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Abstract— This paper proposes a framework for automatic 
bacteria motile trajectories detection and motility behavior 
clustering. The input data is a sequence of images which contains 
bacteria motility information. The traditional experimental 
methods to identify the trajectories, and segment them to “run” 
and “tumble” mode are time consuming and subjective. The 
proposed method processes bacteria motility movies and extracts 
statistical features of runs and tumbles which drastically saves 
time, human labor, and minimizes human error. The statistics 
will be used in simulations to model bacteria motility. The 
methodology can be replicated with similar format of 
experimental microscopic images.  

Keywords—bacteria motility; trajectories detection; image 
processing; pattern recognition 

I. INTRODUCTION  
In recent years, technological advancement has been 

altering the world, and a lot of digital information has been 
fetched and stored in new data formats. With the development 
and availability of the new microscopes, it becomes feasible to 
film living bacteria movement. With the videos made, it is 
promising to classify the modes of motion, and calculate the 
diffusion coefficient of individual bacteria [2]. With 
quantitative analysis of image processing, the trajectories 
yields from the process provide full of important information in 
studying bacteria motility behaviors. However, how to extract 
and utilize the information in the data becomes challenging.  

Microbes are abundant and have various impacts on human 
life. For example, microbial contamination of aqueous system 
has been recognized as one of the major risks to water 
resources and human health in terrestrial and coastal waters as 
well as groundwater. Pathogens can find their way to enter 
streams, lakes, beaches and groundwater systems as a result of 
accidental or intentional human activities. Bacteria have some 
beneficial aspects as well. For example, bioremediation, e.g. by 
injecting bacteria into soil, sediment, groundwater to 
metabolically degrade chemical contaminants in soil matrix 
(bioaugmentation), is one among the promising ways for in-
situ cleanup of contaminated sites. Understanding bacterial 
motility behavior also have implications in water filtration in 
water treatment, more effectively using bacteria to decompose 
or generate energy from waste or to evaluate the risk of spread 
of antibiotic resistance [10]. Due to all these reasons it is 
important to understand how bacteria move in aquatic 
environments. One crucial step to fill in the gaps in 
understanding bacterial movement in aquatic environments is 

to understand the migration of motile and non-motile bacteria 
[1]. 

In general, bacteria transport can be described by the 
traditional advection- dispersion equation considering 
hydrodynamic, retention and biological growth and decay. The 
most basic mechanism is hydrodynamic transport due to 
advection in aqueous system mixed with small scale 
dispersion. Then retention arises by factors including 
attachment and detachment when bacteria interact with solid 
immobile phase [3]. Biological elimination is a process 
depends on the physical, chemical and biological environment. 
However, for motile bacteria, motility caused by flagellar 
movement can play a significant role in the movement and the 
spread of bacteria at small scales. Motile bacteria are equipped 
with spinning tail-shaped features called flagella, which enable 
them to swim. Flagellated motility is the best known bacterial 
translocation mechanism. Flagellated bacteria swim to modify 
their routes towards favorable environments, such as spatial 
and temporal changes in light, temperature, and substrate 
availability [4]. Several bacteria species, including one of most 
commonly seen ones, e.g. Escherichia coli, have self-
propulsion ability by performing a sequence of “runs” and 
“tumbles” (Fig. 1) [6]. Running keeps the motion in 
approximately straight paths while tumbling changes the 
direction and the bacteria remain stationary. It is crucial to gain 
a quantitative understanding of bacterial motion behavior in 
order to predict the collective fate transport behavior of 
bacterial communities in aqueous environments.  In previous 
studies, micro-scale models and macro-scale models have been 
built to simulate bacteria transport. However, the task of 
evaluating the modeled results is usually performed manually 
by microscopic observation. It involves long-term observation, 
which is time consuming, and easily affected by human errors 
[5]. The need to eliminate these limitations gives rise to the 
motivation of integrating automation in tracking and analysis 
bacteria motions.  

Nowadays, interdisciplinary research has great potential for 
innovation if in collaboration with experts from different areas. 
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Fig. 1. Bacteria motility classified into run and tumble behavior 

is among one of the applications and it combines expertise in 
natural science, applied mathematics and computer science. 
This paper presents an automatic pipeline for bacteria motile 
trajectory detection and bacteria motility behavior clustering 
(i.e., run and tumble mode). The extracted bacteria motility 
statistics which later on can be applied in simulation models 
for bacteria trajectory. This methodology can be replicated for 
study different strains of bacteria with similar format of the 
experimental microscopic images input. We used a soil 
indigenous bacterial strain Azotobacter vinelandii [22]as our 
model bacterium for studying its transport and fate has been 
our continuous research effort to understand the interplay of 
bacterial motility, transport, and horizontal gene transfer [10, 
16, 17].  

II. METHODOLOGY 
To evaluate the bacteria motility using image processing 

technique, the first step is to reconstruct the observed bacteria 
motion as accurate as possible, then the following cluster 
analysis will be based on the detected trajectories. The tasks 
include detecting sequential images of bacteria and linking the 
detected results to follow the traces. Through this paper, each 
stack of 1,000 consecutive pictures is called a movie. Each 
image in a movie is called a frame. A reconstruction, an 
ordered series of point locations over the recording time of the 
individual frames, is called a (discrete) trajectory. And cells, 
particles, colloids and points are equivalent to bacteria [7]. 
After the trajectories of each movie are acquired, statistical 
features will be extracted, and similar behaviors of trajectory 
segments are grouped together. Evaluation of the bacteria 
motility can be divided into three tasks: 

• Detecting Bacteria trajectory 

• Clustering analysis on run and tumble behaviors  

• Extracting the parameters determining the moving 
behavior  

The main focus of this paper is on tasks one and two.  

A. Data and data preparation 
The images were taken using an inverted Axio Observer 

microscope (Carl Zeiss, Oberkochen, Germany) and a camera 
(Andor Technology iXon 897, Belfast, UK) controlled by Solis 
software (Andor Technology).  Each stack of 1,000 pictures 
with a duration of 31 second was obtained with a 0.4 μm per 
pixel size resolution. A. vinelandii cells were grown on 
modified (no molybdenum) Burk’s medium [18] plates with 
addition of 0.013 M ammonium acetate at 30 °C for 2 days and 
then in liquid media of modified (no molybdenum, no iron) 
Burk’s medium [18] with addition of 0.013 M ammonium 

acetate shaking at 170 rpm for 18 to 20 hours [8, 16]. We 
followed the growth conditions used in previous studies [8, 16, 
17] to facilitate comparability across studies to investigate the 
effects of motility. 

B. Bacteria trajecroty detection 
Bacteria detection was implemented using Particle Tracker 

plugin under ImageJ [7, 19, 20, 21], particle detection function 
initially developed by MOSAIC group, Sep, 2014 release [7]. 
The bacteria profile in this study is similar to colloidal spheres, 
with the 2nd order moment intensity, combined with the zero 
order moment. Visual inspection indicates that the particles 
were well segmented from the background and unwanted cells 
by the Particle Tracker plugin [7, 9].   

The linking algorithm identifies points corresponding to the 
same physical particle in subsequent frames and links the 
positions �������� 	into trajectories. This involves finding a set 
of associations between the point location matrices ��������  
such that a predefined cost function is minimized. The present 
implementation is based on a particle matching algorithm [7] 
using a graph theory technique to determine optimal 
associations between two sets of points.  

There are five main user defined parameters in this plugin, 
the first three for particle segmentation and detection, and 
another two for trajectory linking [7]: 

1) Radius: Approximate radius of the particles in the 
images in units of pixels. The value should be slightly larger 
than the visible particle radius but smaller than the smallest 
inter-particle separation. 2) Cutoff: The score cut-off for the 
non-particle discrimination. 3) Percentile: The percentile (r) 
that determines which bright pixels are accepted as particles. 
All local maxima in the upper rth percentile of the image 
intensity distribution are considered candidate particles. 4) 
Displacement: The maximum number of pixels a particle is 
allowed to move between two succeeding frames.5) Link 
Range: The number of subsequent frames that is taken into 
account to determine the optimal correspondence matching. 

C. Clustering analysis on run and tumble behavior 
• Clustering feature extraction 

In order to perform the clustering analysis, local velocity 
was chosen as the cluster feature input. It is defined as the 
Euclidean distance to origin normalized by the total time-lapse. 
A C++ code has been developed to analyze and extract features 
from the trajectories of each cell obtained from the particle 
tracking module. 

The cell displacement from origin (the point on the 
trajectory where the state of the motion is intended to be 
determined) was obtained through trajectory analysis and was 
calculated using the following expression:  


� � 
������ � ������ � ����� � ������	�																		��� 
 

where ���� and  ���� are the coordinates of cell � in time step 
�,  ����	and ���� are the initial location of cell �, and 
��� is the 
displacement to origin for cell �  at time � . In preparing the 
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input data for motion modes clustering analysis, local velocity 
of cells at each location was calculated. A moving average 
inspired method, as shown in the equation (2), was used to 
minimize the intra-group variance and maximize the inter-
group differences: 

�� � 
� � 
�� 	
! " �#$%&'()%	(%*	+*'$%																								�,� 

 

where ! is the window size for smoothing, and �� is the local 
velocity of previous -	data. The window size was determined 
by an exhausted search on various sizes (i.e., 3 ~ 15), and the 
window size 5 was chosen. The output of the C++ code (i.e., 
the local velocity for each trajectory segment) is then used as 
the input of a MATLAB(TM) module for further analysis on 
modes clustering and statistical analysis, e.g. distribution fitting 
and parameter estimation.  

• Evaluation of optimal number of clusters 

From the trajectory analysis of the motile bacteria, at any 
given time, some of the cells showed a clearly tumbling 
behavior, some showed actively running while other cells look 
like in transition. To further extract the statistical parameters of 
actively running bacteria, a cluster analysis was performed to 
separate the trajectory segments of actively running and non-
running cells, based on the local velocity magnitude obtained 
from each trajectory. In order to determine the optimal number 
of clusters, we perform an evaluation of clusters analysis using 
a gap criterion. The gap criterion is derived from the common 
graphical approach which plots the error measurement versus 
several proposed cluster numbers. By locating the “elbow” of 
the plot, the most dramatic decrease in error measurement can 
be located. The gap criterion utilized this concept by estimating 
the number of clusters with the largest gap value. The gap 
value is computed using equation (3) which is also defined in 
[12]:  

.'( �/� � 0 "�&12�34�� � &1 2�34�																		�5�										  
where n is the sample size, k is the number of clusters being 
evaluated, and 34  is the pooled within cluster dispersion 
measurement which can be calculated using equation (4):  

34 � 	6 �
,-7 87	

4

7��
												�9� 

where -7 is the total number of data points in cluster r and 87  
is the sum of the pairwise distances for all points in cluster r. 
According to previous studies on bacteria motility [1], run and 
tumble are the two travelling behaviors, therefore, the number 
of clusters to be evaluated are given from 1 to 6. 

• K-means method for clustering analysis 

K-means method was first applied to group different 
motility behaviors within the same strains, which is described 
in [13]: 

:;<=>?
@

6 6ABC � DEA�													�F�
GHI	@H

J

E��
 

where K  is the number of cluster centroids, �  is a one 
dimensional vector containing the local velocities for the 
trajectory of each cell, L indicates the subset of different 
clusters, and D is the centroid for each cluster. The goal is to 
minimize the sum of the distances of each vector feature point 
to the corresponding cluster centroids. A MATLAB(TM) 
procedure 2 phase k-means algorithm [12] was used to perform 
this clustering task.  

• Fuzzy c-means method for clustering analysis 

Due to the fact that mode transitions for bacteria motility 
are a spectrum rather than a binary transition, a similar 
technique, Fuzzy c-means, has been tested. With Fuzzy c-
means, feature data are clustered into given cluster numbers 
with every feature datum in the dataset belonging to every 
cluster to a certain degree. For example, a point that lies in the 
middle of two cluster centroids may have a relatively equal 
probability for both groups, while a point that lies closer to one 
centroid would have a higher probability of belonging to one 
group and a comparatively lower probability of belong to 
another group. A MATLAB(TM) Fuzzy c-means algorithm was 
applied for clustering [14]. 

• Naive Bayes Classifier for clustering analysis 

Since both k-means and Fuzzy c-means methods are 
unsupervised machine learning techniques, a supervised 
learning technique, Naive Bayes Classifier, was used for 
validation. A training set of 20 trajectories containing run 
segments and tumble segments from the detected trajectories 
were manually selected to train the naive Bayes model [15].   

III. RESULTS AND DISCUSSION 

A. Particle tracking results 
Fig. 2 shows an example of cell segmentation result using 

Particle Tracker plugin in ImageJ. The radius	! was set to 3, 
cutoff size was set to 0, and * was set to 0.3%.  Bacteria are 
successfully captured in the images and shown as circle 
particles with a bright core. The smaller, in-focus particles are 
closer to the surface. These are the particles being detected and 
whose behaviors will be examined in this paper. The larger and 
shadier circles are off-surface and off-focus ones; their motile 
behaviors may not fall into the same categories as the near 
surface ones. Therefore, the off-focus particles should be 
studied separately, and will be investigated in the near future. 

The default values for the trajectory linking algorithm 
yields a reasonable result. As shown in Fig. 3, different 
swimming behaviors of bacteria are extracted. From the 
resulting trajectories, it is clear that there are running and 
tumbling modes for the same strain of bacteria. Run and 
tumble modes can also switch with each other randomly, one 
particle can be running in one frame and start tumbling in the 
next frame. Overall, there are 523 total trajectories detected in 
the Azotobacter vinelandii strain out of the 1,000 images. 
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(a) A sample frame of the original 
image from a video sequence 

(b) The cell segm
from (a) 

Fig. 2. A sample segmentation result using Particle Trac

(a) 

 
(a) Bacteria running in a circular fashion; (b) Bacteria tu
runs and then tumbles 

Fig. 3. Particle tracking results 

B. Clustering Analysis Results 
Based on the local velocity calculation, th

to be most reasonable when using window siz
plot the measured local velocity using 
trajectories. These plots show that for the
bacteria, the velocity is not always constant an
time to time. For example, in the first row of t
c), sometimes the velocity is higher than o
represent a behavior changing between runnin
In the plots in the second row (d, e, and f), co
velocity features are higher and the trajectory l
compared to other plots. These cases repr
behavior of bacteria. The shorter trajectories ar
running outside the field of view and therefo
longer be captured by the camera. Meanwhile,
Fig.4 (g, h, and i), the measured velocity featu
small and they represent a tumbling behavio
trajectories detected and a window size of 
velocity calculation, we obtained in total 1
segments which will be used for clustering.  

mentation result 

cker plugin in ImageJ 

(b) 

(c) 

umbling; (c) Bacteria 

he result turns out 
e 5. In Fig. 4, we 
a few selected 

e same strain of 
nd can vary from 
the plot (a, b, and 
other times, they 
ng and tumbling. 
omparatively, the 
length are shorter 
resent a running 
re due to bacteria 

ore they could no 
, in the 3rd row of 
ures are relatively 
or. With the 523 
f 5 for the local 
17,437 trajectory 

With the gap criterion, the 
determined as 2, which matches 
observations. Table 1 shows the com
number of clusters was set to 1-6
maximum gap value occurred wh
equals 2, the gap values for 2 or 3 c
there might be a transition mode in
Another study will be conducted
investigate the effect on a possible tr

Table 2 shows the results of tw
algorithms, K-means, and Fuzzy c-m
equals to 2. From row 1 and row 2,
cluster is around 6-7 D=MN and the 
D=MN . It is clear that the two mo
separated. On the other hand, 20 
perform a manual segmentation on 
order to train the Naive Bayes
unsupervised method. As shown in 
tumble cluster is 6.2 whereas the ce
54, slightly to the right of th
Nevertheless, it is safe to conclu
clustering methods are doing a good
makes up roughly a quarter of th
tumble makes up almost 3 quarters
indicates tumbles plays a bigger role

IV. CONLCUS

In this paper, an automatic 
bacterial motility behavior analys
pattern recognition techniques wer
trajectories and cluster the two mo
migration. The proposed pipeline c
manually observing the trajectories 
extraction of bacteria motility more 

The proposed framework provid
process a very large number of bac
knowledge and insights of bacteri
better understanding of bacteria beh
bacteria migration is solved, the be
could be further studied and applied
and other fields.     

The proposed processing pipelin
in similar studies with different bac
model inputs might vary in other 
should stay the same. Moreover, s
can be applied in a forward traj
bacteria motility. Further studies
understanding the transition spectru
modes, the different variations of 
same strain, such as, the difference
tumble, etc. 

number of clusters was 
the previous experimental 

mputed gap values when the 
6. Note that, although the 
en the number of clusters 

clusters are very close, thus, 
n between run and tumble. 
d in the near further to 
ransition mode. 

wo unsupervised clustering 
means, with cluster number 
, the mean value for tumble 
run cluster is around 57-58 
odes of motion have been 
trajectories are selected to 
run and tumble clusters in 

s model to validate the 
row 3, the centroid for the 

entroid for the run cluster is 
he unsupervised method. 
ude that the unsupervised 
d job. Results show that run 
he total movements, while 
s of the movements, which 
e, comparatively.  

SION  
pipeline is presented for 

sis. Image processing and 
re employed to detect the 
odes of motion in bacteria 
can save laborious work in 
and make statistical feature 
accurate.  

des a systematic approach to 
teria images, and to extract 
ia motility that leads to a 
havior. Once the mystery of 
eneficial aspects of bacteria 
d in engineering, medicine, 

ne can be rapidly replicated 
cteria strains. Parameters of 
studies, but the work flow 

statistical features extracted 
jectory model to simulate 
 could also be done in 

um between run and tumble 
trajectory types within the 
es in mostly run or mostly 
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Fig. 4. Local Velocity distribution along the frame using window size 5 

TABLE I.   OPTIMAL NUMBER OF CLUSTERS EVALUATION RESULT 

Inspected K 1 2 3 4 5 6 

Criterion Values 1.5807 1.6422 1.6307 1.5996 1.5894 1.5663 

TABLE II.  THE CLUSTER MEAN AND STANDARD DEVIATION RESULT USING VARIOUS CLUSTERING METHODS  

Method 
Cluster 1 – Tumble (D=) Cluster 2- Run (D=) 

Mean Std. Dev % Mean Std. Dev % 

K means 6.8890 8.6668 24.87% 57.5016 19.0902 75.12% 

Fuzzy c- means 6.0377 NA 24.80% 58.5037 NA 75.20% 

Naive Bayes 6.2793 5.5194 NA 54.7152 21.5188 NA 
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