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Abstract The compressive tracking (CT) method is a simple yet efficient algorithm which compresses the

high-dimensional features into a low-dimensional space while preserving most of the salient information. This

paper proposes a compressive time-space Kalman fusion tracking algorithm to extend the CT method to the

case of multi-sensor fusion tracking. Existing fusion trackers deal with multi-sensor features individually and

without time-space adaptability. Besides, significant information cumulated in the updating process has not

been fully exploited, which calls for a necessity for temporal information extraction. Unlike previous algorithms,

the proposed fusion model is completed in both space and time domains. Also, extended Kalman filter is

introduced to formulate an updating method for fusion coefficient optimization. The accuracy and robustness

of the proposed fusion tracking algorithm are demonstrated by several experimental results.
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1 Introduction

Visual tracking is an important topic in the application of computer vision, such as intelligent video

surveillance, human-machine interfaces, medical diagnosis, and public transportation systems [1,2]. Many

tracking algorithms have been proposed and show promising performances. In the visual tracking problem,

appearance model construction is essential for the success of a tracking system. The l1-tracker [3] uses

sparse representation to represent the target appearance model and search for the candidate image patch

with maximal similarity. Li et al. [4] use the orthogonal matching pursuit algorithm to extend the

l1-tracker. However, these methods are likely to cause drift problems and do not take background

information into account, which improves tracking performance. Babenko et al. [5] pose the tracking

problem as a classification task separating the target foreground from the background. Zhang et al. [6]

present a novel online discriminative feature selection tracking method, in which the classifier score

explicitly is coupled with the importance of the samples and its objective function is optimized by feature

selection. Several trackers [7,8] are developed in which generative and discriminative models are combined.
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However, most of these online tracking algorithms have data-dependent appearance models. Sufficient

training samples are required to be stored and learned at the outset, resulting in the drift problems

and large computing costs [9]. Whereas the compressive tracking (CT) method [9] is based on a linear

transformation model and does not require large amount of data for updating. The object can be well

represented by features extracted in the compressive domain that are used to separate foreground and

background. Features in this method are extracted from a single type of spectral image (visible spectrum),

and they are integrated with equal and fixed weights [10].

Despite the fact that numerous algorithms have been proposed, tracking with single sensor remains a

challenging problem as it has limited information and reliability [11]. Yet, cooperation of multi-sensor

features can make up the weak points of each other [12] and provides higher precision, certainty, and

reliability. Cvejic et al. [13] present an experimental approach to evaluate the effects of multi-model

information fusion on tracking and conclude that multi-feature fusion is beneficial [14]. Torresan et

al. [15] propose a surveillance system that fuses visible and infrared videos to detect and track pedestrians.

Stolkin et al. [16] optimally combine pixel information also from an infrared and a conventional visible

spectrum camera. However, as these methods are computationally complex [17], they are not efficient

enough for real-time visual tasks. An efficient Bayesian tracking framework [18] is described for fusing

color, stereo sound, and motion. These three cues are fused by linear combination modeled by a spatial

likelihood function. Topkaya et al. [19] apply correlations between histograms of the defined ideal and

candidate images to realize fusion tracking. In [20], fusion model is described by a likelihood function to

capture the spatial and statistical properties of sensors and completes the fusion task by sequential belief

propagation. In the fuzzy region-based visible and infrared image fusion approach [21], the similarity

measurement is adapted to this dynamic image fusion algorithm to construct the fusion framework. The

above fusion tracking approaches build fusion models only with spatial information. In the real world,

spatial information is important and necessary in tracking process. However, in some problems, the

target appearance changes gradually, and all of the historical appearance variations in pose, scale, and

illumination have more or less influences and constraints on the next appearance state [22], which calls

for a necessity for temporal information extraction.

To introduce temporal information into the dynamic system, Sigal et al. [23] use spatio-temporal

two-layered graphical models for component-based visual detection and tracking. Object models in

these approaches make use of temporal consistency and can achieve robust tracking of the object. A

robust spatio-temporal context model-based tracker [22,24] is presented to achieve the tracking task in

unconstrained environments. The temporal context model can capture the historical target appearance

to improve long-term tracking accuracy. Zhang et al. [25] formulate a dense spatio-temporal context

learning in a Bayesian framework. Tracking problem is posed by a confidence map which takes the prior

information of the target location into account. However, these approaches are computationally expensive

and are not very reliable when severe deformation or background confusion exists. Based on the spatio-

temporal auxiliary particle filtering scheme, Kim et al. [26] propose a real-time robust principal component

pursuit equipped with l1-norm optimization. This tracker can solve the outlier disturbance and abrupt

motion changes. A framework of temporal conditional random fields [27] is proposed using two consequent

frames to predict next object position. This model is a discriminative framework in which the first three

consequent frames are trained to be fit for abrupt dynamic situation. Based on this model, Shafiee

et al. [28] present a modified temporal conditional random field by a Kalman filter-like method so as to

build a set of efficient and effective temporal relations for tracking. A spatio-temporal weighted Dempster-

Shafer framework [29] is proposed for visual tracking with multiple information sources. However, this

tracker fails when target undergoes severe appearance changes due to the lack of information diversity.

Therefore, we are interested in exploiting temporal information from diverse multi-sensor features.

It is a challenging task to develop an effective and efficient fusion model for tracking with different

sensors. Much of the existing literature deals with multi-sensor features individually, and do not fully

exploit their temporal information during long-term updating. Due to the efficiency of the CT method [9]

and the importance of temporal learning, we are motivated to extend CT method to cater for the fusion

tracking problem equipped with temporal learning. Therefore, based on CT, a robust CT algorithm based
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Table 1 Main parameters and variables in our algorithm.

m compressive feature number vo compressive feature vector

k sample number vJ joint feature vector

t frame number vS spatial feature vector

o visible and infrared label vF fusion feature vector

λo likelihood control parameter po feature likelihood vector

α search radius for drawing positive samples wo prediction weight vector

ς inner radius for drawing negative samples CS spatial coefficient matrix

β outer radius for drawing negative samples CT temporal coefficient matrix

γ search radius for drawing training samples CT-S time-space coefficient matrix

Table 2 Sizes of main vectors and matrix variables.

Parameter Size Parameter Size

vJ 2m× k CS 2m× 2m

vS 2m× k CT m× 2m

vF m× k CT-S 2m× 2m

ṽF mk × 2m2 C̃T 2m2 × 1

on time-space Kalman fusion model is provided. The main contributions of our work are as follows:

1. The CT method is extended to the case of multi-sensor fusion tracking.

2. The proposed time-space fusion model is designed to combine spatial and temporal information

from each sensor simultaneously. In space domain, we obtain likelihood functions of visible and infrared

features to represent spatial information. In time domain, we formulate a temporal updating method

to achieve optimized fusion performance. Therefore, the spatial and temporal information is integrated

with the fusion model.

3. The extended Kalman filter (EKF) is introduced into the estimation and optimization problem of

fusion coefficient. We use this application to achieve an optimized fusion performance by modelling the

fusion process with a dynamic updating system.

This paper is organized as follows. In Section 2, we report the general scheme of fusion tracking

algorithm and the proposed Kalman fusion model in detail. The experimental results of the proposed

method are presented in Section 3. Section 4 concludes with a general discussion.

2 Problem formulation

In this section, we present the proposed tracking algorithm and Kalman fusion model in detail. The

definitions and sizes of main variables in the proposed algorithm are shown in Tables 1 and 2, respectively.

In the proposed approach, it is assumed that visible and infrared image sequences have been registered

in time and space spans by some image registration approaches based on Walsh [30], SURF (speeded up

robust features) [31], CSIFT (colored scale invariant feature transform) [32], and so on. The tracking

window in the first frame is located manually or by other detection algorithms. In Figure 1, the general

framework of the proposed fusion tracking algorithm is divided into fusion and tracking sections. At each

frame, we take some test samples in both visible and infrared images. Let lt(u) ∈ R
2 denote the location

of sample u at the tth frame, and u∗ means the sample of the tracked target. At the tth frame, we select

some patches Uγ
o = {u |‖lt(u)− lt−1(u

∗)‖ < γ } , o ∈ {vis, ir} surrounding the target location lt−1(u
∗) in

the (t − 1)th frame and set them as the test samples. Symbols vis and ir represent visible and infrared

sensors, respectively. These test samples are used to construct the multi-scale image feature vectors

u and then embedded into the compressive features v. At the next step, the proposed fusion model

is introduced to fuse these compressive features and the compressive fusion feature is obtained. Then,

the Bayesian classifier is applied to the compressive fusion feature to find the tracking location lt(u
∗)

with the maximal classifier response. Next, we extract a set of positive training samples by randomly

cropping some patches Uα
o = {u|‖lt(u)− lt(u

∗)‖ < α} surrounding lt(u
∗). Similarly, we crop some patches
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Figure 1 General framework of the proposed algorithm. Solid and dotted lines denote input and feedback directions,

respectively.

U ς,β
o = {u|ς < ‖lt(u)− lt(u

∗)‖ < β}, where α < ς < β and label them as negative training samples. We

use these training samples to update the classifier. At last, EKF is applied to update the fusion model

and estimate the optimal fusion parameters.

2.1 Compressive features

In this section, the compressive tracking (CT) method is reviewed. In the CT method, each sample in

size of w×h is convolved with a set of rectangle filters at multiple scales {h1,1, . . . , hw,h} in a way similar

to the Haar-like features [5]. Each scale is defined as hi,j(x, y) = I16x6i,16y6j(x, y), where I(·) is the

indicator function, and i and j are the width and height of a rectangle filter, respectively. Then, each

filtered image is represented as a column vector in R
wh and these vectors are concatenated as a very

high-dimensional multi-scale image feature vector u ∈ R
n, where n = (wh)2 [9].

The high-dimensional image feature u ∈ R
n can be embedded into an extremely compressive feature

vector v ∈ R
m. This linear transformation is expressed as

v = Ru. (1)

In (1), m ≪ n and R ∈ R
m×n is a random projection matrix from the image space u to the lower

dimensional space v. It is data-independent of any training samples and has to satisfy the Johnson-

Lindenstrauss lemma [33] to restructure u from v with minimum error. In this paper, R is defined

according to [9]. Based on the linear transformation, each element vi in the low-dimensional vector

v ∈ R
m in (1) is a linear combination of spatially distributed rectangle features at different scales [9].

The compressive sensing theory makes the original image be described by the extracted features.
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2.2 Classifier construction and updating

The tracking problem is formulated as a detection task and completed with a Bayesian classifier in

compressed domain. All elements in the compressive vector v are assumed independently distributed and

modeled with a naive Bayesian classifier [34]:

H(v) = log

(∏m
i=1 p (vi |y = 1) p (y = 1)∏m
i=1 p (vi |y = 0) p (y = 0)

)
=

m∑

i=1

log

(
p (vi |y = 1)

p (vi |y = 0)

)
, (2)

where p(y = 1) = p(y = 0) and y ∈ {0, 1} is a binary variable which represents the positive and

negative labels of sample. The conditional distributions in (2) are assumed to be Gaussian distributed

p(vi|y = 1) ∼ N(µ1
i , σ

1
i ) and p(vi|y = 0.) ∼ N(µ0

i , σ
0
i ). The Gaussian parameters (µ1

i , σ
1
i , µ

0
i , σ

0
i ) are

incrementally updated as µ1
i ← λµ1

i +(1−λ)µ1 and σ1
i ←

√
λ(σ1

i )
2 + (1 − λ)(σ1)2 + λ(1 − λ)(µ1

i − µ1)2,

where λ > 0 is a learning parameter, and µ1 and σ1 are the mean and covariance Gaussian parameters

computed from the historical frames [9]. Then, we get the tracking result by finding the sample with the

maximal classification score H(v). The proposed fusion tracking scheme is summarized in Algorithm 1.

Algorithm 1 General scheme of the proposed algorithm

Input: tth visible and infrared frames

1. Sample some patches U
γ
o = {u|‖lt(u) − lt−1(u∗)‖ < γ}, o ∈ {vis, ir} in visible and infrared images and extract the

compressive feature vectors vvis and vir.

2. Apply the proposed fusion model to fuse vvis and vir to the fusion feature vector vF .

3. Input vF to the Bayesian classifier, and find the tracking location lt(u∗) with the maximal classifier response from

H(v).

4. Extract positive and negative samples by Uα
o = {u|‖lt(u) − lt(u∗)‖ < α} and U

ς,β
o = {u|ς < ‖lt(u) − lt(u∗)‖ < β} in

visible and infrared images.

5. Extract the sample features and update the classifier parameters as

µ1
i ← λµ1

i + (1− λ)µ1, σ1
i ←

√
λ(σ1

i )
2
+ (1 − λ)(σ1)2 + λ(1 − λ)(µ1

i − µ1)
2
.

6. Apply extended Kalman filter to update the fusion model.

Output: Tracking location, classifier, and fusion parameters

2.3 Proposed time-space Kalman fusion model

The existing fusion tracking methods only concentrate on spatial fusion but lack time-space adaptability.

To solve this problem, we present a time-space Kalman fusion model in this section.

The key to fuse visible and infrared features is to decide their respective coefficients (weights). The

general fusion form is represented as

vF = Cvisvvis +Cirvir, (3)

where Cvis and Cir ∈ R
m×m are fusion coefficients for visible and infrared features, respectively. vo =

[v
(1)
o ,v

(2)
o , . . . ,v

(m)
o ]T, o ∈ {vis, ir} denotes feature vector. Each v

(i)
o ∈ R

1×k, i = 1, . . . ,m is the ith

feature value vector of the oth sensor.

In this paper, we define a new joint feature vector vJ = [vT
vis,v

T
ir ]

T. After obtaining spatial fusion

coefficient matrix CS , a temporal coefficient matrix CT is defined to bring temporal information into the

fusion process. The fusion process can be constructed with a composite model because of time-varying

process in both spatial-temporal domains. We assume the fusion process in the spatial and temporal

directions is separable to some degree [26,35,36]. Thus, the final fusion rule in this paper is denoted as

vF = CT ·CS · vJ , (4)

where CT-S = CT ·CS is the time-space coefficient matrix. The construction process will be discussed in

detail.
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2.3.1 Spatial coefficient matrix construction

A spatial coefficient matrix is constructed to combine visible and infrared features. In this paper,

the spatial information stands for the spatial-varying of the appearance, which is obtained by cal-

culating the likelihood between the current frame and the template. The feature likelihood vector

po = [p
(1)
o , p

(2)
o , . . . , p

(m)
o ]T is defined using a visual likelihood function [37]:

po = e−λ0ρ
2

o , (5)

where λo is a control parameter controlling the importance of each feature.

ρ(i)o =
1

N (i)

√∑k

j=1

∣∣∣v(ij)o (t)− v
(ij)
o (T )

∣∣∣
2

, i = 1, . . . ,m, j = 1, . . . , k

is the vector distance in Euclidean space [38], where N (i) denotes the normalizing vector in time span.

v
(ij)
o (t) is the element in the ith row and the jth column of vo(t), and v

(ij)
o (T ) is the feature template.

Considering the short-time tracking without great appearance changes, the template is set as the feature

in the previous frame. Based on the feature likelihood vectors, the ith element of the prediction weight

is normalized in sensor span w(i)
o

= p(i)
o

/
∑

o p
(i)
o

, i = 1, . . . ,m.

To maintain the information from the prediction confidence of the visible and infrared likelihood

vectors, the diagonal spatial coefficient matrix is defined as

CS = diag
{
w

(1)
vis , . . . , w

(m)
vis , w

(1)
ir , . . . , w

(m)
ir

}
. (6)

In summary, CS reflects the spatial weights of visible and infrared features within a limited time period.

However, as tracking progresses, we cannot rely only on CS since long-term updating information is also

needed for better performance. In the next section, we describe how the EKF can be applied to achieve

optimization of feature fusion model.

2.3.2 Temporal coefficient matrix construction and Kalman fusion updating

Although enormous fusion tracking strategies have been developed, they are sensitive to the temporal

changes of the original features. In opposite, some significant information is often established gradually

frame by frame, which calls for a necessity for temporal information extraction. To solve this problem, a

temporal optimization learning form is required.

Dynamic fusion model. The proposed fusion model in (4) can be written as vF = CT-SvJ =

CTCSvJ . After defining the spatial feature vector vS = CSvJ , the above fusion form is rewritten as

vF = CTvS . (7)

The temporal coefficient matrix CT is designed to bring temporal information into the fusion model and

formulates a self-learning and updating fusion process. The time-varying process of estimating an optimal

parameterCT is essential for the fusion model. Here, we use a nonlinear finite dimensional dynamic model

to represent the dynamic system of the estimation and updating of fusion parameters [39–41]:

CT (t+ 1) = CT (t) +W (t), vF (t) = h[CT (t)] + V (t), (8)

where h[CT (t)] = CT (t)vS(t), and W (t) ∈ R
m×2m and V (t) ∈ R

m×k are noise processes [42]. A recursive

optimal estimator is required to solve the parameter estimation problem in (8).

Extended Kalman filter. For linear dynamic system, Kalman filter is known as a method for op-

timization and estimation. The optimal estimation of the parameter’s current value can be obtained

from only the previous estimation and the latest measurement value. If the process to be estimated and

(or) the measurement relationship with the process is nonlinear, the EKF is proposed to deal with these

conditions [43]. The prediction form of EKF is x(t+1) = f [x(t)]+w(t) and z(t) = h[x(t)]+v(t), where

x(t) and z(t) are the estimation and measurement states, respectively. f(·) and h(·) are nonlinear vector
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functions of the state. The system noise w(t) and the measurement noise v(t) are mutually independent

zero-mean Gaussian noise sequence distributions with covariance Q and R, respectively [42]. The EKF

has been used extensively in estimation problems for dynamic systems by finding an optimal x given z.

Kalman updating for fusion. Extended Kalman-based algorithms have been applied to coefficient

estimation and optimization in fields of neural networks, vehicle control system, and energy efficiency [42,

43]. Inspired by the success of the EKF for nonlinear dynamic system, we use it to solve the estimation and

optimization problems of fusion coefficients. Due to the optimization function of Kalman, the coefficient

estimation is more optimal frame by frame, which makes the proposed fusion model robust to the dynamic

scene. The experimental results also show that this model is suitable for multi-feature fusion.

Therefore, to apply the extended Kalman’s prediction framework to the fusion model, we let the

elements of the temporal coefficient matrix CT constitute the state, and the fusion output vF constitute

the measurement of the nonlinear system. Then, CT and vF are vectorised to represent the state and

measurement of the system as

x = C̃T , z = ṽF , (9)

where ṽF = [v
(1)
F , . . . ,v

(m)
F ]T, C̃T = [C

(1)
T , . . . ,C

(m)
T ]T, and v

(i)
F and C

(i)
T , i = 1, . . . ,m are the ith row

vectors in vF and CT , respectively. So, we rewrite (8) as

{
Prediction : C̃T (t+ 1) = f [C̃T (t)] +w(t),

Measurement : ṽF (t) = h[C̃T (t)] + v(t),
(10)

where f(·) is an identity mapping and h(·) is the fusion’s nonlinear mapping between its parameters

and its output. w(t) and v(t) are the vectorization of W (t) and V (t). Now we can apply the Kalman

prediction stage as

C̃T (t) = C̃T (t− 1), P (t) = P (t− 1) +Q, (11)

and the Kalman updating step is represented as

C̃T (t) = C̃T (t− 1) +Kg(t) · {ṽF (t)− h[C̃T (t− 1)]},

Kg(t) = P (t) ·H(t) · [HT(t) ·P (t) ·H(t) +R]−1,

P (t+ 1) = [I −Kg(t) ·HT(t)] · P (t),

(12)

where Kg is known as the Kalman gain and P is the covariance matrix of the state estimation error. The

measurement matrix H(t) = diag{vS(t), . . . ,vS(t)︸ ︷︷ ︸
m

} has been proved in Appendix A. In this paper, we set

the initial value of estimation state as CT (0) = [Im, Im], where Im denotes the m×m identity matrix.

Based on this EKF model, the proposed fusion model can be efficiently estimated and updated at

each frame. The main steps of the proposed fusion model and Kalman fusion updating are described in

Algorithm 2. At the tth frame, compressive feature vectors vvis and vir are first fused into the fusion

feature vector vF with the current spatial and temporal coefficient matrices CS and CT . Then, this

fusion model is updated using EKF to optimize the fusion temporal coefficient CT .

3 Experiments

3.1 Parameter setting

In this section, we test the proposed algorithm on several challenging registered visible and infrared

sequences using Visual Studio 2010 and OpenCV library which runs 32 frames per second (FPS) on

average on an Intel i5 Dual-Core 1.70 GHz CPU with 4 GB RAM.

Then, we make a discussion on different parameters and decisions on their values in the experiments.

Given the sparse projection matrix R ∈ R
m×n, there are two bound rules for m. The first theoretical

bound is supposed to obey the Johnson-Lindenstrauss lemma m > ( 4+2ϕ
ε2/2−ε3/3 ) ln(k) [33], where 0 < ε < 1

and ϕ > 0. It has been proved [44] that good results can be realized by a much lower value than the
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Algorithm 2 The proposed fusion model and Kalman updating

Fusion (Frame t):

Input: The compressive feature vectors vvis and vir, and the temporal coefficient matrix CT

1. Combine vvis and vir by the joint feature vector vJ = [vT
vis, v

T
ir ]

T.

2. Compute the feature likelihood vector po = [p
(1)
o , p

(2)
o , . . . , p

(m)
o ]T by (5) and obtain the spatial coefficient matrix CS

by (6).

3. Compute the fusion feature vector vF = CT ·CS · vJ .

Output: The fusion feature vector vF

Kalman updating (Frame t):

Input: vF (t), CS(t), vJ (t), and CT (t)

Prediction step : C̃T (t) = C̃T (t − 1),

P (t) = P (t − 1) +Q,

Updating step : C̃T (t) = C̃T (t− 1) +Kg(t) · {ṽF (t) − h[C̃T (t − 1)]},

Kg(t) = P (t) ·H(t) · [HT(t) · P (t) ·H(t) +R]−1,

P (t + 1) = [I −Kg(t) ·HT(t)] · P (t),

Output: CT (t + 1)

required bound. We have experimentally found that m = 20 is sufficient to achieve good performance

according to this bound. The second bound has the restricted isometry property in compressive sens-

ing [45] m > κϕ log(n/ϕ ), where κ and ϕ are constants. However, this bound is even tighter than the

first one and is expected as m > 50 for n = 106, κ = 1, and ϕ = 10 [9]. Therefore, in our experiments,

we set m = 20, which suffices to achieve good performance based on the proposed fusion model. The

controlling parameter λ0 is set to be 1.8, and the sample parameter is set as α = 4, β = 30, ς = 8, γ = 20

according to [9]. We set the initial values of the prediction weight w
(i)
o , i = 1, . . . ,m, o ∈ {vis, ir} to be

0.5, meaning that the importance of visible and infrared sensors is equal in the tracking beginning, which

keeps a large space for them to compete with each other. Other parameters are set according to [9].

3.2 Experimental results

The performance of the proposed tracking algorithm is compared with single sensor trackers CT [9], MIL

(multiple instance learning) [5], ODFS (online discriminative feature selection) [6], fusion trackers FRD

(fuzzified region dynamic) [21], Cs methods, and the temporal learning tracker STC (spatio-temporal

context) [25]. The Cs method is designed to observe the performance of the proposed tracker without

using the temporal coefficient matrix CT . Figures 2–7 show some of the tracking results in six sets of

videos. The first four come from the OTCBVS (object tracking and classification beyond the visible spec-

trum) database which is available at http://imagefusion.org/. The fifth is downloaded from AIC (adap-

tive information cluster) dataset which is available at http://www.eeng.dcu.ie/ oconaire/dataset/. The

sixth is from the Scanpath data which is available at http://www.cis.rit.edu/pelz/scanpaths/data/bristol-

eden.htm.

To quantitatively evaluate the tracking results of the proposed algorithm, we make comparisons of

position error (pixel) [46] and overlapping rate (%) [6]. The position error is computed as error =√
(xG − xT )2 + (yG − yT )2, where (xG, yG) and (xT , yT ) are the ground truth and tracking bounding

box center. The tracking overlapping rate is defined as

overlapping =
area(ROIG ∩ ROIT )

area(ROIG ∪ ROIT )
, (13)

where ROIG and ROIT are the ground truth which is manually located and tracking bounding box,

respectively, and area(·) is rectangle area function. A smaller position error and a bigger overlapping rate

indicate higher accuracy and robustness.

Background similarity and change. To demonstrate the efficiency of the proposed algorithm, Video 1

(totally 119 frames) with background similarity and change is displayed. In this sequence, the human

target walks through a cross-background (color change of the earth), and a man who has almost similar

shape to the target is approaching. Due to the limitation of space, only three frames are displayed. As

we can see from Frame #62 in Figure 2(a), the CT and MIL trackers fail and track a wrong object, and
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Frame# Frame#
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Figure 2 Tracking results of Video 1. (a) Tracking results in Frame #48, #62, #81 of visible and infrared sequences;

(b) comparison of the tracking error; (c) comparison of the overlapping rate.
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Figure 3 Tracking results of Video 2. (a) Tracking results in Frame #81, #106, #149 of visible and infrared sequences;

(b) comparison of the tracking error; (c) comparison of the overlapping rate.
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Figure 4 Tracking results of Video 3. (a) Tracking results in Frame #82, #100, #166 of visible and infrared sequences;

(b) comparison of the tracking error; (c) comparison of the overlapping rate.
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Figure 5 Tracking results of Video 4. (a) Tracking results in Frame #76, #97, #203 of visible and infrared sequences;

(b) comparison of the tracking error; (c) comparison of the overlapping rate.
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Figure 6 Tracking results of Video 5. (a) Tracking results in Frame #74, 108, 137 of visible and infrared sequences;

(b) comparison of the tracking error; (c) comparison of the overlapping rate.
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Figure 7 Tracking results of Video 6. (a) Tracking results in Frame #18, 120, 230 of visible and infrared sequences;

(b) comparison of the tracking error; (c) comparison of the overlapping rate.
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the ODFS and STC trackers lose the target. This is because change of the earth color affects much on

single visible tracking (CT, MIL, ODFS, and STC). Besides, the multi-sensor fusion tracker FRD and

Cs also fail since the fusion model is not learned well to solve these difficulties. However, the proposed

algorithm is able to track accurately. The position error and overlapping rate comparison of the seven

algorithms are presented in Figure 2 (b) and (c). As we can see from them, the proposed algorithm has

the smallest position error and biggest overlapping rate for most of the frames. In contrast, position

errors and overlapping rates of the other six algorithms are growing bigger and smaller frame by frame,

respectively.

Complex background and illumination change. The target in Video 2 (totally 150 frames) un-

dergoes complex background and illumination change, and even the naked eye cannot recognize clearly.

In this sequence, the small target is walking into a shadow area, and the background is disturbed by

similar shape objects. In Figure 3(b), position errors of the CT, MIL, ODFS, FRD, and Cs trackers keep

big most of time because their appearance models are not learned well for this complex circumstance.

Their overlapping rates are almost zero in Figure 3(c) because they lose the target nearly from beginning

for the same reason. The STC tracker begins to fail when the target is approaching another person at

around Frame #106. Only the proposed tracker can handle these problems because its feature vector is

learned well from our compressive time-space fusion tracking method.

Partial occlusion. Video 3 (totally 203 frames) gives an example of complex background and partial

occlusion in which the human target is occluded by a lamppost. Figure 4(a) indicates that only the

MIL and the proposed tracker perform well on this sequence. However, MIL mistakes the lamppost for

the target when the occlusion happens (around Frame #100). This failure is marked by an arrow in

Figure 4(b). The reason is that MIL only has visible feature which may be affected when occlusion object

has similar visible features with the target. Compared with the other six algorithms, the proposed tracker

achieves the best performance. For the convenience of presentation, the FRD tracking curve is not shown

entirely in Figure 4(b). Figure 4(c) shows that CT, FRD, STC, and Cs score small in overlapping rates

since the occlusion occurs at around Frame #100.

The target in Video 4 (totally 241 frames) is also heavily occluded and encounters similar background

disturbance. The CT, FRD, and Cs trackers mistake other things for the target for almost the whole

tracking process. This is also reflected in overlapping rates which are almost zero in Figure 5(c). MIL,

ODFS, and STC do wrong to track the lamppost or another nearby person. Only the proposed algorithm

does well on tracking accuracy frame by frame.

Full occlusion and background clutters. In Video 5 (totally 145 frames), tracking is made more

challenging due to full occlusion and similar background. At the tracking beginning, all the seven algo-

rithms can almost track the target successfully. However, when the man walks behind the dense woods

in Frame #108, CT, MIL, ODFS, FRD, STC, and Cs fail to track the target. Figure 6 (a)–(c) can all

indicate this tracking failure when occlusion occurs. The proposed algorithm is able to overcome the

abrupt appearance change and performs well on this video.

Night tracking. Video 6 (totally 279 frames) presents night tracking. As a result, naked eye can

barely see the target in visible sequences. Except the MIL and the proposed algorithm, the other five

trackers have lost the target at Frame #230. As we can see from Figure 7 (b) and (c), the position errors

and overlapping rates of MIL and the proposed algorithm track the target successfully frame by frame.

However, the proposed algorithm performs better for most of the frames.

Tables 3 and 4 are presented here for the performance demonstrations on the average position error

(pixel) and success rate (%) of the six test videos, where bold fonts indicate the best performances. If

overlapping in (13) is bigger than 0.5 in one frame, then the result is considered as a success. Success

rate is defined to count the rate of success numbers in the whole tracking process [6]. A smaller average

position error and a bigger success rate indicate higher accuracy and robustness. Because the target

sizes are relatively small in these test sequences, drifting away from the target slightly may cause great

reduction in the success rates. Thus, the success rates of the comparing algorithms are all not very big.

Although the success rate of MIL is bigger than the proposed tracker in Table 4, MIL is unstable with

the failure of MIL at around Frame #100, which can be seen in Figure 4. The performance of MIL on
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Table 3 Comparisons on average position error (pixel) for the test videos

Sequences Video 1 Video 2 Video 3 Video 4 Video 5 Video 6

Proposed 2 2 3 3 5 4

CT 26 54 17 84 60 49

MIL 25 79 4 18 89 6

ODFS 50 51 16 12 78 67

FRD 50 108 134 105 61 112

STC 3 7 37 10 60 66

Cs 12 18 10 34 17 42

Table 4 Comparisons on tracking success rate (%) for the test videos

Sequences Video 1 Video 2 Video 3 Video 4 Video 5 Video 6

Proposed 95 74 82 85 98 84

CT 44 1 0 0 21 8

MIL 68 1 90 1 57 83

ODFS 84 1 1 7 43 6

FRD 75 0 0 0 26 6

STC 92 41 45 78 57 15

Cs 0 0 0 11 60 13

average position error is worse than the proposed tracker in Table 3.

3.3 Computational complexity

Efficiency is one prime characteristic of the CT tracker because the sparse projection matrixR is indepen-

dent of training samples, which needs to be computed only once offline and remains fixed throughout the

tracking process. The Kalman process has a complexity of o(m3). In computing the fusion feature vector

in (4), the computational complexity is o(4m3) for multiplication of temporal and spatial coefficient ma-

trices CT and CS , and that of time-space coefficient matrix CT-S and joint feature vector vJ is o(2m2k).

The sample number k is determined during the computing process with sample extraction method ac-

cording to [9]. In this paper, by combining multi-sensor features that provide diversified information and

higher reliability, the proposed algorithm is able to perform well with a small k (whose average value is

smaller than m). The theoretically global computational complexity is o(m3), so it can be really small in

practice because the coefficient matrices are sparse. Experimentally, the proposed algorithm has a high

computational efficiency which runs 32 FPS on average.

4 Conclusion

In this paper, a flexible compressive time-space Kalman fusion tracking algorithm had been developed.

The CT method was applied to fusion tracking with visible and infrared sequences. This methodology

allowed independent features to be integrated and the fusion model to be formulated with both spatial

and temporal fusion coefficients. On one hand, a spatial coefficient matrix was constructed to exploit

visible and infrared feature importance spatially. On the other hand, in time domain, EKF was adopted

to formulate an updating method for fusion coefficients. Consequently, the fusion task was learned to

be optimal. Numerous visible and infrared sequences from the real world were tested on the proposed

and state-of-the-art algorithms, and here we just presented the representative ones. These experimental

results demonstrated that the proposed algorithm performed well in terms of accuracy, robustness, and

speed.
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Appendix A The proof of measurement matrix H

Given the measurement vector ṽF = [v
(1)
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, i = 1, . . . ,m are the ith row vectors in vF and CT , respectively, the measurement matrix H is defined according

to EKF as
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where ṽ
(ij)
F

and C̃
(ij)
T

, i = 1, . . . , m, j = 1, . . . , c are the elements of ṽF and C̃T in the ith row and the jth column. k

denotes the sample number and c = 2m.

Therefore, H = diag{vS , . . . ,vS︸ ︷︷ ︸
m

} has been proved.


