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Abstract — This paper presents an automated system 

for analyzing high-speed video of non-stationary 

nucleate boiling on an opaque steel surface. The method 

leverages the DenoiSeg deep learning network for 

robust bubble segmentation under challenging 

conditions (reflected light, optical distortions) and 

introduces an algorithm for tracking bubbles and 

calculating time-dependent characteristics. 

The system identifies and classifies bubbles into three 

types (isolated, clustered, and pulsating) to extract the 

essential boiling parameters, including nucleation site 

density, surface area fraction, maximum diameter, and 

nucleation frequency. Validation against manual key 

frame analysis confirms the system's accuracy. The 

results not only verify the significant prevalence of 

clustered and pulsating bubbles but also, thanks to 

extensive data processing, reveal trends hidden by 

stochastic noise, such as the growth of the maximum 

diameter of clusters with increasing surface 

temperature. The developed tool provides a reliable 

foundation for building predictive heat transfer models 

for non-stationary boiling regimes. 

Index Terms — Nucleate boiling, machine learning, 

image segmentation, time-averaging, nucleation site 

density, maximum bubble diameter, nucleation 

frequency. 

I. INTRODUCTION 

Nucleate boiling in a flow of subcooled liquid is one of 

the most effective heat removal methods, with widespread 

applications in power engineering, electronics cooling, and 

other fields used three CNN models to segment 

overlapping bubbles, followed by a generative 

adversarial network (GAN) for hidden bubble part 

reconstruction [1]. However, boiling properties under 

non-stationary regimes involving rapid heater temperature 

changes remain insufficiently studied [2–4]. 

In recent decades, high-speed videography has been 

increasingly used to investigate nucleate boiling 

characteristics. It is impossible to extract parameters of 

individual bubbles and statistical boiling characteristics 

from the resulting large volumes of video data without 

modern automated image and video processing tools [5–

10]. 

The objective of this work is to develop an automated 

system for identifying bubbles on the heater surface in 

high-speed video frames captured in reflected light under 

non-stationary heating conditions, and to obtain 

characteristics of isolated, clustered, and pulsating bubbles. 

II. LITERATURE REVIEW 

Numerical modeling of heat and mass transfer during 

boiling is a powerful tool for understanding underlying 

mechanisms [4, 11–13]. Boiling heat flux correlations rely 
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on experimentally determined characteristics such as 

nucleation site density, bubble diameter, and frequency 

[14, 15]. Generalizing these correlations for non-

stationary, high-temperature-rise-rate regimes remains a 

significant challenge. 

When acquiring new experimental data, it is essential to 

account for the stochastic nature of vapor generation and 

the extremely wide parameter scatter of individual bubbles 

coexisting under identical conditions [16–19]. Measuring 

the lifetime and dimensions of individual bubbles with 

sufficient accuracy, while simultaneously gathering 

statistical data on a sufficiently large number of bubbles, 

requires processing tens of thousands of bubble images 

across thousands of frames. Consequently, it is not 

surprising that with the widespread adoption of high-speed 

videography in nucleate boiling experiments, methods for 

machine-assisted processing of video frames have been 

actively developed. 

Heuristic algorithms based on threshold binarization, 

edge detection, or background subtraction have in some 

cases allowed for the automation of nucleate boiling video 

processing [5, 20, 21]. Dark bubbles on a light background 

are typically obtained when filming in transmitted light 

using a transparent heater [22, 23]. However, it is well-

established that the surface roughness and wettability of 

the heater, as well as its thickness, heat capacity, and 

thermal conductivity, have a profound influence on boiling 

characteristics and the removed heat flux. Therefore, it is 

essential to obtain experimental data with heater properties 

that closely approximate those of the heat-transferring 

surfaces in industrial heat exchangers. Bubbles on a steel 

heater surface in reflected light are visible to the human eye 

because they create glares and refract light; however, they 

do not differ from the background in intensity level and 

often lack distinct boundaries. 

In some cases, algorithms based on correlating video 

frames with pre-selected bubble templates have shown 

sufficient effectiveness [24, 25]. The method for cross-

correlation of successive video frames is used in the PIV 

(Particle Image Velocimetry) method for studying the 

motion of bubbles with more or less constant sizes and 

shapes [26]. However, cross-correlation is computationally 

expensive. More importantly, it is poorly suited for bubble 

clusters, which exhibit immense diversity in forms and 

structures. 

More flexible methods for bubble identification are 

machine learning techniques implemented in various 

neural network models. Convolutional Neural Networks 

(CNNs) have demonstrated strong performance [6, 7, 9, 

10]. Compared to a multilayer perceptron, a CNN contains 

far fewer weights, making it less resource-demanding and 

less prone to overfitting. There are several recent works on 

application of models based on You Only Look Once 

(YOLO) architecture to detection of bubbles in bubbly 

flows [8, 27]. Hessenkemper et al. [28] used three CNN 

models to segment overlapping bubbles, followed by a 

generative adversarial network (GAN) for hidden bubble 

part reconstruction.  

Nevertheless, preparing a sufficient amount of labeled 

data for training a deep neural network from scratch is a 

task as labor-intensive as manually processing a series of 

experiments. One way to overcome this obstacle is to use 

pre-trained neural networks, which may require only a few 

dozen images specific to a given experiment for fine-

tuning. This approach is proposed by the authors of the 

VideoSAM model for segmenting the vapor phase in high-

speed video frames [29, 30]. Another approach is 

unsupervised learning. It is used, in particular, in the 

DenoiSeg (Denoising & Segmentation) model [31], where 

the same network is trained to produce both a segmented 

image and an image denoised from random noise at 

different outputs. The segmentation output is trained in a 

supervised manner, while the denoising output is trained 

unsupervised. There are also examples of successful 

training of a neural network model designed for 

recognizing individual bubbles in bubbly flow on 

generated images [7]. 

Most existing heat transfer models for nucleate boiling 

assume that bubble interaction is negligible until at least 

one-third of the heater surface is covered and can therefore 

be disregarded. However, several studies [32, 33] have 

demonstrated that bubbles can activate nearby nucleation 

sites, meaning bubble clusters can form at the very early 

stages of boiling. The shape of clustered bubbles is far from 

spherical, and their size may not correspond to the amount 

of heat withdrawn from the heater for a given bubble, as 

heat and vapor transfer occurs between bubbles. In addition 

to isolated and clustered bubbles, the authors of [33] 

identified pulsating bubbles. Once formed, these bubbles 

remain on the surface for 10 to 100 times longer than 

ordinary bubbles, periodically growing and shrinking in 

size. 

This work tests the hypothesis of the suitability of 

available neural network architectures, particularly 

DenoiSeg, for automating the processing of non-stationary 

boiling videos on an opaque heater. The developed 
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automated system is validated by comparison with manual 

processing results. In doing so, it verifies previous 

conclusions based on manual processing results, regarding 

the significant proportion of clustered and pulsating 

bubbles at all stages of nucleate boiling. 

III. METHODOLOGY 

A. Process Outline 

During the experiment on non-stationary boiling, high-

speed videography of vapor structures on the heater surface 

was performed. Each experimental run was defined by two 

key parameters: the flow subcooling (ΔTsub) and the heater 

temperature rise rate. The temperature rise rate, which 

reaches up to 16 000 K/s in this study, was determined 

relying on the average power generated by the electric 

current passing through the heater. 

The entire processing pipeline for the video frame 

sequence from a single experiment consisted of three 

stages: 

1. Neural network-based segmentation to define two 

classes (background and vapor phase). 

2. Bubble detection and cataloging. 

3. Calculation of time-dependent, averaged boiling 

characteristics. 

In this process, bubbles were accounted for separately 

according to three types: isolated, clustered, and pulsating. 

B. Experimental Setup 

The experimental data were obtained at the “High-

Temperature Circuit” Multi-Access Research Center. A 

description of the facility and the results of processing 

individual experiments are provided in [33, 34]. The 

automated high-speed video frame processing system 

developed in this study was tested using experimental data 

for water bubble boiling, characterized by a subcooling of 

23–103 K at a pressure of 0.29 MPa, on a technically 

smooth (machined) steel surface with a maximum 

roughness of 4 μm, and at an average flow velocity of 

0.52 m/s. 

Videography of the vapor structures on the heater 

surface was performed through the opposite transparent 

channel wall and a 3 mm layer of water. One or two high-

power LED lamps were used for illumination. The light 

passed through the same transparent wall from above and 

below the camera at an angle of approximately 45° to the 

heater surface. This configuration created one or two glares 

on each isolated bubble and, due to the scattered light 

component, made it possible to distinguish the overall 

structure of the background and vapor cavities. 

A Phantom V2012 high-speed camera was used for 

filming, with a resolution of 5.5 µm per pixel. This setup 

allowed for the recording of bubbles with a size of 

approximately 10 µm and larger. Frame rates of up to 

350 000 Hz were available at a resolution of 128×128 

pixels. However, preliminary video analysis established 

that no bubbles with a lifetime of less than 10 µs were 

observed; it was therefore decided to reduce the frame rate 

to 180 000 Hz. This allowed for capturing frames with a 

size of 256×256 pixels, corresponding to a 1.4 mm × 1.4 

mm area on the heater surface plane. The size of individual 

bubbles on the surface did not exceed 0.3 mm. 

For subsequent image segmentation and vapor structure 

identification, frames were extracted from the video of 

each experiment, covering the period from the appearance 

of the first bubble, ONB  (Onset of Nucleate Boiling) until 

the moment when vapor agglomerates detached from the 

surface, moved out of the depth of field, and began to 

obscure other bubbles nucleating on the surface.  

C. Neural Network-Based Segmentation 

The identification system was based on the DenoiSeg 

neural network architecture [31], which exists in two 

forms: as a plugin for ImageJ and as a Python module. This 

work utilized the ImageJ plugin, extended with a macro for 

batch processing of video frames. The DenoiSeg neural 

network is a U-Net architecture with four outputs, three of 

which are dedicated to segmentation, and the fourth to 

denoising. The target output for the denoising branch is 

generated automatically, and this output is used for training 

on unlabeled images. This process adjusts the network's 

weights that constitute the feature maps, ultimately 

improving the segmentation results as well. 

Our analysis, based on training the network on diverse 

experimental video datasets, indicates that a segmentation 

accuracy of ≥95% requires a model specialized for a single 

surface type. For a given surface, the training data can 

encompass variations in key parameters such as flow 

subcooling, heater temperature rise rate, and video capture 

settings (illumination, focus, exposure, framing). The total 

training dataset comprised 491 images, of which 68 were 

annotated. Another 35 annotated images were used for 

validation and to prevent network overfitting. 

When tested on boiling frames from a structured 

surface, the model trained on data from a technically 

smooth surface detected approximately 70% of bubbles. 

While the Python implementation of the DenoiSeg model 
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allows for adaptation or fine-tuning to address this, the 

ImageJ plugin version lacks this functionality. Training a 

new model from scratch for the structured surface is 

therefore a viable alternative, especially since the process 

required less than 10 hours on a PC equipped with a single 

NVIDIA GeForce RTX 4060 Ti GPU. 

Figure 1 provides an example of the visual validation of 

the trained model, showing a comparison of the original 

frames with their corresponding manually labeled frames 

and the frames obtained via segmentation by the trained 

neural network. Although noticeable differences exist 

between the manual labeling and the results of the 

automatic segmentation, the statistical characteristics of 

the bubbles do not exhibit significant distortion. 

Furthermore, in the frames marked with numbers 1, 2, 

and 3, the neural network detected even small bubbles. In 

the left part of the original frame 3, optical distortions are 

present, caused by the movement of fluid layers at different 

temperatures, which had developed during the slow 

heating process. This did not hinder the automatic 

identification of bubbles in this area. Frame 4 features large 

bubbles with a pronounced dry spot area, where the heater 

surface is visible without any distortion. The neural 

network misidentified these areas as background. 

Nevertheless, the overall error rate across various 

conditions ranged from 0.5 to 5%. 

D. Bubble detection and cataloging 

The next step after image segmentation was to compile, 

for each experiment, a list of all bubbles that existed from 

the onset of vapor generation until the detachment of large 

vapor agglomerates. The characteristics determined for 

each bubble included its type, the coordinates of the center 

of mass of its two-dimensional image at the moment of 

nucleation, the initial and final frames, the maximum 

achieved size, lifetime, and nucleation frequency. 

The maximum achieved size (effective diameter) Dj of 

an individual bubble was determined based on the 

maximum area Aj reached during its lifetime: 

4 j

j

A
D =


.  (1) 

The bubble lifetime, in seconds, was calculated as the 

lifetime in frames divided by the frame rate. Since bubble 

interactions made re-nucleation at the same site infrequent, 

determining the waiting time for each individual bubble 

was not feasible. Therefore, the nucleation frequency fj of 

an individual bubble was defined as the reciprocal of its 

lifetime. 

These individual characteristics were determined by 

analyzing the intersections of regions (objects) marked as 

vapor (white) across consecutive frames, starting from the 

frame preceding the appearance of the first bubble. Three 

bubble types were identified: isolated (also referred to as 

single), clustered, and pulsating. 

An isolated bubble is the most common type 

considered in the majority of boiling models. It refers to a 

bubble that nucleates in an area not occupied by other 

bubbles due to the accumulation of sufficient surface 

superheat near an active site, undergoes phases of 

hydrodynamic and thermal expansion, then shrinks and 

either condenses on the surface or detaches. 

In image processing, an isolated bubble is 

algorithmically defined as a continuous sequence of 

segmented objects that do not undergo merging or splitting. 

The sequence must satisfy two criteria: 1) the intersection 

between two consecutive objects is non-empty, and 2) the 

displacement of their centroids does not exceed 5 pixels. 

This threshold, corresponding to a velocity of 

approximately 5 m/s, was determined through visual 

inspection of the video dataset. The first object in such a 

sequence has no intersection with any object in the 

preceding frame. 

Clustered bubbles are defined by their participation in 

interactions such as merging, splitting, or rapid 

displacement. These processes enable vapor and heat 

exchange between bubbles, so a bubble's size may no 

longer directly reflect the energy received from the heater 

alone. While touching yet distinct bubbles can be identified 

during manual frame-by-frame analysis, they appear as a 

single, irregularly shaped region in a segmented binary 

image, representing a bubble cluster. 

Unlike an isolated bubble, a cluster exhibits three critical 

features that affect its contribution to heat transfer models: 

1) internal vapor and heat transfer, 2) a complex, non-

spherical shape with a thickness significantly smaller than 

its in-plane diameter, and 3) a shortened effective lifetime, 

typically confined to the interval between interactions. 

A pulsating bubble is defined by its resumption of 

growth after beginning to shrink, undergoing multiple such 

cycles until it is displaced or absorbed by a cluster. It 

typically attains a smaller maximum size and exhibits a 

lower growth rate compared to an isolated bubble at the 

same nucleation site. This is because, lacking a dormant 

phase for energy accumulation, it cannot initiate the rapid 

hydrodynamic growth and micro-layer evaporation 

characteristic of an isolated bubble. Consequently, an 
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individual pulsating bubble transfers less heat. Despite this, 

the collective contribution of pulsating bubbles to the total 

heat flux can be significant, as their small and stable sizes 

allow for high surface packing density. 

In automated processing, a pulsating bubble is identified 

similarly to an isolated one, with a key distinction: the 

sequence starts from an object intersecting a single, 

shrinking bubble from the previous frame. Consequently, 

each growth-shrinkage cycle was logged as a separate 

“bubble” entry in the dataset. 

E. Calculation of Time-Dependent, Averaged Boiling 

Characteristics 

Surface cavities contribute to the population of active 

nucleation sites as the increasing surface temperature 

expands the range of permissible curvature radii [35]. 

However, they can be activated earlier upon contact with 

another bubble. On the other hand, once the required 

surface temperature is reached, a bubble might be absent 

from a nucleation site for a stochastic waiting period. 

Furthermore, on an engineered surface, the spatial 

distribution of cavities with different curvature radii is 

random. For these reasons, even the most precise bubble 

count on a single frame from a small surface area does not 

provide reliable data on the overall nucleation site density 

on the heater at a given temperature. Further increasing the 

camera's field of view is only possible by reducing the 

frame rate. Therefore, the hypothesis of equivalence 

between spatial and temporal averaging with a certain time 

step was adopted; that is, the ergodicity of the bubble 

system on the heater surface was assumed. The temporal 

averaging window, t , must exceed the average bubble 

lifetime (approximately 0.03 ms) and be less than the time 

required for the surface temperature to increase by 10 K 

(0.5 ms at a surface temperature rise rate of 20 K/ms).  

The boiling characteristics in each individual 

experiment were calculated for time instances 𝑡 ∈

[τ𝑂𝑁𝐵 +
Δ𝑡

2
, τ𝑂𝑁𝐵 + Δ𝑡1, τ𝑂𝑁𝐵 +

Δ𝑡

2
+ 2Δ𝑡1, τ𝑂𝑁𝐵 +

Δ𝑡

2
+

3Δ𝑡1, … , τ𝑂𝑆𝑉 −
Δ𝑡

2
 ], where 

1  t t   . This study used 

values of 0.55t =  ms and 
1 0.16t =  ms. Statistical 

processing was performed for four bubble categories: S – 

single (isolated), C – cluster, P – pulsating, A – all. The last 

category is the union of the first three. The processing 

yielded the following time-dependent functions: 

nucleation site density, Na,l (t), maximum diameter, Dm,l (t), 

nucleation frequency, fb,l (t) and fraction of surface area 

occupied by bubbles, Fv,l (t), where  , , ,l S C P A . The 

values of these functions for each bubble category l and 

time t were determined based on a sublist Jl (t), comprising 

all bubbles of category l present in at least one frame from 

( )0
2

c

t
i t t f

 
= − 
 

 to ( )1 1
2

c

t
i t t f

 
= + − 
 

, where fc is the 

frame rate. Henceforth in this subsection, the index l is 

omitted for brevity, as the processing was performed 

identically and independently for each category. 

When compiling the sublist of bubbles for the category 

under consideration, the value ( )jp t  – the fraction of 

frames within the interval  0 1 ),( ) (t i ti , in which the bubble 

with index j was present – was calculated for each j-th 

bubble. Note that 1(  )0 jp t  . The nucleation site density 

at time t is simply the sum of ( )jp t , divided by the frame 

area Ac: 

( )
( )

( )
1

1
J t

a j

jc

N t p t
A =

=  .  (2) 

In particular, if all J (t) bubbles existed throughout the 

entire considered interval, then 
(

( )
)

a

c

J t
N t

A
= . If all J (t) 

bubbles appeared strictly sequentially from a single 

nucleation site, then )
1

(a

c

N t
A

= . 

When calculating the averaged maximum diameter 

values, the maximum diameter of each bubble was 

multiplied by a weighting factor equal to 
3( )j jp t D , because 

the amount of heat transferred from the heater surface to 

the liquid during the formation and subsequent 

condensation of a given bubble is approximately 

proportional to its volume. Thus, 
( )

4

1

( )
3

1

( )

( )

( )

J t

j j

j

m J t

j j

j

p D

D

t

t

p Dt

=

=

=





.  (3) 

The nucleation frequency, as a characteristic of an 

individual bubble, was also averaged using a weight 

proportional to its volume and presence fraction ( )jp t : 

( )
3

1

( )
3

1

( )

( )

( )

J t

j j j

j

b J t

j j

j

p f D

f

t

t

tp D

=

=

=





.  (4) 
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Fig. 1. Validation of individual video frame segmentation results. Raw: original frames, gt: manually labeled ground truth, 

NN-result: neural network segmentation result. Experimental conditions: 1, 2 – ΔTsub = 53 K, dT/dt = 3600 K/s; 3 – 

ΔTsub = 103 K, dT/dt = 330 K/s; 4 – ΔTsub = 23 K, dT/dt = 9900 K/s. 
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The areas occupied by individual bubbles in a single 

frame are non-intersecting segments. However, when 

determining the surface area involved in the heat transfer 

process due to boiling, each bubble was considered with 

the maximum area it achieved during its lifetime. At the 

stage of statistical processing of the bubble list, 

information about the shape of the region covered by the 

bubble at that moment was unavailable, and it was 

approximated as a circle with a diameter Dj. Such circles 

with maximum diameters for different bubbles can 

overlap, and this must be accounted for. 

To estimate the fraction of area occupied by bubbles as 

accurately as possible, a two-dimensional array 

corresponding to all pixels in the frame was created. The 

array was initialized with zeros. Then, for each bubble 

from J (t) the value ( )jp t  was added to all array elements 

corresponding to pixels within the circle of diameter Dj 

centered at the bubble's center of mass, with the constraint 

that no element value could exceed 1. Subsequently, ( )vF t  

was calculated as the sum of all elements in this array, 

divided by the total frame area in pixels. 

IV. RESULTS 

To validate the developed automated video data 

processing system, its results were compared with those 

previously obtained through manual processing. For 

comparison, two experiments with a high surface 

temperature rise rate (12 000–16 000 K/s) and flow 

subcooling of Tsub = 23 K and 103 K were selected. 

The manual processing was conducted as follows. In 

each experiment, approximately 10 key frames (KF) were 

selected during the initial phase of nucleate boiling. For 

each key frame, a list of bubbles present in it was compiled. 

For each bubble, its lifetime, maximum diameter, and type 

(isolated, clustered, or pulsating) were determined by 

reviewing the video forward and backward from the key 

frame. The values of nucleation site density, maximum 

diameter, nucleation frequency, and the fraction of surface 

area occupied by bubbles of each type and the generalized 

“All” category were determined using formulas analogous 

to those in the previous section, with pj(t) = 1.  

As is seen in Fig. 2(a, b), the total number of bubbles of 

all types aligns almost exactly between the automated and 

manual processing methods. An exception is the Na values 

for 0.8ONB−   ms at 103subT =  K, where manual 

processing yields higher values. This discrepancy is 

associated with differences in handling clustered bubbles: 

during automated processing, an entire cluster of touching 

bubbles was counted as a single bubble, whereas during 

manual processing, bubbles distinguishable in the original 

frame were counted as separate bubbles of the clustered 

type. The results of the automated processing, covering a 

longer time period, allow for determining the limiting 

value of nucleation site density at which saturation occurs. 

For both experiments considered, this value was 

approximately 90 mm–2.  

The fraction of the heater surface area occupied by 

bubbles of all types (Fig. 2 (c, d)), and particularly by 

clustered bubbles, is on average higher in the manual 

processing results compared to the automated results. The 

total area occupied by a bubble cluster might have been 

overestimated during manual processing because the area 

of each bubble within the cluster was calculated as the area 

of a circle with a diameter equal to the bubble's largest 

visible dimension. Although the overlap of these circles 

was accounted for, the actual overlap might have been 

greater. Furthermore, as seen in Fig. 2 (a, b, c, d), the 

automated processing attributes a higher relative 

contribution to pulsating bubbles and a lower one to single 

bubbles compared to the manual processing. This is 

because bubbles that did not fully condense but underwent 

a sharp change in size or structure during the transition 

from shrinking to growing were classified as single in the 

manual processing, whereas in the automated processing 

they were identified as pulsating. 

The averaged maximum bubble diameter (Fig. 2 (e, f)) 

shows close agreement between the manual and automated 

processing results, especially for the combined category of 

all bubble types. Clustered bubbles in the automated 

processing reach larger sizes within the same time interval, 

which is associated with the distinction between treating an 

entire cluster as a single entity versus individual bubbles 

within a cluster. The discrepancy between these two 

approaches could have been significantly more 

pronounced if Dm represented a simple arithmetic mean. 

The use of a weighting function proportional to the bubble 

volume during averaging renders small bubbles within a 

cluster negligible compared to the single bubble that 

absorbed them upon merging. The differences in Dm values 

for isolated and pulsating bubbles obtained manually and 

via neural networks are not unidirectional, as they are 

linked to the differences in bubble type classification. 

The most significant discrepancies between the manual 

and automated processing are observed in the nucleation 

frequency values (Fig. 2 (g, h)). In principle, a close match 
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Fig. 2. Verification of neural network (NN) results against manual key frame (KF) analysis for bubble statistics at flow 

subcoolings of 23 K (a, c, e, g) and 103 K (b, d, f, h). Compared parameters: (a, b) nucleation site density, aN ; (c, d) surface area 

fraction, vF  ; (e, f) maximum diameter, mD ; (g, h) nucleation frequency, bf . 
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for this parameter could only be expected for isolated 

bubbles. For clustered bubbles, the manual processing 

yields the lifetime of individual bubbles within a cluster, 

which characteristically shows little difference from the 

lifetime of single bubbles. In contrast, the automated 

processing for clustered bubbles essentially provides not 

the nucleation frequency, but the frequency of interactions. 

The lifetime and nucleation frequency of pulsating bubbles 

were not determined in the manual processing. In the 

automated processing, this value corresponds to the 

pulsation frequency. 

Thus, the observed discrepancies are minor and largely 

attributable to differences in the definition of clustered and 

pulsating bubbles. It should also be noted that, due to the 

use of temporal averaging over the interval ∆𝑡 and the 

presence fraction pj (t) for each bubble within this interval 

in the automated processing, the values of the flow 

characteristics at the specific time t, corresponding to a key 

frame could not exactly match the characteristics derived 

solely from that key frame, even if the characteristics of 

individual bubbles had been identified identically. Owing 

to this temporal averaging, the results of the automated 

processing provide a more accurate representation of the 

boiling characteristics averaged over the entire heater 

surface than the results of the manual processing. 

V. DISCUSSION AND CONCLUSIONS 

This study has developed and validated an automated 

system for quantifying bubble dynamics in non-stationary 

nucleate boiling on an opaque surface. By integrating the 

DenoiSeg convolutional neural network for robust 

segmentation in reflected light with a novel tracking 

algorithm, the system reliably extracts time-dependent 

characteristics (nucleation site density, area fraction, 

maximum diameter, and nucleation frequency), while 

classifying bubbles into isolated, clustered, and pulsating 

types. 

Methodological Validation: Comparison with manual 

key frame analysis confirmed the system's accuracy. The 

principal discrepancies are attributed to the more consistent 

and physically-grounded definitions of bubble interactions 

within the automated algorithm. Its primary advantage is 

the ability to process large datasets, yielding statistically 

robust results and enabling trend analysis that is infeasible 

manually. 

Physical Insights: The analysis confirms the significant 

prevalence of clustered and pulsating bubbles across all 

tested conditions. Crucially, the automated processing 

revealed previously obscured trends, such as the distinct 

evolution of bubble diameters: while the maximum 

diameter of clustered and pulsating bubbles increases with 

surface heating, that of isolated bubbles decreases due to 

heightened nucleation site density. This underscores the 

necessity of accounting for bubble type in heat transfer 

models. 

Method Extendibility: The developed framework is 

inherently adaptable. By training the model on new or 

augmented datasets, it can be applied to segment boiling 

on structured surfaces or under different system conditions, 

such as pressure, flow velocity, heater temperature rise 

rate, and flow subcooling. The subsequent feature 

extraction would follow the same validated pipeline, 

ensuring consistency. Applying this methodology to large-

scale data collection will enable the systematic 

identification of key differences in boiling behavior across 

various surfaces and conditions, distinguishing 

fundamental trends from stochastic fluctuations. 

In conclusion, we have developed and validated an 

automated tool that enables detailed, physics-based 

analysis of non-stationary boiling. This methodology paves 

the way for creating the large, consistent datasets required 

to refine heat transfer correlations for complex boiling 

regimes. 
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