one of four predefined categories. An intermediate step between these two models
enables users to visually inspect and, if necessary, correct the segmentation output. This approach facilitates the fine-tuning of
the segmentation, allowing for adjustments to model parameters as needed.

In this paper, we present these trained models and explain the validation efforts undertaken to demonstrate their applicability
for analyzing data obtained from B-ICI. Comparing the model’s performance with manually analyzed new data quantifies the

performance of the model. The results of this comparison shows good agreement, in particular for Z 50um.

1 Introduction

Measuring cloud properties provides valuable insight into both large scale climate-effect and local processes occurring within
clouds. This can be accomplished through in-situ imaging techniques. This measurement of cloud particles offers the advantage
of directly extracting microphysical properties, such as particle size and shape. The advantage of this measurement approach
is the ability to obtain particle-by-particle data.

Traditionally, image analysis has been performed manually—a process that is both time-consuming and labor-intensive. To
accelerate and improve data analysis, techniques that rely more on computational methods and automation are necessary. With
recent advancements in computer science, machine learning (ML) approaches have been applied to extract particle information
from cloud measurements. Over the past decade several studies have shown that ML can be applied to particle-detection and

classification in the field of atmospheric science.
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Xiao et al. (2019) developed a custom model to classify cloud particles into 11 distinct categories, using data collected
by a Cloud Particle Imager (CPI) mounted on an aircraft. Building on this work, Wu et al. (2020) created a model to detect
and classify particles from their own measurements, recorded using a commercially available Cloud Imaging Probe from
Droplet Measurement Technologies (DMT). Jaffeux et al. (2022) trained machine learning models to identify and classify ice
crystals imaged by two different optical array probes. Their results demonstrated that, with sufficient training data, machine
learning models can achieve reliable classification performance. Touloupas et al. (2020) investigated the classification of cloud
particles using data obtained from stationary holographic imaging probes. In Antarctica, a flatbed scanner system was installed
to monitor precipitation. Using data from this setup, Guasta (2022) developed a neural network for the automated analysis of
snow crystals, structuring the process into two sequential steps: image segmentation followed by classification of the detected
particles. Axebrink (2021) developed a neural network, as part of a master’s thesis, to analyze snow crystals captured by the
Dual Ice Crystal Imager (D-ICI) (Kuhn and Vizquez-Martin, 2020). Additionally, Hicks and Notaro§ (2019) and Key et al.
(2021) created models to analyze particles recorded by a Multi-Angle Snowflake Camera (Garrett et al., 2012).

Although the use of ML for identifying and classifying ice particles on image data has attracted considerable scientific
interest over the past decade, a universal model applicable across different instruments has yet to be developed. The literature
demonstrates a variety of approaches to constructing ML models; however, it is important to recognize that the performance
and applicability of these models are highly dependent on the source of the crystal imagery.

There are several fundamentally different methods for sampling and imaging ice particles. One approach involves collecting
ice particles and capturing images of them aboard an aircraft (Hobbs et al., 1973) or using a slow-ascent balloon platform
(Kuhn and Heymsfield, 2016). Ramelli et al. (2020) employed a holographic ice particle imager on a tethered, while Chambers
et al. (2024) utilized a similar holographic imaging system on an untethered balloon. Instruments such as the Cloud Particle
Imager (CPI), which are typically mounted on aircraft, also provide detailed imagery of individual particles (Connolly et al.,
2007).

Data processing and consequent development of ML algorithm has to be done for that specific dataset. For example, Wolf
et al. (2019) utilized data obtained from a balloon-borne instrument, while Grulich et al. (2021) employed a combination of
aircraft and balloon-based measurements. Xiao et al. (2019) and Wu et al. (2020) used airborne cloud particle imagers mounted
on aircraft, whereas Touloupas et al. (2020) based their work on data from a stationary holographic imager. At present, the
variation in image quality between these instruments is significant enough that each setup requires a dedicated ML model
trained specifically on its own data.

In this paper the process is described how to implement these ML models. In chapter 2 the source of the data is explained,
with the description of the resulting images from the B-ICI instrument. In chapter 3 we give a brief introduction of machine
learning applied on image analysis, the description of the training process of the segmentation and the classification model. In

chapter 4 the results are shown in a yet-to be processed measurement dataset.



60

65

70

https://doi.org/10.5194/egusphere-2025-2818
Preprint. Discussion started: 7 July 2025 G
© Author(s) 2025. CC BY 4.0 License. E U Sp here

Figure 1. B-ICI in its current state. The location of the inlet (A), the camera (B) and the routing of the collecting film strip (C) can be seen

in the figure.

2 B-ICI
2.1 The instrument

The data for this study was collected using the Balloon-borne Ice Crystal Imager (B-ICI), an instrument developed at Luleé
University of Technology, described by Kuhn and Heymsfield (2016). B-ICI is equipped with a magnifying lens and a digital
camera, capturing high-resolution images of cloud particles as it ascend through the troposphere The CCD sensor has a resolu-
tion of 1280 x 960 pixels, and the current system achieves an optical resolution of approximately 4 pm Kuhn and Heymsfield
(2016).

The instrument features an inlet (approximately 31 mm long), as shown in Figure 1, through which it collects cloud particles.
Once particles enter the inlet, they are deposited onto the section of a film strip exposed below the inlet opening. The film is
coated with silicone-oil in order to facilitate the collection of the particles. This film moves slowly and continuously within the
instrument, with only a small section exposed to the inlet at any given time. The advancing film moves collected particles into
the field of view of the camera where images are taken every second. The short distance of 31 mm between inlet and camera
ensures that particles do not change between deposition and imaging.

This instrument is taking high quality images of ice particles while it ascends through the cloud. It has a collection efficiency
of approximately 50% at 12um and 80% at 25um Kuhn and Heymsfield (2016). With its pixel resolution of 1.65um/pixel
particles bigger than 10um can be detected, and the shape can be determined on particles larger than 20um.



75

80

85

https://doi.org/10.5194/egusphere-2025-2818
Preprint. Discussion started: 7 July 2025
(© Author(s) 2025. CC BY 4.0 License.

EGUsphere\

Image Grid with Dimensions in um

1584.0 1584.0

1267.2 1267.2

e
950.4 L> T 950.4
Y&z =

633.6 633.6

316.8 < 316.8
» - 55

0.0 8 0.0
0.0 422.4 844.8  1267.2 1689.6  2112.0 0.0

1267.2

4224 844.8 1689.6  2112.0

1584.0

1584.0

1267.2 1267.2

b | e e

633.6 633.6

[ 316.8 ®
S 9

-
1689.6

950.4

316.8

0.0

0.0
0.0 422.4 844.8  1267.2 2112.0 0.0 422.4 8448 12672  1689.6  2112.0

Figure 2. Example images recorded by the B-ICI where the crystals can be easily identified (panels a-d). When the particles are relatively

small or the oil coating thicker, the particles sink into the oil, resulting in less clear edges and disturbing contrast around the particles (d).

2.2 Image data

Measurements have been performed on numerous occasions since 2013. Cirrus-cloud regions are identified based on supple-
mental radiosonde measurements as well as from visual inspection of the data as regions where only ice particles are captured.
From these cirrus-cloud regions, 4090 images recorded between 2013 and 2018 have been selected with various numbers of
cirrus-cloud particles on it. These images have previously been analyzed manually (Wolf et al., 2018, 2019). and are used here
as the training dataset (see Sect. 3.2). Figure 2 presents example images of ice crystals recorded by the instrument.

Due to the instrument’s method, it may capture objects that are not ice particles such as dust, fibers, or scratches. Examples
of these undesired objects are shown in Figure 3. Such non-particle objects on the images pose challenges for automated
image analysis not using ML and result effectively in a non-uniform background. This, combined with changing contrast
around particles that sink into the oil coating, makes classical approach of edge detection inefficient (Wolf, 2019). Prior to
implementation of ML methods, there was no reliable way to confidently identify and exclude non-ice particles from the
analysis.

Even though the background, faults, and extra objects vary in each image, their characteristics remain consistent across the
dataset. While not identical, these recurring patterns of variation exhibit enough regularity to allow the development of machine

learning models capable of identifying and distinguishing ice crystals from these background artifacts.
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Figure 3. Example B-ICI images with non-particle objects and film defects. One can see imperfections and dirt on the film (panels a, b, c),
edges from holes in the film (panels a, b, ¢, d) and fibers (panel d). Just as with ice crystals, these extra features appear with a variety of

patterns, shapes, and sizes; generally however, they are consistently different from ice crystals.

3 Description of the machine learning models

The nature of the problem suggests to separate the image processing into two models, one that segments the images to identify
ice particles and the other that classifies the ice particles. A segmentation model has been developed to generate binary mask
images, showing where the ice particles are, suitable for confident edge detection. This model analyzes the images and identifies
patterns based on the training dataset. It detects ice particles while disregarding other irrelevant features on the images. A
classification model has also been created in order to classify the particles according to their shape. This model evaluates each
individual particle and assigns it to one of a number of predefined shape categories, as established in the training dataset. Both

models have been specifically developed to analyze data from the B-ICI instrument, as previously described.

3.1 Overwiev of ML model training

Both models use a Convolutional Neural Network (CNN), which is a type of ML that automatically learns the features and
patterns on a training dataset. It is using so-called convolutional layers that are detecting local features of an input image.
To facilitate efficient processing, images are resized, allowing the computer to analyze them more effectively. A reduced

image size increases the processing speed and therefore reduces the computational capacity at the expense of reducing the
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details of the features. To extract these features, a so-called kernel size is used that is defined as a group of neighboring pixels.
The smaller this kernel, the faster the process is with the trade-off that it can overlook more features. The main challenge of the
training process is to find balanced image and kernel size, where the training can be the fastest without loosing information.

Upon receiving an input image, the CNN applies a series of filtering layers to extract relevant features. With filtering one
can extract edges of features from an image based on the statistical specification of the training dataset.

The output of each convolutional layer is a two-dimensional matrix representing the activated groups of pixels, commonly
referred to as a feature map. The CNN processes this matrix by evaluating each pixel along with its neighboring pixels,
assigning values to local pixel groups.

This operation is performed sequentially, scanning from left to right and top to bottom. The resulting feature map is then
passed on as input to the subsequent layer. This process continues through multiple layers, with each layer reducing the spatial
dimensions and simplifying the representation. The number of layers is tested for the best performance on the dataset.

The output of the model corresponds to the number of desired classes. In the case of segmentation, the output consists of
two classes: 1 for particle and 0 for non-particle. For classification, the output consists of four classes, one for each predefined
category. With each successive layer, the data is abstracted further until the network produces a final output.

Training the model involves using a labeled dataset in which the correct outputs are known — in this case, binary images
containing the silhouettes of previously identified particles. The dataset is divided into an 80/20 split: 80% of the data is used
for training, while the remaining 20% is reserved for validation.

The source images can be augmented in order to increase the population that can be used in the training process. Image aug-
mentation techniques included horizontal flipping, rotation, zooming, translation, and adjustments to contrast and brightness.
With this technique one can generate additional training data. The more images there is the more accurate the model will be.

One complete pass of all training-images through the aforementioned process is referred to as an epoch. At the end of each
epoch, the model’s performance is evaluated on the validation set by comparing the predicted results with the actual truth. This
evaluation is typically conducted using standard performance metrics, accuracy, precision, recall and loss.

The unit that the model is handling here referred as data-point. It is a pixel in case of the segmentation model and a particle
for the classification model. Each data-point is assigned a category, particle or non-particle for the segmentation and one of
the four shapes for the classification. Consequently, all predictions are divided into the four groups: true positives (data-points
that have been correctly predicted, or 1" P); true negatives (correctly identified as not belonging to the category, or T'N); false
positives (wrongly predicted data-points, or F'P); false negatives (wrongly predicted as not belonging to the category, or F'N).

Accuracy is defined as the ratio of the correct predictions to all predictions:

Accuracy = TP+TN (1)
Y“TP+FP+TN+FN

Precision tells the reader how much of the data is classified correctly. It is the ratio of correctly classified actual positives to

all actual positives, specifies how many of the data-point predictions are actually true. Thus, it is the ratio of correctly predicted
data-points to all predicted data-points,
TP

Precision — . 2
recision TP+ FP 2)
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Recall measures that how many of the data-points have not missed identification. It is defined as the correctly classified true
positives to all that classified as positives, specifies how many of the actual particles have been predicted correctly. It is the

ratio of correctly predicted data-points to all actual data-points,

TP
Recall = m (3)

The loss function is described for the segmentation and classification model separately. In summary, a higher loss value
indicates poorer model performance. For the segmentation model, it corresponds to fewer correctly identified objects, while
for the classification model, it reflects a higher rate of crystal shape misclassification.

The training of CNN process is executed over multiple epochs. The number of these epochs can either be predefined or a stop
criterion can be applied to terminate the process. The criterion is based on comparing performance parameters over a certain
number of epochs, the so-called patience interval. If performance does not improve within the patience interval the process is
stopped. It is called early stopping.

The ML models were implemented using TensorFlow, an open-source platform designed for developing machine learning al-
gorithms Abadi et al. (2016). TensorFlow offers a flexible framework for constructing and training neural networks. It supports
the use of pre-trained models—such as ResNet, VGGNet, and AlexNet—in a modular, "plug-and-play" manner. Several other
studies have evaluated and used these pre-trained models for ice-crystal detection and classification. Xiao et al. (2019) found
that Resnet152 works the best for their dataset. Wu et al. (2020) compared 8 models, with their finding that EfficientNet-B6 has
the best performance. Zhang et al. (2024) used Resnet50 for their rotated object detection model. These different pre-trained
models do not replace the training process on a specific dataset; rather, they serve as a foundation into which data can be
integrated and training parameters can be adjusted. A wide variety of such models are available, each differing in how they per-
form pixel-wise calculations, handle residuals, and manage internal data flows. Through repetitive testing, the best performing
pre-trained model on the B-ICI data was found to be EfficientNet-B7. This conclusion is consistent with the results reported
by Tan and Le (2019), although their work was not focused on atmospheric science and cloud particles. Both the segmentation

and classification model presented in this paper are using the EfficientNet-B7 pre-trained model.
3.2 Training of the segmentation model

B-ICI mages previously obtained between 2013 and 2018 and analyzed manually have been used to train the initial model. All
together there are 4090 images with various amountof crystals detected on it. Examples of the original and the corresponding
mask-images indicating where particles were identified manually are shown in Figure 4.

For the segmentation the Tversky-loss function was used to measure the loss. It allows the ratio of precision and recall to be

adjusted in order to accommodate the dataset (Salehi et al., 2017) This function can be defined as,

_ TP
TP+ FN+B3FP’

where [ is a weighing factor which can be used to fine-tune the performance of F'N and F P. Manipulating (3 allows the

Tl

“)

user to influence the fraction of F'P values.
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Figure 4. Examples of original and the corresponding masked image. The mask-image is created by hand, identifying the ice-crystals on the

image visually.

Equation 4 is used for balancing the image segmentation to find the accuracy that needed for the dataset Basically the model
can be adjusted to detect more or fewer objects, depending on the individual cases. After the initial training, 3 different models

were created based on 3 different (3 values:
1. A strict with high 3 model that identifies less objects,
2. A medium model where the sensitivity is balanced

3. A loose model with low [ that identifies more objects.

TensorFlow provides support for pre-trained CNN models, which can significantly accelerate the training process on new
datasets. Metrics for the initial segmentation model training are presented in Figure 5. The training goes for 50 epochs with
early stopping implemented. It can be seen that precision and recall fluctuate around 70 — 80% and 80 — 85%, respectively.
The loss values fluctuate around 30%.

Once the model is trained in the original training dataset, it can be evaluated on new data that was not part of the training
dataset. Doing so it produces a mask image of this fresh data, which can be visually inspected and accepted if the segmentation
performance is satisfactory. These mask images produced by the model are similar to the manually analyzed images shown in
Figure 4. Since unprocessed data from 2018-2023 are available, these can be used to gradually evaluate the various models
with different 3 values and to augment the original dataset of 4090 images with the accepted results, extending the training
dataset with each step on the way. This process is shown in Figure 6.

After applying all three models to the new dataset and selecting the correct original-mask image pairs, the accepted images
can be incorporated into the training dataset. Using this method, new improved versions of the models can be trained, and the

process can be repeated on images where the model previously performed poorly.
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Figure 5. Training of the initial segmentation model on the previously analyzed dataset.

This semi-supervised learning approach allows systematic errors—arising from limitations in the instrument—to be filtered
out by user intervention. The user decides whether to accept the generated segmentation and add it to the training set. If too
few or too many particle edges are detected, a stricter or more permissive model can be selected to find one that identifies all
the particles on the image.

Once a satisfactory mask image is obtained, the original image and the corresponding mask are added to the training dataset,
extending it for the next generation of model training. Moreover, this method improves the model incrementally without the
need for the tedious manual identification of each particle.

The images of the individual particles found by this segmentation are used as input in the classification model on the next

step, while the dimensions of the identified objects are collected to a database.
3.3 Training of the classification model

Similarly to the segmentation model, classification of the particles has been done by a model trained specifically for classifying
the individual particles. This model is using the ice crystals identified by the segmentation model as an input.

In this study, to enable comparison with previous measurements of the same instrument as described by Wolf et al. (2018),
four categories were selected: columns, compacts, rosettes, and plates. Examples of these categories are shown in Figure 7.

The Loss function is used in the classification model is called sparse categorical cross-entropy. it is defined as,

c
Loss = — Z(ytrue log ypred)v

i=1

&)

where C is the number of possible categories and y is the category of each particle. This equation the logarithm ensures that

misclassified values have a high penalty (Mao et al., 2023).
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Figure 7. Sample image from the image categories. This shows the main characteristics of these four categories. Columns, compacts, plates

and rosettes has easily distinguished characteristics.

Approximately 250 images were available for each category for training. An 80/20 split was applied between the training
and validation datasets.

The classification model evaluates individual particles and assigns the probability that each particle belongs to a given cat-
egory. Similar to the segmentation model, the classification model also utilizes the pretrained EfficientNet-B7 architecture.
Training was conducted over 20 epochs with early stopping implemented, resulting in high confidence in the model’s perfor-
mance, as illustrated in Figure 8. After around 10 epoch the accuracy of the training plateaus out, and then the model gets
over-fitted, meaning that the training reached its best state and additional training only makes it worse. At the same time it can
be seen that the validation loss value reached its minimum. In this case, the best performing epoch based on validation [oss
is epoch number 6. After that epoch, the training continued for another 10 epochs, the value set as patience interval. Since the
performance did not improve in this interval, the weights from epoch nr 6 is loaded and saved for the model.

In addition to standard evaluation metrics such as accuracy and precision, a confusion matrix provides insight into the
model’s performance in classifying individual objects. It is generated from the model’s predictions (on the validation dataset)
by comparing the predicted categories with the reference (ground truth) categories. The resulting confusion matrix is shown
in Figure 9. It highlights the general tendencies of the model, indicating which categories are classified with high confidence
and which are more prone to misclassification. It shows a strong agreement within the predicted and reference categories, with

the lowest confidence of 85%. Besides the agreements, it also tells the reader that what categories are the most likely to be

11



220

225

230

235

https://doi.org/10.5194/egusphere-2025-2818
Preprint. Discussion started: 7 July 2025 G
© Author(s) 2025. CC BY 4.0 License. E U Sp here

Accuracy
0.95 A
0.90 /\\—'/\/——/
0.85 4
0.80 1
0.754
0.70
0.65
0.60 1 —— Training Accuracy
Validation Accuracy

0.55

0 2 4 6 8 10 12 14 16

Loss

—— Training Loss
Validation Loss
0.8

0.6 1

0.4 4

02 %
6

10 12 14 16

eposchs

Figure 8. Training from the classification model. The upper figure shows the accuracy while the bottom shows the loss values throughout

the iterations.

mixed, based on the training-dataset. For example, 8% of rosettes are miscategorized as compacts as well as 5% of plates were
identified as compacts as well. This shows us that this model has a tendency to show a higher ratio of compacts than someone
visually evaluating would do.

This classification model can be continuously extended with newly labeled data to increase the volume of training data
for model development. Additionally, if new particle categories are to be included, the model can be expanded and retrained,
assuming a roughly equal number of training examples is available for each category. The model’s performance degrades
significantly when images from other instruments are introduced, due to variations in image quality across instruments. Subtle
visual differences—such as edge sharpness—have a substantial impact on classification performance. For this reason, only
particles imaged by the B-ICI instrument were used for training, despite the availability of several open-access databases. This
necessitated the development of a dedicated classification model tailored to this specific instrument, which is presented in this
paper.

The resulting models are sequentially used on the new data, as it is shown in Figure 6. First the segmentation model is run
on the original images, then the classification model categorizing each individual particles larger than 20um, the size limit of
B-ICL

On the detected and categorized particle the maximum dimension is measured to approximate the size of the particles. It

is defined as the diameter of the smallest circle that encloses the particle.

12
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Figure 9. Confusion matrix of the classification model. The resulting output is compared to the reference dataset to see how the model

performs.

Class category is produced by the classification model. The model gives a probability score for each category showing the

probability that the given particle belongs to that category. The category with the highest score is assigned to the particle.

4 Model Performance

Direct comparison of ML with manual analysis allows us to evaluate the performance of the model on unprocessed data. In

240 this section the output of the segmentation and the classification model is compared with a hand-analyzed dataset.
For this purpose, measurements from a campaign on 2024-03-20 were analyzed both manually and using the machine
learning model. Altogether around 200 particles were identified in this measurement. This dataset has been analyzed manually,

and was not included in the training of the models.

13
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Figure 10. Correlate the hand and ML analyzed dataset. The red line is a plotted 1:1 ratio.

Individual particles’ properties determined through manual analysis or from ML segmentation can be compared using simple
correlation analysis. Figure 10 shows a strong correlation between the particle size and area identified manually and those
identified by the machine learning model. This suggests that the particles detected by both methods are comparable in terms of
size and area.

The size distribution from manually detecting particles and the distribution resulting from ML segmentation are shown in
Figure 11. Size distributions are shown as the probability density functions. Log-normal fits are shown for each size distribu-
tion. The fitted curves are compared in Figure 11 panels c and d to identify the size ranges where the largest discrepancies
occur. The results show good agreement between the two methods for particles larger than approximately 100um. The greatest
differences are observed in the smaller size ranges. The comparison show that the fit to machine learning size distribution
predicts approximately 10% more particles in the 40-100um range, while predicting about 50% fewer particles in the 20-40um
range. This discrepancy is understandable, as distinguishing ice particles from dust or other contaminants becomes increasingly
difficult near the resolution limits of the instrument. In the larger size range (above 100um), the observed differences can be
attributed to the relatively low number of particles; in such cases, each individual particle has a greater influence on the overall
distribution compared to the more populated smaller size ranges.

To characterize the discrepancies introduced by the machine learning model in the size distribution, one can compare the
two size distributions directly, as can be seen in Figure 12. Thus, the differences between the ML values of the size distribution
and the ground truth are evaluated for each size bin by comparing to the uncertainty bounds of the manually analyzed data.
These bounds, indicated as uncertainty ranges in Figure 12, are based on simple statistical sampling error. The results show that

the model’s size distribution falls within or is very close to the uncertainty bounds of the manually analyzed data. Therefore,
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no significant or systematic error is introduced by the model in all but the smallest sizes. In fact, in this comparison, the only

size bin where the model seems to underpredict the size distribution is the 20-40um range. This could also be seen from the
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log-normal fits discussed above indicating the model’s increasing difficulty near the resolution limit of the instrument.
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Figure 13. Confusion matrix on the predicted dataset.

Similarly, a comparison has been done with the classification of the particles. Firstly, the shape of each particle has been
determined manually by the authors, then the confusion matrix was created that can be seen in Figure 13. The cross-referred
categories show strong agreement (g 80%) in all but the plate category, with some systematic misclassification. For example,
around 10% of rosettes were classified as compacts by ML. It should be noted that these particles are smaller than the average

270 size of those in the rosette category, highlighting the model’s sensitivity to particle size in relation to the accuracy of shape
classification. Similarly, around 5% of the particles were classified as columns instead of compacts. The most mismatched
category is plates, however during this measurement there were only few plates, thus one or two mismatched particles have a

large impact on the confusion matrix.
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5 Conclusions

It has been demonstrated that the ML models developed and trained on images from B-ICI enable processing future new data
with a level of automation that was not possible before.

A segmentation model to detect ice particles and a classification model to assign shape categories to the particles have been
trained on a dataset that was previously manually analyzed. The resulting models proved to be reliable for the dataset.

The segmentation model’s output, mask images, is further processed to determine particle properties such as maximum
dimension, area, and aspect ratio. Thus, the segmentation model enables automatic particle detection and determination of
particle properties. The classification model classifies the shape of the detected particles. Currently particles are classified into
four different categories: columns; compacts; plates, and rosettes. A limited number of shape categories that had been chosen in
previous studies with B-ICI data have been used here. In the future these can be changed and their number increased depending
on the need and the available dataset for training.

Comparison of the models’ segmentation and classification results with a hand-analyzed dataset—excluded from the train-
ing process—provides an intuitive performance assessment in addition to standard evaluation metrics. This comparison high-
lighted the accuracy, and weakness of the model.

While in general the models performed well, they seem to have a deteriorated performance for smaller particles getting
close to 20um, the limit of B-ICI for shape recognition. At these sizes it is very difficult to differentiate between particles and
other objects on an image. This increasing difficulty with the smallest particles has been observed in both the segmentation and
classification models. They are, however, more reliable for particles with sizes £ 50um.

Therefore, when using these models on datasets containing predominantly smaller particles close to a particle size of 20um,
one should use caution. The described models have, in particular for £ 50um, demonstrated good performance and great
potential. Through continuous re-training with new B-ICI measurements that are added to the training dataset after having
been processed in a semi-supervised way, the general accuracy increases making it easier to automatically process ice crystal

particles with each added new measurement.
Code availability. Code will be made available.
Data availability. Data will be made available at the Swedish National Data Service.
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