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Abstract— Fast and accurate characterization of fiber
micro-structures plays a central role for material scientists to
analyze physical properties of continuous fiber reinforced composite materials. In materials science, this is usually achieved by
continuously cross-sectioning a 3D material sample for a sequence
of 2D microscopic images, followed by a fiber detection/tracking
algorithm through the obtained image sequence. To speed up this
process and be able to handle larger size material samples, this
paper proposes sparse sampling with larger inter-slice distance in
cross sectioning and develops a new algorithm that can robustly
track large-scale fibers from such a sparsely sampled image
sequence. In particular, the problem is formulated as multi-target
tracking, and the Kalman filters are applied to track each fiber
along the image sequence. One main challenge in this tracking
process is to correctly associate each fiber to its observation given
that: 1) fiber observations are of large scale, crowded, and show
very similar appearances in a 2D slice and 2) there may be
a large gap between the predicted location of a fiber and its
observation in the sparse sampling. To address this challenge, a
novel group-wise association algorithm is developed by leveraging
the fact that fibers are implanted in bundles and the fibers in the
same bundle are highly correlated through the image sequence.
In experiments, the proposed algorithm is tested on three tiles of
100-slice S200 material samples and the tracking performance is
evaluated using 1136 human annotated ground-truth fiber tracks.
Both quantitative and qualitative results show that the proposed
algorithm clearly outperforms the state-of-the-art multiple-target
tracking algorithms on sparsely sampled image sequences.
Index Terms— Large-scale fiber tracking, Kalman filters,
thin-plate splines, sparse imaging.

I. I NTRODUCTION
ONTINUOUS fiber reinforced composite (FRC) materials have been playing a very important role in modern
industry [1], [2] because their strength and stiffness are far
better than those of traditional materials [2]. These superior
properties of FRC materials are largely dependent on the
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micro-structure of the reinforced fibers. For example, the
strength of a FRC material is generally much higher along
the direction of reinforced fibers than the direction that is
perpendicular to the fibers. Fast and accurate characterization
of the underlying fiber micro-structure can substantially speed
up the design and development of new composite materials.
To unveil the underlying large-scale fiber micro-structure,
material scientists often continuously cross-section the material sample for a sequence of high-resolution 2D microscopic
images. Then they manually annotate the large-scale fibers
on each 2D slice and match the annotated fibers through the
2D image sequence for reconstructing the 3D fiber structures.
However, this process is usually very time consuming and
requires superior quality equipments. First, to facilitate the
inter-slice fiber matching and 3D reconstruction, extremely
dense cross-sectioning, i.e., sampling with very small interslice distance, is usually required and this may take a long time
even for small-size material samples. Second, dense sampling
leads to a longer image sequence, which also increases the
load and time of manual annotation. In practice, it may take
material scientists several weeks or months to obtain the fiber
micro-structure of a 1cm 3 material sample, not to mention that
the manual annotation of large-scale fibers is very tedious and
prone to error.
To quickly and accurately characterize the fiber microstructures of larger-size material samples, this paper proposes
sparse sampling in cross-sectioning and then develops a new
algorithm to automatically track large-scale fibers through
the obtained sparsely sampled image sequence. This can be
formulated as a multi-target tracking problem, where the main
challenge lies in the step of association: large-scale of crowded
fibers usually show very similar appearance in a 2D slice (as
shown in the leftmost panel of Fig. 2 [3], making it difficult
to associate each fiber to its corresponding observation when
tracking moves into a new slice. This issue gets much worse
with the increase of inter-slice distance in sparse sampling
due to the possible larger gap between the prediction and
observation of each fiber.
In materials science, large-scale 3D fibers are always
implanted in bundles and the fibers in the same bundle are
usually highly correlated by showing good proximity and
parallelism. This paper explores such fiber correlation information to facilitate the large-scale fiber association over a
large inter-slice distance. Unfortunately, the composition of
fiber bundles is not priorly known. This paper develops a new
group-wise approach that can simultaneously explore the fiberbundle composition and perform accurate fiber association and
tracking through sparsely sampled image sequences.
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Specifically, this paper uses Kalman filter to track each
fiber through the image sequence for its location and velocity
(i.e., location change) from slice to slice. For group-wise
association, the nonrigid Thin-Plate Spline (TPS) is used to
model the mapping between predictions and observations of
all the fibers within a same bundle. To identify the correlated
fibers, a new algorithm is developed by dividing fibers into
groups, followed by three steps of refinement: group shrinking,
group growing and group merging. The proposed association
considers the possible false positives and false negatives in the
fiber observations, i.e., the numbers of fiber predictions and
observations may be different when the tracking moves into a
new slice.
To verify the performance of the proposed algorithm, it is
tested on three tiles of 100-slice S200 material samples and
the fiber tracking performance is evaluated using 1,136 human
annotated ground-truth fiber tracks. In particular, the fiber
tracking performance is evaluated by increasing the sampling
sparsity, i.e., inter-slice distance, in cross sectioning. The
experiment results show that the proposed algorithm outperforms several other Kalman-filter based baseline algorithms
and state-of-the-art multi-target tracking algorithms.
The remainder of the paper is organized as follows. Section
II briefly reviews the related work. Section III describes the
proposed large-scale fiber tracking method. Quantitative and
qualitative evaluation results and discussions are presented in
Section IV, followed by brief conclusions in Section V.
II. R ELATED W ORK
Existing multi-target tracking algorithms are mainly developed for tracking multiple persons or vehicles from videos, or
multiple cells from biomedical image sequences. They can be
generally categorized as recursive and non-recursive methods.
Recursive tracking methods estimate the state of the target
in a new slice (frame for video tracking) only using the
information from previous slices that have been processed.
Typical recursive tracking methods include the classical
Kalman filter [4]–[6], Particle filter [7], [8] and non-parametric
mixture Particle filters [9]. When tracking moves to a new
slice, these recursive methods first make a prediction of the
state for each target, such as target location and velocity,
using the information from previous slices. They then detect
targets in this new slice as observations, followed by an
association step that correspond the predictions and observations of multiple targets. Finally, the posterior distribution
of each tracker is corrected using the associated observation.
These three steps of prediction, association, and correction are
recursively performed on each slice along the image sequence.
The recursive methods are particularly applicable to online
tracking tasks.
Non-recursive tracking methods assume the availability of
the whole image sequence before tracking multiple targets
over this sequence. In these methods, observations of multiple
targets are first detected on all the slices and then linked across
slices along the image sequence for the final tracks. Graph
model and algorithms are usually employed for non-recursive
tracking – each graph node represents an observation, each

graph edge indicates a possible linking of the observations
across two slices, and the tracking through the sequence can
be reduced to find optimal paths in the constructed graph,
given appropriately defined cost functions, such as maximum
a posteriori (MAP) [10]–[13]. In [14], motion dynamics
similarity is incorporated into the cost function, resulting
in a non-recursive SMOT tracking method for multi-target
video tracking. In [15], a KTH tracking method is developed
by searching shortest paths in the constructed graph model
and this method was successfully used to track living cells
through microscopy biomedical image sequences. In [16], a
CEM tracking method is proposed by optimizing a continuous
cost function that considers the detection, appearance, motion
priors, and physical constraints of the targets.
As mentioned in Section I, one important component in the
multi-target tracking methods is the association. For recursive
methods, association is usually formulated as an explicit step
which finds the correspondence between the predictions and
the observations. For non-recursive methods, the association is
implied in the cost function and the optimization algorithm –
the extracted paths find the associations between the observations across neighboring slices. In many multi-target tracking
tasks, such as human/vehicle tracking, where above-mentioned
recursive and non-recursive methods have applied, the targets
to be tracked are of small number, and they are spatially
scattered or in different appearance [10]–[14], [16]. Moreover,
the sampling along the image sequence, such as videos, can
be very dense, then the predictions or the observations to
be associated between neighboring slices show high-level of
spatial continuity. In such cases, a simple nearest neighbor
technique or an appearance-based matching algorithm may be
sufficient for association of multiple targets.
Differently, the goal of this work is to track large-scale
(hundreds or thousands of) fibers through sparsely sampled
image sequences. In addition, these fibers are crowdedly distributed and show very similar appearance and shape in each
slice (See Fig. 2 for an example). As a result, the association
becomes very challenging and many of the above mentioned
existing methods, neither recursive nor non-recursive methods, would have difficulty in accurately tracking these fibers.
This motivates us to develop a new group-wise association
algorithm that leverages the fiber bundles for fiber tracking.
In particular, the framework of the classical Kalman filter is
chosen for developing the new association algorithm and the
entire tracking method based on three considerations. First,
the Kalman filter algorithm is simple, well established and
very efficient. Second, as a recursive method, it supports
the online tracking and provides slice-by-slice predictions,
which can potentially be used to adaptively select the serialsectioning distance in imaging. Third, most non-recurisve
methods optimize global cost functions involving the entire
image sequence and further consideration of the fiber bundle
information will lead to overly complex cost functions that
cannot be efficiently optimized.
III. P ROPOSED M ETHOD
As illustrated in Fig. 1, the proposed method uses Kalman
filter to track each fiber, by recursively performing prediction,
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Fig. 1. The pipeline of the proposed large-scale fiber tracking based on Kalman filter, which sequentially performs prediction, association and correction
when moving into a new slice.

Fig. 2.

An illustration of fiber detection. Second row shows the zoomed images of the cropped regions (red box) in the first row.

association and correction along the image sequence. The key
contribution of this paper is the development of a new groupwise algorithm for association, which enables the developed
method to track through sparsely sampled image sequences.
A. 2D Fiber Detection
When Kalman filter based tracking moves into a new slice,
the first step is to detect fibers on this slice as the observations.
Different from multi-target tracking in the video surveillance
where each target may show different appearance, large-scale
fibers usually show very similar appearance in 2D microscopic
image slices. As shown in Fig. 1, most of the fibers are of
an ellipse shape in the 2D slices and we can use an ellipse
detection algorithms to detect them.
To detect fibers, the EM/MPM algorithm [17] is first applied
to segment the image slice into fiber (foreground) and nonfiber (background) regions. As shown in Fig. 2(b), three
segments are obtained using EM/MPM, where the red segment
indicates the fiber region and the black/white segments indicate
the non-fiber regions, including void, coating and SiC matrix.
EM/MPM is a Markov Random Field (MRF) based pixel
labeling technique that minimizes the expected number of missegmented pixels. The pixel labeling problem is formularized
as the maximization of the posterior marginal (MPM) problem,

and model parameters are estimated by the EM algorithm.
EM/MPM has been found to be very effective in segmenting
various materials-science images [17], [18]. From the fiber
region, a set of connected components can be extracted and
each of them is treated as a candidate of a fiber.
Sobel operator is then applied to detect the boundary of
each connected component, which is then fitted by an ellipse
using a set of ellipse geometry constraints [19]. The locations
(the center coordinates) of the fitted ellipses are taken as the
fiber observations on this slice and used for the proposed
association and tracking. In addition to the locations, the tight
bounding box around each fitted ellipse are also recorded, as
shown in Fig. 2(d), which are used by several previous stateof-the-art tracking methods that are chosen for performance
comparison in the later experiments.
Note that fiber detection is not perfect. Given the image
noise and blurs, both false positives and false negatives
may occur in the fiber detection, as indicated in Fig. 2(c).
In addition, 3D fiber may be cropped by the image boundary
when moving from one slice to another. They make the fiber
association not an exact one-on-one mapping – a fiber tracked
from previous slices may not have an associated observation
when moving to a new slice and vice versa. Clearly these
complications further increase the difficulty of association.

4934

IEEE TRANSACTIONS ON IMAGE PROCESSING, VOL. 25, NO. 10, OCTOBER 2016

B. Fiber Tracking Using Kalman Filter

C. Thin-Plate Spline Robust Point Matching (TPS-RPM) [20]

In this paper, for each fiber, a Kalman filter is applied to
T
track it. In such a Kalman filter, state s = x, y, v x , v y
is defined to describe the corresponding fiber in 2D slices,
T
where
 z = (x, y) is the fiber location (e.g., ellipse center)
and v x , v y is the fiber velocity (e.g., fiber location change
between neighboring slices), in horizontal and vertical directions respectively. The state is evolved linearly from slice to
slice based on a predefined model. In this paper, fibers are
highly smooth in 3D space and a constant velocity is assumed
for each fiber. This way, the state transition from slice i − 1
to slice i is modeled as

This section briefly reviews the Thin-Plate Spline Robust
Point Matching (TPS-RPM) algorithm [20], which will be
used to develop the proposed group-wise association algorithm. TPS-RPM can robustly match two sets of 2D points
by exploring
correlations among
 M these points. Specifically,
 the
N
let U = u p p=1 and V = vq q=1 be two sets of 2D points,
i.e., u p = (u px, u py ), p = 1, 2, · · · , N and vq = (v q x, v q y ),
q = 1, 2, · · · , M. The matching between these two sets of
points is represented by a matrix H = h p,q N×M , where
h p,q = [0, 1] indicates the probability of matching u p and vq .
TPS-RPM can jointly determine a non-rigid 2D transform
f = ( f x , f y ) : R2 → R2 and the matrix H to minimize a
cost function

si = Asi−1 + wi−1
where the transition matrix
⎡

1
⎢0
A=⎢
⎣0
0

0
1
0
0

1
0
1
0

(1)

E T P S−R P M (H, f)
M
N 

 
h pq  f u p − vq 2
=

⎤
0
1⎥
⎥
0⎦
1

p=1 q=1

and w ∼ N (0, Q) is the Gaussian noise for state transition.
The observation model is defined by
oi = H si + ri

(2)

where the observation matrix
H=

1000
,
0100

the observation oi = [x o , yo ]T is the location of the fiber
detected on slice i , and r ∼ N (0, R) is the Gaussian noise
for observation.
The step of prediction makes a prior state estimate of the
fiber on a new slice i as
ŝi = Asi−1

(3)

and calculates the prior estimate error covariance as
P̂ i = A P i−1 A T + Q,

(4)

where si−1 and P i−1 are the posterior state estimate and the
posterior estimate error covariance at slice i − 1.
The step of correction considers the observation oi on the
slice i and computes the posterior state estimate and the
posterior estimate error covariance at slice i by
si = ŝi + K i (oi − H ŝi )

(5)

P i = (I − K i H ) P̂ i ,

(6)

and

+αφ(f) + β

M
N 


h pq log h pq − γ

p=1 q=1

where φ(f) =

 

M
N 


h pq , (8)

p=1 q=1



L( f x ) + L( f y ) d x d y is the TPS bending
2

2

2

∂
+ ∂∂y 2
energy [20], [21] with L(·) = ∂∂x 2 + 2 ∂ x∂
y
and it reflects the smoothness of the 2D mapping f – the
smaller the φ(f), the smoother the mapping f. The last two
terms in this cost function control the fuzziness of H and the
percentage of points without matchings, respectively [20]. This
cost function is then alternately minimized in terms of H and f
respectively until convergence. Finally the obtained matrix H
is thresholded to build the point matching between U and V.
The TPS-RPM algorithm shows two useful properties:
1) All the matched points can be approximately described
by a nonrigid TPS mapping f, which is invariant to affine
transforms, such as scaling, rotation and translation.
By minimizing the TPS bending energy φ(f), TPS-RPM
can identify the within-set point correlation, e.g., the
subset of points that largely follow the same smooth
TPS transform in the matching.
2) By introducing additional terms in the cost function,
TPS-RPM can handle the noise and identify points
without matchings.
In the following, a new group-wise fiber association algorithm
is developed based on TPS-RPM.
2

2

2

D. Group-Wise TPS Association - Initialization

(7)

When tracking moves into a new slice i , there are a set of
N fiber predictions
 N
ŝip

However, there are large-scale crowded fibers to track and
before running the step of correction in slice i , the correct
observation must be found for each fiber, from the large set
of observations detected in Section III-A.

derived from the previous slices and a set of M fiber observations
 M
oiq

where I is an identity matrix and K i is the Kalman gain at
slice i :
K i = P̂ i H T H P̂ i H T + R

−1

.

p=1

q=1
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Fig. 3. An illustration of clustering predictions into a set of compact groups.
(a) Predictions in red and (b) clustered groups in different colors, separated
by dashed lines.

detected on the new slice. For simplicity, the subscript
i is dropped and
and observations are
 N the predictions
 M
denoted as ŝ p p=1 and oq q=1 , respectively, when it
does not introduce ambiguity. The goal of association
is to build a correspondence between them, i.e., for
each prediction, find its corresponding observation. This
is very similar to the point matching problem solved by
TPS-RPM as described in Section III-C.
However, using a single global TPS transform f to describe
the mapping between the predictions and the observations is
problematic – not all the 3D fibers are highly correlated by
showing good parallelism and the
  Menergy for
 N TPS bending
the true association between ŝ p p=1 and oq q=1 may be
quite large, especially when the inter-slice distance is large
in the sparse sampling. As a result, minimizing a single
global TPS-RPM cost function may not produce the desired
association.
To address this issue, this paper leverages the fact that in
composite materials, fibers are usually implanted in bundles
and the fibers within a bundle usually show good proximity and parallelism in 3D space. Therefore, even with
highly sparse sampling in serial sectioning, a smooth TPS
transform can well describe the fiber association within a bundle. If the bundle assignments are known for each prediction and observation, TPS-RPM can be used as described
in Section III-C for finding the association in each
bundle. However, bundle assignments are unknown priorly.
In this section, a new approach is developed by simultaneously exploring the fiber-bundle composition and the fiber
association.
Without knowing the bundle assignments of the fibers, all
the predictions are first divided into smaller groups, as shown
in Fig. 3. In this paper, this goal is achieved
  Nby applying the
K -means clustering to the predictions ŝ p p=1 . While each
fiber prediction ŝ p is a 4D vector made up of a 2D location
and
 N clustering is only in terms of the locations
 a 2D velocity,
ẑ p = (x̂ p , ŷ p ) p=1 . As a result, the fibers in the same group
are more likely to be from a same fiber bundle and TPS-RPM
can then be used to match each group of the predictions to
the observations.
However, the observations are not divided into corresponding groups as for the predictions. A sliding-window strategy
is used to address this issue. As shown in Fig. 4, for each
group of predictions, shown by red circles, its bounding box
can be derived as shown by a blue box. Then this bounding
box is dilated a little (5 pixels along each direction in our
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Fig. 4. An illustration of finding the initial matching for each group using a
sliding-window strategy. (a) One group of predictions (in red) and (b) sliding
windows across the slice with observations: the optimal window with the best
matching is shown in red.

Fig. 5. An illustration of the group shrinking. (a) Initial matching of one
group of the predictions (black boxes) and observations (red circles), with
matching pairs linked by dashed lines. Outlier matchings that are removed in
group shrinking are highlighted in green vertical ellipses. (b) TPS bending
energies before and after removing the outlier matchings.

experiments) as the size of the sliding window and the sliding
window is applied to the slice with the observations, shown
by black boxes – TPS-RPM is performed between the group
of prediction against the observations in each of the sliding
window. Window sliding is performed around the center of
the bounding box (shown as blue box), with range x ∈
[−10, 10] pixels, y ∈ [−10, 10] pixels and the step length of
10 pixels. Limiting the range of the sliding windows helps
reduce the computational cost. The sliding window that leads
to the minimum cost E T P S−R P M is taken as the optimal
window, shown by the red box in Fig. 4, and the matched
observations in this window are taken as the matching to the
considered group of predictions. Note that each fiber prediction
ŝ p is a 4D vector made up of a 2D location and a 2D
velocity and only the 2D location ẑ p is used when applying the
TPS-RPM against the observations, because the observations
are 2D locations. The other steps of Kalman tracking, including the prediction and correction, still use the 4D state vector
consisting of both the location and the velocity.
Applying such a sliding-window based matching for each
group of predictions leads to its corresponding matched
group of the observations and constructs an initial association between the predictions and the observations. However,
K -means clustering cannot guarantee the predictions from
a same group are all from a same bundle and the initial
association from TPS-RPM in such a group may not be
reliable. In the following, an algorithm is proposed to refine
this initial association result.
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a = (a1 , a2 , a3 )T , b = (b1 , b2 , b3 )T , c = (c1 , c2 , · · · , cn )T
and d = (d1 , d2 , · · · , dn )T can be computed by



 
K P
cd
xo yo
=
0 0
ab
PT 0

Fig. 6. An illustration of the group growing. (a) Delaunay triangulation of
the predictions and a matching group before group growing. (b) The same
matching group after the group growing. Matched pairs in the group are shown
by the dashed-line linked boxes (predictions) and circles (observations).

E. Group-Wise TPS Association - Refinement
The proposed group refinement algorithm consists of three
steps – group shrinking, group growing and group merging.
Group shrinking further removes the outlier matching


in each group. Without loss of generality, let ŝ p , o p ,
p = 1, 2, · · · , m be one matched group of predictions and
observations, as shown in Fig. 5(a). To identify and remove
the outlier matching pairs from this group, the TPS bending
energy is calculated as in Eq.(8) for this matching, in a matrix
form [22]



1
xT Lxo + yoT Lyo ,
φ ŝ p , o p | p = 1, 2, · · · , m =
8π o
(9)
where L is the m × m upper-left block of the matrix

−1
K P
,
PT 0
K is the m × m TPS kernel matrix with element  k pq =
k(ẑ p , ẑq ) = ẑ p − ẑq 2 log ẑ p − ẑq , P = 1, x̂, ŷ
with x̂ and ŷ being the concatenated
for all
m the
 vectors
m
x and y coordinates of the predictions ŝ p p=1 (i.e., ẑ p p=1 )
respectively, and xo and yo are the concatenated vectors
 m for
all the x and y coordinates of the observations o p p=1 ,
respectively. By calculating
TPS bend the leave-one-pair-out


ing energy φ j = φ ŝ p , o p | p = 1, 2, · · · , m; p = j ,
j = 1, 2, · · · , m, the j ∗ -th pair that leads to the largest
decrease of bending energy is removed, i.e., j ∗ = arg min j φ j .
This process is repeated until a specified percentage (δ) of
pairs are removed from each group, as shown in Fig. 5. Note
that, by pre-specifying the percentage δ, the step of group
shrinking may remove true positive matchings from a group.
This will be handled in the later steps of group growing and
group merging.
Based on the group matching after the group shrinking, a
TPS mapping can be constructed for
 the matching in each
group. Without loss of generality, let ŝq , oq , q = 1, 2, · · · , n
be one matched group of predictions and observations after
group shrinking. The TPS transform f = ( f x , f y ) such that
oq = f(ẑq ), q = 1, 2, · · · , n is in the form of [22]


f x (ẑ) = a1 + a2 x̂ + a3 ŷ + nq=1 cq k(ẑ, ẑq )
(10)

f y (ẑ) = b1 + b2 x̂ + b3 ŷ + nq=1 dq k(ẑ, ẑq ),
where ẑ = (x̂, ŷ)T is any location in the domain of prediction
and ẑq is the location of the prediction ŝq . The parameters

where K, P, xo , yo and k(·, ·) are defined as in Eq.(9), but
using the n matching pairs after the group shrinking.
In group growing, a Delaunay triangulation [23] is first
constructed by taking all the predictions as the vertices, as
shown in Fig. 6(a). Group growing is performed for each
matching group (after the group shrinking) independently.
Without
 loss of generality, let’s consider a matching group

ŝq , oq , q = 1, 2, · · · , n shown by the dashed-line linked
boxes (predictions) and circles (observations) in Fig. 6(a). The
iterative growing of this group takes the following steps:
1) Label the predictions ŝq , q = 1, 2, · · · , n as “processed”
and all the other predictions as “unprocessed”.
2) From all the “unprocessed” predictions that are adjacent
to the matching group in the Delaunay triangulation
graph, identify the nearest one and denote it as ŝa
with the location ẑa . If all predictions adjacent to the
matching group have been “processed”, exit and return
the matching group as the group growing result.
3) Apply the TPS transform f computed in Eq.(10) to ẑa
and search for the observation oa that is nearest to f(ẑa ).
4) Check the consistency of the pair (ŝa , oa ) against the
matching group. If the consistency conditions are satisfied, the matching group is updated by including the pair
(ŝa , oa ) . Relabel the predictions in the updated matching
group as “processed” and all the other predictions as
“unprocessed”. Recalculate the TPS transform f using
the updated matching group and go back to Step 2). If
any consistency condition is not satisfied, simply label
ŝa as “processed” and go back to Step 2).
Figure 6(b) shows a group-growing result, starting from the
matching group given in Fig. 6(a).
In this paper, two consistency conditions are  defined

between a pair (ŝa , oa ) and a matching group ŝq , oq ,
q = 1, 2, · · · , n. First, the distribution of the predictionobservation gap (oq − ẑq ), q = 1, 2, · · · , n is computed in
the matching group and this paper examines whether the
gap (oa − ẑa ) shows high likelihood in this distribution.
More specifically, the gap is a 2D vector and two Gaussian
distributions for the magnitude and slope angle are estimated,
respectively. The first consistency condition is that the gap
(oa − ẑa ) falls in L T times the standard deviations in both
magnitude and slope angle distributions. Second, adding
a new pair to a matching group may increase the TPS
bending energy for the matching
group.
The small bending


|q
=
a, 1, 2, · · · , n −
,
o
energy
increase,
i.e.,
φ
ŝ


 q q
φ ŝq , oq |q = 1, 2, · · · , n ≤ φ , is taken as the other
consistency condition. If both consistency conditions are
satisfied, the matching group is updated by including the new
pair as stated in Step 4). Note that Gaussian distributions
used in consistency conditions are also updated when the
matching group is updated in the group growing.
After applying the group growing independently to all the
matching groups, one prediction may be matched to different
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observations in different matching groups and vice versa.
A group merging is performed for the final association by
two rounds of majority voting. In the first round, for each
prediction ŝ p , the number of the votes an observation oq
receives is the number of matching groups that contain the
pair (ŝ p , oq ) after group growing. The observation with the
largest number of votes is matched to ŝ p . In the second round,
for each observation oq , similar voting is performed for its
corresponding prediction by only considering the matching
pairs that are kept after the first round of voting. After
these two rounds of voting, the resulting matching pairs are
guaranteed to be one-on-one: No two observations are matched
to a same prediction and vice versa. These final matching pairs
are taken as the final association.
The whole group-wise TPS association algorithm is summarized in Algorithm 1.
IV. E XPERIMENTS
The proposed method is tested on a set of material image
sequences. Specifically, these images are collected in Air Force
Research Laboratories (AFRL) using the RoboMet.3D automated serial sectioning instrument [24]. The tested material
is S200, which is an amorphous SiNC matrix reinforced by
continuous Nicalon fibers. 100 serial sections are produced
with the dense inter-slice distance 1μm. Because each serial
section of the tested S200 sample is too large to be covered
by a single shot of the microscopic image, it is divided into
many tiles. In the experiments, the performance is tested on
three independent tiles, which are named Data 1, Data 2 and
Data 3, respectively. Each tile is an image sequence consisting
of 100 slices and the resolution of each slice is 1292 × 968.
An sample slice of a tile is shown in Fig. 2, which contains
hundreds of crowded fibers.
A. Performance Evaluation Metrics
For objective and quantitative performance evaluation, fibers
are manually annotated on these three test image sequences as
the ground truth. As in many multi-target tracking tasks, it is
very challenging to annotate all the fibers, which include the
annotation of the fiber centers on each 2D slice and the linking
of annotated 2D fiber centers between slices. In particular, for
each tile not all the fibers are present in the whole sequence of
100 slices: some fibers may extend out of the perimeter of the
tile when moving from one slice to another. In this paper, for
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each tile, the best efforts have been made to manually annotate
as many 3D fibers as possible that extend through the whole
image sequence. In total, 1,136 such fibers (393 in Data 1, 380
in Data 2 and 363 in Data 3) are annotated as the ground truth.1
In our experiments the fiber tracking performance is quantized by five widely used metrics [16], [25]: Multiple Object
Tracking Accuracy (MOTA), Multiple Object Tracking Precision (MOTP), Identity Switches (IDSW), Mostly Tracked
(MT) and Mostly Lost (ML), all of which measure the
co-alignment between the tracked fibers and the annotated
ground-truth fibers, but from different perspectives. In computing these metrics, a threshold of 20 pixels is used between
the tracked fiber and the ground-truth fiber on each slice to
count the hit/miss on the slice. MT is the number of groundtruth fibers that are hit in no less than 80% of slices while ML
is the number of ground-truth boundary that are hit in no more
than 20% of slices. For MOTA and MT, higher scores indicate
better tracking, but for MOTP, IDSW and ML, lower scores
indicate better tracking. Note that, for MOTP metric, there
are two different definitions for evaluating the multiple target
tracking. One of them applies to the tracking results in the
form of the bounding boxes around the target. In this case [16],
MOTP reflects the bounding-box overlap between the tracking
results and the ground truth, in which higher MOTP denotes
better tracking performance. In the other definition, tracking
results are in the form of a sequence of target locations through
the image sequence. In this case [25], MOTP reflects the
distance between the tracking results and the ground truth,
in which lower MOTP means better tracking performance.
In this paper, the latter definition of MOTP is used.
Because we are not able to annotate all the fibers in
each tile in building the ground truth, the number of tracked
fibers is usually more than the number of ground-truth fibers.
By directly comparing with the ground truth fibers, many
tracked fibers may be mistakingly counted as false positives
and the resulting evaluation metrics may undervalue the real
performance of the fiber tracking. To address this problem,
the tracked fibers that are far away from the ground truth
fibers are pruned and the remaining tracked fibers are used
for computing the above five metricsagainst
the ground-truth
I
fibers. Specifically, a tracked fiber zi i=1 , where zi is the
tracked-fiber centers at slice i , is pruned if
I
i
i
i=1 I( z − zg 2 < td )
(11)
< to
I
where zig is the closest annotated fiber center (ground truth)
to zi at slice i , and I is an indicator function which equals
to 1 if the condition is satisfied and 0 otherwise. The distance
threshold td is set to 20 pixels and the overlapping threshold to
is set to 50% for the experiments. Note that this is not a very
strict condition – it does not overly prune the tracked fibers
and reduce much the recall. Specifically, in all the experiments,
after applying this step of pruning, the remaining number of
tracked fibers is usually similar to the number of the annotated
ground-truth fibers.
1 Our publicized dataset and code:http://cvl.cse.sc.edu/project/cvpr2016.html.
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To test the tracking performance under sparsely sampled image sequences, the original image sequence (slices
1, 2, · · · , 100 with the dense inter-slice distance 1μm) is
downsampled, by repeatedly skipping C ≥ 0 slices before
taking the next slice in the original sequence, until the end of
original sequence is reached. For convenience, C is called the
sparsity in this paper:
Definition 1: Sparsity C is the number of skipped slices
between two consecutively selected slices in downsampling.
For the data tested in this paper, such a constructed image
sequence with sparsity C actually has an inter-slice distance of
(C + 1)μm. For example, a sparsely sampled image sequence
consisting of the original slices 1, 6, 11, · · · , 96 has a sparsity
C = 4. Please note that the sparsity C defined in this paper
describes the inter-slice distance along the cross-sectioning
direction. It is not related to the resolution of each 2D slice
and the density of the fiber distribution in the 2D or 3D spaces.
The larger the parameter C, the sparser the constructed
image sequence. One issue is that, such constructed image
sequences with large C are much shorter than the original
image sequence and the tracking performance obtained on a
single such short sequence may not be statistically reliable.
To alleviate this issue, for a given sparsity C, a set of C + 1
image sequences are constructed, starting from original slice
1, 2, · · · , C + 1 respectively. These C + 1 image sequences do
not share any slice. Tracking is performed on each of them
independently and then the average of their performances,
e.g., MOTA and MOTP, is reported as the performance of
tracking under the sparsity C. Note that when C = 0,
tracking is directly performed and evaluated on a single image
sequence: the original densely sampled image sequence without any downsampling. In our experiments, the sparsity C is
continuously varied from 0 to 19 and the tracking performance
is examined under different sparsity.
B. Comparison Methods
To justify the effectiveness of the proposed method, its
performance is compared against three baseline Kalman filter
methods and four other state-of-the-art multi-target tracking
methods.
Kalman-NN is a baseline Kalman-filter tracking method
where the association is computed by repeating nearest neighbor search in a greedy fashion. First, the pair of the prediction
and observation with the minimum L2 distance is identified
and associated. Then we exclude this identified pair and repeat
the same nearest neighbor search on the remaining predictions
and observations, until either predictions or observations are
empty.
Kalman-Hung is a baseline Kalman-filter tracking method
where the association is computed by Hungarian algorithm [26] for a minimum-total-distance bipartite matching and
the pairwise distance between predictions and observations
are their L2 distance. Because the number of predictions
and observations are usually different, dummy nodes are
introduced into Hungarian algorithm. The distance to a dummy
node is set to be the maximum L2 distance of our tolerated
matchings between predictions and observations on the considered slice (40 pixels used in our experiments).
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Kalman-Global is another baseline Kalman-filter tracking
method where the association is computed by directly applying
the TPS-RPM [20] to match the predictions and observations
in a global fashion.
The four other state-of-the-art multi-target tracking algorithms used for comparison are DPNMS [13], SMOT [14],
CEM [16] and KTH [15]. DPNMS employs a min-cost flow
model [11] with specific constraints and cost functions to
handle target occlusions in tracking. SMOT considers the
motion dynamics to handle similar-appearance targets. CEM
uses a new continuous energy function that integrates the
observation, appearance, motions and physical constraints for
multi-target tracking. KTH considers the track splitting and
merging in multi-target tracking based on a graph model.
Different from the Kalman-filter tracking methods, these four
comparison methods are all non-recursive methods.
The proposed tracking method, abbreviated as
Kalman-Groupwise from now on, and the three baseline
Kalman filter tracking methods, i.e., Kalman-NN, KalmanHung and Kalman-Global, all use the Kalman filter as defined
in Section III-B and the observations are the ellipse centers
detected on each slice as described in Section III-A. These
four Kalman-filter tracking methods are implemented in
Matlab. The initial state covariance P 0 is set to be a diagonal
matrix with diagonal elements 103 . The transition noise
covariance Q is set to be a diagonal matrix with diagonal
elements 10−3 . The observation noise covariance is set to be a
diagonal matrix with diagonal elements 10−3 . In the proposed
Kalman-Groupwise, predictions are always clustered to 10
groups and the percentage of removed fiber pairs in group
shrinking is set to δ = 30%. The consistency thresholds in
group growing are set to L T = 3 and φ = 0.01.
Publicly available codes downloaded from their respective
authors’ websites are used for DPNMS,2 SMOT,3 CEM4 and
KTH.5 For DPNMS, SMOT and CEM, the observations are
the bounding boxes of the detected ellipses as described in
Section III-A. For KTH, no source code is available and its
binary executable software, which has its own integrated image
segmentation and target detection components, is directly used.
For these four comparison methods, their respective default
parameters are used in the experiments.
C. Results
Figure 7 shows the MOTA and MOTP of the proposed
Kalman-Groupwise method and the three baseline Kalman
filter tracking methods on the three image sequences, under
different sparsity C. It can be seen that, when the sparsity
C is low, both the proposed method and the three baseline
methods produce satisfactory fiber tracking, with very high
MOTA and very low MOTP. With the increase of the sparsity,
the performance of all these four methods drops. However, the
proposed Kalman-Groupwise’s performance, in terms of both
MOTA and MOTP, drops much slower than the three baseline
2 http://people.csail.mit.edu/hpirsiav/papers/tracking_cvpr11_release_
v1.0.tar.gz
3 https://bitbucket.org/cdicle/smot
4 https://bitbucket.org/amilan/contracking
5 http://www.codesolorzano.com/celltrackingchallenge/Cell_Tracking_
Challenge/KTH-SE.html
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Fig. 7. MOTA and MOTP performance of the proposed Kalman-Groupwise method and the three baseline Kalman filter tracking methods: Kalman-NN,
Kalman-Hung and Kalman-Global, under different sparsity C.

Fig. 8. MOTA and MOTP performance of the proposed Kalman-Groupwise method and the four non-recursive tracking methods: DPNMS, SMOT, CEM
and KTH, under different sparsity C.

methods. Even if C = 19, i.e., increasing the inter-slice
distance by 19 times, the proposed method can still achieve
very high MOTA performance. For the poor performance
of Kalman-Hung and Kalman-NN under high sparsity, the
main reason is the large gap between a prediction and its
corresponding observation. As a result, each prediction may
not be corresponding to its nearest observation and vice versa.
Table I shows the IDSW, MT and ML metrics of the proposed
method and the three baseline Kalman-filter tracking methods
under different sparsity. The performance shown in this table
is the average over all three test image sequences. We can
see that, all these four methods show increased IDSW and

decreased MT with the increase of the sparsity. In general
the proposed Kalman-Groupwise method achieves relatively
lower IDSW and higher MT than the three baseline methods
when the sparsity C increases. The ML metrics of the four
methods are comparable to each other and they are quite low.
These results show that the association step plays a key role in
using Kalman filter for the proposed large-scale fiber tracking.
The proposed group-wise TPS based algorithm can achieve
much better association than the classical nearest neighbor and
perfect matching algorithms.
Figure 8 shows the MOTA and MOTP of the proposed
method and the four other state-of-the art non-recursive track-
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TABLE I
IDSW, MT, AND ML P ERFORMANCE OF THE P ROPOSED K ALMAN -G ROUPWISE M ETHOD AND THE S EVEN C OMPARISON M ETHODS U NDER
D IFFERENT S PARSITY C . L AST ROW S HOWS THE FPS (F RAMES /S LICES P ROCESSED P ER S ECOND ) OF E ACH M ETHOD .
T HE P ERFORMANCE IS THE AVERAGE OVER A LL T HREE I MAGE S EQUENCES .

Fig. 9. An illustration of the tracking errors on one slice by using the proposed Kalman-Groupwise and four non-recursive methods, respectively, where the
sparsity C = 19. False positives are in red, false negatives are in blue and ID switches are in green. Second row shows the zoomed images of the cropped
regions (black box) in the first row.

ing methods: DPNMS, SMOT, CEM and KTH. All the four
non-recursive comparison methods show low MOTA values
when the sparsity increases. This is due to the large scale of
the tracked fibers, their identical appearance and crowdedness,
which break some of the assumptions made in these comparison methods. In terms of MOTP, the proposed KalmanGroupwise, SMOT, and DPNMS achieve much lower MOTP
values than CEM and KTH. Table I also shows the IDSW, MT
and ML of SMOT, DPNMS, CEM and KTH under different
sparsity. DPNMS generate very high IDSW errors, SMOT
generates low MT errors and high ML errors, and CEM
generates high IDSW and ML errors, while KTH generates
low MT errors and high ML errors. In general, the proposed
Kalman-Groupwise shows more competitive performance than
these four comparison methods in the large-scale fiber tracking
when the sparsity C is high.
Table I also shows the FPS numbers (frames/slices
processed per second) of all the tracking methods. Higher
FPS indicates lower computational cost. All the FPS numbers
are obtained on a workstation with a 4-core 2.6GHz Intel
CPU with 8GB memory. With an FPS of 0.080, the proposed
100
= 21 minutes to track all the fibers
method takes about 0.08×60

through a sequence of 100 slices. While this FPS number
is not the best against other comparison methods as shown
in Table I, the proposed method can substantially reduce the
total time of data preparation. The most time-consuming step
in data preparation is the mechanical cross sectioning – using
RoboMet.3D [24], it takes about 15 minutes to grind for one
slice. The proposed method can handle a sparsely sampled
image sequence with larger inter-slice distance and therefore
requires much fewer cross-sectioned slices. The time saved in
cross sectioning is overwhelming to the time spent on fiber
tracking.
Figure 9 shows the tracking errors of the proposed KalmanGroupwise and the four non-recursive methods on one slice
when the sparsity C = 19. It can be seen that DPNMS generates many ID switches (green boxes), SMOT and KTH generate many false negatives (blue boxes), and CEM generates both
false positives (red boxes), false negatives and ID switches. On
this slice, the proposed Kalman-Groupwise generates much
less tracking errors of false positives, false negatives and ID
switches than these four comparison methods.
To justify the steps of group shrinking and group growing
in the proposed association algorithm, comparison experiments
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Fig. 10. MOTA performance of the proposed Kalman-Groupwise and its three variants by removing the step of group shrinking, the step of group growing
and both of them, respectively.

are also conducted by using the proposed Kalman-Groupwise
method (Proposed), but removing either or both of these two
steps in the association. Results are shown in Fig. 10, where
w/o-Shrink, w/o-Grow, and w/o-Both indicate three variants
of the proposed method, by removing the step of shrinking,
the step of growing and both of them, respectively. From these
results, it can be seen that both the steps of group shrinking
and group growing help increase the MOTA performance of
the proposed method.
For the selection of group number in K-means clustering,
different group numbers from 8 to 16 are tried on Data 2 with
sparsity C = 19. The obtained mean MOTA is 85.6% with
standard deviation 5.8%, indicating that the proposed method
is not very sensitive to the choice of group number.
V. C ONCLUSIONS
This paper proposed a Kalman-filter method for tracking
large-scale fibers through microscopic image sequences. Our
major contribution is the development of a new group-wise
association algorithm that can match multiple predictions and
observations even if the inter-slice distance is large and the
fibers are crowded and share very similar appearance. The
proposed algorithm employs the nonrigid thin-plate splines
(TPS) to model the association of the fibers in a same fiber
bundle. Without knowing the fiber bundle composition, all
the fibers are first divided into a certain number of groups
and a three-step algorithm was then developed for fiber
association, consisting of group shrinking, group growing and
group merging. Experiments were conducted on three real
material image sequences. The tracking results show that the
proposed method outperforms both the Kalman-filter methods
using other classical association algorithms and four other
state-of-the-art non-recursive multi-target tracking methods.
The proposed method can be applied to speed up the imaging
and image processing of the composite material images for
fast fiber microstructure characterization.
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