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Abstract 

 

Analysis and understanding of bat behaviors have taken on an increased importance 

post-Covid 19. Manual analysis of echolocation calls in bats to deduce behavior is 

cumbersome, time-consuming and costly. Previous attempts to automate this process 

have relied on labeled data which is expensive and difficult to collect. This thesis 

explored the use of state-of-the-art unsupervised learning algorithms like IMSAT, IIC, 

SCAN, JULE and DeepCluster to determine if interesting bat behaviors can be 

automatically determined based on unlabeled bat echolocation data which is readily 

available. The algorithms originally developed for image classification were adapted to 

work with audio data. One small labeled echolocation data set from the UAE Al-Hajar 

mountains and a large unlabeled dataset from an urban space in Dubai from the 

Emirates Nature - World Wildlife Foundation (WWF) were utilized. A coding scheme 

for interpreting bats' behavior was also developed. The results are that different 

algorithms capture different behavior. For example, IIC and IMSAT identified the 

presence of multiple bats, DeepCluster was better able to identify prey capture attempts, 

SCAN could distinguish bat calls in a close habitat and JULE could capture different 

species types.  Based on Mutual Information (MI) the most similar pairs of algorithms 

were IIC and IMSAT (0.429), IIC and DeepCluster (0.374), and IMSAT and 

DeepCluster (0.266). On the small labeled data set, IIC performed the best with an 

accuracy of 48.28% followed by IMSAT (43.59%), JULE (43.13%), DeepCluster 

(39.84%) and SCAN (29.38%). A baseline K-Medoid algorithm only had an accuracy 

of 23.75%. For future work, better audio augmentation techniques can be explored and 

other unsupervised learning algorithms like DAC, DEC and K-Autoencoders can be 

investigated as well.   

 

Keywords: Unsupervised Deep Learning; Audio Classification; Wildlife 

Monitoring.  
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Chapter 1.  Introduction 

 

1.1 Overview 

Bats are an integral part of our ecosystem, and they play their roles in reducing 

forest restoration [6], Tropical Forest Succession [7],  and pollination [8]. These factors 

ensure the stability of the food chain in any ecosystem, and any decline in the 

population or disturbance in the behavior of bats could affect it. Therefore, it is crucial 

to keep a close check on them. There are around 1300 different species of bats [9], each 

having its characteristics. For example, some bats eat soft fruits such as avocados and 

mangoes and discard their seeds, which ultimately grow into mature trees. So, they play 

a significant role in the preservation of fruits in the wild [10]. Unfortunately, few 

species of bats have started to become endangered [11], e.g., Eumops floridanus is one 

of the nine species which has been categorized as endangered by the U.S. Endangered 

Species Act [12]. Therefore, it is important from the ecological perspective to monitor 

the different species of bats in any ecosystem.  

 Another perspective is that the viruses are present in bats, and their interaction 

with humans could lead to the transmission of such viruses. Various studies have 

claimed that COVID-19 has also been transferred from bats to humans [13] [14]. The 

behavior of species in a site with a virus outbreak could help us narrow down the origin 

of such viruses because there are hundreds of species of bats and shortlisting the likely 

aspects (such as behavior) could be helpful.  

One laborious way to get the data about the behavior of different species is for 

an expert to manually inspect the reasonable number of bats in an ecosystem and draw 

the statistical projections (or use an annotated dataset to develop automated techniques 

[15]). It is a costly and time-consuming process. To this end, we propose to collect just 

the acoustic data of bats via recording instruments and then classify that via 

unsupervised deep learning techniques. This groups the bats' recordings with similar 

acoustic signatures, which means that the grouping of species is automated. The next 

step could be for an expert to identify a few acoustic signatures from every group, which 

is identified with the deep learning models. Essentially, this work is aimed at 

eliminating the step of analyzing every audio recording of bats and then manually 

labeling it to get the overall picture of an ecosystem. Once we have the classification, 
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examining only a few tapes (by an expert) could give us the required information. Using 

acoustic signatures to identify the species of bats has already been demonstrated for 

labeled data using supervised learning [16]. However, as claimed earlier, the collection 

of such labeled data is expensive and time-consuming. Thus, better automation is 

required, which makes use of just the unlabeled data for classifying bat calls (based on 

the behaviors beings exhibited). A detailed framework for the interoperation of these 

behaviors from bat calls is explained in section 3.6. 

1.2 Thesis Objectives 

The objective of this study is to advance the unsupervised image clustering 

algorithms for the applications of audio clustering and determine which of the various  

acoustic 'of bats clusteringunsupervised learning techniques work best for audio signal  

data. 

1.3 Research Contribution 

The contributions are: 

• A novel application of unsupervised deep learning algorithms to find semantic 

behavior of bats from acoustic calls, explored for the first time. 

• Empirical data on the relative performance of the various well-known 

unsupervised learning algorithms to cluster bats echolocation calls, and 

direction for future work based on the experimental results.  

• Demonstrated the results using two audio augmentations techniques. 

• Development of a coding scheme for interpreting bats' behavior.  

1.4 Thesis Organization 

Chapter 2 describes the core concepts and state-of-the-art literature work. 

Chapter 3 describes data collection and pre-processing along with formally defining the 

problem. It proposes a framework for clustering and interpreting the bat calls. Initial 

experiments used to decide the input parameters for clustering algorithms are also 

described along with the explanation of various metrics used for evaluation.  Chapter 

4-9 describes the clustering algorithms and conducted experiments in detail. Chapter 

10 gives a quantitative comparison between the results from different algorithms. 

Chapter 11 explains the application of unsupervised clustering for species 

classification. Chapter 12 describes the theoretical explanation of additional 
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unsupervised learning algorithms. Finally, chapter 13 provides a conclusion and 

direction for future work.  

This Chapter explains the need for bats’ calls clustering and identifies the key 

objectives which motivated this thesis. Research contributions and the organization of 

the overall thesis are also explained.  
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Chapter 2.  Background and Literature Review 

 

In this Chapter, various fundamental concepts, terminologies are discussed, 

which are essential for the understanding of previous work in the literature. Then, 

multiple techniques for unsupervised learning are discussed in detail. For each method, 

its description, objective/loss functions used, performance on various datasets, and 

block diagrams/algorithms are explained in their respective Chapters.  

2.1 Core Concepts 

Let us say, 𝑋𝑙 and 𝑋𝑢 represents labeled and unlabeled data. The focus of this 

work will remain on the unsupervised classification of data in which the labels will not 

be available. The nomenclature and symbolic representations are adapted from [17]. 

2.1.1. Cross-entropy. The concept of cross-entropy (CE) originates from the 

information theory and it is the most common loss function used for classifying images. 

The cross-entropy is measured between two probability distributions. Consider the 

neural network 𝑓 with input 𝑥, 𝑓(𝑥) as the output.  To quantify the difference between 

𝑓(𝑥) and the corresponding label 𝑧𝑥 (for simplicity, we are assuming labeled data here), 

Equation (1) is used: 

𝐶𝐸(𝑓(𝑥), 𝑧) =  ∑ 𝑃𝑓(𝑥)(𝑐)log (𝑃𝑧(𝑐))

𝐶

𝑐=1

 

(1) 

where the probability distribution (chances of belonging to a cluster), its entropy (purity 

of clusters) are denoted by 𝑃 and 𝐻.  The total number of classes is indicated by 𝐶. 

2.1.2. Kullback-leibler (𝑲𝑳) divergence.  𝐾𝐿 divergence is another loss 

function used during the classification of images, which measures the difference 

between distributions (between the output 𝑓(𝑥) and the underlying discrete probability 

distribution (𝑃) over all the classes (𝐶)) – as provided in Equation (2).

 𝐾𝐿 (𝑓(𝑥), 𝑃) =  ∑ 𝑃𝑓(𝑥)(𝑐)log (
𝑃𝑓(𝑥)(𝑐)

𝑃(𝑐)
)

𝐶

𝑐=1

 

(2) 

Subtracting the entropy over 𝑧 from 𝐶𝐸 gives the KL-divergence. This 

relationship is given in Equation (3). 

𝐶𝐸(𝑓(𝑥), 𝑧) =  𝐻(𝑃𝑧) + 𝐾𝐿 (𝑃𝑧|𝑃𝑓(𝑥)) (3) 
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2.1.3. Mutual information. The information we get regarding a random 

variable by observing the other one is quantified using MI. MI is more prevalent in 

literature in the case of unsupervised clustering (over CE). For two different outputs 𝑥 

and 𝑦  with their probability distributions 𝑃𝑓(𝑥) and 𝑃𝑓(𝑦), MI is the KL-divergence 

between 𝑃𝑓(𝑥),𝑓(𝑦) (Joint distribution) and 𝑃𝑓(𝑥) ∗ 𝑃𝑓(𝑦) (Marginal distribution) – as 

provided in Equation (4).  

− 𝐼𝑀(𝑃𝑓(𝑥), 𝑃𝑓(𝑦)) =  −𝐾𝐿(𝑃𝑓(𝑥),𝑓(𝑦)| 𝑃𝑓(𝑥) ∗ 𝑃𝑓(𝑦))   (4) 

 Conceptually, just as correlation measures the distance between random 

variables, MI does the same for probability distributions.  

2.2 Related Work 

 The acoustic signatures of bat calls will be converted to images, and thus we 

need image clustering algorithms that could make different clusters. In our context, 

each cluster will represent different behavior. The framework for interpretation is also 

provided. Different frameworks have been proposed in the literature to divide deep 

unsupervised learning into various categories. Network architecture can be used as a 

basis for the classification of these algorithms [18]. This thesis proposes using the 

‘learning strategy’ as the basis for classification, which classifies the techniques into 

the following two categories:  

2.2.1. Augmentation-independent algorithms. In this category, the 

algorithm utilizes only the feature representations (from the output of CNNs) as the 

basis of clustering [3].  In literature, this approach is also referred to as end-to-end 

learning. The clusters, in this approach, are formed by the regulatory signals from either 

confident samples [19] or through the cluster-reassignment [5].  Table 1 lists the latest 

techniques from the literature that utilized this approach, and the general idea behind 

each algorithm. These include DAC [19], JULE [4], DEC [20], DeepCluster [5] and K-

Autoencoders [21]. While the results from these algorithms are reasonable on the 

standard datasets, it is important to note that the learning from these algorithms is 

limited. It is because these algorithms do not utilize the transformation of the original 

data to carry out more diverse and robust learning. This is why their performance does 

not constitute state-of-the-art results.  
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Table 1: Augmentation-Independent Clustering Algorithms 

Technique  Year General Idea Accuracy  

DAC [19] 2017 Uses pairwise classification to Combine the 

clustering algorithm along with the 

representation/feature learning from the images.  

52% on 

CIFAR-10 

JULE [4] 2016 Worked on the principle of agglomerative 

clustering and used a recurrent framework to 

implement the consecutive tasks in the clustering 

phase. 

78.55% on 

CIFAR-10 

DEC [20] 2016 Iteratively computes the auxiliary/target 

distribution and minimizes the loss (in the form of 

KL-divergence) between this and the output of 

stacked auto-encoder (which learned the 

embedding). 

84.3% on 

MNIST 

DeepCluster 

[5] 

2019 Outputs of CNN are clustered using k-means, and 

these assignments are used as pseudo-labels for 

training the parameters of the network. 

73.7% on 

PASCAL 

VOC 

K-

Autoencoders 

[21] 

2020 Uses multiple auto-encoders (equivalent to the 

number of clusters required) and assigns each data 

point/Image to the autoencoder, which gives us the 

minimum reconstruction error. 

88% on 

MNIST 

 

2.2.2. Augmentation-dependent algorithms. These algorithms enforce the 

consistency/similarity between the augmentation of an image and the original image 

itself to disentangle the different clusters [3]. Table 2 lists the latest techniques from 

the literature that used augmentation, and the general idea behind each algorithm. 

2.2.3. Shortlisting algorithms for the experiment.  From the 

algorithms/techniques mentioned in Tables 1 and 2, a few were shortlisted considering 

the scalability of the algorithm, backbone/architecture used, its category, and few 

common ideas such as over-clustering and pretext tasks. IMSAT gives the baseline 

performance for our evaluation, and it had also been evaluated on bigger datasets such 

as CIFAR-10.  IIC is one of the recent developments in this area, which also utilized 

the pretext tasks and over-clustering. SCAN, which is the latest, and gave the state of 

the art accuracy of 87% on CIFAR-10 was also considered. The direction of utilizing 
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the invariant information by introducing augmentations is a promising direction that is 

why the majority of the algorithms are shortlisted from this category.   

Table 2: Augmentation-Dependent Clustering Algorithms 

Technique  Year General Idea Accuracy  

IMSAT [1] 2017 This maximizes the MI between input and the cluster 

assigned and enforces invariance using data 

augmentation.  

45.6% on 

CIFAR-10 

IIC [2] 2019 Images are paired (with one of them transformed) such 

that the essence of the image does not change, then the 

invariant information is learned, and neural network 

output is used as a cluster. 

88% on 

STL-10 

SCAN [3] 2020 A self-supervised task from representation learning is 

used to achieve useful features for clustering. After 

which semantic clustering is performed on these features.  

87.6% on 

CIFAR-10 

 

From Augmentation-Independent approaches, DeepCluster is shortlisted 

because of its unique approach to utilize k-mean to generate the pseudo-labels and 

ultimately relying on the CNN training in an end-to-end fashion. The clustering of high-

resolution images was also demonstrated with this approach. JULE was shortlisted 

because, unlike others, it used bottom-up/agglomerative learning and gave an accuracy 

of 78.5%  on the CIFAR-10. The theoretical explanation of the rest of the algorithms is 

also provided in Chapter 12. In conclusion, the selection is varied across a spectrum of 

design choices to evaluate the technique which could work best in the (different) 

domain of spectrograms’ clustering. 

 Various key concepts and terminologies are covered in this Chapter, which is 

necessary for comprehending past work in the literature. Then, a variety of 

unsupervised learning strategies are briefly examined. The justification for choosing 

strategies for our experimentation is also described in detail.  
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Chapter 3.  Methodology  

 

3.1 Problem Formulation 

Given the domain of input 𝑋 with data points {𝑥1, 𝑥2, 𝑥3,. . . , 𝑥𝑁} with no labels 

and clusters {𝐶1, 𝐶2, 𝐶3,. . . , 𝐶𝑀} given 𝑀 < 𝑁, our goal is to assign each data point 

𝑥𝑖to a cluster 𝐶𝑖, such that all the rest of the data points in a particular cluster are similar 

to each other. Our final task defines how we consider the data points to be similar [1]. 

This is a complex problem, especially for bats’ calls clustering. Some of the reasons 

relate to the general issues in the field of unsupervised learning while others relate to 

the complexity in formulation and interpretation of bat calls datasets. These reasons are 

given below:  

• It is difficult to define an objective function for unsupervised learning 

algorithms, which generalizes well across domains and that is why massive 

modifications are required to use them on the bats calls dataset. For example, 

coming up with custom augmentation functions - as explained in section 3.4. 

• Standard datasets for bat calls do not exist and it is required to build and pre-

process them from scratch.  

• A single bat call cannot be labeled into a single category of behavior and a more 

comprehensive procedure is required to interpret and compare the outputs – as 

explained in section 3.6. 

• There is no systematic way to find the hyper-parameters – which are used to 

train unsupervised learning models. Choosing the sub-optimized hyper-

parameters could result in the models not converging or producing degenerate 

clusters. Therefore the selection of hyperparameters, in our experiments, was 

guided by empirical evidence, suggestions by the authors of the respective 

algorithms, and computational constraints.  

• To visually distinguish between various characteristics of individual bat calls, 

it is required to keep an individual spectrogram at the dimensions of at least 

128x128. This factor, along with the massive size of the dataset and 

computationally expensive nature of unsupervised deep learning algorithms, 

results in a lot of time and effort being required.  
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3.2 Data Collection 

The site of the collection is the Hajar Mountains, which are in three states 

(Sharjah, Fujairah, and Ras Al Khaimah) of the United Arab Emirates during the early 

three months of 2018. The instrument used was the Pettersson DX1000 Ultrasound 

detector. It has the capability of collecting signals with frequencies between 5 and 235 

kHz. The instrument was fixed at a position, and it is capable of recording bat calls up 

to a distance of 20 meters.  

3.3 Data Pre-processing 

 The pre-processing involved the following major steps: 

3.3.1. Selection of bat calls from the recording. The random selection of 

audio segments leads to instances of no signal(s) being captured in the spectrogram. To 

solve this issue, each recording was first processed through batdetect [22]. Batdetect is 

a Convolutional Neural Network (CNN) based model for recognizing bat echolocation 

calls in noisy audio recordings. It outputs the detected locations of the bat signal in each 

recording. Audio signal chunks spanning 500ms, around the detected location in audio 

recording, were drawn. This chunk after normalization (as explained in the next section) 

was used for drawing an individual spectrogram. As an alternative to open-source 

software, another tool called Kaleidoscope, a commercial alternative, could also be 

used to identify the position of bat calls in a recording. However, in our experiments, 

the training of the algorithms was based on the open-source non-commercial program: 

batdetect. 

3.3.2. Normalization of audio levels of each recording. Due to differences 

in audio levels, spectrograms generate different color tones. Thus, the clustering 

becomes dependent on the color tone of the generated spectrogram (instead of the 

characteristics of the signal). To solve this issue, each recording was first normalized 

to the same decibel level 0 𝑑𝐵 and then the spectrograms were generated. This led to 

the same color tone across all the spectrograms. Figure 2 and Figure 3 compare this 

(based on the same two files). 

The Amplitude/loudness of the recorded audio signals was maintained at 0 𝑑𝐵. 

The difference in 𝑑𝐵 level of the audio segment was calculated with reference to the 

target 𝑑𝐵 level.  The resulting 𝑑𝐵 value was then converted to an equivalent number 
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(factor), using Equation (6), and then multiplied with the values of the original audio 

segment using Equation (5). 

𝐴𝑢𝑑𝑖𝑜 𝑆𝑎𝑚𝑝𝑙𝑒𝑖 = 𝐹𝑎𝑐𝑡𝑜𝑟 ×  𝐴𝑢𝑑𝑖𝑜 𝑆𝑎𝑚𝑝𝑙𝑒𝑖 ,

𝑖 = 1, … , 𝑇𝑜𝑡𝑎𝑙 𝑆𝑎𝑚𝑝𝑙𝑒𝑠 𝑖𝑛 𝑎𝑛 𝐴𝑢𝑑𝑖𝑜 

(5) 

  

𝐹𝑎𝑐𝑡𝑜𝑟 =  10
𝑇𝑎𝑟𝑔𝑒𝑡 𝑑𝐵 𝑙𝑒𝑣𝑒𝑙 −𝐴𝑢𝑑𝑖𝑜 𝑆𝑒𝑔𝑚𝑒𝑛𝑡 𝑑𝐵 𝑙𝑒𝑣𝑒𝑙 

20  
(6) 

A flow chart of exactly what is done to a single sample of raw audio data is 

given in Figure 1. An overall pipeline is explained in section 3.5 and illustrated in 

Figure 6. 

 

Figure 1: Flow Chart for the Pre-processing of Single Audio File 

 

3.3.3. Generation of spectrograms. For generating each spectrogram, the 

length of the signal was taken to be 0.5 seconds. In terms of configuration, the length 

of the windowed signal after padding with zeros was set to 5120 samples and the hop 

length was set to 512. The y-axis was set to linear, and hann-window was used for STFT 

computation. The frequencies to be displayed were limited from 20KHz to 92KHz 

(which is the usual range of bat calls frequencies) [23]. Further processing was done to 
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remove axis labels, axis ticks, and titles from the image (before giving this as input for 

training) with a final resolution of 128x128 for each spectrogram.  

 

Figure 2 Spectrograms Before Normalization 

 

 

Figure 3: Spectrograms After Normalization 

 

 To experiment, a total of 48951 audio recordings were used. The average length 

consisted of 10.19 seconds (with a standard deviation of 4.4 seconds). The histogram 

of length is added in Figure 4. The sampling rate had two unique values of 384,000 Hz 

and 256000 Hz. All the recordings were resampled to 256000 Hz. The detection 

probability threshold, for batdetect, of 95% was considered and one bat call was 
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arbitrarily drawn from each recording. The reason for not choosing the location with 

maximum detection probability was to introduce diversity in the bat calls and avoid 

monotonic bat calls. After applying these steps, a total of 24610 (non-augmented) 

spectrograms were generated which were used as input to the clustering algorithms. 

 

Figure 4: Histogram of Length of Audio Files - With 5 Bins 

 

3.4 Data Augmentation Techniques: 

 Most of the best-performing clustering algorithms rely on the augmentation of 

signal/input to compute the clusters. In our experiments, such algorithms include 

SCAN, IMSAT, and IIC. In their default configuration, the augmentations of images 

are calculated based on scaling, rotating, flipping, and blurring [24]. However, in the 

context of spectrograms, this does not make sense. Thus, two separate augmentation 

methods are devised (based on augmenting the raw audio signal). Their explanation and 

visual examples (in Figure 5) are given below: 

3.4.1. Temporal perturbation. For this technique, the starting point of the 

signal is varied (in either direction) and then the augmented signal is padded with noise. 

The value of shift is chosen randomly between -20% and +20% of the sampling rate. 

This value was chosen in [25] for improving the singing voice detection using neural 

networks.  

3.4.2. Speed perturbation. For this technique, the speed is varied randomly 

between 0.7x and 1.3x of the original speed. Then to match the new signal length (with 
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the original signal’s length) the audio signal is either sliced (if speed was less than 1x) 

or padded (if speed was greater than 1x). A variety of choices exist, in literature, for 

choosing the speed factor. For example, [26] used the factor between 0.5 and 1.5 while 

[27] used the speed factor between 0.9 and 1.1. For our experiment, a moderate 

approach of selecting a speed factor between the range of 0.7 and 1.3 was used. In order 

from left to right, the examples of right shift, left shift, speed decrease and speed 

increase are provided in Figure 5. 
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Figure 5: Example of Original and Augmented Spectrograms.  

 

3.5 Framework for Classification 

Classification of the labeled bats' acoustic dataset through supervised learning 

has already been demonstrated with an accuracy of around 97% [16].  Three different 

features (Mel spectrograms, Mel-frequency cepstral coefficients, and Short-time 

Fourier transform) were used to convert the acoustic data into images. Essentially, these 

image-based features are trained along with their labels being given as a supervisory 

signal. This thesis proposes an extension of a similar approach in the domain of 

unsupervised clustering. Other classification systems (for acoustic data) also exist 

which utilize image-based features with CNNs [28]. And the work in the field of 

unsupervised image clustering has too matured during the last 4 to 5 years [29] [30]. 

For these reasons, our problem has been converted into utilizing the image-based 

features for classifying the bat calls.  

The algorithms shortlisted, given in Table 2 and Table 1, do not make use of 

transfer learning rather learn from scratch, and that is why they are expected to work 

equally well on the spectrogram-based features as they do on the standard image’s 
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datasets. The images/spectrograms generated after pre-processing are used as input to 

the clustering algorithms. They are compatible as input to the algorithms described 

above because all of them take as input the images.  

 

Figure 6: Pipeline for Classification 

 

3.6 Framework for Interpretation of Spectrograms Clusters 

One-to-One mapping of spectrogram clusters to characterize bats' echolocation 

calls is very restrictive and nearly impossible because of the uncontrolled environment 

during the recording of these calls. For example, multiple bats may be present while 

foraging in different types of habitats. So, there are multiple combinations of factors 

and trying to isolate one behavior makes the comparison very restrictive. Thus, to make 

the comparison more comprehensive, each cluster could be interpreted based on 

multiple factors such as prey capture attempt, presence of multiple bats, habitat type, 

background noise, and proximity of bat to the prey (via sound pressure level [31] and 

variations of pulses frequencies). Most spectrograms in each cluster are expected to 

have a particular signature of these characteristics.  The following coding scheme is 

used for identifying the presence of a particular behavior in the detected bat calls: 

3.6.1. Multiple bats presence. This could be detected by observing multiple 

and distinct frequency bands [32]. It confirms the presence of two or more bats who 

have changed their frequency bands to distinguish their own calls’ echoes from the 
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other bats. Its purpose is the detection, classification, and localization of their prey. The 

Upper left spectrogram in Figure 7 represents bat calls at two different frequency 

spectrums. The calls of the first and second bat are annotated by yellow and white color, 

respectively. There are approximately 5 to 6 calls from each bat and the frequency range 

of the calls, emitted by different bats, differs by only a few kHz. However, the presence 

of multiple spectrums of frequency is clear in the mentioned figure.  

3.6.2. Prey capture attempt. This behavior is characterized by rapid 

variations of inter-pulses intervals and a decrease of signal frequency [33] [34]. This 

indicates the shifting of bat behavior from search (also called foraging) to approach 

phase. The dotted line in the lower left spectrogram inside Figure 7 highlights the prey 

capture attempt. It could be observed that a sudden drop in the frequency range of bat 

calls occurs while the number of such calls increases suddenly. This behavior depicts 

the mentioned definition of prey capture attempt.  

3.6.3. Habitat type. Bat calls have a faster pulse rate when they are in a close 

habitat as compared to when they are in an open area. Changes in pulse rate were 

observed at four different observation sites and bats at the smallest site (20 x 55 m) 

showed a higher bat call repetition rate [35]. Our spectrograms were generated at a 

500ms window and empirically, if there is a presence of five or more bat calls then it 

indicates a close habitat and vice versa. The upper right spectrogram in Figure 7 has 

more than six bat calls which is an example involving a close habitat. On contrary, if 

less than five bat calls are present then it could be classified into an open habitat type.  

3.6.4. Sound pressure level (SPL). A proxy measure for SPL [31] is signal 

strength as indicated by the thickness of the bat call. It means that the bats are closer to 

the ground, or the instrument being used for recording [31]. A thicker bat call represents 

a high sound pressure level. Given the current parameters for generating spectrogram, 

spanning 500ms, a bat call is considered to belong to the category of high SPL if it 

spans more than 10ms horizontally and 15.4Khz vertically. The lower right 

spectrogram in Figure 7 shows an example of high SPL. Additional sources of sound 

attenuation include sound scattering by atmospheric turbulences or sound energy 

dissipation into heat [36]. This does not directly relate to any specific behavior of bat 

but has a huge impact on the clustering results.  
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Figure 7: Examples of Different Behaviors 

 

3.6.5. Noise. Anthropogenic and background noise (from insects) could 

introduce artifacts in the generated spectrograms – especially, at lower frequency 

scales. This also alters the echolocation pattern and activity of bats [37]. Various 

examples are given in Figure 8.  

    

Figure 8: Example of Miscellaneous Signals with Bat Calls 

 

For analysis, the above factors are considered binary variables. A spectrogram 

is manually labeled across these five dimensions to test the results from clustering 

algorithms. After clustering is performed by an algorithm, a reasonable number of 

samples need to be analyzed manually. Thus, to shortlist samples for analysis from each 

cluster, the following power calculation formulae, given in Equation (7), was used. 

𝑆𝑎𝑚𝑝𝑙𝑒 𝑆𝑖𝑧𝑒 𝑓𝑟𝑜𝑚 𝑒𝑎𝑐ℎ 𝑐𝑙𝑢𝑠𝑡𝑒𝑟 =  

𝑧2 × 𝑝(1 − 𝑝)
𝑒2

1 + (
𝑧2 × 𝑝(1 − 𝑝)

𝑒2𝑁
)

 

(7) 
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where 𝑧 is the 𝑧-score (1.96), 𝑒 is the margin of error (5%), and 𝑝 is the standard of 

deviation (0.5). Since we don’t know how much variance is to be expected, the standard 

deviation value of 0.5 was used – to make sure that the group is large enough. The 

distribution of the resulting number of samples, which are required to be manually 

inspected, is provided in Table 3. It represents the number of samples shortlisted, after 

applying (7), divided by the total number of samples in a particular cluster. Please note 

that the justification for selecting five clusters, as represented in Table 3, is given in 

section 3.9. 

Table 3: Number of Shortlisted/Total Samples for all Techniques. 

Technique/

Cluster ID 

IMSAT IIC DeepCluster SCAN  JULE K-

Medoid 

Cluster 0 357/5095 364/7124 339/2866 157/265 378/24577 350/3953 

Cluster 1 360/5937 340/2987 343/3169 378/23214 3/3 341/2997 

Cluster 2 343/3251 358/5464 376/16857 261/811 14/15 365/7379 

Cluster 3 359/5616 303/1445 234/602 165/290 5/5 346/3444 

Cluster 4 355/4711 365/7590 286/1116 28/30 10/10 367/6837 

 

3.7 Metrics for Quantitative Comparison 

The metrics used for comparison of the results from different clustering 

algorithms and to judge the performance of species clustering are as follows. 

3.7.1. Mutual information score. The mutual information score [38] 

between clustering (as explained in section 3.1)  𝑈 and 𝑉 (for 𝑁 datapoints) is given 

in Equation (8).      

𝑀𝐼(𝑈, 𝑉) = ∑  

𝑅

𝑖=1

∑  

𝐶

𝑗=1

|𝑈𝑖 ∩ 𝑉𝑗|

𝑁
log 

𝑃𝑈𝑉(𝑖, 𝑗)

𝑃𝑈(𝑖)𝑃𝑉(𝑗)
 

(8) 

This metric is symmetric. In the absence of ground truth, this is a good metric 

to find the clustering output of two different independent algorithms. The output is a 

non-negative value. This could be normalized, between 0 and 1, by the arithmetic 

average of entropy of 𝑈 and entropy of 𝑉. That is termed as normalized mutual 

information score. Intuitively, it tells us that how much information could be deduced 

about one random variable by looking at the second one. 
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3.7.2. Rand score. Rand index (RI) also calculates the similarity between two 

label assignments. First, all the pairs of samples are computed and then Equation (9) is 

calculated. 

𝑅𝐼 =
𝐶𝑜𝑟𝑟𝑒𝑐𝑡 𝑆𝑖𝑚𝑖𝑙𝑎𝑟 𝑃𝑎𝑖𝑟𝑠 + 𝐶𝑜𝑟𝑟𝑒𝑐𝑡 𝐷𝑖𝑠𝑠𝑖𝑚𝑖𝑙𝑎𝑟𝑦 𝑃𝑎𝑖𝑟𝑠 

𝑇𝑜𝑡𝑎𝑙 𝑛𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑝𝑎𝑖𝑟𝑠
 

(9) 

If clustering does not match, 𝑅𝐼 has a value close to 0. Otherwise, a higher non-

negative value indicates a better match. It could be adjusted for chance using Equation 

(10). 

𝐴𝑅𝐼 =
𝑅𝐼 − 𝐸{𝑅𝐼} 

max{𝑅𝐼} −  𝐸{𝑅𝐼} 
 

(10) 

Where 𝐸{𝑅𝐼} is the expected value of 𝑅𝐼. If the 𝑅𝐼 exists because of the chance 

alone then 𝐴𝑅𝐼 has a value close to 0 (could be negative). Otherwise, if both partitions 

match exactly, the value is 1. 

3.7.3. Fowlkes mallows score. This metric could only be used if ground truth 

is available. This metric is used to evaluate species clustering in Chapter 11. Fowlkes 

Mallows Score (FMS) between the output of two clustering algorithms using Equation 

(11). 

𝐹𝑀𝐼 = √
𝑇𝑃

𝑇𝑃 + 𝐹𝑃
⋅

𝑇𝑃

𝑇𝑃 + 𝐹𝑁
 

(11) 

where TP means the number of true positives, FP means the number of false positives 

and FN means the number of false negatives. The output value ranges from 0 to 1. A 

perfect match between two clustering outputs gives the value of 1.  

3.7.4. Accuracy. This metric is also applicable only if ground truth is 

available - as is the case in Chapter 11. It is adapted from [1]. The number of clusters 

is set to the categories in the ground truth and Equation (12) is calculated. 

ACC = 𝑚𝑎𝑥
𝑚

 
∑  𝑁

𝑛=1 𝟏{𝑙𝑛 = 𝑚(𝑐𝑛)}

𝑁
 

(12) 

where 𝑐𝑛  and 𝑙𝑛 are the assignment of clusters and the ground truth, respectively. 𝑚 

represent all the one-to-one mappings between ground truth labels and clusters. It is 

computed using the Hungarian algorithm [39].  
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3.8  Distance Metrics for K-Medoid Clustering 

 To get an estimate for the target number of clusters (𝑘) to be specified for 

unsupervised deep learning algorithms, the conventional clustering technique of K-

medoid [40] was applied. Experiments were performed using K-medoid with three 

different distance metrics. The following image comparison metrics were used: 

3.8.1. Structural similarity index metric (SSIM).  In contrast to the pixel-to-

pixel image comparison metrics, SSIM [41] was built on the premise that human 

perception is highly sensitive to the overall structure of images.  For two images x and 

y of equal dimensions, SSIM is calculated using Equation (13). 

SSIM (𝐱, 𝐲) =
(2𝜇𝑥𝜇𝑦 + (𝑘1𝐿)2)(2𝜎𝑥𝑦 + (𝑘2𝐿)2)

(𝜇𝑥
2 + 𝜇𝑦

2 + (𝑘1𝐿)2)(𝜎𝑥
2 + 𝜎𝑦

2 + (𝑘2𝐿)2)
 

(13) 

where 𝜇𝑥 is the average of x, 𝜇𝑦 is the average of y, 𝜎𝑥
2 is the variance of x, 𝜎𝑦

2 is the 

variance of y, 𝜎𝑥𝑦 is the covariance of x and y, 𝑘1 and 𝑘2 are constants, 𝐿 is the range 

of pixels. In our experimental setup, 𝑘1 was set to 0.01, 𝑘2 was set to 0.03, and 𝐿 was 

based on maximum and minimum pixel value for each image. Implementation from 

scikit-image [42] library was used. The above equation is evaluated on a window of 

image and the mean is taken for all the individual measurements to calculate the overall 

index. We used the window size of 9x9 pixels (as suggested by the authors [41]). This 

implementation also supports the multichannel images and calculations were performed 

independently for each channel and then averaged. The range of this metric is between 

0 and 1. For K-Medoid, 1 - SSIM was used as a distance metric.    

3.8.2. Oriented FAST and rotated BRIEF (ORB).  ORB is built on top of 

the two image features descriptors FAST (Features from Accelerated and Segments 

Test) [43] and BRIEF (Binary robust independent elementary feature) [44]. This 

technique adds rotational invariance and is also resistant to noise.  ORB is an improved 

open-source alternative to SIFT and SURF algorithms. Its implementation [45] from 

OpenCV was used. This algorithm computes the descriptors of the identified key points 

for each image. This step is repeated for both images and a brute force matcher is used 

to get the best match between two images (using Hamming distance [46]). Now, we 

have a list of matches, and a threshold (50 in our case) was used to obtain a second list. 

The ratio of the number of matches (after threshold) to the total number of matches 



33 

 

gives the ORB similarity metric. The range of this metric is between 0 and 1. For K-

Medoid, 1 - ORB was used as a distance metric.    

3.8.3. Root mean squared error (RMSE).  For a pixel-to-pixel comparison, 

RMSE was also used as a metric in K-medoid clustering. For two images of size 𝑀 ∗

𝑁, it could be calculated using Equation (14). 

𝑅𝑀𝑆𝐸 = √
1

𝑀 ∗ 𝑁
∑  

𝑀−1,𝑁−1

𝑖=0,𝑗=0

[𝐼(𝑖, 𝑗) − 𝐾(𝑖, 𝑗)]2 

(14) 

where 𝐼(𝑖, 𝑗) and 𝐾(𝑖, 𝑗) are the pixel value at the position (𝑖, 𝑗) of two images. The 

implementation from [47] was used.  

3.9 Finding an Approximate Number of Clusters Using K-Medoids  

The implementation of K-Medoids [48] from scikit-learn was used. The number 

of target clusters was varied from 1 to 9 (single digits). Alternate implementation which 

optimizes PAM (Partition Around Medoids) algorithm was used for K-Medoids. 

Medoid initialization was done by picking the points (equivalent to the number of 

clusters) with the smallest sum distance to every other point. Maximum iterations were 

set to 50,000 and the training runs always converged.  

K-Medoid has polynomial space complexity of 𝑂(𝑁𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑠𝑎𝑚𝑝𝑙𝑒𝑠)2. 

This algorithm is also computationally expensive and does not scale well to the large 

size of data [49]. For example, in our dataset, computing k-medoid on 500 samples 

takes 5 minutes but computation on 5000 samples takes 5.80 hours while using the ORB 

metric. For SSIM, the computation time for clustering 5000 samples was 16.58 hours. 

The machine had Tesla P100 – 16GB GPU, 24GB memory, 200GB disk space, and 

2vCPU at 2.2GHz. 

This motivated finding a number for a reasonable number of samples that will 

be representative of the dataset and provide a good estimation for 𝑘. To estimate the 

percentage of data that could represent the overall dataset, empirical results from mini-

batch active learning (clustering) were considered [50]. On the CIFAR-10 dataset, only 

10,000 (out of a total of 50,000) samples were used to get 60% accuracy, and for 

MNIST, only 1,000 (out of a total of 60,000) samples were used to get 95% accuracy. 

For this K-Medoids, 20% samples (5,000 from a total of 24,610 ) were chosen randomly 
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from the overall dataset. Figure 9 suggests that elbow analysis (from each metric) 

concentrates around the 5/6 (as the target number of the cluster). Inertia is the sum of 

distances of samples to their closest cluster center. The slight deviation exists because 

of the difference in the nature of each metric. To assist with evaluation, the number of 

target clusters was set to 5 since the number of dimensions to evaluate it against, as 

described in section 3.6 is also 5.  

 

Figure 9: Inertia Based On ORB, SSIM, And RMSE Vs Target Clusters 

 

 This Chapter covers data collection and pre-processing as well as a formal 

definition of the clustering problem. It presents the frameworks for grouping and 

understanding bat calls. The initial experiments that were used to determine the input 

parameters for clustering algorithms are also explained, as well as the numerous 

metrics that were used to evaluate the results. 
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Chapter 4.  Establishing the Baseline using K-Medoid Clustering 

 

4.1 Theoretical Explanation and Training of K-Medoid 

To highlight the significance of utilizing the selected image clustering algorithm 

and judge their performance, it is important to set the baseline results using the 

conventional clustering technique (K-Medoid). Multiple variations of this algorithm 

exist in the literature [51] however the implementation from [52] is used for this work. 

In comparison to the popular K-Means algorithm, K-Medoid is more robust to outliers 

and chooses the actual datapoints as the cluster center. Another advantage of K-medoid 

is that custom distance metrics could also be used easily with this algorithm - as 

demonstrated in section 3.8. Euclidean distance metric was used to perform clustering 

on our dataset. The target number of clusters was set to 5.  

4.2 Results 

The resulting clusters are analyzed across two dimensions i.e., vertical, and 

horizontal. The vertical view describes the distribution of a single characteristic across 

the clusters. On the other hand, the horizontal view describes the actual attribution of 

each cluster, across all characteristics, in comparison to other clusters. The same 

method is used to analyze the rest of the algorithms as well.  

Based on the power calculation, as given in Table 3, few spectrograms were 

shortlisted and then analyzed according to the procedure given in section 3.6. This 

outputs, as given in Table 4, the percentage of spectrograms satisfying the bat behavior 

characteristic in different clusters.  

4.2.1. Vertical/characteristic analysis.  The vertical analysis across five 

characteristics reveals that the presence of multiple bats occurs in all the clusters range 

from the proportion of 3.84% to 27.47%. A similar trend (with different proportions) 

occurs with the rest of the characteristics as well. So, no characteristic is dominant in 

an individual cluster.   

4.2.2. Horizontal/cluster analysis.  Analyzing each cluster individually and 

comparing it with other clusters, in terms of all the characteristics, revealed that no 

significant pattern is visible. The resulting clusters do not show much deviation from 

each other. Based on the framework defined in section 3.6, no conclusion could be 
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made. It suggests that the algorithm failed to cluster based on the semantics of 

spectrograms. This was the motivating factor behind modifying and utilizing the image 

clustering algorithm for the application of spectrograms clustering.  

Table 4: Numerical Distribution of Bats calls’ Characteristics for K-Medoid 

Characteristic 

/Cluster ID 

Multiple 

Bats 

Presence 

Prey 

Capture 

Attempt 

Flying 

in Close 

habitat 

High 

SPL 

Noise Percentage 

Cluster 0 14.00% 0.29% 44.00% 56.86% 14.86% 16.06% 

Cluster 1 25.00% 2.35% 47.35% 70.29% 53.53% 12.18% 

Cluster 2 3.84% 0.27% 20.55% 15.34% 22.47% 29.98% 

Cluster 3 10.98% 1.16% 56.94% 47.69% 10.40% 13.99% 

Cluster 4 27.47% 1.37% 65.11% 85.16% 28.30% 27.78% 

 

All the clusters show mix distribution of behavior, and no conclusion could be 

drawn. As per the feedback from the expert, after looking at the formed clusters, it 

was hypothesized that clusters formed might be influenced more by the specie of bat, 

as compared to the behavior.   
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Chapter 5.  Learning Discrete Representations via Information Maximizing Self-

Augmented Training (IMSAT) 

 

5.1 Theoretical Explanation of IMSAT 

Building on the concept of getting lower-dimension representations of the data 

which capture its non-linearity and could be used for the application of interest, i.e., 

clustering, IMSAT was proposed [1]. Intuitively, this approach encouraged the output 

of the network to remain the same, even when the input image was transformed. 

Secondly, the dependency between the embedding and input data was also maximized. 

In precise terms, this approach maximized the MI between input 𝑋 and the cluster it 

was assigned to, 𝑌 (shown by the blue arrow in Figure 10) and regularized using the 

self-augmented training (shown by the red arrow in Figure and explained below). The 

overall objective of the overall model was to minimize the objective, given in Equation 

(15).  

ℛSAT(𝜃; 𝑇) − 𝜆[𝐻(𝑌) − 𝐻(𝑌 ∣ 𝑋)] (15) 

where 𝑋 is the input, 𝑌 is the clustering output, and 𝑇 is the augmentation function. 𝜆 

is the trade-off hyper-parameter. The mutual information part (on the right side), which 

maximized the MI, could be expanded – as provided in Equations (16) and (17): 

𝐻(𝑌) ≡ ℎ(𝑝𝜃(𝑦)) = ℎ (
1

𝑁
∑  

𝑁

𝑖=1

𝑝𝜃(𝑦 ∣ 𝑥)) 

(16) 

𝐻(𝑌 ∣ 𝑋) ≡
1

𝑁
∑  

𝑁

𝑖=1

ℎ(𝑝𝜃(𝑦 ∣ 𝑥𝑖)) 

(17) 

where 𝑃𝜃(𝑦|𝑥) represents the neural network used, and 𝑁 is the number of training 

examples. And the ℛ𝑆𝐴𝑇 is provided in Equations (18) and (19). 

ℛSAT(𝜃; 𝑇) =
1

𝑁
∑  

𝑁

𝑛=1

ℛSAT(𝜃; 𝑥𝑛, 𝑇(𝑥𝑛)) 

(18) 

ℛSAT(𝜃; 𝑥, 𝑇(𝑥))

= − ∑  

𝑀

𝑚=1

∑  

𝑉𝑚−1

𝑦𝑚=0

𝑝𝜃̂(𝑦𝑚 ∣ 𝑥)log 𝑝𝜃(𝑦𝑚 ∣ 𝑇(𝑥))
 

(19) 

 The goal was to get the multi-output probabilistic classifier whose dimension 

was 𝑀. After applying the augmentation on the input image 𝑥 using the function 𝑇 
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(VAT [53] was used). Equation (19) was used to enforce the invariance, i.e., give a 

similar output representation on the augmented image as it was on the original image.  

On CIFAR-10, IMSAT achieved an accuracy of 45.6%. 

 

Figure 10: Basic Idea of IMSAT [1] 

 

5.2 Training on Our Dataset 

The augmentation function 𝑇 in Eq. (15), (18), and (19) was replaced with the 

temporal and speed perturbation (as explained in section 3.4). The learning rate was set 

to 0.02 with a batch size of 200. The convergence took place after around 100 epochs. 

The value of 𝜆 in Eq. (15) was set to the default value of 0.1. Based on the results from 

section 3.9, the target number of clusters was set to 5.  The updated Pytorch 

implementation with selected hyperparameters could be found here [54]. The Learning 

Curve is provided in Figure 11. The loss of the model decreased over time until it 

converged. This indicates that the model learned according to the defined objective 

function and clustered the bat calls into different groups. To interpret these clusters, the 

investigation of the bat calls grouped in each cluster is provided in detail in the next 

section.  
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Figure 11: Learning Curve of IMSAT for Bats Calls Clustering 

 

5.3 Results 

  Based on the power calculation, as given in Table 3, few spectrograms were 

shortlisted and then analyzed according to the procedure given in section 3.6. This 

outputs, as given in Table 5, the percentage of spectrograms satisfying the bat behavior 

characteristic in different clusters. Figure 12 shows 5 representative samples from each 

cluster of IMSAT.   

Table 5: Numerical Distribution of Bats calls’ Characteristics for IMSAT 

Characteristic 

/Cluster ID 

Multiple 

Bats 

Presence 

Prey 

Capture 

Attempt 

Flying 

in Close 

habitat 

High 

SPL 

Noise Percentage 

Cluster 0 2.52% 0.00% 22.67% 24.65% 80.11% 20.70% 

Cluster 1 55.56% 4.44% 70.28% 97.78% 5.83% 24.12% 

Cluster 2 0.29% 0.00% 7.29% 4.37% 5.54% 13.21% 

Cluster 3 0.56% 0.00% 25.35% 38.44% 8.64% 22.82% 

Cluster 4 3.94% 1.69% 89.86% 89.58% 4.79% 19.14% 
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5.3.1. Vertical/characteristic analysis.  The vertical analysis across five 

characteristics reveals the following observations: 

• The presence of multiple bats is captured by cluster 1 with a proportion of 

55.6%. The rest of the clusters do not show any significant social activity.  

• A major Proportion of prey capture attempts happens in cluster 1. The second 

set of observations for this behavior happens in cluster 4. This cluster also shows 

a minor presence of multiple bats (3.9%) suggesting the correlation between 

prey capture behavior and the presence of multiple bats.  

• The close habitat is distributed across different clusters – each cluster showing 

a different proportion of this characteristic. The highest proportion (89.6%) of 

the close habitat is present in cluster 4. 

• A major proportion (80.1%) of noise is present in Cluster 0. The rest of the 

clusters are not significantly affected by the noise. 

5.3.2. Horizontal/cluster analysis.  Analyzing each cluster individually and 

comparing it with other clusters, in terms of all the characteristics, could reveal the 

defining characteristics/attributions of those clusters. 

•  In cluster 0, the defining characteristic is a high Noise level. In terms of other 

characteristics, this cluster is closest to cluster 3. However, cluster 3 has only 

8.6% proportion of noise. 

• In cluster 1, the defining characteristic is the presence of multiple bats. Apart 

from this factor, this cluster is the same as cluster 4.  

• In cluster 2, the defining characteristics are open habitat and low SPL.  

• In cluster 3, the defining characteristic is the low level of noise. 

• In cluster 4, the low presence of multiple bats is the defining characteristic.  

Based on the above two analyses and feedback from the expert (provided in 

Table 6), it could be concluded that cluster 0 captures bat calls with high background 

noise. Cluster 1 captures bat calls where multiple bats are present, and they are flying 

in close habitat. Cluster 2 captures bats flying in an open environment at a distant place 

from the microphone. Cluster 3 capture bat calls indicate normal foraging. Cluster 4 

indicates normal foraging in a close environment, close to the microphone. 
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Figure 12: Representative Samples from the Cluster Assignment of IMSAT 

 

It could be observed that every cluster has a unique signature of characteristics 

and this interpretation, based on the coding scheme developed in section 3.6, was 

validated and complemented by the opinion of an expert. Cluster 1 has a dominantly 

close environment and it was pointed out that various external factors might also affect 

the bat calls frequencies and inter-pulse rates (such as bat flying over the bond or close 

to the microphone). However, these factors have a negligible effect and thus the 

interpretation obtained through coding scheme could be considered true with a high 

level of confidence. For cluster 2, the estimate of height (at which bats might be flying) 

is estimated by the expert to be higher than a typical tree. For cluster 3, various 

terminological issues were fixed – as suggested by the expert. The detailed comments 

from the terrestrial biodiversity expert on the interpretation of clusters formed through 

IMSAT are given in Table 6.   
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Table 6: Comments on the Interpretation of IMSAT Results by a Field Expert 

Cluster ID Comments 

Cluster 1 Variations in inter-pulse rates and frequencies might be related to other 

factors than close/ open habitats. Slight variations might however potentially 

occur if the bats flew close from the tree where the microphone was deployed, 

or over the pond (more open habitat) nearby. I would not expect these 

differences to be very significant. 

Cluster 2 Important inter-pulses intervals would suggest a bat passing by in rather open 

area, possibly at higher height then the tree where the microphone was 

deployed. 

Cluster 3 I would see these spectrograms with regular frequencies and inter-pulses 

intervals as “foraging”, which is the search for preys, to distinguish from what 

you call “foraging” which is “prey capture attempt”, after having detected a 

prey while foraging. (This comment was addressed through renaming the 

terminology) 

Cluster 4 Should be foraging at close distance (so high sound pressure level). 
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Chapter 6.  Invariant Information Clustering (IIC) 

 

6.1 Theoretical Explanation of IIC 

IIC [2] was based on the concept of co-clustering [55] [56] (which are also in 

general single-stage networks). The intuition behind was the same as IMSAT, i.e., 

invariant/preserved information could be learned (from the original image and the 

transformation) to be used for clustering.  Formally, this approach also worked on the 

principle of maximizing the MI between the class allocation of each pair, i.e., the 

original image and the transformation of the original image (through scaling, rotation, 

skewing, flipping, varying saturation, and contrast) such that the essence of the image 

did not change then the invariant/preserved information could be learned and used for 

clustering (shown in Figure 13).  This method is generalizable on any paired data (not 

limited to Images). This does not output the embeddings/representations (unlike the 

other algorithms [57] [19] [58] [59] ) and directly outputs the cluster/semantic labels.  

 One advantage of this method was that it avoided the degenerate solutions, 

which meant it usually did not could give less than the required/desired number of 

clusters [60]. The accuracy of 88.8% was achieved on the STL10 dataset [61] for 

classification. At the time of publishing, this led to the improvement of 9.5 percentage 

points on CIFAR-10 image classification. 

 If 𝑥 belong to the unlabeled dataset, 𝑥′represents its transformation, and both 

are fed to the neural network 𝜙 whose output is given as 𝜙(𝑥)  (whose output has soft-

max activation and then the applies is one-hot encoded) such that the common features 

are preserved between 𝑥 and 𝑥′, then our objective function is given in Equation (20) 

follows: 

max
𝜙

 𝐼 (𝜙(𝑥), 𝜙(𝑥′)) (20) 

where the representation space, i.e., the cluster (represented by 𝑧) after passing through 

the neural network is {1, . . . 𝐶}. i.e., 𝜙(𝑥) ∈ [0,1]𝐶. The value of 𝐶 is fixed. The final 

objective function for the IIC model is simplified to give Equation (21). 

𝐼(𝑧, 𝑧′) =  ∑ ∑ 𝑃𝑐𝑐′. ln
𝑃𝑐𝑐′

𝑃𝑐. 𝑃𝑐′
 

𝐶

𝑐′=1

𝐶

𝑐=1

 

(21) 
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where 𝑃𝑐𝑐′ represents the joint probability. Also, the activation used was soft-max.  

 

Figure 13: Flowchart of IIC [2] 

 

Figure 13 illustrates the transformation function 𝑔 converting the original image 

𝑥 to 𝑥′ and both being fed to the network. The dashed line means that the parameters 

are shared between them. After training 𝜙(𝑥) , which is one-hot encoded, gives the 

cluster. 

6.2 Training on Our Dataset 

The learning rate was set to 0.001 with a batch size of 200. The convergence 

took place after around 200 epochs. The target number of clusters was set to 5.  The 

updated TensorFlow implementation with selected hyperparameters could be found 

here [62]. The Learning Curve (of two heads) is provided in Figure 14. The loss of the 

model decreased over time until it converged. This indicates that the model learned 

according to the defined objective function and clustered the bat calls into different 

groups. To interpret these clusters, the investigation of the bat calls grouped in each 

cluster is provided in detail in the next section. 
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Figure 14: Learning Curve of IIC for Bats Calls Clustering 

 

6.3 Results 

Based on the power calculation, as given in Table 3, few spectrograms were 

shortlisted and then analyzed according to the procedure given in section 3.6. This 

outputs, as given in Table 7, the percentage of spectrograms satisfying the bat behavior 

characteristic in different clusters. Figure 15 shows 5 representative samples from each 

cluster of IIC. 

Table 7: Numerical Distribution of Bats calls’ Characteristics for IIC 

Characteristic 

/Cluster ID 

Multiple 

Bats 

Presence 

Prey 

Capture 

Attempt 

Flying 

in Close 

habitat 

High 

SPL 

Noise Percentage 

Cluster 0 62.36% 3.30% 67.58% 95.05% 7.69% 28.95% 

Cluster 1 3.82% 0.00% 43.24% 12.94% 82.35% 12.14% 

Cluster 2 2.23% 0.00% 13.97% 5.31% 10.89% 22.20% 

Cluster 3 12.54% 0.00% 32.67% 69.97% 95.05% 5.87% 

Cluster 4 7.95% 1.37% 68.77% 86.85% 6.03% 30.84% 
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6.3.1. Vertical/characteristic analysis.  The vertical analysis across five 

characteristics reveals the following observations: 

• The presence of multiple bats is captured by cluster 0 with a proportion of 

62.36%. Unlike IMSAT, other clusters also indicate this behavior. 

• The distribution for prey capture attempt is almost the same as in IMSAT. The 

highest proportion (3.3%) is found in cluster 0, followed by cluster 4.  

• The proportion of close habitat is the same in both clusters 4 and 5. The rest of 

the clusters show a dominantly open habitat.  

• Each cluster has a different proportion of SPL. The highest SPL is shown by 

clusters 0 and 4, while the lowest SPL is exhibited by cluster 2. 

•  The highest proportion of background noise is present in clusters 1 (82.35%) 

and 3 (95.05%). For the rest of the clusters, this number is less than 11%. 

6.3.2. Horizontal/cluster analysis.  Analyzing each cluster individually and 

comparing it with other clusters, in terms of all the characteristics, revealed the defining 

characteristics of those clusters. 

• In cluster 0, the defining characteristic is the presence of multiple bats, with a 

proportion of 62.36%. Cluster 4 has almost the same characteristics as cluster 

0, except that it has a low proportion (7.95%) of the mentioned behavior. 

• In cluster 1, the defining characteristic is SPL level, with a proportion of 

12.94%. For the rest of the characteristics, cluster 3 shows almost the same 

proportion as cluster 1 but the difference (of 57.03%) occurs in SPL level. 

• In Cluster 2, a mix of noise level (10.89%) and SPL (5.31%) is the defining 

characteristic. 

Based on the above two analyses and feedback from the expert (provided in 

Table 8), it could be concluded that cluster 0 captures bat calls with multiple bats 

presence, with a majority of them flying in a close habitat and some of them making 

prey capture attempt. Cluster 1 captures normal foraging bat calls with noise in the 

background. Cluster 2 captures bat calls that are in open habitat and away from the 

microphone. Cluster 3 captures bat calls that are close to the ground/microphone and 

have noise in the background. Cluster 4 captures normal foraging happening close to 

the microphone/ground. 
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Figure 15: Representative Samples from the Cluster Assignment of IIC 

 

The comments from a terrestrial biodiversity expert on the interpretation of 

clusters formed through IIC are given in Table 8.   

Table 8: Comments on the Interpretation of IIC Results by a Field Expert 

Cluster ID Comments 

Cluster 0 It indicates clearly simultaneous presence of 2 or more individuals 

Cluster 1 Looks like normal foraging 

Cluster 2 Open environment 

Cluster 3 Foraging at close distance (high SPL) 

Cluster 4 Normal foraging 
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Chapter 7.  Deep Clustering for Unsupervised Learning of Visual Features 

 

7.1 Theoretical Explanation of DeepCluster 

DeepCluster [5] was an end-to-end training model for large-scale datasets. The 

intuition behind this approach was the same as Deep Embedding Clustering (DEC), i.e., 

using standard clustering algorithms to learn the initial clusters (after obtaining the 

embeddings) and then iteratively improving on it using the neural networks, except that 

it used different components to implement it. Specifically, this combined the training 

of convolutional neural networks (for the extraction of features) with the clustering 

process (using k-means) so that a complete end-to-end clustering model was built for a 

large amount of data (in the form of images) where we did not have the labels available. 

As illustrated in figure 7, the set of features from all images/data points were clustered 

using k-means, and these label assignments were used as pseudo-labels for training. 

Essentially, it iterated between updating the parameters/weights of the CNN and 

clustering the features obtained using k-means (after every epoch).  

The two components of the network are classifier 𝑔𝑊  (which performed k-

mean and had parameter 𝑊) and CNN (with parameter 𝜃). They were are learned 

together using the objective, given in Equation (22), with 𝑁 training examples. 

𝑚𝑖𝑛
𝜃,𝑊

 
1

𝑁
∑  

𝑁

𝑛=1

ℓ(𝑔𝑊(𝑓𝜃(𝑥𝑛)), 𝑦𝑛) 

(22) 

The loss function used was multinomial logistic loss and the cluster 

assignment/pseudo-labels (𝑦𝑛) was found using Equation (23). 

𝑚𝑖𝑛
𝐶∈ℝ𝑑×𝑘

 
1

𝑁
∑  

𝑁

𝑛=1

𝑚𝑖𝑛
𝑦𝑛∈{0,1}𝑘

 ∥∥𝑓𝜃(𝑥𝑛) − 𝐶𝑦𝑛∥∥2

2
 

(23) 

where 𝑘 is the number of distinct groups (fixed), and 𝐶 is the centroid matrix. In other 

words, Equation (23) was used to generate the pseudo-labels, and Equation (22) was 

used to predict the pseudo-labels for updating the parameters of the CNN. This gave 

the accuracy of 73.7% on the PASCAL VOC dataset. One advantage of this approach 

was that this is easily generalizable and does not assume a lot of knowledge about the 

specific domain. Also, the authors claimed that in the specific case of unsupervised 
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learning where we have limited knowledge about the domain and no labels, this 

approach offers good performance.  

 

Figure 16. Illustration of DeepCluster[5] 

 

7.2 Training on Our Dataset 

The learning rate was set to 0.05 with a batch size of 100. The target number of 

clusters was set to 5 and the convergence took place after 30 epochs. For Convnet VGG-

16 was used. The updated Pytorch implementation with selected hyperparameters could 

be found here [63]. The Learning Curve is provided in Figure 17. The loss of the model 

decreased over time until it converged. 

 

Figure 17: Learning Curve of DeepCluster for Bats Calls Clustering 
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7.3 Results 

Based on the power calculation, as given in Table 3, few spectrograms were 

shortlisted and then analyzed according to the procedure given in section 3.6. This 

outputs, as given in Table 9, the percentage of spectrograms satisfying the bat behavior 

characteristic in different clusters. Figure 18 shows 5 representative samples from each 

cluster of DeepCluster. 

Table 9: Numerical Distribution of Bats calls’ Characteristics for DeepCluster 

Characteristic 

/Cluster ID 

Multiple 

Bats 

Presence 

Prey 

Capture 

Attempt 

Flying 

in Close 

habitat 

High 

SPL 

Noise Percentage 

Cluster 0 9.44% 0.0% 60.77% 58.11% 4.42% 11.65% 

Cluster 1 2.92% 0.0% 79.88% 4.66% 4.96% 12.88% 

Cluster 2 16.76% 3.99% 52.93% 93.35% 13.30% 68.50% 

Cluster 3 1.71% 0.0% 2.14% 0.85% 11.54% 2.45% 

Cluster 4 1.05% 0.0% 11.89% 0.00% 1.05% 4.53% 

 

7.3.1. Vertical/characteristic analysis.  The vertical analysis across five 

characteristics reveals the following observations: 

• The presence of multiple bats does not have a significant effect on clusters 

formation. Cluster 2 has the highest proportion (16.76%) of prey capture 

attempts. 

• Prey capture attempt is captured by cluster 2. Unlike IMSAT and IIC, no other 

cluster has any instances of this behavior.  

• The highest proportion (79.88%) of close habitat occurs in cluster 1. Cluster 0 

and 2 also dominantly show a close habitat, whereas the rest of the clusters 

indicate an open habitat.  

• The proportion of high SPL varies significantly across the clusters. The highest 

proportion (93.35%) occurs in cluster 2 while the lowest proportion (0%) occurs 

in cluster 4. This indicates SPL's significant effect on clusters formation with 

DeepCluster. 

• Just like the presence of multiple bats, noise also does not have a considerable 

effect on clusters formation.  
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Figure 18: Representative Samples from the Cluster Assignment of DeepCluster 

 

7.3.2. Horizontal/cluster analysis.  Analyzing each cluster individually and 

comparing it with other clusters, in terms of all the characteristics, revealed the defining 

characteristics of those clusters. 

• In cluster 0, the defining characteristic is SPL. The closest cluster to cluster 0 is 

cluster 1 apart from the difference in SPL. The former has an SPL proportion of 

58.11% whereas the latter has an SPL proportion of 4.66%.  

• In cluster 2, the prey capture attempt is the dominant characteristic – with a 

proportion of 3.99%. In terms of other characteristics, cluster 0 is closest to 

cluster 2. 
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• Cluster 3 and 4 could be characterized in terms of the mix of noise and habitat 

type. Cluster 3 has a relatively higher proportion (11.54%) of noise and a lower 

proportion (2.14%) of close habitat. Cluster 4, on the other hand, has a relatively 

lower proportion (1.05%) of noise and a higher proportion (11.89%) of close 

habitat.  

Based on the above two analyses and feedback from the expert (provided in 

Table 10), it could be concluded that cluster 0 captures mixed behavior with a majority 

of them flying in close habitats. Cluster 1 captures bat calls flying in close habitats away 

from the microphone/ground. Cluster 2 captures prey capture attempts in bats that are 

flying close to the ground/microphone. Cluster 3 captures bat calls in an open habitat 

exhibiting normal foraging. Almost all captures in cluster 4 include the bat calls that 

are away from the ground/microphone and exhibiting normal foraging. The comments 

from a terrestrial biodiversity expert on the interpretation of clusters formed through 

DeepCluster are given in Table 10. 

Table 10: Comments on the Interpretation of DeepCluster Results by an Expert 

Cluster ID Comments 

Cluster 0 Normal foraging 

Cluster 1 Normal foraging a bit distant from the mic (low SPL) 

Cluster 2 There is a mix of different category here. Presence of 2 individuals, at close 

distance (high SPL), the spectrogram on right is a prey capture attempt 

Cluster 3 Foraging or direct flight in open environment 

Cluster 4 Normal foraging a bit distant from the mic 
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Chapter 8.  Semantic Clustering by Adopting Nearest neighbors (SCAN) 

 

8.1 Theoretical Explanation of SCAN 

In contrast to [20], a multi-step approach was presented in which the clustering 

and learning were separated/decoupled from each other. This approach is termed SCAN 

(Semantic Clustering by Adopting Nearest neighbors) [3]. Intuitively, this approach 

could be thought of as an extension to the IIC and IMSAT, because in addition to 

considering the invariance due to transformation, this also considered the invariance 

due to the other semantically similar images (termed as the nearest neighbors). First, a 

pretext task is used to minimize the distance between the original image 𝑋𝑖 and its 

transformation/augmentation 𝑇[𝑋𝑖] – as given in Equation (24). 

𝑚𝑖𝑛
𝜃

 𝑑(Φ𝜃(𝑋𝑖), Φ𝜃(𝑇[𝑋𝑖])) (24) 

where 𝜙𝜃  is the embedding function, which was implemented using a neural network 

with weights 𝜃. After the embedding of images was obtained, K-nearest neighbors are 

shortlisted for each of them.  

Another neural network 𝜙𝜂was defined for clustering. 𝜙𝜂 which was 

responsible for classifying the datapoint 𝑋𝑖and the nearest neighbors (𝒩𝑋𝑖
) calculated 

in the previous step. The output of 𝜙𝜂 had the soft-max activation, and it gave the soft 

assignment over 𝐶 clusters (like {1, … 𝐶}). Also, 𝐶 was fixed.  Given the datapoint 𝑋𝑖, 

its output belonged to [0,1]𝐶 – as represented in Equation (25).  

Λ = −
1

|𝒟|
∑  

𝑋∈𝒟

∑  

𝑘∈𝒩𝑋

log ⟨Φ𝜂(𝑋), Φ𝜂(𝑘)⟩ + 𝜆 ∑  

𝑐∈𝒞

Φ𝜂
′𝑐log Φ𝜂

′𝑐 
(25) 

where 𝜙𝜂
𝑐(𝑋𝑖) means the probability of assigning 𝑋𝑖 to the 𝑐 cluster.  The second term 

(entropy) in the equation was used to distribute the cluster assignment uniformly. In the 

final state, self-labeling was employed. It means the model learned again from the high-

confidence labels (which were above a threshold).  

8.2 Training on Our Dataset 

The learning rate was set to 0.4 (for pretext task) and 10−3 (for SCAN step). 

The batch size was set to 50 (in both cases). 𝒩 was set to 20. The target number of 

clusters was set to 5 and the convergence took place after around 50 epochs (for pretext 
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task) and 33 epochs (with early stopping for SCAN’s consistency training). As a 

network backbone, ResnNet50 was used. The updated Pytorch implementation with 

selected hyperparameters could be found here [64]. The Learning Curve is provided in 

Figure 19. The loss of the model decreased over time until it converged. The loss of the 

model decreased over time until it converged. This indicates that the model learned 

according to the defined objective function and clustered the bat calls into different 

groups. To interpret these clusters, the investigation of the bat calls grouped in each 

cluster is provided in detail in the next section. 

 

Figure 19: Learning Curve of SCAN for Bats Calls Clustering  

 

8.3 Results 

Based on the power calculation, as given in Table 3, few spectrograms were 

shortlisted and then analyzed according to the procedure given in section 3.6. This 

outputs, as given in Table 11, the percentage of spectrograms satisfying the bat behavior 

characteristic in different clusters. Figure 20 shows 5 representative samples from each 

cluster of SCAN. 

8.3.1. Vertical/characteristic analysis.  The vertical analysis across five 

characteristics reveals the following observations: 
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• The presence of multiple bats is captured in clusters 1 and 3 with an almost 

equal proportion of 27.51% and 25.45% respectively.  

• Unlike IMSAT, IIC, and DeepCluster, prey capture attempt does not affect 

clustering by SCAN.  

• Cluster 1 and 2 have dominantly higher proportions, 85.71% and 70.5% 

respectively, of close habitat.  The rest of the clusters indicate an open habitat.  

• The highest SPL proportion (87.9%) is shown by cluster 0. SPL is dominantly 

high in cluster 1 and low in clusters 3 and 4. Cluster 2 indicate mix proportion 

(51.34%). 

• The noise level in clusters 2 and 4 have a high proportion value of 60.15% and 

57.14%. The rest of the clusters indicate a noise proportion of less than 20%.    

• The distribution of the percentage of samples in each cluster is skewed towards 

cluster 1.   

Table 11: Numerical Distribution of Bats calls’ Characteristics for SCAN 

Characteristic 

/Cluster ID 

Multiple 

Bats 

Presence 

Prey 

Capture 

Attempt 

Flying 

in Close 

habitat 

High 

SPL 

Noise Percentage 

Cluster 0 7.64% 1.27% 20.38% 87.90% 19.11% 1.08% 

Cluster 1 27.51% 1.32% 85.71% 66.93% 10.05% 94.33% 

Cluster 2 8.81% 1.15% 70.50% 51.34% 60.15% 3.30% 

Cluster 3 25.45% 0.00% 14.55% 10.91% 19.39% 1.18% 

Cluster 4 0.00% 0.00% 14.29% 7.14% 57.14% 0.12% 

 

8.3.2. Horizontal/cluster analysis.  Analyzing each cluster individually and 

comparing it with other clusters, in terms of all the characteristics, revealed the defining 

characteristics of those clusters. 

• Between clusters 1 and 2, the defining factor is noise with the proportion of 

10.05% and 60.15% respectively.  

• Between clusters 0 and 3, the primary defining factor is SPL with the proportion 

of 87.90% and 10.19% respectively. The secondary factor is the presence of 

multiple bats.  
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• Between clusters 1 and 3, the primary defining factor is a mix of habitat type 

and SPL.  The proportion of close habitat is 85.71% and 14.55% while the 

proportion of SPL is 66.93% and 10.91% for clusters 1 and 3 respectively. 

• Cluster 4 does not indicate any characteristics.  

Based on the above two analyses and feedback from the expert (provided in 

Table 12), it could be concluded that cluster 0 captures bat calls, from bats flying in 

open habitat, close to microphone/ground. Cluster 1 captures the presence of multiple 

bats that are flying in a close habitat. Cluster 2 captures normal foraging in a close 

habitat with background noise. Cluster 3 captures the presence of multiple bats that are 

flying far away from the microphone/ground. Cluster 4 captures bat calls that are flying 

in open habitat, away from the ground and with some noise in the background. 
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Figure 20: Representative Samples from the Cluster Assignment of SCAN 
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The comments from a terrestrial biodiversity expert on the interpretation of 

clusters formed through SCAN are given in Table 12. 

Table 12: Comments on the Interpretation of SCAN Results by a Field Expert 

Cluster ID Comments 

Cluster 0 Normal foraging at close distance (high SPL) 

Cluster 1 Normal foraging by 2 individuals 

Cluster 2 Normal foraging at close distance 

Cluster 3 Normal foraging of 2 individuals at some distance 

Cluster 4 Foraging in open environment at some distance 
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Chapter 9.  Joint Unsupervised Learning (JULE) 

 

9.1 Theoretical Explanation of JULE 

Another single-stage clustering algorithm called Joint Unsupervised Learning 

(JULE) [4] was proposed. Intuitively, JULE used a bottom-up clustering approach in 

contrast to the most mentioned algorithms, which used the bottom-up 

partitioning/clustering approach. Starting from every image having its own cluster, they 

were merged iteratively, and the output at each stage was used to train the CNN. In 

technical terms, this was based on agglomerative clustering, and a recurrent framework 

was used to implement the consecutive tasks in the clustering phase. First, embeddings 

(generated from images) were used to cluster, and then these clusters served to train 

CNN, making embeddings better over time (because clusters were merged at each step).  

Figure 5 illustrates the proposed recurrent framework. Formally, during the time 

𝑡, the CNN gave representation 𝑋𝑡 when the image 𝐼 was fed into it. Then this 

representation was used along with the output (of clustering) ℎ𝑡−1 from the previous 

timestamp to predict the labels for current timestamp 𝑡 (𝑌𝑡). The CNN parameters were 

represented by 𝜃𝑡. An optimization technique termed as ‘partial unrolling’ was also 

used, which meant the training of CNN occurs after a defined number of timestamps 

(𝑇). The loss function, given in Equation (26) is unified for both clustering and training 

the CNN. 

ℒ({𝒚1, … , 𝒚𝑇}, {𝜽1, … , 𝜽𝑇} ∣ 𝑰) = ∑  

𝑇

𝑡=1

ℒ𝑡(𝒚𝑡, 𝜽𝑡 ∣ 𝒚𝑡−1, 𝑰) 

(26) 

Due to partial unrolling, the loss was added over the timestamps 𝑇, and the loss 

for the individual timestamp is given in Equation (27).  

ℒ𝑡(𝒚𝑡, 𝜽𝑡 ∣ 𝒚𝑡−1, 𝑰) = −𝐴 (𝒞𝑖
𝑡, 𝒩

𝒞𝑖
𝑡

𝐾𝑐[1])

−
𝜆

(𝐾𝑐 − 1)
∑  

𝐾𝑐

𝑘=2

(𝒜 (𝒞𝑖
𝑡, 𝒩

𝒞𝑖
𝑡

𝐾𝑐[1]) − 𝒜 (𝒞𝑖
𝑡 , 𝒩

𝒞𝑖
𝑡

𝐾𝑐[𝑘]))
 

(27) 

where 𝜆 is a constant,  𝒩
𝒞𝑖

𝑡
𝐾𝑐 means 𝐾𝑐 number of nearest neighbors of the cluster 𝐶𝑖. 𝒜 

is the affinity/similarity metric (adapted from [65]).  The first term calculates the 

affinity between the cluster 𝐶𝑖 and the nearest neighbor (it picked the first term from 
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the neighbor’s vector because that was sorted in descending order). The second term 

(which was not part of standard agglomerative clustering) calculated the difference 

between the affinity of cluster 𝐶𝑖 and the neighbor clusters of 𝐶𝑖. Intuitively, this term 

could be thought of considering the local structure around the clusters (where affinity 

is maximum).  

 

Figure 21: Framework for JULE [4] 

 

9.2 Training on Our Dataset 

The learning rate was set to 0.01 with a batch size of 50. Value of 𝜆  and 𝐾𝑐in 

Eq. (27) was set to the default value of 1 and 5 respectively. The target number of 

clusters was set to 5. The samples were downsized to 28x28 to manage the tradeoff 

between the computational requirement of JULE and its learning cycles.  The updated 

TensorFlow implementation with selected hyperparameters could be found here [66]. 

The investigation of the clustered bat calls is provided in detail in the next section. 

9.3 Results 

Based on power calculation, as given in Table 3, few spectrograms were 

shortlisted and then analyzed according to the procedure given in section 3.6. This 

outputs, as given in Table 13, the percentage of spectrograms satisfying the bat behavior 

characteristic in different clusters. Figure 22 shows 5 representative samples from each 

cluster of SCAN. 
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Table 13: Numerical Distribution of Bats calls’ Characteristics for JULE 

Characteristic 

/Cluster ID 

Multiple 

Bats 

Presence 

Prey 

Capture 

Attempt 

Flying 

in Close 

habitat 

High 

SPL 

Noise Percentage 

Cluster 0 28.31% 1.06% 44.44% 56.88% 10.32% 99.87% 

Cluster 1 0.00% 0.00% 0.00% 0.00% 0.00% 0.01% 

Cluster 2 14.29% 0.00% 14.29% 0.00% 100.00% 0.06% 

Cluster 3 20.00% 0.00% 0.00% 100.00% 20.00% 0.02% 

Cluster 4 0.00% 0.0% 10.00% 0.00% 100.00% 0.04% 

 

9.3.1. Vertical/characteristic analysis.  The vertical analysis across five 

characteristics reveals the following observations: 

• Presence of multiple bats is dominantly distributed across the cluster 0, 2 and 3 

with a proportion of 28.31%, 14.29%, and 20.00% respectively. Apart from 

DeepCluster, this factor showed more significance in all other algorithms. 

• It does not catch up on the prey capture attempt behavior. A very low proportion 

(1.06%) is picked by cluster 0 only.  

• The highest proportion (44.44%) of the close habitat is present in cluster 0. The 

rest of the clusters dominantly indicate an open habitat. 

• Dominant proportion (100%) of high SPL is present in cluster 3. On the other 

hand, clusters 1,2 and 4 show no instances of high SPL.  

• All the instances in clusters 2 and 4 have background noise. Cluster 0 on the 

other hand has no such instance.  

• The distribution of the percentage of samples in each cluster is highly skewed 

towards cluster 0.   

9.3.2. Horizontal/cluster analysis.  Analyzing each cluster individually and 

comparing it with other clusters, in terms of all the characteristics, revealed the defining 

characteristics of those clusters. These characteristics include: 

• The primary attribute of cluster 4 is noise with a proportion of 100%. Cluster 1 

is the closest cluster to cluster 4, in terms of other factors, but it has a noise 

proportion of 0%.  
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• The primary factor for cluster 0 is the mix of SPL and habitat type. In other 

factors, this cluster is closest to cluster 3.  

• In cluster 2, the defining characteristic is the presence of multiple bats with a 

proportion of 20%. Cluster 2 is closest to cluster 4, in terms of other factors, but 

it does not show any presence of multiple bats.  
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Figure 22:  Representative Samples from the Cluster Assignment of JULE 

 

Based on the above two analyses and feedback from the expert (provided in 

Table 12), it could be concluded that cluster 0 captures the mix of behaviors. It also 

includes few instances of bat calls where multiple bats are present. Cluster 1 indicates 

a bat flying in open habitat, but as per the expert, it could be a different species of bat. 

Cluster 2 indicates normal foraging, with background noise. Cluster 3 indicates bat calls 

that are flying close to the microphone/ground, in an open environment with the seldom 
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presence of multiple bats. Cluster 4, like cluster 2, indicates background noise and all 

the bat calls exhibit normal foraging. The comments from a terrestrial biodiversity 

expert on the interpretation of clusters formed through JULE are given in Table 14.   

Table 14: Comments on the Interpretation of JULE Results by a Field Expert 

Cluster ID Comments 

Cluster 0 Normal foraging of 2 individuals 

Cluster 1 Presumably a different species than most others in other spectrograms 

Cluster 2 Mainly background noise (possibly an insect) with 1 bat passing at some 

distance 

Cluster 3 Normal foraging at close distance 

Cluster 4 Looks more like background noise 
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Chapter 10.  Inter-Algorithm Quantitative Analysis 

 

External validations for each algorithm are described in their respective 

Chapters. To compare the similarity in cluster assignment across different algorithms, 

quantitative metrics of Mutual Information (MI), Normalized Mutual Information 

(NMI), Rand Score (RS), and Adjusted Rand Score (ARS) were calculated. It is 

important to note that the relative values between metrics are more important than the 

absolute value of a single metric. The intuition behind this is that the results should be 

consistent across the metrics if they are measuring the same property. In short, similar 

metrics should agree in preference (not necessarily in numbers).  This Chapter features 

multiple metrics, but it could be desirable to use a particular metric depending upon the 

situation. For example, ARI is preferred when the clusters are equal in size, but the 

number of clusters is large while AMI could be preferred when the resulting clustering 

is asymmetric, and the number of clusters is small [67].  

Based on MI, in Table 15, DeepCluster and IIC show the highest similarity. 

JULE and SCAN show the lowest similarity. This observation is also validated by the 

fact that JULE and SCAN show the asymmetric assignment of clusters in comparison 

to other algorithms. In SCAN and JULE, the proportion of spectrograms that fall in the 

largest cluster are 94.33% and 99.87% respectively. While the algorithms gave valid 

semantic clustering, it was based on the different weightage of characteristics - as 

described in sections 8.3 and 9.3. Thus, due to the skewed distribution of clusters, these 

metrics show negligible similarity between these algorithms. NMI is given in Table 16. 

Analyzing the cluster/horizontal analysis from each algorithm could further 

validate the resulting measures of MI. For IMSAT, mainly, the distribution of clusters 

could be attributed to noise, the presence of multiple bats, and a mixture of habitat type 

and SPL (as described in section 5.3). For DeepCluster, it could be attributed to SPL, 

prey capture attempts, and a mixture of noise and habitat type (as described in section 

7.3). And for IIC, it could be attributed to the presence of multiple bats, SPL, and a 

mixture of noise and SPL (as described in section 6.3). The resulting common 

characteristics between each of these are given in Table 17. 𝐶ℎ𝑎𝑟𝑎𝑐𝑡𝑒𝑟𝑖𝑠𝑡𝑖𝑐1 indicate 

that it occurs in the mix of attribute activity of one cluster. 𝐶ℎ𝑎𝑟𝑎𝑐𝑡𝑒𝑟𝑖𝑠𝑡𝑖𝑐2 indicate 

that it occurs in the mix of attribute activity of both clusters. 
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Table 15: Mutual Information Score Between All Algorithms 

Algo -2  

 

Algo-1 

IIC IMSAT DeepCluster JULE SCAN K-Medoid 

IIC - 0.429 0.374 0.003 0.028 0.000 

IMSAT 0.429 - 0.266 0.002 0.017 0.000 

DEEPCLUSTER 0.374 0.266 - 0.001 0.019 0.001 

JULE 0.003 0.002 0.001 - 0.000 0.000 

SCAN 0.028 0.017 0.019 0.000 - 0.000 

K-Medoid 0.000 0.000 0.001 0.000 0.000 - 

 

Table 16: Normalized Mutual Information Score Between All Algorithms 

Algo -2  

 

Algo-1 

IIC IMSAT DeepCluster JULE SCAN K-Medoid 

IIC - 0.279 0.301 0.004 0.032 0.000 

IMSAT 0.279 - 0.205 0.002 0.018 0.000 

DEEPCLUSTER 0.301 0.205 - 0.001 0.030 0.000 

JULE 0.004 0.002 0.001 - 0.001 0.000 

SCAN 0.032 0.018 0.030 0.001 - 0.000 

K-Medoid 0.000 0.000 0.000 0.000 0.000 - 

 

 Four attributes are common between IMSAT and IIC, hence the highest MI 

score of 0.429. This score is followed by the MI between IIC and DeepCluster (0.374), 

which has three attributes in common. IMSAT and DeepCluster also have three 

attributes in common, but all three of them are secondary (i.e., 𝐶ℎ𝑎𝑟𝑎𝑐𝑡𝑒𝑟𝑖𝑠𝑡𝑖𝑐𝑥), 

resulting in MI score of 0.266. The difference in MI between IMSAT with IIC and IIC 

with DeepCluster is minor though. The fact that 68.50% of samples occur in a single 

cluster of DeepCluster, makes the MI metric a bit skewed. Hence to adjust for that 

factor, Normalized Mutual Information (NMI) was also calculated - given in Table 16.  

The order of values between MI and NMI remains almost the same, apart from a single 

order switch (with a minor difference of just 0.02). 
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Table 17: Common characteristics for Defining Cluster Between Two Algorithms. 

Algo -2  

 

Algo-1 

IIC IMSAT DEEPCLUSTER 

IIC 

- 

𝑀𝑢𝑙𝑡𝑖𝑝𝑙𝑒 𝐵𝑎𝑡𝑠 , 𝑆𝑃𝐿1, 

𝑆𝑃𝐿2, 𝑁𝑜𝑖𝑠𝑒1 

𝑆𝑃𝐿, 𝑆𝑃𝐿1, 

𝑁𝑜𝑖𝑠𝑒2 

IMSAT 𝑀𝑢𝑙𝑡𝑖𝑝𝑙𝑒 𝐵𝑎𝑡𝑠 , 𝑆𝑃𝐿1, 

𝑆𝑃𝐿2, 𝑁𝑜𝑖𝑠𝑒1 - 

𝑁𝑜𝑖𝑠𝑒1,

𝐻𝑎𝑏𝑖𝑡𝑎𝑡2, 𝑆𝑃𝐿1 

DEEPCLUSTER 𝑆𝑃𝐿, 𝑆𝑃𝐿1, 𝑁𝑜𝑖𝑠𝑒2 𝑁𝑜𝑖𝑠𝑒1, 𝐻𝑎𝑏𝑖𝑡𝑎𝑡2, 𝑆𝑃𝐿1 - 

 

Rand score between different clustering is provided in Table 18. This metric 

seems to be affected, the most, by the asymmetric distribution of clusters. For example, 

it is highest between SCAN and JULE where the number of samples that reside in the 

largest cluster is 94.33% and 99.87% respectively. Hence, it is based on chance. To 

adjust these anomalies, ARI was also calculated – given in Table 19. This also results 

in the same preference of similarity between different algorithms as MI – given in Table 

15. In summary, different metrics indicate consistency between the comparison of 

multiple algorithms. Hence it could be concluded that the semantic features of bat calls 

are captured by the unsupervised deep learning approaches. However, each algorithm 

gives different weightage to different features of bat calls to cluster them. This results 

in semantically meaningful clusters from each algorithm.  

Table 18: Rand Score Between Different Algorithms 

Algo -2  

 

Algo-1 

IIC IMSAT DeepCluster JULE SCAN K-

Medoid 

IIC - 0.736 0.565 0.249 0.310 0.638 

IMSAT 0.736 - 0.550 0.209 0.274 0.660 

DEEPCLUSTER 0.565 0.550 - 0.501 0.466 0.500 

JULE 0.249 0.209 0.501 - 0.889 0.229 

SCAN 0.310 0.274 0.466 0.889 - 0.287 

K-Medoid 0.638 0.660 0.500 0.229 0.287 - 
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Table 19: Adjusted Rand Score Between Different Algorithms 

Algo -2  

 

Algo-1 

IIC IMSAT DeepCluster JULE SCAN K-Medoid 

IIC - 0.250 0.131 0.001 0.012 0.000 

IMSAT 0.250 - 0.101 0.000 0.004 0.000 

DEEPCLUSTER 0.131 0.101 - -0.002 -0.071 0.001 

JULE 0.001 0.000 -0.002 - -0.003 0.000 

SCAN 0.012 0.004 -0.071 -0.003 - 0.001 

K-Medoid 0.000 0.000 0.001 0.000 0.001 - 

 

 These results are expected to generalize well over an even larger population of 

bats because the emitted bat calls do not show a lot of variation. For example, the state-

of-the-art supervised deep learning model, batdetect [22], used only 4,782 labeled 

echolocation calls to achieve the precision of 0.89 for detection of bat call [68] – as 

explained in more detail in section 3.3. On the other hand, our dataset consisted of 

24,610 training instances. So, it is safe to consider that it will generalize well over a 

large population of bats.  

 The metrics, given above, provide a global estimate of the similarity between 

two clusterings. To look deeper and evaluate the local relationship between two labeling 

outputs, it is helpful to look at the cross-tabulation among each combination. For 6 

algorithms, there are 15 combinations ( 6𝐶2
  ).  The resulting tabulations are provided 

in  Table 20 to Table 34. These calculations could help us in further evaluation, 

interpretation, and improvement of results. For example, in terms of interpretation, it 

could be observed that in Table 20, cluster 0 of IMSAT corresponds closely to cluster 

1 of IIC. Both show the presence of only single bats, no prey capture attempt, open 

habitat, low SPL and presence of noise.     

It could also be helpful to utilize a combination of algorithms because each 

algorithm picks up different characteristics. For example, SCAN does not pick up on 

the prey capture attempt characteristic while DeepCluster does. Now, if we want to 

extract prey capture attempts from cluster 0 of SCAN (having open habitat and high 

SPL without noise) then we can take intersection with cluster 2 of DeepCluster. 
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Similarly, the capabilities of different algorithms could be combined. All the possible 

combinations are given to assist with combining the capability of multiple algorithms.  

Table 20: Cross Tabulation between IMSAT and IIC 

IIC 

 

IMSAT 

Cluster 0 Cluster 1 Cluster 2 Cluster 3 Cluster 4 

Cluster 0 2.57% 8.01% 3.68% 2.11% 4.33% 

Cluster 1 19.13% 0.74% 0.02% 1.15% 3.09% 

Cluster 2 0.24% 1.13% 10.62% 0.46% 0.78% 

Cluster 3 1.65% 1.75% 7.19% 2.01% 10.22% 

Cluster 4 5.37% 0.51% 0.69% 0.14% 12.43% 

 

Table 21: Cross Tabulation between IIC and DeepCluster 

DeepCluster  

 

IIC 

Cluster 0 Cluster 1 Cluster 2 Cluster 3 Cluster 4 

Cluster 0 0.14% 0.00% 28.81% 0.00% 0.00% 

Cluster 1 0.03% 0.30% 11.80% 0.00% 0.00% 

Cluster 2 1.64% 9.50% 4.16% 2.45% 4.45% 

Cluster 3 0.00% 0.00% 5.86% 0.00% 0.00% 

Cluster 4 9.83% 3.06% 17.87% 0.00% 0.09% 

 

Table 22: Cross Tabulation between IMSAT and DeepCluster 

DeepCluster  

 

IMSAT 

Cluster 0 Cluster 1 Cluster 2 Cluster 3 Cluster 4 

Cluster 0 1.37% 1.42% 17.58% 0.10% 0.23% 

Cluster 1 0.63% 0.00% 23.49% 0.00% 0.00% 

Cluster 2 0.08% 3.93% 3.44% 2.30% 3.46% 

Cluster 3 3.64% 6.84% 11.46% 0.04% 0.84% 

Cluster 4 5.93% 0.67% 12.52% 0.00% 0.01% 
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Table 23: Cross Tabulation between JULE and IIC 

IIC 

 

JULE 

Cluster 0 Cluster 1 Cluster 2 Cluster 3 Cluster 4 

Cluster 0 28.93% 12.13% 22.20% 5.77% 30.84% 

Cluster 1 0.00% 0.01% 0.00% 0.00% 0.00% 

Cluster 2 0.00% 0.00% 0.00% 0.06% 0.00% 

Cluster 3 0.02% 0.00% 0.00% 0.00% 0.00% 

Cluster 4 0.00% 0.00% 0.00% 0.04% 0.00% 

 

Table 24: Cross Tabulation between JULE and IMSAT 

IMSAT 

 

JULE 

Cluster 0 Cluster 1 Cluster 2 Cluster 3 Cluster 4 

Cluster 0 20.59% 24.10% 13.21% 22.82% 19.14% 

Cluster 1 0.01% 0.00% 0.00% 0.00% 0.00% 

Cluster 2 0.06% 0.00% 0.00% 0.00% 0.00% 

Cluster 3 0.00% 0.02% 0.00% 0.00% 0.00% 

Cluster 4 0.04% 0.00% 0.00% 0.00% 0.00% 

 

Table 25: Cross Tabulation between JULE and DeepCluster 

DeepCluster  

 

JULE 

Cluster 0 Cluster 1 Cluster 2 Cluster 3 Cluster 4 

Cluster 0 11.65% 12.88% 68.36% 2.45% 4.53% 

Cluster 1 0.00% 0.00% 0.01% 0.00% 0.00% 

Cluster 2 0.00% 0.00% 0.06% 0.00% 0.00% 

Cluster 3 0.00% 0.00% 0.02% 0.00% 0.00% 

Cluster 4 0.00% 0.00% 0.04% 0.00% 0.00% 
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Table 26: Cross Tabulation between SCAN and IIC 

IIC 

 

SCAN 

Cluster 0 Cluster 1 Cluster 2 Cluster 3 Cluster 4 

Cluster 0 0.78% 0.18% 0.01% 0.08% 0.03% 

Cluster 1 26.08% 10.67% 22.00% 5.12% 30.46% 

Cluster 2 1.76% 0.81% 0.13% 0.36% 0.23% 

Cluster 3 0.29% 0.44% 0.06% 0.27% 0.12% 

Cluster 4 0.03% 0.04% 0.01% 0.04% 0.00% 

 

Table 27: Cross Tabulation between SCAN and IMSAT 

IMSAT 

 

SCAN 

Cluster 0 Cluster 1 Cluster 2 Cluster 3 Cluster 4 

Cluster 0 0.02% 0.38% 0.22% 0.28% 0.18% 

Cluster 1 20.39% 22.58% 11.49% 21.74% 18.13% 

Cluster 2 0.26% 1.08% 0.60% 0.66% 0.70% 

Cluster 3 0.03% 0.08% 0.78% 0.15% 0.13% 

Cluster 4 0.00% 0.00% 0.12% 0.00% 0.00% 

 

Table 28: Cross Tabulation between SCAN and DeepCluster 

DeepCluster  

 

SCAN 

Cluster 0 Cluster 1 Cluster 2 Cluster 3 Cluster 4 

Cluster 0 0.00% 0.00% 1.08% 0.00% 0.00% 

Cluster 1 11.64% 12.84% 62.91% 2.42% 4.52% 

Cluster 2 0.00% 0.04% 3.21% 0.03% 0.01% 

Cluster 3 0.00% 0.00% 1.17% 0.00% 0.00% 

Cluster 4 0.00% 0.00% 0.12% 0.00% 0.00% 
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Table 29: Cross Tabulation between SCAN and JULE 

JULE 

 

SCAN 

Cluster 0 Cluster 1 Cluster 2 Cluster 3 Cluster 4 

Cluster 0 1.08% 0.00% 0.00% 0.00% 0.00% 

Cluster 1 94.19% 0.01% 0.06% 0.02% 0.04% 

Cluster 2 3.30% 0.00% 0.00% 0.00% 0.00% 

Cluster 3 1.18% 0.00% 0.00% 0.00% 0.00% 

Cluster 4 0.12% 0.00% 0.00% 0.00% 0.00% 

 

Table 30: Cross Tabulation between SCAN and K-Medoid 

K-Medoid 

 

SCAN 

Cluster 0 Cluster 1 Cluster 2 Cluster 3 Cluster 4 

Cluster 0 0.17% 0.13% 0.31% 0.17% 0.29% 

Cluster 1 15.16% 11.44% 28.39% 13.12% 26.22% 

Cluster 2 0.54% 0.43% 0.92% 0.52% 0.89% 

Cluster 3 0.20% 0.17% 0.32% 0.17% 0.33% 

Cluster 4 0.01% 0.01% 0.04% 0.01% 0.05% 

 

Table 31: Cross Tabulation between K-Medoid and IIC 

IIC 

 

k-Medoid 

Cluster 0 Cluster 1 Cluster 2 Cluster 3 Cluster 4 

Cluster 0 4.70% 1.86% 3.70% 0.89% 4.92% 

Cluster 1 3.60% 1.40% 2.67% 0.81% 3.70% 

Cluster 2 8.61% 3.58% 6.64% 1.65% 9.50% 

Cluster 3 3.90% 1.76% 3.12% 0.82% 4.38% 

Cluster 4 8.13% 3.54% 6.07% 1.69% 8.34% 
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Table 32: Cross Tabulation between K-Medoid and IMSAT 

IMSAT 

 

K-Medoid 

Cluster 0 Cluster 1 Cluster 2 Cluster 3 Cluster 4 

Cluster 0 3.21% 3.89% 2.10% 3.64% 3.22% 

Cluster 1 2.58% 2.90% 1.56% 2.88% 2.26% 

Cluster 2 6.17% 7.16% 3.89% 6.92% 5.84% 

Cluster 3 2.93% 3.31% 1.98% 3.16% 2.61% 

Cluster 4 5.82% 6.87% 3.67% 6.22% 5.21% 

 

Table 33: Cross Tabulation between K-Medoid and DeepCluster 

DeepCluster  

 

K-Medoid 

Cluster 0 Cluster 1 Cluster 2 Cluster 3 Cluster 4 

Cluster 0 1.92% 2.04% 10.84% 0.43% 0.84% 

Cluster 1 1.41% 1.59% 8.39% 0.26% 0.53% 

Cluster 2 3.72% 3.81% 20.44% 0.74% 1.27% 

Cluster 3 1.68% 1.75% 9.47% 0.37% 0.73% 

Cluster 4 2.92% 3.69% 19.36% 0.65% 1.17% 

 

Table 34: Cross Tabulation between K-Medoid and JULE 

JULE 

 

K-Medoid 

Cluster 0 Cluster 1 Cluster 2 Cluster 3 Cluster 4 

Cluster 0 16.04% 0.00% 0.01% 0.00% 0.01% 

Cluster 1 12.15% 0.00% 0.01% 0.00% 0.01% 

Cluster 2 29.94% 0.00% 0.02% 0.00% 0.01% 

Cluster 3 13.98% 0.00% 0.00% 0.00% 0.00% 

Cluster 4 27.75% 0.00% 0.02% 0.00% 0.01% 
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Chapter 11.  Specie Clustering using Unsupervised Deep Learning  

 

In previous experiments, bat calls were clustered based on the way a bat was 

interacting with its surroundings/environment. This included various characteristics 

such as if it was flying in an open/close habitat, attempting to capture its prey, or flying 

in presence of other bats. It also included other external factors such as its distance to 

the microphone and the presence of background noise. Overall this was termed as its 

‘behavior’. However, another dimension to look at bat calls could be to cluster them 

based on the species i.e. if they belong to the same group of the organism in taxonomic 

rank.  

As mentioned, previous experiments were performed to investigate the behavior 

of different clustered groups. For that case, it was important to look at the distance 

between individual bat calls, the intensity of each bat call, the presence of calls at 

multiple frequency bands, and background noise. That is why the window length for 

the generation of each spectrogram was set at 500ms. However, to cluster according to 

different species types, spectrograms needed to be generated in a way that individual 

bat call signature is visible. For that purpose, a second dataset was used, where each 

audio file was already labeled by the species name – by an expert. The procedure for 

that is explained in section 11.1. 

This application has been demonstrated to work well with the labeled data [16] 

and an extension of this is explored which does not use any labels for training.  Labels 

are only used for testing while calculating the accuracy and other evaluation metrics. It 

is important because more than 1000 species of bats are present, and their types vary 

significantly depending on the region. This makes it difficult to annotate the datasets 

and automation is required. The process below illustrates how it could be used to cluster 

the bat calls into different species groups without getting dependent on any labeled data 

or manual work. 

11.1 Data Description and Pre-Processing: 

The details about the data collection are given in the prior Chapter, 

Methodology. Few of those collected recordings were manually labeled by the experts 

during the collection phase. Considering skewness in the number of recorded bats calls 

for different species, five top species, according to the total number of labeled cells, 
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were selected. The distribution of calls according to species is provided in Table 35. 

The recordings had a sample rate of 256 kHz. 

Table 35: Count of Bat calls from different Specie 

Specie 

Name 

Eptesicus 

Bottae 

(EPTBOT) 

Pipistrellus 

Kuhli 

(PIPKUH) 

Rhinopoma 

Muscatellum 

(RHIMUS) 

Rhyneptesic

us Nasutus 

(RHYNAS) 

Taphozous 

Perforatus 

(TAPPER) 

Count 128 352 928 275 225 

 

To get these bat calls and generate spectrograms, a sample pipeline, as described 

in the methodology Chapter was used. The detailed procedure to process a single audio 

file and extract audio chunks (containing bat calls) is given in Figure 1 and the 

processing pipeline is illustrated in Figure 6  Configurations such as augmentation 

techniques, spectrogram cropping, and y-axis frequency clipping were kept the same as 

before. Since the focus was to get a detail look at the shape of signals (as given in Figure 

23) to cluster them, different parameters were chosen for generating spectrograms - in 

contrast to Chapter 3.  

 

Figure 23: Example of a Spectrogram Generated from Labeled Dataset. 

 

The summary of parameters used for both labeled and unlabeled datasets is 

given in Table 36. Important differences are: 
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• For batdetect, the confidence threshold was set at 80%, as compared to 95% 

used in section 3.3. It was done to extract a higher number of bat calls from the 

limited amount of labeled data.  

• While generating the spectrograms, the target signal length of 15ms was used. 

• The length of the windowed signal after padding with zeros was set to 256 and 

the hop length was set to 8. This ensured high-quality spectrograms with 

minimum artifacts.  

• Instead of doing the target amplitude matching, value clipping between -45 and 

0 was used for the color bar range during the pseudo-color plot for spectrogram 

generation. This value range is empirical and based on the experimental 

evaluation. The resulting spectrograms from different species are given in 

Figure 24. 

• The dataset was balanced according to the number of lowest bats’ calls in any 

species category i.e., Eptesicus Bottae. 

Table 36: Comparison Between Parameters for Spectrogram Generation 

Parameter 

/Dataset 

Batdetect 

Threshold 

Audio 

Signal 

Length 

STFT 

window 

length 

Hop 

Length 

Sample 

Rate 

Normalization 

Technique 

Unlabeled 95% 500ms 5120 512 256 KHz Loudness Level  

Labeled 80% 15ms 256 8 256 KHz Value Clipping 

 

11.2 Training Setup: 

Same configurations from unsupervised clustering were utilized here. The only 

difference was the pre-processing stage – for reasons described in the first paragraph of 

this Chapter. This highlights the generic nature of these algorithms that can be applied 

to any formation of the spectrogram. The target number of clusters was set to 5. Each 

algorithm was trained for a different number of epochs and sometimes early stopping 

was applied. Such details and learning curves are given in Figure 25. The loss of all the 

models decreased over time until they converged. This indicates that the models learned 

according to the defined objective function and clustered the bat calls into different 

species groups. The evaluation of these clusters is provided in detail in the next section. 
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Figure 24: Call Signatures of Different Bat Species from the Dataset 

 

Figure 25: Learning Curves for Unsupervised Clustering of Bats' Calls 
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11.3 Results: 

The comparison of clustered bats’ calls against the labeled ones is provided in 

Table 37. The results consist of various metrics defined in section 3.7. IIC provides the 

best results with an accuracy of 0.48 and an MI score of 0.54. The results of the rest of 

the algorithms are arranged in descending order.  

Table 37: Results from Unsupervised Clustering of Labelled bats' calls 

Metric 

 

Technique  Accuracy  

 Mutual 

Information 

Score   Rand Score  

 Fowlkes 

Mallows 

Score  

 IIC  48.28% 54.46% 75.92% 40.82% 

 IMSAT  43.59% 43.11% 70.73% 37.09% 

 JULE  43.13% 46.51% 68.61% 37.30% 

 DeepCluster  39.84% 36.29% 72.51% 33.51% 

SCAN 29.38% 7.44% 59.00% 29.17% 

K-Medoid 23.75% 1.24% 68.12% 19.88% 

 

For perspective, it is important to note that till only a couple of years ago the 

results from unsupervised clustering of standard labeled datasets were also in a similar 

accuracy bracket. The detailed evolution of few unsupervised learning techniques used 

for image classification is provided in Table 38. For instance, for CIFAR-10, while the 

supervised classification accuracy stood at 93.8% [3], the unsupervised clustering 

accuracy of only 27.2%  was achieved using JULE [3] [4]. It was even lower for 

conventional clustering techniques. For example, K-means gave an accuracy of only 

22.9% [3]. Contrary to initial indications, this field has provided promising results of 

more than 80% accuracy without using any ground labels for training, during the last 

one year. We have similar aspirations for the application of unsupervised learning in 

wildlife monitoring. This work demonstrated reasonable results in this novel area of 

research and provided a promising direction for future work. The low results from 

JULE are as per expectation but SCAN is an anomaly in our case. The reasons for its 

low performance and methods to improve it, are given in Chapter 13.  The direction for 

future work and further explanation on making the SCAN better are also provided in 

that Chapter.  
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Table 38: Evolution of Unsupervised Clustering of Labelled Datasets[3] 

Dataset 

 

Technique  Year   CIFAR10  CIFAR100-20  STL10 

Triplets [69] 2004 20.50% 9.94% 24.40% 

AE [70] 2006 31.40% 16.50% 30.30% 

K-means [71] 2015 22.90% 13.00% 19.20% 

JULE [4] 2016 27.20% 13.70% 27.70% 

GAN [72] 2016 31.50% 15.10% 29.80% 

DEC [20] 2016 30.10% 18.50% 35.90% 

DeepCluster [5] 2019 37.40% 18.90% 33.40% 

IIC [2] 2019 61.70% 25.70% 59.60% 

SCAN [3] 2020 88.30% 50.70% 80.90% 
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Chapter 12.  Other Unsupervised Clustering Algorithms 

 

The theoretical explanation of few other algorithms which utilize different 

learning paradigms is explained from sections 12.1 to 12.3. 

12.1 Deep Adaptive Clustering (DAC) 

DAC combines a clustering algorithm along with the representation/feature 

learning from images [19] [73]. Intuitively, the model starts by learning from the pair 

of images that are like/unlike each other (using a threshold), and after each iteration 

when the model has trained on such identified instances, it identifies a greater number 

of such pairs of images. It continues until all the training examples are included. In 

technical terms, DAC basically reframes the task of clustering into a binary pairwise 

classification framework [74]. This is done to evaluate if the two images are from the 

same or different clusters. A deep convolution neural network is first used to generate 

features from images, and subsequently, clusters are formed by calculating the pairwise 

cosine distance between the generated features – as illustrated in Figure 26. This is 

purely unsupervised, and the labels of the image are not used at all during the training 

phase.  This approach is categorized as a single-stage because it does not use any 

external/non-deep learning algorithm for clustering.  

 

Figure 26: Flowchart of DAC [19] 

 

The steps for DAC are as follows: 

1. Pass the images through the CNN to calculate features.       

2. Use cosine similarity to find the similarity between each pair. 
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3. Select a subset of samples based on the cosine similarity.    

4. Train the CNN with shortlisted samples (cluster is found by locating the largest 

response of label features) 

5. Repeat the above steps until all the training examples are included.  

The objective is given in Equation (28), for the whole DAC model including CNN. 

min
w,λ

 𝐸(𝑤, 𝜆) = ∑ 𝑣𝑖𝑗𝐿(𝑟𝑖𝑗, 𝑙𝑖. 𝑙𝑗) +  𝑢(𝜆) − 𝑙(𝜆)

𝑖,𝑗

 
(28) 

where 𝑤 is the weights of neural network in the CNN, 𝑣 is the indicative term used for 

selecting the sample for training and 𝑙𝑖.𝑙𝑗 is the cosine similarity between the output 

labels of two inputs (with 𝑖 and 𝑗 indicating row and column number respectively). The 

loss function 𝐿 is the binary cross-entropy between 𝑟𝑖𝑗(defined in the next equation) and 

the cosine similarity (mentioned before). 𝜆 is the parameter of the model, which is 

ultimately used to control the selection of data points for during each iteration and 𝑙(𝜆) 

and 𝑢(𝜆) are the threshold values that indicate if the samples are similar or not. Such 

that: 

𝑙(𝜆) ≤ 𝑢(𝜆)  𝑎𝑛𝑑 

𝑣𝑖𝑗  ∈  {0, 1}, 𝑖, 𝑗 =  1,· · · , 𝑛  

∀𝑖, ‖𝑙𝑖‖2, 𝑎𝑛𝑑 𝑙𝑖ℎ ≥ 0 , ℎ = 1, … 𝑘   

where 𝑘 is the size of the label feature, and 𝑛 is the number of training examples. 𝑟𝑖𝑗 is 

expanded in Equation (29) and the indicator co-efficient (𝑣𝑖𝑗) is provided in Equation 

(30). 

𝑟𝑖𝑗 =  {

1, 𝑖𝑓  𝑙𝑖. 𝑙𝑗 ≥ 𝑢(𝜆)

0, 𝑖𝑓  𝑙𝑖. 𝑙𝑗 ≤  𝑙(𝜆)

𝑁𝑜𝑛𝑒,               𝑂𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒

, 𝑖, 𝑗 = 1, … , 𝑛 

(29) 

 

𝑣𝑖𝑗 = {
1, 𝑖𝑓 𝑟𝑖𝑗 ∈ {0,1} 𝑖, 𝑗 = 1, … , 𝑛

0,                                     𝑂𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒 
 

(30) 

Further details and applications on binary pairwise classification are found in [75] 

[76].  This model achieved an accuracy of 52% on the CIFAR-10 dataset.  
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12.2 Deep Embedded Clustering (DEC) 

DEC [20] also uses a deep neural network and learns the clustering and data 

embedding (i.e., converting data to low-dimension) in parallel. Intuitively, this model 

can be thought of as an extension of semi-supervised self-training [77] into the domain 

of unsupervised learning. After learning the lower dimension/embedding of data, this 

is directly clustered using a standard clustering algorithm, and then a deep learning 

model is trained iteratively such that it optimizes the loss function. Technically, a 

clustering objective based on KL-divergence is optimized at each step. DEC has two 

main steps terms as initialization and optimization/clustering.  

During initialization, a stacked autoencoder is trained with the unlabeled data, 

and the initial weights for the encoder which give minimum reconstruction error are 

obtained. The embedding is referenced as 𝑧𝑖. Another initialization is done for the 

cluster centers (represented by 𝜇𝑗). This is performed by the k-mean clustering [78] on 

the embedding obtained after the training (say k clusters). This is shown in Figure 27. 

 Before diving into the loss function, let us look at the two probability 

distributions. To quantify the similarity between the embedded datapoint 𝑧𝑖and centroid 

𝜇𝑗 soft assignments Equation (31) is used. 

𝑞𝑖𝑗 =
(1 + ∥∥𝑧𝑖 − 𝜇𝑗∥∥

2
/𝛼)

−
𝛼+1

2

∑  𝑗′ (1 + ∥∥𝑧𝑖 − 𝜇𝑗′∥∥
2

/𝛼)
−

𝛼+1
2

 

(31) 

where 𝑧𝑖 is 𝑓𝜃(𝑥𝑖), i.e., the embedding after passing through the encoder. 𝛼 is a constant 

set to 1. 𝜇𝑗 is the cluster centroid such that j ranges from 1 to the number of clusters. 

The other term 𝑃 (auxiliary/target distribution) is obtained using Equation (32). 

𝑝𝑖𝑗 =
𝑞𝑖𝑗

2 /𝑓𝑗

∑  𝑗′ 𝑞𝑖𝑗′
2 /𝑓𝑗′

 
(32) 

where 𝑓𝑗 is ∑ 𝑞𝑖𝑗𝑖  and this is used for normalizing by the total occurrences per cluster 

so that the loss weightage contributed by each centroid could be normalized. The loss 

function is defined as the KL-divergence between the soft assignments 𝑞𝑖𝑗 (i.e., 

probability of assigning the image 𝑖 to cluster j) and an auxiliary distribution 𝑝𝑗 – as 

provided in Equation (33). 
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𝐿 = KL(𝑃 ∥ 𝑄) = ∑  

𝑖

∑  

𝑗

𝑝𝑖𝑗log 
𝑝𝑖𝑗

𝑞𝑖𝑗
 

(33) 

This loss could be interpreted as learning from the high-confidence predictions 

and then continues to improve iteratively using the loss function. Also, this is important 

to note that k-means by itself does hard clustering, but in this case, only the cluster 

centroids are used in the equation for soft-assignment. The accuracy of 84.3% is 

obtained on the MNIST dataset. This algorithm is also easily scalable because of its 

linear computational complexity. Over time various variations of the DEC algorithm 

have evolved. For example, using data augmentation along with DEC [79].   

 

Figure 27: Network Structure of DEC[20] 

 

12.3 K-Autoencoders  

K-Autoencoders [21] uses multiple auto-encoders equal to the number of 

clusters required and assigns each sample to the autoencoder that gives the minimum 

reconstruction error (also called the mixture of local experts [80]). The intuition behind 

this is that, instead of generating the embeddings from a single auto-encoder[81], 

multiple autoencoders could be used, with each one of them specializing in rebuilding 

the images from one cluster – as illustrated in Figure 28. Technically, the overall mean-

squared error loss is minimized by selecting/learning the set of autoencoders. A similar 

concept has also been used in [82] [83]. Auto-Encoding Variational Bayes (with an 

accuracy of   29.1%) [58] and Greedy Layer-wise training of deep neural networks 
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(with an accuracy of 31.4%) [84] also fall under this category. It gave an accuracy of 

88% on the MNIST dataset.  

 

Figure 28: Block Diagram of K-Autoencoders 

 

The steps involved are as follows: 

1. encoder on the complete data-Train one auto . 

2. assigned labelsmean clustering to the embedding and get the -Apply k . 

3. , using the samples that were assigned theNow   𝑖𝑡ℎ train the-label, pre  

corresponding autoencoder. 

4. provided in -use the objective function to train the autoencoder  Now  

Equation (34) . 

𝐿(𝜃1, … , 𝜃𝑘) = ∑  

𝑛

𝑡=1

𝑚𝑖𝑛
𝑖=1

𝑘

 𝑑(𝑥𝑡, 𝑥̂𝑡(𝑖)) 
(34) 

 There are 𝑘 auto-encoders (equivalent to the number of clusters), and the above 

objective is minimizing the reconstruction error over all the training examples (𝑛). 

 is the reconstructed datapoint from the 𝑖𝑡ℎautoencoder. This is illustrated in 

Figure 28.  
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5. Finally, the cluster is selected based on the auto-encoder, which gives the least 

reconstruction error - as formulated in Equation (35).  

𝑐̂𝑡 = arg 𝑚𝑖𝑛
𝑖=1

𝑘

 𝑑(𝑥𝑡, 𝑥̂𝑡(𝑖)), 𝑡 = 1, … , 𝑛. 
(35) 
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Chapter 13.  Conclusion and Future Work 

 

This research provided a generic framework for clustering the acoustic calls for 

wildlife monitoring. An in-depth analysis of bat calls clustering while interpreting the 

clusters formed had also been presented. Steps for formulating the problem of 

ecological surveillance into an image clustering problem were described in detail. This 

work was built on state-of-the-art research in wildlife monitoring and utilized batdetect 

[22] to get potential bat calls from raw audio files. Then the recent developments in the 

field of deep learning (from the last 5 years) were used to formulate a practical use-case 

of segmenting the behavior of bats into different clusters (based on their acoustic calls).  

This was the first study to compare the relative performance of well-known 

unsupervised deep learning algorithms for bat calls clustering. Essentially, an end-to-

end system was developed for an uncontrolled environment (considering the 

practicality constraints) which could potentially lead to a major development in wildlife 

monitoring. The results were established by utilizing only two audio augmentation 

techniques. This approach is not limited to singular use-case but can be expanded based 

on the application of interest. For example, in the case of bats, species identification is 

also performed with this method because each species has a different acoustic signature. 

The signals of interest are highlighted through pre-processing before applying the 

clustering algorithms. 

 In the future, more experimental data could be collected, and by varying the 

target number of clusters, its correlation to the behavioral characteristics could be 

observed. Right now, it requires an expert (or as in our case, a coding scheme suggested 

by the domain expert) to interpret the results. In the future, labeling techniques could 

be used to help in interpretation.    

To improve the results, it has been observed that IIC gave better results, for 

species clustering than SCAN, even though SCAN’s performance on image clustering 

algorithms is higher. We hypothesize that this difference could be overcome by utilizing 

more robust and different augmentation techniques. The author's implementation of 

SCAN utilized the permutation of 14 different forms of augmentations. However, in 

IIC and IMSAT, the different types of augmentations used were only two and one 

respectively. Our technique also utilized two different augmentations – described in 
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section 3.4. The results could be improved if more augmentation techniques are 

devised, in the future, for bats acoustic data. In contrast to other algorithms, SCAN 

utilized a multi-step approach where the feature learning stage was separate from the 

clustering stage. This also exacerbates the problem of feature learning when less 

augmentations were available. So, to make the learning more robust for SCAN, it is 

crucial that more augmentation techniques are developed.  

To improve SCAN, a promising avenue is using to use transfer learning. More 

specifically, in the case of SCAN, a pre-trained Resnet-50 model trained on audio’s 

spectrogram features should be used as a base/initial model. Recently, [85] used Resnet-

50 on embedding features of the AudioSet dataset for audio pattern recognition. 

Another work also used a similar approach [86]. The problem is that these models are 

not built on the spectrogram’s features, rather on the embeddings of the dataset – 

released by [87]. According to [88], transfer learning could only work if the learned 

features are meaningful to both base and the target task, and not only the base domain. 

Although it does not matter if the spectrograms consisted of bats’ data or not, it is still 

essential that the representation of the feature is consistent in both the base and target 

domain. Unfortunately, any such models do not exist in literature right now because 

deep learning has only emerged to be used in the domain of audio, very recently [89]. 

So, in the future, when this field of research matures, it is recommended to run SCAN 

on the pre-trained Resnet-50 model, that’s trained for spectrograms features, to improve 

results.  

Another direction to improve the results could be to experiment with different 

algorithms. Different training paradigms could be experimented with, to see if any other 

algorithm will provide better results than the already explored algorithms. Few 

examples of these clustering algorithms are given from sections 12.1 to 12.3. 
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