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Image processing for trypanosome 

cell analysis
Trypanosoma brucei is a unicellular parasite that causes a

devastating disease across sub-Saharan Africa, affecting

both the indigenous human populations and the livestock on

which they depend. Trypanosomes have two DNA

containing organelles, a single nucleus and a mass of

mitochondrial DNA called the kinetoplast.

Both of these organelles are imaged simply by staining with

a DNA binding fluorescent marker. In the trypanosome cell

cycle the kinetoplast duplicates first shortly followed by the

nucleus. This temporal separation enables cells to be

positioned at the correct point in their cell cycle by imaging

and classifying the nucleus and kinetoplast numbers.

Interrogation of mutant phenotypes and detailed study of

the trypanosome cell cycle is critically dependant on this

analysis. However, making these measurements in a

quantitative and statistically significant manner is

prohibitively time consuming. Proposed image processing

work-flow for trypanosome cell detection and analysis

consists of the following procedures: segmentation of cells,

nuclei and kinetoplasts, removal of cells touching the image

border, removal of touching cells, cell centreline calculation,

calculation of distances within each cell between nuclei,

kinetoplasts and cell ends, and cell classification based on

number of nuclei and kinetoplasts.

Tracing curvilinear structures in live 

microscopy images

Many biomedical applications require the tracing of

curvilinear structures in images, and would highly benefit

from automatic tracing tools allowing high-throughput

measurements. We propose an algorithm for tracing

curvilinear structures based on local variations of intensity

along the traced curve. The curve is identified using grid

points along the trace. The proposed method is largely

insensitive to intensity variations along the curve, and

generates successful traces within noisy regions. The

proposed algorithm was tested on a range of microscopic

images of trypanosome and human sperm cells, and

microtubules.

Microbial biology: investigating 

critical developmental transitions 

via imaging, image analysis and 

mathematical modelling
Saprotrophic fungi are critical in ecosystem biology as they

are the only organisms capable of complete degradation of

wood in temperate forests. These fungi form extensive

interconnected mycelial networks that scavenge efficiently

for scarce resources in a heterogeneous environment. The

architecture of the network continuously adapts to local

nutritional cues, damage or predation, through growth,

branching, fusion or regression. Such biological networks,

honed by evolution, may exemplify potential solutions to

real-world compromises between cost, coverage,

resilience and persistence. We need to be able to

automatically analyse the dynamic network architecture to

evaluate their performance efficiently. We propose a local

threshold based method for fungal network segmentation.

Post processing is applied to reconstruct the under-

segmented architecture.

Fluorescence Microscopy in 

Stoichiometry
Bright-field and fluorescence images are obtained using a

custom-built microscope, and the fluorescence intensity of

a tracked spot can be used to estimate the stoichiometry

protein subunits within single molecular complexes in vivo.

The fluorescence intensity is modelled by Gaussian plus

uniform distribution. Two regions (ROI and, in this case,

ñmotorò)are set up guided by user to estimate total

background noise and then motor intensity is computed

accurately by fitting a Gaussian kernel function in iterating

steps.

A Chung-Kennedy filter with Markov random field are used

to detect steps in intensity and to mark the stable, non-

stepy intensity regions simultaneously. A pairwise

difference distribution function is constructed from the re-

sampled data, and used to generate a power spectrum to

compute a unitary step size. The number of proteins is

computed statistically by dividing initial intensity by this

unitary step value.
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Multiple Particles Tracking
When considering 2D fluorescent images which change

with time in an ñimagestackò,a particle trajectory can be

viewed as 3D curve with minimum energy in the spatial-

temporal volume resolved by dynamical programming.

Segmentation & Reconstruction
Identifying objects and detecting boundary are essential

tasks in quantitative image processing. We designed the

computational platform in a hybrid framework based on

machine learning algorithms, so the accurate and robust

results have been obtained for overlaid object

segmentation and uniform shape reconstruction by

Bayesian learning and it will be extended in future for the

generalized applications from other collaborative research

groups.

A parameter set Ý= {x,y,ᴆ,l,r}is constructed by MAP so

that an optimal searching strategy in multivariate statistical

mode can get the best parameter estimation Ý* =

{x*,y*,ᴆ*,l*,r*},by finding the global maximum from the

observed image and matching image.

1) Frames

2) Particle detection 3) Occlusion identification

4) Tracking in energy path5) Trajectories
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Figure 1. A computer generated model based on

electron microscopy of the T. brucei procyclic form.
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Figure 2. Image processing and analysis work-flow: a) phase channel

(trypanosome cells), b) DAPI channel (nuclei and kinetoplasts), c) cells

segmentation and filtering, d) nuclei and kinetoplasts segmentation, e) and f)

analysis of spatial relations between cell, nucleus and kinetoplasts.
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Figure 4. Applicability of the method for detection of curvilinear structures:

a) Trypanosoma flagellum, b) microtubules, c) human sperm flagellum.
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Figure 5. Image processing and analysis work-flow : a) input image, b) fungal network

segmentation and c) its post-processing (red ïsegmented network, green ïintensity

based shortest path connecting).

Figure 7. a) motor spot from fluorescent image which is modelled by spot Gaussian

distribution with uniform noise distribution; b) three dimensional warping intensity

distribution with peaks; c) custom-designed software interface. Motor intensity

computation on fluorescent spots in cells. Non-fluorescence bright-field image is used

to distinguish whether the cell is immobilized or not from the cover slip surface. In

fluorescent image, a circular of motor region for the contribution of the protein complex

to the ROI and the pixel intensities are multiplied by a Gaussian mask iteratively to

construct a final circular motor mask. Then the background intensity is estimated as

the mean pixel intensity within ROI. Intensity is computed as the sum of all pixel values

within the circular mask after subtraction of the total background intensity from each

pixel in the motor region.
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Figure 6. a) bright field image points out the position of motor under observation

indicated by blue circle. b-e) photobleach shown in the decrease of intensity in steps

by photo counts with the process of photo bleaching used in the analysis of protein

complex.

Figure 9. a) unitary step size; b) initial motor spot intensity; c) estimated number of

molecules per motor; d) mean power spectrum analysis in estimating the stepwise.

The peak of the histogram in c and the ratio of the peaks in a and b give estimates

for the average number of molecules per motor.
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Figure 8. a) Smoothing and resampling intensity trace using Chung-Kennedy filter

and Markov random field. b) Initial intensity from the original trace. c). Custom-

designed software interface. Estimation in tracked spots is provided based on

stepwise detection for each molecule. The pairwise differences distribution by kernel

destination estimation were constructed and then single sided power spectrum from

each pairwise displacement distribution is shown to select the peak automatically to

point out the unitary step size. The initial intensity is recorded simultaneously by

selecting the maximum intensity value or the result from fitting exponential function.
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Figure 10. a) Segmentation of bacteria; b) reconstructed uniform shape; c) custom-

designed software interface. .

Figure 11. a) template matching process. b) energy function described by intensity

and shape information. c) comparison of reconstructed shape from our generative

approach and determinative method by segmentation. Our proposed approach

combines the benefits from maximum a posterior (MAP), simulated annealing and

multi-resolution to give an accurate result robustly.
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