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Abstract

Persistent object tracking in complex and adverse envi-

ronments can be improved by fusing information from mul-

tiple sensors and sources. We present a new moving object

detection and tracking system that robustly fuses infrared

and visible video within a level set framework. We also in-

troduce the concept of the flux tensor as a generalization of

the 3D structure tensor for fast and reliable motion detec-

tion without eigen-decomposition. The infrared flux tensor

provides a coarse segmentation that is less sensitive to illu-

mination variations and shadows. The Beltrami color met-

ric tensor is used to define a color edge stopping function

that is fused with the infrared edge stopping function based

on the grayscale structure tensor. The min fusion operator

combines salient contours in either the visible or infrared

video and drives the evolution of the multispectral geodesic

active contour to refine the coarse initial flux tensor mo-

tion blobs. Multiple objects are tracked using correspon-

dence graphs and a cluster trajectory analysis module that

resolves incorrect merge events caused by under- segmen-

tation of neighboring objects or partial and full occlusions.

Long-term trajectories for object clusters are estimated us-

ing Kalman filtering and watershed segmentation. We have

tested the persistent object tracking system for surveillance

applications and demonstrate that fusion of visible and in-

frared video leads to significant improvements for occlusion

handling and disambiguating clustered groups of objects.

1 Introduction

Successful application of computational vision algo-

rithms to accomplish a variety of tasks in complex environ-

ments requires the fusion of multiple sensor and informa-

tion sources. Significant developments in micro-optics and

micro-electomechanical systems (MEMS), VCSELS, tun-

able RCLEDS (resonant cavity LEDS), and tunable micro-

bolometers indicate that hyperspectral imaging will rapidly

become as ubiquitous as visible and thermal videos are to-

day [13, 22]. On board lidars and radars have been used

successfully in unmanned autonomous vehicles, extending

their versatility well beyond what was demonstrated in the

1990’s based on dynamic scene analysis of visible video

only. Most of the autonomous vehicles competing in the

recent DARPA Grand Challenge events used one or more

lidar sensors to augment the video imagery, demonstrat-

ing intelligent navigation using fusion of multiple informa-

tion sources [17]. Autonomous navigation in city traffic

with weather, signals, vehicles, pedestrians, and construc-

tion will be more challenging.

Effective performance in persistent tracking of people and

objects for navigation, surveillance, or forensic behavior

analysis applications require robust capabilities that are

scalable to changing environmental conditions and exter-

nal constraints (ie visibility, camouflage, contraband, secu-

rity, etc.) [3]. For example, monitoring the barrier around

sensitive facilities such as chemical or nuclear plants will

require using multiple sensors in addition to a network of

(visible) video cameras. Both infrared cameras and laser-

scanner based lidar have been used to successfully enhance

the overall effectiveness of such systems. In crowds or busy

traffic areas even though it may be impractical to monitor

and track each person individually, information fusion that

characterizes objects of interest can significantly improve

throughput. Airport surveillance systems using high reso-

lution infrared/thermal video of people can extract invisi-

ble biometric signatures to characterize individuals or tight

groups, and use these short-term multispectral blob signa-

tures to resolve cluttered regions in difficult video segmen-

tation tasks.

Persistent object detection and tracking are challenging pro-

cesses due to variations in illumination (particularly in out-

door settings with weather), clutter, noise, and occlusions.

In order to mitigate some of these problems and to improve

the performance of persistent object tracking, we investi-
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gate the fusion of information visible and infrared imagery.

Infrared imagery is less sensitive to illumination related

problems such as uneven lighting, moving cast shadows or

sudden illumination changes (i.e. cloud movements) that

cause false detections, missed objects, shape deformations,

false merges etc. in visible imagery. But use of infrared im-

agery alone often results in poor performance since gener-

ally these sensors produce imagery with low signal-to-noise

ratio, uncalibrated white-black polarity changes, and ”halo

effect” around hot or cold objects [9]. ”Hot spot” techniques

that detect moving objects by identifying bright regions in

infrared imagery are inadequate in the general case, because

the assumption that the objects of interest, people and mov-

ing cars are much hotter than the surrounding is not always

true.

In this paper, we present a new moving object detection

and tracking system for surveillance applications using in-

frared and visible imagery. The proposed method consists

of four main modules, motion detection, object segmenta-

tion, tracking, and cluster trajectory analysis, summarized

below and elaborated in the following sections.

A coarse motion detection is done in the infrared domain us-

ing the flux tensor method. A foreground mask FGM iden-

tifying moving blobs is outputted for each frame. Object

segmentation refines the obtained mask FGM, using level

set based geodesic active contours with information from

visible and infrared imagery. Object clusters are segmented

into individual objects, contours are refined, and a new

foreground mask FGR is produced. Multi-object tracking

module resolves frame-to-frame correspondences between

moving blobs identified in FGR and outputs moving object

statistics along with trajectories. Lastly, a cluster trajectory

analysis module combines segments and analyzes trajecto-

ries to resolve incorrect trajectory merges caused by under-

segmentation of neighboring objects or partial and full oc-

clusions.

2 Motion Detection

Fast motion blob extraction is performed using a novel

flux tensor method which is proposed as an extension to

the 3D grayscale structure tensor. By more effectively us-

ing spatio-temporal consistency, both the grayscale struc-

ture tensor and the proposed flux tensor produce less noisy

and more spatially coherent motion segmentation results in

comparison to classical optical flow methods [15]. The flux

tensor is more efficient in comparison to the 3D grayscale

structure tensor since motion information is more directly

incorporated in the flux calculation which is less expensive

than computing eigenvalue decompositions as with the 3D

grayscale structure tensor.

2.1 3D Structure Tensors

Orientation estimation using structure tensors have been

widely used for low-level motion estimation and segmen-

tation [14, 15]. Under the constant illumination model, the

optic-flow (OF) equation of a spatiotemporal image volume

I(x) centered at location x = [x, y, t] is given by Eq. 1 [12]

where, v(x) = [vx, vy, vt] is the optic-flow vector at x,

dI(x)

dt
=

∂I(x)

∂x
vx +

∂I(x)

∂y
vy +

∂I(x)

∂t
vt

= ∇IT (x) v(x) = 0 (1)

and v(x) is estimated by minimizing Eq. 1 over a local

3D image patch Ω(x,y), centered at x. Note that vt is not

1 since we will be computing spatio-temporal orientation

vectors. Using Lagrange multipliers, a corresponding error

functional els(x) to minimize Eq. 1 using a least-squares

error measure can be written as Eq. 2 where W (x,y) is a

spatially invariant weighting function (e.g., Gaussian) that

emphasizes the image gradients near the central pixel [14].

els(x) =

∫

Ω(x,y)

(

∇IT (y) v(x)
)2

W (x,y) dy

+λ
(

1 − v(x)
T
v(x)

)

(2)

Assuming a constant v(x) within the neighborhood

Ω(x,y) and differentiating els(x) to find the minimum,

leads to the standard eigenvalue problem for solving v̂(x)
the best estimate of v(x), J(x,W) v̂(x) = λ v̂(x).
The 3D structure tensor matrix J(x,W) for the spatiotem-

poral volume centered at x can be written in expanded ma-

trix form, without the spatial filter W (x,y) and the posi-

tional terms shown for clarity, as Eq. 3.

J =
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Ω
∂I
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∫

Ω
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∂I
∂t

∂I
∂y

dy
∫

Ω
∂I
∂t

∂I
∂t
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(3)

The elements of J (Eq. 3) incorporate information relating

to local, spatial, or temporal gradients. A typical approach

is to threshold on trace(J) =
∫

Ω
||∇I||2dy but this fails

to capture the nature of these gradient changes, and results

in ambiguities in distinguishing responses arising from sta-

tionary versus moving features (e.g., edges and junctions

with and without motion). Analyzing the eigenvalues and

the associated eigenvectors of J can usually resolve this am-

biguity, which can then be used to classify the video regions

experiencing motion [16]. However eigenvalue decomposi-

tions at every pixel is computationally expensive especially

if real time performance is required.
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2.2 Flux Tensors

In order to reliably detect only the moving structures
without performing expensive eigenvalue decompositions,
we propose the concept of the flux tensor, that is the tem-
poral variations of the optical flow field within the local 3D
spatiotemporal volume.
Computing the second derivative of Eq. 1 with respect to t,
we obtain Eq. 4 where, a(x) = [ax, ay, at] is the accelera-
tion of the image brightness located at x.

∂

∂t

„

dI(x)

dt

«

=
∂2I(x)

∂x∂t
vx +

∂2I(x)

∂y∂t
vy +

∂2I(x)

∂t2
vt

+
∂I(x)

∂x
ax +

∂I(x)

∂y
ay +

∂I(x)

∂t
at (4)

which can be written in vector notation as,

∂

∂t
(∇I

T (x)v(x)) =
∂∇IT (x)

∂t
v(x) + ∇I

T (x) a(x) (5)

Using the same approach for deriving the classic 3D struc-

ture, minimizing Eq. 4 assuming a constant velocity model

and subject to the normalization constraint ||v(x)|| = 1
leads to Eq. 6,

eF
ls(x) =

∫

Ω(x,y)

(

∂(∇IT (y)

∂t
v(x)

)2

W (x,y) dy

+λ
(

1 − v(x)
T
v(x)

)

(6)

Assuming a constant velocity model in the neighborhood
Ω(x,y), results in the acceleration experienced by the
brightness pattern in the neighborhood Ω(x,y) to be zero
at every pixel. As with its 3D structure tensor counterpart
J in Eq. 3, the 3D flux tensor JF using 6 can be written as
JF(x,W) =

∫

Ω
W (x,y) ∂

∂t
∇I(x) · ∂

∂t
∇IT(x)dy and in

expanded matrix form as Eq. 7.

JF =

2

6

6

6

6

6

4

R

Ω

˘

∂2
I

∂x∂t

¯2
dy

R

Ω

∂2
I

∂x∂t
∂2

I

∂y∂t
dy

R

Ω

∂2
I

∂x∂t
∂2

I

∂t2
dy

R

Ω

∂2
I

∂y∂t
∂2

I

∂x∂t
dy

R

Ω

˘

∂2
I

∂y∂t

¯2
dy

R

Ω

∂2
I

∂y∂t
∂2

I

∂t2
dy

R

Ω

∂2
I

∂t2
∂2

I

∂x∂t
dy

R

Ω

∂2
I

∂t2
∂2

I

∂y∂t
dy

R

Ω

˘

∂2
I

∂t2

¯2
dy

3

7

7

7

7

7

5

(7)

As seen from Eq. 7, the elements of the flux tensor

incorporate information about temporal gradient changes

which leads to efficient discrimination between stationary

and moving image features. Thus the trace of the flux ten-

sor matrix which can be compactly written and computed

as, trace(JF) =
∫

Ω
|| ∂

∂t
∇I||2dy can be directly used to

classify moving and non-moving regions without the need

for expensive eigenvalue decompositions. If motion vectors

are needed then we can minimize Eq. 6 to get v̂(x) using

JF(x,W) v̂(x) = λ v̂(x). In this approach the eigenvec-

tors need to be calculated at just moving feature points.

3 Motion Constrained Object Segmentation

As described in Section 2.2, each pixel in an infrared im-

age frame IIR(x , t) is classified as moving or stationary by

thresholding trace of the corresponding flux tensor matrix

(trace(JF)) and a motion blob mask FGM(t) is obtained.

This module refines FGM(t) by addressing two problems of

motion detection: holes and inaccurate object boundaries.

Motion detection produces holes inside slow moving homo-

geneous objects, because of the aperture problem. Motion

blobs are larger than the corresponding moving objects, be-

cause these regions actually correspond to the union of the

moving object locations in the temporal window, rather than

the region occupied in the current frame. Beside inaccurate

object boundaries this may lead to merging of neighboring

object masks and consequently to false trajectory merges

and splits at the tracking stage.

In order to refine the coarse FGM obtained through flux ten-

sors, we rely on the fusion of multi-spectral image informa-

tion and motion information, in a level set based geodesic

active contours framework. This process is summarized in

Algorithm 1 and elaborated in the following sub-sections.

Algorithm 1 Object Segmentation Algorithm

Input : Visible image sequence IRGB(x , t), infrared image sequence

IIR(x , t), foreground mask sequence FGM(x , t) with NM (t) re-

gions

Output : Refined foreground (binary) mask sequence FGR(x , t) with

NR(t) regions

1: for each time t do

2: Compute edge indicator functions gIR(x , t) and gRGB(x , t)
from infrared IIR(x , t) and visible IRGB(x , t) images.

3: Fuse gIR(x , t) and gRGB(x , t) into a single edge indicator func-

tion gF (x , t).

4: Initialize refined mask, FGR(t)← 0
5: Identify disjoint regions Ri(t) in FGM(t) using connected com-

ponent analysis.

6: for each region Ri(t) {i = 1, 2, ...NM (t)} in FGM(t) do

7: Fill holes in Ri(t) using morphological operations.

8: Initialize geodesic active contour level sets Ci(t) using contour

of Ri(t).

9: Evolve Ci(t) using gF (t) as edge stopping function.

10: Check stopping/convergence condition to subpartition Ri(t) =
{Ri,0(t), Ri,1(t), ..., Ri,NRi

(t)(t)} into NRi
(t) ≥ 1 fore-

ground regions and one background region Ri,0(t) .

11: Refine mask FGR using foreground partitions as

FGR = FGR ∪Ri,j; j = 1 : NRi
(t)

12: end for// NM (t) regions

13: end for// Tframes

3.1 Fusion of Visible and Infrared Infor-
mation using Edge Feature Indicator
Functions

Contour feature or edge indicator functions are used to

guide and stop the evolution of the geodesic active contour

when it arrives at the object boundaries. The edge indicator
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function is a decreasing function of the image gradient that

rapidly goes to zero along edges and is higher elsewhere.

The magnitude of the gradient of the infrared image is used

to construct an edge indicator function gIR as shown below

where Gσ(x, y) ∗ IIR(x, y) is the infrared image smoothed

with a Gaussian filter,

gIR(IIR) = exp(−|∇Gσ(x, y) ∗ IIR(x, y)|) (8)

Although the spatial gradient for single channel images

lead to well defined edge operators, the gradient of multi-

channel images (i.e. color edge strength) is not straight

forward to generalize since gradients in different channels

can have inconsistent orientations. We explored the use

of several color feature operators and selected the Beltrami

color tensor [10] as the best choice based on robustness and

speed.

The Beltrami color metric tensor operator for a 2D color

image defines a metric on a two-dimensional manifold

{x, y,R(x, y), G(x, y), B(x, y)} in the five-dimensional

spatial-spectral space {x, y,R,G,B}. The color metric

tensor is defined below where I2 is the 2×2 identity matrix

and JC is the 2D color structure tensor [10],

E = I2 + JC (9)

JC =

















∑

i=R,G,B

(

∂Ii

∂x

)2
∑

i=R,G,B

∂Ii

∂x

∂Ii

∂y

∑

i=R,G,B

∂Ii

∂x

∂Ii

∂y

∑

i=R,G,B

(

∂Ii

∂y

)2

















(10)

The determinant of E is considered as a generalization of the

intensity image gradient magnitude to multispectral image

gradients. The Beltrami color edge stopping function can

then be defined as,

gRGB(IRGB) = exp(−abs(det(E))) (11)

det(E) = 1 + trace(JC) + det(JC)
= 1 + (λ1 + λ2) + λ1λ2

(12)

where λ1 and λ2 are the eigenvalues of JC.

Although any robust accurate color edge response function

can be used, we found the Beltrami color tensor to be the

most suitable for persistent object tracking. Several com-

mon color (edge/corner) feature indicator functions were

evaluated for comparison purposes, including Harris [11]

and Shi-Tomasi operators [18]. The Harris operator (Eq.

13) uses the parameter k to tune edge versus corner re-

sponses (i.e. k → 0 responds primarily to corners).

H(IRGB) = det(JC) − k trace2(JC)
= λ1λ2 − k(λ1 + λ2)

2 (13)

(a) Beltrami color features (b) Harris color features

(k=0.5)

(c) Shi-Tomasi color features

min(λ1, λ2)
(d) Modified Shi-Tomasi color

features max(λ1, λ2)

Figure 1: Color features for frame #1256 obtained using

Beltrami, Harris, and Shi-Tomasi operators.

The Shi-Tomasi operator [18] is defined as min(λ1, λ2)
above a certain threshold. The Shi-Tomasi operator re-

sponds strongly to corners and filters out most edges (since

one of the eigenvalues is nearly zero along edges). This

is not suitable for a geodesic active contour edge stopping

function, so we tested a modified operator max(λ1, λ2)
which responds nicely to both edges and corners.

It is interesting to note that all of the above color feature de-

tectors can be related to the eigenvalues of the color struc-

ture tensor matrix JC. Since these values are correlated

with the local image properties of edgeness and cornerness

i.e. λ1 >> 0, λ2 ≈ 0 or λ1 ≈ λ2 >> 0 respectively. The

best operators for the geodesic active contour edge stopping

functions will respond to all salient contours in the image.

In our experiments, as shown in Figure 1, the Beltrami color

(edge) features was the most suitable function and is fast to

compute. The Harris operator misses some salient contours

around the pedestrians, the Shi-Tomasi operator responds

primarily to corners and is not suitable as an edge stopping

function, the modified Shi-Tomasi operator produces a con-

tour map that is nearly the same as the Beltrami color metric

tensor map but is slightly more expensive to compute due to

the square root calculation for the eigenvalues.

The fused edge indicator function gF (x, y) should respond

to the strongest edge at location (x, y) in either channel. So

the fusion operator is defined as the minimum of the two

normalized (0, 1) edge indicator functions gIR(x, y), and

gRGB(x, y),

gF (IR,RGB, x, y) = min{gIR(x, y), gRGB(x, y)}
(14)
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This ensures that the curve evolution stops where there

is an edge in the visible imagery or in the infrared im-

agery. Infrared imagery could have been considered as a

fourth channel and the metric tensor in Eq. 10 could have

been defined in the six-dimensional spatial-spectral space

{x, y,R,G,B, IR}. But the infrared imagery should have

more weight in our decision than any single channel of

the visible imagery, since moving infrared edges are highly

salient for tracking. In order not to miss any infrared edges,

independent of the gradients in the visible channels, the min

statistic Eq. 14 is used. min fusion operator handles cases

where the visible RGB appearance of the moving object is

similar to the background but there is a distinct infrared sig-

nature, and when the background and foreground have sim-

ilar infrared signatures but distinct appearances.

3.2 Level Set Based Active Contours

Active contours evolve a curve C, subject to constraints

from a given image. In level set based active contour meth-

ods the curve C is represented implicitly via a Lipschitz

function φ by C = {(x, y)|φ(x, y) = 0}, and the evolution

of the curve is given by the zero-level curve of the function

φ(t, x, y). Evolving C in a normal direction with speed F

amounts to solving the differential equation [7],

∂φ

∂t
= |∇φ|F ; φ(0, x, y) = φ0(x, y) (15)

Unlike parametric approaches such as classical snake, level

set based approaches ensure topological flexibility since dif-

ferent topologies of zero level-sets are captured implicitly in

the topology of the energy function φ. Topological flexibil-

ity is crucial for our application since coarse motion seg-

mentation may result in merging of neighboring objects,

that need to be separated during the segmentation stage. To

refine the coarse motion segmentation results obtained us-

ing flux tensors, we use geodesic active contours [6] that are

tuned to edge/contour information effectively. The level set

function φ is initialized with the signed distance function

of the motion blob contours (FGM) and evolved using the

geodesic active contour speed function,

∂φ

∂t
= gF (I)(c + K(φ))|∇φ| + ∇φ · ∇gF (I) (16)

where gF (I) is the fused edge stopping function (Eq. 14), c

is a constant, and K is the curvature term,

K = div

(

∇φ

|∇φ|

)

=
φxxφ2

y − 2φxφyφxy + φyyφ2
x

(φ2
x + φ2

y)
3

2

(17)

The force (c + K) acts as the internal force in the clas-

sical energy based snake model. The constant velocity c

pushes the curve inwards or outwards depending on its sign

(inwards in our case). The regularization term K ensures

Algorithm 2 Tracking Algorithm

Input : Image sequence I(x , t), and refined foreground mask sequence

FGR(x , t)
Output : Trajectories and Temporal Object Statistics

1: for each frame I(x , t) at time t do

2: Use the refined foreground mask, FGR(t) from the motion con-

strained object segmentation module.

3: Partition FGR(t) into disjoint regions using connected compo-

nent analysis FGR(t) = {R1(t), R2(t), . . . , RNR
(t)} that ide-

ally correspond to NR individual moving objects.

4: for each region Ri(t) {i = 1, 2, ...NR(t)} in FGR(t) do

5: Extract blob centroid, area, bounding box, support map etc.

6: Arrange region information in an object correspondence graph

OGR. Nodes in the graph represent objects Ri(t), while edges

represent object correspondences.

7: Search for potential object matches in consecutive frames using

multi-stage overlap distance DMOD .

8: Update OGR by linking nodes that correspond to objects in

frame I(x , t) with nodes of potential corresponding objects

in frame I(x , t − 1). Associate the confidence value of each

match, CM(i, j) with each link.

9: end for

10: end for

11: Trace links in the object correspondence graph OGR to generate

moving object trajectories.

boundary smoothness. The external image dependent force

gF (I) (Section 3.1) is the fused edge indicator function and

is used to stop the curve evolution at visible or infrared ob-

ject boundaries. The term ∇gF ·∇φ introduced in [6] is used

to increase the basin of attraction for evolving the curve to

the boundaries of the objects.

Since the geodesic active contour segmentation relies on

edges between background and foreground rather than the

color or intensity differences, the method is more stable and

robust across very different appearances, non-homogeneous

backgrounds and foregrounds. Starting the active con-

tour evolution from the motion segmentation results pre-

vents early stopping of the contour on local non-foreground

edges.

4 Multi-object Tracking Using Object Corre-

spondence Graphs

Persistent object tracking is a fundamental step in the

analysis of long term behavior of moving objects. The

tracking component of our system outlined in Algorithm

2 is an extension of our previous work in [4, 5]. Object-

to-object matching (correspondence) is performed using

a multi-stage overlap distance DMOD, which consists of

three distinct distance functions for three different ranges

of object motion as described in [4].

Correspondence information is arranged in an acyclic di-

rected graph OGR. Trajectory-Segments are formed by

tracing the links of OGR and grouping ”inner” nodes that

have a single parent and a single child. For each Trajectory-
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Algorithm 3 Cluster Trajectory Analysis

Input : Merged trajectory segment TM, parent and child trajectory seg-

ments TP(1: np), TC(1: np).

Output : Individual trajectory segments TS(1: np), updated parent and

child trajectory segments TP(1: np), TC(1: np).

1: Initialize state matrix X(t0) consisting of position and velocity in-

formations for each individual trajectory segments TS(1: np) using

the parent segments’ states, X(t0)← TP(1: np). states
2: for each node TM. node(t) of the merged segment do

3: Predict using Kalman filter [1] X̂(t), the estimated state matrix

of the trajectory segments TS(1: np) corresponding to individual

objects in the object cluster, from the previous states X(t− 1).

4: Project masks of the sub-nodes TS(1: np). node(t-1) from the

previous frame, to the predicted positions on the current merged

node TM. node(t), and use these projected masks as markers for

the watershed segmentation.

5: Using watershed segmentation algorithm and the markers ob-

tained through motion compensated projections of the sub-nodes

from the previous frame, segment the merged node TM. node(t)
corresponding to a cluster of objects into a set of sub-nodes corre-

sponding to individual objects TS(i). node(t), i = 1 : np.

6: Use refined positions of the sub-nodes obtained after watershed

segmentation to update the corresponding states X(t).

7: end for

8: Update object correspondence graphOGR by including sub-node in-

formations such as new support maps, centroids, areas etc.

9: Update individual trajectory segments’s parent and children links

(TS(1: np). parents,TS(1: np). children), parent segments’ chil-

dren links (TP(1: np). children), and children segments’ parent

links (TC(1: np). parents) by matching TSs to TPs and TCs.

10: Propagate parent segments’ labels to the associated sub-

segments, which are subsequently propagated to their children

(TP(1: np). label→ TS(1: np). label→ TC(1: np). label ).

Segment, parent and children segments are identified and

a label is assigned. Segment labels encapsulate connectiv-

ity information and are assigned using a method similar to

connected component labeling.

4.1 Cluster Trajectory Analysis

Factors such as under-segmentation, group interactions,

occlusions result in temporary merging of individual ob-

ject trajectories. The goal of this module is to resolve

these merge-split events where np parent trajectory seg-

ments TPs, temporarily merge into a single trajectory seg-

ment TM, then split into nc child trajectory segments TCs,

and to recover individual object trajectories TS s. Currently

Update

Predict
(Kalman Filter) (Watershed Transform)

Segment Merged Node

Sub−node Masks

Project

X̂(t)
parent − nodes

sub − nodes(t)

markers(t)

X(to)

X(t − 1)

Figure 2: Cluster segmentation using Kalman filter and watershed segmentation.

we only consider symmetric cases where np = nc.

Most occlusion resolution methods rely heavily on appear-

ance. But for far-view video, elaborate appearance-based

models cannot be used since objects are small and not

enough support is available for such models. We use predic-

tion and cluster segmentation to recover individual trajecto-

ries. Rather than predicting individual trajectories for the

merged objects from the parent trajectories alone, at each

time step, object clusters are segmented, new measurements

are obtained, and object states are updated. This reduces er-

ror accumulation particularly for long lasting merges that

become more frequent in persistent object tracking.

Segmentation of the object clusters into individual objects is

done using a marker-controlled watershed segmentation al-

gorithm applied to the object cluster masks [2, 20]. The use

of markers prevents over-segmentation and enables incor-

poration of segmentation results from the previous frame.

The cluster segmentation process is shown in Figure 2 and

the overall cluster trajectory analysis process is summarized

in Algorithm 3, where X indicates state matrix that consists

of a temporal sequence of position and velocity information

for each individual object segment, and X̂ indicates esti-

mated state matrix.

5 Results and Analysis

The proposed system is tested on thermal/color video se-

quence pairs from OTCBVS dataset collection [8]. Data

consists of 8-bit grayscale bitmap thermal images, and 24-

bit color bitmap images of 320 x 240 pixels. Images

were sampled approximately at 30Hz. and registered us-

ing homography with manually-selected points. Thermal

sequences were captured using a Raytheon PalmIR 250D

sensor, color sequences were captured using a Sony TRV87

Handycam.

Figure 3 shows different moving object detection results.

MoG refers to the background estimation and subtraction

method by mixture of Gaussians [19] [21]. Flux refers to the

flux tensor method presented in Section 2. The parameters

for the mixture of gaussians (MoG) method are selected as

follows: number of distributions K = 4, distribution match

threshold Tmatch = 2.0, background threshold T = 70%,

learning rate α = 0.02. The parameters for the flux tensor

method use a neighborhood size W = 9, and trace thresh-

old T = 4.

Visible imagery (Figure 3c) is very sensitive to moving

shadows and illumination changes. Shadows (Figure 3c

row 1) can alter object shapes and can result in false detec-

tions. Illumination changes due to cloud movements covers

a large portion of the ground (Figure 3c row 2) which results

in many false moving object detections, making detection

and tracking of pedestrians nearly impossible. As can be

seen from Figures 3d,e infrared imagery is less sensitive to

illumination related problems. But infrared imagery is more
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(a) Original image RGB (b) Original image IR (c) MoG on RGB (d) MoG on IR (e) Flux on IR

Figure 3: Moving object detection results for OTCBVS benchmark sequence 3:1. Top row: frame #1048. Bottom row: frame

#1256.

(a) gRGB (b) gIR (c) gFusion

Figure 4: Edge indicator functions for OTCBVS benchmark

sequence 3:1 frame #1256.

noisy compared to visible imagery and suffers from ”halo”

effects (Figure 3d). The flux tensor method (Figure 3e) pro-

duces less noisy and more compact foreground masks com-

pared to pixel based background subtraction methods such

as MoG (Figure 3d), since it integrates temporal informa-

tion from isotropic spatial neighborhoods.

Figure 4 shows visible,IR and fused edge indicator func-

tions used in the segmentation process. Figure 5 illustrates

effects of contour refinement and fusion of visible and in-

frared information. Level set based geodesic active contours

refine object boundaries and segment object clusters into

individual objects or smaller clusters which is critical for

persistent object tracking. When used alone, both visible

and infrared video result in total or partial loss of moving

objects (i.e. top left person in Figure 5b due to low color

contrast compared to background, parts of top right person

and legs in Figure 5c due to lack of infrared edges). A low

level fusion of the edge indicator functions shown in Figure

5d results in a more complete mask, compared to just com-

bining visible and infrared foreground masks (i.e. legs of

top right and bottom persons).

Figure 6 illustrates the effects of contour refinement and

merge resolution on object trajectories. Level set based

(a) IR Flux (b) Visible (c) Infrared (d) Fusion

Figure 5: (a) Motion blob #2 in frame #1256 using IR flux

tensors. Refinement of blob #2 using (b) only visible im-

agery, (c) only infrared imagery, (d) using fusion of both

visible and IR imagery.

geodesic active contours can separate clusters caused by

under-segmentation (Figure 6a) but cannot segment indi-

vidual objects during occlusions (Figure 6b). In those cases

merge resolution recovers individual trajectories using pre-

diction and previous object states (Figure 6 second row). In

occlusion events no single parameter (i.e. color, size, shape

etc.) can consistently resolve ambiguities in partitioning as

evident in Figure 6b first row.

6 Conclusion and Future Work

In this paper we presented a moving object detection and

tracking system based on the fusion of infrared and visible

imagery for persistent object tracking. Outdoor surveillance

applications require robust systems due to wide area cover-

age, shadows, cloud movements and background activity.

The proposed system fuses the information from both vis-

ible and infrared imagery within a geodesic active contour

framework to achieve this robustness.
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(a) (b) (c)

Figure 6: Merge resolution. Left to right: frames #41, #56,

and #91 in OTCBVS benchmark sequence 3:4. Top row:

motion constrained object extraction results. Flux tensor

results are marked in green, refined contours are marked in

red. Bottom row: object trajectories after merge resolution.

Our novel flux tensor method successfully segments the

coarse motion in the infrared image and produces less noisy

and more spatially coherent results compared to classical

pixel based background subtraction methods. This motion

information serves as an initial mask that is further refined

by using level set based geodesic active contours and the

fused edges from both infrared and visible imagery. As

shown in the experimental results, this improves the seg-

mentation of clustered moving objects.

After the masks are obtained, the tracking module resolves

frame-to-frame correspondences between moving blobs and

produces moving object statistics along with trajectories.

Lastly, the cluster trajectory analysis module analyzes tra-

jectories to resolve incorrect trajectory merges caused by

under-segmentation of neighboring objects or partial and

full occlusions. The current results show promising perfor-

mance by fusing multi-spectral information to improve ob-

ject segmentation. We are currently working on the cluster

trajectory analysis module and we will test our system with

more sequences to report a complete performance evalua-

tion.
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