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ABSTRACT

Temporally extended, three-dimensional trajectories of microbes are particularly useful to understand bacterial motility
behaviors and swimming patterns. Conventional particle detection methods employed in digital holographic microscopy
(DHM), e.g., intensity-based methods, are often ineffective in producing long trajectory data. We develop a novel hybrid
particle detection and tracking method that can extract longer trajectories in 3D with higher throughput and fidelity. This
method integrates conventional intensity-based particle detection, deep learning image classification, and cross-correlation
displacement determination. The conventional detection provides seeds (in terms of 3D coordinates) to the cross-
correlation operation, which is implemented on two sequential light fields reconstructed from consecutive holograms. Peak
detection on the resultant correlation map gives a 3D vector that points to the same particle in the next frame. This realizes
sustained particle detection and tracking in one step. Additionally, a trained deep learning classifier is used to differentiate
between true and false particle detections to eliminate false pairings. For demonstration, the new method was applied to
experimental holograms of bacteria and has produced significantly more long trajectories that are all valid detections. In
addition, the measurement accuracy in the depth direction is also superior to the conventional method.
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1. INTRODUCTION

Holography can be used to produce a stack of images from a single hologram that scan through the sample volume. The
volume acquisition time is essentially equivalent to the exposure time used to acquire the hologram. This enables
holography for fast, volumetric imaging of highly dynamic events by recording a temporal sequence of holograms. For
many years holography has represented the ultimate tool for the study of dynamic 3D particle fields by “freezing” a 3D
space at many instants of time'2. Previously severely limited by the requirement of photographic film recording, the
emergence of digital holography has removed the requirements and problems with photographic materials. In addition, the
mechanical focusing associated with analog holography has been replaced with digital refocusing in digital holography.
Of the many ways to extract useful information from a hologram, the most common is reconstructing, viewing, and
analyzing numerically focused images of planes in the volume.

The field of digital holographic microscopy (DHM) that introduces magnification in hologram recording, has been highly
active for over 10 years® and recent development of DHM systems have resulted in commercial ventures that are providing
excellent new tools* to researchers. While conventional microscopy’ suffers from a shallow depth-of-field and is
intrinsically inferior to three-dimensional (3D) microscopic imaging techniques®, (DHM) is an established volumetric, 3D
imaging technique particularly useful for particle tracking applications’®. The inline DHM features a simple configuration
compared to the off-axis version and has been applied for high-throughput, volumetric, three-dimensional (3D)
characterization of bacterial swimming behaviors®!°. Organisms such as bacteria swim in complicated patterns in 3D and
can be studied on the microscopic scale with in-line holographic microscopy. The wavefronts captured in holograms in a
time sequence may then each be numerically propagated over a range of distances along the optic axis to reconstruct a 3D
field that may then be used to detect the location of each bacteria in time. These three-dimensional locations can then be
used to form trajectories that are sought after by biologists for characterizing bacterial motility patterns and investigating
the interactions between them!!,
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We have previously developed an inline DHM system (MetroLaser’s MetroDHM instrument and the associated HoloPro
software) for high-throughput, volumetric, 3D characterization of freely swimming single4 and multiple'? bacterial species
that can produce 3D data pertaining to bacterial swimming patterns. While this instrument can generate new volumetric
insights on the motility characteristics, the bacterial detection and tracking algorithms employed were ineffective at
producing a large amount of extended-time scale trajectories (for up to several seconds) that are important in analyzing
swimming patterns that consist of periodical sequential motions (e.g. those in the run-and-tumble pattern of E. coli that
happens approximately at 1 Hz). Trajectories of longer temporal lengths provide more information as they tend to include
more occurrence of such repetitive patterns.

The length of the bacterial trajectories obtained using the MetroDHM instrument mainly depends on the signal-to-noise
ratio of the reconstructed bacterium images, bacterial number density in the medium, and the consistency of tracking a
bacterium over time. More trajectories of longer temporal lengths are warranted in the application of our MetroDHM
instrument to allow the observation of more repetitive patterns. To address this demand, we developed a novel particle
detection and tracking algorithm, combining conventional brightness-based detection, machine learning classification, and
cross-correlation (CC) particle tracking, to achieve bacterial trajectories of much longer duration and better accuracy and
fidelity. We first use an intensity-based detection to provide the 3D bacteria coordinates to a cross-correlation operation
implemented on two sequential light fields reconstructed from consecutive holograms. The correlation map peak provides
a 3D vector pointing to the same bacteria in the next frame enabling sustained detection and tracking in one step. A deep
learning classifier, trained to differentiate between true and false bacteria detections by analyzing the image reconstructed
at the detected coordinates, is used to eliminate false detections. The intensive computation involved in the new method is
efficiently executed using in-house GPU-based programs. The new method produces significantly more temporally
extended and valid bacterial trajectories with a superior measurement accuracy in the depth plane.

2. METHODOLOGY
2.1 Hybrid particle detection and tracking algorithm

Figure 1 shows the flowchart of the conventional particle detection and tracking algorithm that was previously used in the

HoloPro software4. The index “i” denotes the in instant in the temporal sequence of data that ranges from 1 to N, with 1

indicating the first hologram recorded in the sequence and N being the last one. Hologram processing starts from the 1 (i
=1) hologram and pools of open and closed trajectories are initially empty. Open trajectories are those which can be

extended by their detected counterparts and paired in the next frame, while closed trajectories are those which are already
discontinued in preceding frames. For example, the open trajectories at the (i — 1) s instant have “tails” detected in the (i —
1)u frame, while the closed trajectories at the (i — 1) w instant have all ended before the (i — 1) s, frame. The processing of
the i hologram starts from detection of particles using the brightness-based4 (signal-to-noise ratio based) method to

identify and locate the particles in 3D. The particle detection result contains both true and false detections. For true

detections, the determined 3D coordinates are an accurate representation of the particle’s center. More specifically, sub-

pixel accuracy is achieved in the (x-y) planes while the deviation is within a couple (2-3) times the particle diameter in the

depth (z) plane. In contrast, the false detections correspond to no particle centers, including the case where noise is wrongly
identified as particles and the case where the particle is erroneously located, especially in the depth direction. This method
does not distinguish between true and false detections and both detections are used for particle tracking by pairing them
with the tails of the open trajectories from the (i —1) » frame. The Hungarian algorithm is used for making particle pairs in
sequential holograms. Particles with matched counterparts are attached to the end of the corresponding trajectories,

extending them. Open trajectories that are not extended at the i frame are closed and added to the pool of closed
trajectories. Particles that are not matched with any tails of the open trajectories are used to form the heads/starts of new
open trajectories. The new and the extended trajectories together form the pool of open trajectories for the next frame.

Processing of the (i + 1) 1, hologram then follows, and the process of particle detection and tracking iterates until the last
frame.
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Figure 1. Flowchart of the particle detection and tracking method currently employed in the HoloPro software.

The final trajectories comprise pools of open trajectories and closed trajectories obtained at the Nth frame. This initial
result contains erroneous trajectories, especially those having shorter temporal lengths. A length threshold (e.g., 5 seconds)
can be implemented to eliminate shorter trajectories, leaving behind longer ones with much higher accuracy. The inclusion
of both true and false detections for particle tracking contributes to more erroneous trajectories. False detections can also
cause pairings with incorrect particles and earlier closure of trajectories that decrease the efficiency of the particle tracking
algorithm. In addition, the application of a constant signal-to-noise ratio threshold to detect particle pixels in the
reconstructed depth planes in all frames does not perform adequately for particle tracking purposes if the test section is
subject to spatial and temporal intensity variations. Intermittently dropping and picking up the same particle in the detection
sequence due to these reasons causes discontinuation in the generated particle trajectories that results in shorter path
lengths.

We address the issues of the current particle detection and tracking algorithm and improve the length and accuracy of
detected trajectories by implementing and validating a novel, hybrid method that combines the current conventional
particle detection, machine learning classification, and cross-correlation-based particle detection and tracking. Figure 2
shows the flowchart of this hybrid method. At the i instant of the processing sequence, the cross-correlation method is
used to extend the open trajectories to the i frame by determining the displacement between the particles at the (i— 1)
instant and that at the i instant. The 3D cross-correlation is implemented on two reconstructed, temporally consecutive
image volumes. Both volumes are centered at the coordinates of the particles at the current “tails” of the open trajectories.
The first volume is reconstructed from the hologram at the (i — 1)« instant and the second one is reconstructed from the
hologram at the i, instant. The size of the volume should be big enough to contain the particle image as well as its out-of-
focus interference patterns (e.g., concentric rings) when the reconstruction is conducted away from its actual depth. In
addition, since the particle is moving, the size of the 3D volume should also account for the corresponding inter-frame
shift to make sure the particle still remains in the volume/window. This is crucial because cross-correlation relies on the
quantified similarity of patterns (correlation value) to determine the displacement. The direct result from cross correlating
the two image volumes is a 3D map of correlation values, from which the peak value is detected and the deviation of the
peak location from the center of the volume (i.e., a 3D vector) indicates the displacement of the particle. In such manner,
the particle detection and tracking are performed simultaneously. The tracked particle’s position at the i instant is simply
its position at the (i — 1) s instant plus the determined vector.
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Figure 2. Flowchart of the proposed hybrid particle detection and tracking method that combines conventional particle
detection, machine learning classification, and cross-correlation-based particle detection and tracking.
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The particles detected by cross-correlation in the i frame need to be filtered by a trained classifier to eliminate false
detections. If a false detection is confirmed, the corresponding particle at the (i — 1)th instant fails to find a valid counterpart
in the next frame, thus the trajectory is closed and added to the pool of closed trajectories. If the detection is confirmed
true, the corresponding trajectory is extended to the i frame and remains in the pool of open trajectories, to be sent to the
next instant for processing. The classifier differentiates between true and false detections by analyzing the image
reconstructed at the detected coordinates using a deep convolutional neural network (CNN) model (see section 2.2). As
observed on the left branch of the processing tree, the i s hologram is also processed using the conventional brightness-
based particle detection method producing results that include both true and false detections. False detections are removed
using the classifier in the next step. Since the brightness-based particle detection and cross-correlation particle detection
methods are independent, it is likely that true particles are detected by both methods. Repetitive true detections produced
by the brightness-based method are removed by performing an overlapping examination of detections by both methods.
The remaining detections are considered as “newly detected particles” that do not belong to any trajectories and thus they,
as the heads of new open trajectories, are added to the pool of open trajectories. Therefore, the updated pool of open
trajectories includes the extended trajectories and the new ones. The iteration continues until it finishes at the last (Nth)
frame and the final result comprises the pools of open trajectories and closed trajectories. Unlike the original method, the
new hybrid method employs a machine learning classifier to identify and eliminate false detections, improving the accuracy
of trajectory results. In addition, instead of using only a single brightness threshold to detect and locate a particle, the cross-
correlation method utilizes all the pixel values surrounding the particle center to identify and locate its counterpart in the
next frame and thus, is more immune to system noise and spatial/temporal brightness variations. These advantages of the
new method enable it to detect longer trajectories more efficiently and accurately.
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2.2 Deep CNN model

We constructed, trained, and deployed a convolutional neural network (CNN) model that takes the reconstructed amplitude
image of a detected bacterium as input and provides a morphology-based differentiation between true and false detections.
The structure of the CNN model is shown in Figure 3. Each input image is an amplitude image of the detected particle,
retrieved by reconstruction at the determined axial location of the particle and cropping the image centered at the particle
based on the determined in-plane locations. In our case, each input is a 304x304 sized grayscale (one-channel) image. The
production of the input images is realized using the in-focus image generation functions (in the “Tools” menu) of the
HoloPro software. The image is processed by a series of convolutional layers, each composed of sequenced convolution,
ReLU-activation, and Max-pooling operations to make a prediction. The first convolutional layer converts the one-channel
image into a 64-channel, 152 x 152 image, followed by multiple additional convolutional layers that ultimately cascade
the image down to an 8-channel, 19x19 image. This is flattened and sent to the fully connected layers to finally achieve a
2-element output. The final prediction is based on the higher probability obtained between the two elements.
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Figure 3 Structure of the deep CNN model.

For training, input images are generated from the data of isolates, for which the class (true or false) for the round shaped
cell A.brasilense (AB) bacterial species is known. A dropout of 50% is used right before and between fully connected
layers to prevent overfitting, cross-entropy loss is used as the loss function and the Adam algorithm is used for gradient
descent to update the coefficients in the model12. In total, 26,000 images of AB are used for training and 6000 images are
used for validation. In just 4 epochs, the training and validation results improve and converge at similar loss and accuracy
values (see Table 1), indicating the ML model has captured the general characteristics that differentiate between true and
false detections. Eventually, an accuracy of ~96.3% can be achieved for both the training and validation data sets.

Table 1 Training and validation loss and accuracy data versus epoch number

Training loss Validation loss Training accuracy Validation accuracy
Epoch 1 0.392 0.127 0.806 0.956
Epoch 2 0.141 0.138 0.953 0.955
Epoch 3 0.129 0.104 0.957 0.965
Epoch 4 0.114 0.102 0.963 0.964
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3 RESULTS AND DISCUSSION

To demonstrate the superiority of the new hybrid method, we coded the algorithm in C++ and CUDA for GPU acceleration,
tested it on multiple datasets, and compared the results with those obtained from the original method. We intentionally
applied one simplification when implementing the method by executing the left branch in Figure 2 only on the first
hologram rather than all the holograms processed. In this way, since the brightness-based particle detection is omitted,
except for the first frame, no new trajectories are added during the course of processing and all detected trajectories are
those that initiate at the first frame. This allows us to determine in a more rigorous way exactly how many extended
trajectories can be formed that are initiated from just one hologram in a digital holographic video recording.

The method was tested on two different experimental datasets acquired for 90 and 60 second inline digital holographic
videos (sequence of holograms acquired at 12 Hz) of AB bacterial species using the MetroDHM instrument. Information
about these datasets is listed in Table 2. The data acquisition, image sensor and wavefront reconstruction specifications
follow the work performed in our past study12. By rescaling (down-sampling) the holograms, the effective pixel size of
the two datasets was uniformly set to about 0.25 pm. At this effective pixel size, the x-y dimensions of the 3D volume for
cross-correlation are set to 64 x 64 px. In the axial direction, this dimension is set to 64 planes and the distance between
each plane is 1 um. A comparison of the number of detected trajectories obtained from the new method and the original
method is shown in the rightmost two columns in Table 2. We count the number of trajectories which are longer than 5
seconds and start from the first frame. The new method produces approximately 4 times more of these longer trajectories
(> 5s) than the original method.

Table 2 Datasets for testing the new hybrid method and comparison of the number of longer trajectories determined by the
new method and the original method.

Dataset # of frames # of trajectories (> Ss) detected by the # of trajectories (> 5s) detected by the original
new method method
1079
1 (90 sec) 382 107
720
2 (60 sec) 227 64

The distribution of trajectory lengths produced by the original method and new hybrid method is exhibited in Figure 4 by
frequency plots of trajectory lengths. The plots derived from the original method include all the detected trajectories,
including those initiated after the first frame while those plotted for the new method only start in the first frame. As
observed, most of the trajectories obtained with the original method have the shortest length (5 seconds, i.e., the length
threshold) and a very few of them have lengths greater than 10 seconds. In distinct contrast, most of the trajectories detected
by the new method are longer than 10 seconds, and a substantial number of these trajectories have the longest possible
duration, which is equal to the length of the hologram video. Thus, the new method demonstrates a dramatic improvement
in detecting longer trajectories compared to the original method.
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Figure 4. Distribution of detected trajectory lengths for new and original hybrid method

Figure 5 shows the 3D plots of trajectories detected by the original method and those detected by the new method that
extend for more than 5 seconds. Similar to Figure 4, all detected trajectories are plotted in the case of the original method,
including those that start after the first frame, while those plotted for the new method only start in the first frame.
Interestingly, the new method can detect bacteria that are closer to the field-of-view borders, deep in the volume (marked
by the red arrows). Due to the loss of fringes, the wavefront reconstruction of bacteria near the hologram borders typically
tend to have a low signal-to-noise ratio, especially when they are located further away from the focal plane, i.e., deeper in
the volume having a greater z value. The spatial distribution of trajectories detected by the original method has a “cone”
shape in the depth-plane, indicating the difficulty of detecting such bacteria using the brightness-based method. In contrast,
the new hybrid method relies on the statistical comparison of diffraction patterns and is more robust to noise, that enables
it to detect them more efficiently and continuously over extended timescales. It is also noteworthy to mention that although
the trajectory plots produced using the new method are for bacteria that are detected only in the first frame, they still
account for 20-27% of the total number all trajectories plotted with the original method that is being allowed to detect new
particles in each subsequent frame. This again shows how effective the new hybrid method is in comparison to the original
method to detect and create extended time-scale trajectories.
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Figure 5 3D plots of all the trajectories detected by the original method (Dataset 1: 1885, Dataset 2: 826) and trajectories
initiated at the first frame detected by the new method (Dataset 1: 382, Dataset 2: 227) that are longer than 5 seconds.

The accuracy of the new hybrid method is qualitatively evaluated by examining the smoothness of the bacteria trajectory
profiles. Figure 6 shows examples of trajectories determined by the original method and the new method. In both cases,
the trajectory appears smoother in the x-y direction than in the z direction, demonstrating inferior accuracy in the axial
plane which is an intrinsic limitation of digital holography. In the y-z projections, the trajectory obtained from the new
method appears to have a slightly smoother profile than that obtained from the original method, demonstrating a potential

improvement in the axial accuracy. A more thorough analysis will be carried out in future efforts to confirm this
quantitatively.
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Figure 6. Comparison of smoothness in a trajectory determined by (left) the original method and (right) the new hybrid
method.

4 CONCLUSIONS

Extended timescale volumetric trajectory data for microbial species is important in analyzing complicated swimming
patterns that consist of periodic sequential motions. Characterizing these bacterial motility patterns and investigating the
interactions between them over long timescales can provide important information to biologists seeking to understand their
role in a diverse array of dynamic biochemical processes and for identifying bacteria. For this purpose, we focused on
developing and testing a novel hybrid particle detection and tracking method for an inline digital holographic microscopy
system that enables the extraction of longer volumetric trajectories from sequentially acquired digital holograms with
higher throughput and fidelity. This method combines conventional intensity-based particle detection, deep learning image
classification, and cross-correlation displacement determination into a systematic workflow that allows particle detection
and tracking to be performed simultaneously. An intensity-based detection initializes the process by providing 3D particle
coordinates to a cross-correlation operation that produces a 3D vector pointing to the same particle in the next frame. A
trained deep learning classifier is additionally used to differentiate between true and false particle detections produced by
both the intensity-based and cross-correlation detection operations being performed concurrently. This allows the new
hybrid method to identify and eliminate false detections that can otherwise cause pairings with wrong particles to form
erroneous tracks and produce earlier track closures leading to path discontinuities. Further, using a single brightness
threshold to detect and locate particles and the cross-correlation method that utilizes all the pixel values surrounding each
particle center to identify and locate its counterpart in the next frame, makes the method as a whole more immune to system
noise and spatial/temporal brightness variations that enables the detection of longer trajectories more efficiently and
accurately. We implemented the algorithm in C++ and CUDA for GPU acceleration and applied it to digital holographic
datasets acquired for A.brasilense (AB) bacterial species. The results showed that the new method can very effectively
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produce extended timescale volumetric bacterial trajectories, most of which extend the temporal length of the entire
holographic recording which previously could not be achieved with the original hybrid method.
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