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A B S T R A C T   

Bat ultrasound analysis has been around for several decades and it is one of the most important tools in studies of 
bat ecology. Discrimination between species is based on intra-specific features of echolocation calls. Identifi
cation of species and genera in audio files can be attempted either manually or through software which performs 
a fully automated discrimination between species. However, significant overlap in various features (e.g. fre
quencies of calls) exists between species and even genera. Species ID is therefore often not an absolute 
conclusion, but rather an opinion or best guess, as opposed to DNA tests or measurements on external characters 
of captured bats. To make things even worse, the probability of actually observing a bat of a given species in 
space and time is ignored when performing bat ultrasound analysis. This study introduces Bayesian approxi
mation through a new method we have named Alternative Bayesian Bat Analysis (ABBA). We show, through a 
simple proof-of-concept example, the importance of adding information about the local composition of the bat 
community, hence making informed decisions regarding which species is most likely present in audio files. The 
superior performance of ABBA is also shown through an example using R code. Here, we use simulated data for 
three Pipistrellus spp., a genus with significant overlap in frequencies, but the code can easily be adapted to other 
bat species and genera worldwide. ABBA outperformed the non-Bayesian approach for all three species. The rare 
species in the simulated data set was super-inflated when using the non-Bayesian method. Further the results 
show, contrarily to common belief, that the frequency dominated by a given species in a data set, depends on the 
composition of the bat fauna and not just means and SDs reported in the literature. ABBA allows researchers to 
include all observations in statistical modeling, rather than excluding observations, an approach which can affect 
the reliability of studies. This study also, to a great extent, explains the poor performance of software attempting 
automated bat ID. Implementing Bayesian algorithms, and thereby allowing users to interact with the software, 
should significantly improve their performance.   

1. Introduction 

Ultrasound detectors or “bat detectors” of the heterodyne type have 
been around since the 1950́s and could be used to monitor bat echolo
cation calls (e.g. Griffin, 1958; Pye, 2020; Sales and Pye, 1974). The 
English naturalist J. H. D. Hooper (1969) suggested that the audible 
output from his Holgate ultrasonic receiver (a portable bat detector) 
could be used to distinguish between different species of bats directly in 
the field, based on the tuned frequency content and time patterns of the 
audible output. Hooper’s idea slowly gained acceptance, and essentially 
the same technique is still used in all basic bat detectors. The heterodyne 

technique has the advantage that it works in real time and therefore can 
be used in the field for instantaneous species recognition (Ahlén, 1981). 

The frequency output from a heterodyne bat detector usually cannot 
be quantified and documented in a meaningful way, and this restricts its 
use to cases where the exact frequency content of the signal is not crit
ical. However, this problem was overcome by the introduction of 
broadband bat detectors in the 1980́s. Signals were recorded in real time 
and stored either on tape or digitally for later playback at reduced speed 
(time expansion). Eventually, full spectrum recordings could be 
analyzed easily for time- and frequency aspects using a sonograph or 
directly from the computer screen, using specific software (Ahlén and 
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Baagøe, 1999; Russo and Jones, 2002). 
Hooper’s idea and the introduction of the ultrasonic monitoring 

technique literally revolutionized the field of bat research (Parsons and 
Szewczak, 2009), but there was, and still is, a fundamental problem. Bat 
calls, in contrast to e.g., bird-songs (Russo et al., 2018), are not aimed for 
species recognition at all, but designed to solve specific acoustic issues 
(Barclay, 1999; Russo et al., 2018; Voigt et al., 2021). This means that 
different species are likely to use similar calls to solve the same problem, 
and a single species will use many different calls, because there are many 
different problems to solve. Hence, there is a large intra-species varia
tion in call frequency, and also a broad inter-specific overlap, which 
complicates the issue of species identification dramatically (Jones and 
Holderied, 2007; Obrist, 1995; Rydell, 1990). Because of the complexity 
of the analysis necessary, it was hard to avoid subjective aspects in the 
identification of species. To try to overcome this problem, species 
identification based on machine learning was introduced (Jennings 
et al., 2008; Parsons and Jones, 2000; Zamora-Gutierrez et al., 2016). 

At present, bat species identification is still done manually through 
the inspection of spectrograms, but the use of automatic identification 
programs is increasing rapidly, because it speeds up the analysis and 
allows bat species identification on a large scale to be done by almost 
anyone (Lewandowski and Specht, 2015). Automated analysis first ex
tracts features from echolocation calls and subsequently use these fea
tures in machine learning algorithms to identify species or genera. Tests 
of the performance of commercially available and frequently used 
automatic identification programs have revealed variable error rates, 
depending on species or species group (Russo and Voigt, 2016; Rydell 
et al., 2017). The error rate was high in some cases, and the overall result 
raised serious doubts about the reliability of acoustic identification of all 
except the most easy-to-recognize recordings, and this applies to both 
automatic and manual identification (Rydell et al., 2017). Hence, ma
chine learning tools which can work exceptionally well when identifying 
signals from birds due to distinct features in their audio signals (Goëau 
et al., 2014), are less reliable when classifying bat echolocation calls 
which may be similar between species (Russo et al., 2018). 

There are several guides aimed at assisting researchers and amateur 
bat-workers to identify bat echolocation calls (e.g. Skiba, 2003; Bar
ataud, 2015; Dietz and Kiefer, 2016). They usually present spectrograms 
to show typical signals from individual species, and also inform about 
some of the variation that can be expected within species and genera. 
None of the guides provide the reader with a mathematical framework 
for species identification, and discriminant analysis is not applied. 
Therefore, any species identification based on echolocation calls should 
be considered an opinion or best guess without a known error rate. This 
is acknowledged by some authors, which calls for “much caution” when 
performing species identification based on bat echolocation (e.g. Dietz 
and Kiefer, 2016). Others are more confident (e.g. Barataud, 2015), but 
all acknowledge problems in the frequency zones where species overlap. 
A recent study (Montauban et al., 2021) shows a much greater plasticity 
in echolocation calls than assumed by the literature (e.g. Barataud, 
2015). Hence, the general literature on bat species identification cannot 
be used with absolute confidence (e.g. Montauban et al., 2021). 

Software performing automated identification of bats is in many 
ways the opposite and fully relies on automatic measurement, followed 
by discriminant analysis. However, developers of the machines often 
highlight the need for manual “verification” of any ID made by the 
software (e.g. Wildlife Acoustics, 2018). Therefore, in the end, the result 
from automated analysis needs to be “confirmed” through manual 
analysis, and by default inherits its drawbacks and uncertainties. A short 
overview of the two methods used to identify bats, with pros and cons, is 
presented in Table 1. 

When publishing data in scientific journals, there are several options 
on how to deal with uncertainties related to manual ultrasound analysis, 
but authors, editors and reviewers may reach different conclusions. 
Whatever the final decision may be, it will affect the statistical analysis, 
and thereby the results and conclusion of a study. For this reason, a 

scientific approach to ultrasound analysis is much needed. 
The purpose of this work is to introduce simple Bayesian approxi

mation (see Price, 1763) in the process of acoustic identification of bats, 
and the main focus is the application of such analysis in scientific work, 
including the development of automated bat identification software. 
The conclusions of this study (and the philosophy of Bayesian statistics) 
are also highly relevant to anyone working with bat ultrasound, such as 
amateur bat-workers. For illustration purposes, we use the relatively 
easy-to-recognize Scandinavian Pipistrellus spp. (Ahlén and Baagøe, 
1999; Ahlén and Baagøe, 2004; Rydell et al., 2017), but the principles 
behind the method can be applied to any bat species and genera 
worldwide. 

2. Materials and methods 

2.1. Features of ultrasound analysis 

Identification of bat echolocation calls is generally based on one or 
more measurable characteristics of individual ultrasonic pulses. This can 
include parameters such as the frequency of maximum energy (fmaxe), 
start- and end frequencies (band-width), pulse intervals and pulse shape 
(eg. Ahlén and Baagøe, 1999; Barataud, 2015; Skiba, 2003). Two pulses 
produced by a Pipistrellus sp. are shown in a spectrogram in Fig. 1. 

Energy distribution in the signals is generally considered the most 
important feature when discriminating between echolocation calls of 
Scandinavian species in the Pipistrellus genus (e.g. Ahlén and Baagøe, 
2004). Some authors even use fmaxe when assigning popular names to 
these species (e.g. “the 45 kHz pipistrelle”, Altringham, 2003). Other 
features could be used as supporting evidence, but these are less reliable. 
Barataud (2015) shows the relationship between various parameters in 
Pipistrellus spp. in scatter-plots, but it is only feasible to speak of a weak 
or modest correlation within a sample of several observations with a 
significant residual deviance. Correlations cannot be used to identify 
bats in individual recordings, as opposed to discriminant analysis. We 
will focus only on fmaxe in this study, but acknowledge that other fea
tures may provide supporting evidence when analyzing bat ultrasound. 

2.2. Bayesian statistics and ultrasound analysis 

All statistics and production of figures were done in GNU R version 
3.6.1 (R Core Team, 2019) or QGIS version 3.16 (QGIS Development 
Team, 2018). To show the obvious benefits of considering additional 
information about bats found outside the realm of the ultrasound itself, 
examples are given in the form of a simple artwork, and also through R- 
code. The simple example is self-explanatory, whereas the R-code is 
explained in some detail. The full R-code, written in Rmarkdown with 
user guidance, can be found in supplement S1. This supplement will also 

Table 1 
A short description of the two main approaches to identify bats in ultrasound 
recordings. Pros and cons are included.  

Method Main features Pros Cons 

Manual 
analysis 

Analysis is performed 
by inspecting signals 
presented in 
spectrograms, 
sometimes even 
measuring various 
parameters. 

Fairly high 
accuracy if the 
analysis is 
performed by an 
expert. 

Time consuming. 
Subjective 
conclusion which is 
difficult to replicate. 
Years of experience 
is needed to become 
an expert. 

Automated 
analysis 

Parameters of 
echolocation calls are 
automatically 
extracted and 
machine learning is 
used to ID bat species 
based on these 
parameters. 

Time efficient 
and and species 
ID does not 
require an expert 
level (in theory). 

Relatively poor 
performance for 
some species, which 
also depends on 
manual verification 
by an expert.  
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reproduce data and figures presented in this study. 
To produce a probability distribution (0–1) for fmaxe of each of the 

three Pipistrellus spp. considered in this study, means and SDs from the 
literature were used. Here, published data from Michaelsen (2016, 
P. pygmaeus, mean = 54.3, SD = 2.7), Barlow and Jones (1999, 
P. pipistrellus, from the site Bleaton Hallet, mean = 45.3, SD = 1.7) and 
Barataud (2015, P. nathusii, mean = 40.3, SD = 1.2) was added to the 
R-code. This is the only information used to produce the probability 
distribution when applying the non-Bayesian method, and it is as far as 
manual ultrasound analysis will take its users. It will be referred to as the 
uninformative prior in this paper. With the Bayesian method, an addi
tional informative prior is added, where the composition of the bat fauna 
is included. Here we will assume that bat capture data (or any other 
method applicable to estimate population sizes) suggest a composition 
of 20% P. nathusii, 1% P. pipistrellus and 79% P. pygmaeus, and in a hy
pothetical study area. The outcome when using uninformative and 
informative priors is presented in a figure illustrating the differences 
between the two approaches. The R-code in supplement S1 will also 
store the data in .csv format where it can be studied in detail. 

Further, to test the performance of the two alternative approaches, 
populations of each species was simulated using a random normal 
sample through the rnorm function in R. This data set will from now on 
be referred to as the “rnorm sample”. A total of N = 10,000 observations 
was created based on the means, SDs and the theoretical composition of 
each species listed above (20%, 1% and 79%), producing 2000 
P. nathusii, 100 P. pipistrellus and 7900 P. pygmaeus observations. 
Simulated data for each species is stored in .csv format when running the 
code in supplement S1. The rnorm sample has been made fully repro
ducible through the set.seed function in R. Predictions were made on the 

full sample (N = 10,000) using both uninformative and informative 
priors through the R-code (supplement S1). The outcome is presented in 
a figure, but is also stored as a .csv file when running the R-code, hence, 
the number of errors at each frequency can be studied in detail. 

Authors, reviewers and editors may consider removing observations 
which cannot be determined to species with a high degree of certainty as 
an acceptable solution. To compare the outcome on the full rnorm 
sample (N = 10,000) if all observation in the frequency zone where 
Pipistrellus spp. overlap were to be excluded, we again used the same 
literature used to find estimates of means and SDs for the three species. 
Barataud (2015) was used to find the upper limit of P. nathusii (appr. 43 
kHz), Barlow and Jones (1999, all locations) to find the range of 
P. pipistrellus (41–50 kHz), and Michaelsen (2016) to find the lower 
frequency of P. pygmaeus (46 kHz). We acknowledge that the true ex
tremes are likely to be greater (e.g. Montauban et al., 2021), but for the 
purpose of this example, these data will be considered suitable. 

2.3. Bayes’ theorem and the R code 

The simple example illustrating the importance of acknowledging 
population sizes, uses the standard Bayes formula; 

P(H|E) =
P(H)⋅P(E|H)

P(H)⋅P(E|H) + P(¬H)⋅P(E|¬H)

which states that the probability of the hypothesis being true (H) given 
the evidence (E) or simply P(H|E), depends on the probability of the 
hypothesis P(H) being true when observing the evidence (P(E|H)), or 
simply P(H)⋅P(E|H), divided by the probability of seeing the evidence 

Fig. 1. Two echolocation calls produced by a Pipistrellus sp. at 62 degrees north in western Norway. Only one distribution of frequency of maximum energy (fmaxe) 
has been observed in the Pipistrellus genus in this study area during the summer, with a mean of 54.3 kHz and SD = 2.7 (range approximately 46 kHz to 65 kHz, 
Michaelsen, 2016). Therefore, only P. pygmaeus is believed to be present at these latitudes this time of year. When assigning an ID to a bat in a recording as shown in 
the spectrogram through manual ultrasound analysis, a researcher would use one or several characteristics measurable in the calls to reach a conclusion. These 
signals are “club-shaped”, which is typical for Pipistrellus spp., and fmaxe is around 52–53 kHz (amplitude close to 0). Both calls are believed to stem from P. pygmaeus. 
The spectrogram was made using the seewave package in R (Sueur, 2018). 
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when the hypothesis is true (P(H)⋅P(E|H) and when the hypothesis is not 
true P(¬ H)⋅P(E |¬ H). The posterior belief, or P(H|E), therefore depends 
not only on the evidence supporting the hypothesis, but also on the 
evidence when the hypothesis is not true. The full model used in the R- 
code (supplement S1) can be described as follows; ci is the fmaxe of the ith 
call, si is the (unknown) species that made the ith call, μj and σj are 
constants defining the fmaxe distribution of the jth species, and pj is the 
prior probability over what species that made the call. 

ci ∼ Normal
(
μsi

, σsi

)

si ∼ Categorical
(
p1,p2,p3

)

p1 = 0.79, p2 = 0.01, p3 = 0.20
μ1 = 54.3, μ2 = 45.3, μ3 = 40.3

σ1 = 2.7, σ2 = 1.7, σ3 = 1.2
1 : P.pygmaeus, 2 : P.pipistrellus, 3 : P.nathusii 

When the R-code makes predictions using only the uninformative 
prior (for comparison), p1 – p3 is set to 1, but is otherwise the same 
(supplement S1). 

2.4. A simple and illustrative example of Bayes’ theorem 

Imagine a recording of a Pipistrellus sp., where a researcher uses 
published means of fmaxe to determine which species is most likely to 
have produced the echolocation calls. Based on this single piece of in
formation, the researcher concludes that the calls are in the zone where 
fmaxe of P. pygmaeus and P. pipistrellus overlap. However, the researcher 
observes that the recording may fit P. pipistrellus better due to relatively 
low frequencies (say somewhere in the range 48–51 kHz), and therefore 
estimates that approximately 30% of P. pipistrellus are likely to produce 
pulses at such frequencies during their nightly hunting bout, whereas 
only 10% of P. pygmaeus will do the same. Based on this limited piece of 
information, it is reasonable to assume that P. pipistrellus is the most 

probable culprit behind the echolocation calls in the recording. This is as 
far as classical ultrasound analysis will take its users. 

Imagine now that the researcher learns that the recording was made 
in a finite population comprised of 10 P. pipistrellus and 90 P. pygmaeus. 
The observer also assumes that each of the 100 bats are equally likely to 
be recorded, an assumption granted in this theoretical example. It now 
becomes obvious to the researcher, given this new evidence, that he/she 
has to update his/her belief of which species is more likely. The observer 
plots a scheme of the population, highlighting 30% of the n = 10 
P. pipistrellus and 10% of the n = 90 P. pygmaeus, see Fig. 2. This shows 
that in this finite bat population, only n = 3 P. pipistrellus are likely to use 
frequencies as found in the recording, whereas n = 9 P. pygmaeus are 
likely to do the same (Fig. 2). The observer now concludes that the most 
likely species to have produced the echolocation calls in the recording is 
P. pygmaeus. In fact, according to Bayes’ theorem, the probability of this 
recording belonging to P. pipistrellus is only 25% or 

P(P.pipistrellus|E) =
0.1⋅0.3

(0.1⋅0.3) + (0.9⋅0.1)
= 0.25 

P. pygmaeus is the most likely bat to have produced the calls with an 
outcome of 75% or 

P(P.pygmaeus|E) =
0.9⋅0.1

(0.9⋅0.1) + (0.1⋅0.3)
= 0.75 

The obvious takeaway from this simple example is that one should 
not only focus on a single ultrasound recording to reach a conclusion, 
but rather acknowledge that other relevant information in the real world 
can be decisive to the outcome. Current manual and automated methods 
used to identify bats completely ignores this important issue. 

Fig. 2. The artwork represents a population of N =
100 bats, where 10% (n = 10, the left column) are 
P. pipistrellus (all red bats) and 90% (n = 90) are 
P. pygmaeus (all blue bats, the 9 columns to the right). 
In this sample, 30% of P. pipistrellus (n = 3, large red 
bats) are believed to fit a recording of a Pipistrellus sp. 
bat (see main text), whereas only 10% of P. pygmaeus 
(n = 9, large blue bats) will do the same. Due to the 
higher proportion of P. pygmaeus relative to 
P. pipistrellus in this population, P. pygmaeus is three 
times as likely to have produced the echolocation 
calls in the recording. The figure was made using 
QGIS. (For interpretation of the references to colour 
in this figure legend, the reader is referred to the web 
version of this article.)   
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3. Results 

3.1. Assigning probabilities using both uninformative and informative 
priors 

Fig. 3 shows the probability distribution for the three Pipistrellus spp., 
using only an uninformative prior (3A) and when adding an informative 
prior (3B). The R-code in supplement S1 will reproduce this figure and 
also tabulate and store the probabilities over the entire range of fre
quencies (with 0.1 kHz accuracy) in a .csv file. 

3.2. Predictions on a random sample 

The Bayesian method, adding an informative prior considering 
population sizes, outperformed the approach using only an uninforma
tive prior when assigning species ID at the 1 kHz level to the rnorm 
sample (Fig. 4). Supplement S1 will reproduce all data presented in 
Fig. 4. Table 2 shows predictions for each species when using uninfor
mative and informative priors, and also the effect of excluding obser
vations in the frequency zone where Pipistrellus spp. overlap. 

3.3. Sensitivity 

To show the performance of both methods when incorrectly esti
mating population sizes using the same random normal data set, two 
tests were made. These are merely intended as examples, and the au
thors encourage readers to use the code in supplement S1 to investigate 
other problems and solutions. First, P. pipistrellus was overestimated up 
to 1000% (n = 1000) of its true population size, in increments of 100. 

These incorrect observations were all taken from P. pygmaeus (P. nathusii 
was held constant). Fig. 5 shows the total number of errors for all species 
combined, with or without an informative prior. 

In the second test, the random normal data set was displayed in a 
histogram on a computer screen, and the size of each peak was measured 
using a simple ruler. To reduce the accuracy of the population estimates 
further, the effect of SDs was completely ignored, yielding an incorrect 
estimate of 30.8% P. nathusii, 3.8% P. pipistrellus and 65.6% P. pygmaeus. 
With the informative prior, there were a total of 194 errors, whereas the 
uninformative approach yielded 812. The outcome is shown in Fig. 6. 

4. Discussion 

This study indicates a much better performance when adding an 
informative prior in the decision-making process. Manual ultrasound 
analysis and currently available software are both locked in a vacuum, 
whereas Bayesian statistics is flexible and can include additional rele
vant information important to the outcome. This important feature of 
Bayesian statistics allows researchers to optimize species assignments 
based on local conditions. Indeed, the superior performance of Bayesian 
statistics was highly anticipated. We propose to call this method Alter
native Bayesian Bat Analysis (ABBA), recognizing that the evidence can 
come from multiple sources of information and not just ultrasound. 

Several other conclusions can be reached based on the outcome of 
this study, and they are relevant to both professionals and amateur bat- 
workers alike. First, a keen reader will recognize, by observing Fig. 3A 
and B, that the more similar the proportion of different species are in the 
population, the less need there would be for Bayesian statistics. Ulti
mately, if population sizes were equal between the three species (an 

Fig. 3. The figure shows probabilities of three Pipistrellus spp. between 38 and 53 kHz when A) considering only means and SDs (uninformative prior) and B) when 
additional information about population sizes of the three species are considered (informative prior). Here, the informative prior assumes that P. nathusii comprise 
20%, P. pipistrellus 1% and P. pygmaeus 79% of the total Pipistrellus population. One should note that the probabilities only approach 0 and 1 (not easily seen in 
the figure). 
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unlikely scenario in most study areas), Fig. 3A and B would be identical. 
Further, the vigilant observer will recognize, by comparing Fig. 3A and 
B, that the frequency most likely to be dominated by a given species 
when using the Bayesian method, will depend on the composition of the 
bat fauna. For instance, the frequency dominated by P. pipistrellus, is 
below 45 kHz in this example, and does not coincide with the mean 
reported in the literature and used in the random normal sample (45.3 
kHz). A similar conclusion is true for P. nathusii, where the highest 
probability is found at the lowest frequency observed in this 10,000 
strong rnorm sample, with the opposite being true for P. pygmeaus. 
Although means and SDs of frequencies reported in the literature are 
useful in describing a distribution of frequencies of any given species, 

the conclusion regarding the frequency dominated by a given species in 
a data set, can be influenced by features outside the realm of ultrasound 
analysis. This is true both in the example presented in Fig. 3 and in the 
real world. 

Only a minute proportion of the different bat species have had their 
echolocation calls recorded and subsequently been identified through 
captures and/or DNA. The extreme frequency values that bats can use is 
unknown. Although some authors may attempt to set limits in features 
such as fmaxe for the Pipistrellus genus (Barataud, 2015), studies show 
that at least some individuals will by far exceed such tentative limits (e. 
g. Michaelsen, 2016; Montauban et al., 2021). Without knowledge of the 
most extreme values of fmaxe, the R-script has been coded to have no 
upper or lower frequency limits of fmaxe for any of the three species. The 
predicted probability only approaches 0 and 1, but never reaches this 
value in a situation with multiple species. It is highly likely that such an 
upper or lower endpoint of frequencies does exist, but (a lot) more data 
on the potential variation in these species must be examined to identify 
such approximate values (but see Montauban et al., 2021 regarding 
P. pygmaeus). That being said, never reaching the values 0 and 1 is a key 
feature of the R-code, and it underlines that the outcome is probabilities 
and not absolute IDs. It, therefore, is inherently different from general 
ultrasound analysis, where species ID is the ultimate goal. 

In zoogeography, finding a number of “typical recordings of a spe
cies” may be sufficient to determine its presence, and all uncertain ob
servations can be discarded. The same may also be acceptable in some 
binary models in scientific studies, although there will be caveats when 
sample sizes are very small. Assuming the same in behavioural studies, 
when the number of bats in space and time matters (e.g. any models with 
Poisson errors, proportion models with binary errors, or even classical 

Fig. 4. Incorrect assignments of the three Pipistrellus spp. in the frequency range where they commonly overlap, when using only means and SDs to reach a 
conclusion (uninformative prior) and when adding information regarding population sizes (informative prior). The predictions are made on a simulated data set 
created using the rnorm function in R, where P. nathusii comprise 20% (n = 2000), P. pipistrellus 1% (n = 100) and P. pygmaeus 79% (n = 7900) of the total Pipistrellus 
population (N = 10,000). 

Table 2 
Predicted population sizes for all three Pipistrellus spp. when using an uninfor
mative prior (means and SDs only), and when adding an informative prior 
(population sizes). The table also shows remaining observations of the rnorm 
sample when adopting a method of exclusion based on overlapping frequencies. 
Here we used available literature (see Materials and methods) to obtain the 
frequencies of each species, with an upper frequency for P. nathusii at 43 kHz, a 
range of 41–50 kHz for P. pipistrellus and a lower frequency of 46 kHz for 
P. pygmaeus. In parenthesis is the percentage of the original rnorm sample when 
applying these methods. True population sizes from the random normal sample 
are shown in parenthesis in the heading after the species names.   

P. nathusii (n =
2000) 

P. pipistrellus (n =
100) 

P. pygmaeus (n =
7900) 

Uninformative 1944 (97.2%) 506 (506.0%) 7550 (95.6%) 
Informative 2015 (100.8%) 109 (109.0%) 7875 (99.7%) 
Exclusion 1453 (72.7%) 42 (42.0%) 7004 (88.7%)  

T.C. Michaelsen et al.                                                                                                                                                                                                                          



Ecological Informatics 70 (2022) 101721

7

tests), would be hazardous, since the ultrasound bats produce, to some 
extent is guided by their behaviour (e.g. Ahlén and Baagøe, 2004; Bar
ataud, 2015). Bats performing certain behaviours in certain habitats, 

may be excluded from data sets more frequently, or even incorrectly 
classified, due to the adoption of higher or lower frequencies. The R- 
code (supplement S1) allows users to take such habitat-guided 

Fig. 5. The total number of errors for all three species combined when overestimating P. pipistrellus at the cost of P. pygmaeus. The x-axis shows the estimated 
numbers of P. pipistrellus (n = 100 is a perfect estimate, n = 1000 is an extreme overestimate) and the y-axis represents the total number of errors. 

Fig. 6. Incorrect assignments of the three Pipistrellus spp. in the frequency range where they commonly overlap. In this example, population estimates, the infor
mative prior, was obtained by measuring peaks in a histogram on a computer screen. The importance of SDs was completely ignored to further reduce the accuracy of 
the population predictions. 

T.C. Michaelsen et al.                                                                                                                                                                                                                          



Ecological Informatics 70 (2022) 101721

8

behaviour into account by adopting different means and SDs (or even 
distributions by rewriting some R-code) depending on local relevant 
features of the study area. 

The relatively rare species, P. pipistrellus in this example, was blown 
out of proportion (to around 500% of the actual rnorm sample) when 
using an uninformative prior only. An inflation was highly expected 
when ignoring highly relevant information, and easily predicted when 
observing the difference between Fig. 3A and B. Hence, this species 
would unjustifiably be assigned a large number of observations from 
P. pygmaeus (lower tail) and P. nathusii (upper tail) when applying 
manual ultrasound analysis or using automated software. In much of 
Scandinavia, P. pipistrellus is either void (Bjørge et al., 2021, Norway), 
rare (Baagøe, 2007, Denmark) or possibly an exception in the bat fauna 
(e.g. Ahlén, 2011, Sweden) and it comprises (at best) only a very small 
part of a percentage of the Pipistrellus individuals found in the region. In 
this scenario, we predict that P. pipistrellus is “super inflated” in publi
cations and in zoogeography. The future may very well conclude that 
many, or perhaps even all of the “ observations” of P. pipistrellus, simply 
represent echolocation rarely used by other members of the genus at 
northern latitudes in Scandinavia (see Montauban et al., 2021). Similar 
problems are likely to exist in other bat species and genera around the 
world, but will not be discussed here. 

As shown in this study, when considering the exclusion of observa
tions in the frequency zone where species overlap, the number of 
excluded observations of each species depends on the species position in 
the frequency range (and therefore by the occurrence of other similar 
species). P. pipistrellus, the species in the middle in this frequency range, 
lost more than half of its rnorm sample (58%), whereas the other two 
fared much better. Therefore, removing data in many scenarios in bat 
ecology, will only shift the problem from the ultrasound part of a study 
and onto the statistics. This will again affect the conclusion and finally 
the reliability of a study. In fact, if other publications had been used to 
consider the range of the P. pygmaeus (Montauban et al., 2021) all ob
servations of P. pipistrellus would have to be removed. A stringent policy 
of exclusion would therefore make bat studies based on ultrasound un
suitable for some genera. 

Adopting the laborious method of assigning probabilities to all ob
servations is not always required. Simply plotting central measurements 
of ultrasounds, such as fmaxe, should reveal an occurrence of populations 
of the various species observed in e.g. the Pipistrellus genus. For instance, 
when plotting fmaxe of Pipistrellus spp. recorded in central Norway during 
summer, there is only one distribution with a mean around 54 kHz and a 
range from appr. 46–65 kHz (Michaelsen, 2016). There is no distribution 
of fmaxe around 45 kHz and no lower tail of fmaxe below 45 kHz has been 
observed. One should not assume that bats change their behaviour when 
recorded by an ultrasound detector, thus “hiding” in the upper or lower 
frequencies of similar overlapping species. This happens in sub-atomic 
particles in quantum physics, but would be scientific nonsense when 
considering bats. Providing scientific evidence, such as a distribution of 
frequencies, would certainly reduce type I errors, and thereby avoid 
“observing” species that are not there, and this simple method should be 
adopted whenever possible. The use of such proven scientific tools has 
largely been ignored in bat ultrasound analysis (but see Michaelsen, 
2016). 

The focus of this study was the Pipistrellus genus in Scandinavia, but 
the R-code can be adopted to any species and genera worldwide. This 
approach is not locked to one specific feature, and fmaxe can be replaced 
with any other measurements if deemed more appropriate to the task at 
hand (e.g. Hüpkes, 2016). We used a simple normal distribution when 
considering frequencies, but the code can be changed to acknowledge 
skew in the data (if relevant). Also, users can add more features to the 
code (e.g. pulse interval and band-width), which would probably in
crease correct classification at the cost of making the analysis more 
laborious. Further, ABBA can, in the future, be used in combination with 
less traditional, but certainly promising ways of dealing with bat ul
trasound (e.g. Heim et al., 2020; Paumen et al., 2021; Tabak et al., 

2022). The most important feature of the code is that all parameters 
depend on important local conditions which cannot be ignored (e.g. 
Russo et al., 2018; Russo and Jones, 2002; Voigt et al., 2021). 
Acknowledging that no study areas are the same would demand more 
from a researcher in terms of understanding the local bat fauna. ABBA 
and the R-code in supplement S1 can be used to prepare data to be used 
in statistical modeling, although the researcher would have to 
acknowledge that the species assignments are probabilities and not ab
solutes. Manual species assignments may be considered by many re
searchers as being absolute IDs, but the evidence suggests otherwise 
(Rydell et al., 2017, Montauban et al., 2021, this study). Hence, 
Bayesian approximation should not be considered inferior to manual 
analysis in terms of uncertainty. 

When working with multi-genera problems with several predictive 
features, a manual approach would be extremely time consuming and 
not a viable option for most researchers (Russo and Jones, 2002). To 
solve such problems, automation is required. Current algorithms used in 
software attempting automated species identification of bats assume 
that all study areas are the same in terms of species composition. The 
poor performance of such software (Russo and Voigt, 2016; Rydell et al., 
2017) can probably to a great extent be explained by this feature alone. 
As shown in this study, significant improvements can be made if users 
are allowed to interact with algorithms through the introduction of 
informative priors determined by local conditions. Hence, Bayesian al
gorithms, with more user control, are likely to significantly increase the 
performance of such software tools in the future. Software could also aid 
in predicting means, SDs and finally population sizes based on the 
observed data (e.g. Bhattacharya, 1967), thus reducing manual labour to 
a minimum. 

Ideally (and somewhat simplified), future software performing 
automated ID of bats should divide the process of identification into 
several steps after extracting relevant features from the ultrasounds. 
First, an algorithm should sort out species with distinct features which 
allows for certain identification, and pool together the remaining re
cordings into groups based on similarity (e.g. Pipistrellus spp., Myotis spp. 
or any other meaningful constellations). Second, the software should 
estimate means, SDs and finally population sizes for each species in each 
group based on user input, but always allow researchers to override any 
such machine-made estimates and use custom predictions. Third, the 
software should make predictions using classical machine learning tools 
and then make adjustments to probabilities based on the population 
sizes of the species in each group (the informative prior). Alternatively, 
developers could expand on the code in supplement S1 to implement 
more predictor variables and write a custom algorithm. Finally, the 
classification accuracy of software incorporating an informative prior in 
their algorithm should not be determined through training and testing 
data sets alone. The performance must also be evaluated through the 
number of correct classifications using real world examples. Current 
software attempting to ID bats are locked in a vacuum. Bats in the real 
world are not! 
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