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Abstract
To meet the stringent dimensional tolerances required for lithium-enriched ceramic granules, the Karlsruhe Institute of 
Technology (KIT) has devised the KALOS (KArlsruhe Lithium OrthoSilicate) technique, in which a steady molten jet is 
deliberately destabilised by an adjustable excitation frequency. Lithium-enriched ceramic granules are a cornerstone for the 
tritium-breeding blankets that will be employed in future fusion power plants, and their quality hinges on precise control 
of the jet-breakup process. In this work we present a novel high-speed camera-based measurement and control platform 
that automatically monitors and regulates pebble production. Image-processing algorithms extract droplet size, position, 
and inter-droplet distance distributions in real time. For this purpose, both classical image-processing methods and deep 
neural networks are investigated. Experimental results demonstrate that the system delivers accurate measurements and 
reliably adjusts the driving frequency to maintain target pebble dimensions. Thus, the proposed computer-vision system 
enables closed-loop control of the KALOS process, paving the way for robust, large-scale ceramic pebble fabrication.

Keywords  Ceramic pebbles manufacturing · Control system · High-speed camera-based measurement system · Melt-
based process · Real-time measurement and control
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Introduction

Over the last several decades, nuclear fusion has emerged 
as a promising route to sustainable energy for future gen-
erations, owing to its inherent safety features and the very 
limited production of long-lived radioactive waste. The 
reactor’s fuel cycle depends on two components: deute-
rium, which can be extracted from seawater, and tritium, 
which must be generated on-site to achieve self-sufficiency 
and continuous operation. To breed tritium, lithium-rich 
ceramic pebbles are incorporated into the reactor walls, 
forming pebble beds within solid breeder blankets [1, 2]. 
When high-energy neutrons from the deuterium-tritium 
fusion reaction strike these pebbles, lithium atoms trans-
mute into helium and tritium. The tritium is then processed 
and recirculated to react with deuterium.

A variety of manufacturing routes have been explored 
worldwide to meet the demand for tritium-breeding ceram-
ics. Lulewicz and Roux employed an extrusion-spherodi-
sation technique [3], whereas Park et al. produced Li2TiO3 
pebbles by means of a slurry-droplet wetting process [4]. 
Cai et al. introduced a piezoelectric micro-droplet jetting 
method that yields green Li2TiO3 pebbles subsequently 
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sintered [5]. Other concepts include Hoshino’s emulsion-
based approach [6] and the use of additive manufacturing 
for constructing breeder structures.

At the Karlsruhe Institute of Technology (KIT), the 
KALOS (KArlsruhe Lithium OrthoSilicate) process was 
established to fabricate Advanced Ceramic Breeder (ACB) 
pebbles by fragmenting a molten laminar jet and instantly 
solidifying the droplets with liquid nitrogen [7, 8]. These 
pebbles consist of lithium orthosilicate reinforced by lithium 
metatitanate and are designated as the EU reference mate-
rial for tritium breeding. The melt-based approach offers 
distinct benefits: it can be scaled up to satisfy the large-
scale requirements of future reactors, and it enables pebble 
recycling without the need for wet-chemical treatments [9]. 
Compared with the earlier melt-spraying technique [10], the 
controlled breakup of a laminar jet yields a more uniform 
droplet size, which directly translates into a narrower pebble 
size distribution.

Achieving a high packing factor for the pebble bed is 
crucial to maximize the bulk lithium density and thus the 
overall efficiency of the breeder blanket. At KIT, pebble 
diameters are produced in the range of 250 to 1250 µm, a 
window that is expected to provide the necessary packing 
performance in the intricate geometries of blanket modules. 
The breakup of the molten jet follows the Plateau–Rayleigh 
instability: surface-tension forces eventually dominate over 
viscous forces, causing a droplet to separate from the jet. 
In the absence of external perturbations, these instabilities 
arise from random ambient fluctuations. By deliberately 
imposing a defined driving frequency, the instability wave-
length can be steered, allowing precise control over the 
droplet and consequently pebble size distribution. This tar-
geted control has led to higher material yields and improved 
monodispersity.

To investigate and quantify the jet-breakup behavior, a 
high-speed camera system coupled with a dedicated image-
processing algorithm was developed. The coefficient of 
variation (CV) of droplet spacing was introduced as a quan-
titative measure of jet regularity. A lower CV reflects a more 
periodic breakup and therefore tighter size tolerances for 
the resulting pebbles. Adjusting the excitation frequency 
enables the system to maintain a low CV, ensuring stable jet 
fragmentation and the production of pebbles within the pre-
scribed size limits. The present study identifies the optimal 
frequency window for jet-breakup and integrates a feedback 
loop into the process control to preserve the low-CV regime.

Recent publications in SN Computer Science demon-
strate the relevance of computer vision and deep learning for 
automated visual analysis and quality inspection. Trampert 
et al. presented an AI-driven visual quality inspection sys-
tem for production environments and investigated differ-
ent deep-learning architectures with respect to detection 

performance and computational requirements [11]. Sharma 
et al. reviewed deep-learning-based object instance seg-
mentation [12]. Suwannaphong et al. demonstrated the 
use of transfer learning for automated object detection in 
real-world images and compared different pretrained CNN 
architectures [13]. Furthermore, Montaha et al. investi-
gated U-Net for automated image segmentation [14]. These 
studies demonstrate the relevance of deep learning, image 
segmentation, and automated visual inspection within the 
scope of SN Computer Science. However, the application of 
these methods to the real-time monitoring and closed-loop 
control of a high-temperature ceramic pebble production 
process has not been addressed.

Consequently, this paper presents a fully automatic high-
speed camera based monitoring and control system for the 
real-time production of ceramic pebbles, first introduced in 
[15]. The main contributions of this work are (i) the devel-
opment of a high-speed-camera-based measurement system 
for non-contact monitoring of molten-jet breakup under real 
KALOS process conditions, (ii) the development and evalu-
ation of an image-processing pipeline for extracting droplet 
diameter, inter-droplet spacing, and the coefficient of varia-
tion (CV), (iii) the systematic evaluation of different DNN 
architectures for droplet segmentation and detection using 
real process data, and (iv) the integration of the vision-
based measurements into a closed-loop frequency-control 
strategy based on the CV and Simulated Annealing. The 
complete system is experimentally validated by compar-
ing the measured droplet sizes with the size distribution of 
the subsequently produced ceramic pebbles. The contribu-
tion therefore goes beyond the evaluation of an individual 
deep-learning architecture by combining high-speed imag-
ing, image-based process monitoring, deep-learning-based 
droplet detection, and automatic process control within a 
single production system. Section "Fabrication of ceramic 
pebbles" outlines the theoretical background of jet-breakup 
and the KALOS fabrication procedure. Section "Computer-
vision based measurement system for monitoring the peb-
bles fabrication" describes the measurement hardware and 
the image-processing pipeline. Section "Automatic Control 
System" details the closed-loop control of the droplet-gen-
eration frequency. Section "Results and discussion" reports 
and discusses the experimental results of the monitoring-
control system, and Section Conclusions provides conclud-
ing remarks.

Fabrication of Ceramic Pebbles

As outlined in the introduction, the ceramic pebbles are gen-
erated by the KALOS process, which exploits the controlled 
breakup of a molten laminar jet. This section describes the 
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advanced pebble-fabrication workflow together with the 
theoretical background of jet-breakup.

The KALOS method relies on the growth of Plateau–
Rayleigh instabilities in a continuous molten jet. These 
instabilities appear as sinusoidal surface waves. Once the 
wave amplitude exceeds a critical value, surface-tension 
forces dominate viscous forces and a droplet detaches 
from the jet. In practice, the jet is deliberately perturbed by 
vibrating the process-pressure at selected driving frequen-
cies, thereby governing the breakup dynamics and droplet 
formation. Because the jet velocity (v) and radius (r) remain 
constant during operation, the imposed frequency translates 
directly into a wavenumber, and a regular droplet spacing 
corresponds to a narrow droplet size distribution. Only fre-
quencies within a specific band affect the breakup positively, 
with an optimal frequency that maximizes the growth rate 
of the most unstable mode. Within this band the imposed 
disturbances suppress ambient noise, yielding a more regu-
lar and uniform jet fragmentation. At the optimal frequency 
the disturbance waves amplify most rapidly, producing the 
lowest coefficient of variation (CV) of droplet spacing. The 
CV is defined as the normalized standard deviation of the 
spacing s:

CV = σ(s)
µ(s) � (1)

where σ(s) and µ(s) denote the standard deviation and the 
mean of the droplet spacing, respectively. A small CV sig-
nals a stable fabrication process and high product quality. 
Droplet size constitutes a second key quality indicator.

In the KALOS process the feedstock powders are first 
pre-reacted to obtain a composition of 70 mol% Li4SiO4 
and 30 mol% Li2TiO3. The mixture is loaded into a plat-
inum-alloy crucible, which is heated to roughly 1400◦C 

(Figure  1) to generate a melt. To ensure stable melt flow 
conditions, the nozzle region is temperature-controlled at 
approximately 1360◦C. A pressure of 320 mbar drives the 
melt through a 300 µm nozzle at the crucible base, form-
ing a laminar jet. The jet disintegrates into droplets that exit 
the furnace and enter a cooling tower, where liquid nitrogen 
instantly solidifies them. Based on the high-speed record-
ings and the known nozzle diameter as spatial reference, the 
average droplet velocity can be estimated to approximately 
3.4 ms−1.

The solidified pebbles are collected at the bottom of the 
tower and transferred to the laboratory for characterization. 
An example of the final pebbles is shown on the right side 
of Figure 1.

During operation, the nozzle temperature is maintained 
at 1360◦C to ensure stable melting conditions.

A high-speed camera captures the jet and droplets in the 
center of Figure 1, demonstrating the system’s capability to 
resolve individual droplets an essential prerequisite for the 
measurement routine. After cooling, the pebbles are ana-
lyzed with a particle analyzer (HAVER CPA 2-1, Haver & 
Boecker, Germany) to obtain size distributions. These mea-
surements provide a quantitative benchmark for validating 
the performance of the presented high-speed camera based 
monitoring system.

Computer-Vision Based Measurement 
System for Monitoring the Pebbles 
Fabrication

As introduced in the previous section, the quality of the jet-
breakup based ceramic-pebble fabrication is evaluated by 
two key metrics: the droplet size and the coefficient of varia-
tion (CV) of the droplet spacing. To guarantee production 

Fig. 1  High-temperature KALOS production experimental set-up and the gathered pebbles [16]
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quality, a dedicated measurement system capable of real-
time droplet monitoring has been developed. This system 
comprises a hardware setup and a suite of image-processing 
algorithms, which are described below.

High-Speed Camera System

The core of the measurement hardware is a high-speed 
camera (Optronis CP70-1-M-1000) that can acquire up to 
1000 frames per second (fps) at its full resolution of 1280×
1024 pixels. By defining a region of interest and discard-
ing irrelevant image areas, the frame size can be reduced, 
thereby increasing the attainable frame rate. The camera 
together with a telecentric lens is mounted on the side of the 
high-temperature oven and observes the droplet formation 
through a window protected by specialized heat-shielding 
glass (Figure 2). The camera is positioned at the lower part 
of the oven so that the nozzle of the crucible is in direct 
view.

A cooled plate placed behind the jet enhances the contrast 
between the jet, the droplets and the background, facilitat-
ing robust segmentation. For the KALOS process the sen-
sor active area measures 8.448  mm × 6.758  mm, with a 
pixel size of 6.6 µm × 6.6 µm. Calibration shows that one 
pixel corresponds to approximately 71.94 µm in both lateral 
directions. The camera supports exposure times as short as 
2 µs, which suppresses motion blur during the rapid jet-
breakup. For the experiments the exposure was set to 160 µ

s to obtain sufficient brightness while preserving the spheri-
cal appearance of the droplets. The telecentric lens (model 
TC23172) maintains a constant magnification over a range 
of object distances and exhibits minimal distortion, mak-
ing it ideal for high-precision measurement of micron-sized 
droplets. Detailed technical specifications of the camera and 
lens are listed in Table 1.

During operation, the camera records a continuous image 
sequence that constitutes a single measurement cycle. By 
analyzing the entire sequence rather than a single frame, the 
system mitigates random fluctuations of individual images 
and yields robust estimates of droplet size and spacing.

Image-Processing

After acquiring an image sequence, each frame is pro-
cessed with the image-processing pipeline to extract the 

Table 1  Technical details of the high-speed camera and lens. [15]
Camera Optronis

CP70-1-M-1000
Max. resolution 1280x1024 px
Frame rate for max. resolution 1040 fps
Frame rate for 1/4 max. resolution 3800 fps
Pixel size 6.6 µm
Exposure time 2 µs-1/frame rate
Lens TC23172
Working distance 526.9 mm
Depth of field 159.2 mm

Fig. 2  High-temperature test 
facility and the applied high-speed 
camera system. [15]
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production-quality parameters. The measurement system 
performs three main tasks, determining the nozzle position, 
detecting the jet, and identifying the generated droplets, as 
illustrated in Figure  3. Since the nozzle position remains 
essentially constant during a sequence, it is detected only 
once at the beginning of the sequence to improve compu-
tational efficiency. In contrast, jet and droplet detection are 
carried out on every frame to guarantee accurate measure-
ment of the droplet size, spacing, and CV.

Consequently, the essential task is to determine each 
droplet’s size, count, and spatial position. To localize drop-
lets accurately and suppress background noise, the nozzle 
and jet are detected first, thereby defining a region of inter-
est (ROI) for droplet detection. By restricting the search to 
the vicinity of the jet extension, non-droplet detections are 
reduced and processing speed is increased, enabling real-
time operation. In our implementation the jet is modelled 
as a straight line deviating up to ±10◦ from the vertical. The 
ROI is a quadrilateral whose top and bottom edges are hori-
zontal and the left and right edges run parallel to the jet line. 
The top edge coincides with the end of the detected jet, the 
bottom edge aligns with the bottom of the image, and the 
side edges are offset by a fixed pixel distance from the jet on 
each side (Figure 3). The jet line is extracted with the Hough 
transform [17]. The nozzle position is taken as the intersec-
tion between the jet line and the lowest horizontal line also 
identified by the Hough transform, which serves as the jet’s 
starting point. Once the ROI is established, droplets inside 
it are detected using the appropriate methods for the given 
experimental conditions.

The detection of droplets inside the identified ROI is 
examined in greater detail below. Several approaches can be 

pursued. Firstly, droplets can be detected by means of con-
ventional image-processing techniques that exploit their cir-
cular appearance. This is the method currently implemented 
in the measurement system. Alternatively, machine-learn-
ing methods such as deep neural networks (DNNs) may be 
employed, provided that a sufficient amount of ground-truth 
data is available for network training.

In the following, we first focus on detection using classi-
cal image-processing methods as used in the measurement 
system. Within the detected ROI, droplets can be identi-
fied either by a Hough transform or by image binarization. 
The Hough transform is a feature-extraction technique that 
locates objects through a voting process in a parameter 
space [17]. Although originally developed for line-segment 
detection, the classical Hough transform has been extended 
to recognize other shapes such as circles [18], which makes 
it suitable for droplet detection. Two detection pathways are 
integrated into the measurement system. For most operat-
ing conditions the Hough transform is preferred because it 
is robust against variations in individual pixel intensities 
and therefore yields high accuracy. However, its localiza-
tion precision depends on the regularity of the target shape. 
Over-exposed or deformed droplets can bias the circle centre 
and radius estimates, which in turn corrupts the CV calcula-
tion. To mitigate this limitation, an alternative binary-image 
method is provided for cases with irregular droplet shapes. 
Each frame is first binarized using Otsu’s automatic thresh-
old selection [19], which adapts to the image’s gray-value 
distribution. Circles are then extracted from the binary 
foreground by analyzing connected components [20]. This 
approach compensates for the Hough transform’s sensitivity 
to shape deformation caused by long exposure times. Con-
sequently, the system automatically switches to the binary-
image pipeline when the exposure exceeds 500 µs.

Based on the results of the classical image-processing 
pipeline, we investigate deep neural networks (DNNs) as 
an alternative droplet-detection approach. While the cur-
rently deployed Hough-Circle method provides robust and 
computationally efficient detection under standard operat-
ing conditions, it strongly relies on the assumption of nearly 
circular droplet shapes. In practice, however, droplets may 
become elongated, fragmented, or partially overexposed 
due to motion blur and illumination variations. Such effects 
can reduce the reliability of purely geometry-based meth-
ods. DNN-based semantic segmentation offers greater flex-
ibility, as it can learn more complex droplet morphologies 
directly from image data without relying on strict geomet-
ric assumptions. Therefore, the DNN-based approach is 
investigated in this work as an exploratory extension of the 
measurement system, with the aim of assessing its potential 
for future applications involving non-ideal droplet shapes 
and more challenging imaging conditions. To this end, a Fig. 3  Image-processing tasks of the high-speed camera-based mea-

surement system. [15]
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dedicated dataset was created from two independent experi-
mental campaigns. From each campaign, 1,000 grayscale 
images were randomly selected, resulting in a total dataset 
of 2,000 images. Each image was cropped to a fixed reso-
lution of 688 × 224 pixels and contains between 3 and 16 
droplets under varying jet-breakup conditions. Representa-
tive examples are shown in Figures 4(a) and 4(b).

The dataset was randomly divided into 90  % training 
data (1,800 images), 5 % validation data (100 images), and 
5 % test data (100 images). To improve generalization and 
reduce overfitting, online data augmentation was applied 
during training, including random rotations within ±30◦ and 
horizontal translations within ±50 pixels. This increases the 
variability of droplet orientations and positions and prevents 
the networks from learning spurious geometric features spe-
cific to the training data.

Ground-truth labels for training and testing are derived 
from the Hough-Circles detections described earlier: the 
circle centers and radii are converted into pixel-wise masks 
for semantic segmentation. In the masks, black pixels rep-
resent background and white pixels belong to a droplet 
(Figure 4(c)).

Four neural-network architectures were evaluated: 

1.	 Simple custom network (simple DNN) consisting of six 
2-D convolutional layers.

2.	 U-Net, a standard encoder-decoder segmentation net-
work with an encoder depth of four levels, includ-
ing symmetric skip connections between encoder and 
decoder stages [21].

3.	 DeepLabV3+ with a ResNet18 backbone (established 
for classifying image data) [22].

4.	 DeepLabV3+ with a ResNet50 backbone (established 
for classifying image data) [22].

For the DeepLabV3+ architectures, transfer learning was 
employed using ImageNet-pretrained backbone networks. 
The pretrained encoder weights were fine-tuned on the 
droplet dataset, while the segmentation heads were adapted 
to the two-class problem (background and pebble). In con-
trast, the custom DNN and U-Net were trained from the 
ground up without any pre-training. To ensure a fair com-
parison between all architectures, identical training settings 
were applied in all experiments. Training was performed in 
MATLAB using stochastic gradient descent with momen-
tum (SGDM), a mini-batch size of 16, an initial learning 
rate of 0.01, and a piecewise learning-rate schedule. Valida-
tion was carried out every five iterations. All models were 
trained and evaluated on a workstation equipped with an 
Intel Core i7-8750H CPU (6 cores, 12 threads, 2.20 GHz) 
and 32 GB RAM, without GPU acceleration.

For semantic segmentation performance on the test set we 
report Accuracy (ratio of correctly classified pixels to total 

Fig. 4  a and b - example images 
from the two experimental series 
that are used as training and test 
data for the DNNs. (c) - example of 
a ground truth mask generated with 
the Hough Circles detection
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pixels) and Intersection over Union (IoU) (overlap between 
predicted droplet region and ground truth region divided 
by their union). U-Net performs worse than the DeepLab-
based architectures but outperforms the simple custom 
DNN in detection robustness. The semantic segmentation 
results of all investigated architectures are summarized in 
Table 2. DeepLabV3+ with ResNet50 achieves the highest 
mean accuracy (0.883), closely followed by DeepLabV3+ 
ResNet18 (0.880), while ResNet18 provides the highest IoU 
(0.836). The U-Net architecture yields lower segmentation 

performance than both DeepLab variants and also under-
performs the simple custom DNN in terms of pixel-wise 
accuracy and IoU.

For the measurement system, however, a pixel-wise clas-
sification is unnecessary. Only droplet centroids are required 
for downstream CV calculations. Consequently, we further 
analyze the individual droplet detections produced by the 
DNNs.

When inspecting the semantic-segmentation outputs of 
the DNNs, it becomes evident that droplet regions are some-
times highly fragmented (cyan rectangles in Figure 5 cen-
ter) or contain internal holes (green rectangles in Figure 5 
center). These imperfections arise, for example, from drop-
let motion during exposure or from illumination inhomo-
geneities across the field of view. To recover the compact, 
nearly circular shape that is expected for a droplet and that is 

Table 2  Semantic segmentation results of the investigated DNNs
Simple 
DNN

U-Net Deeplabv3+ 
ResNet18

Deep-
labv3+ 
ResNet50

Mean Accuracy 0.796 0.684 0.880 0.883
Mean IoU 0,717 0.662 0.836 0.831

Fig. 5  Results of the morphologi-
cal post-processing applied to the 
semantic-segmentation outputs of 
the DNNs (left: original image, 
center: raw output of the simple 
DNN, right: output after morpho-
logical post-processing)
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required for subsequent quantitative analysis, a morphologi-
cal post-processing step is applied. The binary masks are 
first subjected to a closing operation to bridge small gaps, 
followed by a hole-filling procedure that eliminates interior 
voids. After this processing the droplets exhibit the desired 
morphology (Figure  5 right). Connected components are 
then extracted, their centroids computed, and the resulting 
positions are treated as droplet detections.

A detection from a DNN is counted as a true positive 
(tp) if its centroid lies within the radius of a corresponding 
Hough Circle detection. Otherwise, it is a false positive (fp). 
Conversely, any Hough Circle detection without a match-
ing DNN centroid is a false negative (fn). With these defini-
tions, the subsequent evaluation metrics for the DNNs can 
be calculated:

	● Precision: 

P = tp

tp + fp
� (2)

	● Recall: 

R = tp

tp + fn
� (3)

	● F-Score: 

F-Score = 2 · P · R

P + R
� (4)

The results of the DNNs on the test dataset are summarized 
in Table 3.

It is evident that all investigated architectures achieve a 
high mean recall, ranging from 0.952 to 0.975, indicating 
that most droplets are successfully detected. In contrast, the 
precision values show larger differences between the archi-
tectures. The simple DNN attains the lowest precision of 
0.596, which leads to a comparatively low F-score of 0.727 
and indicates a substantial number of false-positive detec-
tions. Among all investigated architectures, DeepLabV3+ 
ResNet18 achieves the highest F-score of 0.907, represent-
ing the best overall balance between precision and recall. 
DeepLabV3+ ResNet50 shows a comparable performance 

with an F-score of 0.890, but the slightly lower precision 
indicates that the increased network depth does not neces-
sarily improve droplet localization. U-Net reaches an inter-
mediate F-score of 0.816, outperforming the simple DNN 
despite its weaker semantic-segmentation metrics. This sug-
gests that U-Net generates more coherent droplet regions, 
which benefits centroid extraction for the downstream CV 
calculation. Overall, the gap between precision and recall 
across all architectures points to a remaining proportion of 
false-positive detections, especially for the simpler network 
structures.

The observed behavior can be assessed by inspecting 
an example detection result from the test set, as shown in 
Figure 6.

The example shows that the DNNs detect more droplets 
than are present in the ground truth masks. These additional 
detections correspond to droplets whose shapes deviate 
from perfect circles and therefore were missed by the Hough 
Circle method, which was used to generate the ground truth. 
Because the training labels inherit this bias, the networks 
learn to reproduce it. The shallow architecture of the simple 
DNN limits its capacity to fully fit the training data, result-
ing in many non-circular detections that are erroneously 
counted as false positives. With a manually refined training 
set, the DeepLabV3+ ResNet18 could achieve comparable 
results.

Overall, DNN-based droplet detection shows the poten-
tial to replace the Hough Circle approach, especially for 
non-circular droplets. However, the computational cost 
per frame limits real-time applicability. Figure 7 shows the 
computation times required for all 2,000 images of the com-
bined training and test datasets on a CPU-based workstation 
equipped with an Intel Core i7-8750H processor (2.20 GHz, 
6 physical cores, 12 logical processors) and 32 GB RAM 
with no GPU acceleration.

The Hough Circle method remains the fastest (base-
line). The simple DNN requires roughly twice the pro-
cessing time, while DeepLabV3+ ResNet18 needs almost 
seven times longer. The runtime comparison is limited to 
these architectures, as they represent the two most relevant 
trade-offs between computational cost and detection perfor-
mance among the investigated models. Consequently, Dee-
pLabV3+ ResNet18 is not feasible for the current online 
requirement. Given its superior detection performance and 
still acceptable runtime, the simple DNN constitutes a via-
ble alternative to Hough Circles for droplet detection in the 
measurement system.

Production Quality Measures

In the measurement system, the droplet diameter is obtained 
directly by a circle-detection algorithm, whereas the CV 

Table 3  Droplet-detection results of the investigated DNNs on the test 
set

Simple 
DNN

U-Net Deeplabv3+ 
ResNet18

Deep-
labv3+ 
ResNet50

Mean Precision 0.596 0.715 0.883 0.847
Mean Recall 0.959 0.975 0.952 0.962
F-Score 0.727 0.816 0.907 0.890
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value is calculated according to the definition given in equa-
tion 1. The standard deviation of the droplet spacing, σ(s)
, is expressed as

σ(s) =

√√√√ 1
N − 1

N∑
i=1

(si − µ(s))2,� (5)

and the mean spacing, µ(s), is computed by

µ(s) = 1
N

N∑
i=1

si� (6)

Prior to evaluating the CV, the detected droplets are ordered 
from top to bottom according to their vertical positions. 
The distance between two consecutive droplets is then 

Fig. 7  Computation times for the different droplet detection methods

 

Fig. 6  Comparison of detection results on a test-set example (left: original image, center: simple DNN, right: DeepLabV3+ ResNet18)
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determined and denoted as si. Here, i indexes the ith spac-
ing out of the total of N spacings that correspond to N + 1 
detected droplets. To reduce the influence of fluctuations 
that arise from individual frames, the system reports the 
average CV over an image sequence comprising M frames. 
The averaged standard deviation is calculated as

σ =

M∑
j=1

σ(j)

M
,
� (7)

where σ(j) denotes the CV computed for the jth image.

Automatic Control System

As introduced in the previous sections, the coefficient of 
variation (CV) quantifies the regularity of the molten-jet 
breakup and therefore represents the most critical parameter 
for ceramic-pebble production. Under constant jet diameter 
and flow conditions, a low CV directly corresponds to a nar-
row droplet size distribution. The present control system 
uses the CV as its control basis. Although theory predicts 

that frequencies within a certain range should improve jet-
breakup regularity (and thus lower the CV), experimental 
studies have shown that the CV’s response to the driving 
frequency can be irregular [23]. Even inside the effective 
frequency band, the CV may increase abruptly at several 
frequencies, which we attribute to resonances within the 
system that disrupt the jet’s regularity. To guarantee a sta-
ble droplet generation and high-quality pebble fabrication, 
a real-time control loop that adjusts the driving frequency 
is required. Since the thermophysical process dynamics 
evolve on a significantly slower timescale than the image 
acquisition and processing chain, the computational delay 
of the measurement system can be neglected for control pur-
poses. Whenever the CV exceeds a predefined threshold, the 
controller adapts the frequency to restore droplet-generation 
stability. By integrating this controller, the KALOS process 
can be monitored and regulated automatically in real time. 
The complete schematic of the system is shown in Figure 8.

The measured CV value is transmitted from the measure-
ment subsystem to the controller, which then determines 
the appropriate driving frequency. This frequency com-
mand is sent to LabVIEW, which implements the adjust-
ment of the process parameter and simultaneously displays 
both the parameter and the measurement results in real 
time. Consequently, LabVIEW serves as the visualization 
and operation platform for the entire production line. The 
measurement system, the controller, and LabVIEW together 
realize a closed-loop monitoring and control of the droplet-
generation process. The following paragraphs focus on the 
controller.

Figure 9 illustrates the control logic. A low CV indicates 
satisfactory droplet quality. When the measured CV exceeds 
the predefined threshold, the current driving frequency must 
be modified. Theory predicts that the optimal frequency for 
a given setup does not deviate strongly from the principal 
optimum. Typically, each setup possesses several nearby 
optimal frequencies, and adjustments are modest. There-
fore, the controller defines a permissible variation range 
around the current set point.

The controller operates in two modes. In standard mode 
(Figure 9), frequency adjustment stops as soon as the CV 
falls below the threshold. In optimization mode, iterative 
frequency adjustments continue until the global optimum 

Fig. 9  Schematic of one iteration 
of control logic in standard mode. 
Note: [15]

 

Fig. 8  Schematic of the introduced measurement systems and control 
systems for monitoring and controlling the KALOS process. [15]
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is found or a maximum number of iterations is reached, 
even if the CV has already dropped below the threshold. If 
frequency adjustments fail to reduce the CV to the desired 
level, the system alerts the operator to inspect the nozzle. 
In such cases the problem is usually caused by melt wet-
ting or a partially blocked outlet rather than by the driving 
frequency.

At startup, the user selects an initial frequency based 
on theory and prior experiments. For the KALOS process 
this value is 1000 Hz. The measurement system records the 
CV at this frequency, then evaluates a second frequency 
between 750 Hz and 1000 Hz and a third between 1000 Hz 
and 1250 Hz. Using these three (frequency, CV) pairs, a qua-
dratic polynomial is fitted to approximate the CV-frequency 
relationship. The polynomial’s minimum, i. e. the smallest 
estimated CV, is taken as a new driving frequency. After 
measuring the CV at this frequency, the polynomial is refit-
ted with the four data points, and the process repeats. The 
iteration terminates when the change in frequency becomes 
negligible, indicating that further polynomial refinement 
would yield only marginal benefit. To refine the optimum, 
the controller subsequently applies a global search algo-
rithm based on Simulated Annealing (SA) [24]. Compared 
with other global optimization techniques such as the Burg 
algorithm [25, 26] (suited to spectral estimation) and Par-
ticle Swarm Optimization [27, 28] (prone to local-optimum 
traps), SA offers strong global search capability, high adapt-
ability, and straightforward implementation.

SA exploits the analogy between function minimization 
and the annealing process in statistical mechanics [29]. After 
the polynomial fit yields an initial frequency, SA generates 
a candidate frequency in the neighborhood of the current 
solution. The CV associated with the candidate is measured 
and compared with the CV of the incumbent solution. If the 
candidate CV is lower, the new frequency is accepted. Oth-
erwise, acceptance occurs with probability

P = exp
(

−∆CV

f

)
,� (8)

where ∆CV  is the CV difference and f the current fre-
quency, following the Metropolis criterion [30]. The new 
frequency is then updated by

fnew = α · f � (9)

with α drawn from a normal distribution centred at 1 and a 
standard deviation of 0.01. In standard mode, the SA itera-
tion stops as soon as the CV falls below the threshold. In 
optimization mode, the iteration continues until either the 
global minimum is identified or a predefined maximum 
number of iterations is reached. The global minimum is 

considered found when the best CV does not improve for 
12 consecutive iterations (approximately 100 seconds of 
experiment time). The controller finally outputs the fre-
quency that yielded the lowest CV. Because SA alone can be 
computationally intensive for real-time control, we combine 
it with the preceding polynomial fit. The fit limits the search 
space, enabling SA to converge rapidly while still escaping 
local minima [31].

If the controller is initially idle and later triggered by a 
CV exceeding the threshold, the polynomial fit is initialized 
at the current frequency, and a new candidate frequency is 
randomly chosen within ±250 Hz. Finally, to guarantee that 
the KALOS process can respond to frequency changes, the 
measurement subsystem records several image sequences 
before each CV evaluation. This acquisition is synchronized 
by the measurement trigger signal.

Results and Discussion

The image-processing pipeline and the control algorithm 
were described in the preceding sections. This section pres-
ents and discusses the results obtained with these methods. 
For the computer-vision based measurement system, the 
two key metrics, coefficient of variation (CV) and droplet 
diameter, are extracted from the high-speed camera images. 
To validate the measurement accuracy, the solidified peb-
bles are measured after cooling and their diameters are then 
compared with the values computed by the vision system. 
Concerning the control system, the evolution of the driving 
frequency and the corresponding CV values are visualized, 
allowing a clear view of the frequency adjustment process.

Computer-Vision Based Measurement System

At first, droplets were generated by applying driving fre-
quencies ranging from 0 to 5000 Hz to obtain an overview 
of the frequency’s influence. Extensive experimental data 
and theoretical considerations show that frequencies above 
3000 Hz have only a negligible effect on the jet-breakup. 
Therefore the full 0 to 5000 Hz sweep guarantees that the 
entire active range is covered. Figure  10 presents high-
speed camera images of the jet-breakup captured at 500 fps.

With increasing driving frequency the average droplet 
diameter first rises and then falls, while the CV trend is not 
immediately apparent from the images. The smallest CV is 
observed near 1000 Hz. To visualize the frequency depen-
dence of both CV and diameter more clearly, the processed 
results are displayed in Figure  11. The horizontal axis 
denotes the driving frequency and the vertical axes show 
CV (Figure  11(a)) and median diameter (Figure  11(b)). 
Each green symbol represents a single-frame measurement, 
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and a robust linear regression [32] over a sliding window of 
200 frames produces the black smoothing curves.

Figure  11(a) reveals that frequencies between approxi-
mately 800  Hz and 2600  Hz affect the breakup, and two 
distinct minima appear around 1000  Hz and 2300  Hz. 
Between these minima irregular jet behavior is visible (e.g., 

at 1500  Hz and 2000  Hz in Figure  10), indicating inter-
nal resonances. Regarding droplet size, the median diam-
eter is about 750 µm at 1000 Hz and reduces to 550 µm at 
2500 Hz, following an approximately linear decline. Again, 
the resonance region around 1500 Hz shows larger devia-
tions from the smoothed trend. Because the CV optimum 
occurs near 1000 Hz, this frequency was chosen as the ini-
tial set point for the control experiments. Thereafter, we also 
conducted experiments to investigate the droplet generation 
at the driving frequency of 1000 Hz with respect to the drop-
let diameter.

Droplet diameters measured by the high-speed camera 
and the diameters of the solidified pebbles obtained from the 
particle analyzer are compared in Figure 12. In Figure 12(a) 
a green histogram (bin width 5 µm) displays the measured 
droplet sizes together with an approximated normal prob-
ability density curve. The black dashed line marks the drop-
let size with the highest probability at 760 µm to 765 µm, 
while the orange dashed line indicates the mean of the fitted 
normal distribution (732.05 µm). The majority of droplets 
lie between 500 µm and 1000 µm.

Figure 12(b) shows the pebble-size distribution measured 
after solidification. The histogram and the red cumulative-
distribution line indicate that most pebbles fall between 
600 µm and 800 µm, with a modal size around 750 µm, 
which matches the droplet sizes observed in Figure 12(a). 
Considering solidification shrinkage and possible deforma-
tion during free fall, a slight size shift between droplets and 
final pebbles is expected. The close agreement between the 

Fig. 11  Output of the measurement system. a The CV value and b The 
median diameter of the droplets. [15]

 

Fig. 10  Effect of the driving 
frequency on the appearance of 
the molten ceramic jet-breakup. 
The corresponding CV values 
and droplet diameters (in µm), 
calculated by the image-processing 
algorithms, are shown at the bot-
tom [16]
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image-processing results and the independent particle anal-
ysis confirms the accuracy and reliability of the high-speed 
camera measurement system.

Control System

To illustrate the regulation behavior of the controller, a 
dedicated validation experiment was performed. The driv-
ing frequency was ramped from 0 to 5000 Hz while images 
were recorded at 500  fps. The resulting frequency versus 
CV curve for this experiment can be seen in Figure 13. As 
in Figure 11(a), green symbols denote the CV of individual 
frames and the black line shows a 200-frame robust regres-
sion smoothing. Compared with the experiment shown in 
Figure 11, this experiment exhibits a broader CV distribution 
and larger fluctuations, making modulation more demand-
ing. Two local minima around 1000  Hz and 2000  Hz are 
still visible, but the CV near 1000 Hz appears fragmented 
because internal resonances cause an irregular jet-breakup.

To visualize this effect, Figure 14 presents pairs of images 
captured at adjacent frequencies. At 1200 Hz the white box 

Fig. 13  Plot of CV value versus driving frequency for one experiment. 
Frequency ramp from 0-5000 Hz. [15]

 

Fig. 12  Diameter of droplets and 
gathered pebbles produced at the 
driving frequency of 1000 Hz. a 
Measured droplet diameters and its 
distribution, b Measured diameter 
distribution of the pebbles provided 
by particle analyzer HAVER CPA 
2-1. [15]
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contains two detectable droplets, whereas at 1201  Hz the 
same region shows a single, larger droplet. A more pro-
nounced instability is observed between 1260  Hz and 
1261 Hz, where the jet-breakup becomes erratic, and the CV 
rises sharply. These observations underline the necessity of 
a control system capable of compensating unknown reso-
nances. The delayed response of the controller can partly 
attenuate random irregularities.

For the validation the controller was operated in opti-
mization mode, i. e. the iterative search continued until the 
optimal frequency was reached even if the CV threshold had 
already been under-cut. As described in Section Automatic 
Control System, three data points around 1000 Hz were first 

selected and a quadratic polynomial fitted to them. The fitted 
minimum was then used as a new input, and the procedure 
was repeated. Figure 15 displays five successive polynomial 
fits. The iteration stopped when successive curves differed 
only marginally. The final curve’s minimum served as the 
starting point for the subsequent global optimization.

Using the polynomial output as an initial guess, the con-
troller applied Simulated Annealing (SA) to refine the opti-
mum. The temporal evolution of the SA search is shown in 
Figure 16. Green dots indicate measured points, while red 
asterisks mark frequencies actively probed by the regula-
tor. Table  4 lists the iteration number, the experimentally 
applied frequency, the resulting CV, and the internal updates 
performed by the algorithm.

Initially the controller explored frequencies around 
1114 Hz, but the CV did not improve significantly, prompt-
ing a reduction to 1050  Hz. The algorithm then shifted 
the search toward 1200  Hz, where a markedly lower CV 
was observed, signaling proximity to the optimum. The 
global minimum was identified in iteration 23 (frequency 
= 1174 Hz, CV = 0.041). Since no improvement occurred 
over the following 12 iterations, the optimization terminated 
after iteration 35. The identified optimum can be retained 
for subsequent production until the CV exceeds the pre-
defined threshold, at which point a new optimization cycle 
is triggered.

Despite the fact that a rough estimate of the local mini-
mum is obtained by the polynomial fitting, the complete 

Fig. 15  Process of polynomial fitting. Different curves represent dif-
ferent iterations. The triangles in the image are the data points for each 
fitting, whose colors also identify the number of the iteration. Note: 
This content is cited from [15]

 

Fig. 14  Captured images of adja-
cent frequencies. [15]
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control loop still requires several dozen iterations. Each 
iteration involves a waiting period of 2 to 3 s for processing 
an image sequence, resulting in a total optimization time of 
roughly 3 min, which is acceptable for the KALOS process. 
Without the polynomial pre-fit, the regulation would take 
considerably longer and would adversely affect production 
throughput. Table 5 quantifies the contribution of the poly-
nomial fitting by comparing the number of SA iterations 
needed with and without this pre-processing step.

As shown in Table 5, the iteration count with polynomial 
fitting varies only slightly with different starting frequencies 
because the fitted curve places the SA start point close to 
the true optimum. This not only enhances control efficiency 
but also reduces the random bias associated with the initial 
frequency. In contrast, SA without a preceding fit requires 
many more iterations, and the required search time strongly 
depends on the chosen start frequency. For example, an ini-
tial frequency of 800 Hz (far from the optimum) leads to 
a staggering 137 iterations, whereas a start near the opti-
mum needs far fewer steps. Consequently, the polynomial 
fitting stage is essential: it shortens the regulation time and 
markedly diminishes the controller’s sensitivity to the initial 
frequency.

Conclusions

The paper introduces a novel high-speed camera based 
measurement and control system for the automatic produc-
tion of lithium-rich ceramic pebbles, which are essential for 
tritium-breeding blankets in fusion reactors. By employing 
dedicated image-processing algorithms, the system moni-
tors droplet generation in real time and extracts two key 
metrics: the droplet diameter and the coefficient of varia-
tion (CV) of the droplet spacing. Because the CV directly 
reflects the regularity of the jet-breakup, it serves as the pri-
mary indicator of fabrication performance and as the feed-
back signal for adjusting the driving frequency.

For droplet detection, we investigated several deep-learn-
ing-based semantic segmentation architectures in addition 
to the conventional Hough-Circle pipeline: a lightweight 
six-layer CNN (simple DNN), U-Net, and DeepLabV3+ 
with both ResNet18 and ResNet50 backbones. All networks 
were trained on a curated dataset of 2,000 grayscale images, 
with ground-truth masks derived from the Hough Circle 
detections and enhanced by online data augmentation. 

Table 4  Driving frequency and CV value of each control step. [15]
Iteration Experimented 

frequency (Hz)
Experi-
mented CV

Updated 
frequency 
(Hz)

Updated 
CV

1 1114 0.238 1114 0.238
2 1109 0.227 1109 0.227
3 1072 0.253 1072 0.253
4 1051 0.309 1072 0.253
5 1124 0.310 1072 0.253
6 1188 0.115 1188 0.115
7 1245 0.2138 1188 0.115
8 1180 0.251 1188 0.115
9 1195 0.116 1195 0.116
10 1189 0.194 1195 0.116
11 1201 0.095 1201 0.095
12 1235 0.100 1235 0.100
13 1268 0.301 1235 0.100
14 1300 0.439 1235 0.100
15 1222 0.095 1222 0.095
16 1213 0.103 1222 0.095
17 1199 0.110 1199 0.110
18 1172 0.2049 1199 0.110
19 1180 0.2506 1199 0.110
20 1173 0.092 1173 0.092
21 1137 0.208 1173 0.092
22 1195 0.115 1173 0.092
22 1158 0.242 1173 0.092
22 1183 0.084 1183 0.084
23 1174 0.041 1174 0.041
24 1156 0.250 1174 0.041
25 1166 0.214 1174 0.041
26 1171 0.131 1174 0.041
27 1212 0.100 1174 0.041
28 1190 0.052 1190 0.052
29 1185 0.247 1190 0.052
30 1175 0.216 1190 0.052
31 1211 0.096 1190 0.052
32 1199 0.111 1190 0.052
33 1204 0.118 1190 0.052
34 1226 0.140 1190 0.052
35 1179 0.190 1190 0.052

Table 5  Number of iterations of the SA algorithm with and without 
polynomial fitting. [15]
Start frequency (Hz) 800 1000 1200
Iteration count with fitting 34 35 32
Iteration count without fitting 137 50 76

Fig. 16  Temporal results of the control output by the SA algorithm. 
Green points denote measurement points and red asterisks indicate the 
data points that are scanned by regulation. [15]
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Among the investigated architectures, DeepLabV3+ 
ResNet18 achieved the best overall droplet-detection per-
formance with an F-score of 0.907, while DeepLabV3+ 
ResNet50 reached the highest segmentation accuracy 
(0.883). U-Net showed intermediate detection performance 
(F-score 0.816), whereas the simple DNN achieved the 
lowest F-score (0.727) but remained computationally the 
most efficient among the neural-network approaches. The 
comparison shows that increasing architectural complex-
ity improves segmentation and detection robustness, but 
does not necessarily yield better localization performance 
for the downstream control task. Importantly, the imperfect 
ground-truth labels, biased toward nearly circular droplets 
due to their derivation from Hough Circle detections, limit 
the ability of the networks to fully learn irregular droplet 
morphologies. This explains why the DNN-based methods 
did not surpass the classical Hough-based baseline in over-
all robustness. From a real-time perspective, the lightweight 
CNN required approximately twice the inference time of 
the Hough Circle method, whereas DeepLabV3+ ResNet18 
was about seven times slower, rendering it unsuitable for 
the current online control requirements. Nevertheless, the 
results demonstrate that deep-learning-based detectors can 
provide a viable alternative for future upgrades, particularly 
for handling non-circular droplet geometries.

According to the jet-breakup theory presented in Sec-
tion "Fabrication of ceramic pebbles", a low CV corresponds 
to a stable, periodic breakup—conditions that are required 
for high-quality pebble production. Using the measurement 
system, we investigated how the driving frequency influ-
ences both CV and droplet size. Experiments were carried 
out with a frequency sweep (to obtain a broad overview) 
and with a fixed frequency to study the optimal operating 
point. The results show that the driving frequency strongly 
affects production within a limited band, with the optimum 
for the employed nozzle located at approximately 1000 Hz.

A detailed study at the optimal frequency (1000 Hz) was 
performed, after which the solidified pebbles were collected 
and analyzed with a particle-size analyzer. The measured 
droplet diameters and the analyzed pebble diameters agree 
closely, confirming the accuracy and reliability of the com-
puter-vision measurement chain.

Since the driving frequency is the critical control vari-
able, the measurement system is indispensable for selecting 
an appropriate initial frequency and for providing continu-
ous feedback. When the CV exceeds a predefined threshold, 
the control module adapts the frequency. The adaptation 
proceeds in two stages: first, a quadratic polynomial fit iden-
tifies a rough minimum, which serves as the initial guess for 
a global optimization based on Simulated Annealing (SA). 
The SA algorithm rapidly converges to the global optimum, 
enabling real-time frequency regulation. Due to stochastic 

fluctuations in the droplet formation process, individual CV 
measurements may vary even at constant operating condi-
tions. Therefore, the optimization is based on temporally 
averaged CV values to obtain a robust estimate of the opti-
mal driving frequency.

Overall, the experimental campaign demonstrates that 
the integrated measurement-and-control framework reliably 
monitors and stabilizes ceramic-pebble fabrication. Future 
work will assess the robustness of the system under vary-
ing process conditions and will extend the image-processing 
pipeline to quantify droplet generation rates and velocities.
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