
A LSS-based Registration Of Stereo Thermal-Visible
Videos Of Multiple People Using Belief Propagation

Atousa Torabi∗,a, Guillaume-Alexandre Bilodeaua

aLITIV, Department of Computer and Software Engineering,
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Abstract

In this paper, we propose a novel stereo method for registering foreground objects

in a pair of thermal and visible videos of close-range scenes. In our stereo match-

ing, we use Local Self Similarity (LSS) as similarity metric between thermal and

visible images. In order to accurately assign disparities to depth discontinuities

and occluded Region Of Interest (ROI), we have integrated color and motion cues

as soft constraints in an energy minimization framework. The optimal disparity

map is approximated for image ROIs using a Belief Propagation (BP) algorithm.

We tested our registration method on several challenging close-range indoor video

frames of multiple people at different depths, with different clothing, and differ-

ent poses. We show that our global optimization algorithm significantly outper-

forms the existing state-of-the art method, especially for disparity assignment of

occluded people at different depth in close-range surveillance scenes and for rela-

tively large camera baseline.
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1. Introduction

In the recent years, by reduction in the price of infrared sensors, there has been

a growing interest in visual surveillance using thermal-visible imaging system for

civilian applications. The advantages of jointly using a thermal camera with a

visible camera have been discussed comprehensively in [1, 2, 3, 4]. Combin-

ing visible and infrared information allows to better handling shadow, reflection,

noise, misdetection, and missing information. The combined data enables better

detection and tracking of people. Moreover, for human activity analysis, the joint

use of thermal and visible data enables us to better detect and segment the regions

related to the object that people may carry based on their temperature differences

compared to the human body.

A fundamental issue associated to data fusion of close-range thermal-visible

imaging is accurately registering corresponding information and features of im-

ages with dramatic visual differences. For a close-range scene, matching corre-

sponding features in a pair of visible and thermal videos is much more difficult

than for a long-range scene. People might be in very different sizes due to their

distances to the camera, in different poses, and at different levels of occlusion.

They might have colorful/textured clothes that are visible in color images, but not

in thermal images. On the other hand, there might be some textures observable

in thermal images caused by the amount of emitted energy from different parts of

the human body that are not visible in a color image. Due to the high differences

between thermal and visible image characteristics, finding correspondence for en-

tire scene is very challenging. Instead registration is focused on the foreground



ROIs.

The dense two-frame stereo correspondence is the only viable approach for

registering possibly occluded objects at mutiple depths in the scene.Stereo match-

ing is a well-studied subject for unimodal imaging system. An extensive taxon-

omy of two-frame stereo correspondence algorithms is described in [5]. However,

this subject is new for multimodal visual surveillance applications. We summarize

the problems associated to multimodal dense stereo as follows:

• Dissimilar patterns.This problem is specific to multimodal dense stereo.

It is caused by the different types of image modalities. The corresponding

regions in two images might be differently textured or one textured while

the corresponding one is homogenous.

• Depth discontinuities. This difficulty is caused by segmentation results

that contain two or more merged objects at different depths in the scene. In

this case, correct disparities might be significantly different between neigh-

boring pixels located on the depth boundaries.

• Occlusions. Some pixels in one view might be occluded in the other view.

Therefore they should not be matched with pixels in the other view.

The main motivation of our proposed algorithm is the limitation of current ap-

proaches for registering occluded people ROIs. In this paper we present a global

optimization algorithm for partial image ROI registration. we formulate a mul-

timodal stereo matching in a Markov Random Fields (MRFs) framework using

color and motion information as smoothness assumptions in order to elegantly

handle depth discontinuities, occlusions, and non-informative pixels caused by



dissimilar patterns (corresponding pixels that do not contain similar visual infor-

mation). Applying global optimization to multimodal stereo problem is challeng-

ing since most similarity measures, which are used for color images, are not viable

for multimodal images. We integrate LSS as similarity measure in our global op-

timization algorithm.

The rest of the paper is organized as follows: The overview of the current mul-

timodal registration approaches that gives insight about the limitations of exisiting

methods is presented in section 2. In section 3, we describe the strengths of LSS

as a viable image feature for matching thermal and visible images. In section 4,

the overview of our registration system is presented, and, in section 5 each step

of our algorithm is described in details. Our experiment is presented in section

6 and demonstrate that our method is efficient for video surveillance applications

and outperforms the current state-of-the-art method. Finally, in section 7, we con-

clude this paper by describing the advantages and limitations of our algorithms.

2. Related Works

In the thermal-visible video surveillance research context, the majority of the

image registration approaches are related to global image registration that glob-

ally transform a reference image on the second image. Krotosky and Trivedi give

a comparative survey of multimodal registration approaches [6]. Global transfor-

mation approaches, either extract low-level image features such as edge features

[7], or temporal-spatial features such as object trajectories [8, 9] to estimate a

transformation matrix that transforms one image on another with the assumption

that all the objects in the scene approximately lie in one depth plane. A few works

in literature cover a video registration method appropriate for close-range people



monitoring. These methods have been categorized as partial image ROI registra-

tion [6].

In previous partial image registration approaches excluding ours [10, 11, 4],

MI is the only similarity measure used in local dense correspondence algorithm

for human monitoring applications [6, 12, 13]. The accuracy of MI as a similarity

metric is directly affected by the MI window sizes. For unsupervised human mon-

itoring applications, obtaining appropriate MI window sizes for the registration of

multimodal pairs of images containing multiple people with various sizes, poses,

distances to cameras, and different levels of occlusion is quite challenging. In the

video surveillance context, Chen et al. proposed a MI-based registration method

for pairs of thermal and visible images that matches windows on foreground re-

gions in the two images with the assumption that each window contains one single

depth plane [12]. In their method, the problem of depth discontinuity inside an

ROI was not addressed. Later, Krotosky and Trivedi proposed a MI-based dis-

parity voting (DV) matching approach [6]. Their method, for each ROI column,

computes the number of votes related to each disparity and assigns a disparity

with maximum votes. Their method theoretically considers depth discontinuities

that may occur between neighboring columns, but it ignores vertical depth discon-

tinuity where the pixels on a column belong to multiple depths. For example, two

people with different heights, where the shorter person is in front of the taller one.

To the best of our knowledge, in our context of visual surveillance, all the existing

methods for multimodal stereo matching are local correspondence approach.

Recent global stereo algorithms have achieved impressive results by model-

ing disparity image as Markov Random Field (MRF) and determining disparities

simultaneously by applying energy minimization method such as belief propaga-



tion [14, 15, 16], and graph cuts (GC) [17, 18]. Tappen and Freeman have shown

that GC and BP produce comparable results using identical MRF parameters [19].

Sun et al. proposed a probabilistic framework to integrate into BP model, addi-

tional information (e.g., segmentation) as soft constraints [14]. Moreover, they

have shown that the powerful message passing technique of BP deals elegantly

with textureless regions and depth discontinuity problems. Later, Felzenszwalb

and Huttenlocher proposed an efficient BP algorithm that dramatically reduced

the computational time [15]. Their method is interesting for time sensitive appli-

cations like video surveillance. More recently, different extension of this efficient

BP was proposed in several works [20, 21].

In our previous work, we have shown that local Self-Similarity (LSS), as a

similarity measure, is viable for thermal-visible image matching and outperforms

various local image descriptors and similarity measures including MI, especially

for matching corresponding regions that are differently textured (high differences)

in thermal and visible images [11]. Also we presented an extensive study of MI

and LSS as similarity measure for human ROI registration in [4]. In [10, 4],

we proposed a LSS-based local stereo correspondence using disparity voting ap-

proach for close-range multimodal video surveillance applications. In this work,

we adopt LSS as similarity measure in an energy minimization stereo model using

the efficient BP model [15].

3. MI And LSS For Multimodal Image Registration

Mutual information (MI) is the classic dense similarity measure for multi-

modal stereo registration. The MI between two image windows L and R is defined



as

MI(L,R) = ∑
l

∑
r

P(l,r)log
P(l,r)

P(l)P(r)
, (1)

where P(l,r), is the joint probability mass function and P(l) and P(r) are the

marginal probability mass functions. P(l,r) is a two-dimensional histogram g(l,r)

normalized by the total sum of the histogram. g(l,r) is computed as for each point,

the quantized intensity levels l and r from the left and right matching windows (L

and R) increment g(l,r) by one. The marginal probabilities P(l) and P(r) are

obtained by summing P(l,r) over the grayscale or thermal intensities.

Local self-similarity (LSS) is a descriptor that capture locally internal geo-

metric layout of self-similarities (i.e., edges) within an image region (i.e., human

body ROI) while accounting for small local affine deformation. Initially, this de-

scriptor has been proposed by Sechtman and Irani [22]. LSS describes statistical

co-occurrence of small image patch (e.g. 5×5 pixels) in a larger surrounding im-

age region (e.g. 40×40 pixels). First, a correlation surface is computed by a sum

of the square differences (SSD) between a small patch centered at pixel p and all

possible patches in a larger surrounding image region. SSD is normalized by the

maximum value of the small image patch intensity variance and noise (a constant

that corresponds to acceptable photometric variations in color or illumination). It

is defined as

Sp(x,y) = exp(−
SSDp(x,y)

max(varnoise,varpatch)
). (2)

Then, the correlation surface is transformed into a log-polar representation parti-

tioned into e.g. 80 bins (20 angles and 4 radial intervals). The LSS descriptor is

defined by selecting the maximal value of each bin that results in a descriptor with

80 entries. A LSS descriptor is firstly computed for a ROI within an image then

it can be compared with other LSS descriptors in a second image using a measure



such as L1 distance. LSS has two interesting characteristics for our application:

1) LSS is computed separately as a set of descriptors in one individual image and

then it is compared between pair of images. In contrast, MI is computed directly

between the two images. This characteristic makes LSS viable to be used in a

global correspondence approach. 2) The measurement unit for LSS is a small

image patch that contains more meaningful patterns compared to a pixel as used

for MI computation. This property makes LSS describing layout accurately with-

out being too sensitive to detailed texture variances. For multimodal human ROI

matching, where human body have similar layouts in both modalities but they are

not identical in textural appearance, LSS is a powerful feature.

In our application, before matching the LSS descriptors between pair of ther-

mal and visible images, we discard the non-informative ones using a simple method.

Non-informative descriptors are the ones that do not contain any self-similarities

(e. g. the center of a small image patch is salient) and the ones that contain high

self-similarities (a homogenous region with a uniform texture/color). A descriptor

is salient if all its bin’s values are smaller than a threshold. The homogeneity is

detected using the sparseness measure of [23]. Discarding non-informative de-

scriptors is like an implicit segmentation or edge detection, which increases the

discriminative power of the LSS measure and avoids ambiguous matching. It is

important to note that the remaining informative descriptors still form a denser

collection compared to sparse interest points. Figure 1 shows pixels having in-

formative descriptors (white pixels) for a pair of thermal and visible images. The

regions belonging to the human body boundaries and some image patterns are the

informative regions.



(a) (b)

Figure 1: Informative LSS descriptors. (a) Visible image and informative LSS descriptors (b)

Thermal image and informative LSS descriptors.

4. Overview Of Our Approach

Our registration algorithm is designed for video surveillance systems where

the input data is a pair of synchronized thermal and visible videos. In our algo-

rithmic design, it is feasible to add a new module for higher level processing, such

as tracking. However, in this work, we only focus on the registration algorithm.

The overall algorithm consists of several steps as shown in figure 2. At each time

step t, the input data of our system is a rectified pair of thermal and visible frames

at t and rectified visible frame at t −1. For the visible spectrum, two consecutive

frames are needed to compute the optical flow in a later step of our algorithm.

Due to the high differences in imaging characteristics of thermal and visible sen-

sors, our registration is focused on the pixels that correspond to ROIs. As the

first step of our algorithm, we extract image ROIs on pair of thermal and visible

images using a background subtraction method [24]. Each image ROI is defined

by its bounding box. The registration is applied on the pixels inside the box. In

the thermal spectrum, a bounding box is surrounding a foreground region at time

t. In the visible image, a bounding box is surrounding overlapping foreground



Figure 2: Block diagram of thermal-visible dense stereo matching algorithms augmented with

input images, intermediate and disparity image results.



regions at time t − 1 and t. In this way, for efficiency, the optical flow computa-

tions (later step) are performed only inside the visible image bounding box. The

next step is extracting LSS descriptors for foreground pixels inside the bounding

boxes at frame t. In figure 2, the image results of this step show pixels with in-

formative LSS in white and non-informative ones in black (informative pixels are

determined using the method described in section 3).

The main body of our registration algorithm begins after LSS feature extrac-

tion. Registration is done by matching visible ROIs on thermal ROIs. The reason

for matching visible ROIs on thermal ROIs is that for color image, both color

and motion cues are available to be used as complementary image cues in our

registration model. However, for thermal image, the color cue is not defined. In

our matching strategy, each bounding box on visible image is viewed as a smaller

image. Registration is done separately for each bounding box. Disparities are

assigned to all pixels inside a box using a global optimization that minimizes an

energy function which is described in details in the following sections. Our en-

ergy function consists of a data term and a smoothness term as shown in the dotted

block in figure 2. The data term is computed based on self-similarities matching

between pixels that contain informative LSS descriptors. The smoothness term

is computed using motion and color cues of pixels inside a bounding box in the

visible image. To extract the motion cues, we compute the optical flow using a

state-of-the-art method [25]. Then, we use mean-shift segmentation to cluster the

motion vector fields extracted in the previous step [26]. To extract the color cues,

we apply the same mean-shift segmentation on pixel intensities to compute the

color segmentation. Figure 2 shows results of optical flow, motion segmentation,

and color segmentation. Finally, the disparities are assigned to pixels inside the



bounding box using an efficient belief propagation method [15].

5. Detailed Description

We assume that a bounding box may contain one or more human body ROIs

and background. In this section, we give a detailed description of our proposed

multimodal dense stereo correspondence algorithm.

5.1. Thermal-Visible Stereo Model

We formulate the registration as a multi-labeling problem (we use the notation

from [15]). We assume that P is the set of all pixels inside the image bounding

box and that L is a set of labels, which are disparity quantities in our problem. A

labeling f assigns a label fp ∈ L to each pixel p ∈ P. We model our stereo match-

ing using a Markov Random Field (MRF) framework and estimate the quality of

labeling using an energy function defined as,

E( f ) = ∑
p∈P

Dp( fp)+ ∑
(p,q)∈N

V ( fp, fq). (3)

where N are edges in the image graph and p represents a pixel. In our image

graph, we use a four-connected neighborhood system. In this energy function, the

first term is referred as the data term, which is the cost of assigning label fp to

pixel p. The second term is the smoothness term, which represents the cost of

assigning labels fp and fq to two neighboring pixels.

5.2. Data Term

The data term only encodes the similarity distance of informative LSS de-

scriptors on matching thermal and visible pixels for a preset disparity range. The



similarity distance is basically the L1 distance between two informative LSS de-

scriptors on a pair of thermal and visible images.

Dp( fp) =

 L1(pl, pr) if pl, pr ∈ informative

1 otherwise
, (4)

where pl is the LSS descriptor of pixel p inside bounding box on the visible image

and pr is the LSS descriptor of possible matching pixel of p on the corresponding

line of thermal image by disparity fp. In our dataterm, if two matching pixels are

containing informative LSS descriptors (more details section 3); we compute a

normalized L1 distance as data term. Otherwise we, simply assign the maximum

possible value for data term since matching is not defined if one of the pixels

either on thermal or visible does not contain an informative descriptors. Then, we

map the data term to values between [0−255] as pixel intensity interval values.

5.3. Smoothness Term

In our stereo model for pair of thermal-visible videos, the smoothness term has

a crucial role for passing the influence of messages from pixels with informative

LSS far away to non-informative ones, while the influence in the depth discontin-

uous regions should fall off quickly. For this reason, we incorporated visual cues

including motion and color segmentation in the stereo model as soft constraint to

accurately determine disparities. The main advantage of this approach rather than

a segment-based stereo algorithm such as [21], which assumes that depth discon-

tinuity occurs on the boundary of segmented regions as a hard constraint, is that

messages are still passed between segmented region; therefore it is more robust to

incorrect segmentation results. In the following, we describe how we incorporate

motion and color in our smoothness term.



Figure 3: (a) Image window (b) Foreground (c) Optical flow (d) Motion segments.

5.3.1. Motion

Since our data are videos of moving people at different depths in the scene,

we incorporated the motion information in our smoothness term. Motion segmen-

tation is a visual cue that provides a reasonable estimate of existing depth planes

in the scene. We assume that each human ROI includes one or more motion

segments, but each motion segment belongs to one and only one human ROI. In

order to imply this assumption, we apply some level of over-segmentation. Thus,

as a soft constraint, we consider that disparity discontinuities take place at some

motion segment boundaries. However, not all the motion segment boundaries

represent depth discontinuities.

We apply a simple two-frame motion segmentation using two consecutive

color image frames t − 1 and t. Firstly, we compute the motion vector field for

all pixels (including foreground and background) inside the window of an ROI

using an optical flow method based on block-matching [25]. Second, we apply

the mean-shift segmentation method proposed in [26] (on foreground pixels) for

segmenting the motion vector field computed in the previous step, and for assign-

ing a mean velocity vector to each segment. We apply motion segmentation only

on foreground regions inside the image window at frame t in order to extract also

a segment associated to temporary stationary person for which its mean velocity



vector is zero. Mean-shift segmentation is applied on (2+2) feature point dimen-

sions, where two dimensions are related to spatial dimensions and the two others

are related to the two motion vector components in x and y directions. Figure 3

shows the motion segmentation result of three merged people in one ROI where

two people are moving and the other one is temporary stationary. In order to visu-

alize the motion segments, motion vectors are mapped to HSV color space. Our

motion segmentation results in a set of regions SM = {sm1, ...,smm} inside the

image window.

There are three difficulties associated with motion segmentation. First, an im-

age ROI belonging to objects closer to the camera might be too over-segmented

and fragmented into several motion segments. Second, imperfect foreground seg-

mentation causes some pixels inside an ROI not being assigned to any motion

segments. Figure 4(a) and (b) show an example of over segmentation; (c) and

(d) an example of imperfect background subtraction. Third, the occluded pix-

els at frame (t-1), which are visible at frame t, have no defined motion vectors.

This last difficulty causes inaccurate motion segment boundaries that do not cor-

respond to actual depth discontinuities in the image. Figure 5 shows an example

of motion segmentation where the motion segment boundaries are inaccurate due

to the existing occluded pixels. Applying motion segmentation on foreground re-

gions eliminates those occluded pixels which are part of background. However,

those which are inside an ROI containing two people like in our example, cause

inaccurate motion segment boundaries. In order to avoid inaccurate disparity as-

signment caused by imperfect motion segmentation, we apply color segmentation

as a complementary visual cue.



Figure 4: (a) Foregorund visible,(b) motion segmentation, example of oversegmentation,

(c)Foreground visible, (d) Motion segmentation, example of misdetected regions

Figure 5: (a) Foreground visible (b) Optical flow (c) Motion segmentation (d) Occluded pixels

(white pixels).

5.3.2. Color

We integrate the color visual cue as complementary information in our smooth-

ness term to handle the three difficulties caused by motion segmentation. In fact

color segmentation helps to more easily pass the influence of messages to neigh-

boring pixels associated to previously aforementioned motion segmentation prob-

lems, while they are in a same color segment. We perform the color segmentation

on all the pixels inside an image window to ensure that the pixels which were dis-

carded from motion segments due to erroneous foreground regions are assigned

to a color segment.

Color segmentation is done using the same mean-shift segmentation that we

applied for motion segmentation [26]. In figure 2, the color segmentation block

shows an example of our segmentation. We use an over segmentation to avoid



merging color regions belonging to more than one people.

5.3.3. Integrating Multiple Cues

The smoothness term encodes the prior information of the blob including mo-

tion segmentation and color segmentation as follows,

V ( fp, fq) =


α | fp − fq| if p,q ∈ MS ∧ p,q /∈ O

β | fp − fq| elseif p,q ∈CS

| fp − fq| otherwise

. (5)

In our smoothness term, if two neighbor pixels p and q belong to same motion seg-

ment (MS) and they are not occluded pixels (O), the discontinuity cost is weighted

by a constant α and increases with the distance between the two assigned dispari-

ties fp and fq. As a complementary cue, for the neighboring pixels which did not

satisfied the previous condition, but that are in the same color segment, the dis-

continuity cost is defined in the same way, however weighted by another constant

β . Finally, for the pixels which did not satisfy any of two previous conditions,

the discontinuity cost is defined by the distance between the two assigned dispar-

ities. We define the constant value of β slightly higher than α to make the cost of

assigning two different disparities to neighboring pixels inside one color segment

slightly higher. The reason is that the confidence of color segment using over seg-

mentation is higher than motion. In other words, pixels inside one color segment

are more likely to belong to one and only one person in the scene than the motion

segment.

5.4. Disparity Assignment

In our algorithm, an optimal labelling with minimum energy is approximated

using the efficient loopy belief propagation proposed by Fezenswalb and Hut-



tenlocher [15]. Their method substantially reduce the complexity time of belief

propagation approach from O(nk2T ) to O(nkT ), where n is the number of pixels

(nodes), k is number of possible disparities (labels), and T is the number of itera-

tion. For stereo problem modeled in term of posteriori probabilities, BP algorithm

is used for performing inference on MRFs by applying the max-product algorithm

[14]. The equivalent computation used in [15] is negative-log probabilities, where

the max-product becomes min-sum and the energy function definition (equation

3) can be used directly.

BP is based on a powerful iterative message passing on an image grid where

each pixel represents a node and edges are connecting neighboring pixel using

four-connection (up, down, right, and left). Messages are passed through the

edges asymmetrically and adaptively to deal with textureless regions and depth

discontinuities elegantly. A message between two nodes p and q at iteration i is

defined as

mi
pq( fq) = Min fp

(
V ( fp, fq)+Dp( fp)+ ∑

r∈N(p)−q
mi−1

rp ( fp)

)
, (6)

where N(p)−q are the neighbors of node p other than q. And mi−1
rp is the message

send to pixel p from neighbor r (excluding q) in previous iteration i− 1. After

N iteration when the energy is minimized, in other words, when the disparity

assignment has converged to optimal solution, a belief vector is computed for

each node as,

bp( fp) = Dp( fp)+ ∑
q∈N(p)

mN
qp( fp). (7)

Finally, the disparity (label) which individually is assigned to each pixel p is the

label with minimum value in final belief vector. In our implementation of efficient



(a) (b) (c)

Figure 6: (a) Camera setup. The halogen lights behind the cameras are used for calibration, (b)

visible calibration image and (c) thermal calibration image.

BP [15], we used two of their techniques to speed up the processing time. First,

by using their message updating that reduces the computational complexity from

O(k2) to linear time O(k). Second, by using their alternating message updating

techniques for bipartite graph (like an image grid), which reduces the number of

update message in each iteration to half. More details can be found in [15].

6. Experiments

6.1. Experimental setup

We tested our method using visible-thermal synchronized videos of a 5m×5m

room at a fixed temperature of 24 ◦C. The videos were recorded by stationary

thermal and visible cameras with baselines of 10cm and 13cm. The videos include

up to five people moving throughout the scene. People have colorful, thick, or

light clothes, which appear differently textured in thermal and visible images.

Moreover, they may also carry objects, such as a bag that is only visible in one

image modality. Figure 6 shows our camera setup and examples of calibration

images in visible and thermal.

In order to simplify the matching to a 1D search, the thermal and visible cam-



Figure 7: Detailed registration a person carrying a hot pot. (a) Foreground thermal image (green

image), (b) Foreground visible image (red image), and (c) Registration of visible image on thermal

image (overlayed red image on green image).

eras were calibrated using the standard method described in [27] and implemented

in the camera calibration toolbox of MATLAB [28]. Since in the thermal images,

the calibration checkboard pattern is not visible at room temperature, we illumi-

nated the scene using high intensity halogen bulbs placed behind the two cameras.

In this way, the dark squares of the checkboard absorb more energy and appear

visually brighter than the while squares in the thermal images.

Figures 7 and 8 illustrate two examples of successful registration of visible im-

age on thermal foreground images using our algorithm. Column (a) represents the

foreground thermal image (green image), column (b) is foreground visible image

(red image), and finally column (c) displays the registered images (i.e. correctly

aligned and mis-aligned regions). Also, these two figures illustrate the benefit of

combining thermal and visible information. People are at different depth levels

and with different clothing (such as wearing scarf or jacket). Background subtrac-

tion is imperfect and includes false positive (shadows) and false negative (partial

misdetections) errors. In figure 7, a person carries a hot pot that is clearly distin-

guishable in thermal image, but not as easy to detect in the visible image. In figure



Figure 8: Detailed registration of a person carrying a bag. (a) Foreground thermal image (green

image), (b) Foreground visible image (red image), and (c) Registration of visible image on thermal

image (overlayed red image on green image).

8, a person is carrying a bag at room temperature, and hence is not detected in the

thermal image. Our global optimization approach has successfully estimated cor-

rect disparity for the bag region since it is connected to the person region in the

image.

In order to assess our registration for video surveillance applications, we com-

pared our proposed Local Self Similarity based Belief Propagation algorithm

(LSS+BP) with the state-of-the-art Mutual Information based Disparity Voting

algorithm (MI +DV ) in [6] and with our previous work, Local Self Similarity

based registration using DV matching (LSS+DV ) in [10, 4]. We focus on two

main aspects that demonstrate the efficiency of our method compared to previ-

ous works: 1) depth discontinuity handling of occluding/occluded people, and 2)

the effect of different disparity ranges, whether small or large, on the registration

performance. In the following sections, we present our comparative evaluation

regarding these two aspects.



(a) (b)

(c)

Figure 9: Three examples of our tested video frames.

6.2. Evaluation Of Disparity And Registration Accuracy In Occlusions

In order to demonstrate the disparity accuracy improvement of our matching

approach compared to state-of-the-art DV matching approaches [6, 10, 4] for oc-

clusion handling, we quantitatively compared the disparity results of our proposed

BP and of DV . In order to perform a fair comparison, we use LSS as similarity

measure in the two approaches. We generated ground-truth disparities for visible

image by manually aligning visible foreground ROIs on corresponding thermal

image.

Figure 9 shows three example frames of our tested video. Unlike previous

work [6], our tested videos are realistic videos containing people in different poses

(e.g. sitting, bending, and walking) rather than only walking people. Accordingly,

figure 10 illustrates the comparison of disparity map for visible foreground pixels

computed by LSS+BP and LSS+DV for three examples displayed in figure 9.

In figure 10, for better visualization, the disparity levels in disparity maps are



(a) (b) (c)

Figure 10: Comparison of the disparity accuracy of LSS+DV and LSS+BP methods. Respec-

tively columns(a), (b), and (c) are ground-truth (first row), LSS+DV disparity map (second row),

LSS+BP disparity map (thrid row), and sum disparity error (forth row) for visible foreground

pixels of examples in figure 9.



mapped to colors. Figure 9 column (a) illustrates an example where two people at

two different depths in the scene appear in a single region. The columns (b) and

(c) show the examples where multiple people are occluded. Figure 10, second

row, shows LSS+DV method fails to assign correct different disparities to the

columns containing pixels related to more than one disparity level in occluded

regions. In order to register people merged in a single region, DV method makes

no assumptions about the assignment of pixels to individual person and assigns a

single disparity to each column inside a ROI, based on a voting approach. If pixels

on a column of image belong to different objects at different depths in the scene,

the vote only goes for one of them based on WTA approach. However, LSS+BP

(third row) succeeds in assigning different disparities to the human ROIs using

a global optimization. In LSS + BP, color and motion cues, integrated as soft

constraints in an energy function, gives a reasonable estimate of moving regions

belonging to people in the scene.

Accordingly, figure 10 last row displays the sum of disparity errors of the

columns corresponding to visible foreground pixels of the three examples. In gen-

eral, disparity error is higher for LSS+DV method compared to LSS+BP method.

However, in a few number of columns of plots (a) and (b), LSS+BP has a slightly

higher sum of disparity error. As it is shown in figure 10 (b) and (c), the sum dis-

parity error is computed for the upper part of the image starting from row 100 in

order to discard the disparity error caused by falsely detected regions belonging to

shadows on the ground. Note that eliminating the lower part of image belonging

to people’s legs and the ground helps to better visualize the comparison between

the disparity accuracy of two methods for occlusion handling.

Figure 11 illustrates detailed registration of three video frames of people at



Figure 11: Comparison of LSS+DV and LSS+BP methods registration accuracy (large disparity

range of [5−50] pixels):(a) LSS+BP detailed registration, (c) LSS+DV detailed registration.

different levels of occlusion using LSS+BP and LSS+DV methods for a relatively

large disparity range between [5−50] pixels. In these examples, LSS+DV fails to

accurately register pixels related to depth discontinuity regions. In the following,

we discuss the effect of a wide disparity range for WTA local matching approach

such as DV compared to our proposed algorithm.

6.3. Evaluation Of Registration Accuracy Using Different Disparity Ranges

In this part of our experiments, we compared the registration results of MI +

DV [6], LSS+DV [10, 4], and our proposed LSS+BP for two videos using dis-

parity ranges of [2−20] pixels and [5−50] pixels where in both videos, up to five

people are walking throughout the scene. In order to perform a fair comparison,

both videos are recorded in the same room with similar environmental factors but

for one video, the camera baseline is 10cm and for the other one it is 13cm. In
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Figure 12: Overlapping error using disparity range [2− 20]: (a) LSS+BP vs. MI+DV and (b)

LSS+BP vs. LSS+DV.

order to perform a quantitative evaluation of the registration performance of the

algorithms, we defined an overlapping error that gives an estimate of the registra-

tion errors. The overlapping error is defined as,

E = 1− Nv∩t

Nt
, (8)

where Nv∩t is the number of overlapped thermal and visible foreground pixels and

Nt is the number of visible foreground pixels. The best performance with zero

overlapping error is when all the visible pixels on the reference image have corre-

sponding thermal pixels on the second image (we register the visible on the ther-

mal image). This evaluation measure includes the background subtraction errors

and also ignores misaligned visible pixels inside foreground regions of thermal

image. However, since for the three methods, the background subtraction errors

are included in the overlapping error, the differences between the overlapping er-

rors are still good indicators for comparing overall registration accuracies for a

large numbers of frames.

For DV methods, we used matching window size of 30 pixels wide that we ex-

perimentally found to have the minimum mean overlapping errors among the three
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Figure 13: Overlapping error using a disparity range of [5−50]: (a) LSS+BP vs. MI+DV and (b)

LSS+BP vs. LSS+DV.

size of 10, 20, and 30 pixels. For DV, there is always a trade-off between choosing

larger windows for matching evidence, and smaller windows for the precision and

details needed for an accurate registration especially in occlusion region. There-

fore, we start our search by smaller windows sizes up to 30 pixels width. 30 pixels

is the average of a human ROI width in our tested videos. Applying window size

bigger than 30 pixels width is not efficient since the DV method will ne be able

to compute accurate disparities for occluded regions (i.e. more than one person

merged in a single image ROI in the image).

Figure 12 (a) and (b) illustrates overlapping error of LSS+BP vs. MI+DV and

LSS+BP vs. LSS+DV over 900 video frames respectively. The mean overlap-

ping error of MI+DV is 0.24, LSS+DV is 0.19, and LSS+BP has the minimum

error among the three methods which is 0.15. LSS +DV has the second place

and MI +DV is the least accurate. However, the three methods have reasonable

overlapping errors and are stable over 900 frames, considering the background

subtraction errors as well. The standard deviation (std) value of LSS+BP is 0.05,

LSS+DV is 0.06, and MI +DV is 0.07. Again, LSS+BP has the most stable
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Figure 14: Example of Tested video frames of video with a disparity range of [2-20].

performance.

Figure 13 (a) and (b) illustrates overlapping error of LSS+BP vs. MI+DV and

LSS+BP vs. LSS+DV over 4000 video frames respectively. For DV methods,

we used matching window size of 30 pixels. The mean overlapping error of MI+

DV is 0.49, LSS+DV is 0.25, and LSS+BP is 0.20. Similarly to the previous

experiment, LSS+BP has the minimum error among three methods, LSS+DV

has the second place, and MI +DV is the least accurate. The std value of LSS+

BP is 0.07, LSS+DV is 0.25, and MI +DV is 0.18. It is should be noted that

for all three methods, overlapping errors have increased. However, compared to

the other video, it is observable that the mean overlapping error of DV methods,

especially MI+DV significantly increased. Moreover, they have larger number of

overlapping error outliers (large std) compared to the previous video, which shows

some performance instabilities over the whole video. Furthermore, LSS + DV

performs better than MI +DV . This shows that LSS used as similarity metric is a

more robust feature for multimodal matching compared MI in the case of visible



and infrared images. BP+ LSS was less influenced by the change of disparity

range.

The main reason of the significant performance decrease of DV methods is that

a larger disparity range used for horizontal matching increases the probability of

false matching using a WTA approach, especially for scenes with imperfect fore-

ground regions and corresponding regions that are differently textured in thermal

and visible images. However, our proposed BP method that uses a BP global op-

timization approach is more robust, especially using larger disparity ranges. The

overlapping error does not increase dramatically as the overlapping errors of DV

methods.

Figure 14 shows four examples of tested video frames using a disparity range

of [2−20]. For these video frames, figure 15 illustrates qualitatively the resulting

disparity maps, and registrations of visible foreground image on thermal fore-

ground image using LSS + BP, LSS +DV , and MI +DV . Figure 15, rows (d)

and (e) show the disparity maps for the DV methods. In both methods, disparity

assignments are inaccurate for depth discontinuity regions. However, LSS+DV

computes more accurate disparity map. Figure 15, rows (c) shows the dispar-

ity map of LSS+BP method. It has more accurate results, especially for depth

discontinuity regions. However, the last column shows some color and motion

over-segmentation for the person close to the camera that results in less smooth

disparity map inside the human body ROI compared to the farther objects.

7. Conclusions

In this paper, we proposed a stereo model for thermal-visible partial ROI reg-

istration using an efficient belief propagation algorithm that outperforms previous



Figure 15: Qualitative Comparison: (a) thermal foreground image (green image), (b) visible fore-

ground image (red image) (c) disparity map LSS+BP, (d) disparity map LSS+DV , (e) disparity

map MI+DV , (f) registration of visible on thermal LSS+BP, (g) registration of visible on thermal

LSS+DV , (h) registration of visible on thermal MI +DV .



state-of-the-art stereo registration designed for close range video surveillance ap-

plications. We have tested our methods on two indoor videos, and presented regis-

tration results over 4900 frames. Our results demonstrate that our method assigns

more accurate disparity to pixels related to depth discontinuity regions and that it

is more stable for large disparity range compared to previous works [6, 10, 4].

For video surveillance applications, processing time is an important factor.

The processing time of our algorithm for each frame is approximately 2-6 seconds

using a 3.40GHz multi-core desktop processor, while for DV method, it is between

1-3 seconds. For both methods, the processing time varies based on the number

and size of foreground ROIs in the images and as more people are in the field

of view of the cameras. Moreover, in our method, the number of iterations of

belief propagation algorithm varies for different ROIs depending on the rate of

for converging to the minimum energy (when between two consecutive iterations

the energy over MRF nodes has not decreased). In our implementation we used

lookup tables and parallel processing programming (openMP) in C++ to speed up

the processing time significantly.

The registered thermal and visible images obtained using our algorithm can be

used for further data analysis including tracking, behaviour pattern analysis, and

object categorization based on the complementary information provided by data

fusion.
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