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Abstract—Knowledge of the acoustic contrast factor of 

biological entities can provide useful information regarding 

defects or cell stages in biological applications of microfluidics. 

It is also a valuable input in the design of acoustic particle 

manipulators or sorters. To calculate the contrast factor, the 

required physical properties can be obtained using contact 

measurements, but these are not desirable as they can damage 

particles or cells. In indirect approaches, reference particles are 

employed and the behavior of the unknown particles or cells is 

compared with that of the reference particles. Here we propose 

an image recognition-based framework to  automate the entire 

characterization workflow and obtain acoustic contrast factor 

without intervention. We use 10 micron diameter polystyrene 

particles as reference and obtain contrast of 6 and 15 micron 

particle as a proof of concept. Excellent agreement with 

expected value within 5% is seen for the 15 micron diameter 

particles. 

Keywords - microfluidics, machine learning, object 

recognition, acoustic contrast factor, mechanical characterization 

I. INTRODUCTION  

Tracking and counting of entities such as cells, pathogens 
or synthetic particles in microfluidics are often prerequisites 
for tasks such as the calculation of trapping and separation 
efficiency, or the characterization of the electric, magnetic or 
flow fields that act on these entities. The ability to track and 
count entities requires some method of object detection that is 
either performed manually, utilises florescent markers, is 
limited to simple configurations such as spherical entities, or 
to entities with high acoustic contrast. This article focuses on 
the application of machine learning algorithms that enhance 
the calculation methods of the acoustic contrast factor. The 
algorithms are shown to be adaptable to any desired target 
populations. 

II. CONTRAST FACTOR DETERMINATION METHOD 

Calculation methods of the acoustic contrast factor can be 
grouped into direct and indirect techniques. The direct 
methods involve the direct assignment to the acoustic contrast 
factor formula, shown in (1) below, of the numerical values of 
the particles physical properties, such as density and 
compressibility:  
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Fig. 1. The flowchart of the object detection framework. The originally 

960x320 images (label a) are cropped to 960x240 (label b) to remove the 
channel walls and any stuck particles or other noise sources. Then images 

are uploaded to the Roboflow portal (label c), annotated (label d) and 

exported to Colab (label e), where a Jupyter notebook is used to perform 
the training. The trained model is downloaded and imported into a local 

Python environment (label f) to be used on the videos for extraction of the 

trajectory and determination of the contrast factor.  



where 𝜅  and 𝜌  are the compressibility and density 
parameters, with indices 0 and i denoting a fluid and particle 
property, respectively. 

Reference particles with known physical properties, such 
as polystyrene particles, are used in the indirect methods. In 
such methods, reference particles are placed in well-known 
acoustic field configurations and the trajectory of the particles 
is measured. The measured trajectory is compared to the 
analytical trajectory equation with the calculated contrast 
factor of the reference particles, using curve fitting techniques 
for example, in order to infer the acoustic energy density used 
as a variable parameter [1]. Once this energy density is 
determined, the particles to be characterised are then used and 
their trajectories compared with the analytical trajectories to 
determine the unknown acoustic factor.  The acoustic field can 
be an on-off standing wave excitation with random initial 
position [2] or with limited initial position using a focussed 
inflow [3]. To have even better control on initial position, a 
phase jump can also be utilized [4]. 

In this article frequency modulation is used in our 
experiments to sort particles.  The corresponding analytical 
equations are: 

 𝑦𝐴(𝑡) =
1

𝑘𝑦
tan−1[tan(𝑘𝑦𝑦0) exp(𝛾𝑡)] (2) 
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where (2) is used for a static standing wave and (3) for 
frequency modulated standing waves. The parameter 𝑘𝑦 is the 

horizontal wavenumber, 𝑦0 the initial position, 𝛾 the ratio of 
peak acoustic and viscous forces, Δ𝜔 the frequency difference 

between the two transducers and 𝑄 = √(Δω)2 − 𝛾2  [5-8]. 

The constant 𝑐1 is used to satisfy initial conditions. 

III. MACHINE LEARNING DETECTION FRAMEWORK 

A framework was developed for the detection method. It  
combines the various environments of Roboflow and Colab, 
and uses Local Python processing as illustrated in Fig. 1. 

A. Roboflow 

The cloud-based Roboflow environment was used to 
manage the training set of images. A total of 48 images were 
extracted from various experimental videos containing 
polystyrene particles of 6, 10 and 14.5 microns in diameter. 

These images were first cropped to extract a 960-by-240 
pixel area of interest without the channel walls. All particles 
appearing in these frames, a total of around 200, were 
annotated as polystyrene particles as shown in Fig. 2. 

In Roboflow, various pre-processing, augmentation and 
export options are available. As a first test, no pre-processing 
was used, and the only augmentation step was a 0 to 0.5 pixel 
blur, to aid the detection of out-of-focus images or video 
frames, as these frequently appear in microscope recordings.  
Besides the original frame, the frame with the Gaussian blur 
was therefore also included in the training set. We investigated 
models that used resized input images to 416x416 pixel size 
(default option) or no resize at all. We chose a 75-15-10 split 
for the set of train-validate-test images. With the amount of 
blur randomly adjusted for each training image at 3 levels, the 
entire final dataset consisted of 33x3+10+5=114 images.  

B. Colab 

Colab is a Google’s Jupyter Notebook-based Python 
environment, with a ready-made notebook available that uses 
the latest TensorFlow v2 models [9], such as EfficientDet. 
Data need only to be exported from Roboflow in the right 
annotation format alongside a few changes to the required 
iteration and evaluation steps and model type needed. 
Although GPU resources are available, due to the limited 
RAM we decided to use batch processing of 4 images within 
the EfficientDet framework, up to 10,000 execution steps. 

C. Local processing step 

The main reason behind using local processing is to avoid 
uploading large video files onto the cloud. Notwithstanding a 
few differences that mainly stem from the difference between 
Unix and Windows, the local Python environment is a copy of 
the relevant parts of the Jupyter notebook. As real images have 
a 4:1 ratio (960x240) and the machine learning (ML) 
algorithms assume all input to be 1:1 ratio a scaling of 
coordinates is needed to properly maintain aspect ratios and 
distances. 

D. Trajectory extraction 

A simple “match to the nearest of previous frame” 
approach is used for the extraction of the trajectory. The 
detected particles in a certain frame are matched with the 
particles with the smallest Euclidean distance that were 
present in the previous frame. 

 

Fig. 2. Annotation of images in Roboflow is straightforward by drawing 

rectangles around the objects of interest. 

 

 

Fig. 3. Typical outputs of the training, including various loss graphs 
and the learning rate. Note the convergence  and decreasing trend of all 

error measures. The learning rate is automatically adjusted. 



IV. RESULTS 

During training, the usual plots showing classification loss 
(the error in identifying objects), localization loss (the error 
determining position of objects), regularization loss 
(artificially included error to keep the algorithm convergent) 
and learning rate (how fast the estimator can adapt to the 
dataset) were obtained as illustrated in Fig. 3. 

A comparison of CPU and GPU-based training and the 
obtained metrics are summarized in Table I. With GPU-based 
training, required times can be cut by approximately 20 times. 

TABLE I.   PERFORMANCE COMPARISON OF CPU AND GPU TRAINING 

 CPU GPU 

One step ~3.5 sec 0.161 sec 

5,000 steps 4.9 hrs 13 minutes 

10,000 steps ~10 hrs 29 minutes 

 

Two approaches were compared for efficiency: one where 
each frame was rescaled to 416-by-416 pixels, and the one that 
used directly the original 960-by-240 resolution. In both cases, 
the detection limit was set at 0.2, a score higher than this was 
considered a positive match. For the 5 test images excellent 
identification for all particles were witnessed, except one 
identified particle in the rescaled approach. Therefore, for all 
following investigations, the model where the size of the 
frames was unaltered was employed. For the local processing, 
on average two frames of a video were annotated every 

second. Some example frames with identified bounding boxes 
and the missed particle are shown in Fig. 4. 

As a next step, the particle trajectories of each particle 
were extracted using the “nearest-of-previous-frame” 
approach discussed previously. These trajectories are shown 
in Fig. 5. The axial (top, x) trajectories agree with an offset, as 
expected in a microfluidic channel with laminar (but arbitrary) 
flow, as the particles have different x positions. The particle 
speed is however always the same. The consistent axial 
trajectory can be used as a sanity check of the algorithm. The 
numerical and experimental transversal trajectories 
(perpendicular to channel axis, bottom graph, y) are in good 
agreement and were used to obtain acoustic energy density 
and therefore the value of the unknown acoustic contrast 
factor. 

The 10 micron diameter particles were used as the 
reference particles. The acoustic energy density was adjusted 
to match the measured trajectories with the analytical 
trajectories using the least square sum of the difference 
between the two curves. This energy density, found to be 108 
kPa, was used for the remaining two particles to fit trajectories 
and extract the acoustic contrast factor. These were expected 

 

Fig. 4. Typical detection results (a) for the rescaled frames (b) for 
unaltered frame size. Excellent performance for both methods, except 

for one unidentified particle (red circle) in (a). 

 

Fig. 5. Recorded x (top graph) and y (bottom graph) trajectories of the 

6, 10 and 14.5 micron polystyrene particles. Dashed lines indicate 

numerically obtained trajectories to fit the experimental curves. 



to be the same as with the 10 micron particles, being the same 
material. Although for the 14.5 micron diameter particle the 
contrast factor was within 5% of the known value, for the 6 
micron particle the contrast factor was about 27% higher. This 
difference can potentially be attributed to a size discrepancy, 
or reflections of acoustic energy within the cavity. 

V. CONCLUSIONS AND FUTURE WORK 

In this paper we presented a methodology to approximate 
contrast factor of particles and cells with minimal 
computational time. We approximate that, in 30 minutes, the 
appropriate training frames can be extracted to maintain good 
coverage. In another hour the 50 images can be annotated. The 
set up time of cloud and local environments took around 4 
hours, and the training time of one set of images was 30 
minutes. The entire detection framework can be set up and 
trained in less than a day, substantially speeding up any 
processes involving particle detection. 

In our test example 10 micron diameter polystyrene 
particles were used as reference, the acoustic contrast factor 
of the 14.5 micron diameter particle was in excellent 
agreement with the calculated value. For the smaller 6 micron 
diameter particle a 27% difference in contrast factor was noted 
that can attributed potentially to size differences or reflections 
of acoustic energy. 

Future work includes the extension of this method to 
investigate the suitability of other ML algorithms for particle 
detection method. Statistical approaches could be used to 
evaluate multiple similar particles to see clearly whether any 
discrepancies could be attributed to differences in size from 
the nominal values. Finally, we would like to compare CPU 
and GPU calculation speeds for the final trajectory extraction. 

This method could be applied to various microfluidic 
applications with minimal modifications to have fast turn over 
times and evaluation rates of techniques. 
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