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Flow and transport in porous media are driven by pore scale processes. Particle tracking in transparent porous media 

allows for the observation of these processes at the time scale of ms. We demonstrate an application of defocusing 

particle tracking using brightfield illumination and a CMOS camera sensor. The resulting images have relatively high noise 

levels. To address this challenge, we propose a new calibration for locating particles in the out-of-plane direction. The 

methodology relies on extracting features of particle images by fitting generalized Gaussian distributions to particle 

images. The resulting fitting parameters are then linked to the out-of-plane coordinates of particles using flexible machine 

learning tools. A workflow is presented which shows how to generate a training dataset of fitting parameters paired to 

known out-of-plane locations. Several regression models are tested on the resulting training dataset, of which a boosted 

regression tree ensemble produced the lowest cross-validation error. The efficiacy of the proposed methodology is then 

examined in a laminar channel flow in a large measurement volume of 2048, 1152 and 3000 μm in length, width and depth 

respectively. The size of the test domain reflects the representative elementary volume of many fluid flow phenomena in 

porous media. Such large measurement depths require the collection of images at different focal levels. We acquired 

images at 21 focal levels 150 μm apart from each other. The error in predicting the out-of-plane location in a single slice of 

240 μm thickness was found to be 7 μm, while in-plane locations were determined with sub-pixel resolution (below 0.8 

μm). The mean relative error in the velocity measurement was obtained by comparing the experimental results to an 

analytic model of the flow. The estimated displacement errors in the axial direction of the flow were 0.21 pixel and 

0.22 pixel at flows rates of 1.0 mL/h and 2.5 mL/h, respectively. These results demonstrate that it is possible to conduct 

three-dimensional particle tracking in a representative elementary volume based on a simple apparatus comprising a 

microscope with standard brightfield illumination and a camera with CMOS sensor. 

 

Introduction 

Motivation 

The area of flow in porous media relates to many processes 

which are driven by pore-scale velocities. Prominent examples 

are dispersion1,2 reactive transport3,4 and mass transfer5,6. 

Conventional measurement techniques used for the 

investigation of flow in porous media, such as X-ray computer 

tomography and positron emission tomography, achieve frame 

rates of <1 frame per second. To image dynamic pore scale 

processes such as Haines jumps, an ideal experimental 

apparatus must acquire images at the timescale of ms or less.7 

Optical diagnostics are ideal for this purpose as they allow for 

the non-invasive visualization of two- and three-dimensional 

(2D and 3D) spatial distributions of tracers and particles over a 

wide range of timescales. However, their application relies on 

precise matching of the refractive indexes of fluids and 

solids.8,9 

Particle image and particle tracking velocimetry (PIV and PTV) 

are now often employed towards the spatiotemporally-

resolved flow-field characterization through the measurement 

of 2D or 3D velocity fields in a wide range of flows. In PIV, each 

velocity vector is associated with an area (‘window’) spanning 

a number of pixels and is thus based on the motion of particle 

groups. This improves accuracy but reduces resolution due to 

the effective filtering performed by the windowing process.10 

PTV, on the other hand, relies on the tracking of individual 

particles and has a higher resolution and a lower susceptibility 

to bias errors in the presence of strong velocity gradients such 

as in near-wall regions.11 Thus, PTV is often employed when 

investigating highly constrained flows and flows with high 

aspects ratios, such as thin-film flows.12-15 It is worth noting, 

however, that PTV only obtains velocity vectors at discrete 

(random) particle locations. 

New micrometre-scale fabrication methods have enabled the 

manufacture of transparent 3D geometries with volumes in 

the order of mm3.16-18 Such large 3D geometries can generate 

complex flow phenomena both in lab-on-chip devices19,20 as 

well as in porous media with 3D connectivity.8,21-22 To 

reproduce the flow conditions that are observed in natural 

porous media, the depth of the device has to cover the length 

of a representative elementary volume (REV).23 Depending on 

the heterogeneity within the porous media, the length of the 

REV ranges from several 100s of μm up to a few mm.24 

Previous studies have demonstrated a method for tracking 

particles within this range using advanced microscopy, which 

either comprised custom-made optical arrangements,9,25 

pulsed lasers for illumination as well as CCD/sCMOS 

cameras26,27 or confocal microscopy8,28. The primary aim of our 
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study is to develop a technique which is capable of tracking 

the motion of particles in a volume which covers the REV of 

many flow phenomena in porous media using a microscope 

with conventional brightfield illumination and a camera with 

CMOS sensor.  

Comparison of 3D velocimetry techniques 

Several methods have been used to track the motion of 

particles in three dimensions at the micron scale. Over the last 

decade, a number of conventional 3D velocimetry techniques 

have found their way into the field of microfluidics. Examples 

include tomographic particle image velocimetry and 3D 

particle tracking velocimetry.9,29 These techniques, however, 

require optical access from multiple angles, and therefore, 

highly-customised optical arrangements. This limitation rules 

out the use of standard microscopes for image acquisition. 

Confocal microscopy has been successfully employed to obtain 

2D velocity profiles through PIV and to image dynamic flow 

phenomena within porous media.8,28,30,31 This technique 

provides high spatial and temporal resolution in one plane; 

yet, a limitation of this method is that it is not able to acquire 

the velocity in the third dimension.  

Defocusing particle tracking is a method which only requires 

optical access from one direction in order to obtain 3D particle 

coordinates. Therefore it can be employed using a standard 

microscope. The measurement principle is based on the 

reconstruction of the z-location of particles (i.e. their out-of-

plane coordinate) directly from the respective particle images: 

particle images change shape with respect to their location to 

the focal plane of a microscope objective. There are two 

special variants which employ this measurement principle. 

The first relies on the installation of a mask with three pinholes 

behind the microscope objective.25 This arrangement 

generates three images for each fluorescent particle on the 

camera sensor. The in-plane coordinates of each particle are 

found from the centre point of all three particle images, while 

the location of each particle in the out-of-plane direction is 

inferred from the distance between the three particle images. 

One of the challenges associated with this method is matching 

the multiple particle images to each particle. Thus, revised 

versions of this system rely on colour-coded pinholes and 

multiple light sources and cameras.32 The use of multiple 

cameras is a limitation, as it increases the cost of the 

equipment significantly, especially if the investigated flow 

requires high-speed, high-resolution visualisation.  

The second defocusing method employs an astigmatic optical 

arrangement to create unique particle images along the z 

direction.33 A cylindrical lens is placed behind the objective 

lens and ahead of the camera sensor, thus deforming the 

particle images in the x and y directions (i.e. along the in-plane 

coordinates). The resulting particle images resemble vertically 

or horizontally oriented ellipses. The orientation and shape of 

these ellipses depends on the location of the imaged particle 

with respect to the focal plane of the microscope objective (i.e. 

in the out-of-plane direction). By analysing the major and 

minor axes diameters of the particle images, the out-of-plane 

location of particles can be inferred. Several other methods 

can be used to determine the out-of-plane particle coordinates 

based on the analysis of image parameters.34, 35 In contrast to 

these approaches, the general defocusing particle tracking 

method26 determines the out-of-plane coordinate by cross-

correlating the particle images with a set of training images 

recovered from known out-of-plane locations.  

In this study we extend methods which parameterize particle 

images obtained by an astigmatic optical system.33-34 We 

describe the particle images using a multi-parameter model 

rather than solely the diameters of the major and minor axes. 

In contrast to the cross-correlation approach,26 our object-

detection algorithm can distinguish between overlapping 

particle images, which could allow for higher particle seeding-

densities and therefore more detailed flow measurements. We 

demonstrate this method in a laminar flow through a 

rectangular 3D channel for which an analytical solution is 

known. We emphasize its ability to resolve the flow field in all 

three dimensions despite the use of standard bright-field 

illumination. This results in significantly lower signal-to-noise 

(SNR) ratios as compared to the studies we referred to earlier; 

however, it comes with the added benefit of a wider 

applicability at a significantly reduced cost as the technique 

does not require a high-power laser or multiple cameras.   

Methods 

Optical modification of particle images 

In this study we employ an astigmatic optical system 

comprising a microscope objective and a cylindrical lens (see 

Figure 1). Detailed descriptions of similar optical configurations 

can be found in the literature.33,36 These optical components 

create unique particle-images depending on the distance from, 

and position relative to the focal plane, by distorting the round 

particle-images into elliptical shapes. Behind the focal plane, 

the major axis of the ellipse is oriented vertically with respect 

to the camera sensor, whereas ahead of the focal plane it is 

oriented horizontally. Particle images close to the focal plane 

form a hybrid, star-like shape (see Figure 2 and Ref. 26). This 

unique change in particle images along the z direction can be 

employed to infer the z location of a particle based on its 

image.  

 

 

 

 

 

 

Figure 1: Astigmatic optical system. The measurement volume (shown in yellow) is 

imaged onto the camera sensor. It is a slice of the total depth of the microfluidic 

device. 



 

Feature extraction 

To date, two approaches for calibrating astigmatic optical 

systems have been developed. The most recent one, referred 

to as generalized defocusing particle tracking velocimetry26, 

compares particle images with a stack of calibration images 

using cross-correlation. This method allows for arbitrary 

particle-image shapes but is limited when the particle images 

overlap. The second calibration approach uses the major and 

minor axes diameters of the particle images as inputs,27,36,37,38 

but ignores all other features, despite the fact that they could 

be used to describe the particle images in more detail.  

To address these shortcomings, we begin by fitting a 2D, 

generalized Gaussian distribution to each particle image: 

 

𝑓(𝑥, 𝑦) = 𝛼 ⋅ 𝑒
−(

|𝑥−𝑥𝑐𝑒𝑛𝑡|
𝜌𝑥

)
𝛽𝑥

−(
|𝑦−𝑦𝑐𝑒𝑛𝑡|

𝜌𝑦
)

𝛽𝑦

. (1)  

The parameter 𝛼 describes the maximum intensity of the 

particle image, 𝛽𝑥  and 𝛽𝑦  are measures of convexity/concavity 

in the 𝑥 and 𝑦 directions, 𝜌𝑥  and 𝜌𝑦  are scale parameters in 

the 𝑥 and 𝑦 directions and describe the spread of the 

distribution, and 𝑥𝑐𝑒𝑛𝑡  and 𝑦𝑐𝑒𝑛𝑡  are the locations of the 

centre of the distribution.  

This distribution provides a good fit to both the elliptically-

shaped particle images distal to the focal plane, as well as the 

star-shaped particle images proximal to the focal plane (see, 

Figure 2). The fitting parameters provide us with a quantitative 

description of each particle image, and can therefore be used 

to determine its 𝑧-location. 

An important attribute of this approach is that the particle-

image features can be extracted even when two or more 

particle-images overlap, as long as these are detected as 

separate objects. In practice, this means that the two particles 

must produce distinct peaks; however, any off-peak sections of 

the particle images can still overlap. Another advantage of our 

fitting tactic is that the 𝑥 and 𝑦-coordinates of the particles are 

included as additional parameters. This allows for the 

determination of those locations with sub-pixel accuracy. 

The trust region algorithm is used as fitting scheme with 

starting points of 0.01, 2 and 0.2 for parameters 𝛽, 𝜌 and 𝛼 

respectively. Adding appropriate lower and upper bounds for 

the fitting parameters improved the robustness and the speed 

of the procedure. The fitting procedure of one generalized 

Gaussian distribution took between 0.05 and 0.1 seconds to 

calculate.  

Application 

Experimental apparatus 

To validate our methodology, we examine a laminar channel-

flow which allows us to compare our velocity-measurements 

to an analytical solution of the flow field. The dimensions of 

the flow cell are 3, 7 and 30 mm in height, width and length, 

respectively. The cell is made of borosilicate glass (Duran 

borosilicate glass 3.3, CM Scientific), which matches the 

refractive index of the injected fluid (Glycerol, 99.5%, Sigma 

Aldrich).39 The fluid is doped with polystyrene microspheres of 

2 µm mean diameter (microParticles GmbH) at a concentration 

of 5×10-5 w/v. 

Imaging is conducted with an inverted microscope (Leica 

DMi8) comprising a 5x objective (Leica HC PL FLUOTAR 

5x/0.15) and a cylindrical lens (Thorlabs plano-convex round 

cylindrical Lens, f = 250 mm) housed inside a 2.5x camera 

adapter (Leica 10446175). Images are acquired with bright-

field illumination, and thus, we recover the shadows of the 

particles. The camera we employ is a Phantom Lab340 with a 

resolution of 1440x2560 pixels at a frame rate of 24 fps. The 

exposure time is set to 550 μs during flow experiments. 

The SNR of our particle images was determined according to 

the definitions of signal and noise of particle images in the 

literature.40 The mean and variance of the SNR were 5.6 and 

0.44 for particles close to the focal plane, which is an order of 

magnitude lower than the SNRs obtained with pulsed-laser 

illumination.26 Yet, as we demonstrate later on, our 

methodology is still capable of extracting reliable, quantitative 

velocity-data from within the investigated flow-field. This is 

one of the main benefits of this method, making it applicable 

without the use of expensive illumination sources.  

Due to inhomogeneous illumination over the field of view of 

the sensor, a dedicated image-calibration procedure was 

developed. First, the flow cell was filled with glycerol, and 

images with background illumination (and no particles) were 

collected as white-references. Then the brightness of the 

illumination was lowered and black-reference images were 

recorded. This simulates the maximum shade a particle could 

cast at each pixel. A linear interpolation between the white 

and the black reference is used to calibrate each pixel. The 

intensity distribution of the background illumination varies 

with the focal position of the microscope objective, and thus, 

separate calibration images were recorded at all relevant focal 

Figure 2: Left column: Examples of particle images at different locations with respect to 

the focal plane. Middle column: Filtered particle images. Right column: Generalized 

Gaussian distribution fitted to the filtered particle image. The greyscale corresponds to 

the inverse of the light detected at the camera sensor. The image size is 45x45 pixel.  



 

planes. This process also removes any images of dirt particles 

that may be present at the walls of the cell. 

Generating the training dataset 

To develop a mathematical relation between the fit 

parameters and the particle 𝑧-locations, a calibration dataset 

was acquired. This dataset contains a set of fit parameters 

based on the geometries of the observed particle images at 

known locations in the 𝑧-direction. The dataset accounts for all 

factors which influence the particle-image features: the 

location on the 𝑧-axis, the 𝑥-𝑦 coordinates and noise of the 

camera sensor. Fit parameters have to be evaluated based on 

all these variables in order to allow for a robust prediction of 

the 𝑧-location. The training images were acquired under the 

same conditions as the flow measurements.26   

After imaging the flow cell with pure glycerol, the cell is 

flooded with particle-doped glycerol until a homogeneous 

distribution of particles is observed over the depth of the 

channel. After allowing the fluid to settle for 1 hour, the 

acquisition of calibration images commenced. Calibration 

images were acquired at a total of 1000 slices along the entire 

depth of the flow channel (3 mm), with the distance between 

adjacent slices set to 3 μm. At each slice, a total of 4 images 

were collected to account for the noise of the camera sensor. 

The investigated volume was located in the centre of the 

rectangular flow cannel and spanned 2048, 1152 and 3000 μm 

in length, width and depth respectively. Thus, it did not cover 

the entire width of 7 mm of the channel. 

 

Object detection & feature extraction 

The training images from each slice were averaged to reduce 

camera noise. The averaged images were then scaled with the 

black and white reference signals, by subtracting the white 

reference (background) and dividing by the difference 

between the white and the black reference. For easier 

processing, the resulting images were inversed, causing the 

particles to appear bright and the background dark. The 

inverted images were smoothed by four different 2D median 

filters of sizes [3,5], [5,3], [1,3] and [3,1] pixels. The filters were 

applied separately and the results were averaged. This process 

enhances the SNR of the particle images along the 𝑥 and 𝑦 

axes. Finally, local peaks in the images were identified by a 

dedicated algorithm that employs additional internal filtering 

and thresholding steps.41  

All identified peaks are considered candidate particle images. Any 

peaks detected in close vicinity were scrutinised further in 

order to determine if they were individual particles or multiple 

peaks corresponding to a single particle. This step was 

implemented by iteratively increasing the number of 

generalized Gaussian distributions which were fitted to the 

examined group of peaks. Once the root mean square error 

(RMSE) between the particle image and the fit fell to the noise 

level within the same image, the fitting process was 

terminated and any excessive peaks were deleted. This 

iterative procedure removed multiple peaks per particle and 

the remaining peaks were considered to be unique particles. 

Finally, if any particles were found within a distance of 25 

pixels or less from each other, their signal distributions were 

considered to impact each other’s fitting process. In these 

cases, the parameters of both particle images were co-

optimised within the same fitting task. This allowed for the 

extraction of image features from particle images which are 

slightly overlapping (see Figure 3). Each particle image has to 

produce a distinctive peak, which can be detected by the initial 

peak detection algorithm. If this is not the case the iterative 

procedure might only fit one distribution to two particle 

images. A particle rejection scheme could be easily 

implemented by comparing extracted image parameters to the 

image parameters in the training dataset and thresholding the 

maximum allowed distance in parameter space. 

We used a low seeding density of particles which produced 

few overlapping particle images to focus this work on the 

impact of the additional image features on the calibration. Less 

than 1 in 30 frames contained an overlapping particle image 

pair. Therefore, overlapping particle images were ignored 

when determining the uncertainty of the method. When 

employing this method with a higher particle density, 

additional errors from co-optimising a larger number of image 

parameters should be investigated in more detail as well as the 

maximum possible degree of particle overlapping. 

Aligning particles on a common synthetic plane 

The fitting parameters extracted from the particle images of 

the calibration-image stack have to be mapped to the locations 

of the particles with respect to the focal plane. To that end, 

particle-traces are constructed along the stack of training 

images. A trace comprises a sequence of fitting parameter 

values from the images of a single particle over all frames 

where the particle is visible. Thus, a trace describes how the 

image (i.e. the set of fitting parameters) of a single particle 

Figure 4: Example for the projection of two raw traces (grey) onto one common 

synthetic plane. Here, only parameter 𝛽𝑥  of two traces is shown for simplicity; 

however, the RMSE was minimised between all parameters and all traces.

Figure 3: Example of overlapping particle images 



 

changes with the 𝑧-coordinate of that particle. To evaluate the 

whole parameter space and to account for noise, the training 

dataset comprises a large number of traces. Only traces of 

particles which span a minimum of 75 successive slices (≙ 225 

μm) are included for further analysis.  

A priori, the 𝑧 -locations of the particles of the traces are 

unknown, as the particles are randomly distributed within the 

flow channel. So, initially, traces consist only of a sequence of 

fitting parameters. To add spatial information to the traces, 

the indices of the traces are multiplied by the step size which 

was used during the calibration. This allows for the fitting 

parameters within one trace to be related to each other and 

creates a first estimate for the 𝑧-location of each element 

within a trace.  

To find a spatial relation between two traces the following 

procedure was implemented. The traces of the fitting 

parameters of each particle create a similar signal with respect 

to their out-of-plane coordinate. Hence, the traces can be 

projected onto one common plane by shifting traces relative 

to each other on the z-axis such that the RMSE between them 

is minimized. After all traces are aligned relative to each other, 

they are shifted by one constant value to bring the centre of 

the traces closer to the focal plane of the microscope. An 

illustrative example of this procedure, projecting two raw 

traces onto one common plane, is shown in Figure 4.  

A first coarse 𝑧-shift was conducted by cross-correlating each 

trace with respect to all other traces on the parameters 𝛼, 𝛽𝑥  

and 𝛽𝑦 . This allowed for a projection of the traces onto a 

common plane with a resolution given by the step size 

between two consecutive image slices (3 μm). The 𝑧-shift of 

each trace with respect to the synthetic plane was 

subsequently refined by shifting the functions of the feature 

values with respect to 𝑧. Linear interpolation between feature 

values at imaged slices allowed for a sub-slice resolution shift 

along the 𝑧-axis. This shift was determined numerically by 

minimising the RMSE of each trace with respect to all other 

traces. The projection of all traces onto one common plane 

yielded a complete training dataset. At this point, the image 

features were linked to a common plane, with a constant 

offset to the real focal plane of the microscope. 

A neighborhood component analysis on the training dataset 

reveals that the only parameter which contains little 

information about the z-location is the amplitude of the 

generalized Gaussian distribution (see Figure 5). This confirms 

results from conventional calibration approaches, where only 

parameters 𝜌𝑥  ,  𝜌𝑦  𝑥𝑐𝑒𝑛𝑡  and 𝑦𝑐𝑒𝑛𝑡  have previously been used 

and parameter 𝛼 was ignored. In addition, the results of the 

analysis shows the value of the parameters 𝜌𝑥  and 𝜌𝑦, which 

contain significant predictive information.  

 

Model development 

After generating the training dataset, a function 𝑔 was found, 

relating the fitting parameters and the 𝑧-location of the 

respective particles:  

𝑔(𝛼, 𝛽𝑥 , 𝛽𝑦 , 𝜌𝑥 , 𝜌𝑦 , 𝑥𝑐𝑒𝑛𝑡 , 𝑦𝑐𝑒𝑛𝑡  ) = 𝑧 (2) 

In addition to the fitting parameters, the location parameters 

𝑥𝑐𝑒𝑛𝑡  and 𝑦𝑐𝑒𝑛𝑡  can be employed to increase the precision of 

the predictive algorithm. This is due to the lateral aberration of 

the optics which cause slight modifications of the particle 

images depending on the in-plane locations 𝑥𝑐𝑒𝑛𝑡  and 𝑦𝑐𝑒𝑛𝑡 .   

This function can be approximated with any flexible regression 

model. Therefore, MATLAB implementations of three different 

models were tested: (i) an adapted k-nearest neighbour 

model, (ii) a neural network and (iii) an ensemble of boosted 

regression trees. The neural network and boosted regression 

tree ensemble were applied without modifications. Hyper-

parameters of the models were tuned using 10-fold cross 

validation to find model configurations with the lowest 

possible generalization error (see Table 1).  

The k-nearest neighbour model was adapted in order to avoid 

bias arising from non-uniform sampling of the parameter 

space along the 𝑧-axis. Close to the focal plane, the SNR is 

higher and particles are more likely to be detected. Further 

away from the focal, plane, the particle detection algorithm 

does not always detect particles, and thus, this region is more 

sparsely sampled. This aspect creates two challenges.  

Table 1: Comparison of candidate models by their performance (RMSE) with regards to 

the training dataset 

Model Hyper-parameter Value RMSE 

[µm] 

    

Fully Connected 

Neural Network 

Number of 

Neurons /Layer 

9 

6.15 

Number of Layers 3 

    

Boosted 

regression tree 

ensemble 

Maximum number 

of splits 

10 

7.11 
Number of trees 5000 

Learning rate 0.1 

    K-nearest 

neighbour 

𝜃 3.7 
10.79 

𝑘 10 

    Ensemble model 

equal weights 

  6.74 

    Ensemble model 

adjusted weights 

  6.05 

Boosted 

regression tree 

ensemble – 

“conventional” 

parameters 

Maximum number 

of splits 

14 

22.1 Number of trees 
5000 

Learning rate 
0.1 

 

Figure 5: Feature weights based on neighborhood component analysis. It can be seen 

that the amplitude of the distribution (parameter a) contains little information with 

regards to  the z-value.  



 

Firstly, when selecting the k-nearest neighbours, it becomes 

more probable to include neighbours which are located closer 

to the focal plane. This leads to a bias in 𝑧-predictions towards 

values which are closer to the focal plane. This challenge can 

be addressed by weighing the training data points at locations 

𝑧𝑖  with respect to the probability density of detected particles 

at their 𝑧-location 𝑤(𝑧𝑖). This levels out the bias in z-prediction 

towards the focal plane. 

The second challenge associated with sparse sampling away 

from the focal plane is that with fewer data points, it becomes 

more probable to include a neighbour with a larger distance in 

parameter space. This is undesired since those neighbours 

correspond to images which differ more than the images of 

neighbours which are closer in parameter space. This can be 

accounted for by lowering the weights of neighbours 

depending on their Euclidean distance in parameter space 

𝑑𝑖(𝛼, 𝛽𝑥 , 𝛽𝑦 , 𝜌𝑥 , 𝜌𝑦 , 𝑥𝑐𝑒𝑛𝑡 , 𝑦𝑐𝑒𝑛𝑡). We therefore applied an 

exponential kernel 𝑑𝑖
𝜃  to the k-nearest neighbours at locations 

𝑧𝑖.  

𝑔(𝛼, 𝛽𝑥 , 𝛽𝑦 , 𝜌𝑥 , 𝜌𝑦 , 𝑥𝑐𝑒𝑛𝑡 , 𝑦𝑐𝑒𝑛𝑡) =

∑
𝑧𝑖

𝑤(𝑧𝑖)𝑖𝑑𝑖
𝜃

𝑘
𝑖

∑
1

𝑤(𝑧𝑖)𝑖𝑑𝑖
𝜃

𝑘
𝑖

 (3) 

In addition to the three individual models, two model 

ensembles were evaluated as well. The first ensemble simply 

averages the predictions of the three individual models and 

the second uses adjusted weights for each individual model. 

The optimal weights for each individual model were 

determined, once more, using 10-fold cross validation. They 

were found to be 0.750, 0.214 and 0.036 for the neural 

network, boosted regression tree ensemble and k-nearest 

neighbour model respectively.  

Table 1 shows that the neural network has the lowest cross-

validation RMSE in the training dataset. Yet, the ensemble with 

adjusted weights outperforms the neural network. This is not 

surprising given that the individual models are inherently very 

different.42 Based on this comparison, the ensemble model 

with adjusted weights was considered the most suitable 

algorithm. However, when applied to the data from the flow 

experiment, the boosted regression tree ensemble performed 

best in comparison to all other models and model ensembles. 

This might be due to a mismatch between the high-quality 

training data and the lower quality data from the flow 

experiment. Therefore, the final model selection and error 

analysis were performed based on the results of the 

experiment (i.e. the comparison between the measured and 

analytically calculated velocities). 

An additional boosted regression tree model was trained and 

hyperparameter-optimized using only the parameters 

𝜌𝑥 , 𝜌𝑦 , 𝑥𝑐𝑒𝑛𝑡  and 𝑦𝑐𝑒𝑛𝑡 . This simulates the performance of 

these previously used “conventional” image parameters. The 

poor cross-validated rmse of 22.1 µm confirms the results of 

the neighbourhood component analysis. This suggests that 

there is significant information about the z-location encoded in 

the additional parameters of the generalized Gaussian 

distribution, which is the reason for the better performance of 

all models trained with all image parameters. 

Figure 6 shows how the measured z-locations relate to the real 

z-locations. The z locations were measured in the respective 

hold out datasets of a 10-fold cross-validation of the boosted 

regression tree ensemble. Above a distance of approximately 

120 µm from the focal plane the model becomes unreliable. 

Here, the measured z-locations have a bias towards the focal 

plane and a significantly higher variance.  

Flow measurements 

Particle velocities were measured at flow rates of 1.0 and 2.5 

mL/h, and images were captured at a rate of 24 frames per 

second. Particle sedimentation between frames is 5×10-5 µm, 

the Reynolds number for both experiments is <<1 and the 

Peclet number is 37. Thus, enabling the 2 µm polystyrene 

particles as tracers of laminar flow. Due to the higher errors at 

a distance above 120 µm from the focal plane, particles could 

only be tracked within a slice of roughly 240 µm thickness. To 

measure through the whole depth of the flow cell (3000 µm), a 

stack of image sets was acquired at focal positions 150 µm 

apart from each other. Each individual image set contained 

452 sequential images. Acquisition speed in the z-direction 

might be limited by the speed of the microscope stage or the 

synchronisation of the microscope components. The employed 

Leica closed loop microscope stage can move between focal 

planes within 30 ms.  

From each flow image, particle fitting parameters were 

extracted and the particle locations were determined using all 

candidate models. The particles were tracked between 

successive frames using the Hungarian Method.42 Trajectories 

with particles visible at less than 100 time steps were rejected. 

This threshold was found by analysing the relationship 

between the standard deviation of the z-locations of a trace 

and the amount of time steps in which it is visible. In traces 

with less than 100 time step visibility, the standard deviation 

of z locations is significantly larger, which would add noise to 

the measured velocity field. Slightly more (= 893) trajectories 

were analysed in the experiment when the flow rate was set to 

1.0 mL/h, as compared to 827 trajectories in the experiment 

with a flow rate of 2.5 mL/h.  Figure 6: 10 fold cross-validated measured z-locations using the boosted regression 

tree ensemble compared to real z location. Green area covers the mean ± the standard 

deviation of the measured z location at a given true z location 



 

 

Figure 7: Comparison of the measured average displacement in the x-direction of each 

trajectory with the analytical solution of the flow field for both experiments. The model 

used for these measurements is the boosted regression tree ensemble which had the 

smallest error as compared to the analytical solution of the flow field.  

1 pixel ≙ 0.8 µm, 1 frame ≙ 1/24 s 

For a quantitative description of the overall flow field, average 

velocities were calculated for each particle trajectory. The 

measured velocities approach zero near the walls (in the 𝑧-

direction of the flow) and peak in the middle of the flow cell. 

For a quantitative comparison between the measured and the 

calculated flow velocities, an analytical solution for the velocity 

profile was determined.44 

Velocity measurements were recovered using all three models 

and the two ensemble versions and were compared to 

analytical calculations by determining mean relative 

deviations. The ranking of the models differs compared to the 

training dataset. With a mean relative error of 3.3 % for the 

velocity in the 𝑥-direction, the boosted regression tree 

ensemble was the best performing model on the flow dataset. 

Relative errors have been determined by relating the absolute 

errors to the velocity of the analytical solution at the 

corresponding z-y location. All further error analysis is based 

on the performance of the boosted regression tree ensemble 

model as it was the best performing model with respect to the 

analytical solution of the flow experiments.  

A comparison of the displacements that were recovered with 

the analytical solution is shown in Figure 7. The measurements 

do not show any obvious bias when compared to the analytical 

solution. For these trajectory-averaged displacements the 

mean relative errors in the 𝑥-direction are 3.7 % and 2.9 % for 

the 1.0 mL/h and the 2.5 mL/h experiments respectively. 

Previously reported relative errors of the displacement in the 

x-direction are 0.9 % 27 as well as between 1 % and 6 % 26 for 

experiments in smaller domains of 100 and 200 µm height. 

These errors relate to single displacement measurements 

instead of interpolated measurements. We therefore 

determined relative and absolute errors for non-smoothed 

displacement measurements between single time steps in our 

dataset. The displacement errors for the two experiments 

were estimated by calculating the standard deviation of 

residuals between analytical and measured displacements. 

They were found to be 0.21 and 0.22 pixels corresponding to 

velocity errors of 4.0 µm/s 4.2 μm/s. Scaled by the maximum 

velocity of the flow this translates into relative errors of 17.8 % 

and 7.3 %. A higher experimental velocity reduces the relative 

error in the 2.5 ml/h experiment by more than half, while the 

absolute error increases by only 10 %. Relative errors are 

significantly higher in this study (7.3 – 17.8 %) than the errors 

in the literature (0.9 - 6 %)26,27. Displacement errors are 

roughly double in our experiments as compared to errors in 

the literature (0.1 pixel) 26,27. 

The lower displacement and relative errors in the literature are 

likely to be linked to the significantly higher SNRs obtained in 

these studies. Previous studies employed cameras with 

CCD/sCMOS sensors and pulsed lasers for illumination26,27 

instead, we acquired images with a basic microscope 

arrangement that uses a CMOS sensor, and LED illumination. 

This explains why the reported level of noise of <=15 % in 

literature27 is well below the noise level of ~80 % (based on 

their definition of the noise level) in our images. The same is 

true for the value of the SNR which is in the range of 5 - 42 in a 

previous study26 as compared to a mean value of 5.7 in this 

study. Despite the differences in image quality, the method 

presented here is still capable of describing the flow field at 

the scale at which the study was conducted.  

The displacement error does not show any trends throughout 

the entire depth of measurement for both experiments (see 

Figure 8). We purposely measured as close to the boundaries 

at the top and at the bottom of the flow cell as possible, as 

many research areas are particularly interested in near-wall 

measurements. The constant displacement error along the z-

axis suggests that the solid-liquid boundaries do not impact 

the accuracy of the measurement system significantly. This is 

in agreement with a previous study where the same behaviour 

was reported.8 This suggests that the method proposed in the 

present work might be suitable for investigating flows in 

porous media where solid-liquid interfaces are encountered 

frequently. 

Conclusions 

The presented defocusing particle tracking method provides a 

low cost, yet reliable alternative to observe 3D flow 

 

Figure 8: Single errors between measured particle displacement and analytical solution.  

Relative errors are relative to the maximum velocity of the analytical solution.  

1 pixel = 0.8 µm, 1 frame = 1/24 s 

 



 

phenomena at the pore-scale. It is based on a simple 

calibration approach to track particles in a 3D fluid flow using 

an astigmatic optical system. A 2D generalized Gaussian 

distribution is employed to parameterise particle images. The 

preparation of a training dataset comprised of these fitting 

parameters paired with known out-of-plane locations is shown 

in detail. This proposed workflow can be applied to any 

transparent microfluidic device. Once the training data is 

collected, the calibration of the apparatus is purely empirical 

and can be conducted with a standard machine learning tool 

for multivariate regression. The method is demonstrated using 

a brightfield illumination. This confirms the robustness of the 

method with regards to the use with images of low signal to 

noise ratio. 

The displacement errors in channel flows with 1.0 and 2.5 

mL/h were obtained by comparing experimental velocity 

measurements with analytic solutions for the flow field, and 

were found to be 0.21 and 0.22 pixel, respectively. Although 

these values are higher than the errors reported in other 

studies that employ pulsed lasers for illumination and 

CCD/sCMOS cameras, our work demonstrates that it is 

possible to conduct 3D particle velocimetry with an apparatus 

based on a microscope with conventional brightfield 

illumination and a CMOS sensor. This makes the method 

accessible to a larger community.  

We validated the method in a laminar channel flow for which 

an analytical solution is known. In the future we intend to 

employ this method to investigate single and multiphase flows 

in porous media with matched refractive index. The flow 

phenomena that we seek to investigate span length scales in 

the order of 10s of μm to a few mm in all three dimensions. 

Therefore, we showed how measurements at multiple focal 

levels can be combined to cover large measurement depths. 

Imaging at multiple focal levels comes at the cost of moving 

the microscope stage during the experiment. In our case we 

investigated a volume with dimensions 2.0, 1.2 and 3.0 mm in 

length, width and depth respectively.  
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