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Abstract

This document is a technical report within the scope of the Horizon 2020 project SmokeBot.
SmokeBot’s objective is to improve the application of mobile robots in disaster scenarios with
low visibility conditions. A key element of the project is to develop perception algorithms that
support the cooperation of humans and machines in search and rescue missions. This is done
with the aid of a novel, multimodal sensor unit, which combines radar, gas, thermal and
traditional vision sensors.

This report summarizes the results of Task 3.1 (“Handling of Thermal-Radiation Disturbances
— Reflections and Gas Radiation™). Task 3.1 is part of Work Package 3 (“Thermal Imaging”),
which aims at combining temperature data and 3D structures in order to create partial 3D
surface temperature maps. The objective of Task 3.1 in particular is to perform a detection and
correction of measurement disturbances in thermal images. This report includes theory and
experimental investigation of thermal radiation disturbances regarding images taken by a
thermal imaging camera system.
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1. Introduction

In today’s search and rescue applications, thermal imaging cameras are widely used for tasks
such as human detection [1] [2], exploration of forest/smoldering fires [3] [4] and detection of
potential hazards [5]. In SmokeBot, thermal imaging cameras shall especially be used for the
latter task.

Although thermography has proved to be very useful in disaster scenarios, the interpretation of
thermal images is a challenge for humans and especially for robots. This arises from the fact
that thermography depends on environmental influences/conditions in many ways. Only to
name a few, there are dependencies on material category, viewing angle, surface character,
surrounding mediums, etc. The disturbances/misinterpretations considered in this report
originate from three different sources: from unknown emissivity values, from thermal
reflections and from the influence of smoke between the thermal imaging camera and the
regarded object.

The considerations in this report apply to experiments performed with a thermal imaging

camera working in the long-wave infrared spectrum (7.5 um to 14 ym). Note that may not all
presented results are applicable to other kinds of thermal imaging systems.

The report is organized as follows:

e First, we recap the basics on thermography in order to show some typical examples for
misinterpretations in thermal images. On the basis of these examples, we provide a brief
overview on related work.

e Afterwards, we explain how to exploit the camera’s viewing angle to estimate unknown
surface emissivities and real temperatures.

e Then, we present an approach to detection and removal of thermal reflections.

e Afterwards, we investigate the influence of smoke (as the medium between camera and
regarded surface) on thermal images.

e In the end, we conclude the report with a summary.
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2. Challenges in Thermal Imaging

In order to understand the origin of misinterpretations in thermal images, a basic knowledge of
thermography is needed. After explaining the fundamentals, we give practical examples on
misinterpretations in thermal images.

2.1 Thermography Basics

The underlying principle of thermography is radiation heat transfer, which is — besides
conduction and convection — one of the three types of heat transfer. Each object/body whose
temperature is above absolute zero (0 K) emits electromagnetic radiation. According to the third
law of thermodynamics, this holds for each existing body, because absolute zero cannot be
obtained by any body.

The amount of radiation a body emits generally depends on many factors. To ease calculation
with radiation intensities, an ideal physical model called black body is used. A black body
always absorbs the whole amount of incoming radiation energy simultaneously emitting it
again. The spectral black body intensity 1?2 can be expressed using Planck’s law:

2mhc?
P°(A,T) = . )

A>(exp (/{;{—CT) -1)

It only depends on the radiation’s wavelength A and the body’s temperature T. The known
constants in Equation (1) are Planck’s constant h, Boltzmann constant k and the speed of light
c.

As stated before, Planck’s law can only be used to describe ideal (non-existing) bodies. To
describe the emitted radiation of real bodies, a body/surface property called emissivity was
introduced. The emissivity ¢ is the ratio between the emitted spectral intensity of a real body

1"¢% and the emitted spectral intensity of a black body I”? that has the same temperature:

_IeUQ,T,e, )

fAT.0,..) = — ol 2)

Using Equation (2) it is possible to shift all the (unknown) radiation intensity dependencies
(camera’s viewing angle, surface roughness, type of surface material etc.) to the emissivity.
This is an important fact regarding the measurement principle of thermal imaging cameras.
They measure the radiation intensity coming from a regarded surface. That means that the
measured intensity does not only correspond to the radiation intensity emitted by the regarded
surface, but also to radiation parts of the surroundings (reflections) and the atmosphere between
camera and surface. This can be expressed as

lsym = Iobj + Iomp + latm, 3)

where Iopj, Igmp and Iy, stand for the radiation intensities emitted by the object itself, the

ambience around the object and the atmosphere between camera and object. Combining
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Equations (2) and (3) and introducing the atmospheric transmittance t, the measured radiation
intensity of a regarded surface point is calculated as:

Isum = Tgl(l))gj + T(l - 8)13311; + (1 - T)Ig?m- (4)
Notice that the partial radiation intensities in Equation (4) are calculated using Equation (1).

2.2 Misinterpretation of Thermal Images

The misinterpretations in thermal images investigated in Task 3.1 arise from the relation
introduced in Equations (3) and (4). The major influence on these misinterpretations comes
from the emissivity. As shown in the equations, an emissivity close to unity eliminates the
reflected radiation intensity part, whereas an emissivity close to zero makes it difficult to infer
the real object temperature. Another influencing factor is the atmospheric radiation part, i.e. the
radiation that is emitted respectively absorbed by the medium between the camera and the
regarded surface. In the following there are some typical examples for misinterpretations in
thermal images that are caused by the mentioned reasons.

The main challenge in thermography is the unknown emissivity when looking at objects. In
professional thermography (e.g. in building diagnostics, condition monitoring, etc.), unknown
emissivities are often bypassed using a high-emissivity coating (e.g. high-emissivity paint).
Applying this coating to regarded surface areas diminishes misinterpretations caused by low
emissivity and simultaneously avoids reflections. In Figure 1, this procedure is depicted. The
whole thermal image is interpreted using an emissivity of € = 1. In the front, there is a heated,
polished aluminum plate (low emissivity) with a stripe of duct tape (high emissivity) on it.
Although the aluminum plate and the duct tape have roughly the same temperature on the entire
surface (about 330 K), their temperatures are interpreted differently. Due to the previously
discussed relations between the true object temperature and the actually measured intensity, the

—1330
325
- 1320
ISOO

Figure 1: Example for misinterpretation in thermal image caused by unknown emissivity. See the text for a
detailed explanation.

Temperature in K
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Figure 2: Exemplary thermal reflection of a human hand on a polished aluminum plate (left). For
comprehension, the scene is also shown as a RGB image (right).

temperature of the blank metal surface is interpreted much lower than the temperature of the
dielectric duct tape.

Emissivity and temperature estimation was investigated by numerous researchers in the past. A
common technique to estimate emissivity is the dual-wavelength (rwo-color) method, where
two sensors working in different wavelength ranges are used. In [6], a system of nonlinear
equations is created with the help of two thermal imaging cameras. Using model equations as
presented in [7], emissivity and temperature can be estimated simultaneously. A practical
approach to measurement of brake disc surface temperature was presented in [8]. The authors
developed a two-color pyrometer and compared their evaluation results to a commercially
available product.

Another effect of low-emissivity surfaces are reflections. As described in Equation (4) a low
emissivity is always associated with high reflectivity. In Figure 2, a typical reflection on a
polished aluminum surface is depicted. In general, thermal reflections behave similar compared
to reflections in the visible spectrum, but not all reflective surfaces in the visible spectrum also
reflect in the thermal spectrum. As shown in the figure, the reflection on the aluminum plate in
the thermal image is more intensive than the reflection in the RGB image. Just the opposite
could be seen on an uncoated window glass that reflects well in the visible spectrum, but barely
in the thermal image.

Thermal reflections can be handled in multiple ways. Besides the usage of high-emissivity
coatings that were mentioned earlier, a typical approach in practical thermography is to avoid
thermal reflections by choosing an appropriate point of view. For outdoor applications it can be
useful to position the camera in such a way that the sky is reflected. The authors of [9] did this
and took image sequences while the clouds in the sky were moving. Observing the object this
way for several minutes, they were able to determine the moments in time when the reflection
was minimized (because of clouds being in line of sight) in order to measure the actual object
temperature.

Another approach to reflection handling is the suppression of reflections with the help of an
infrared polarizing filter in front of the camera. This was presented in [10] and showed partially
good result. Limitations of the method are the need to purchase an expensive infrared polarizing
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filter (commonly made of germanium) as well as the strict spatial setup between camera, filter
and regarded surface that is needed for successful suppression of reflections.

Software-based approaches to reflection handling are particularly known for RGB images, but
can be transferred to thermal images as well. Besides the other approaches, software-based
reflection handling can usually also be applied on autonomous systems working indoor. There
are various methods either using one individual input image [11] [12] or multiple ones [13] [14]
[15]. The general principle of all these methods is to extract several layers from the image (e.g.
background and foreground layer). This relies on the assumption that the input image is a linear
superposition of multiple images/layers (i.e. object layer and one or more reflection layers). The
detailed possibilities to detect and remove reflections from images are discussed in Section 4.

The third misinterpretation investigated in Task 3.1 arises from smoke between the camera and
the regarded surface. In non-disaster applications, the most probable transmission medium is
air. Although air is mostly transparent in the thermal infrared spectrum, smoke, fog and dust
can have influence on the thermal image. Research considering navigation sensors in fire smoke
environments has been done by [16]. The authors found that dense, low-temperature smoke as
well as light, high-temperature smoke do not affect the accuracy of thermal imaging cameras.
Additionally, it was shown that a thermal stereo vision system performs well in these smoke
scenarios. Similar results were reported in [17], where the authors evaluated the effect of water
sprays on fire fighter thermal imagers. As both of the works show, maintaining accuracy does
not mean that there is no change in the measured radiation intensity.

The different characteristics of radiation intensity for fire, smoke, reflections and other objects
have been exploited in [18] in order to classify regions of interest in a thermal image. The
authors used a supervised machine learning approach in combination with first and second order
texture features (mean, variance, entropy and inverse difference moment) to identify the
regions. The presented method works best for smoke regions.
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3. Unknown Surface Emissivity

As explained in the previous sections, unknown emissivity values can lead to misinterpretations
of thermal images. Emissivity depends on several quantities, such as viewing angle, surface
roughness or surface material. In our research on this topic, we focused on the viewing angle
dependency in order to identify the material class of the regarded surface. After material
classification, emissivity and temperature are estimated and corrected.

Regarding opaque bodies/surfaces, there is an essential difference between metals and
dielectrics in their emissivity characteristics. This difference comes mostly from the viewing
angle dependency of the emissivity.

In Figure 3, the viewing angle (angle between the surface normal of the regarded surface and
the camera’s optical axis) is depicted. Depending on this angle the emissivity of metals and
dielectrics behave differently. This circumstance is shown in Figure 4. While for metals the

emissivity is constant low for viewing angles between 0 ° and 60 °, it then grows to a maximum
just before reaching its minimum at 90 °. For ideal dielectrics, the emissivity has a constant

high value at viewing angles between 0 © and 50 °. At higher angles, it monotonically decreases
to zero.

During our investigation (see also Appendix A) we exploited the described dependency to first
identify the surface material class, 1.e. to distinguish between metals and dielectrics, and then
to calculate a corrected emissivity/temperature value for each pixel in the image. We did this
by taking several thermal images from different points of view.

During the experiments described below, we made the following assumptions:

1) The regarded surfaces are assumed to be gray, which means that their emissivity does
not depend on wavelength [7, p. 65].

2) The surface is assumed to be optically smooth, which means that roughness, texture and
surface imperfection have to be smaller than the wavelength of the incident radiation [7,
p. 88].

Object's surface

Optical axis

Surface normal

A
*
A

Figure 3: Illustration of the viewing angle ©, which is the angle between the surface normal and the camera’s
optical axis.

10
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3) The viewing angle 0 is known for every individual measurement.

4) The emissivity’s dependency on the surface temperature is assumed to be weak.

5) The transmittance is assumed to be unity, because the distance between the camera and
the surface is small and the transmission medium is air.

6) The surface and ambient temperatures are unknown but constant.

7) The surface temperature is higher than the ambient temperature.

3.1 Material Classification

In order to do a basic material classification, we used a semi-empirical adaption of Planck’s law
as presented in [19] to calculate the camera detector signal S:

$= + 5)
exp (T) —F

The camera-specific parameters R, B and F in Equation (5) are usually determined during
factory calibration and can be obtained by the camera manufacturer. The detector signal S is
the camera output signal.

Combining Equations (4) and (5) and considering the assumptions made in the previous section
leads to the following expression:

R R
+ . (6)

exp (Tobj) —F exp (T(fnb) - F exp (chnb) - F

Equation (6) shows the detector signal’s linear dependency on the emissivity. That means that
considering only the raw sensor signal, it is possible to draw qualitative conclusions about the

S =¢(0)

emissivity.

< o o
'S 2} Jes)

Directional emissivity

o
[N}
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Viewing angle in ®

Figure 4: Exemplary comparison of the different emissivity characteristics of metals (dashed line) and
dielectrics (solid line) at varying viewing angles.

11
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In our approach, we use this to determine whether the regarded surface point shows metal or
dielectric characteristic. Calculating the sum of differences between consecutive (in the sense
of a growing viewing angle) thermal images, dielectric pixels reported a negative value (due to
the emissivity’s angular dependency shown in Figure 4). The same calculation for metal pixels
instead resulted in a positive value.

Notice that — in order to make sure that corresponding surface points are used for calculation —
the knowledge of the regarded 3D structure is demanded for our approach.

3.2 Emissivity/Temperature Estimation and Image Correction

To estimate emissivity and temperature of a surface point, we use a system of nonlinear
equations. A similar approach was presented in [6], where emissivity and temperature were
estimated using two thermal imaging cameras working in two different wavelength ranges. The
system of equations consists of expressions in the form of:

S; = (y) +(1—e(0y) , (7)

exp (Tobj) —F exp (Tamb) —F

where S; is the detector signal of the measurement (pixel value) taken at viewing angle 0;. The
emissivity € can be replaced by model equations as presented in [7]. These equations only
depend on the viewing angle and two optical material constants (refractive index n and
extinction coefficient k). Putting the model equations in Equation (7) allows us to solve the
following least square minimization problem:

mpinf(p) = mpin;(Sim - Sf(p))”. 3)

In Equation (8), f(p) is the objective function, whose set of parameters p = {n, k, Topj, Tamb}
shall be optimized. The signals S;" and S{ are measured/calculated pixel values at different
viewing angles, where z is the number of thermal images taken into account.

3.3 Evaluation

We evaluated the presented approach in three ways. First, we only considered one individual
pixel (the pixel in the camera’s optical axis) of either metal or dielectric characteristic. After
that, we considered a line of pixels of both metal and dielectric characteristics. The final
evaluation was performed on a mobile robot using a temperature mapping algorithm. In the first
two experiments, we measured the viewing angles manually using a protractor. In the last
experiment, the mapping algorithm provided the angle information. The estimated temperatures
were evaluated using a surface thermometer.

The experimental setup consists of an aluminum plate heated by a 22 W heatpad. The thermal
imaging camera is mounted on an aluminum profile that can be rotated around the vertical axis

12
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Figure 5: Experimental setup for the single point and line evaluation.
centered at the middle of the heated plate. This way, the camera can be rotated manually
between viewing angles of 0 ° and 90 °. The setup is depicted in Figure 5. To ensure that the
prior made assumptions are satisfied, the camera is mounted as close as possible (approx.

15 cm) in front of the heated plate. In order to simulate a constant ambient temperature, we
prevent any unwanted reflections by putting a cardboard in the reflection’s line of sight. By
doing this, only the constant temperature of the cardboard can be “seen” as a reflection.

The thermal imaging camera used during our research is a FLIR A655sc. It has a spatial
resolution of 640 x 480 pixels and works in the spectral range between 7.5 um to 14 um.
Additionally, it has a field of view of 45° x 34 ° and a thermal sensitivity of 30 mK. The

following calculations were performed using the Matlab environment. For optimization, the
Nelder-Mead Simplex Method [20] is used.

Figure 6 shows the resulting detector signal graph using the estimated parameters. For
comparison, the measured intensity values are marked along the graph. The graph shows good

x 10"

1.55¢

n
T

Detector signal [AU]
- 2 :
Detector signal [AU]
Y
o

1.4

. . . . . . . . .
10 20 30 40 50 60 70 80 90 0 10 20 30 40 50 60 70 80 90
Viewing angle in ® Viewing angle in ®

Figure 6: Dielectric surface point: detector signal Figure 7: Metal surface point: detector signal graph
graph based on estimated parameters n, T,,; and based on estimated parameters n, k, Top; and Topmyp
Tamp (solid line); points (x) mark the measured (solid line); points (x) mark the measured values.
values.
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Table 1: Evaluation results regarding individual surface points.

Dielectric surface point | Metal surface point

Tobj meter 328.55 K 329.25 K

Topj 330.02 K 332.29 K
Err(Top)) 1.47 K 3.04 K

Tamb_meter 29955 K 29835 K

Tamp 299.31 K 29794 K
Err (Tamp) —0.24K —041K
n 1.4349 8.3727

k - 22.1182

correspondence to the individual pixel values, which is also expressed in the estimated
temperature values as seen in Table 1. There are only small absolute temperature errors
Err(Topj) and Err(Tgmp) with respect to the measurements taken with the calibrated

thermometer.

Figure 7 shows the results of an analog experiment for a metal surface point. Similar to the
dielectric case, the graph shows good correspondence. There is only one bigger misalignment

at a viewing angle of 30 °.

The second evaluation was performed considering a line of points on the surface. While in the
previous single point evaluation the emissivity characteristic (i.e. the information, whether the
regarded point has dielectric or metal characteristic) has been determined manually, in this

Datasel 1 Dalasel 2

360

- 1350

w
B
[=]
K

Image rows
(= I ]
o v,
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[
[+
=)

Tempearature in

€
«
k=]

100 200 300 400 500 600
Image columns

Figure 8: [llustration of the surface points that were considered during the experiment. The bottom picture shows
an exemplary thermal image interpreted with an emissivity € = 1. The white lines in the image sections on the
top depict the regarded pixels for two different datasets.
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Figure 9: Evaluation results for dataset 1. All pictures represent a vertical line of points/pixels on the surface.
Partial result of material classification can be seen in the figure on the left (black areas: dielectric surface, white
areas: metal surface). The figure in the middle shows the corrected thermal image after applying material
classification and temperature estimation. For comparison, an incorrectly interpreted image assuming an
emissivity of € = 1 is depicted on the right.

experiment it was provided by the material classification algorithm. Figure 8 illustrates, which

surface points were considered during this experiment.

The evaluation was performed with two different datasets (each 15 images taken from varying
points of view). Figure 9 shows the evaluation results for the first dataset. It can be seen, that
an overall improvement in the temperature interpretation was achieved compared to the source
image. The results for the second dataset (Figure 10) also show an improvement towards the
initial image. Detailed measurement values are given in Table 2. Although the estimation step
produced some outliers (indicated by the minimum and maximum estimated values in the table),
the estimated mean value over all regarded pixels has a small absolute error with respect to the

measurement taken by the thermometer.
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Figure 10: Evaluation results for dataset 2. All pictures represent a vertical line of points/pixels on the surface.
Partial result of material classification can be seen in the figure on the left (black areas: dielectric surface, white
areas: metal surface). The figure in the middle shows the corrected thermal image after applying material
classification and temperature estimation. For comparison, an incorrectly interpreted image assuming an
emissivity of € = 1 is depicted on the right.
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Table 2: Evaluation results regarding a line of points on the surface.

Dataset 1 Dataset 2
Tobj_meter 327.25K 327.65 K
Tobj_min 322.53 K 325.76 K
Dielectric points Tobj_max 33037 K 329.95 K
Tobj_mean 328.39 K 329.41 K
Err(Top;) 114K 1.76 K
Tobj meter 328.35K 328.85 K
Tobj_min 322.53 K 322.53 K
Metal points Tobj max 354.62 K 354.62 K
Tobj_mean 329.48 K 331.15K
Err(Top;) 113K 230K

Beside the evaluations using a fixed experimental setup, we equipped a mobile robot in order
to make the first move towards transferring our approach to the real use case. The mobile robot
we used is a Pioneer 2. Combining the thermal imaging camera with a Microsoft Kinect v2
time-of-flight depth sensor, we performed a simple temperature mapping. That means that the
2D thermal images were projected on the 3D structure detected by the depth sensor. This
allowed us to calculate the viewing angle directly out of the spatial correlation between camera
and surface. The viewing angle information was then fed into the estimation algorithm to
perform the evaluation of an individual dielectric surface point (as explained in the beginning
of this section). Unfortunately, we were not able to consider metal surface points, because the
depth sensor could not detect these. The experimental setup used during the mobile robot
evaluation is shown in Figure 11.

The results of the mobile robot evaluation are not as convincing as the results of the previous
experiments. Although the estimated signal detector graph aligns well with the measured pixel

values (see Figure 12), there are large absolute temperature errors of Err(Tob j) = 295K and

Figure 11: Experimental setup during mobile robot evaluation. The Pioneer 2 equipped with the FLIR A655sc
thermal imaging camera a Kinect v2 depth sensor looking at the heated aluminum plate.

16
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Figure 12: Dielectric surface point in the mobile robot evaluation: detector signal graph based on estimated
parameters N, T,p; and Tgy, (solid line); points (x) mark the measured values.

Err(Tymp) = 7.22 K with regard to the thermometer values. We refer these errors primarily to
inaccuracies in the determination of the viewing angle.

17
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4. Handling Thermal Reflections

As mentioned in Section 2.2, there are various approaches in order to detect and remove
reflections from thermal images. In the following, due to the limitations that come along with
our application, only software-based methods are considered. The other discussed possibilities
are not applicable because of multiple reasons. For an autonomous acting robot, it is unpractical
to cover regarded surfaces with high-emissivity materials in order to avoid reflections.
Additionally, for the use of infrared polarizing filters a strict spatial setup of the camera, filter
and surface is needed. While this is useful under laboratory conditions and for manual
thermography, the approach does not meet the demands of flexibility in real world scenarios.

In this section, we first give an overview on known software-based methods to detect and
remove reflections. These approaches are designed to work for RGB images and it is difficult
to transfer them to thermal images. Therefore, we then present a method for thermal reflection
detection and removal.

4.1 Overview on Software-based Approaches

The general procedure of software-based approaches to reflection handling is to separate
different layers of the input image. What distinguishes the work of different authors is the
method they use to separate these layers. Before we present our approach, we give a little review
on the various methods of layer separation and specular highlight removal. Following, we also
explain why most of the approaches are not applicable to the SmokeBot project.

One way of layer separation is to manually mark key points in the reflection/background layer
as presented in [11]. This user-assisted, single-image approach comes along with the
disadvantage that every individual image has to be edited manually. Besides the fact that this
would take a long time, the method is not viable due to autonomy reasons.

Another method of layer separation uses independent components analysis [13]. Taking two
images of the same scene but with different polarizer settings, the approach is able to separate
the components of the images. Similar approaches taking input images of the same scene make
use of changing focus settings [21] or apply a flash [22]. However, these methods are not
applicable to SmokeBot, because of the moving robot that shall not stop its movement in order
to take images.

There are also possibilities to exploit the robot movement and the resulting change of the
camera’s point of view. Comparing the movement of different image features allows extracting
layers, because features tracked in distinct spatial depths move differently. In the context of
using image sequences to separate background and reflection layers, approaches have been
presented in [23], [14] and [24]. For thermal images, a challenge lies in detecting and tracking
of features. This makes it hard to transfer the presented implementations from RGB to thermal
images.

In [25] and [26], methods for removing specular highlights in RGB images have been proposed.
The authors use illumination chromaticity in order to separate diffuse and specular image layers.

18
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Due to the lack of color information in thermal images, these methods are not applicable to the
SmokeBot project.

4.2 Detection and Removal of Thermal Reflections

Similar to some of the previously discussed works, we make use of the camera’s changing point
of view. In contrast to the presented approaches, we assume that the 3D model of the regarded
surface structure is known. In later stages of the SmokeBot project, this environment model
will be provided by Simultaneous Localization and Mapping (SLAM) algorithms. In the
project’s current stage, we simplified the environment model by regarding only a plane
reflective plate that is recognized by its corner points. This way, we were able to relate the
measured intensity values to spatial points.

The proposed implementation includes the following steps:

1) Detection of the corners of the reflective plate. This step is redundant in case of an
environment model being provided.

2) Thermal image rectification allows creating a grid of intensity/temperature cells.

3) Reflection detection using differences of consecutive images.

4) Image back-transformation highlighting/removing thermal reflections.

The most significant steps are described in the following sections.
4.2.1 Temperature Grid Generation

In this step, we assume that the geometrical relation between the 3D surface structure and the
thermal image is known, i.e. that the thermal image is already mapped on the surface. Since we
only consider a plane reflective plate in this implementation, we first dewarp the plate. After
that, the plate surface is downsampled to a user-defined grid.

-
- J=

Figure 13: Temperature grid generation: Sketches on top of the figure show the functional principle of the grid
generation. On the bottom, corresponding examples are depicted. See text for a more detailed explanation.
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Figure 13 depicts the working principle of the implementation with the aid of an example. The
geometrically distorted image is dewarped (i.e. rectified) in the first step. Notice, that only the
region of interest (the heated aluminum plate) is rectified in the second example image. After
that, a grid whose size can be defined by the operator is generated and laid on top of the image.
Depending on the grid size, the spatial resolution of the resulting image is different from the
resolution of the input image.

4.2.2 Reflection Detection

The implemented approach on reflection detection is based on background subtraction.
Calculating a moving average over the image sequence leads to a background image that can
be subtracted from the current thermal image. After some postprocessing (thresholding,
opening, etc.), the reflection can be marked in the final image.

In Figure 14, the working principle of the background subtraction is depicted. In order to
calculate the moving average of the scene, images from previous iterations are summed up in a
weighted addition. The current image has less weight than the current moving average image
in our implementation. That means that the current image has less influence on the result than
the sum of all previous images. This leads to an image (see the center bottom image of Figure
14), in which static objects are more clear and sharp than moving objects (which are blurred
and less intense).

A special feature of our implementation is the reflection feedback. The reflection image I.f; is

used as a mask for the accumulation (weighted addition) algorithm. This way, we prevent
reflections detected in the current image from being included in the moving average calculation.
In the current stage of the implementation, only moving reflections can be detected directly (i.e.

Mask for detected reflections

v ' ' v
L L L, L,
et + + e 7
L I
It Iavg Iroﬂ

Figure 14: Functional principle of reflection detection used in our implementation. Moving average image l4y4
is subtracted of the current image I; to obtain the reflection I,.¢;. The reflection image is fed back into the
accumulation algorithm that calculates the moving average image.

20



645101 - SmokeBot Deliverable 3.1

~
,.u

Figure 15: Examples on reflection detection: The three rows show three different datasets. In the left column, the
raw thermal image can be seen. The middle column shows the moving average image. The right column depicts
the calculated thermal reflection.

the thermal imaging camera must be moving). For later stages of the project, it is conceivable
to track reflections removing them in the resulting image.

To evaluate our approach, we took three exemplary datasets. All images show a heated
aluminum plate with duct tape on it. The high-emissivity duct tape serves as a static object
related to the plate, which means that it (optimally) does not move in consecutive, rectified
images of the plate. This is different for the remaining low-emissivity surface area of the plate.
Here, it is possible to see reflections such as the heated can that we used in our experiments.
The results of the reflection detection for the different datasets are shown in Figure 15.

4.2.3 Reflection Removal

Reflection removal is done with the help of the reflection image that was output by the reflection
detection algorithm. For the pixels marked as reflections (i.e. the white areas in the reflection
image), the corresponding pixel in the final image is filled with the pixel’s moving average
instead of the current pixel value. If the pixel in the reflection image is not marked as a
reflection, the final image pixel value is chosen according to the latest thermal image.

Figure 16 shows exemplary images taken from the three datasets. It can be seen that — especially
in the third example — the reflection can be removed almost completely. The first and the second
example show small contours of the reflection that are not removed correctly. Most likely, this

21



645101 - SmokeBot ‘ Deliverable 3.1

Figure 16: Examples on reflection removal: The three rows show three different datasets. In the left column, the
raw thermal image can be seen. The middle column shows the thermal image with highlighted reflections. The
right column depicts the thermal image with reflections removed.

can be avoided tweaking the parameters such as the mask size of the dilation operation that
inflates the detected reflection in the reflection image.
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5. Influence of Smoke

We evaluated the influence of smoke on thermal images using a smoke machine, or more
precisely a fog machine!. We decided to perform our experiments this way due to several
reasons:

e Fog machines are broadly used in firefighting training; also in “hot” training situations,
where the fog is heated with the help of a gas burner or something similar.

e The smoke output can be controlled, which makes the experiments more deterministic
and reproducible.

e The smoke is toxicologically harmless to humans.

As stated before, it was already shown in other works that dense, low-temperature smoke as
well as light, high-temperature smoke do not significantly influence thermal images. This
observation can be explained using Equation (4) that was introduced in the thermography basics
of this report. Neglecting the emissivity’s influence (i.e. assuming & = 1), the radiation
measured by the thermal imaging camera can be calculated as:

Ium = T2 + (U= O 1Lh, = T(120; — 186,) + 1bm. 9)

Equation (9) shows that both high temperature and transmittance are closely related. For dense,
low-temperature smoke (related to the target temperature) the assumptions 128, <« I f,’ l’,’ j
respectively T < 1 hold and the equation simplifies to I, = Tlé’,l; ;- This means that for dense,

low-temperature smoke conditions, the measured signal is at most slightly attenuated depending

on transmittance 7. Similar considerations can be performed assuming light (7 = 1), high-

bb

temperature smoke. In this case, the equation simplifies to Iy, = Ipp ;-

In the experiments presented in this section, we first verify the considerations about dense, low-
temperature smoke. After that, we evaluate the influence of dense and hot smoke.

5.1 Dense, Low-Temperature Smoke

This experiment was performed using a smoke machine in combination with high-density
smoke fluid. The smoke was carried into a cardboard frame that acted as a windbreak. The
thermal imaging camera observed a heated target that was placed inside/behind the frame.
Figure 17 and Figure 18 show the experimental setup. As can be seen from the pictures, it is
not possible to see through the smoke with a standard RGB camera. However, in the thermal
image, the target can be seen clearly (see Figure 19).

!'In the following, we use the words ,,fog* and ,,smoke* synonymously, although we are aware of the different
meanings in the sense of physics.
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Figure 17: Low-temperature smoke experiment: Figure 18: Same scene as in Figure 17, but with

Smoke is carried into a cardboard frame that serves smoke applied.
as a windbreak. Inside the frame, there is a heated
target.

The evaluation was performed measuring the target temperature over time. No significant
changes could be measured. This confirms the considerations discussed previously. Measuring
the changes in temperature directly in front of the smoke machine’s nozzle resulted in slightly
higher temperatures when smoke was applied compared to a no-smoke situation. This
temperature change is caused by the fact that the smoke is still warm/hot when leaving the
smoke machine. Inside the smoke machine the smoke fluid is vaporized at temperatures above

200 °C.

5.2 Dense, High-Temperature Smoke

For this evaluation, we used a slightly different experimental setup. The smoke was not directly
blown into the target area, but carried through a metal pipe. The pipe was heated by a gas burner
placed below. With this setup, it was possible to heat up the smoke to about 330 K (57 °C).
The experimental setup is depicted in Figure 20 and Figure 21.

Figure 19: Low-temperature smoke experiment: Exemplary thermal image.
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Figure 20: High-temperature smoke experiment: Figure 21: Same scene as in Figure 20, but with
Smoke is carried through a pipe and heated by a gas smoke applied.

burner. A cardboard frame serves as a windbreak.

Inside the frame, there is a heated target.

Altogether, we took four datasets. In the first two datasets, we demonstrated the influence of
hot smoke (compared to the target temperature) on a human behind it. The purpose of these two
datasets is simple visual evaluation. In Figure 22, a series of image pairs (RGB and thermal) is
depicted. Especially subfigures b) and c) show that there can be misinterpretations in the
thermal images caused by smoke. The heated smoke seems to cover the human that crouches
in the background. For better visibility (especially contrast), we chose the “rainbow” color map
to artificially colorize the images.
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Figure 22: High-temperature smoke experiment: Comparison between RGB image (left) and thermal image
(right) for several points in time (dataset 1).
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Figure 23: High-temperature smoke experiment: Comparison between RGB image (left) and thermal image
(right) for several points in time (dataset 2).
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Figure 24: High-temperature smoke experiment: Comparison between RGB image (left) and thermal image
(right) for several points in time (dataset 3).

Similar result are shown in Figure 23. Especially on subfigures b) to e) the heated smoke is
visible. A distinction between the smoke and the person’s legs/pants is barely possible.

In the other two datasets, we evaluated the smoke’s influence more objectively. Considering a

static target (heated up to about 346 K), we observed the target temperature change over

Temperature [K]

348
346
344
342
340
338
336
334
332
330
328

326

\ = e
X e | =
Vi 1A Jaa aa) i
o / R
i i) e
U ]
Time [s]

Figure 25: Temperature graph for dataset 3 during high-temperature smoke experiment. Green areas represent
durations in which smoke influenced the measurement.
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Figure 26: High-temperature smoke experiment: Comparison between RGB image (left) and thermal image
(right) for several points in time (dataset 4).

time when applying smoke. Some of the images taken are depicted in Figure 24. The
temperature graph of dataset 3 is shown in Figure 25. It can be seen that the temperature

measured without any smoke influence is at about 346 K. The green area in the graph represents
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Figure 27: Temperature graph for dataset 4 during high-temperature smoke experiment. Green areas represent
durations in which smoke influenced the measurement.
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the duration in which the smoke machine applied smoke to the scene. During this period of

time, the measured temperature strongly varies and drops below 336 K temporarily.

This behavior can be seen more clearly in dataset 4. There, we applied the smoke interval-wise.
Figure 26 partially shows the series of images taken for dataset 4. The corresponding
temperature graph is depicted in Figure 27. As can be seen from the graph, the smoke influences
the measurement when it is applied. The temperature decreases to a minimum of 330 K. In the
periods where no smoke is applied, the measured temperature stabilizes at about 339 K. This
stabilization also happens when there is still smoke visible in the RGB image. We refer this
behavior to the fact that the smoke cools down to ambient temperature very fast. Only in the
moments when it leaves the smoke machine respectively the pipe, its temperature is high
enough to influence the measurement.
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6. Conclusion and Future Work

In this technical report, we investigated typical misinterpretations of images taken by a thermal
imaging camera. Explaining the basic principles of thermography, we gave a state-of-the-art
overview on three different sources of error:

e Unknown emissivity values,
e Thermal reflections and
e Smoke in the line of sight between the camera and the regarded surface.

Regarding unknown emissivity values, it was shown that a varying viewing angle of the camera
can be exploited in order to correct misinterpretations of low-emissivity surface areas.
Considering the intensities depending on the viewing angle, we were able to do a basic material
classification and to estimate emissivity and temperature values.

The detection and removal of thermal reflections was implemented using a background
subtraction approach. Calculating the moving average over all past images and subtracting it
from the current thermal image, we were able to detect reflection areas in the scene. We showed
that — in combination with a reflection feedback provided to the accumulation function — our
algorithm is able to eliminate moving reflections in thermal images.

Both the approaches in handling misinterpretations due to unknown emissivities and thermal
reflections rely on the availability of a 3D model of the environment. The temperature values
provided by the thermal imaging camera must be mapped onto this 3D structure. Since at the
current stage of the SmokeBot project no such environment model was available, we used a
strict experimental setup and known geometrical relations to compensate for this.

The third source of misinterpretations investigated in our experiments is the influence of dense
smoke on thermal images. In the first evaluation, we could confirm that dense, low-temperature
smoke has no significant influence on thermal images. The second experiment showed that
dense, high-temperature smoke in contrast does influence the measurements.

During the next year, we will develop a software toolkit that allows indoor surface temperature
mapping (Task 3.2). With the help of this, we will be able to transfer our approaches to the real
use case scenario. Regarding the correction of low-emissivity temperature measurements, it
could be investigated how to preferably deal with present reflections at the same time. Our
approach to reflection removal could furthermore be extended by a reflection tracking
mechanism, that additionally allows to eliminate static reflections that were already detected.
In later stages of the project, misinterpretations caused by dense, hot smoke may be eliminated
with the help of other sensors. It is conceivable, that the comparison of different sensor data
can lead to information about highly probable smoke areas, which can then be marked and
removed in the current thermal images.
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Abstract— Autonomous mobile robots exploring areas in a
search and rescue (SAR) context benefit greatly from the usage
of thermal imaging cameras (TICs). In unknown environments,
the interpretation of the temperature values provided by the
camera is a challenge. This is due to the fact that temperature
calculation based on thermal images depends strongly on the
regarded surface emissivity. In this work, we show how to
improve the temperature interpretation in thermal images
making use of the diverse characteristics of the emissivity at
varying viewing angles. Using several thermal images taken
from different points of view, we are able to do a basic
material classification. In combination with an algorithm that
maps temperature values on the environment’s 3D structure,
we estimate the regarded surface emissivity and temperature.
The presented approach is evaluated by a single camera setup
using nonlinear optimization techniques.

I. INTRODUCTION

Recent disasters such as the September 11 attacks or the
Fukushima Daiichi nuclear disaster have shown that mobile
robots can be used to efficiently support human rescue forces
(see [1], [2]). Search and rescue (SAR) robots can visit
areas, that cannot be explored by humans due to several
reasons — in some situations it is too dangerous to go there
(potential collapse, contamination, etc.), in other cases the
rescue forces simply cannot reach the target zone because
of their body size. In [3], we presented an interdisciplinary
approach to autonomous team-based multi-robot exploration
in such scenarios.

SAR robots are typically equipped with several sensors
that proved beneficial in these kinds of scenarios (RGB
cameras, laser scanner, gas sensors, etc.). Over the past years,
thermal imaging cameras (TICs) have become important
components in robotic systems — mostly in the field of
SAR robotics. In this context, TICs are particularly used
to detect victims at disaster sites (e.g. [4], [5]), but also to
explore forest fires (e.g. [6], [7]). Either the robots operate
remotely controlled by human operators or they act fully
autonomously.

While nowadays SAR robots mostly operate under remote
control, there are good reasons for the robots to have au-
tonomous features, not only in motion planning and control
but also in the field of environment perception. In a typical
remote control scenario the operator himself is able to
evaluate the information he gets from the robot sensors. For
autonomous robots this is different, because, in difficult situ-

ations, they cannot rely on reasoning methods (like a human
operator). Therefore, the robots need reliable mechanisms to
model their environment and store the important information
(e.g. [8D).

Basically, a human operator would certainly be able to rec-
ognize ambiguities caused by highly reflective surfaces and
resulting mirror effects or misinterpretations of temperatures
due to unknown emissivities. For an autonomously acting
robot however, the correct interpretation of temperature in-
formation is a massive problem.

Our goal is to reduce misinterpretations of temperature
values measured by a mobile robot equipped with a TIC. The
improvement shall be achieved regarding temperature mis-
interpretations due to unknown surface emissivity values in
unexplored environments. A typical use case for the approach
presented in this work is the operation of an autonomously
acting SAR robot exploring a laboratory in which a fire
has broken out. Somewhere in this laboratory there are hot
gas bottles, whose temperatures are not correctly interpreted
due to their metal surface. For this reason, the robot is not
able to recognize the potential hazard. Our approach will
significantly improve the robot’s ability to correctly identify
the situation.

The remainder of this paper is organized as follows:
In Section II, we give an overview on related thermog-
raphy research topics, especially on emissivity/temperature
estimation and temperature mapping. Section III explains
the thermography basics on which the presented work is
founded. In Section IV, our approach is described, followed
by an evaluation (Section V) and conclusion (Section VI).

II. RELATED WORK

The need to estimate surface emissivities arises especially
when no additional contactual temperature measurement can
be taken or when the regarded surface cannot be investigated
under laboratory conditions. This is e.g. the case in temper-
ature measurements of land/sea surfaces taken by satellites
(e.g. [9], [10]), flames (e.g. [11], [12]) and hot metals in
industrial processes (e.g. [13], [14]).

A common method to estimate surface emissivity and real
temperature is based on the use of two measurement systems
working in different wavelength bands. This is also referred
to as the two-color or ratio method. In [15], this method
is used to create a surface mesh of a heated sphere, whose

Accepted at 2015 IEEE International Symposium on Safety, Security, and Rescue Robotics (SSRR)



nodes’ emissivities and temperatures can be calculated using
least square minimization. For this purpose, optical constants
are estimated in order to calculate an emissivity graph.

The effect of a varying viewing angle while taking mea-
surements with a TIC has been investigated e.g. by [16]
and [17]. While the authors of these papers only consider
materials with dielectric emissivity characteristic, [18] also
evaluates the viewing angle dependency of metal emissivi-
ties. We, too, consider both metal and dielectric materials.

Mapping of thermal images on 3D structures has been a
recent research topic and was investigated by multiple au-
thors. [19] presents a handheld system combining a TIC and
a RGB-D sensor. Using a multi-variable weighted raycasting
algorithm that implicitly removes the effect of unknown
emissivities allows the authors to create 3D models with
temperature surface maps. [20] shows another approach to
temperature mapping, where a tilted 2D laser scanner is used
together with a TIC in order to help rescue forces to locate
victims. In our mapping approach, we use the combination
of a TIC and a RGB-D sensor.

III. THERMOGRAPHY BASICS

In thermodynamics, there are three different types of heat
transfer: conduction, convection and radiation. The underly-
ing principle of thermography is radiation heat transfer. Each
body whose temperature is above absolute zero (0 K) emits
radiation. According to the third law of thermodynamics, this
statement applies to each real body. An idealized model of
a body that absorbs all incident radiation energy simultane-
ously emitting it again is called black body.

The spectral intensity 7°” emitted by a black body can be
calculated using Planck’s law:

21hc?
N (exp (57) — 1)
The constants characterizing Equation 1 are Planck’s con-
stant ~ and Boltzmann constant k. Additionally, the speed
of light c is also assumed to be constant. Hence, the spectral
black body intensity depends only on the body’s temperature
T and the radiation’s wavelength .

As written above, a black body is an idealized physical
model. Real bodies do not absorb all incident radiation.
Instead, they might reflect a part of the incoming radiation or
transmit it through the body. In our work, the transmission
of radiation is neglected, because we only consider opaque
bodies. The ratio between the emitted spectral intensity "¢
of a real body and the emitted spectral intensity 7°® of a black
body at the same temperature is called emissivity €:

Ireal ()\, T7 @)
I (X, T)

I\, T) = (1

e\, T,0) = 2)

Surface emissivity mainly depends on the regarded wave-
length A, the surface temperature 7" and the viewing angle ©.
In this work, we will not consider wavelength dependencies,
because in our experiments we assume the regarded surfaces
to be gray, which means that their emissivity does not depend
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Fig. 1. Example for misinterpretation of temperature values in unknown
environments: A stripe of duct tape (dielectric) sticks on a heated aluminum
plate (approx. 327 K).

on wavelength (see [21, p. 65]). All subsequent statements in
the presented work are based on measurements taken in the
spectral range between 7.5 um and 14 pum. Also the diverse
emissivity behavior regarding different surface temperatures
(see [21, pp. 110 - 120]) is neglected for simplicity purposes.

In unknown environments, there is usually no prior given
emissivity information. This can lead to misinterpretations
of thermal images, because, as a rule, every image pixel
is assumed to have the same emissivity. In Figure 1, this
is exemplarily depicted. Although the entire heated plate —
including the dielectric tape — has a temperature of about
327 K, the measured radiation energy is very different.
While the tape seems to have the highest temperature (white),
the temperature of the aluminum plate is interpreted as
being significantly lower (almost black). For comprehension
reasons, a human silhouette, which has a temperature of
about 310 K, can be seen in the background. The plate
temperature seems to be even lower than the human body
temperature.

In this work, we present an approach to prevent these
misinterpretations. The key is the diverse emissivity charac-
teristic at varying viewing angles and materials. In general,
the viewing angle is the angle between the camera’s optical
axis and the surface normal (see Figure 2). Regarding the
emissivity behavior, a distinction is made between dielectrics
and metals. This circumstance is depicted in Figure 3. For
dielectrics the emissivity has a constant high value at viewing
angles between 0 ° and 50 °. For viewing angles above 50 °,
emissivity decreases monotonically. The emissivity of metal
surfaces, in contrast, has a constant low value at viewing
angles between 0 ° and 60 °. It then grows to a maximum
just before reaching a minimum at 90 °.

The amount of radiation energy that is measured by a TIC
does not correspond to the amount of radiation energy that is
emitted by the regarded surface. It is rather the sum of three
radiation parts: the radiation energy emitted by the surface
(subscript obj), the radiation energy of the surroundings
reflected on the surface (subscript amb) and an atmospheric
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Fig. 3. Exemplary comparison of the general emissivity characteristics of

dielectrics (solid line) and metals (dashed line).

part of radiation energy (subscript atm). This is reflected by
the following equation:

Isum = Tg(@)[bg +7 (1 - 8(6)) Iabi)nb + (1 - T) Iab?rrw (3)

obj

where 1%, I, and I0},, are black body radiation inten-
sities of the object/surface, the ambience respectively the
atmosphere. The atmospheric transmittance 7 represents the
influence of the medium between the regarded surface and

the TIC. In our case, Equation 3 simplifies to
Tsum = 5(@)1223‘ +(1-¢(9)) [(l;l:nb’ 4

because 7 is assumed to be unity which means that the
medium between the surface and the camera is air.

Usual TICs do not provide output values for the detected
spectral intensity. Instead, a measurement formula is used in
order to interrelate the temperature with the signal that is
detected by the camera. In [22], a semi-empirical adaption
of Planck’s law is presented:

R
S=——7—. 5)
exp (%) - F
This equation is camera-specific. That’s why the spectral
intensity I is replaced by a detector signal S of arbitrary unit.
The parameters I?, B and F' are determined during factory
calibration and can be obtained by the camera manufacturer.

IV. EXPLANATION OF THE APPROACH

Our approach aims at improving the temperature inter-
pretation of measurements taken by a TIC. As described in
Section III, misinterpretations arise from unknown emissiv-
ities of surfaces in unexplored environments. To interpret

the thermal images correctly, we consider measurements
(thermal images) taken from different viewing angles making
use of the emissivity’s angular dependency. The general
procedure is the following:

1) Material classification: Determination of whether the
regarded surface point has the emissivity characteristic
of a metal or a dielectric.

2) Emissivity and temperature estimation: Determi-
nation of the parameters for calculating the surface
emissivity and for calculating object and ambient tem-
perature.

3) Image correction: Creation of a thermal image that
contains the corrected temperature values.

The following assumptions have to be made in order to
use our approach:

1) The surface is assumed to be optically smooth.

2) The viewing angle © is known for every individual
measurement.

3) The emissivity’s dependency on the surface tempera-
ture is assumed to be weak.

4) The distance between the camera and the surface is
small and the transmission medium is air (7 = 1).

5) The surface temperature is unknown but constant
(Top; = const.).

6) The ambient temperature is unknown but constant
(Tymp = const.).

7) The surface temperature is higher than the ambient
temperature (Top; > Tomp)-

A. Material Classification

In the presented work, we want to do material classifi-
cation (distinction between metal and dielectric) based on
thermal images taken from different points of view. For
this purpose, it is assumed that for every measurement the
geometric relation between camera and surface is known.
While under laboratory conditions this can be fulfilled using
a geometrically calibrated experimental setup, in a real use
case a 3D environment model has to be available. To deter-
mine, whether the regarded point on the surface has metal
or dielectric characteristics we use the emissivity properties
explained in Section III.

The emissivity characteristic can be directly transferred
to the detector signal due to a linear dependency between
them. This dependency becomes more clear rearranging
Equation 7:

S CTEH R E S R
R
+

exp (T(fn,b) —F.

Based on the assumptions made in Section IV the bracket
term and the second addend are constant values. As a conse-
quence, the measured detector signal is linearly dependent on
the emissivity. Therefore, is it sufficient to only investigate



the behavior of the detector signal to do a basic material
classification.

To perform the classification, we regard the individual
pixel values in thermal images taken from different points of
view and investigate their monotonicities. The procedure cal-
culates the differences between the detector signal values of
consecutive thermal images. This is done for every individual
pixel in the image. To detect the emissivity characteristic of
the regarded pixel, the sum of the signal differences is evalu-
ated: If the sum is negative, we assume that the monotonicity
of the measurements is decreasing. Therefore, the regarded
pixel is marked as dielectric. Otherwise, the pixel is marked
as metal. In the classification procedure, only viewing angles
below 85 © are considered. This is due to the fact that metal
emissivities rapidly decrease at very high viewing angles.
This would affect the monotonicity calculation. Additionally,
attention must be payed when considering pixels not in
the vertical line through the camera’s optical axis. Due to
perspective distortion, the classification for these pixels has
to be done in a spatial context (with a 3D environment
model).

B. Estimating Emissivity and Temperatures

The essence of this work is the estimation of the surface
emissivity and temperature based on nonlinear optimization.
As described in Section III, a semi-empirical equation can
be used to interrelate the detected signal and the surface
temperature. Combining Equations 4 and 5 — i.e. replacing
the spectral intensity I with the detector signal .S — leads to:

R R

exp (Tij) - F Fi=e®) exp (Tfnb) 1(77)

Similar to [15], who estimate surface temperature and
emissivity using the two-color method, we also create a
system of nonlinear equations. These equations have the form
of Equation 7. In our approach, the parameters are fitted
against measurements taken from different viewing angles
for individual points on the surface. To determine the most
suitable parameters, least square minimization is performed
in the following way:

S =¢(0)

minf(p) = min} (57" = S7(p))’, ®)

i=1
where  f(p) is the objective function and
p = {n,k Toj, Tamsp} is the set of parameters to be

optimized. The signals S} and Sy are measured/calculated
values at different viewing angles (measurements at
z viewing angles).

As stated before, the approach makes use of the diverse
emissivity behavior according to different viewing angles,
depending on whether the surface is dielectric or metal. The
model used to calculate the emissivity as a function of the
viewing angle refers to [21]. The model equations depend
on the refractive index n and the extinction coefficient k. As
stated by the authors, the model shall be used with caution in

real applications. One limitation is that the model assumes
“optically smooth” surfaces, which means that roughness,
texture and surface imperfection have to be smaller than the
wavelength of the incident radiation.

For (perfect) dielectrics, the emissivity €4 can be calcu-
lated as:

Pd1(0,n) ;‘pdn (e, n)’ ©)

where pgi and pg are the polarized perpendicular and
parallel parts of the specular reflectivity of the surface.
Assuming that the medium between the camera and the
surface is air, they can be calculated as:

€d(@,n) =1-

2
2 _«in2@ —
n sin“ © cos@) (10)

de_(G)an) =
(\/n2 —sin?© + cos ©

and

2
n2cos® — vV/n? —sin’ O (11
n2cos© + V/n2? —sin’ O .

While dielectrics usually have a refractive index of n > 1,
their extinction coefficient tends to be & — 0. That’s why
the emissivity of dielectrics only depends on the refractive
index n and the viewing angle ©.

Metals instead have a large extinction coefficient. The
equation for a metal surface emissivity according to the
model is:

Da)| (©,n) = <

Em1(0,n, k) + £, (0,10, k)

Em((—)?n?k) = 2 9 (12)

where the perpendicular and the parallel emissivity parts are:
4dn cos ©

m 6) }) k - 13
em (O, k) cos? © + 2ncos © + n? + k2 (13)
and

4 S

e (0,1, k) = - (14)

(n? 4+ k?)cos?© +2ncos© + 1

Varying the viewing angle and substituting the emissivity
in Equation 7 with Equations 9 respectively 12 leads to a
formulation that can be solved in the sense of least square
minimization (Equation 8).

V. EVALUATION

The approach is evaluated in three different setups: The
first evaluation is performed regarding only one individual
point on the surface. In the second evaluation we regard a line
of pixels in the thermal images showing the benefits of the
entire approach. The third evaluation is done with the camera
mounted on a mobile robot using viewing angle information
provided by the mapping algorithm. For all experiments a
FLIR A655sc TIC with a resolution of 640 x 480 pixels is
used. Working in the spectral range between 7.5 pm and
14 pm, it has a thermal sensitivity of 30 mK and a field
of view of 45 ° x 34 °. Before taking measurements, the
camera is intrinsically calibrated using a heated chessboard
pattern. Due to the lack of any possibility to determine



Fig. 4. Setup for experiments regarding a single point respectively a line on
the surface: TIC mounted on a rotatable axis looking at a heated aluminum
plate.

the real emissivities of the regarded surfaces, we limit our
observations to the temperatures. These are measured using
an additional thermometer. For optimization, the Nelder-
Mead Simplex Method [23] is used in all evaluation setups.

A. Single Pixel Evaluation

The experimental setup is shown in Figure 4. The TIC is
mounted on an aluminum profile that can be rotated around
a vertical axis centered at the observed object. The regarded
surface is plane and mounted exactly above the fixed rotation
point. With this setup, measurements at different viewing
angles can be taken. To satisfy all assumptions made in
Section IV, we pay additional attention to the following
details: The surface is heated with a 22 W heat pad (T,5; =
const. and Typ; > Tomp). The camera is mounted as closely
to the surface as the focus setting allows (in our case
approx. 15 ¢m). To simulate a constant ambient temperature,
the direction of reflection is covered by a material that
has a constant temperature (we solved this using a large
cardboard).

In the following experiments, the point of intersection
between the optical axis and the surface plane is observed.
The viewing angle is altered from 10 ° to 87.5 ° (in 2.5 °
steps). At every step, the camera detector signal is recorded.
The first measurements are taken looking at the dielectric
tape surface of the heated plate. Figure 5 shows the results of
the experiment: The solid line depicts the calculated detector
signal graph based on the parameters found via least square
minimization. The graph can be compared with the raw
values that were taken during the measurements. See Table I
for detailed values. Err(T) depicts the particular absolute
temperature deviation from the temperature measured by the
external thermometer.

The same experiment is performed for a single point on
a metal (aluminum) surface. The resulting detector signal
graph is depicted in Figure 6. As for the dielectric case,
the signal graph for the metal surface point shows good
accordance to the raw sensor data. Merely one bigger mis-

TABLE I. Evaluation results regarding single points on the surface.
Dielectric point | Metal point
Tobj meter 328.55 K 329.25 K
Tobj 330.02 K 33229 K
Err(Top;) 147 K 3.04 K
Tambmeter 299.55 K 298.35 K
Tamb 299.31 K 297.94 K
Err(Tams) —-0.24 K —041 K
n 1.4349 8.3727
k - 22.1182
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Fig. 5. Dielectric surface: detector signal graph based on estimated pa-
rameters 1, Top; and To.mp (solid line); points (x) mark measured detector
signal values.

alignment (of about 50 units with respect to the estimated
graph) at a viewing angle of 30 ° could be identified.

B. Pixel Line Evaluation

The following evaluation shows the benefits of the ap-
proach as a whole. As described in Section IV, image correc-
tion is performed in three steps: basic material classfication
(metal/dielectric characteristic), emissivity/temperature esti-
mation and image correction. Instead of considering single
points on the surface, we now regard a line of pixels
in thermal images that were taken from different viewing
angles. To simplify the calculation of the true viewing angles
and to ensure that the regarded surface points are the same
over all measurements, the vertical line of pixels closest to
the camera’s optical axis is regarded (see Figure 7).

For this evaluation, two independent datasets are created.
Both consist of 15 thermal images taken from viewing angles

x 10*
1.55F b

1.451

Detector signal [AU]

0 10 20 30 40 50 60 70 80 90
Viewing angle in ©

Fig. 6. Metal surface: detector signal graph based on estimated parameters
n, k, Top; and Tqump (solid line); points (x) mark measured detector signal
values.
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Fig. 7. Tllustration of the image pixels that are considered in the two
different datasets: The white lines in the pictures on the top depict the
regarded pixels during evaluation. The black image areas belong to the
aluminum surface (interpreted as approx. 300 K); the brighter areas belong
to the dielectric tape surface (interpreted as approx. 330 K).

between 10 ° and 87.5 °. We only consider a line of pixels
(100 x 1 pixels) vertically positioned to the camera’s optical
axis. Tracking the signal differences between consecutive
images for each individual pixel allows us to classify the
regarded pixel material, i.e. to decide whether the surface
point follows metal or dielectric emissivity characteristics.
For the two datasets the results of this classification is shown
in Figures 8a and 8b.

After material classification, emissivity and temperature
estimation is done as described in Section IV. For the least
square minimization only the first 11 out of 15 thermal
images are considered, because the estimation quality de-
creases if images taken at angles above 77.5 ° are used.
We trace this back to inaccuracies in the experimental setup
and in the measurements when taking the thermal images
(e.g. caused by the construction made of aluminum profiles
or errors while measuring the viewing angles). Figures 9
and 10 show the results of the final image correction. In the
original image, the emissivity is assumed to be unity for each
individual pixel (because there is no prior knowledge of the
regarded surface). This leads to the following temperature in-
terpretations: While the temperatures of the dielectric surface
points are interpreted as T,;; = 330 K, the temperatures of
the metal points are interpreted as Top; = 300 K. The metal
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(b) Result of material clas-
sification for dataset 2.

(a) Result of material clas-
sification for dataset 1.

Fig. 8. Calculated differences between consecutive thermal images taken
from different viewing angles lead to the depicted material classifications
(black: dielectric tape surface, white: metal surface). See Figure 7 for an
illustration of the regarded pixels.

TABLE II. Evaluation results regarding a line of points on the surface.
Dataset 1 Dataset 2
Tobjmeter | 327.25 K | 327.65 K
Tovj-min 322.53 K | 325.76 K
Dielectric points obj-maz 330.37 K | 329.95 K
Tobjmean | 328.39 K | 329.41 K
Err(Top;) 1.14 K 1.76 K
Tovjmeter | 328.35 K | 328.85 K
Tobjmin 32253 K | 32253 K
Metal points obj.maz 354.62 K | 354.62 K
Tobjmean | 329.48 K | 331.15 K
Err(Topy) 1.13 K 2.30 K

surface points are therefore interpreted as being cooler than
they actually are. After running the discussed algorithm, an
improvement can be seen comparing the original with the
corrected thermal images.

Although there are some outliers (see Table II), the means
of the metal/dielectric points show good correspondence
with the verified temperatures measured by the external
thermometer. The absolute deviations Err(T) from the ver-
ified temperatures are similar to the deviations calculated
during the single pixel evaluation. An interesting observation
is that both the minimum and maximum calculated metal
temperatures are the same for the two datasets. This might
be caused by running into the same local minimum during
the estimation step.

C. Evaluation on a Mobile Robot

The mobile robot we use in this evaluation is a Pioneer 2
equipped with both a Kinect v2 and the FLIR camera men-
tioned before. We use an online temperature mapping method
to additionally calculate viewing angles for each individual
pixel in the image. We do not consider metal surface points
in the following experiment, because the online mapping
cannot be performed at large viewing angles. This is due
to the Kinect’s time-of-flight principle that cannot measure
the depth of highly reflective surfaces. For this reason, the
evaluation is performed for dielectric surface points only.
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Fig. 10. Comparison of corrected (left) and original (right) thermal images
for dataset 2.

Before taking measurements, intrinsic and extrinsic cali-
brations of the depth sensing camera and the TIC (using a
heated 3D chessboard pattern) have been performed. Apart
from the facts that the camera is now mounted on a mo-
bile robot and that the estimation procedure now receives
the viewing angle information directly from the surface
temperature mapping algorithm (see Figures 11a and 11b),
the experimental setup is the same as the one before (see
Figure 12). To improve the quality of the viewing angle
calculations, the dielectric surface on the heated aluminum
plate is extended for this evaluation procedure.

Similar to the single pixel evaluation, we only consider
one individual point on the surface in this experiment.
Measurements are taken from seven different points of
view. Using the algorithm, the surface temperature is es-
timated as T,;; = 330.60 K; the ambient temperature
as Tymp = 308.67 K. The reference values measured by
the thermometer are T,p; meter = 327.65 K respectively
Tombmeter = 301.45 K. This leads to absolute deviations
of Err(Te;) = 2.95 K respectively Err(Tomp) = 7.22 K
referred to the verified temperature values. Although the

(a) Temperature mapping: Tem-
perature values are projected on
the 3D structure perceived by the
Kinect v2 sensor.

(b) Visualization of calculated
viewing angles: Dark areas rep-
resent small angles; bright areas
represent large angles. Due to re-
flections there are some wrongly
calculated angles in the metallic
regions.

Fig. 11. An online temperature mapping algorithm is used to calculate
viewing angles.

Fig. 12. Experimental setup during evaluation on the mobile robot plat-
form: Pioneer 2 equipped with the TIC and a Kinect v2 looking at the
heated dielectric surface.

estimation procedure calculates a signal detector graph that
accords well to the sensor data (see Figure 13), the estimated
temperatures are not as close to the verified temperatures as
in the previous evaluations. Especially the large deviation of
the ambient temperature shows that some additional work
has to be done before our approach can be used in a real
use case. However, the feasibility of emissivity/temperature
estimation has been proved using the information provided
by a temperature mapping algorithm.

VI. CONCLUSION AND FUTURE WORK

The presented approach tackles the problem of misinter-
pretations of thermal images taken in unknown environments.
These misinterpretations are caused by unknown emissivities
of the regarded surface. Using the emissivity’s dependency
on the viewing angle, we were able to decide whether the
regarded points on the surface showed dielectric or metal
emissivity characteristics in order to estimate the true surface
temperatures in the sense of a least square optimization.
The results obtained proved the feasibility of our approach.
Additionally, we evaluated the approach in combination with
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Fig. 13. Dielectric surface in the mobile robot evaluation: detector signal
graph based on estimated parameters n, Top; and Ty, (solid line); points
(x) mark measured detector signal values.

a mapping algorithm that projects temperature values on a
3D model of the environment.

Regarding SAR scenarios as described in the beginning
of this work, we could prove the feasibility of the presented
approach implementing it on a mobile robot platform. To
transfer the presented approach to an autonomously acting
mobile robot, some further work has to be done. As men-
tioned in Section V-C, the depth sensing camera encounters
difficulties providing depth information of reflective surfaces.
A persistent 3D environment model could be used, so that the
robot would still be able to map temperature values on the 3D
structure even if he does not see the (metal) surface anymore
because the viewing angle is too large. The creation of such
an environment representation can be achieved using a 3D
Simultaneous Localization and Mapping (SLAM) method.

Further work will also include the relaxation of the as-
sumptions made in Section IV. Especially the assumption
that the ambient temperature has to be constant will not
be fulfilled in real SAR use cases. The tolerance of the
estimation step towards a varying ambient temperature, i.e.
reflected objects in the environment, has to be evaluated.
Another topic to work on is the temperature estimation for
metal surfaces, which shows some variation in the calculated
values for neighboring surface points. These variations could
possibly be eliminated by connecting objective functions of
several surface points during optimization, i.e. by creating
additional constraints in the estimation procedure.
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