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ABSTRACT

We have previously presented our work in developing and applying a commercial digital holographic microscopy
(DHM) system for volumetric, 3D characterization of bacterial motility. The system was applied to simple biological
systems, i.e., single bacterial species, to demonstrate its effectiveness. We are now applying DHM to more realistic
conditions, including multiple bacterial types, to differentiate the species of interest for investigating their interactions.
Our workflow for species classification and motility characterization combines DHM and machine learning.
Specifically, our DHM instrument acquires holograms of single bacterial species and mixtures of different species, the
software extracts in-focus images of individual bacteria and their trajectories, and deep convolutional neural network
models are constructed and trained using the in-focus images and then deployed to the mixture data for classification.
The motility and morphology of the predicted species in the mixture is consistent with the measurements from isolates,
verifying the effectiveness of the developed workflow. This work showcases the application of DHM to investigate
complex biological systems.
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1. INTRODUCTION

Plant-microbe interactions in the rhizosphere, which is the region immediately surrounding plant roots, the host of
diverse dynamic biochemical processes, play a crucial role in plant health and crop productivity'. The interaction is
realized through various mechanisms, one of which is that the plant secret exudates from the roots to attract beneficial
microbial species or to repel pathogenic ones and the bacteria respond via chemotaxis, i.e., chemical-gradient-guided cell
locomotion. Thus, bacterial motility is often used as a biosignature to investigate their response to various stimulus. In
addition, the microbial community includes numerous bacterial species, and their competition and cooperation
relationships further add to the complexity of the interactions in the rhizosphere. Thus, to track and simultaneously
identify bacterial species is necessary in experimental investigation of the rhizosphere interactions through resolving the
motile behaviors.

Conventional microscopy has been extensively used to image and analyze bacterial motion and has produced fruitful
results?, however due to its shallow depth-of-field, it is intrinsically inferior to three-dimensional (3D) microscopic
imaging techniques®. Digital holographic microscopy (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, 3D characterization of bacterial swimming
behaviors® 7 8. However, these applications are limited to bacterial isolates, i.e., only one species/strain is measured in
each experimental realization, which differs from more realistic conditions involving multiple species. To apply DHM to
a mixture of different bacteria and to investigate their motility in the presence of other species, it is necessary to
differentiate the species of interest from other species. Machine/Deep learning (ML/DL) techniques are particularly
effective in performing classification tasks and have been combined with DHM for differentiating among alive,
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apoptotic and necroptotic cells’, classifying plankton species'®, and differentiating Bacillus anthracis spores from other
cells'!, to name a few. Many of these works rely on deep learning the quantitative phase images of cells, which are
produced by off-axis DHM or similar techniques and are typically not accessible by inline DHM. There are also reports
on machine learning bacteria’s motility characteristics to identify bacterial cells, especially in studies aimed at searching
for extraterrestrial life'> 3. However, using motility characteristics to classify species may not be suitable for
investigating the interactions of bacteria, as their swimming behavior could be varied in the mixture, different from when
they are the sole species in the environment. Thus, for inline DHM to characterize the motility of a particular species of
interest in a mixture of bacteria, DL can be applied to the reconstructed amplitude images to differentiate the cells with
distinct morphological features.

Recently, we have developed an inline DHM system for measuring bacterial motility and applied it to single species
samples®. In the present study, we apply the system along with DL techniques to a mixture of two bacterial species,
Azospirillum brasilense (AB) and Pseudomonas fluorescens (PF), to determine their respective motility features. The
AB cells appear as round dots, while the PF cells have elongated shapes. This morphological distinction greatly
facilitates the classification. The training data is first acquired of isolates of each species. Then, we build and train a
generic deep convolutional neural network (CNN) model for the classification task. Finally, the trained model is
deployed to the data acquired of the mixture. To verify the classification, we compare the motility of identified species
with that measured from the corresponding isolates. It is demonstrated that our inline DHM system, when combined with
ML, has the great potential for applications to complex bacterial communities composed of multiple species having
distinct morphologies.

2. METHODOLOGY
2.1 Experimental setup

The data in the present study is acquired using a breadboard inline DHM system, which closely resembles the DHM
instrument we described in a previous study®. A schematic of the system is shown in Figure 1. The laser beam from a
He-Ne laser (632.8 nm wavelength) is spatially filter and collimated before illuminating the bacterial samples, which
freely swim in the MMAB-N (minimal medium for A. brasilense nitrogen-free, refractive index: 1.3345) medium
contained in a cuvette with a 2-mm inner path length. The light scattered by the bacteria interferes with the undisturbed
part of the illuminating beam, forming interference patterns, i.e., inline holograms, which are then magnified by a 20X
infinity-corrected microscope objective (MO) and recorded by a CMOS camera at 12 Hz. The focal plane of the MO is
located slightly outside the inner wall of the cuvette (~25 um inside the wall) to make sure that all particles are at one
side of the focal plane. The calibrated magnification is 21.9, corresponding to an effective pixel size of 0.125 um. Each
hologram has 5320%x4600 pixels, thus the field of view (FOV) is approximately 660 um x 570 um. The depth of field is
up to 1 mm.
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Figure 1. Schematic of the inline DHM system. MO: microscope objective. TL: tube lens.

2.2 Sample preparation and data acquisition

Different experiments are performed to acquire data for training and verifying ML models as well as for characterizing
the bacterial motility under different conditions. For training models and characterizing the motility without the
influence of other species, data of bacterial isolates is acquired, i.e., AB or PF cells are respectively put in the cuvette for
data acquisition (Figure 2a). For verifying the trained model, AB and PF cells are put in the same cuvette for imaging
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(Figure 2b). Specifically, to prepare samples for imaging, ~650 pL. MMAB-N solution is first put in the cuvette. Then,
samples are taken from liquid bacterial cultures and added to the medium in the cuvette. For the isolate data, 1 uL of AB
or PF culture is added to cuvette. For the mixture data, 0.5 pL AB culture and 1 pL PF culture are added to the same
cuvette. Each set of data is a 90-second sequence of holograms acquired at 12 fps, corresponding to 1081 images. For
each case (AB isolate, PF isolate, AB-PF mixture), 5 sets of data are recorded. Datasets are collected at different FOV's
by moving the cuvette horizontally and vertically using a translation stage where the cuvette is mounted at.
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Figure 2. Experimental arrangement for acquiring the data for (a) training and (b) verifying the ML model for species classification.

2.3 Hologram processing to extract trajectories

The hologram processing involves several steps, mainly including hologram preprocessing (background removal and
high-pass filtering), particle detection, and particle tracking, as detailed in Ref. 8. Briefly, the raw holograms are
“cleaned up” by subtracting the background image to enhance the fringe contrast. The residual background patterns are
further suppressed by the high-pass filtering. Then, for each hologram, reconstruction is performed at a series of planes
that scan through the volume, along with thresholding and segmentation to identify the particles. The 3D coordinates of
a detected particle are calculated from the centroid location of the corresponding 3D segment. The reconstruction runs
through a range of 0.8 mm at an interval of 0.5 um (1601 planes), which corresponds to a depth of field of 1 mm, taking
into consideration the refractive index of the medium. The particle detection is applied to each hologram in the sequence,
followed by Hungarian routine-based particle tracking to link the 3D coordinates detected in each frame.

In our previous study®, only longer trajectories (of duration greater than 5 seconds) are retained, as shorter tracks tend to
be less accurate, due to, e.g., inaccurate z (depth) location, false positive detection of particles, and errors in particle
tracking. In the present study, to include more data, we loosen the duration requirement to 1.2 seconds (minimal 15
instants at 12 fps) at the cost of potentially including more erroneous/false tracks. For round-shaped bacteria, we find
that using the 5-second duration threshold, ~95% of the data points are “accurate detections”, while with the 1.2-second
limit, ~75% of the data points are accurate detections (data not shown here). Here, each data point is the 3D coordinate
of a particle determined at one instant in the trajectory and being an accurate detection means that the particle is a true
positive detection, and the measured depth is within less than twice the particle size from the actual z-location. To use
the shorter trajectories, we first refine the results by identifying and eliminating the less accurate tracks. As described in
Section 2.5, the refinement method is also ML-based, which uses the same deep CNN model structure as the one used
for species classification but differentiates between accurate (valid) detections and inaccurate/false (invalid) ones.

2.4 Generation of sub-images for implementing DL

Since each particle detection gives its location in the X, y, and z directions at time #, the sub-image of the particle can be
retrieved by reconstructing an amplitude image, from the corresponding hologram acquired at #, at the z coordinate and
then cropping a small image centered at the x-y coordinates. Subsequently, DL models can be applied to the sub-images
for training and deployment. Figure 3(a) and (b) show the sub-images generated from detections of AB cells and PF
cells, respectively. The valid detections (enclosed by red squares) yield well-focused bacterial images, as the determined
z location is accurate, while the invalid detections are, to a great extent, caused by the bright diffraction patterns near the
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particle center, in addition to the noises in the hologram. The images of AB (rounded) and PF (elongated) cells have
distinct features, facilitating the differentiation between them. The DL model is also used to differentiate between valid
and invalid detections, respectively for the two species. The size of the sub-image is 304 x 304 pixels, and the pixel
value is stretched for each sub-image using the minimum and maximum grayscale values in the image.

T .

Time (s) 50 61 72 83 94 105

-200

-100

Figure 3. Example sub-images generated from the detection of (a) AB cells and (b) PF cells, including both valid detections (enclosed
by red dashed lines) and invalid ones. (c) Example sub-images generated at the time instants of a trajectory.

We trained three deep CNN models that have the same model structure and training hyperparameters (the details of
which are described in Section 2.5), using three sets of training data. Model 1 is used to differentiate valid and invalid
detections of AB cells (Figure 3a), Model 2 is used to differentiate valid and invalid detections of PF cells (Figure 3b),
and Model 3 is used to differentiate between AB and PF cells. The training data (sub-images) are randomly
selected/generated from the isolates’ datasets and then manually labeled as “positive” or “negative”. Note, being positive
or negative has different meanings for the three models. The numbers of labeled sub-images used for training (and
validating) the three models are shown in the bottom row of Table 1. Since the numbers of positive and negative samples
are similar, the training data are balanced. Data augmentation by rotating and flipping the images is applied to the initial
(5149) positive samples of Model 2 to achieve the 30894 (25974+4920) sample size. The ratio between the number of
samples used for pure training and that for validating the training is 5:1. The positive samples of Model 1 and Model 2
also compose the dataset for training Model 3, which differentiates the two species. To use the trained models for
identifying the trajectory class, the sequential sub-images are generated for the trajectory, then the model is implemented
on the series of sub-images to determine the class at each instant. Finally, the identity of the trajectory is decided by
majority voting. As an example, such sub-images generated for a trajectory are shown in Figure 3(c). Each sub-image is
reconstructed from a different hologram recorded in the duration of the trajectory. GPU-based functionalities for
generating the sub-images either from particle detection results or tracking results are developed and added to the
HoloPro software®, which have greatly facilitated the data preparation for machine learning DHM data.

Table 1. Number of labeled sub-images for training the three models (number shown in the bottom row).

Model 1 Model 2 Model 3
Positive: Positive:
Vali dozl ivet. Negative: Vali do(s; ivet‘ Negative: Positive: Negative:
alll f etece 1(::’ Invalid detection a 111 " etection, Invalid detection Well-focused AB Well-focused PF
Well-focused AB of AB Well-fooused PF of PF sub-image sub-image
sub-image sub-image
Train Validate Train Validate Train Validate Train Validate Train Validate Train | Validate
21504 5117 21998 5099 25974 4920 26000 4998 21504 5117 25974 4920
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2.5 Deep CNN model

We construct a generic, deep CNN model to perform the classification task, with a model structure shown in Figure 4.
The input image is a 1-channel (grayscale), 304 x 304 image, i.e., the sub-image described in Section 2.4. To make a
prediction, the image first goes through a series of convolutional layers (top row in Figure 4), each composed of
sequenced convolution, ReL U-activation, and Max-pooling operations. The image is augmented to a 64-channel, 152 x
152 image at the first convolutional layer, is subsequently abstracted in cascade down to an 8-channel, 19 x 19 image,
which is then flattened before reaching the fully connected layers (bottom row in Figure 4) to finally achieve a 2-element
output. The higher value of the two elements (probability of class) gives the final prediction.
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Figure 4. Structure of the in-house deep CNN model.

In the training, dropout of 50% is used right before and between fully connected layers to prevent overfitting. The cross-
entropy loss is used as the loss function and the Adam algorithm is used for gradient descent to update the coefficients in
the model. The learning rate is initially set to 0.0001, the training batch size is 256, and 40 epochs are used to train the
models. In each epoch, the accuracy and loss for the training data is evaluated as the model coefficients are being
updated, while the accuracy and loss for the validation data is determined after the coefficients have been updated using
all the training data. The accuracy and loss profiles of training for the three models are shown in Figure 5. After training
through 40 epochs, the accuracy achieves over 90% for the validation data for all the three models. Specifically, the
accuracy is 92.7%, 94.3%, and 97.9% for Model 1, Model 2, and Model 3, respectively. With the high accuracy, the
trained models are ready for deployment.

2.6 Deployment of the trained ML models

The trained model is deployed to a trajectory by determining the classes of the sequence of sub-images generated from
the trajectory and the class of the trajectory is decided by majority voting using the predicted classes. Specifically, the
trained Model 1 is applied to the trajectories measured of AB isolates and the trained Model 2 is applied to those
measured of PF isolates, to refine the results by eliminating the identified invalid trajectories. Note, although Model 1
and Model 2 are trained using the isolate data, the training merely “sees” a very little portion of the whole datasets,
considering the vast amount of sub-images generated from the trajectories. To classify the species of the trajectories
determined from the bacterial mixture, Model 1 and Model 2 are first applied to eliminate invalid results, i.e., trajectories
classified as negative by both Model 1 and Model 2. Then, the valid ones are classified by Model 3 as either AB cells or
PF cells.

Proc. of SPIE Vol. 12672 126720C-5



0.6 (a) ? (b)] 064 ‘ (©)
0.6 4
0.5 A
0.5
0.5
0.4 4
v g4
@ o
o 0.4 -
9 0.3 A
0.3 —®&— Training
0.3 1 J
Validation | | %2
0.2 0.2 1 o 0.1
e
0 10 20 30 40 0 10 20 30 40 0 10 20 30 40
X 0.95 1 M . ]
.W“'"“"” e
0.90 0.90 4 0.95
0.85 ) 0.90
L, 0851
[0 0.80 4
& 0.85
3 0801 075 |
3 ' 0.80 1
< 0.70 4
0.75 4 075 1
0.65
0.70 4 0.60 1 0.70 4
(d) (e) (f)
T T T T 055 L T T T T 065 T T T T
0 10 20 30 40 10 20 30 40 0 10 20 30 40
Epoch Epoch Epoch

Figure 5. (a-c) Loss and (d-f) accuracy profiles in the training of (a, d) Model 1, (b, e) Model 2, and (c, f) Model 3.

3. RESULTS AND DISCUSSION
3.1 Number of identified trajectories

Table 2 lists the number of trajectories (each longer than 1.2 seconds) classified by the ML models. As described in
Section 2.6, for the “Isolate” column, the number is that of trajectories determined from isolate samples, classified as
positive by Model 1 or Model 2. For the “Mixture” column, the number describes quantity of the trajectories determined
from the mixture samples, first sifted by Models 1 and 2, and then classified by Model 3 as either AB or PF cells. For
AB cells, the number identified in the mixture decreases in proportion to the reduced amount of bacterial culture added
to the medium. For PF cells, fewer than expected trajectories are identified, since equal volume of PF culture is added to
the mixture. This could be attributed to the non-uniform distribution of the PF cells in the medium or in the culture that
leads to less PF cells are recorded in the holograms.

Table 2. Number of classified trajectories

Species AB (4. brasilense) cells PF (P. fluorescens) cells

Source of detection Isolate Mixture Isolate Mixture
Volume of culture added to the medium 1 uL 0.5 uL 1 uL 1 uL
Number of identified trajectories 36518 19260 6510 2735

3.2 Qualitative assessment of classification by images

Figure 6 exhibits randomly picked sub-images of the classified AB and PF cells, generated using the trajectories
determined from the mixture data. Each sub-image is retrieved from a different trajectory. For each species, 100 sample
sub-images are presented. Note, the black pixels are due to that the enclosed particle is close to the edge of the hologram.
Clearly, the ML-based classification has eliminated invalid detections and is able to differentiate between the two
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morphologically different species. The accuracy is also consistent with the over 90% accuracy achieved in the training of
the models.
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Figure 6. Sample sub-images classified as (a) AB cells and (b) PF cells, determined from the mixture of the two species.

3.3 Verification of classification using motility results

The determined trajectories are shown in Figure 7. The AB cells have better motility than the PF cells, as demonstrated
by AB’s higher swimming speed and travel distance. The swimming pattern of the ML-identified species from the
mixture agrees with the swimming pattern measured from the corresponding isolates, proving that our ML-based method
can effectively classify different species. The agreement is further manifested by the distribution of swimming speed, as
shown in Figure 8, where probability density functions (PDF) of the average speed is plotted. The average speed is
calculated for each trajectory by taking the mean of the instantaneous speeds over the duration of the trajectory. The
motility of PF doesn’t seem to change with the presence of AB cells, while on average the speed of AB cells increases,
potentially due to the presence of PF cells. It is also observed that AB has a small population of slow swimmers, as
indicated by the peaks centered at 5 um/s.

3.4 Future development

One should note that our current ML practice is only applied to the classification task. The preceding procedures, which
are not trivial at all, including, e.g., particle detection and tracking, are performed using non-ML-based hologram
processing routines®. ML is a powerful, versatile tool and can also be implemented to improve the processing and
analysis of holographic data beyond the classification task'*. Thus, DHM and ML can be better synergized by involving
ML at more processing steps, e.g., in particle identification. The method described in the present paper is limited to
morphologically different bacterial species. For alike species, more imaging modalities (e.g., quantitative phase and
fluorescence) may be needed to provide sufficient information for the classification.

4. CONCLUSIONS

By incorporating machine learning/deep learning, we demonstrate the application of an inline DHM system to the
characterization of a mixture of two bacterial species (Azospirillum brasilense and Pseudomonas fluorescens), for
classifying the species and measuring their motility. The trajectories are extracted using the hologram processing
routines we previously developed. The classification is realized by constructing, training, and deploying a deep CNN
model that takes sub-images of detected particles as inputs. The accuracy and effectiveness of the ML method is verified
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by the morphology and motility of the distinguished species, which are consistent with those determined from the
corresponding bacterial isolates. Therefore, DHM combined with ML has the potential to dissect motile behaviors across
a spectrum of bacterial species for investigating the interactions in microbial communities, provided that the species
have distinct morphological features.
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Figure 7. Trajectories of (a, ¢) AB and (b, d) PF cells with instantaneous speed color-coded. (a) AB trajectories determined from
isolates (1% of the determined trajectories are plotted). (b) PF trajectories determined from isolates (7% plotted). (c) AB trajectories
identified from the mixture data (2% plotted). (d) PF trajectories identified from the mixture data (14% plotted).

E

- 0.08 PF, mixed
~ - = = PF,isolate
:'?0 (0] it L A0 T RN S SSRGS IS T M S S R S o AB, mixed
g ’ ——=—_AB, isolate
QO - B S
;) 0.04 »

2 8

E 0.02 ~

© - :

oSN ) o s T T W
Dh_ 0 5 10 15 20 25 30 35 40 45 50 55 60

V..., (um/s)
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