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Abstract: Bats are one of the most diverse species on earth. Due to deteriorating environmental conditions bat
fauna across the globe are endangered. One of the important characteristics of Bats is bioindication. Not only do
they provide highly beneficial services to nature such as pollination and pest control, they provide useful insights
on the changes occurring to the ecosystem as a result of anthropogenic change. Therefore, bat tracking helps in
conservation of endangered bat species and also to measure trends in biodiversity. The existing systems till now
have focused only on the task of species classification neglecting the task of first localizing bat calls. This project
develops a convolutional neural network based pipeline for automatically detecting searchphase calls produced
by echolocating bats in noisy, real world recordings. The proposed CNN architecture is made up of four
convolutional layers. The ReLU activation function is used, and both max and average pooling have been
incorporated after each convolutional layer. Finally, the output of the convolutional layers are fed into a fully
connected layer, and then to a softmax layer which returns the probability of the audio files containing bat call.
This CNN is applied in a Sliding window manner to accommodate audio files of various durations. Since CNN
network can only be used on images, audio files are first converted into spectrogram or time-frequency
representation and then denoised. The results of our proposed model were compared with other existing models
on different evaluation metrics like precision, recall, ROC curves and PR curves. The proposed model performed
better than the existing systems on three different acoustic datasets. Around 500 more bat calls were detected
across all 3 datasets compared to that of the existing systems, with significant increase in recall of the proposed
model, as high as 11% compared to existing systems. Though the detection process was effective, the main
drawback of this work was the lack of graphical support it provided. Providing a GUI would make this process
user friendly. A future enhancement to improve detection performance would be to create an ensemble CNN
model trained with both STFT and MFCC representation separately.

Index Terms: lac, DevOps, CI/CD, Automation

l. INTRODUCTION

Bat populations are endangered across the globe. There are about 1300 species of bats in the world , making
them one of the most diverse mammals on earth. India is home to over 119 bat species of which fourteen are mega
or fruit bats, and the remaining are micro or insectivorous bats . A paper studying the diversity of bats in the western
ghats of India suggested that nearly 35% of the bat population are threatened. A few potential threats to bats across the
world are use of pesticides, hunting, and climatic changes. Bats provide crucial ecological and economic services
to nature in terms of dispersing of seeds, pollination and pest control . They are said to be one of the most useful non-
domesticated mammals in terms of the economic value they provide . One of the biggest reasons why monitoring bats is
such a challenging task is there is little to no change in call patterns among bats of different species, and there’s a lot
of variation among bats of the same species. Though there are a considerable number of challenges in monitoring bat
fauna, this paper points out a blessing in disguise i.e. bats emit calls in the frequency of 9kHz to 215kHz . From one
perspective this frequency range is not used by other fauna, which makes bat monitoring a less tedious task, but since
bat calls have low intensity, a very high operating frequency range, along with an highly directional property, recording
devices might not be capable enough to capture these calls unless placed very close. The possibility of manual human
detection has to be eliminated as the calls are usually above the human audible range of 20Hz20kHZ. Another reason
that makes bat monitoring difficult is the capacity of bats to change their call frequencies when there’s interference to
their echoes from other bats . Care must be taken while recording bat audio, as human interference can lead bats to
abandon sites, so passive acoustic monitoring must be conducted. These are a few challenges which bring out the need
for effective acoustic monitoring techniques. There is a significant decrease in bat fauna at regions where bat turbines
have been installed. Therefore, many legislations have been passed by governments of many nations making it
mandatory to conduct bat assessment near existing wind turbines or before installing new turbines. Also, countries like
the United Kingdom have come up with a “bat index” to measure trends in biodiversity. This is another reason to perform
biosurveillance of bats. In this project, a CNN model to effectively monitor bat fauna by localizing search-phase
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echolocation calls was developed.

1. LITERATURE REVIEW

A comprehensive literature review was conducted with reference to various technical journals and conferences mainly
on the reasons to study and conserve bats, and various methods used for identification and classification of bat species.
Below are the learnings from a few of these papers. This paper employs different machine and deep learning
techniques to

monitor bats. This is one of the few papers which has focused on the task of localizing search-phase echolocation bat
calls. The dataset was collected by a group of citizen scientists as part of a road-transect acoustic monitoring
programme in over 14 countries from 2005-2011. This kind of road-transect surveying has been found very helpful in
deriving data for var- ious species in Ireland [14]. Initially, audio files are converted into Spectrograms using Fast-
Fourier transform, and these spectrograms are denoised by removing the mean amplitude in each frequency band.
Before denoising the Spectrogram, they are cropped to the frequencies of 5kHz to 115kHz as this is usually the
frequency range where bats emit calls. Four different machine learning techniques were compared. The first technique
used was the Segmentation method. The segmentation method is more like an amplitude thresholding approach, in
which a threshold amplitude is chosen, and the image i.e. Spectrogram is segregated into two categories: object and
background. The points having amplitude greater than the chosen threshold are classified as objects, and the remaining
portion is classified as background. Compared to the remaining methods used, the segmentation method performed
poorly. The second approach used was feature engineering based. Various audio features were extracted and fed
into a Random Forest ensemble model. Finally, a Convolutional Neural Network based model was implemented in two
ways. CNN-Full for better performance, and CNN-Fast for faster computation was developed. Figure 2. lllustrates the
CNNFull architecture. The CNN-Full architecture was made up of 3 layers, whereas the CNN-Fast architecture had 2
layers. The ReLU activation was used along with max pooling. The final pooling layer was fed to a fully connected
layer in both models, followed by a softmax layer. To reduce overfitting of data dropout regularization technique
was used. CNN was applied in a sliding window fashion with each window size being 130x20. After the time-frequency
representation of audio files are extracted and denoised, windows are extracted and labels are attached implying if
the window contains a bat call or not with respect to the true call positions in the training dataset. Over 32000 windows
were extracted from the audio files. A python library named Lasagne was used to train both CNN models. To
choose the optimal bounding box surrounding a bat call the non-max suppression technique was used, which selects the
local maximas of probabilities. Finally, the performance was compared with other commercial systems such as
Kaleidoscope, SonoBat, and SCAN’R, and both the CNN models stood out against other bat call detectors. This [15]
paper uses a feature engineering approach. Initially the Voice Activity Detector (VAD) from MATLAB’s toolbox
named Voicebox is applied on the audio files. VAD is used to find the presence of sound. Feature Extraction is
applied on each of the detection points obtained through VAD. Three main categories of features which are extracted
are the Voice activity detector likelihood, i.e. how likely it is that there is a presence of sound, secondly the Call
sonogram features such as frequency interval and time length, and Image shape features such as Eccentricity, Centroid
and Orientation among others are fed into the Random Forest algorithm for training. One of the key suggestions of
this paper is to implement deep neural networks along with VAD. The performance of this work instead of being
evaluated by ROC curves like it is usually done for classification algorithms are evaluated by Cost and F1-measure
curves. The performance results of this VAD+RF detector is comparable to that of Bat Detective’s CNN. This [16]
paper is a predecessor of the previous paper and implements bat species classification task with the same VAD and
feature engineering based approach. 44 different call features are extracted in this work at each of the detection points.
Five different classifiers are used i.e. Discriminant Function Analysis , KNN, SVM, Classification and Regres- sion
Trees (CRT), and Random Forest. The Random Forest algorithm was best performing with 92% accuracy followed by
SVM with 89% accuracy. One of the plus points of this work is that detection was not restricted to search-phase
echolocation calls, even approach and terminal phase calls are taken into account while classifying species. As
discussed earlier, this is a good approach as in some cases there is little to no change in call patterns among bats of
different species, and in some cases there’s a lot of variation among bats of the same species. This paper implements
two popular CNN architectures

- Inception-v1 and ResNet50, along with two CNNs of 6 and 10 convolutional layers each. Similar to the above work,
a spectrogram is extracted from audio, then filtered to be in the frequency range of 15kHZ to 120kHZ and finally fed
into the CNN model. Two CNNs were used, first to detect whether the audio contains a bat call or an environmental
noise, and another deep CNN to classify the bat call to its respective species. Of the four architectures used, Resnet50
performed comparatively well. The paper employs a CNN model to identify bat species from bat calls. Here the CNN
is trained by extracting three types of features from audio files namely Short-time fourier transform (STFT), Mel-
Spectrogram Filter Banks (MSFB), and Mel Frequency Cepstral Coefficients (MFCC). The model trained with MSFB
showed positive results with a classification accuracy of 97%. This CNN model contains 4 convolutional layers with
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ReLU activation function. One max pooling layer and three average pooling layers are used. Finally, a softmax layer
with 8 units is used to predict which of the 8 bat species the call belongs to. Even if good results have been achieved
through this work, the motivation behind was in a negative sense i.e. monitoring bats to prevent spread of virus. The
biggest limitation of this work is that the bat calls had to be manually isolated. The paper uses a transfer learning based
approach where pretraining is performed using ImageNet dataset, which is an image database containing over

1.2 million annotated images. Later, the network was fine- tuned to adapt and recognise bat calls. A novel CNN model
named BatNet with 22 layers was proposed by the authors which showed promising results. This BatNet architecture
was compared with three traditional CNN architectures ResNet18, ResNet50 and VGG. Of the four models the
ResNet50 ar- chitecture showed an accuracy of 95.6%, followed by the BatNet architecture which achieved an accuracy
of 95.4%. The paper uses three machine learning techniques namely Random Forest, SVM and ANN to identify bat
species. An audio library containing around 662 searchphase calls of 10 bat species found in Uruguay was used to train
the models. If a particular bat call didn’t match any of the species present in the training dataset, it was classified as
“unknown class”. A probability threshold was set up for this purpose. If the probability of the bat call belonging to a
particular species was less than the threshold, then the particular call was added to the unknown category. Out of the 3
machine learning models the Random Forest algorithm achieved the best results.

1. EXPERIMENTAL SETUP

In this section, a detailed account of the experimental setup employed for the Bat ecolation detection has been
explained. The setup involved a combination of hardware and software components, including the development
machine, storage, network infrastructure, and the necessary tools and frameworks. The hardware and software
requirements for successfully replicating the experimental environment has been outlined.

Hardware Requirements:

1. Processor: Core i7 or higher (Clock speed 2.9GHz — 4.2GHz)

2. RAM: 8 GB or more

3. Hard Drive: 10 GB or more

Software Requirements:

-Operating System:- Ubuntu 16.04 or above MacOS High Sierra or above

Python 2.7.12 :- Python packages

-cython 0.24.1

-joblib 0.9.4

-lasagne 0.2.devl

-libgcc 7.2.0

-matplotlib 2.0.2

-numpy 1.12.1

-pandas 0.19.2

-scipy 0.19.0

-scikit-image 0.13.0

-scikit-learn 0.19.0

-seaborn 0.8

-weave 0.16.

(\V2 METHODOLOGY

The implementation of this work can be split into four parts namely: Data Source, Data processing, Classification, and
Non-Max Suppression. This section discusses these parts in detail.

A. Data Source

The model is trained with iBats dataset, and tested against three datasets namely iBats (E. Europe) , NBP (Norfolk) and
iBats (UK).These datasets were collected around the highways of Europe, by the means of road transect acoustic
monitoring [21]Data Preprocessing

Audio signals are initially in time domain representation. Since CNN works only on images audio signals need to
be converted from Time domain to Time-frequency domain. The Fourier transform is used to split audio signals into
individual frequencies. Each audio signal is composed of multiple single frequencies, which can be decomposed through
fourier transform.
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Fig. 1. Data Processing

B. Data Cleaning

Fast Fourier Transform - Raw audio will be converted into a log magnitude spectrogram

De-noising - Filtering out background noise by removing the mean amplitude in each frequency band put it in one
category

C. Data Search

Detection through Convolutional Neural Network (CNN): A Convolutional Neural Network (CNN) will be employed
to pose search-phase bat echolocation call detection as a binary classification problem.The CNN will utilize a sliding
window classifier to produce a probability for each time step, indicating the presence of a bat echolocation call.
Non- Maximum Suppression: Probabilistic predictions generated by the CNN will be processed using hon-maximum
suppression. This technique identifies local maxima in the prediction output, corresponding to the predicted locations of
the start of each search-phase bat echolocation call.

Each peak in the output prediction will be retained along with its associated probability, providing accurate detections
of bat calls within the audio data.

D. Current Architecture

The current architecture used in our project is includes a dataset where a frequency domain is rendered and from time
domain, converted to spetrogram where de-noising and call detection is done via CNN and results and exported by
nmpy after non- Max suppression. This architecture conncludes the behaviour of the present system and converts the
raw audio data into a readable data format

Fig. 2. Architecture

V. RESULTS AND DISCUSSION

The learning convergence can be observed by the below curves. Loss is constantly decreasing with increasing epoch,
contrarily accuracy is increasing. One more thing that can be observed through these curves is that the test curve is
below the training curve. This does not necessarily mean that the validation is better than training, this is a result of
dropout regularization. As some of the neurons are disabled during the training process to prevent overfitting. Neurons
aren’t disabled during the testing stage, therefore small loss and higher accuracy can be observed in the following curves
Audio files are initially in Time domain representation, which is shown in Figure 4. The audio files need to be converted
into Time-frequency domain to perform detection through CNN, as CNN can only be applied on images. But before that
it needs to be converted into frequency domain representation.

Fig. 3. Loss and accuracy vs Epoch Curve
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Fig. 4. Audio signal in Time domain
Audio signal in Frequency domain is shown in Figure 5. This plot shows the magnitude of each frequency present in an
audio signal. This representation is obtained by applying Fast Fourier Transform on the signal.
It is necessary to know which sound occurs when. Therefore, overlapping windows are generated by multiplying the
signal with the Hann function, and Fourier transform is applied on each of these windows, giving us information about
time i.e. Time-frequency representation. Figure 6 shows the signal in time-frequency representation But as can be
seen in Figure .

Fig. 5. Audio Signal inwl“:requency Domain

Fig. 6. Audio Signal in Time-Frequency domain
6 there’s a lot of background noise present in the signal. After applying the aforementioned denoising technique,
the spectrogram looks like Figure 7 Once signals are denoised, sliding window CNN can be applied on the
spectrogram. The model gives out probabilities of the start position of each bat call which can be seen in Figure 8, and
through Non Max Suppression technique then optimal bounding box is plotted

Fig. 7. . Audio Signal in Time-Frequency domain after de'hoisivhg

Fig. 8. Detected search-phase echolocation bat calls
VL. CONCLUSION AND FUTURE SCOPE

Bats provide crucial ecological and economic services to nature in terms of dispersing of seeds, pollination and pest
control. Their populations are threatened all over the world, and there is an immediate need for conservative actions.
Therefore, this project is designed with the aim to monitor bat species. A CNN model was developed for this purpose,
which was effective in detecting echolocation calls in noisy audio recordings. Around 500 more bat calls were detected

across all 3 datasets compared to that of the existing systems, with significant increase in recall of the proposed model,
as
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high as 11% compared to CNN-Fast, and 9% compared to CNN- Full model on iBats (UK) dataset. Although a highly
efficient model using CNN was developed, there is always room for im- provement. More researchers must take up this
daunting task which will not only help in protecting endangered bat species but also in forming appropriate policies and
taking necessary actions in preserving the environment. The limitations of this work are listed below, along with ways
which can enhance the performance of the proposed model.

VII. COMPARATIVE ANALYSIS

The performance comparison with existing systems is shown in Tables I and II.

Dataset Proposed CNN-  |[CNN-
Model Full Fast

Precision

iBats (UK) 0.9767 0.9761 [0.9724

iBats (E.0.9682 0.9658 [0.9628

Europe)

NBP (Norfolk) [0.9747 0.9739 [0.9579

Recall

iBats (UK) 0.8301 0.7458 [0.7268

iBats (E.0.9108 0.8717 0.8659

Europe)

NBP (Norfolk) [0.8111 0.7975 0.7799

TABLE I

PERFORMANCE COMPARISON WITH EXISTING SYSTEMSZualkernan, 1., Judas, J., Mahbub, T., Bhagwagar, A., &
Chand,

P. (2020). A Tiny CNN Architecture for Identifying Bat Species from Echolocation Calls. 2020 IEEE / ITU
International Con- ference on Artificial Intelligence for Good (Al4G), 81-86. doi: 10.1109/A14G50087.2020.9311084.
4 Ruiz, A. T., Jung, K., Tschapka, M., Schwenker, F., & Palm, G. (2017). Automated identification method for
detection and classification of neotropical bats. 8th International Conference of Pattern Recognition Systems (ICPRS
2017), 1-6. doi: 10.1049/cp.2017.0130.

5] Hu, J., Huang, W., Su, Y., Liu, Y., & Xiao, P. (2020). BatNet++: A

Robust Deep Learning-Based Predicting Models for Calls Recognition. 2020 5th International Conference on Smart
Grid and Electrical Automa- tion (ICSGEA), 260-263. doi: 10.1109/ICSGEA51094.2020.00062.

] Tabak, M., Murray, K., Reed, A., Lombardi, J., & Bay, K. (2021). Automated classification of bat
echolocation call record- ings with artificial intelligence. Ecological Informatics, 101526. doi:
10.1016/j.ecoinf.2021.101526.

(11 Jones, G., Jacobs, D., Kunz, T. H., & Racey, P. (2009). Carpe noctem: The importance of bats as bioindicators.
Endangered Species Research, 8, 93-115. doi: 10.3354/esr00182.

B Russo, D., & Voigt, C. C. (2016). The use of automated identifica- tion of bat echolocation calls in acoustic
monitoring: A  cautionary note for a sound analysis. Ecological Indicators, 66, 598-602. doi:
10.1016/j.ecolind.2016.02.036.

@ Schnitzler, H. U., Moss, C. F., & Denzinger, A. (2003). From spatial orientation to food acquisition in
echolocating bats. Trends in Ecology & Evolution, 18(8), 386-394. doi: 10.1016/S0169-5347(03)00185-X.

Dataset Proposed CNN-  [CNN-
Model Full Fast

iBats (UK) 2097 1888 1793

iBats (E4383 4196 4147

Europe)

NBP (Norfolk) 3273 3165 3166

Total 9753 9249 9106

TABLE 11

NUMBER OF CALLS DETECTED ON COMPARISON WITH EXISTING SYSTEMS

As shown in Table I, the proposed model performed bet- ter than existing systems. Around 500 more bat calls were
detected by the proposed model as compared to the existing systems. Although the increase in precision is negligible,
there is a significant increase in recall of the proposed model, as high as 11% compared to CNN-Fast, and 9% compared
to CNN-Full model on the iBats (UK) dataset.
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