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Abstract—With advances in experimental technologies, the use
of biological imaging has grown rapidly and there is need for
procedures to combine data arising from different modalities.
We propose a procedure to combine yellow fluorescence pro-
tein excitation and differential interference contrast microscopy
time lapse videos to better estimate the cellular boundary of
Pseudomonas aeruginosa (P. aeruginosa) and localization of it’s
type VI secretion system (T6SS). By approximating the shape
by an ellipse, we construct a penalized objective function which
accounts for both sources; the minimum of which provides
an elliptical approximation to their cellular boundaries. Our
approach suggests improved localization of the T6SS on the
estimated cell boundary of P. aeruginosa constructed using both
sources of data compared to using each in isolation.

I. INTRODUCTION

Imaging data is abundant in biology and in order to gain
a fuller understanding of microorgranisms, multimodal mi-
croscopy is a popular and frequently implemented imaging
technique. This involves imaging the same biological sam-
ple under different microscopes allowing for simultaneous
visualisations of various cellular characteristics. The task is
then to optimally combine these sources of data for superior
and insightful quantitative analysis. Even with advances in
biomedical imaging, procedures can still suffer from issues
which severely reduce image quality, such as mechanical
drift and photobleaching. Photobleaching is more precisely
the phenomena of fluorophores moving to a permanently dark
state [1]-[3]. Problems such as these adversely affect image
quality which, in turn, can severely limit conclusions drawn
from the data.

In this paper we propose an approach to extract the spatial
pattern of the type VI secretion system (T6SS) on the cell
boundary of Pseudomonas aeruginosa (P. aeruginosa). Our
data comes from multimodal microscopy experiments with
yellow fluorescence protein (YFP) excitation, highlighting the
secretion system, and differential interference contrast (DIC)
microscopy. Our YFP microscopy suffers from photobleach-
ing and therefore fades with time, some P. aeruginosa even

This research is supported by Wellcome Trust under grant number
210298/Z/18/Z

978-1-5386-9218-9/18/$31.00 ©2018 IEEE

1177

disappearing (see Figure 1). The P. aeruginosa are stationary
and therefore any movement observed can be considered drift
resulting from mechanical aberrations. Additionally over the
timescale viewed (2-3 hours) the P. aeruginosa do not repro-
duce and maintain a near constant size, displaying minimal
signs of physical growth. In order to improve estimation
of the cellular boundary and locate the secretion systems
more accurately, we combine our sources. By constructing
a penalized objective function we are able to balance the
trade-off between both sources and thus enhance cell shape
estimation.

Constructing a penalised objective function is a popular
approach to image fusion. A general image fusion method-
ology is proposed by [4] where common structures between
underlying models for the data are used to link and thus
construct a penalized objective function. This methodology
is adapted by [5] for applications in multifrequency electro-
magnetic scattering imaging data. Here they propose that the
common structure between two images is the gradient of the
refractive index of the scene under examination. The refractive
index is inhomogeneous and a function of the location in the
scene and each image of the same scene is taken using a
different frequency of light. Thus the refractive indices in each
image are different but the location of changes of the indicies
are the same, which is used as the structure operator [5].
Unlike [5], we suppose that the bacteria in the images are
sufficiently well modeled by an ellipse and that differences
between the sources arise due to the different techniques used
to acquire the data.

Section II outlines the models for the shape of individual P.
aeruginosa from each data source and how the characteristics
of the bacteria, previously discussed, influence the modeling
of their morphology, with an overview of our pipeline given
in Figure 2. Section III demonstrates the results of our image
fusion approach on our data set and makes qualitative com-
parisons between using each of the sources independently and
cohesively.

¢ and ® denote the probability density and distribution
function of the standard normal distribution respectively.
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Fig. 1: Top row: (1) First frame in a YFP experiment of P. aeruginosa in which the intensity is high, (2) Last frame in a YFP
experiment of P. aeruginosa in which the intensity is low, (3) First frame in a DIC experiment of P. aeruginosa, (4) Last frame
in a DIC experiment of P. aeruginosa and shows that DIC microscopy does not suffer from similar issues. Bottom row: (1)
Image of 2 adjacent P. aeruginosa in the first frame of a YFP experiment where the intensity is high, (2) Image of 2 adjacent
P. aeruginosa in the last frame of a YFP experiment where the intensity is low, (3) Image of 2 adjacent P. aeruginosa in the
first frame of a DIC experiment, (4) Image of 2 adjacent P. aeruginosa in the last frame of a DIC experiment. The bottom row
highlights the effects of mechanical drift as the pair of bacteria have shifted marginally to the left.

Na,p) (15 02) is the truncated Gaussian distribution with mean
u and variance o restricted to the range (a,b) (similarly for
closed and half open/closed intervals such as [a, b] etc).

II. MODELLING P. AERUGINOSA

In this section we outline the model used to describe the
shape of P. aeruginosa in the our microscopy time lapse videos.
Appendix V-A and V-B outline the image preprocessing used
to extract features from the DIC and YFP videos respectively.

A. DIC Microscopy

Suppose that our DIC videos have n frames and that we are
able to isolate bacteria 7 in n < n frames of the video (i.e.
bacteria ¢ is segmented successfully from neighboring bacteria
in n frames). From each of the n frames where bacteria 7 is
isolated we observe a; ; and b; ; for j € {1,...,n}, the major
and minor axis length of bacteria ¢ respectively. We model

bacteria ¢ independent of all other bacteria j # 4 and a, ; and
bi,j as,

: +
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and a;, b; are parameters of the model representing the true
major and minor axis lengths of bacteria 7 respectively. To
simplify notation we remove the subscript 7 noting that we
handle each bacteria independently. The use of truncated
Gaussian random variables emulates the fact that the major
axis of P. aeruginosa can never be smaller than its minor axis.

1178



(1a) DIC Microscopry DaTal[(2a) YFP Microscory DatAl

 Frame
LI y
(1B) Axis LENGTH (2B) CONTOUR EXTRACTION

EXTRACTION
L J L

( ( ¢) MoDELLING DIC DATA ]

J

———

(2¢) MODELLING YFP DATA

1 £
»—bq -
I | N\ -
?_(ﬂ + €ai \\>(T:7L)
z? v
b% b2+€b7 a72+b2_1+€l
n ‘ leN(O,Uz)

(3) ImAGE FusiON

d—(iZ?_h}g)l
L b= (AT

Objective Function

m (22 | 4P 2
21:1 (T2+b7271

—_— i=1 b2
o __i_ +
(i i)~ ) mA(a — a)?
C Tyrh (+%-1) +
~— mu(b—b)?

Fig. 2: Our image processing pipeline. Starting from the DIC
microscopy data (la), we binarise each frame and extract
the major and minor axis lengths of each isolated bacteria
(1b) using procedures outlined in Appendix V-A and then
model this data using Equations 1. Starting from the YFP
microscopy data (2a), we extract points along the contour
as well as the fluorophore localisations (2b) using image
processing procedures outlined in Appendix V-B and then
model this data using the algebraic distance (2c) [6]. In step
(3) we combine the data sources using the estimates of (1c)
to penalize the least squares objective function of step (2c).

It can be shown that the log likelihood under Equations 1 is,
Yi — -z
= 1 I —1 G
Zogqﬁ( >+ og¢( p ) 0g 0y
—logos — log [@ (

=)@ e
9y 95
—log<I><Z>,

oz

z = 1/b2, j = 1/a?

where y; = 1/a2, =1/, o5 = 0a,

and oz = o3,

Over the course of the videos the bacteria do not exhibit
significant changes in size. Additionally, the physical charac-
teristics of P. aeruginosa means that the probability of a; being
close to b; is negligible. This can be modeled adequately when
o2 and ag small. The following result provides analytic max-
imum likelihood estimates (MLEs) for a and b of Equations
1 in this scenario.

Proposition. Let Z = {(a1,b1),...,(an,by)} for n € N be
data following Equations I Then the log likelihood is given
as Equation 2 and as a G'~ — 0, the likelihood is maximized
at,

.9 n 2o n
O =Z=n 1 V' ==—1- 3
>ic1 a% >ic1 b%
Proof. See Appendix V-C. O

B. YFP Microscopy

By using a temporal edge detection algorithm [7] (see
Appendix V-B) we extract contours of constant pixel intensity
surrounding individual bacteria. More precisely, for the i
bacteria we observe Z; = {(z1,y1)T, ..., (Zm,ym)T}, a set
of m points lying on a contour surrounding a bacteria.

We then model these points as lying on an ellipse with
added Gaussian noise,

(s = x0) cos(0) + (s — yo) sin(6)*
(0 — 20) 5in(68) — (s — o) co5(9))? @
+ == 2 =1+&,

B2

where & ~ N(0,0%),i = 1,...,m are independent. The
orientation of the ellipse, measured anti-clockwise from the
horizontal axis, is given by 6 whilst (zg, o) represents the
center of the ellipse. Defining the left hand side of Equation
4 as g(xo, Yo, @, b, ), this model can be fit by minimizing the
sum of squares,

= (9(x0,0,3,5,0) = 1)*, ()

i=1

which is also referred to as the algebraic distance in the conic
fitting literature [6], [8].

C. Combining the DIC and YFP Microscopy Data

Frequently, in conic fitting, a constraint is applied when
optimising equations such as Equation 5, in order to remove
trivial solutions and multiples of a solution [6]. By imposing
a penalty which combines both our data sources we are able
to estimate approximate ellipses and avoid trivial solutions
simultaneously. In order to combine both sources of data we
propose optimizing

Q(x07 Yo, 5/7 87 9)

m

lj(l’(), Yo, a, Bv 9) = 2(9(1307 Yo, a, B’ 9) - 1)2
i=1 (6)
I
+mA (@ —a)® +mpu (bfb) ,
where @ and b are the estimates from the previous Proposition.

The tuning parameters A and y are chosen using K-fold cross
validation [9].
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Fig. 3: Examples of elliptical fits to individual P. aeruginosa, red ellipses indicate fits using the YFP microscopy data only,
yellow ellipses indicate fits using the DIC microscopy data only and purple give the fitted ellipses when combining both
sources of data. The images on the left are the pseudo-colour images generated from the YFP microscopy videos using the
temporal edge detection algorithm [7]. The white points are the contour points extracted from the pseudo-color images for each
of the bacteria. The image on the right exemplifies the final result on an entire data stream, the ellipses represent the bacterial
approximations using our penalized optimization approach whilst the asterisks indicate the position of the fluorophores.

III. RESULTS

By combining both sources of data we can clearly see
qualitative improvements of the elliptical fits by examining
Figure 3. In particular, the contour points extracted from the
pseudo-color images generated using our preprocessing steps
(see Appendix V-B) do not accurately outline the bacteria,
rather they suggest an elliptical approximation that is larger
than the bacteria size. By imposing constraints on the major
and minor axis lengths through the MLEs of Proposition II-A
in the penalized objective function 6, we avoid this over-sizing.

Conversely, we also see improvements when using both
sources rather than the DIC microscopy data in isolation. Due
to the experimental noise there is no guarantee that the DIC
microscope will align exactly with the YFP microscope. This
is apparent as the yellow ellipse does not overlay accurately
with the underlying YFP pseudo-color image in Figure 3. By
optimizing Equation 5 we allow for the center of the ellipse to
adjust to the contours of the YFP microscopy data and position
the estimate more appropriately, which in turn improves the
localization of the T6SS with respect to the the cell boundary.

IV. CONCLUSIONS

In this work we have proposed an approach to combining
multimodal microscopy data, in particular focusing on cellular
videos of P. aeruginosa using DIC and YFP microscopy
techniques. For these data, we observe superior elliptical
estimation when combining both sources using our penalized
objective function and have been able to alleviate issues which

would otherwise arise when considering the data indepen-
dently of each other.

V. APPENDIX
A. Preprocessing of DIC Microscopy Data

We preprocess the DIC microscopy data frame by frame,
binarising each individually. We define an image as the func-
tion I : {1,...,m} x {1,...,n} — {0,..., L} which maps
from the discrete lattice of pixels to its intensity. m and n
represent the height and width of the image respectively and
L is the maximum pixel intensity. Since our data is grayscale
L = 255. To emphasise the bacterial boundaries and alleviate
noise in the image we apply graylevel dilation followed by
Gaussian filtering. To threshold the image we apply Otsu’s
thresholding method [10] and use these masks as initialisations
for the Chan-Vese algorithm [11].

In order to automate selection of parameters used in the
image processing procedures outlined previously we construct
a Gaussian mixture model with two components, one for
P. aeruginosa that have been well segmented and the other
for clusters for which segmentation was unable to separate
neighboring bacteria. We then conduct a grid based search over
the parameter space and select the parameters for which the
Hellinger distance is maximized between the two components.
The Hellinger distance is chosen as it has a closed analytic
form for Gaussian random vectors.

Then from 7 frames we can segment bacteria 7 in n < 7
frames and from these we extract the major and minor axis
length of the bounding ellipse of the binary object.
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B. Preprocessing of YFP Microscopy Data

Due to the switch like behaviour of the fluorophores we take
a temporal approach to extracting [7] contours of P. aeruginosa
and localization of the T6SS. By differentiating the video
with respect to time we can identify regions where the pixel
intensity rise and fall. To differentiate the video we stack the
frames into a three dimensional matrix and then convolve it
along the time dimension with v; = (0.5,0.5,0,—0.5, —0.5).

Peaks and troughs in the differentiated frame stack are used
to identify the location of fluorophores. A 5 x 5 pixel area is
extracted at these locations and a Gaussian function is fitted
to localize the fluorophore using least squares. Further, due to
the effect of photobleaching, contours surrounding the bacteria
can also be extracted as a sequence of points. We select the
contour which represents the least pixel intensity but exceeds
a minimum length which avoids background noise.

C. Proof of Proposition

Proof. Suppose X ~ N(q ), 02) then f, the density, and
o(=5*)
ofo(t5e) ~e(54)]

respectively. We write f,, 5.a,5,

F, the distribution function, are f(z) =
and F(z) = 7(1)(%)_@(“5“)

@(L52) ()
F, 5,4, and the density and distribution function of X re-
spectively. Additionally, we reparametrize Equations 1 by
defining(1/a?,1/b7,1/a2, 1/1)276@’,‘,632-70'270'%) = (i, i, U

5,6@@,,65#70’;70’?) and so the log likelihood of Equation 2

can be derived. The summand, ¢;, of Equation 2 is defined as,
4, =log b <u> +log <ﬂ> —log oy —log o
05 a N————

Yy z RS
3
(1) (2)

flog[¢<ziiy>+<1><y)fl]flog'@(z>.
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) (5)
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oL
0z

Z;—’Z -1 (”i) /(I> (Ui) . Equating to 0 gives (z; — 2) —

(2) /2

tends to 0 as 0z — 0. Fix ¢ € (0, 00), then

0§@<§)§@(i> for oz < &. 8)
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We first differentiate with respects to 2z giving,

Q
w w2

) = (.. We can show that the second term of

Therefore

()52 o) e

©))
Then obviously for the density of a normal random variable,
¢(xr) — 0 as @ — oo and so the right hand side of
Equation 9 tends to 0. Therefore, by the sandwich lemma [12],
¢(2/0oz)/P®(2/0z) — 0 as 0z — 0. And so,

N z—%2 n 3 3
$_; oz ,0291,(02)/@(;2),

2

(10)

Equating to 0 and using our previous result gives Z —
LS~ 2, as oz — 0. By the reparametrization we have
n i=1

- n
V¥ — =, aso; 0. (11)
Sk
By a near identical argument it can also be shown that,
a* as 05 — 0. (12)

n
- n 1

2i1 o
By taking the derivative of equation 10 with respects to

~ . . - N . o2
Z and evaluating it at Z = Z we obtain % =

o) fo )+ ae(2) [0 () mo
when o: — 0, we can show that we have obtained a maxima.

By using a similar argument as given by Equation 9 it is easy
to see that the RHS is negative for small o;. A similar proof

also shows that g;ﬁ evaluated at (Z,§) = (2, ) is also negative
and so Z and ¢ are both MLEs. O
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