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ABSTRACT

This paper addresses the detection and localization of persons in LWIR imagery which is useful especially in
visual surveillance tasks such as intruder detection in military camps or for gaining situational awareness. A
robust image retrieval function is used after a previous hot spot detection and localization step in LWIR using
a suitable, extensive image data base that covers a variety of different shapes and appearances of persons in
LWIR. The basic idea behind this approach is, in contrast to the visual optical band (VIS), that persons in
thermal infrared exhibit somehow similar, weakly individualized signatures which can be matched to a sufficient
degree to images in the data base and, thus, can be distinguished from background structures and other objects.
Dedicated pre and post processing routines optimize the results and compensate for a possibly occuring lack of
image features needed by the image retrieval function. The achieved results document the practical benefit and
the robustness of the presented aproach.

Keywords: Thermal infrared, MWIR and LWIR, human detection, person recognition, intruder detection,
visual suerveillance, template matching, cross correlation.

1. INTRODUCTION

Person recognition is a key issue in visual surveillance. It is needed in many security applications such as intruder
detection in military camps but also for gaining situational awareness in a variety of different applications. In
this paper, we focus on outdoor applications where persons have to be detected in the environment using a robot
equipped with cameras or using stationary cameras. The applications range from intruder detection in military
camps and ground security of civil complexes' to victim detection after catastrophes?. We further focus on
thermal infrared imaging since the thermal infrared band (MWIR or LWIR) exhibits some important advantages
in these applications. For example, it allows a detection of persons in complete darkness passively (i.e. without
the need of active light sources) which is very important in the military domain. Additionally, persons can often
be detected more easily or faster in this frequency band than in the VIS or NIR band even in daylight, see
figure 1 for illustration. Furthermore, victim detection after building collapses can often only be done using the
thermal infrared band because a dust layer covers the scene under which persons are hidden completely when
observed with other frequency bands. A further advantage ist that LWIR can see though dust and fog in the air
by far better than VIS.

When inspecting the LWIR image sequences in the mentioned outdoor applications we have found out (in
contrast to indoor scenes, for example) that there are only sparsely distributed hot spots in the environment in
a lot of situations (stemming from open windows, open doors, motor blocks of cars, ...). So, in order to solve
the person detection and localization problem (which is unsolved in general) we focus on szenarios with a more
or less common amount and size of hot areas in the environment (cf. example in the right part of figure 1).

The basic idea behind the presented approach is, that in contrast to the visual optical band (VIS) persons in
thermal infrared exhibit somehow similar, weakly individualized signatures which can be matched by the use of
an image retrieval technique to images in a data base to a sufficient degree and, thus, can be distinguished from
background structures and other objects. Differences in shape (of walking persons for example) or variations in
clothes’ temperature isolation have to be represented sufficiently by the underlying data base.
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Figure 1. Same scene in VIS (left) and LWIR band (right). The person can be discovered more easily in LWIR than VIS.

This image retrieval technique has to be combined with a function that reduces the image data to regions
of interest that have to be checked. So, the presented approach in this paper is built of two processing steps.
In the first step hot spots are detected and localized in the image with a fast scale invariant method to detect
and localize persons (and other hot areas) at all different sizes in the image. Afterwards, person’s hot spots
are distinguished from background structures, clutter and other objects with the image retrieval procedure as
a second processing step in order to get an overall system providing fast person detection, localization and
recognition in thermal infrared. The first step should detect a high rate of true positives (i.e. should reach a high
rate of detected visible persons) where the thereby associated tendency of a higher rate of detected background
structures should be no problem due to the second processing step.

Of course, the second step can also be solved with a more traditional approach which we examine in a further
paper at this SPIE 2013 conference®. In that paper the second step is seen as a classification problem with two
classes ('person’ and ’everything else’). It is solved with state of the art classification methods calculating a
variety of different image features and using modern classifiers like support vector machine (SVM), Boosting, or
Random Forest. A discussion of related work in the discussed field can be found there?.

In this paper, the image retrieval is examined in parallel to that approach in order to optimize the obtainable
results in the mentioned challenging application range under its inherent hard real-world conditions. To be more
precise, in this paper the image retrieval function is investigated if it can be used as a robust classifier of hot
spots to distinguish persons from background structures and other objects in a nearest neighbor classification
scheme. Two image retrieval algorithms are investigated: a powerful, generic, rotation invariant and fast state
of the art image retrieval system?” based on SIFT-features® and a purpose-built, but slower image retrieval
function based on improved template matching in order to optimize the obtained results.

The challenge is to robustly cover low and high object distances, to be robust against variable background,
weak signal-to-noise ratio (SNR), weak contrast and sensor-specific noise of MWIR/LWIR as well as occuring
motion blurring due to camera and/or person motion.

This paper is organized as follows: In section 2, the detection of hot spots will be described and evalu-
ated. Afterwards, the examined image retrieval system based on SIFT-features is introduced and investigated
in section 3. Section 4 presents the proposed purpose-built image retrieval based on template matching tech-
niques and presents a novel template distance measurement. In Section 5, the obtained experimental results are
presented and discussed. Finally, the conclusions and an outlook to potential future work are given in section 6.

2. HOT SPOT DETECTION

When thinking about and looking for an adequate hot spot detection algorithm, we first came upon the MSER
(Maximally Stable Extremal Regions) approach by Matas et al. because of our experiences with that algorithm
in the near past in other applications'® . So we made our first tests with it and found out that this algorithm



H detected persons ‘ missed persons ‘ persons + background H background detections

sequence 1 380 (61.5%) 77 (12.5%) 160 (26.0 %) 1131
sequence 2 570 (83.6 %) 21 ( 3.1%) 91 (13.3%) 162
otcbvs_osul 72 (83.7%) 14 (16.3%) 0( 0.0%) 0
otcbvs_osu?2 84 (97.6 %) 0(0.0%) 2 (23%) 32
otcbvs_osu3 49 (59.8 %) 32 (39.0%) 1(1.2%) 40
otcbvs_osu4d 94 (87.8%) 8( 7.5%) 5( 4.7%) 33
otcbvs_osub 73 (86.9%) 1(1.2%) 10 (11.9%) 58
otcbvs_osu6 76 (95.0%) 0( 0.0%) 4 ( 5.0%) 5
otcbvs_osu7 37 (50.0 %) 36 (48.6 %) 1(1.4%) 0
otcbvs_osu8 79 (92.9%) 6 (7.1%) 0( 0.0%) 1
otcbvs_osu9 80 (85.1%) 13 (13.8%) 1(1.1%) 2
otcbvs_osu 10 45 (54.9 %) 32 (39.0%) 5(6.1%) 6
all otcbvs_osu 689 (80.1%) 142 (16.5 %) 29 ( 3.4%) 177

Table 1. Detections and misses of the hot spot detection using MSER (ground truth, generated by human inspection).

fulfills the requirements mentioned in section 1. Then, when comparing this algorithm with a potential (but
slightly worse) alternative we discovered that there are some LWIR inherent effects that cannot be solved by
a hot spot detection for itself without further integrated knowledge about the appearance of persons due to
the character of LWIR imagery and the inherent contrast effects and variabilities when working with real-world
scenes. In other words, these LWIR inherent effects are expected to show also with other hot spot detection
algorithms because they cannot be avoided due to their nature. And, of course, this topic is not a principal
problem due to construction of the proposed processing chain in which the second step filters such unwished
effects out. Since, therefore, this aspect effects frequencies but not the approach itself we decided to shift possible
examinations of hot spot detection alternatives to a future work package at this point and to start with MSER
in order to concentrate on the main aspects intended with this paper which is proving the principal practical
benefit of the proposed processing chain and of the classification step in the discussed application range. Future
work can afterwards optimize the frequency details.

In the implemented hot spot detector the MSER results are used to calculate bounding boxes around the
maximal image regions. The MSER results for minimal image regions are discarded since most LWIR cameras
use bright values for warm image regions. Finally, the calculated bounding boxes are expanded by some border
in order to properly capture also the transition from the hot spot to the darker background (we use 6 pixels for
the border size).

In our experiments we used two outdoor image sequences: sequence 1 with 4580 LWIR images in length
and sequence 2 with 2162 images showing a similar environment with different persons in different situations.
Furthermore, we processed the OSU thermal pedestrian database - dataset 01 of the OTCBVS benchmark
dataset collection'?*: sequences otcbvs_osu 1 to otcbvs_osu 10 with 18 to 73 images per sequence, 284 images
in total. The images of sequence otcbvs_osu 3 were inverted before the hot spot detection because hot areas are
depicted with dark colors here. Table 1 summarizes the number of correct detections/localizations of persons,
the number of person misses (i.e. visible persons in the image where no hot spot was generated, i.e. undiscovered
persons), the number of bad hot spots 'persons + background’ as well as the number of detections of background
structures. Bad hot spots in the sense of the proposed processing chain ('persons + background’, see the words
about unwished effects in the above text) are hot spots of persons with a large amount of additional background
stucture around due to contrast reasons. Such hot spots are useless in the context of the proposed processing
chain since they are not represented in the data base. Partly visible persons (when persons appear at the image
border for example) are not considered here (they could just be handled in the same way as the fully visible
persouns, if desired). Figure 2 depicts the detected persons of sequence 1 and sequence 2 for illustration of the
image data character and the difference between the two sequences.

As the numbers in the table show, there are enough person detections (in the average over time) for practical
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Figure 2. Detected persons of sequence 1 (left) and sequence 2 (right).

operation. Because, to our experience, it does not matter in practice if a person is not detected in every single
image and it is sufficient to produce (robust) alarms with moderate latency.

3. IMAGE RETRIEVAL BASED ON SIFT-FEATURES
3.1 Image retrieval system

The aim of content-based image retrieval systems is to compare images with respect to their content. To this end,
local image regions are compared using local features. Local features like the popular Scale-Invariant Feature
Transform (SIFT)® are used in many different topics of computer vision. They typically detect repeatable salient
regions in an image and subsequently encode their local image appearance in a descriptor. Given the two sets
of descriptors of two images, similar regions in both images can be searched by determining descriptors which
are similar in descriptor space, which is for SIFT usually 128 dimensional. Typically, distances are calculated
by L2 norm and a threshold is applied on the distance or on the ratio of closest to second closest distance. The
similarity of two images is then often calculated as the number of matching features.

For matching sets of descriptors, various heuristic algorithms have been proposed which can lead to an
impressive speedup while sacrificing not too much of the descriptors discriminance'® ¢, Nevertheless, in large-
scale CBIR systems with thousands or millions of images, a pair-wise image comparison of the query image
with every image of the database becomes infeasible. Besides, the memory consumption of the image features
and their processing during one query prohibit a direct matching of descriptors sets. To solve this, the bag-of-
words (BOW) representation has been proposed!”, which quantizes the features by assigning every feature to one
element of a set of feature representatives called visual words. Thus, the image matching can be performed with
text retrieval methods analyzing the common visual words of images. The set of visual words termed codebook
or visual vocabulary is commonly obtained by clustering an independent set of features. Using large codebooks,
the representation of an image becomes a very sparse vector indicating the occurring visual words. This sparsity
can be exploited by inverted files which store for every visual word a list of references to the images containing
at least one feature corresponding to that visual word.

While enabling the construction of fast and efficient systems, the quantization of features also comes with
the drawback of loss of information which leads to a reduced accuracy of the overall system. We use two
popular extensions to circumvent the loss of accuracy namely Hamming Embedding (HE)!® and Weak Geometry
Consistency (WGC)!8. Both techniques have shown a significant improvement of performance in large scale
image retrieval. In previous experiments, we could confirm this for the performance in tattoo image retrieval*
with a database of up to 330,000 images.

As rare visual words are assumed to be more discriminative, the similarity of two images given the two BOW
vectors is commonly calculated using the tf-idf scheme!”. It weights the BOW vectors according to both the



best hit #rating values | minimum | maximum | mean value | standard deviation
persons 570 2.63 22.61 7.99 3.38
background 162 0.64 15.93 4.96 2.29
10 best hits || #rating values | minimum | maximum | mean value | standard deviation
persons 5700 0.43 22.61 3.44 2.75
background 1620 0.45 15.93 2.34 1.75

Table 2. Evaluation of the rating values of the image retrieval system (persons of sequence 1 in data base, person and
background spots of sequence 2 used as query images) when considering the best hit (upper table part) or the 10 best
hits (lower table part).

background query
person found | background found | nothing found || background found | person found | nothing found
226 (39.6 %) 33 (5.8%) 311 (54.6 %) 2 (1.2%) 0 (0%) 160 (98.8 %)

Table 3. Result of the second experiment (persons and background spots of sequence 1 in data base, person and background
images of sequence 2 used as query images).

person query

local frequency (within the image) and the global frequency (within the entire database). In all experiments
in this paper, we use the similarity function of Schmid!'® which is the cosine angle between the weighted BOW
vectors which equals the L2 normalized dot product of the vectors. See Jegou et al.'® for details.

To further increase the performance, we make use of a subsequent re-ranking step, which performs a matching
based on the original features. The images are re-ranked according to the number of matches with the query
image.

The two main advantages of this image retrieval system are that it can work with large data bases and that
it is able to robustly find similar images in the data base for a given query image. Because the image retrieval
bases on SIFT-features, the hot spots used as query and data base images are scaled in the following experiments
to assure a minimum of 200 pixel in height for the images.

3.2 Application directly to LWIR hot spots

In the first experiment it is examined if the rating values associated with the output results of the image retrieval
have the potential for distinguishing person hot spots from other ones. This is done as follows. The 380 person
detections of sequence 1 are used as data base. And all 570 person detections as well as the 162 background
detections of sequence 2 are used as query images. Finally, minimum, maximum as well as arithmetic mean
and standard deviation are calculated for both query classes assuming a normal distribution. This is done for
the (single) best hits in the data base as well as for the 10 best hits, see table 2. Big rating values denote high
similarities between query image and found data base image in this software. When looking at the data in the
table it can be stated that the ratings of persons and background structures differ statistically in a significant
manner. From this, the principal applicability of the image retrieval as classifier can be derived. But the ratings
for persons and background structures intersect too much so that the rating value by itself should not be used as
criterion to decide if a hot spot is a person or something else. The results degrade significantly when considering
the 10 best hits, so just the best hit is used in the following evaluations.

In the second experiment the image retrieval is used as a nearest neighbor classifier. This is done by using the
380 person hot spots and the 1131 background spots of sequence 1 as data base. The person and background
spots of sequence 2 are used as query data and the number of true and false positives and negatives is counted
based on the ground truth that was determined by hand previously for each hot spot. The result is shown
in table 3. The results show that the proposed procedure works principally fine, since person and background
queries are answered significantly more often with a candidate of the correct class than with a candidate of the
other (wrong) class. But there are many cases where the image retrieval software cannot produce a result. The
reason is that there are a lot of images for which not enough SIFT-features can be calculated. In order to improve



Figure 3. Left: LWIR spots of two different images of sequence 1 with SIFT-features depicted by overlayed circles and
indications of the assignments in between depicted by overlayed lines. Right: the same two spots enriched with gradient
direction information leading to more SIFT-features that can be assigned much better. The overlayed rectangle visualizes
the homography that can be calculated between the two spots based on the SIFT-features. Such a homography cannot
be calculated for the original LWIR spots on the left.

person query background query total
person found | background found || background found | person found || correct hits
289 (50.7 %) 281 (49.3%) 151 (93.2%) 11 (6.8%) 440 (60.1 %)

Table 4. Result of the third experiment (persons and background spots of sequence 1 in data base, person and background
images of sequence 2 used as query images) when using preprocessed LWIR spots.

that, the LWIR spots are preprocessed in the following subsection before they are used in the image retrieval
system in order to increase their potential to produce SIFT-features.

3.3 Application to preprocessed LWIR hot spots

In order to improve the results obtained so far and to enrich the LWIR spots with more useful SIFT-features
multiple variants were tested based on the first image derivative: image respresenting the absolute value of the
gradient, the gradient direction or the maximum of the image gradient in gradient direction (NAG2°), each
combined with or without a threshold for the absolute value of the gradient, while experimenting with black or
white background when using the theshold or using the original LWIR image as background. The best results
were obtained when using the threshold for the absolute value of the image gradient and overlaying the LWIR
image with the gradient direction information coded with values from 0 to 230. Figure 3 shows an example for
illustration including the calculated SIFT-features. Table 4 summarizes the results when repeating the second
experiment on the preprocessed query and data base spots (third experiment). The results show that this image
retrieval system cannot be used in this way as classifier against previous expectations. So, the best results
were reached with the original LWIR spots despite the fail of result calculation in some situations. With that
result, the potential of the SIFT-based image retrieval system seems to be exhausted. Therefore, a further image
retrieval function is constructed and examined in the following section.

4. IMAGE RETRIEVAL BASED ON TEMPLATE MATCHING

With a purpose-made image retrieval we want to examine now how far the previous results can be improved by
substituting the SIFT-based distance measurement by a measurement which evaluates the shape of the hot spot
detections.

In a first step every spot is scaled to a fixed, small image height (we use 30 pixels) in order to throw away the
redundant shape details in large spots and to reduce the image content to its essential shape. Then, for every



image d in the (scaled) data base the template difference

r = r(g,d) := minm(z,y)
T,y

between (scaled) query image ¢ and (scaled) data base image d is calculated over all possible translations (z,y)
between ¢ and d for which there is enough overlap of at least 25 % between ¢ and d. (z,y) is varied in order
to compensate for spatial variations inside the hot spots. m denotes the chosen measurement function for the
template distance. The result r is a rating for the similarity of ¢ and d. In contrast to the SIFT-based image
retrieval system small values denote good similarities here. The final image retrieval result for a query image ¢
is the data base image d with minimal rating r.

m can be chosen as one of the following template distances my, for example as a standard measurement
known from the literature?! 23 like the cross correlation

1 . . .
mi(z,y) = T Y dx+i—a, y+34) - qi,j) (1)
(3,5)EF
or the normalized cross correlation (NCC)
() = — o O &)
’ |F| > dl@t+i—a, y+j)? 7

(i,7)€F

where F is the set of coordinates so that ¢ and d in the sum are both defined. The constant « is just used to place
the center of d over the middle of ¢ when ¢ and d have different image widths (see T. Miiller and M. Miiller?? for
details). Due to scaling at the beginning the image heights of ¢ and d are always the same leading to an offset
of always 0 between ¢ and d in y-direction in contrast to the z-direction.

T. Miiller and M. Miiller?? suggest to use the sum of absolute differences

1 . . .
ms(z,y) ::m Z |d(z+i—a, y+j) — q(i,j)| (3)
(i,4)EF
which has been found out in their paper to be better in such a kind of applications.

In this paper here, we propose the following novel measurement m,. First, let the local grayvalue dynamic of
an image h(x,y) be represented by the intervall

Zh(x7y) = [Zh,min(x;y)a Zh,max(xay)] (4)

with
Zh,min(Z,Y) = min{h(a:—!— Az, y+ Ay) | (Az, Ay) € {(-1,0), (0,0), (1,0), (0,-1), (0, 1)}} , (5)
Zh,max(xay) = max {h(f + Az, y+ Ay) | (ASE, Ay) € {(_170)7 (070)7 (170)7 (07 _1)’ (07 1)}} (6)

and p(I,J) € [0,100] the percentage of the overlap of two intersecting intervals I = [i1, i2], J = [j1, jo| C IR:

min{is, jo} — max{i1, j1} (7)

I,J) := 100- — .
p( ) maX{ZQ, 32} — mln{% Jl}

for max{is, jo} —min{i1, j1} # 0 and p(I, J) := 100 otherwise. Furthermore, let g be a scaled and shifted version
of the gaussian function, i.e.

« %(wfu

T) = —/— - )
g(z) N + (8)

with g := 0 and ¢ := 50 and some fixed constants o and 8 so that g(0) =1 or g(0) = 0.8 and ¢(100) = 0.

e




With the use of the distance function

1 1, ifINnJ=10
mED) =N g, ), 10T £0 (©)
for two intervals I and J we finally define
100 . ) .
m4(x,y) = W Z n(Zd(x+Z - a, y+j)7 Zq(l,j)) . (10)
(i.5)€F

my(z,y) is a value between 0 and 100 and can be interpretated as a percent value measuring how similar two
images d and ¢ are with respect to offset (x,y) in their common intersection area. if d = ¢ holds in this area,
my4(z,y) is zero. In comparison to ms in formula 3, in m4 not only the grayvalues of two images are compared
but the local grayvalue dynamics. If both dynamics are low in homogeneous image regions and the grayvalues
are equal, the contribution to my is low. If both dynamics are big but similar the contribution to my is low, too.
The more the grayvalues and/or the dynamics differ (for example when comparing a homogeneous region to an
image edge region or dot feature), the greater is the contribution to the distance measurement m4. The gaussian
component g in the formula controls how important and less important contributions are weighted relative to
each other. And the choice of g(0) controls the weighting between intersecting and non intersecting grayvalue
dynamics. In some experiments, we concretely compared the results obtained with g(0) = 1 and ¢(0) = 0.8
in order to find out, if the concrete choice of g(0) makes a significant difference. Since we found out, that it
makes a difference and g(0) = 0.8 led to better results in our experiments we worked with that value. In further
experiments we substituted the function g(z) in the above formulas with ¢g”(x), v € IN in order to evaluate the
dependencies of the obtained results from the weighting function. The results are presented in the following
section among the other made experiments.

5. EXPERIMENTAL RESULTS

In the following experiments the image retrieval variants based on template matching which were persented in the
previous section are evaluated. This is done in a way similar to the evaluations of the SIFT-based image retrieval.
Person and background spots are used as data base while person and background structures from different image
sequences are used as query images in order to measure the rates of correct and incorrect assignments when
using the image retrieval as a nearest neighbor classifier. Table 5 documents the performed experiments and
table 6 summarizes the obtained results. Experiments 1 and 2 show that m; and ms are obviously completely
inappropriate in this kind of application. Always the same few background images were found in the data base
leading to very low success rates. In contrast to that, experiment 3 turns out mg as a good template distance
which confirms the experiences made in the paper of T. Miiller and M. Miiller?? that ms is a far better choice
in such kinds of applications than the common distance measurements m; and ms.

As experiment 4 shows, the results with mg can be improved significantly by using the proposed novel distance
measurement m,4. By increasing the exponent v from 1 up to 4 (experiments 5 and 6), the results can even further
be improved. This means that it is advantageous to lower the influence of smaller contributions in the sum of
my in relation to the bigger contributions so that the bigger ones (i.e. big differences between the compared
templates) are emphasized more. The results (nearly) remain the same when v ist further increased to 6 or 8 as
experiments 7 and 8 show.

In experiment 9 we tried to match the spots of the otcbvs_osu-sequences against a database consisting of
the spots from sequence 1 and sequence 2. Despite the success reached in the experiments before with my, the
quite low success rates in this experiment show that it is difficult to match very different image bases against
each other, though. In other words, the training of the person detector (i.e. the generation of the data base
for later queries) should be done under somehow similar conditions as the practical application later. But, of
course, this statement is well known in this field and cannot be changed anyway - at most this problem can be
weakened.

The experiments 10 and 11 show the results for different v when going from the sequence 1 and sequence 2
scenario completely into the otcbvs_osu discourse. The data base is built with the first three sequences



Experiment 1 m = mq
Experiment 2 m = Mma
Experiment 3 | m :=mgs
Experiment 4 m:=my, v:=1
Experiment 5 | m:=my, v:=2
Experiment 6 mi=my, v:=4
Experiment 7 | m :=my, v :=
Experiment 8 mi=my, v:=8

Experiment 9 | m := my, v := 6, using the person and background spots of sequence 1 and
sequence 2 as database and otcbvs_osul to otcbvs_osu 10 as query images

Experiment 10 | m := my, v := 4, using the person and background spots of otcbvs_osul to

otcbvs_osu 3 as database and otcbvs_osu4 to otcbvs_osu 10 as query images

m = my, v := 8, using the person and background spots of otcbvs_osul to
otcbvs_osu 3 as database and otcbvs_osu4 to otcbvs_osu 10 as query images

Experiment 11

m = my, v := 8, using the person and background spots of otcbvs_osu8 to
otcbvs_osu 10 as database and otcbvs_osu 1 to otcbvs_osu 7 as query images

Experiment 12

Table 5. Performed experiments with the image retrieval function based on template matching. See text for variants and
parameters of that approach. In the experiments 1 to 8 persons and background spots of sequence 1 were used as data
base and person and background images of sequence 2 were used as query images.

person query background query total

person found | background found | background found | person found || correct hits
Experiment 1 2(04%) 568 (1 99.6 %) 161 (99.4 %) 1(06%) || 163 (22.3%)
Experiment 2 0( 0.0%) 570 (100.0 %) 160 (98.8 %) 2(1.2%) | 160 (21.9%)
Experiment 3 402 (70.5 %) 168 ( 29.5%) 161 (99.4 %) 1(06%) || 563 (76.9 %)
Experiment 4 504 (88.4 %) 66 ( 11.6 %) 159 (98.1 %) 3(1.9%) | 663 (90.6 %)
Experiment 5 | 528 (92.6 %) 42 ( 7.4%) 160 (98.8 %) 2(1.2%) || 688 (94.0%)
Experiment 6 | 541 (94.9%) 29 ( 5.1%) 158 (97.5%) 4 (25%) || 699 (95.5%)
Experiment 7 | 541 (94.9%) 29 ( 5.1%) 158 (97.5%) 4 (25%) | 699 (95.5%)
Experiment 8 543 (95.3 %) 27 ( 4.7%) 158 (97.5%) 4 (25%) || 701 (95.8%)
Experiment 9 174 (25.3 %) 515 ( 74.7%) 152 (85.9 %) 25 (14.1%) || 326 (37.6%)
Experiment 10 | 480 (99.2 %) 4( 0.8%) 88 (83.8%) 17 (16.2%) || 568 (96.4 %)
Experiment 11 | 476 (98.3%) 8( 1.7%) 92 (87.6 %) 13 (12.4%) || 568 (96.4 %)
Experiment 12 | 478 (98.6 %) 7T( 1.4%) 47 (28.0%) 121 (72.0%) || 525 (80.3%)

Table 6. Result of the experiments documented in table 5 using the proposed image retrieval that is based on template

matching.




otcbvs_osul to otcbvs_osu3 and the query images stem from the other seven otcbvs_osu sequences. As
can be seen in the obtained results shown in table 6 this works fine again. The results are even better than with
using sequence 1 and sequence 2 as data base and query.

Finally, in experiment 12 the three last sequences of the otcbvs_osu data set are used for the data base
instead of the first three ones as in experiment 11. The results for person queries are quite the same as in
experiment 11 while for the background queries worse results are obtained.

6. CONCLUSIONS AND FUTURE WORK

In this contribution it could be shown that a person detection, localization, and recognition system for thermal
imagery in a wide application range can be realized by the proposed two-step processing scheme. After a hot
spot detection is done in the first step to find potential thermal signatures of persons at arbitrary scale in the
image, an appropriate image retrieval function can be used in a second step as classifier to decide which detected
spots are persons and which are not. The second step also compensates for weaknesses of the first step that
occur naturally and inherently in thermal imagery.

A state of the art image retrieval system based on SIFT-features that works robust in the visual-optical band
has shown weaknesses in the thermal band due to a possible lack of SIFT-features in such images which could
not be compensated with the methods examined in this paper. Therefore, a novel purpose-built (but by far
slower) image retrieval function based on template matching was constructed in order to compare image content
by shape. It could be proved that this method works well and fills out the role as classifier in a nearest neighbor
classification scheme. Two image data sets were evaluated for which classification success rates of 95.8% and
96.4 % could be reached.

Despite an adequate and significant down scaling of the processed images, the template matching based
image retrieval does not work in real-time for large data bases. The time complexity is O(n) with n denoting
the number of images in the data base. So, future work should deal with speeding this up somehow - directly
by optimizing the developped algorithms, by looking for algorithmic alternatives or by reducing large data bases
with some intelligent algorithm.

Future work should also deal with increasing the detection rates of person hot spots. Also, for example, by
decreasing the rate of detections where persons are mixed up with a large amount of background structure due
to contrast effects.
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