Life Sign Detection Based on Sound and Gas Measurements
Stefan Imlauer, Konstantin Lassnig, Johannes Maurer and Gerald Steinbauer

Abstract— This paper investigates the problem of improving
robustness of autonomous victim search in urban search and
rescue (USAR) by using sound and gas measurements. Sound
measurements are collected to detect voices of victims. Gas
measurements are taken to detect breathing of living trapped
persons. In addition, the gas measurements are used to detect
dangerous gas concentration for human rescuers. We present
a hardware and software implementation of the sound and gas
based life sign detection system, and fist evaluation results of
the properties and the quality of the detections. The system is
implemented using the Robot Operating System (ROS) and
is mounted on our rescue robot for the RoboCup Rescue
competition.

I. I NTRODUCTION
This paper investigates the problem of making autonomous
victim search in urban search and rescue (USAR) missions
more reliable by using microphones and gas sensors to gather
additional information about the environment. Microphones
are used to take sound measurements. The sound measurements are analyzed to recognize human voices around the
robot. Gas measurements are provided by a state of the art
gas sensor. The gas sensor is able to measure carbon dioxide
(CO2 ), propane and methane. CO2 measurements are used
to detect breathing of living trapped persons. In addition,
CO2 , propane and methane measurements are used to detect
dangerous gas concentration for human rescuers.
The contribution of this work is a hardware and software
implementation of a sound and gas based life sign detection system, and first results showing an evaluation of the
properties and the quality of the life sign detections. The
life sign detection system is implemented using the Robot
Operating System (ROS) [1] and is mounted on our rescue
robot for the RoboCup Rescue competition. In the RoboCup
Rescue competition teams and their robots compete against
each other in exploring an arena and searching for simulated
victims [2].
The remaining of the paper is organized as following. In
the next section we outline some fundamental background
and related research. Section III provides a formal problem
definition. Our solutions for the sound and gas based life sign
detection problem is described in Section IV. In Section V an
experimental evaluation of the detection properties is given.
In the last Section we conclude the paper and discusses some
future work.
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II. R ELATED R ESEARCH AND F UNDAMENTALS
In this section, we review related work on life sign
detection and introduce some fundamental background.
The detection of human life signs is essential for search
and rescue missions. Different works investigated how life
signs can be detected through different sensors. As an
example BioRadar [3], developed by the I-LOV project, is
able to detect the heart beats of trapped persons based on
radar measurements.
In [4], Maggu et al. propose to use carbon dioxide
measurements to detect victims. In this work the base of
victim detection is built upon specific thresholds. In contrast
to our work as we propose a solution which is independent
from a pure threshold consideration. The main reason for this
approach is to respect different gas saturations in different
environments.
Victim detection with sound is also proposed in [5] and
tested on micro air vehicles to cover wider search range. In
contrast to our work the detection relies on sound source
localization from whistles. This allows a better localization
and a larger operating distance.
A. Sound Wave Properties
Sound waves propagate as spherical waves through air, are
reflected when a surface is hit and swallowed by materials.
The propagation can be estimated with the function
x(t, r) = −
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e
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Function x(t, r) represents the sound pressure of a point
r = [x y z]T in space at a certain time with k as the
scalar wavenumber and r the radial distance from the source.
Although sound waves are spherical shaped they are often
replaced with plane waves to simplify calculations.
Due to the propagation properties, sound waves hit points
in space at different time. For example consider a sound
source next to you: your ear closer to the source will hear the
produced sound first, the other ear a few milliseconds later.
These differences are known as interaural time difference
(ITD). The ITD can be used to gather an approximate direction of the sound source by calculating the cross-correlation
between each microphone input.
B. Measuring Sound
Sound is captured using microphones by measuring the
mechanical vibration caused by the pressure of sound waves
and converting the vibrations into electrical signals. A large
number of different microphone technologies exist to convert

sound waves into electrical signals. The most common types
are dynamic microphones and capacitor microphone.
Today’s sound measurement hardware consist of two or
more physical microphones forming an array. The microphones are placed in different positions and orientations.
A microphone array can consist of different microphone
types, but it is preferred to use similar types in an array. A
useful microphone array consists of at least four microphones
and can be used to detect a sound source within all three
dimensions. Microphone arrays are robust against a wide
variety of noise types by separating sound sources by their
direction.
C. Human Speech
Human speech is a sound produced by air pressure which
is pumped by the lung into the larynx and chopped into
audible pulses. Muscles adjust the pitch and the tone of the
vocal cords which is later changed by the tongue, lips and
the mouth to produce highly complex words.
Speech can be divided into smaller pieces from phrases to
words, from words to letters. From an acoustic perspective
it can get even smaller. The smallest parts of all languages
are phonemes.
Speech recognition [6] is a multi-leveled pattern recognition task and search for words inside the sound stream based
on a defined vocabulary. The recognition error increases
with the size of the vocabulary. For human speech detection
identifying specific words is not necessary. Thus the use
of a large vocabulary is not reasonable for detection. A
vocabulary based on phonemes [7] is more suitable for the
detection of human speech. A phonem vocabulary allows
the detection of the basic components of language and in
addition it is even language independent.

its molecules. The gas concentration is estimated by electrooptically measuring the absorption of a gas specific wavelength. The measured infra-red light intensity is inversely
proportional to the gas concentration in the chamber: for
example more CO2 concentration means less infra-red light.
E. Human Breathing
Breathable air is composed of nitrogen N2 (78.08%),
oxygen O2 (20.95%), argon Ar (0.93%) and carbon dioxide
CO2 (0.04%) and other gases [11]. Carbon dioxide is a
color- and odorless gas and is in general heavier than normal
breathable air. CO2 is generated amongst others through the
breathing of humans with a rate of approximately 10 to 70
liters per hour. The exhaled air of an human contains about
50, 000 parts per million (ppm) of carbon dioxide. The CO2
concentration of the external air is about 300 to 600 parts per
million (ppm) and of a bad ventilated room about 5, 000 ppm.
This small concentrations are not dangerous for a human. In
concentrations above 200, 000 ppm (= 20%), CO2 is deadly
for humans by an momentary inhalation. Figure 1 represents
an overview of different common CO2 amounts and their
appearance [12].

D. Measuring Gases
Gas measurement is needed in a broad range of applications for example in building automation and medical applications. These applications use several methods to measure
the concentration of gases. Gas measurement methods can
be divided into (1) chemical and (2) physical techniques.
Chemical gas measurement techniques are based on chemical reactions and are often used to indicate if there is any
high concentration of gases in the environmental medium.
Chemical techniques are not designed to measure continuous
values or changes of an concentration. Chemical sensors get
easily influenced by the environment (dust, humidity, etc.)
and have a short lifetime.
Physical Methods to measure gases are mostly based on
spectrography. The most common types are Molecular Correlation Spectrography [8], Quartz Enhanced Photoacoustic
Spectrography [9] and Infra-Red Spectrography [10]. The
most interesting sensor type is the non-dispersive infra-red
(NDIR) sensor.
The components of a NDIR sensor are an infra-red source,
a sample chamber, a wavelength filter and an infra-red
detector. The infra-red light is directed through the sample
chamber, where it gets in contact with the gas sample and

Fig. 1. Overview of different common CO2 amounts and their appearance.

F. Methane and Propane
Methane and propane are color- and odorless gases, and
are nontoxic. Although specific concentrations of these gases
could be dangerous. Mixed with air both gases are extremely
explosive. Methane is in ambient temperature lighter than
air and highly flammable in concentrations above about 4%.
Propane is heavier than air. Therefor in lower and closed
regions appear higher concentrations of propane. Thus there
is again the risk of fire and explosions. Additionally both
gases are suppressing oxygen. Hence breathable air gets less
in high concentrations of propane and methane [13].
III. P ROBLEM F ORMULATION
In this section the life sign detection task is defined
formally. We first describe the structure of the considered
environment and the robot. Then we will give a formal
definition of the considered problem.

Consider a collapsed building after an earth quake
including n victims V = {v1 , v2 , . . . , vn }. The location of each victim vi is defined as the position
pi = (xi , yi , zi )T . A set of life signs is defined as
L = {motion, bodyheat, bodyshape, breathing, voice}.
Each victim vi cause a set of different signs of life
signs(vi ) ⊂ L.
A robot is exploring the collapsed building. The position
of the robot pr (t) at time t is assumed to be determined. The
robot is equipped with a set S of l sensors s1 , s2 , . . . , sl .
Each sensor sj is generating a set of m measurements
Zj (t) = {z1 , z2 , . . . .zm } at discrete time steps t. Let S(k) ⊂
S be the set of all sensors in S whose measurements can be
used to detect life signs k.
We define the problem of life sign detection as the
process of analyzing the measurements Z1 , . . . , Zl and their
chronological development to identify signs of life close to
the robot. Furthermore, the relative position to the robot of
the life sign source has to be determined.
IV. S OUND AND G AS BASED L IFE S IGN D ETECTION
In this section we describe our approaches for sound
and gas based life sign detection. In following the main
principles and used algorithms are described independently.
The systems are implemented using the Robot Operating
System (ROS) [1] and are mounted on our rescue robot for
the RoboCup Rescue competition. The robot setup is shown
in Figure 2.

Fig. 3.

Algorithm 1 is designed to detect speech by reproduces the
talking behavior of a human. When speech occurs it is often
a word sequence and pretty much never a single word. Even
if a victim cries for help some words would be repeated.
With that in mind, the algorithm uses the prior probability
(prior) which was obtained from previous measurements and
reweighs the current probability (prob) in line number seven
or nine. This probability is compared with a defined threshold
to decide if a victim was found. Word and letters receive
different probabilities (wP rob and lP rob), so that smaller
words get higher and long words less rewards, depending on
the speech recognition toolbox. The decision is influenced by
previous occurrences, therefore, it is important to model an
static decrease of the prior which is implemented in line two,
so that longer speech pauses degenerate to a zero probability.
The algorithm 1 analyses each incoming speech occurrence,
thus even single words increase the detection probability.
Whole sentences cause a sharp probability increase similar
to single words spoken in short intervals.
Algorithm 1: Sound Based Life Sign Detection
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Robot model with sensor setup
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A. Sound based Life Sign Detection
To record sound and to detect the direction of the emitting
sound source a microphone array is used. The microphone is
connected to a speech recognition toolbox. For implementing
the speech recognition we used two different frameworks:
PocketSphinx [14] and Hark [15]. The speech recognition
toolbox analyzes the sound stream, searches for common
voice pattern and fits words to the sequence in a probabilistic way. The speech recognition is based on dictionaries
containing words and phonemes. The words and phonemes
are recognized and interpreted to detect human voice. The
detection result is submitted to to an higher instance. The
detection flow is visualized in Figure 3 and the basic decision
algorithm is shown in pseudo code in Algorithm 1.

Basic model of the victim detection solution via sound
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Function f oreachRecognizedT ext(text)
Input: text . . . recognized text from speech detector
Input: rScale . . . scale factor for reducing probability over time
Input: bP rob . . . bias probability
Input: wP rob . . . word probability
Input: lP rob . . . letter probability
Input: tvoice . . . threshold level until voice is detected
Input: prior . . . prior probability value
Input: prob . . . probability value
Output: detection . . . voice was detected
prior ← prior ∗ (rScale − elapsedT ime)
foreach letter ∈ text do
wordLength ← wordLength + 1
if letter == space k textEndReached() then
if wordLength > wSize then
prob ← prior + bP rob + wP rob
else
prob ← prior + bP rob + wLength ∗ lP rob
end
wordLength ← 0
end
end
prior ← prob
if prob > tvoice then
detection ← True
end
end

B. CO2 based Life Sign Detection
The concept for the gas based life sign detection consists
basically of three parts. The basic structure is shown in
Figure 4. The hardware module, in the sense of an arbitrary
gas sensor, performs the measurements. The next block, the
driver block, provides the hardware interface. The driver

performs the interpretation of the gained data for sensor
diagnostics and to get readable gas values. The final part of
the gas based life sign detection is the actual victim detection
task.

This covers the fact that around a victim the concentration
can stay stable. We call this stable area a plateau. In the case
of a concentration plateau the probability of a detection is
increased too and the the victim position is assumed to be
located in the middle of the detected plateau.
V. E XPERIMENTAL E VALUATION

Fig. 4.

Basic model of the victim detection solution via CO2

To implement the functionality for a reliable victim detection through CO2 Algorithm 2 has been designed. The
algorithm is based on three assumptions: (1) exhaled air
causes a higher CO2 concentration, (2) the CO2 concentration decreases with the distance to the breathing person
because the exhaled CO2 is mixing with ambient air, and
(3) high CO2 concentrations make exhaled air of a human
undetectable. The algorithm bases on a circular buffer to
perform on-line human breathing detection. The circular
buffer is used to keep a certain amount of gas values because
due to the gas properties of CO2 , a single measurement is
not sufficient for a reliable detection.
Algorithm 2: CO2 Based Life Sign Detection
1

Function f oreachM easurement(m, maxm , p, tco2 , Buf )
Input: m . . . measurement
Input: p . . . sensor position
Input: tco2 . . . CO2 threshold
Input: Buf . . . circular buffer with measurements
Input: maxm . . . maximal detected concentration
Output: detection . . . breathing detected
Output: prob . . . accuracy of detection
Output: location . . . position of detected breathing
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Buf ← new GasData(m, p)
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if m > tco2 then
break
end
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if m > maxm then
maxm ← m
updateDetectionP robability(prob)
else if m < maxm then
location ← getDetectionLocation(Buf )
detection ← true
else
updateDetectionP robability(prob)
end
end

In following we will describe the algorithm in more
detail. Assumption 3 is implemented in line 3. Variable
tco2 defines the concentration threshold of carbon dioxide
which makes the detection of human breathing impossible.
From line 6 until line 8 an increasing CO2 concentration
is detected. Increasing gas values indicate getting closer to
the gas sources and a potential victim. The probability of
a breathing human (prob) increases. Line 9 to 11 handle a
decreasing CO2 concentration which indicates a potential
victim detection. The buffered measurement values are used
to estimate the position of the breathing human. Carbon
dioxide concentration plateaus are treated in line 12 to 14.

This section describes the experimental evaluation of our
life sign detection based on sound and gas measurements.
The properties and the reliability of the detection systems
are evaluated and described in the following independently.
A. Sound based Detections
The sound based life sign detection is designed to analyze
the sound waves measured by the robot’s microphone to
distinguish between human voices and other noises. The two
frameworks as mentioned in Section IV were tested under the
same environmental conditions to evaluate their properties.
It should be mentioned that both frameworks need to be
calibrated first to fulfill a good detection ratio. The calibration was achieved by testing the system with positive sound
signals and tuning the parameter. During the calibration it
was noticed that PocketSphinx is more robust to parameter
settings compared to Hark. All tests of PocketSphinx were
made with the same parameter settings, Hark in contrast has
to be tuned for every testing scenario individually to achieve
acceptable results.
The experimental setup consist of speakers playing human
speech produced by a generator to simulate human voice
(positive sample) and prerecorded audio files to simulate
other noises (negative sample). Each test run includes 100
positive and 100 negative samples. Each measurement is
marked as ’POS’ if the detection was correct or ’NEG’ if not.
Three scenario setups (Figure 5) were used for the evaluation:
1) Voice Detection Accuracy: For this test scenario the
microphones were positioned in front of the speaker
with a distance of about one meter.
2) Influence of Obstacles: In this scenario an obstacle was
placed between the speaker and the microphones. The
obstacle has a height of 50cm and a thickness of 40cm.
3) Detection Accuracy in Loud Environment: To simulate
the conditions on a mobile platform producing noise
while moving, a speaker was placed behind the microphones making additional noise.
Table I summarizes the results of the test runs. In the
simulated speech test both PocketSphinx and Hark achieved
good results with a detection ratio over 90%. The overall
victim detection accuracy drops basically due to the noise
samples without speech. Surprisingly the overall accuracy
is higher in the second scenario than in the previous one.
This can be explained with the results from tests with
negative samples where the frameworks gained 10% more
score but the positive tests got slightly worse as expected.
The obstacle had a good impact on damping the noises
but rarely affected speech signals and thus the recognition.
Loud environment in favor influences speech recognition
a lot and the accuracy of PocketSphinx and Hark became

Sound evaluation setups for all three scenarios

relatively modest. PocketSphinx for example made more
mistakes on recognizing human speech, whereas Hark had
more problems with the noise. To conclude, we need to
say that PocketSphinx achieved better results but utilizes the
wider potential of Hark and a better understanding of the
parameter would probably lead to better results.
Scenario
Nr
1
1
2
2
3
3

Framework
PocketSphinx
Hark
PocketSphinx
Hark
PocketSphinx
Hark

Human/POS
%
96
92
87
91
58
90

Noise/POS
%
87
67
98
71
98
54

Accuracy
%
91.5
79.5
92.5
81
78
72

TABLE I
S OUND EVALUATION RESULTS SHOWING THE CALCIFICATION
ACCURACY OF THE FRAMEWORKS P OCKET S PHINX AND H ARK IN
THREE SCENARIO SETUPS .
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When performing the tests it was noticeable, that the gas
properties play a more important role than considered at the
beginning. Although there is basically a detection possible in
a particular radius. For this test case there has been executed
several measurements with different distances (Figure 7).
When considering these measurements it is obvious that
the different distances are directly proportional to the measured gas amounts. Thus there is a large difference between
the amount recorded within the (blue) line and the (magenta)
line. Despite of the extensive differences of the amounts their
is even quite a strong fluctuation recognizable. Mostly this
gas value variation is produced through ventilation of the
exhaled air.
2) CO2 based life sign detection quality: The algorithm
used for victim detection analyses a specific amount of
incoming gas measurements. Basically it interprets falling
edges as a new victim detection. In addition it uses occurring
plateaus to determine stable gas saturations. Considering
the values in Figure 7 it can be seems that measurements
at different distances produce plateaus and falling edges.
Therefore, the plateau detection seems to be an appropriate
approach for a more reliable victim detections.
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B. Gas based Detection
1) CO2 sensor properties: A first scenario to evaluate
the measurement of different gas values is to determine
influence of the distance between the sensor and the gas
source. In order to get realistic results within carbon dioxide
measurements a human has been used as gas source, which is
the most natural and common CO2 source for further victim
detections.

Fig. 6.

Distance testing scenario with a human carbon dioxide source.

Fig. 7. Typical CO2 measurements of human breathing from different distances: (blue) 1m, (green) 0.75m, (red) 0.50m, (cyan) 0.25m, (magenta)
0.15m

In addition to the considerations above there has been
fulfilled two other test cases which should take a closer
look at the quality and reproducibility of life sign detection
through gas measurements.
3) Gas based risk detection: Since the selected carbon
dioxide sensor for this application is also able to detect
methane and propane gases gas based risk detection is
possible. Methane and propane equally to CO2 represent
in high concentrations a danger for humans. In following an
evaluation to determine the quality of risk detection based
on propane and CO2 is described. An evaluation of methane
based risk detection was not performed because no methane
source was available.
To determine the quality of a carbon dioxide risk detection
a scenario based on human breathing was used. Hence a
small volume of air in a cone gets saturated intensively by

the exhaled air of human. Since carbon dioxide is mostly
heavier than normal ambient air, the CO2 gas is concentrated
in the sensor. A deadly amount of CO2 for humans is about
20% which is normally not reachable through exhaled air.
Therefore, the carbon dioxide threshold has been reduced to
2% for this test.
To evaluate the propane risk detection a pocket lighter was
used. Although the lighters gas consists mainly of butane
there is also an propane contingent. Infusing the sensor
directly with the gas of a pocket lighter induces a fast,
high increase and therefor dependent on a set threshold a
significant risk detection.
In Figure 8 the result of the experiments are shown.
It can be observed that the gas sensor could detect high
concentrations very fast.
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the system to sound based risk detection and gas based life
sign inspection would be interesting. Explosions, fire or open
valve could be recognized and used for the robot’s mission
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VI. C ONCLUSIONS AND F UTURE WORK
In this paper we presented two life sign detection approaches based on sound and gas measurements to improve
victim search in USAR missions.
The first approach bases on sound measurements is able to
detect human speech by using a special phoneme dictionaries
combined with a probabilistic reasoning out of letter and
word frequency occurrences. It was shown that sound can be
successfully used to detect human speech. The experiments
confirmed that the usage of phoneme, the basic components
of language, ended up in excellent human speech detection
results.
The second approach is using gas measurements to determine the presence of victims. The detection system is based
on buffered (elapsed) gas data and works properly, although
the behavior of gases is hard to percept and the environment
has an big impact to the detection performance. In addition,
gas measurements were analyzed to find potential risks for
rescue forces. It was shown that gas measurements can
improve the quality of victim search and detect risks from
gases.
In future work we will conduct a more detailed evaluation
of the two life sign detection approaches and investigate
more realistic scenario. In addition, we have to think about
common comparable scenarios that generate more realistic
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