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 A B S T R A C T

The flow within adhering droplets subjected to external shear flows influences their stability and eventual 
detachment. Particle image velocimetry (PIV) is commonly used to measure the internal velocity fields, but 
requires distortion correction to account for refraction at the curved gas–liquid interface. Currently available 
correction methods based on ray tracing are limited to low external flow velocities and insignificant interface 
deformations. However, an extension to arbitrarily deformed droplet shapes is feasible if the instantaneous 
three-dimensional interface shape can be acquired. In the present work, a gas–liquid interface reconstruction 
by means of deep learning is applied to determine the instantaneous interface of adhering droplets in external 
shear flows. In this regard, an optical measurement technique based on the shadowgraphy method is employed 
that encodes additional three-dimensional (3D) information of the interface into the images via color-coded 
glare points from lateral light sources. On the basis of the images recorded in the experiments, the volumetric 
shape of the droplet is reconstructed by a neural network trained on the spatio-temporal interface dynamics 
from a synthetic dataset obtained by numerical simulation. The results of experiments with adhering droplets 
at different external flow velocities demonstrate that the combination of the learned droplet geometry with 
the depth encoding through the color-coded glare points facilitates a robust and flexible reconstruction. The 
proposed method reconstructs the instantaneous three-dimensional interface of adhering droplets at both high 
resolution and spatial accuracy and thereby enables the distortion correction of PIV measurements also at high 
external flow velocities.
1. Introduction

The internal flow within droplets or bubbles plays an important 
role in numerous different multiphase flow phenomena, such as droplet 
dispersing, adhering droplets subjected to external flows, the evapora-
tion or freezing of droplets, and bubble flow among others. Particle 
image velocimetry (PIV) is commonly employed in the investigation 
of multiphase flows to reveal internal flows. Karlsson et al. (2019) 
used PIV to visualize the flow patterns and measure velocities inside 
freezing droplets. The authors found that Marangoni effects, which 
arise due to temperature differences in and around the droplet during 
freezing, induce a flow inside the droplet. Kinoshita et al. (2007) 
revealed the complex three-dimensional circulation patterns within a 
moving droplet in a microchannel using micro-PIV. Later, Duxenneuner 
et al. (2014) investigated the flow inside and around a droplet during 
liquid–liquid dispersion using micro-PIV and revealed the existence of 
a flow inside the droplet in main flow direction as well as a vortex 
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flow around the droplet. By means of PIV measurements Minor et al. 
(2009) and later Burgmann et al. (2021) have found that there is a 
complex interaction between the internal and external flow of adhering 
droplets, that is dependent on interface tension and the oscillation of 
both phases.

Adhering droplets in external flows occur in many technical ap-
plications, for instance in cleaning and drying processes (Thoreau 
et al., 2006; Seevaratnam et al., 2010), oil recovery (Thompson, 1994; 
Schleizer and Bonnecaze, 1999; Gupta and Basu, 2008; Madani and 
Amirfazli, 2014), heat exchangers (Korte and Jacobi, 2001; Kandlikar 
and Steinke, 2002; Wang et al., 2022), airfoil icing prevention (Karlsson 
et al., 2019) and in fuel cells, where a removal of the droplets is 
crucial for an efficient operation (Theodorakakos et al., 2006; Kumbur 
et al., 2006; Esposito et al., 2010; Burgmann et al., 2013). The flow 
around the droplet eventually leads to a detachment of the droplet from 
the solid surface at critical conditions, which occur when the external 
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Fig. 1. Visualization of an adhering droplet subjected to an external shear flow; time-
averaged flow topology inside the droplet and in the external flow (left), droplet and 
flow oscillation (right).
Source: Figure adapted from Burgmann et al. (2021).

forces acting on the droplet become greater than the adhesion of the 
liquid droplet to the surface (Fan et al., 2011; Fu et al., 2014; Bar-
wari et al., 2019; Burgmann et al., 2021). Several investigations have 
revealed an intricate interaction of the droplet with the surrounding 
flow. The droplet deforms (Gupta and Basu, 2008; Seevaratnam et al., 
2010; Barwari et al., 2018) and additionally oscillates, when subjected 
to external shear flows (Zhi-yong et al., 2006; Burgmann et al., 2018b). 
It was shown that the contact angle hysteresis of the substrate and the 
droplet volume have an influence on the critical velocity for droplet 
detachment (Dussan, 1987; Kumbur et al., 2006; Barwari et al., 2019).

Previous investigations based on PIV-measurements revealed that 
the internal flow within the droplet is relevant to understanding the 
mechanism of droplet detachment. It was found that the internal flow 
follows the main flow direction of the external flow (Duxenneuner 
et al., 2009) and exhibits a clockwise rotational flow pattern (Minor 
et al., 2009). Minor et al. (2009) deduced that the secondary flow inside 
a droplet is induced by shear forces on the interface resulting from 
the external flow. Burgmann et al. (2018b,a) confirmed the findings 
of a clockwise vortex at low external flow velocities but also found 
an additional counterclockwise rotation at higher flow velocity that 
becomes dominant when approaching the critical velocity. Further-
more, the authors found an oscillation of the droplet with increasing 
amplitude toward higher external flow velocities. Burgmann et al. 
(2021) proposed that the droplet detachment is associated with a 
self-excitation process resulting from the oscillation of the gas–liquid 
interface, as well as the oscillation of the inner flow structure and 
the flow field around the droplet. The authors demonstrated that an 
emerging backflow region at higher external flow velocities induces the 
change in the flow pattern within the droplet and that the wake flow 
oscillates with the same frequency as the droplet. Later, Burgmann et al. 
(2022) found that the coupling of the internal and external flow leads 
to increased flow separation in comparison to rigid bodies and, con-
sequently, a higher pressure force driving droplet detachment. Bilsing 
et al. (2025) measured the internal three-dimensional (3D) flow field 
by means of microscopic particle tracking velocimetry (PTV) through a 
transparent substrate from below and thereby revealed that the internal 
flow topology consists of multiple 3D vortical structures that change 
drastically depending on the external flow velocity. In experiments 
with rigid droplet models, Zhang et al. (2021) found that the external 
flow topology is significantly influenced by the shape of the adhering 
droplet. Consequently, a better understanding of the droplet deforma-
tion is required for any future investigation of the external flow. A 
visualization of the flow phenomena inside and around the droplet 
is shown in Fig.  1. The mutual dependence of wake flow, contour 
oscillation, and internal flow structure influences the stability of the 
droplet and eventually leads to the detachment of the droplet at critical 
conditions. While there has been significant scientific progress in recent 
years, the exact mechanism of droplet detachment still remains to be 
fully understood. Therefore, further experiments are required to obtain 
a better analytical model of droplet stability that accounts for aeroelas-
tic effects and, consequently, allows for a more accurate prediction of 
the onset of droplet motion.

Despite the extensive use of PIV and micro-PIV measurements for 
the investigation of multiphase flows it is well known that refraction 
at the curved gas–liquid interfaces causes a distortion of the measured 
velocity fields (Karlsson et al., 2019; Kang et al., 2004; Minor et al., 
2 
2007). The gas–liquid interface acts as a convex lens that refracts the 
light that is emitted from seeded particles within the droplet, which 
are illuminated by a light sheet (Kang et al., 2004). The refraction at 
different incident angles along the curved interface leads to a spatially 
inhomogeneous distortion, characterized by a large magnification in 
the center and an increasing warping toward the contour of the droplet. 
As a consequence, the topology of the internal flow is represented 
falsely in uncorrected PIV measurements. While a measurement from 
below avoids the distortion by the curved interface of the droplet (Bils-
ing et al., 2025), most substrates of interest for the technical application 
are optically opaque and, therefore, inaccessible by this method. Kang 
et al. (2004) and later Minor et al. (2007) developed a method for 
distortion correction that employs ray tracing to derive a mapping 
function between the image plane and the object plane, i.e. the illumi-
nated particles in the light sheet. This mapping function can be applied 
to the PIV images or the measured velocity fields directly to reverse 
the distortion and thereby significantly increase the accuracy of the 
measurement.

In the method introduced by Kang et al. (2004) the contour of the 
droplet is detected from shadowgraph images and, subsequently, the 
three-dimensional droplet interface is obtained under the assumption 
of axisymmetry. To derive the mapping function between the image 
plane and the object plane, normally incident light rays on the image 
plane are traced to the droplet’s interface, where the refraction is 
calculated by Snell’s law. Through this method up to 80% of the inter-
nal flow field can be retrieved successfully, depending on the relative 
refractive indices of the considered fluids. Close to the contour, the 
retrieval of light from within the droplet is inhibited by total internal 
reflection and, consequently, the velocity field cannot be measured in 
these regions. Minor et al. (2009) demonstrated the applicability of 
the ray-tracing correction for micro-PIV measurements of the internal 
velocity field within an adhering droplet subjected to an external flow. 
Due to drag forces acting on the gas–liquid interface, the shape of 
the droplet deviates significantly from the assumed axisymmetrical 
shape. The authors stated that adaptive droplet shape approximations 
are required to reach a higher degree of accuracy for the deformed 
droplet shape.  Burgmann et al. (2022) further underlined that the 
oscillating contour of adhering droplets at higher external flow ve-
locities hinders an application of the ray-tracing method. A possible 
solution for the correction of the dynamic aberration by means of 
adaptive optics was recently introduced by Bilsing et al. (2024). This 
method, however, relies on a sophisticated optical system and has been 
tested only for a relatively flat droplet and low oscillation amplitude 
so far. Conversely, the ray-tracing method for distortion correction 
can be expanded straightforwardly to arbitrary droplet shapes, if the 
instantaneous three-dimensional shape of the gas–liquid interface can 
be acquired. Therefore, the reconstruction of the 3D interface in con-
nection with laser-optical flow measurements inside the drop represents 
the next step toward gaining a deeper understanding of the internal 
flow and detachment process of adhering droplets.

For the volumetric reconstruction of interfaces in two-phase flows, 
various methods based on different optical measurement techniques 
have been proposed. Moreover, reconstruction algorithms can be
broadly categorized into physics-based methods using analytical mod-
els, multi-view methods, and data-driven methods. Higashine et al. 
(2008) reconstructed the 3D gas–liquid interface shape of droplets 
deformed by gravitational or centrifugal forces through an analyti-
cal model based on the three-dimensional Laplace equation. Further 
analytical models considering the balance between gravitational and 
surface tension forces (Furmidge, 1962; Extrand and Kumagai, 1995; 
ElSherbini and Jacobi, 2004) and the minimization of total free en-
ergy (Carre and Shanahan, 1995) were proposed. While such analytical 
models reach a good agreement with experimental results, only the 
equilibrium state is considered, thus limiting their application to static 
droplets or those in uniform motion. Furthermore, most analytical 
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models require an accurate measurement of the advancing and reced-
ing contact angles. For bubbles with limited deformation, the shape 
of the gas–liquid interface can be approximated as an ellipsoid and 
reconstructed by fitting shadowgraphy contours in one (Tomiyama 
et al., 2002) or multiple orthogonal views (Fujiwara et al., 2004; 
Honkanen, 2009) with elliptical cross sections. Ríos-López et al. (2018) 
reconstructed a sliding droplet from orthogonal top and side views 
through a polynomial fit to the shadowgraphy contours under the 
assumption of plane symmetry. The reliance on the top view, however, 
introduces errors for droplets on hydrophobic substrates, due to a self-
occlusion of the interface. For the 3D reconstruction from 2D images, 
a multitude of conventional methods have been developed, including 
structure from motion (Longuet-Higgins, 1981), visual hull (Lauren-
tini, 1994), space carving (Kutulakos and Seitz, 1999), and filtered 
backprojection (Feldkamp et al., 1984). Fu and Liu (Fu and Liu, 
2018) employed the space carving technique for the reconstruction of 
bubbles from contours imaged in four different viewpoints. In order to 
improve reconstruction accuracy, the reconstructed hull was smoothed 
by spline fits on multiple cross sections to emulate the effects of surface 
tension. Masuk et al. (2019) extended this approach by the introduction 
of virtual cameras, which project the reconstructed hull to novel views, 
in which high curvature regions were iteratively smoothed. While 
allowing for an accurate interface reconstruction, the aforementioned 
reconstruction techniques generally rely on multiple viewpoints, which 
can be impractical in experiments where optical access is restricted. In 
contrast, single-view approaches provide the benefits of easier setup 
and calibration, along with a more cost-effective experimental ap-
paratus. Recent advances in deep learning reconstruction techniques 
offer a promising alternative for applications in which parts of the 
droplet dynamics are inaccessible by measurement, due to limited 
optical access, dynamic interfaces, complex contact lines on structured 
or porous surfaces, or self-occlusion. Current data-driven monocular 
reconstruction methods include voxel-based (Girdhar et al., 2016; Wu 
et al., 2016), point cloud (Fan et al., 2017; Lin et al., 2018) and mesh-
based (Wang et al., 2018), and implicit representations (Chen and 
Zhang, 2019; Park et al., 2019; Mescheder et al., 2019; Saito et al., 
2019), as well as neural rendering techniques (Niemeyer et al., 2020; 
Mildenhall et al., 2020). Commonly, a neural network is trained to rep-
resent a deformable 3D geometry using large paired datasets of input 
images and corresponding 3D shapes. The prior knowledge obtained 
from the training data is used to resolve ambiguities in the input data, 
which enables an accurate 3D reconstruction from monocular images. 
However, monocular shadowgraphy recordings provide only limited 
information about the 3D shape of gas–liquid interfaces, particularly 
in the depth direction, which provides little support for data-driven 
reconstruction techniques. Therefore, the scope of the present work 
is the application of a data-driven reconstruction technique based 
on an extended shadowgraphy with additional glare points that was 
previously introduced by the authors (Dreisbach et al., 2024). The 
basis for the volumetric reconstruction are images obtained through a 
purposefully developed optical measurement technique, in which color-
coded glare points are used in combination with the shadowgraphy 
technique in order to embed additional three-dimensional information 
of the gas–liquid interface in the images. Subsequently, the droplet 
shape is reconstructed from the images by a neural network, which 
is trained for the physically correct reconstruction of the gas–liquid 
interface on numerical data. The accuracy of the proposed technique 
is first evaluated by the reconstruction of synthetic image data and, 
subsequently, the robustness of the reconstruction is investigated in 
experiments with increasingly deformed oscillating droplets.

2. Methodology

A neural network that was developed for the volumetric reconstruc-
tion from monocular images (Saito et al., 2019) is trained by supervised 
learning on a labeled dataset of droplet images and the respective 
3 
Fig. 2. Sketch of the measurement setup. Indicated are the scattering angle 𝜃 and the 
elevation angle 𝛷 of the lateral light sources that determine the glare point behavior.

three-dimensional gas–liquid interface shapes. Numerical simulation 
provides suitable ground truth data of the gas–liquid interface that 
allows for the encoding of a physically correct model of the adhering 
droplet dynamics within the neural network. However, the numerical 
simulation and the images obtained in the experiments do not perfectly 
agree due to differences in the initial conditions, uncertainty in the 
experiments, and errors from modeling and numerical approximations. 
This matching problem between experiment and simulation is resolved 
by synthetic image rendering on the basis of gas–liquid interface shapes 
extracted from the results of the numerical simulation. In that regard, 
the optical setup of the experiments is reproduced accurately in a 
rendering environment that allows for physically correct ray tracing. 
Thereby, synthetic images can be generated that match the experi-
mental recordings in visual appearance and have an exact substantive 
correspondence to the numerical ground truth. The neural network 
is trained for the physically correct reconstruction of the adhering 
droplet dynamics on the synthetic dataset and then employed for the 
reconstruction of real image data from the experiment.

In the following the fluid mechanical and optical setup of the 
experiments is presented in Section 2.1, which is followed by the 
description of the training data generation in Section 2.2. The method-
ology for the training of the neural network and the prediction from 
experimental recordings is detailed in Section 2.3 and the metrics used 
for the evaluation of the reconstruction performance are introduced in 
Section 2.4.

2.1. Experimental methods

In order to enable the volumetric reconstruction of the adhering 
droplet’s shape, an optical measurement technique that embeds ad-
ditional three-dimensional information in the images is employed. To 
that end, the previously introduced method by the authors (Dreisbach 
et al., 2023), which extends the canonical shadowgraphy technique by 
colored glare points from additional lateral light sources is employed.

Glare points are the bright spots visible on the gas–liquid interface 
of droplets and bubbles that are created when a beam of parallel light 
is scattered at the interface (van de Hulst and Wang, 1991). In the 
framework of geometrical optics, glare points occur at the exit points of 
any rays that are reflected or refracted on the interface at the particular 
scattering angle 𝜃. As the incoming light is partly reflected and partly 
refracted at the interface, a portion of the light travels through the 
droplet and is again partly refracted and partly reflected while exiting 
the droplet, which repeats indefinitely. In this context, the order 𝑝 of 
the glare point indicates the number of chords traveled through the 
droplet (Debye, 1908), with 𝑝 = 0 representing externally reflected rays, 
𝑝 = 1 transmitted rays undergoing two-fold refraction at the interface, 
and 𝑝 ≥ 2 rays that undergo two-fold refraction and internal reflection. 
The position of the glare points on the projected droplet interface is 
dependent on the order of the glare point, the scattering angle, and the 
relative refractive index between the gas and liquid phases. The size 
of the glare points depends on the divergence angle of the incoming 
light and the aperture diameter of the imaging optics. Consequently, 
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Fig. 3. Raw images recorded by the side camera (left) and the top camera (right). In 
both images, the main flow direction is from left to right.

multiple glare points of different orders can be visible simultaneously, 
and at certain ranges of scattering angles, certain glare points are not 
visible at all.

The optical setup of the glare-point shadowgraphy technique in-
troduced in Dreisbach et al. (2023), is adapted and integrated with a 
flow channel that allows for the investigation of adhering droplets in 
external shear flows at different fluid mechanical conditions.

Within the experimental arrangement, as shown in Fig.  2, a blue 
LED light is used as backlight for the shadowgraphy setup, which 
produces an accurate projection of the droplet’s contour in the im-
age. Additionally, two lateral red and green LED light sources are 
mounted at specific scattering and elevation angles with respect to 
the droplet in order to create colored glare points on the gas–liquid 
interface. Three high-power ILA_5150 LPSv3 LEDs with narrow-banded 
spectra and maxima in the visible spectrum at ∼455nm (blue), ∼521nm 
(green) and ∼632nm (red) are used as illumination sources. Given the 
smoothness of the phase boundary, pure interface reflection (𝑝 = 0) 
can be considered for the lateral glare points. An additional glare point 
resulting from the two-fold refraction of the backlight during entering 
and exiting the gas–liquid interface (𝑝 = 1) appears in the center of 
the droplet, as can be seen in Fig.  3. As the geometric setup of the 
light propagation is known, additional three-dimensional information 
of the gas–liquid is encoded in the position and the shape of the glare 
points as elaborated in previous work by the authors (Dreisbach et al., 
2024). The shadowgraph images of the adhering droplet with glare 
points are recorded by a 36-bit color dynamic range Photron Nova R2
equipped with a Nikon AF Micro Nikkor 2.8∕105 macro lens at 7500 
frames per second (fps) and 1280px × 512px resolution. Moreover, 
a second orthogonal viewpoint from the top is recorded to obtain 
reference images for the evaluation of the out-of-plane accuracy of the 
reconstruction. For that purpose, a 12-bit monochrome dynamic range
Photron Fastcam SA4 equipped with a Zeiss Milvus 2∕100M macro lens 
is used, which records at 3000 fps and 1024px × 1024px.

A flow channel with a 22mm × 22mm cross-section and 1010mm 
length, made of acrylic glass (PMMA), is used in order to provide full 
optical access. The water droplets are placed at the downstream end 
of the channel, where a fully developed laminar or turbulent flow can 
be ensured. The volume flow rate of the air flow is measured by a
Testo 6451 compressed air meter and adjusted by a pressure valve. In 
order to investigate the influence of different degrees of droplet motion, 
the bulk velocity of the air flow is varied in three discrete steps at 
𝑢B = 5.85m/s, 𝑢B = 7.58m/s, and 𝑢B = 8.32m/s, while the droplet 
volume is varied between 5 and 22 μl. The corresponding Reynolds 
numbers, with respect to the bulk velocity and the hydraulic diameter 
of the channel, lie in the range of 𝑅𝑒ch = 8500−12, 100.

The substrate on which the droplets are placed consists of PMMA, 
which is moderately hydrophilic with an advancing contact angle of 
85◦ and a receding contact angle of 44◦, measured by the tilting 
method (Maurer et al., 2016). Note that dynamic contact angles lower 
than 90◦ ensure that the top view on the contact line is never self-
obstructed by the droplet’s gas–liquid interface and thus a continuous 
tracking of the wetted area is possible. However, the low dynamic 
contact angles necessitate an adjustment of the lateral light sources to 
an elevation angle of 60◦ in order to ensure the occurrence of glare 
points on the gas–liquid interface in all frames.
4 
Fig. 4. Ground truth gas–liquid interface extracted from numerical simulation (left) 
and corresponding synthetically rendered image (right).

2.2. Training dataset

The data used to train the neural network for the reconstruc-
tion of the adhering droplet’s interface is obtained from numerical 
simulations conducted with the customized solver hysteresisInterFoam
implemented in the open-source computational fluid dynamics (CFD) 
software OpenFOAM®. The solver uses the algebraic volume of fluid 
(VoF) method and is customized to allow for the pinning of the contact 
line by means of a contact angle adjustment (Krämer et al., 2021). 
Surface tension is modeled as a body force by the continuum sur-
face force (CSF) model (Brackbill et al., 1992). The geometry used 
in the simulation model is a channel of rectangular cross-section. At 
the channel walls, the no-slip boundary condition and at the outlet 
the total pressure boundary condition is used. For the lower wall, 
the contact angle boundary condition is applied using the modified 
contact line treatment mentioned before. A block-structured grid with 
approximately 770,000 cells is used. Cell expansion is applied to refine 
the mesh close to the bottom wall. The same numerical schemes as 
in Krämer et al. (2021) are used in the current work. In agreement with 
the experiments, the simulation features a 20 μl water droplet deposited 
on a PMMA substrate in a fully developed turbulent channel flow at 
𝑅𝑒ch = 8500 (Krämer et al., 2021; Burgmann et al., 2022). In order to 
reduce the computational requirements, the fully developed turbulent 
velocity profile measured in the experiments by Barwari et al. (2019) 
is defined at the inlet and laminar flow calculations are performed. 
The average numerical time step is 𝛥𝑡 ≈ 1 ms and a total of 1.1 s are 
simulated. The droplet is discretized by approximately 20 cells in the 
vertical direction and 17 cells in the streamwise and spanwise direction. 
The gas–liquid interface of the droplet is retrieved at each time step by 
extracting isosurfaces of the volume fraction at 𝛼 = 0.5.

In order to accurately simulate the glare point behavior, smooth 
surface meshes with a sufficiently high resolution are required. For 
that purpose, the resolution is increased by three consecutive iterations 
of mesh subdivision using linear interpolation (Dyn and Levin, 2002), 
followed by a smoothing of the mesh with the Taubin filter (Taubin, 
1995) for 50 iterations. The quality of the smoothed meshes is assessed 
by plotting the mean curvature distribution over the interface and 
comparison to the original meshes to ensure that no additional sharp 
radii were introduced during mesh processing. While this smoothing 
procedure might affect the global shape of the droplet interface, this 
effect was found to be negligibly small. Furthermore, synthetic image 
generation by means of rendering ensures the exact correspondence of 
the 2D images and the 3D meshes, such that the neural network can 
learn to accurately reconstruct the instantaneous, physically accurate 
interface shape from images in the experiment.

In previous work, the authors introduced a rendering setup for the 
generation of synthetic images in the rendering environment Blender
(Blender Online Community, 2018) with the LuxCore (Bucciarelli et al., 
2018) package, which allows for physically correct ray tracing (Dreis-
bach et al., 2024), see also (Dreisbach, 2025, pp. 61–68). This rendering 
setup is adapted to accurately reproduce the optical setup of the exper-
iments and is subsequently employed to generate synthetic glare-point 
shadowgraph images for each surface mesh.
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Fig. 5. Sketch of the PIFu neural network architecture. First, a convolutional hourglass network is used to extract pixel-aligned features  (𝑥, 𝑦) from the input images, which are 
then forwarded to a second network (MLP) alongside parametric input for the depth 𝑧 to predict the volume fraction in 3D space.
Source: Figure adapted from Dreisbach et al. (2024).
An example of a synthetically rendered image and the correspond-
ing ground truth droplet shape are shown in Fig.  4. During the ren-
dering of each time step, the droplet is rotated around the vertical 
axis by 360◦ in 10◦ increments in order to generate a sufficiently large 
training dataset, which in turn ensures the generalizability of the neural 
network to novel shapes. By that measure, a dataset of 1134 ground 
truth three-dimensional droplet shapes with respective 40,824 rendered 
images is obtained. The dataset is split by a ratio of 0.7∕0.1∕0.2 into 
training and separate validation and testing subsets.

2.3. Volumetric reconstruction

The Pixel-aligned Implicit Function (PIFu) neural network (Saito 
et al., 2019), which was developed for the volumetric reconstruction 
from monocular images, is trained on the synthetically rendered dataset 
for the physically correct reconstruction of the gas–liquid interface. The 
neural network learns an implicit representation of the spatio-temporal 
droplet geometry in the form of a level-set function. As shown in Fig.  5, 
the PIFu neural network consists of two consecutive modules. First, an 
hourglass network (Newell et al., 2016), a type of convolutional neural 
network (CNN), is used to extract context-rich features from the input 
images. Subsequently, the final feature map is sampled locally to obtain 
pixel-aligned features  (𝑥, 𝑦) at the in-plane location 𝑥, 𝑦. Finally, a 
multi-layer perceptron is used to predict the scalar volume fraction 
𝛼 field representing the phase distribution at sampling points in 3D 
space (𝑥, 𝑦, 𝑧) from the features  (𝑥, 𝑦) and the additional parametric 
input for the depth coordinate 𝑧. Bilinear interpolation of the feature 
map and continuous sampling of 𝑧, along with the continuous nature 
of the level-set function, allow for the continuous prediction of 𝛼 at 
any location in the 3D domain. Consequently, the reconstruction can 
be performed at an arbitrary resolution, independent of the training 
data resolution. As shown by the successful application to imping-
ing droplets (Dreisbach et al., 2024), the encoded information in the 
glare points facilitates the inference of the out-of-plane component 
of the droplet shape. The training images are pre-processed by the 
superimposition of a binary mask that covers the substrate ground in 
the images. This introduction of prior knowledge simplifies the recon-
struction task, as the differentiation between the shadowgraph contour 
of the droplet and the liquid–solid contact area does not need to be 
learned by the neural network. In order to allow for the reconstruction 
of different droplet volumes, the input images and the corresponding 
three-dimensional ground truth shapes are scaled randomly, which is a 
common data augmentation technique to introduce scale invariance to 
neural networks (Shorten and Khoshgoftaar, 2019). Since the training 
dataset consists of synthetic renderings of the 3D interface from various 
viewpoints, the trained model is agnostic to the observation angle. 
During the training of the network, the volume fraction at 5.000 points 
in 3D space is predicted simultaneously for a given input image, and 
the mean squared error between the predictions and the respective 
ground truth volume fraction is used as the objective function for 
the optimization of the network weights. The PIFu neural network is 
trained by the RMSProp optimization algorithm (Tieleman and Hinton, 
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2012) for eight epochs with hyperparameters according to Dreisbach 
et al. (2024), in particular a batch size of 12 and learning rate of 0.001, 
which is reduced by a factor of ten at the beginning of epochs six and 
eight.

The images obtained in the experiments are pre-processed prior 
to the reconstruction in order to further enhance the similarity to 
the synthetic images, which is crucial for an optimal generalization 
of the neural network between both image data domains (Csurka, 
2017; Shrivastava et al., 2017). The mutual perturbation in the color 
channels of the RGB image that resulted from cross-talk in the camera 
sensor and the polychromatic light of the LEDs is compensated by 
the correction method introduced by Dreisbach et al. (2023). Thereby, 
the colored glare points and the shadowgraph contour are separated 
into the respective image channels for each light source color. In the 
second step, the substrate ground is masked analogously to the training 
data. Subsequently, each frame of the video sequence recorded by the 
lateral camera in the experiments is reconstructed by the neural net-
work, in order to obtain the instantaneous three-dimensional gas–liquid 
interface shape at each time instance.

2.4. Evaluation metrics

The accuracy of the reconstruction is evaluated on the basis of 
the reconstructed volumetric droplet shapes and depending on the 
availability of ground truth data. The following metrics are used for 
evaluation:

• The three-dimensional intersection over union 
3D−IOU = 𝑅 ∩ 𝐺𝑇

𝑅 ∪ 𝐺𝑇
(1)

is calculated by the fraction of the intersection volume and the 
union volume of the reconstructed droplet 𝑅 and the ground 
truth 𝐺𝑇 . The 3D-IOU is an extension of the 2D-IOU (Everingham 
et al., 2010) to three-dimensional space, and therefore serves as a 
measure for the spatial volumetric accuracy of the reconstruction.

• The measured uncertainty of the reconstructed volume 

𝜎V = 1
𝑉

√

√

√

√

1
𝑛 − 1

𝑛
∑

𝑖=1
(𝑉R,𝑖 − 𝑉 )2. (2)

is calculated by the standard deviation (Bendat and Piersol, 2010) 
of the volume of the reconstructed droplets over the course of 
one experiment 𝑉R,𝑖, normalized by the arithmetic mean 𝑉  of the 
reconstructed volumes.

3. Results and discussion

First, the proposed reconstruction technique is evaluated on syn-
thetic data in Section 3.1 in order to validate the capability of the 
method for learning the spatio-temporal dynamics of the adhering 
droplet and to determine the accuracy of the reconstruction. This is 
followed by the investigation of the reconstruction quality in the exper-
iments at different fluid mechanical conditions and the generalization 

capability to different degrees of droplet deformation in Section 3.2.
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Fig. 6. Average 3D-IOU of the reconstruction on the training and validation datasets 
during training of the network.

3.1. Validation on synthetic image data

The accuracy of the volumetric reconstruction was tracked during 
the training of the neural network through the evaluation of the av-
erage 3D-IOU calculated by the arithmetic mean over 1000 samples 
of the training and validation dataset at every epoch. As can be seen 
in Fig.  6 the neural network converges to a high volumetric accuracy 
on both the training and the validation dataset toward the end of the 
training (3D−IOUtrain = 0.947 and 3D−IOUval = 0.946), which is close to 
a perfect agreement with the ground truth (3D−IOUideal = 1).

The comparative analysis of all validation samples reveals that the 
accurate volumetric shape was reconstructed consistently throughout 
the dynamic deformation and oscillation of the droplet, as indicated by 
a low standard deviation of 𝜎3D−IOU = 0.027. The median of the vol-
umetric accuracy on the validation dataset at the final training epoch 
was notably higher than the arithmetic mean (3D−IOUmedian = 0.954
and 3D−IOUval = 0.946), due to outliers in the first five time steps of 
the validation dataset, which had a minimal accuracy of 3D−IOUmin =
0.793. The shape of these outliers deviated significantly from the rest 
of the data distribution, thus explaining the lower reconstruction ac-
curacy. The overall high spatial accuracy of the prediction for the 
validation dataset, however, implies a good generalization to unseen 
samples. These results indicate that the neural network successfully 
learned a spatio-temporal representation of the adhering droplet from 
the synthetic training data.

Fig.  7 shows the prediction of the phase distribution represented 
by the volume fraction 𝛼 in three orthogonal cross-sections of the 
reconstructed volume. The reconstruction results for a representative 
sample of the validation set are shown in comparison to the ground 
truth shape and the respective difference of both. A volume fraction 
of one represents the liquid phase, whereas the gaseous phase has 
a volume fraction of zero, while any transitional values indicate the 
gas–liquid interface.

As can be seen, there is a good agreement with the ground truth 
in the global shape of the contour, as well as the local curvature of 
the reconstructed droplet shapes. However, the gas–liquid interface 
of the reconstruction is more diffuse than the ground truth, which is 
a result of the continuous implicit representation of the droplet by 
the neural network. In particular, the out-of-plane component of the 
reconstruction is more diffuse than the in-plane component, as can 
be seen by the comparison of Figs.  7(a) and 7(b). Furthermore, the 
out-of-plane component of the droplet was found to be less accurately 
reconstructed, which was more obvious for high error samples (see Fig. 
17 in the Appendix). The more diffuse gas–liquid interface, as well as 
the higher deviation in the shape of the contour, indicate a higher un-
certainty of the network’s prediction in the out-of-plane direction. This 
result was expected, as fewer image features, i.e. only the glare points, 
6 
Fig. 7. Cross-sections of the volume fraction 𝛼; prediction by the neural network (left), 
ground truth (middle), and deviation of the prediction from the ground truth (right). 
In subfigures (a) and (c) the main flow direction is from left to right and in subfigure 
(b) the main flow direction is aligned to the image plane.

are available for the reconstruction of the out-of-plane component in 
comparison to the in-plane component, which has a strong basis for 
the reconstruction by the shadowgraph contour. Therefore, the network 
has to rely more on the learned knowledge from the training data 
for the out-of-plane reconstruction. These observations agree with the 
findings in previous work by the authors, in which the reconstruction 
of impinging droplets was considered (Dreisbach et al., 2024).

As can be seen in Fig.  7 the streamwise cross-section of the droplet 
is nearly planar-symmetrical, while the in-plane cross-section deviates 
significantly from planar symmetry due to the deformation of the 
droplet by the external flow. Consequently, the in-plane geometry is 
more difficult to reconstruct, which is alleviated by the surplus of 
image features available for the reconstruction. As demonstrated by 
the reconstruction results, both the planar symmetry of the stream-
wise cross-section and the deformed contour in the lateral view of 
the droplet are reconstructed accurately, which makes the proposed 
approach well-suited for the task of adhering droplet reconstruction.
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Fig. 8. Envelopes of the interface deformation for pinned oscillating droplets (cmp. Fig.  1) in the numerical simulation (left) and in the experiments (middle left to right) at 
different bulk velocities of external flow. Main flow direction from right to left.
Fig. 9. Temporal evolution of the reconstructed droplet volume normalized by the 
mean volume for experiments with adhering droplets at different bulk velocities of 
external flow.

Table 1
Uncertainty 𝜎V of the reconstructed integral volume in percent of the mean volume for 
different external flow velocities averaged over all experiments conducted at a certain 
velocity.
 Cases 1 − 6 7 − 9 10,11 
 𝑢B [m/s] 5.85 7.58 8.32  
 𝜎V[%𝑉 ] 3.2 4.1 5.4  

3.2. Reconstruction of experimental data

The network trained on synthetic data was applied for the volumet-
ric reconstruction from images obtained by experiments at different 
external flow velocities, in particular at the measured bulk velocities 
of 𝑢B = 5.85m/s, 𝑢B = 7.58m/s and 𝑢B = 8.32m/s. Fig.  8 shows the 
envelopes of the droplet motion throughout the experiments for one 
representative case at each velocity in comparison to the numerical 
simulation. As can be seen, an increase in the external flow velocity 
resulted in a larger degree of droplet deformation. Furthermore, the 
comparison to the numerical data reveals that only at 𝑢B = 5.85m/s 
a similar degree of deformation can be observed in the experiments. 
Consequently, the neural network trained on the numerical data has to 
generalize to significantly more deformed and unknown droplet shapes 
in order to successfully reconstruct the experiments at 𝑢B = 7.58m/s 
and 𝑢B = 8.32m/s. Note, that the same representative experiments 
(cases 1, 8, and 10) will be the subject of the following evaluation unless 
stated otherwise. The results of further experiments can be found in the 
Appendix.

As no volumetric ground truth data is available for the reconstruc-
tion from images recorded in the experiments, the temporal evolution 
of the reconstructed droplet volume is considered for the evaluation of 
the reconstruction accuracy. In the experiments, no significant evapora-
tion occurred within the time frame of one recorded image series (1000 
images over 133.3 ms) and, consequently, the volume of the droplet can 
be assumed to be constant.
7 
Fig. 10. Input images (left) and out-of-plane projection (right) of the respective three-
dimensional interfaces for the reconstruction at 𝑢B = 8.32m/s. Rows one and three 
show the experimental recordings and the corresponding reconstructed interfaces and 
rows two and four show matching samples from the synthetic training dataset.

Fig.  9 shows the temporal evolution of the normalized integral vol-
ume of the reconstructed droplet for one representative experiment at 
each evaluated velocity of the external flow. As can be seen, the volume 
of the reconstruction fluctuates periodically around the mean, with 
an increasing amplitude toward higher velocities of the external flow, 
i.e. higher degrees of droplet deformation. The measured uncertainties 
of the reconstruction, as detailed in Table  1, further underline that 
the reconstruction at higher degrees of droplet deformation is subject 
to higher uncertainty. As indicated by the low uncertainty for the 
reconstruction at 𝑢B = 5.85m/s the neural network trained on synthetic 
image data generalizes well to the reconstruction of experiments with 
a similar degree of droplet deformation to the numerical simulation 
that underlies the training data. The successful reconstruction of the 
significantly more deformed gas–liquid interface in the experiments at 
𝑢B = 7.58m/s and 𝑢B = 8.32m/s, which resulted in droplet shapes 
unknown to the neural network, indicates the trained network can 
extrapolate to different fluid mechanical conditions. Furthermore, these 
results demonstrate the robustness of the method, which, however, is 
constrained by a reduced accuracy for the reconstruction of different 
data.

The periodical oscillation of the reconstructed volume was found 
to coincide with the oscillation of the droplet contour. Moreover, the 
input images to the volumetric reconstruction at the extrema of the 
volumetric deviation appear similar. Fig.  10 shows examples of the 
input images from the experiment that resulted in a local maximum 
(first row) and minimum (third row) of the volume and the respective 
out-of-plane projection of the reconstructed droplet shape. In particu-
lar, the position of the glare points relative to each other and to the 
contour of the droplet was similar between the groups of input images 
that resulted in either the maxima or minima of reconstructed volume, 
which indicates a similar shape of the droplet interface. Most saliently, 
a low position of the blue 𝑝 = 1 glare point in the input images resulted 
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Fig. 11. Temporal evolution of the reconstructed in-plane contour for different bulk velocities of external flow. The dashed colored lines indicate the reconstructed contours at 
different times and the black solid lines indicate the corresponding contours observed in the experiments. The main flow direction is from right to left.
Fig. 12. Temporal evolution of the reconstructed out-of-plane contour for different bulk velocities of external flow. The solid colored lines indicate the reconstructed contours at 
different times. The image plane is aligned with the main flow direction.
Fig. 13. Temporal evolution of the reconstructed wetted area for different bulk velocities of external flow. The dashed colored lines indicate the reconstructed contours at different 
times and the grayscale image in the background indicates the corresponding contour observed in the experiments. The main flow direction is from right to left.
in a minimum volume, while a maximum in the reconstructed volume 
correlated with a high position of the 𝑝 = 1 glare point.

For both cases, synthetic images with similar relative glare point 
positions can be found in the training dataset, which are shown in rows 
two and four in Fig.  10. Note, that Fig.  10 shows sample images from 
the experiments at 𝑢B = 8.32m/s for better visibility of the differences 
between the minimum and maximum case, as this experiment resulted 
in the highest deviations in the reconstructed volume. Consequently, 
the contour of the droplet in the reconstruction is more deformed 
than the synthetic training data. However, the reconstruction at lower 
velocities follows the same behavior. The comparison of the out-of-
plane projection between the reconstruction and the training data 
8 
reveals a very similar shape of the contour. These results indicate that 
the neural network successfully learned the relation of the glare point 
positions to the three-dimensional geometry of the droplet and that this 
encoding of 3D information can be applied for depth estimation during 
reconstruction. However, as the neural network has been trained for the 
reconstruction of different droplet volumes by an augmentation of the 
training data, as described in Section 2.3, it is agnostic to the volume 
of the droplet. Consequently, the shape of the contour is reconstructed 
with disregard to the integral volume of the droplet and thus the 
volume of the reconstruction is not conserved in time.

In order to evaluate the in-plane and the out-of-plane accuracy of 
the reconstruction in more detail, two orthogonal projections of the 
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reconstructed droplet interface are compared to the side- and top-
view contours extracted from the corresponding images recorded in 
the experiments. The results of the in-plane reconstruction for different 
external flow velocities are presented in Fig.  11 and the results of the 
out-of-plane reconstruction are shown in Fig.  12. As can be seen, there 
is an almost identical agreement of the reconstructed in-plane contours 
with the respective contours from the experiment, which underlines the 
findings of a high in-plane accuracy for the reconstruction of synthetic 
data. The planar symmetry in the out-of-plane direction, which was 
expected due to the symmetry of the flow, was also reconstructed 
well for the experimental data. However, the reconstruction exhibits a 
fluctuation in the out-of-plane direction that is particularly noticeable 
in Fig.  12(b). This out-of-plane fluctuation is identified as the sole cause 
for the uncertainty of the volumetric reconstruction since the in-plane 
reconstruction is highly accurate. The out-of-plane reconstruction relies 
on the learned droplet geometry and the encoding of three-dimensional 
information by the glare points and, therefore, the accuracy of the 
reconstruction is reduced the more the input data deviates from the 
training data distribution. The in-plane reconstruction is based on the 
image features, most importantly the contour of the shadowgraph, 
which provides a significantly larger amount and more direct infor-
mation for the reconstruction. As the in-plane reconstruction adheres 
closely to the contour in the images, the neural network adapts well to 
unknown shapes outside of the training data distribution. These results 
fall in line with the observed uncertainty of the out-of-plane recon-
struction for synthetic data in Section 3.1 and previous observations 
of impinging droplets (Dreisbach et al., 2024).

The accuracy of the depth estimation is further evaluated by the 
comparison of the top-view projection of the reconstruction to the 
footprint of the droplet observed in the experiments through the top-
view camera. As can be seen in Fig.  8, the contact line of the droplet 
stays pinned during the duration of the experiments and the wetted 
area is therefore constant over time. Fig.  13 shows the contour of the 
contact lines extracted from the experimental recordings at different 
external flow velocities. The contours from the experiments are over-
layed with the projected contours of the reconstructed droplet shapes 
for six different time instances. As can be seen, the shape of the wetted 
area in the reconstruction is similar to the experiment and self-similar 
over time for 𝑢B = 5.85m/s, while there is a larger deviation to the 
ground truth at higher external flow velocities. The aspect ratio of the 
footprint changes significantly toward higher velocities as the droplet 
is deformed by the external flow. Remarkably, the neural network 
successfully reconstructs these different aspect ratios, which is a signif-
icant extrapolation from the training data, which only contained one 
simulated case at the external flow velocity 𝑢B = 5.85m/s, for which 
the footprint had an aspect ratio close to one. For the same velocity 
in the experiments (𝑢B = 5.85m/s) a very good agreement of the 
reconstruction with the ground truth was reached. At higher velocities 
(𝑢B = 7.58 and 𝑢B = 8.32) the out-of-plane extent of the droplet was 
generally underestimated and reconstructed with a higher uncertainty, 
as indicated by the larger variation in the reconstructed footprints. 
Furthermore, the unknown droplet shapes in the experiments related 
to higher aspect ratios of the wetted area were reconstructed close 
to the distribution of shapes in the training data, thus revealing a 
bias of the trained model. Consequently, the reconstruction exhibits 
increasing errors the more the real gas–liquid interface shape deviates 
from the training data distribution. For all velocities, the contour of 
the reconstruction is more angular in comparison to the experiment, 
but similar to the training data, as seen in Fig.  7, which is a further 
indication of model bias. However, these results also demonstrate that 
the geometry of the droplet was learned faithfully to the training 
dataset by the network. Therefore, the accuracy of the reconstruction 
is dependent on the truthful representation of the droplet dynamics 
in the training data. The successful reconstruction of unknown droplet 
shapes with higher aspect ratios indicates that the network learned to 
utilize the glare points for the depth estimation. These results indicate 
9 
Table 2
Average time required for the reconstruction of one time step at different output 
resolutions.
 Grid nodes 643 1283 2563 5123 1, 0243 
 Time [s] 0.2 2.5 4.4 17.0 266.5  

Fig. 14. Volumetric reconstruction at different resolution for the same input image 
from the experiment at 𝑢B = 8.32m/s, from left to right: 643, 1283, 2563, 5123, 10243
grid nodes resolution.

that the prior knowledge obtained from the numerical training data 
induces a bias of the trained droplet model toward the reconstruction 
of geometries close to the training data distribution in the out-of-
plane direction. This bias reduces the accuracy, the further the test 
data deviates from the training data distribution. However, it was also 
found to facilitate a robust reconstruction, as the bias encourages the 
reconstruction of plausible shapes, which prevents a breakdown of the 
prediction for unknown input data. Consequently, the error increases 
slowly for predictions outside of the training data distribution. There-
fore, retraining the network on specific training data that considers the 
expected distribution of the 3D gas–liquid interface shapes in the ex-
periments is expected to yield the most accurate reconstruction results. 
It was found that a moderate amount of data (one CFD simulation) 
is sufficient to train the network, while a greater variance and size of 
the dataset did not yield significant improvement. These results suggest 
that a more specific, though smaller, dataset is optimal for training the 
proposed network.

3.3. Surface quality of the reconstructed interfaces

The implicit representation of the three-dimensional droplet geom-
etry by the PIFu neural network (Saito et al., 2019) allows for the 
reconstruction at an arbitrary resolution. As higher resolutions are 
expected to result in a higher quality of the surface, but also increased 
computational costs, in the following the results of the reconstruction 
at different resolutions were evaluated. Table  2 details the average time 
required for the reconstruction of one time step at different resolutions. 
The domain for the reconstruction was discretized by an equidistant 3D 
grid with the same amount of grid nodes in all directions. The trained 
PIFu network was sampled on this grid to predict the scalar volume 
fraction field of the phase distribution. Subsequently, the isosurface 
extraction algorithm marching cubes (Lewiner et al., 2003; Lorensen 
and Cline, 1987) was employed to reconstruct the surface mesh from 
the volume fraction field. All calculations were performed on a single 
Nvidia RTX A5000 graphics processing unit. As expected, the compu-
tational costs grow quickly toward higher resolutions. However, the 
octree (Meagher, 1982) structure used during reconstruction signifi-
cantly reduces the reconstruction time at higher resolutions up to 5123
grid nodes, which becomes obvious by the deviation from the cubic 
growth rule that would be expected otherwise. Note that this trend only 
holds true until 5123 grid nodes due to given hardware limitations.

Fig.  14 shows the results of the volumetric reconstruction at differ-
ent resolutions for the same input image obtained in the experiments 
at an external flow velocity 𝑢B = 8.32m/s. As can be seen, there 
is a significant visual improvement in the surface smoothness as the 
resolution increases from 643 to 5123. However, with the increase 
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Fig. 15. Smoothed volumetric reconstruction at 5123 grid nodes resolution.

in the resolution from 5123 to 1, 0243 grid nodes, the quality of the 
reconstruction did not increase further. In fact, a marginal decrease of 
the surface quality can be observed, as small-scale ripples appear on the 
surface for a resolution of 1, 0243 nodes, which are likely smoothed out 
by lower resolutions. Considering the total time of 4.7 h required for 
the reconstruction of one experiment with 1000 frames, a resolution of 
5123 grid nodes was found to be optimal within the scope of obtaining 
accurate and smooth surface meshes for distortion correction. Note, 
that all reconstruction results presented in this work have a resolution 
of 5123 grid nodes.

It should be noted, that the presented reconstruction method is able 
to reconstruct the gas–liquid interface of the droplet at a significantly 
higher resolution compared to the training data. The spatial resolution 
of the numerical simulation that underlies the training data was 20 cells 
in the vertical direction and 17 cells in the streamwise and spanwise di-
rection at 𝑡 = 0. These results demonstrate that the neural network has 
the capability to learn a highly accurate representation of the droplet 
geometry even from data much coarser than the targeted reconstruction 
resolution. Furthermore, the approach of smoothing the ground truth 
gas–liquid interfaces that were extracted from the numerical simulation 
is validated by the positive reconstruction results. In order to further 
enhance the surface quality of the reconstruction, smoothing by means 
of the Taubin filter (see Section 2.2) is employed.

As shown in Fig.  15, the proposed process yields a smooth surface 
mesh of the droplet’s gas–liquid interface that can be used for the 
intended distortion correction of PIV measurements. Such distortion 
correction techniques require surface meshes that exhibit both a high 
fidelity to the true interface shape in the experiments and a smooth cur-
vature, in order to allow for the accurate calculation of light refraction 
at the gas–liquid interface. The prediction of the scalar volume fraction 
field for the phase distribution by the PIFu neural network serves 
as an accurate basis for the surface reconstruction. In this study, the 
efficient implementation (Lewiner et al., 2003) of the marching cubes 
algorithm (Lorensen and Cline, 1987) is employed to reconstruct the 
surface meshes. However, alternative isosurface extraction algorithms, 
including extensions of the marching cubes algorithm (Westermann 
et al., 1999; Kobbelt et al., 2001), methods based on Delaunay triangu-
lation (Boissonnat and Oudot, 2005), or methods used in the numerical 
simulation of two-phase flows, such as the Piecewise-Linear Interface 
Calculation (PLIC) scheme (Youngs, 1982), may offer improved recon-
struction performance. Therefore, further research is required to assess 
the suitability of the reconstructed surfaces for distortion correction in 
the experiments. This includes further development of surface recon-
struction methods and smoothing operations, as well as experimentally 
validating the reconstructed meshes in the ray tracing approach to 
confirm their feasibility for distortion correction.

4. Conclusion

The proposed method allows for the accurate reconstruction of the 
gas–liquid interface of adhering droplets in external shear flows from 
images recorded by means of a purposefully developed, yet simple 
optical measurement setup. The evaluation using synthetic image data 
10 
reveals that a high spatial accuracy can be reached by training the PIFu 
neural network on a synthetically rendered dataset based on numerical 
simulation. Furthermore, the positive results for the reconstruction 
based on images recorded in the experiments demonstrate the applica-
bility of the neural network trained on synthetic data to the real-world 
use case and thus validate the approach of training on synthetic data.

In particular, the in-plane component of the reconstruction reaches 
an almost identical agreement to the ground truth, as the contour of 
the shadowgraph presents a strong basis for the in-plane reconstruction. 
The out-of-plane reconstruction relies on the learned droplet geometry, 
in addition to the three-dimensional information encoded in the glare 
points, which is more sparsely distributed across the droplet interface. 
Consequently, the uncertainty of the reconstruction is higher in the out-
of-plane direction. The successful reconstruction of adhering droplets 
at much higher flow velocities and greater deformation than in the 
training data shows that the method can effectively handle and predict 
new, unknown shapes. It can be concluded that the combination of the 
learned geometry and the depth encoding by the glare points results in 
a robust and flexible model of the gas–liquid interface dynamics that 
can be used for the extrapolation to different flow conditions outside 
of the training data distribution. The proposed method leverages the 
planar symmetry of the setup, simplifying the depth prediction along 
the streamwise direction. Concurrently, the more significant deforma-
tion of the droplet in spanwise direction is imaged directly via the 
shadowgraph contour, thus reserving the previously mentioned high 
in-plane accuracy for the direction that undergoes more significant 
deformation.

The implicit representation of the interface by the neural network 
allows for the reconstruction at a fine resolution, while the training 
on the results of numerical simulation facilitates a high fidelity of the 
reconstructed contours to the underlying physics. Therefore, the recon-
structed gas–liquid interfaces are both spatially accurate and smooth, 
which makes the proposed method well-suited for distortion correction 
of PIV images, as the accurate reconstruction of the local curvature of 
the interface is important for the correct calculation of the refraction 
that causes the distorted velocity fields. In comparison to the current 
state-of-the-art approach for distortion correction, in which rotational 
symmetry of the gas–liquid interface is assumed, the presented ap-
proach becomes increasingly beneficial toward higher external flow 
velocities that result in larger degrees of droplet deformation and thus 
non-axis-symmetrical droplet shapes.

While the reconstruction at greater velocities of external flow be-
yond the training data proved successful, a higher reconstruction ac-
curacy could be reached by re-training the neural network with more 
appropriate data, which represents the expected distribution of de-
formed interface shapes. Furthermore, the bias of the network toward 
certain geometries can most likely be reduced by a greater variation 
ground truth shapes in the training dataset. Thereby, the flexibility and 
robustness of the trained model could be further enhanced. Further 
improvements in the reconstruction accuracy can be expected from an 
increased resolution of the numerical simulation that is used to source 
the training data. The effect is two-fold, on the one hand, more accurate 
three-dimensional ground truth data facilitates the learning of the 
droplet geometry, and on the other hand, more finely resolved surface 
meshes would increase the quality of the synthetic images rendered by 
ray tracing. In future work, the introduction of physical constraints – 
such as mass or momentum conservation – into the training process 
via physics-informed neural networks (Raissi et al., 2019) could be 
used to further increase the accuracy of the reconstruction. While 
presented alongside results for hydrophilic substrates, the proposed 
method can be straightforwardly applied to hydrophobic substrates, as 
the monocular side view input remains unobstructed for contact angles 
greater than 90 degrees (Dreisbach et al., 2024).
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Fig. 16. Temporal evolution of the normalized integral volume of the reconstruction for adhering droplets in external shear flows at different bulk velocities 𝑢B = 5.85m/s, 
𝑢B = 7.58m/s, and 𝑢B = 8.32m/s.
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Appendix

The temporal evolution of the normalized integral volume of the 
reconstructed droplet is presented in Fig.  9 for one representative 
experiment at each evaluated velocity 𝑢B of the external flow. These 
results are further detailed in Fig.  16, showing the evolution of the 
reconstructed droplet volume for all cases at the respective velocities 
𝑢B = 5.85m/s, 𝑢B = 7.58m/s, and 𝑢B = 8.32m/s. Fig.  17 shows the 
reconstructed phase distribution represented by the volume fraction 
𝛼 in comparison to the ground truth data in three orthogonal cross-
sections for one example of the validation data with high errors. As 
can be seen, the out-of-plane reconstruction exhibits significantly larger 
errors in comparison to the in-plane reconstruction, which falls in line 
with the observations of the error distribution for a low error sample 
in Fig.  7.

Data availability

All data that support the findings of this study, including the weights 
of the trained neural networks and any supplementary files are up-
loaded to KITopen.
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Fig. 17. Cross-sections of the volume fraction 𝛼; prediction by the neural network 
(left), ground truth (middle), and deviation of the prediction from the ground truth 
(right). In subfigures (a) and (c) the main flow direction is from left to right and in 
subfigure (b) the main flow direction is aligned to the image plane.
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