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I. SUMMARY

We propose to use our Bayesian linking algorithms KOFT
and SKT® that are implemented in our ByoTrack® Python
library. They both rely on Kalman filters to model particle
motion, and solve the tracks-to-detection association frame
by frame with Jonker-Volgenant algorithm to find a solution
to the Linear Association Problem (LAP). Whereas classical
Bayesian approaches (like SK7) measure only the position
(sometimes the intensity) of the tracked objects®™® in KOFT
we use optical flow to also measure the velocity of these
objects. More precisely, its Kalman filter is designed with a 2-
steps update at time ¢: a first update is done with the position of
the associated detection, a second update measures the furure
velocity of the track using optical flow between frame ¢ and
t+ 1 at the estimated localization of the track (see Figure [I)).
Cell mitosis events are detected through a second LAP at each
frame between linked tracks and non-linked detections.

II. METHOD

In this section, we present our method called Kalman
and Optical Flow Tracking (KOFT). We also introduce a
baseline method, referred to as Standard Kalman Tracking
(SKT), that follows closely KOFT implementation but does
not exploit optical flow. In the following, each track i is
modeled with an unobserved state xi € R* which consists
of positions and velocities. The detections z; at frame ¢ are
the noisy measurements of the underlying tracks. In KOFT
and SKT, the tracks’ states are iteratively estimated from these
measurements using Kalman filtering (see Figure [I).

A. Kalman filtering
Track state x; is modeled as a Markov chain along time
(process) and detections z; are generated from the states

(measurement) with the following model:
xi =Fx;_, +w,

i_ i i
z; = Hx; + vy,
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where z! is the measurement vector of track i at time ¢, F is
the process matrix and H is the measurement matrix. w; and
v} are uncorrelated process and measurement noise vectors.
They are modeled as zero-mean Gaussian noise vectors with
Q and R as their covariance matrices.

Under these assumptions, Kalman filtering optimally and
iteratively estimates the state distribution (x!); from the ob-
served measurements (z!),. Let (%! ,,P? ,) be the mean
and covariance of the state estimation at frame ¢ — 1 such
that x? | (2% )k<; ~ N (Xi_,,Pi_,). The estimation at frame
t is computed in three steps (prediction, projection and up-
date) @110,

RL=F%_|, P; =FP, ,F' +Q [prediction]

3)
yi=z —Hx!, S!=HP/H' +R  [projection]

4)
%, =%, +Kly,, Pi=(I-K/H)P], [update] (5
where x!|(z% ) k<t ~ N (X%, P?) is the prior (or predicted) state
at time ¢, (y?,S!) is the innovation and Ki = PIHTS! ' the
optimal Kalman gain.

B. Process model

Contrary to the original paper®, in CTC datasets, cells
usually follow Brownian-like motion. Therefore, we use a
locally constant position model ®®. Tracks’ states consist of
positions and velocities: xi = (2%, &%, y¢ ). Without any loss
of generality, let dt = 1 be the time frame interval:

1 dt 0 0 © % 0 0

oo 0 o0 oo [ A 0 0

F=10 0 1 a| Q= % 0 o « &
6)

where o, accounts for the expected velocity variations.

For each track state at frame ¢t — 1, we compute the prior
state at frame ¢ with our process model (Equation [3) before
associating and updating with any measurement (see following
sections).

C. Data association (linking)

At any time step ¢, our algorithm attempts to associate each
predicted track X; with a detection z] from frame ¢. Tracks
that are successfully associated with a detection are said to
be linked. To achieve this linking, we compute the Euclidean



CTC - CELL LINKING BENCHMARK

Optical flow Optical row
Frames i
Detections Detections Detections
pieasures . -
Project & Associate Project
y}m\ _ 1>m _ Hl;m)—( y\(l @/ 41 (H]ms* S'KI) H\'vlifl&'T
Posterior Prior SKT Posterior KOFT Posterior
Track States Xi-1 9 X =F% — T =z, + KPPyP> e % = &7 4 Kyelyyel
P, Predict | p, _pp, ¥74+q | Update |pskr _ (1 _ gropeos) p,| Update |p, _ (1 - KH) BT
Fig. 1. SKT & KOFT overview. Kalman filtering is used to iteratively estimate track states (positions and velocities). In SKT, positions and velocities are

updated from previous detections. In KOFT, an additional dense optical flow is computed between frame ¢ and ¢ + 1 to measure the forward displacement
of each pixel. This complementary information is integrated into the Kalman filter to improve the velocity estimates.

distance between predicted tracks and detections with C;; =
Hth — 7z H Tracks-to-detections associations are found by
minimizing the sum of distances using the Jonker-Volgenant
algorithm ™. We only considered associations below a fixed
distance threshold 7.

To detect splitting events (cell mitosis), we run a second
linking step between linked tracks and non-linked detections.
We bias association toward plausible splits with a modified
cost that accounts for cell sizes. Let a track ¢ of size p;
associated to a detection j of size p; in the first step, the
cost to associate 4 to another detection k of size py is defined
as Cj = CirYikVize> Where v = % increases

jPk)
the cost when the two detections have different sizes and
Vije = Wm increases the cost when the children
sizes do not sum to the parent track size.

D. Track creation & termination

As there are no false positive detections, new tracks are
created from non-linked detections. To be robust to false
detections, a new track is created only if its initial non-linked
detection can be linked over N,g;q frames.

To handle cases where an object may be difficult to detect
for a short time, remaining non-linked tracks are maintained
for Ng,, frames. During this time, their states are not updated
in the Kalman filter, but the prediction step is still carried out.
After Ng,, missed consecutive frames, we terminate the track.

E. Update states from detections

To update a track state from detections, we model the posi-
tional measurement noise as a Gaussian with zero mean and

variance Upos Our positional measurement model is therefore:

/100 0 i
= (0 01 0)’ R =op I (])

In both SKT and KOFT, the state of the track ¢ linked to a
detection z; is updated according to Equations El and where
H, R and z! are given by HP*, RP* and z/. We denote the
resulting posterior state as ”SKT : this is the posterior state
used in SKT.

F. Update states from optical flow

In KOFT, we propose to measure objects velocity using
optical flow and to further update the tracks state using this
additional measure. KOFT is therefore designed with two
update steps (Figure [I): for each frame, the track states are
updated a first time with a positional measurement from
detections (see Section [[I-E] above), and then a second time,
with a velocity measurement from the optical flow.

Let ®,,.1(z) € R? be the computed optical flow between
frame ¢ and ¢ 4 1 at pixel position z. To measure the velocity
of a tracked object 7 at time ¢, the optical flow between frames
t and ¢t + 1 (i.e. the forward displacements of the pixels)
is first computed. Next, the velocity is extracted from the
optical flow map at the object’s expected position: z."® =
D, 41 (HPS ”SKT) We model the velocity measurement noise
as Gaussian with zero mean and variance o2,. Our velocity
measurement model is therefore:

" = (8 0 ?) RO =L ®)
s1,5KT -

The SKT posterior state X,”" is further updated according to
equatlons [ and [5} where H R and z; are given by H'!, R*
and z**'. We denote the resulting posterior as X..

G. Optical Flow

KOFT can be used with any robust optical flow algorithm.
We decided to rely on Farneback algorithm®®. We used the
Open-CV implementation, where we only tune the window



CTC - CELL LINKING BENCHMARK

size parameter and kept the default values for all the other
parameters.

H. Post-processing

We smooth the track positions after tracking. We as-
sume a Gaussian positional noise and use the optimal
Rauch-Tung—Striebel (RTS) smoother™. This slightly im-
proves localization of tracks, but does not change any associ-
ation.

III. IMPLEMENTATION DETAILS AND PARAMETERS TUNING

Implementations of KOFT and SKT are based on the Python
library ByoTrack®. Data and code are available at https:
//github.com/raphaelreme/byotrack. All the Kalman filters in
SKT and KOFT use the same hyper-parameters that are set
using ad-hoc rules.

First, we compute three video-specific features from the
provided cell segmentation: (1) the average cell radius p, (2)
the average distance of the closest neighboring cell djosest and
(3) the increase « between the final and initial number of cells.

Then, we use these features to set the default values of our
hyper-parameters:

o The window size w of Farneback is set with w =

max(10, £).

« The uncertainty of Kalman filters are set following opes =
g» Ovel = Oacc = 3p.

e The association
n= maX(3P7 dclosest)-

« Handling splitting event is only done if o > 30%

o In the cell linking benchmark, there is no false positive
detection, we therefore set Ny,ig = 1. There are few
missed detections and we set by default Ng,, = 1,
allowing to bridge over 1 missed detection.

o For 3D videos, we did not find a robust optical flow and
decided to simply use SKT which is faster and already
yields good performance.

threshold is fixed with

REFERENCES

[1] R. Reme, A. Newson, E. Angelini, J.-C. Olivo-Marin, and T. Lagache,
“Particle tracking in biological images with optical-flow enhanced
kalman filtering,” in 2024 IEEE International Symposium on Biomedical
Imaging (ISBI). 1EEE, 2024, pp. 1-5.

[2] A. Hanson, R. Reme, N. Telerman, W. Yamamoto, J.-C. Olivo-Marin,
T. Lagache, and R. Yuste, “Automatic monitoring of neural activity with
single-cell resolution in behaving hydra,” Scientific Reports, vol. 14,
no. 1, p. 5083, 2024.

[3] J.-Y. Tinevez, N. Perry, J. Schindelin, G. M. Hoopes, G. D. Reynolds,
E. Laplantine, S. Y. Bednarek, S. L. Shorte, and K. W. Eliceiri, “Track-
mate: An open and extensible platform for single-particle tracking,”
Methods, vol. 115, pp. 80-90, 2017.

[4] 1. Smal, K. Draegestein, N. Galjart, W. Niessen, and E. Meijering,
“Particle filtering for multiple object tracking in dynamic fluorescence
microscopy images: Application to microtubule growth analysis,” IEEE
Transactions on Medical Imaging, vol. 27, no. 6, pp. 789-804, 2008.

[51 A. Genovesio, T. Liedl, V. Emiliani, W. Parak, M. Coppey-Moisan,
and J.-C. Olivo-Marin, “Multiple particle tracking in 3-d+t microscopy:
method and application to the tracking of endocytosed quantum dots,”
IEEE Transactions on Image Processing, vol. 15, no. 5, pp. 1062-1070,
2006.

[6] N. Chenouard, I. Bloch, and J.-C. Olivo-Marin, “Multiple hypothesis
tracking for cluttered biological image sequences,” IEEE Transactions
on Pattern Analysis and Machine Intelligence, vol. 35, no. 11, pp. 2736—
3750, 2013.

[7]

[8]

[9]

[10]

[11]

[12]

[13]

[14]

K. Ulicna, G. Vallardi, G. Charras, and A. R. Lowe, “Automated deep
lineage tree analysis using a bayesian single cell tracking approach,”
Frontiers in Computer Science, vol. 3, p. 734559, 2021.

L. Feng, Y. Xu, Y. Yang, and X. Zheng, “Multiple dense particle
tracking in fluorescence microscopy images based on multidimensional
assignment,” Journal of structural biology, vol. 173, no. 2, pp. 219-228,
2011.

R. E. Kalman, “A New Approach to Linear Filtering and Prediction
Problems,” Journal of Basic Engineering, vol. 82, no. 1, pp. 35-45, 03
1960. [Online]. Available: https://doi.org/10.1115/1.3662552

G. Bishop, G. Welch er al., “An introduction to the kalman filter,” Proc
of SIGGRAPH, Course, vol. 8, no. 27599-23175, p. 41, 2001.

R. Jonker and A. Volgenant, “A shortest augmenting path algorithm for
dense and sparse linear assignment problems,” Computing, vol. 38, no. 4,
pp. 325-340, 1987.

G. Farnebick, “Two-frame motion estimation based on polynomial
expansion,” in Image Analysis: 13th Scandinavian Conference, SCIA.
Springer, 2003, pp. 363-370.

G. Bradski, “The OpenCV Library,” Dr. Dobb’s Journal of Software
Tools, 2000.

H. E. Rauch, F. Tung, and C. T. Striebel, “Maximum likelihood estimates
of linear dynamic systems,” AIAA journal, vol. 3, no. 8, pp. 1445-1450,
1965.


https://github.com/raphaelreme/byotrack
https://github.com/raphaelreme/byotrack
https://doi.org/10.1115/1.3662552

	Summary
	Method
	Kalman filtering
	Process model
	Data association (linking)
	Track creation & termination
	Update states from detections
	Update states from optical flow
	Optical Flow
	Post-processing

	Implementation details and parameters tuning

