
An Acoustic-Based System for Early Detection of Elephants in Nyangores 

Forest 

 

 

 

 

By: 

Sandra Kahoro 

113610 

 

 

 

Submitted in partial fulfilment of the requirements for the Degree of 

Master of Science in Information Technology (MSc.IT) at Strathmore 

University 

 

School of Computing and Engineering Sciences, Strathmore University, 

Nairobi, Kenya 

 

 

June 2025 

 

 



iii 

 

Declaration and Approval 

I declare that this work has not been previously submitted and approved for the award  

of a degree by this or any other University. To the best of my knowledge and belief, the 

thesis contains no material previously published or written by another person except  

where due reference is made in the thesis itself. 

 

© No part of this thesis may be reproduced without the permission of the author and Strathmore 

University 

Sandra Kahoro 

 

June 2025 

Approval 

The thesis of Sandra Gathoni Kahoro was reviewed and approved for examination by the 

following: 

Dr. Henry Muchiri, 

Senior Lecturer, School of Computing and Engineering Sciences, 

Strathmore University 

 

Dr. Julius Butime, 

Dean, School of computing and Engineering Sciences, 

Strathmore University 

 

Prof. Bernard Shibwabo, 

Director of Graduate Studies, 

Strathmore University 

 



iv 

 

Table of Contents 

 

Declaration and Approval ........................................................................................................ iii 

Table of Contents ...................................................................................................................... iv 

Abstract .................................................................................................................................. viii 

Acknowledgements ................................................................................................................... ix 

Abbreviations/Acronyms ........................................................................................................... x 

Definition of Terms ................................................................................................................... xi 

List of Figures .......................................................................................................................... xii 

List of Tables ........................................................................................................................... xiv 

List of Equations ...................................................................................................................... xv 

Chapter 1: Introduction .............................................................................................................. 1 

1.1 Background ...................................................................................................................... 1 

1.2 Problem Statement ........................................................................................................... 3 

1.3 Research Objectives ......................................................................................................... 4 

1.4 Research Questions .......................................................................................................... 4 

1.5 Justification ...................................................................................................................... 4 

1.6 Scope and Limitations ...................................................................................................... 5 

Chapter 2: Literature Review ..................................................................................................... 6 

2.1 Introduction ...................................................................................................................... 6 

2.2 Empirical Literature Review ............................................................................................ 6 

2.2.1 Elephant Movement Patterns ................................................................................. 6 

2.2.2 Elephant Detection Techniques .............................................................................. 7 

2.2.2.1 Image Processing ........................................................................................... 7 

2.2.2.2 Acoustic Monitoring ...................................................................................... 9 

2.2.2.3 Acoustic Localization .................................................................................. 10 

2.2.2.4 Seismic Monitoring ...................................................................................... 11 



v 

 

2.2.3 Sound Analysis in Conservation .......................................................................... 11 

2.3 Theoretical Literature Review ........................................................................................ 13 

2.3.1 Human-Elephant Mitigation ................................................................................ 13 

2.3.1.1 Barrier-based solutions ................................................................................ 14 

2.3.1.2 Community-Based Strategies....................................................................... 14 

2.3.1.3 Translocation and Habitat Management ...................................................... 14 

2.4 Algorithms ...................................................................................................................... 14 

2.4.1 Deep Learning in Acoustic Localization of elephants ......................................... 15 

2.4.2 Localization and Acoustic sources tracking ......................................................... 16 

2.4.3 Sound classification based on different techniques ............................................. 16 

2.5 Architectures................................................................................................................... 20 

2.6 Research Gap.................................................................................................................. 21 

2.7 Conceptual Framework .................................................................................................. 22 

Chapter 3: Research Methodology/Design .............................................................................. 24 

3.1 Introduction .................................................................................................................... 24 

3.2 Research Design ............................................................................................................. 24 

3.3 Study Population ............................................................................................................ 24 

3.4 Sampling Method ........................................................................................................... 24 

3.5 Sample Size – Scientific Approach ................................................................................ 25 

3.6 Data Collection Methods ................................................................................................ 26 

3.7 System Development...................................................................................................... 26 

3.8 Dissemination of Results ................................................................................................ 27 

3.8.1 Online Repository ................................................................................................ 28 

3.8.2 Scientific Publications ......................................................................................... 28 

3.8.3 Collaborations ...................................................................................................... 28 

3.9 Ethical Considerations.................................................................................................... 28 

Chapter 4: System Analysis and Design .................................................................................. 29 



vi 

 

4.1 Introduction .................................................................................................................... 29 

4.2 System Requirement Analysis ........................................................................................ 29 

4.2.1 Functional Requirements ..................................................................................... 29 

4.2.2 Non-Functional requirements .............................................................................. 29 

4.3 System Design Diagrams ............................................................................................... 30 

4.3.1 Use Case Diagram................................................................................................ 30 

4.3.2 Sequence Diagram ............................................................................................... 31 

4.3.3 Class Diagram ...................................................................................................... 32 

4.3.4 Circuit Diagram ................................................................................................... 33 

Chapter 5: System implementation and Testing ...................................................................... 35 

5.1 Introduction .................................................................................................................... 35 

5.2 Development Environment ............................................................................................ 35 

5.2.1 Hardware Requirements....................................................................................... 35 

5.2.2 Software Requirements ........................................................................................ 35 

5.3 Machine Learning Models ............................................................................................. 35 

5.3.1 Data Preprocessing............................................................................................... 36 

5.3.2 Exploratory Data Analysis ................................................................................... 39 

5.3.3 Feature Extraction ................................................................................................ 42 

5.3.4 Feature Selection .................................................................................................. 45 

5.3.4.1 Correlation Matrix ....................................................................................... 45 

5.3.5 Model Training..................................................................................................... 46 

5.3.5.1 Convolution Neural Network (CNN)........................................................... 46 

5.3.5.2 Random Forest ............................................................................................. 46 

5.3.5.3 Support Vector Machine (SVM) .................................................................. 47 

5.3.5.4 Logistic Regression ...................................................................................... 47 

5.3.5.5 Naïve Bayes ................................................................................................. 48 

5.3.6 Summary of Model Accuracies ............................................................................ 48 



vii 

 

5.3.7 Testing and Evaluating the model ........................................................................ 48 

5.3.7.1 Comparing Training and Validation Loss .................................................... 48 

5.3.7.2 Confusion Matrix ......................................................................................... 49 

5.4 IoT Device ...................................................................................................................... 50 

5.4.1 Components ......................................................................................................... 50 

5.5 Integration of the Detection System ............................................................................... 51 

5.6 System Testing Results ................................................................................................... 53 

5.6.1 Model Testing ...................................................................................................... 53 

Chapter 6: Discussions and Results ......................................................................................... 55 

6.1 Introduction .................................................................................................................... 55 

6.2 Trained Model Performance Comparison ...................................................................... 55 

6.3 Comparison with Existing Work .................................................................................... 56 

6.3.1 Model Performance Metrics Comparison ............................................................ 56 

6.3.2 Architectural and Hardware Considerations ........................................................ 57 

6.3.3 Dataset Comparisons ........................................................................................... 58 

Chapter 7: Conclusions, Recommendations and Future Works ............................................... 60 

7.1 Conclusions .................................................................................................................... 60 

7.2 Recommendations .......................................................................................................... 60 

7.3 Suggestions for Future Research .................................................................................... 61 

7.4 Limitations and Delimitations ........................................................................................ 61 

7.4.1 Limitations ........................................................................................................... 61 

7.4.2 Delimitations ........................................................................................................ 61 

References ................................................................................................................................ 62 

Appendices ............................................................................................................................... 69 

Appendix A: Similarity Report ................................................................................ 69 

Appendix B: Ethical Clearance Confirmation ......................................................... 72 

 



viii 

 

Abstract 

Elephants greatly contribute to their ecosystem through seed dispersal, creation of water 

sources when it is dry through digging and even carbon sequestration. However, their 

population has been reducing due human-elephant conflict, poaching and habitat degradation. 

In Nyangores Forest, which is a part of Kenya’s greater Mau Region, frequent encounters 

between forest-adjacent communities and elephants often lead to injuries or fatalities on either 

side, exacerbating the human-elephant conflict. Elephants communicate through vocalization 

and one of the most common and frequently used are the low rumbles which are very low 

frequency sounds used by the elephants and can travel over long distances and are below human 

hearing level. The study aimed to develop an early detection system based on the elephant 

vocalizations to reduce conflict and enhance conservation.  There have been many methods 

that have been used in the detection of elephants such as imaging with the use of camera traps 

which does not work well with harsh weather conditions which can affect the angles and the 

clarity and seismic monitoring using vibrations from their vocalizations which are felt on the 

ground which has limited range and high sensitivity to environmental noise. This was achieved 

using Rapid Application Development (RAD), integrating a machine learning model with an 

IoT device for sound classification and localization. The CNN model was trained and tested 

and attained an accuracy of 99%. The IoT device was developed using Raspberry Pi Pico which 

resulted in a working integrated system which can detect elephant vocalizations and send an 

alert demonstrating real-time functionality. The results confirmed the viability of acoustic 

localization for elephant detection. The system developed offers a low-cost, efficient and 

scalable alternative for elephant detection and monitoring. Its implementation has the potential 

to strengthen existing conservation efforts and infrastructure used by different agencies and 

bodies, improve ranger response times and integrate with deterrent mechanisms such as bee 

fences. 
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Definition of Terms 

Acoustic Localization  This is a method that is used to identify the location of a sound 

source that is based on the time delays of arrival between multiple 

time-synchronized audio recordings (Acoustic Localization — 

Opensoundscape 0.11.0 Documentation, 2024). 

Acoustic Source 

Localization 

This is similar to acoustic localization where the location of a sound 

source is determined by analysing the time differences in sound 

arrival at many or multiple sources (Acoustic Localization — 

Opensoundscape 0.11.0 Documentation, 2024). 

Biodiversity  This is all the different kinds of life forms present in one area which 

could be the variety of animals, plants, fungi and even 

microorganisms that work together in an ecosystem to create a 

balance (What Is Biodiversity and Why Is It under Threat? 2024). 

Ethogram A detailed list, inventory, catalogue or description of the behaviours 

or actions exhibited by different species and can be said to be a 

master list (Elephant Listening Project Home, 2024). 

Home Range The space used by animals for difference purposes: as a habitat, to 

reproduce, source of food and water (Viana et al., 2018). 

Human Elephant 

Conflict 

Negative interactions between elephants and humans such as crop 

raiding, property destruction or close interactions between humans 

and elephants that may trigger defensive behaviours and lead to 

injury or death for both parties (International Fund for Animal 

Welfare, 2023) 
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Chapter 1: Introduction 

1.1 Background 

Kenya’s forests are more than just landscapes: they are the life support systems which 

play a vital role in maintaining ecological balance, regulating water flow, and sequestering 

carbon and elephants are a critical part of this ecosystem. The Nyangores Forest in the Mau 

Region is not only home to elephants but also supports a diverse range of wildlife elephants 

being the largest in the ecosystem and contributing the most to it. The elephant situation in 

Nyangores Forest is intertwined with ongoing conservation efforts and challenges that are 

related to human-wildlife conflict. In Nyangores Forest, a community of farmers live on the 

forest edge which is close to the elephant habitat. With the need for resources for both the 

humans and elephants, conflict is bound to come up. Farmers depend on the produce from their 

settled farms and elephants can be quite destructive even when just passing through and the 

dependence on the farm produce makes the encounters emotionally charged (Human-Elephant 

Conflict in Kenya, 2022).  

Both species of elephants play a vital role in their ecosystems. Over the years, factors 

such as climate change, land use conversion and human population growth have been leading 

to human elephant conflict due to coexistence challenges between humans and elephants 

(Montero-Botey et al., 2024). Elephant activities such as pushing down trees as they walk and 

digging for water, results in the creation of habitats and water sources for smaller animals 

within the ecosystem (Mutero, 2021).In some ecosystems, the eating and trampling of trees 

which creates gaps in the vegetation, in turn ends up affecting some ecosystem services such 

as carbon accumulation and carbon storage within the ecosystem (Cardoso et al., 2020). 

Additionally, these large mammals assist in seed dispersal and nutrient cycling through their 

dung which encourages the growth of different vegetation all around their ecosystem. 
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Figure 1.1: Map Showing the Elephant Range in Kenya (National Elephant Action Plan for 

Kenya, 2021) 

Illegal hunting, unauthorized timber harvesting, and infrastructure expansion represent 

just a few of the numerous ongoing threats to biodiversity, with large mammals being 

particularly vulnerable (Bjorck et al., 2019). The elephant habitat has been rapidly decreasing 

over the years due to different factors such as climate change which affects their natural habitat 

and the expansion of human corridors especially in areas that are forest or savanna adjacent 

(Ramasubramanian et al., 2022). The heightened conversion of land and population growth 

within the different wildlife habitats: savanna or forest, has escalated human-wildlife conflicts, 

posing a significant concern. This is particularly critical as large, wide-ranging mammal species 

bear the brunt of these conflicts, with many facing critical endangerment or rapid population 

decline (Hahn et al., 2022). 

According to Santosh et al. (2018), most human wildlife interactions prove dangerous 

for both parties and in this case, human elephant conflict which usually ends up in fatalities. 

This highlights the need for an early warning system which can help mitigate human elephant 

conflict. Human-elephant conflict (HEC) usually describes negative interactions between 



3 

 

elephants and humans such as crop raiding, property destruction or close interactions between 

humans and elephants that may trigger defensive behaviours and lead to injury or death for 

both parties (International Fund for Animal Welfare, 2023). Ranasinghe et al. (2023) states that 

such systems are very important given the growing human population and human activities 

which leads to the shrinking of the elephant habitats. Usually in human-dominated areas with 

lots of hunting or persecution, wildlife perceives humans as a threat which leads to the animals 

avoiding any encounters although the animals may seek out the areas that are human-occupied 

in search of high-quality food (Hahn et al., 2022). 

The co-existence of humans and wildlife is a fundamental aspect of our ecosystems 

which will shape the human experience (Ravikrishna et al., 2023). Human elephant conflict 

usually involves both parties that impact each other negatively and pose a threat to human and 

animal life. According to Ravikrishna et al. (2023), this conflict has more significant 

consequences for our biodiversity and ecosystem health. Currently, there are inadequate 

monitoring and response technologies that are being used or may also fall short especially in 

the remote areas or dense forest areas in Kenya which prove difficult and resource intensive to 

monitor and respond to. The systems set up appear to be more of a reaction to the elephant’s 

behaviour. By implementing acoustic localization, early detection can be used and even 

tracking and studying of the elephants especially in the dense forests in Kenya can be 

effectively done. Traditional conservation efforts such as camera trapping are no longer feasible 

(Gomes-Selman et al., 2021). 

Over the years, conservation challenges have grown with the increased human activity 

and different factors such as climate change varying across different elephant populations and 

ecosystems. Acoustic source localization technology is used to determine the location of a 

sound source or multiple sources by processing acoustic signals. This technology is applied to 

elephant monitoring due to their rumble that is a low frequency call that can be heard over a 

very long distance which can be picked up. 

1.2 Problem Statement 

In Kenya's intricate forest ecosystem, African elephants experience a multitude of 

challenges, including the persistent menace of poaching, habitat degradation, and escalating 

conflicts with human activities. The traditional methods used in conservation efforts are no 

longer applicable as they have certain limitations. Aerial and ground surveys are very labour 

intensive, costly and are inevitably affected by unfavourable or bad weather conditions 
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(Brickson et al., 2023). Monitoring sometimes proves inadequate or difficult, particularly in 

remote and densely forested regions, highlighting the necessity for the development and 

deployment of advanced acoustic localization techniques tailored specifically for elephant 

conservation.  

Human elephant conflict usually involves both parties that impact each other negatively 

and pose a threat to human and animal life and this is the leading cause of elephant mortality 

(Ravikrishna et al., 2023). 

1.3 Research Objectives 

i. To identify the challenges in existing elephant detection and monitoring techniques in 

Kenya 

ii. To review the different machine learning models used in bioacoustics monitoring 

iii. To develop an early detection system for elephants using the low rumble sounds 

iv. To test the early detection system 

1.4 Research Questions 

i. What are the challenges in elephant detection? 

ii. What are the current technologies in use for African elephant detection? 

iii. How can an elephant detection system be developed? 

iv. How well can the system detect and transmit data 

1.5 Justification 

Human elephant conflict (HEC) has been known to pose significant threats to both 

humans and elephants themselves which sometimes leads to fatalities and economic loses. Over 

the years, elephants have been forced to share land, being squeezed into smaller areas and as a 

result, there is some conflict between the neighbouring communities and the elephants (Human 

-Elephant Conflict | WWF, 2024). In northern Kenya, elephants have become victims of 

retaliatory killings as the gravity of HEC becomes prevalent and are injured, shot or speared to 

death by the local communities as a defence mechanism (The Grim Reality of Human-Elephant 

Conflict in Northern Kenya - Save the Elephants, 2021). Different factors are aggravating the 

human elephant coexistence where the land where the elephants once foraged is now home to 

human agriculture making it difficult to access resources. Climate change is also a major factor 

whereas the temperatures rise, and rain patterns change, the resources become more scarce and 

the elephants are pushed into community land (International Fund for Animal Welfare, 2023).  
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Humans also face their own challenges where they have to move deeper into elephant 

territory such as in forest adjacent areas where they have to fetch water or collect firewood 

(International Fund for Animal Welfare, 2023). The elephant habitat is also increasingly 

fragmented by new villages, farms or highways. With all these changes, this shows that humans 

and elephants are closer than ever before and must coexist with minimum conflict. Elephant 

detection and deterrence methods are mainly implemented in mitigating HEC for forest 

adjacent communities such as sensor-based alarm systems which use cameras and infrared 

sensors and alert the communities on the presence of elephants (Ramasubramanian et al., 

2022).  

According to Gomes-Selman et al. (2021), acoustic monitoring is especially useful in 

monitoring and detection due to the low frequency elephant rumbles or calls that can usually 

travel over a kilometre in the dense forest. Autonomous sensing methods are transforming the 

fields of ecology and conservation which is a non-invasive method as compared to human 

observers or even collaring of the animals (Rhinehart et al., 2020). Acoustic meaning sound 

signals travel in all directions and elephants are very good in production of low frequency 

sound for long distance communication (Acoustic Communication, 2024). 

 

Figure 1.2 Illustration of low frequency calls (Elephant Listening Project Home, 2024) 

1.6 Scope and Limitations  

The Geographical scope of this study focused on Kenya’s forest ecosystems which is 

where the African Forest elephants reside where the Nyangores forest has been identified as 

part of greater Mau Forest. The research focus areas are: Acoustic Localization of African 

elephants which involves investigation and development of advanced methods. The data 

collection and analysis used existing data instead of deploying sensor networks across the 

forests. It was not possible to deploy the alert system to the forest Rangers and the forest 

adjacent communities for user testing due to the limited time factor. The research did not cover 

the sensor placement issues which was not considered out of scope for this study. 
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Chapter 2: Literature Review 

2.1 Introduction 

The correlation and co-existence between humans and elephants is a complex and 

dynamic challenge as is creating a future for both (Gross et al., 2022). Unfortunately, over the 

years human-elephant interactions are becoming more and more negative and even fatal 

sometimes in some parts of Africa and Asia (Kamdar et al., 2022). Over the years, different 

methods have been developed and used ranging from traditional methods to the use of 

technology to assist in the mitigation of HEC. In understanding the different aspects such as 

studies done, the different theories that are linked to human elephant conflict and the 

technologies used so far, the direction of the study can be more informed and have proper basis. 

2.2 Empirical Literature Review 

An empirical literature review is important to understand the current technologies being 

implemented in the field and their effectiveness in mitigating or reducing human elephant 

conflict. Numerous studies have tested and implemented different technologies all over the 

world, especially in Asia and Africa such as motion detectors, acoustic systems, collaring to 

detect and monitor elephant movements. 

2.2.1 Elephant Movement Patterns 

The movement of the African elephant is complex and is influenced by many different 

environmental and social factors. The patterns are known to vary depending on the habitat, 

seasons and in response to certain conditions or stimuli such as resource availability. According 

to Beirne et al. (2021) who conducted a study in Gabon observed that elephant movement 

patterns show variation influenced by individual behaviours and environmental factors. 

Tracking data from a total of 96 elephants showed that that the elephants had an annual 

movement distance of 2,463 kilometers and a distance range from 1,420 kilometers to 3,436 

kilometers. Environmental factors such as heavy rainfall increased the distance by which the 

elephants moved by 59%, while human disturbance reduced the movement distance by 58% 

(Beirne et al., 2021). As shown by Beirne et al. (2021), the male and female also have a 

difference in home range where the male were observed to be 238km2 which is higher 

compared to the female range of 135km2. Home range is the space used by for difference 

purposes: as a habitat, to reproduce, source of food and water (Viana et al., 2018). The home 

range was seen to significantly reduce in size due to human disturbance by 63%. 
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 A different study on elephant movement patterns and the relation to the human factor 

showed that elephants move faster through community lands to avoid the humans where 

elephants in community land moved at speeds of 1.24km/h compared to their speed of 

0.55km/h in protected areas (Adams et al., 2021). The study used collars to track four female 

elephants over a period of 13 months. The elephant movement patterns varied and differed by 

the land use and the time of day. Elephants are known to be dependent on vegetation hence 

depend on large and distributed areas for their resources hence their movement into cultivated 

land (Sai & Dewangan, 2023). Elephant movement patterns are also seen to be linked to 

resource availability such as fruit or water and environmental factors such as climate where the 

availability influences the elephants’ movement into community land or farms in search of 

resources (Beirne et al., 2020). 

2.2.2 Elephant Detection Techniques 

Over the years there have been different detection and monitoring techniques used. 

These techniques focused more on deterrence. Some of the methods of detecting and tracking 

elephants are GPS trackers which are collared, monitoring using video and radio and use of 

wireless sensors (Sai & Dewangan, 2023). 

2.2.2.1 Image Processing 

There are different ways to integrate imaging techniques in elephant detection and 

monitoring. One method that is seen is the use of TensorFlow where Raspberry Pi 4 is 

integrated with an IP camera and the Raspberry controller processes the camera video feed 

(Ravikrishna et al., 2023). Image processing can be costly in terms of resources being used 

such as devices, algorithms and even data leading to slow detection.  As seen in the figure 

below, data must be collected, and this would include large amounts of images that would be 

used in detection of elephants. This would mean that the camera placement would also have to 

be good to ensure quality imaging to ensure accuracy. This would be a shortcoming as to get 

proper angles, the camera would have to be placed all around the forest, such as on the ground, 

on the trees. With the use of cameras, it can be difficult to capture proper images in dense areas 

or locations.  
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Figure 2.1 Images of elephants during the day and at night  (Ravikrishna et al., 2023) 

The use of imaging had been the most widespread before the use of sensing. 

Photographic elephant detection is done by comparing physical characteristics of the elephants 

and finding any mismatches between new elephant images and existing images in the database 

(Weerasinghe et al., 2022). The real-time detection has been integrated with alert and warning 

systems. As seen in Figure 2.2, the output is seen as the elephants are detected and distinguished 

through a labelling process and shown with the use of differently coloured boxes (Ravikrishna 

et al., 2023). 

 

Figure 2.2 Imaging Detection Output (Ravikrishna et al., 2023) 

Furthermore, counting wildlife has been done using aerial remote sensing images which 

is one of the popular vision tasks. This can be done using detection-based approach or 

regression-based methods (Singh et al., 2023). This method can be applied to detection of 

animals both marine and land. A disadvantage of this as an application in detection is that it 

avoids training and learning a detector to predict object location but directly works on counting. 

In its own light, this is an advantage in counting as the resources are reduced. The inputs 
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required are not as resource intense as those for imaging. Here, dots or scalar numbers are 

required as inputs and not bounding box annotations (Singh et al., 2023).  

Thermal imagery has also been proposed and used in animal detection. Algorithms such 

as CNN-based deep-learning model (YOLO v4) have been used in thermal imagery (Khatri et 

al., 2022). This method has also been said to have some challenges as it can be affected by the 

atmospheric temperature and extreme weather conditions.   

2.2.2.2 Acoustic Monitoring 

An acoustic sensor is used in identifying elephant calls which are low-frequency 

rumbles which can travel over long distances as seen in Figure 1.1 (Wireless Integrated Sensor 

Network: Boundary Intellect System for Elephant Detection via Cognitive Theory and Fuzzy 

Cognitive Maps - ScienceDirect, 2018).The frequency of the rumble ranges between 15-35Hz 

and has a duration of 0.5 seconds to 5 seconds. Passive acoustic monitoring (PAM) is a non-

invasive method that is used for conservation strategies and provides evidence through large-

scale monitoring of elusive, acoustically active species such as elephants (Conserving African 

Forest Elephants through Bioacoustic, 2024). Acoustic monitoring primarily uses Machine 

Learning (ML) and Internet of Things (IoT) to collect the data and analyse it. This means that 

the acoustic sounds can be captured real-time for classification which is pivotal for an early 

detection system. The sensors which are IoT devices are used to capture sounds while ML is 

used for the classification of inputs from the sensors and the results are further transmitted to 

the early detection system. 

In the applications of acoustic source localization, the environment can be extremely 

challenging due to reverberation and reflections, complex noise fields, interference signals and 

concurrent speakers. Acoustic localization is done to estimate an elephant’s location or a herd’s 

location by quantifying the time difference of arrival (TDOA) where the time delay of arrival 

is also considered of its sound at each sensor (Rhinehart et al., 2020). Acoustic localization can 

be done for both marine and terrestrial animals. According to (Rhinehart et al., 2020), terrestrial 

localization relies on receiving sound directly form the source, in this case the source being an 

African elephant. The microphones used to pick up the sounds are omnidirectional meaning 

that they can receive the sounds from different directions (“Introduction to the Issue on 

Acoustic Source Localization and Tracking in Dynamic Real-Life Scenes,” 2019). 
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2.2.2.3 Acoustic Localization 

Acoustic source localization was first applied more than 100 years ago where an 

invention of acoustic telescopes was made to detect ships in foggy weather (Yangfan J et al., 

2021). According to Yangfan J et al., (2021), there are two main types of acoustic localization 

techniques which are beamforming and holography which are used to predict sound fields. 

With the use of beamforming, sound sources are found by scanning potential sound source 

locations and determining the likelihood of an actual source at each potential location. On the 

other hand, in holography, the sound sources are assumed to be existent in all the potential 

locations and the strength of each potential sound source is estimated by finding the best match. 

After this, a prediction of the sound field can be made by solving a sound propagation problem. 

Most applications of acoustic localization use direction of arrival (DoA) and Time of 

Arrival (ToA) technique. The DoA method estimates the angle from which an acoustic signal 

reaches a sensor. Algorithms such as beamforming and phase-mode expansions are used in this 

method. ToA methods, unlike DoA measures the time taken for an acoustic signal to reach a 

sensor. The accuracy can be affected by the positioning of the sensors. An approach to the two 

has been studied, where a linear system is used to model sensor data where DoA and ToA are 

both used by under sampling Fourier coefficients of the sensor data to optimize the method and 

sounds can be located over a long distance. 

According to Krause et al., (2021), there are many classical Direction of Arrival 

estimation methods that have been established such as generalized cross-correlation with phase 

transform (GCC-PHAT), Steered Response Power (SRP) and subspace -based approaches. The 

estimation methods have changed over time with the growth of technology, machine learning 

is now being used in this estimation which increases their robustness. Current work focuses on 

Deep Neural Network (DNN) which can use diverse signal representations with the use of 

feature extraction being incorporated into the data training process. Convolutional Neural 

Networks (CNN) are used for feature extraction. Multitask learning (MT) is also a technique 

that has been discussed which is a machine learning technique where multiple tasks can be 

performed by a trained model. Multiple tasks can be performed at the same time as some of the 

network’s layers have been shared. In a study, multitask learning of CNN has also been used 

where sound source localization (SSL) is considered a classification problem (Pang et al., 

2019).  
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2.2.2.4 Seismic Monitoring 

Elephants also communicate through seismic vibrations which are ground vibrations 

which are used to transfer information (Why Do Elephants Use Seismic Communication?, 

2023). The seismic vibrations are produced with the low frequency rumbles which is also 

acoustic (Reinwald et al., 2021).  According to Reinwald et al., (2021), seismic signals 

generated by vocalizing elephants can be used to locate them. The study used seismometers 

together with acoustic sensors which were placed in four locations where the seismic sensors 

were buried. GPS synchronization was also used for the accurate timing of signals. With these 

sensors, a stable power source is required to allow for prolonged data collection. This study 

concluded that the combination of seismic and acoustic localization did not add any accuracy 

or additional information but was rather preferable to use them individually. 

 

Figure 2.3 A sample of signals collected from four seismograms (Reinwald et al., 2021) 

The use of seismograms also faces challenges such as the external weather conditions 

such as wind which can introduce other forms of seismic noise and the type of instrument or 

tool used to collect the sounds could also affect the outputs of the study. This means that the 

choice of instruments and conditions for study must be considered. The choice has to be well 

reasoned and justified to ensure optimum results and collection which would include noise in 

difficult or harsh environments where there are different forms seismic noise introduced. 

2.2.3 Sound Analysis in Conservation 

Sound analysis has become a very important tool in conservation technology using 

bioacoustics to monitor the biodiversity, assess ecosystem health and to inform management 

strategies and decisions. This method uses audio recording technologies to gather data on 

wildlife and environmental conditions with minimal disturbance making it a non-invasive 

method. Ranasinghe et al., (2023) focuses on an approach to detecting wild elephants using 

acoustic signals. This approach is to aid in curbing and reducing human-elephant conflict which 
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is a major socio-economic issue that is experienced in Sri Lanka fueled by the increasing human 

population and shrinking elephant habitats.  

In this paper, a robust approach is proposed to detect elephant vocalizations by using 

time frequency domain analysis. Magnitude spectrograms are used as input features and feature 

extraction is carried out using a CNN-based approach which is implemented using YAMNet 

model.  The study opted to use spectrograms as the input feature which is the sound data 

representation for this study. Spectrograms first transform the audio signal into a two-

dimensional (2D) representation having time on one axis and frequency on the other which 

enables the DNN to be able to analyze the sound signals with better precision. It is noted that 

most studies that are working with elephant acoustics prefer to work with spectrograms due to 

simplicity and ability to enhance audio components especially with low frequencies such as 

rumbles.  

Two main datasets were used in Ranasinghe et al., (2023) study; an elephant data set 

that already existed then combined with recently recorded audio to have comprehensive 

training data which can also be tested and validated.  According to Gomes-Selman et al., (2021) 

one of the main challenges experienced is the diversity and noise found in forest sounds. Which 

adds a great amount of data variability. In but in Gomes-Selman et al., (2021) study however, 

a very small number of elephant calls was available for training and hence decided to generate 

new examples by combining existing calls with new randomly sampled non-call segments. 

Both studies ensured hard negative samples were included during training. Noise reduction or 

filtering techniques can be used to mitigate this.  In the Ranasinghe et al., (2023) study, a noise 

reduction technique was implemented to increase the accuracy of the output from the 

spectrograms. A median filter was applied on top of the input spectrogram creating a data-

dependent mask which was then multiplied with the original spectrogram, and this resulted in 

reduction of noise as seen in figure 2.5 below.  



13 

 

 

Figure 2.4 Result of the applied filtering technique (Ranasinghe et al., 2023) 

After noise reduction, a Mel-spectrogram was applied with the use of a weight matrix 

further accentuating the lower frequency components of the spectrogram which is crucial for 

accurate acoustic detection of elephants. A study carried out, implemented the use of 

HARKBird, a MUSIC-based method which has made significant steps towards automatic 

detection of sounds where overlapping sounds are separated into multiple noise-reduced 

recordings but a downside to this is that the audio recordings still must be manually reviewed. 

This is a big disadvantage as carrying out both steps would be time consuming as compared to 

implementation of a different noise reduction technique as previously discussed (Rhinehart et 

al., 2020). With elephant rumbles, the data collected highly influences the accuracy as it is a 

low frequency audio signal. Different techniques are used to reduce noise or even a 

combination of techniques which assist in the filtering or noise reduction in the audio data.  

2.3 Theoretical Literature Review 

The different theories that revolve around elephant conservation and human-elephant 

conflict are of great importance in this study. The purpose is to examine the different theories 

that exist, the relationships between the different mitigation strategies, the communities, the 

biodiversity and the challenges experienced (Karas, 2024).  

2.3.1 Human-Elephant Mitigation 

Human-elephant conflict (HEC) poses significant challenges for both the conservation 

efforts and local communities or adjacent communities. There have been several methods that 

have been used to mitigate the HEC in different regions and areas in both Africa and Asia. For 

long-term solutions for HEC, a focus on both management efforts on site-specific 

considerations as a well as the formulation and application of strategic plans at the landscape 
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level (Beirne et al., 2020). Elephants are also largely known for their socio-cognitive abilities 

and capacity for multi-modal sensory perception and communication (Ball et al., 2022). One 

method suggested by Ball et al., (2022) is to consider how elephants can be provided with an 

option or options that affect their decision-making process which is mostly linked to resources 

in ways that would prevent negative interactions with the communities.  

2.3.1.1 Barrier-based solutions 

A different mitigation method was by a study in India that participated in the 

establishment of fences in 42 villages across different districts to check how effective fences 

were in the mitigation of human elephant conflict. From the study, it was concluded that for 

fences to work, they had to be well maintained and a good way to do this is through community 

maintainers (Kamdar et al., 2022). 

2.3.1.2 Community-Based Strategies 

 HEC seems to not only be mitigated using one method, but the neighbouring 

communities are part of the stakeholders, and the mitigation strategies have to consider both 

parties as considering one party will not fully solve or the mitigate the issue at hand (Gross et 

al., 2022). Communities are also involved in conservation efforts and educated on the 

importance of the wildlife and their habitats and incentivised to participate in taking care of the 

elephants and assist in conservation efforts to make it easier to coexist with the elephants (Gross 

et al., 2022). 

2.3.1.3 Translocation and Habitat Management 

Translocation of elephants is the deliberate movement of wild elephants from one area 

to another which could be from one conservancy to another or one protected area to another 

which is usually to mitigate human elephant conflict (HEC). Over the years, Kenya has been 

using translocation for its elephant conservation efforts to enhance habitat sustainability. 

Recently, Kenya Wildlife Service translocated approximately 50 elephants from Mwea 

National Reserve to Aberdare National Park (Mwangi, 2024). 

2.4 Algorithms 

Algorithms are step by step instructions that are used to complete a task and is usually 

a mathematical process or function (Nikolopoulou, 2023). The choice of algorithm is critical 

to the system’s overall effectiveness and accuracy for the early detection of elephants. The 

insights gained form this analysis did not only inform the design of the detection system but 
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also contribute to a better understanding of the use of different algorithms in conservation 

technologies, specifically monitoring technologies. 

2.4.1 Deep Learning in Acoustic Localization of elephants 

  Deep Learning uses several layers of neural networks known as Deep Neural Networks 

to make more accurate predictions or estimations. This allows for more features to be identified 

from the data. In most studies, deep learning has been implemented and one of the algorithms 

used is Convolutional Neural Network (CNN) which are used in training very large data sets. 

CNN can be used differently in acoustic localization such as in classification of elephant 

vocalizations. In a study, three different CNNs were combined to form a two-level hierarchical 

model which gave good results with 92% accuracy for first level, model and 100.0% accuracy 

for the second level model which classified low-level frequency vocalizations and 75.0% for 

second level model that classified the high frequency vocalizations (Ravikrishna et al., 2023). 

In other studies, the CNN comes in as early as feature extraction as they are well suited 

for processing spectrograms (Ranasinghe et al., 2023). The CNNs in this study were trained on 

both clean and noisy which enabled them to be able to only extract meaningful features from 

the audio signal. Convolutional layers were used in both studies but a difference in application 

is seen. The optimization of the models is done differently in both models where one utilizes 

YAMNet which is developed by Google and transfer learning techniques where prior 

knowledge is leveraged, reducing the training time. In the other study, optimization of the 

model is done by changing the approach to classification of the vocalizations moving from a 

flat approach to a hierarchical approach. A study by Mohmmad et al., (2023), had a proposed 

method of using CNNs and Recurrent Neural Networks (RNNs) which brings about CRNN 

which combines feature extraction of CNN and LSTM for sequence prediction. CRNN is 

known to be more efficient, accurate and robust compared to just CNN. The research study had 

a good accuracy in classification of acoustic signals although the data used was from YouTube 

which can affect the accuracy of the data. 

This study selected CNN as the primary architecture for elephant vocalization detection 

due to the high performance in spectrogram classification as seen in the different studies carried 

out and the efficiency in deployment on resource-constrained devices compared to CRNN or 

LSTM which require more resources in terms of computational power which make them less 

suited for real-time processing. Additionally, CNN is seen to provide excellent accuracy in 

existing wildlife acoustic studies while maintaining shorter training times and simpler 
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architectures. While hybrid models such as CRNNs may offer marginal performance 

improvements under ideal lab conditions, their added complexity are not practical for this 

study. 

2.4.2 Localization and Acoustic sources tracking 

There have been recent advances in the development of acoustic signal processing 

methods for localization and the tracking of acoustic sources. In research carried out, CNN 

which is used in the estimation of directions of arrival (DoA) of multiple sound sources is 

mentioned where this method outperforms the multiple signal classification (MUSIC) but 

CRNN is also brought in as an even more robust method for DoA estimation in reverberant 

environments. The CRNN is further proposed for a joint acoustic event localization and 

detection of several overlapping sound events. The proposed technique is seen to be able to 

associate multiple DoAs with the respective labels and even further track this association over 

a time (“Introduction to the Issue on Acoustic Source Localization and Tracking in Dynamic 

Real-Life Scenes,” 2019). 

2.4.3 Sound classification based on different techniques  

  The use of Mel-Frequency Cepstral Coefficients (MFCC) is very popular in sound 

classification due to their feature engineering to resemble human being hearing (In Tan et al., 

2022). However, in this study sound spectrum features were used for sound classification. CNN 

is also mentioned as the dominant deep learning model for sound classification due to its high 

accuracy. A disadvantage of MFCC is that as it resembles human hearing, it lacks the ability to 

properly capture high frequency or pitch and further requires mor processes to convert audio 

signals into sound representations. This paper mentioned that sound spectrum as a sound 

representation can be implemented in any application that can display frequency spectrums.  

In audio data pre-processing, data preparation and feature extraction are carried out. 

The audio data can be transformed int MFCCs which is a numerical representation that is 

derived from spectrograms through computations such as time frequency representations then 

transforming the spectrogram into a Mel-spectrogram which is achieved by mapping a linear 

frequency onto a non-linear frequency scale which matches the resolution of the frequency of 

the human ear (Dasari et al., 2023). It is then compressed to decrease the dynamic range of the 

data which assists in reducing fluctuations and noise. As seen in the figure below (figure 2.4), 

the Mel-Spectrogram has more noise compared to MFCC. 
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Figure 2.5 Side by side comparison of MFCC and Mel-spectrogram  (Dasari et al., 2023) 

Figure 2.5 shows the process of feature extraction for both MFCC and sound spectrum 

with the use of Fast Fourier Transform (FFT) for MFCC.  For MFCC, the process is longer 

where the analog sound signal converted by recording devices into digital files. After, FFT is 

used, and a function is applied to its output and the immediate data is converted back into the 

time domain using Discrete Cosine Transform (DCT) or Inverse Fast Fourier Transform in 

order to get MFCCs.  

 

Figure 2.6 Feature Extraction of MFCC and Sound Spectrum (In Tan et al., 2022) 

However, as seen in the image above, the sound spectrum is a collection of frequency 

bands that are the output of FFT in the conversion process. An advantage of sound spectrum 

that can be deduced from the two processes is that since it does not go through any logarithmic 

transformation, the features and range frequency of the original recording are maintained. The 

difference in features is illustrated in figure 2.6 which affects the precision in prediction for 

each model. 

 

Figure 2.7 Difference in features in MFCC and Sound Spectrum (In Tan et al., 2022) 
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From this study, Sound Spectrum was seen as a viable sound representation especially with 

CNN due to its accurate predictions and was also able to match predictions made by models 

that utilized MFCC. However, sound spectrum requires complex model architectures to utilize 

its features and with this study, it was difficult to determine how far sound spectrum can be 

used due to the varied number of audio files per class. Another sound event classification 

technique is where acoustic feature extraction is based on graph signal. After the time frequency 

(TF) has been resized, it is converted into a one-dimensional vector in order to get the graph 

signal and divided into frames with the frame length being Lf  with an overlap of Loverlap (Liu & 

Wei, 2019). The local maximum of each frame is then determined so as to get the high energy 

spectral components to form a vector.  

Equation 2.1 Getting the High energy spectral components of sound 

𝑀(𝑗) = 𝑚𝑎𝑥(𝑓𝑟𝑎𝑚𝑒𝑗 ) , 𝑗 = 1, … , 𝑁𝑓 

Where                         

𝑁𝑓 =
𝑙𝑒𝑛𝑔𝑡ℎ(𝐺)−𝐿𝑓

𝐿𝑓−𝐿𝑜𝑣𝑒𝑟𝑙𝑎𝑝
+ 1                                                        

The event feature is then retrieved by comparing each component with the minimum as 

illustrated in equation 2.2. 

Equation 2.2 Retrieval of the event feature 

𝐸(𝑖) = {
𝐺(𝑖), 𝑖𝑓𝐺(𝑖) ≥ 𝑚𝑖𝑛(𝑀)

𝑚𝑖𝑛(𝑀), 𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒 
, 1 ≤ 𝑖 ≤ 𝑙𝑒𝑛𝑔𝑡ℎ(𝐺) 

According to this study Liu & Wei, (2019), the use of graph signal is an improved 

feature extraction method for sound classification. Th results show that the method has good 

accuracy and tackles the challenge of harsh or non-conducive environmental conditions. The 

method is easy to implement with the use of the equations after time frame matrix. Even with 

this method being accurate, its performance in elephant acoustic classification would have to 

be tested due to the low frequency of the elephant vocalizations. With large datasets, how 

efficient would this method be compared to CNN as there are several steps to follow to acquire 

the output one of which includes the use of the equation for feature extraction. 

A comparison was made for different models used in sound classification. This study 

was specific to buffalo vocalizations where the sounds were recorded and used for the study. 
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In this study. Mel-frequency Cepstral Coefficients (MFCC) technique is implemented for 

feature extraction which captures unique frequencies and temporal dynamics of the 

vocalizations. Several models were employed: Support Vector Machines (SVM), Naïve Bayes, 

Random Forest, K-Nearest Neighbours (KNN), Convolutional Neural Networks (CNN), 

Recurrent Neural Networks (RNN), Convolutional Recurrent Neural Networks (CRNN) and 

ResNet34. The models were evaluated using appropriate metrics such as accuracy, precision 

and recall (Sharma et al., 2023). The ability of CNN and RNN to process the raw MFCC 

features allows automatically or directly for more signal features such as patterns to be 

represented. In this study MFCC was used for feature extraction like in the developed system 

where the acoustics were represented as MFCCs to allow original features of the sound data to 

be maintained for use in pattern and sound identification. CNN and RNN had the highest 

accuracy.  

However, the tests were carried out on a very small dataset as compared to what the 

models had to work with in the system. The audio recordings were also collected in a controlled 

environment where the cattle were separated to record each individually which is very different 

compared to collecting acoustic data in the forest where there many different animals, 

environmental noises such as wind, trees and even human beings or cars which create noise.  

Table 2.1 Summary of advantages and disadvantages of sound representation techniques 

Representation Description Advantage Disadvantage 

Mel-Spectrogram Commonly used 

in acoustic 

processing  

Good in the reduction 

of background noise 

Higher frequency 

bands excessively 

lose their frequency  

Multi-view 

spectrogram 

A repetition of 

spectrogram 

Improves precision 

due to the repetition 

especially in 

differentiating 

vocalizations and 

noises 

With the repetition, 

there is 

vocalization 

overlaps hence 

reducing the 

accuracy of 

identification 



20 

 

MFCC Resembles 

human hearing 

and is very 

popular in sound 

classification 

Simple, effective and 

adaptable to a wide 

range of sounds and 

captures major 

features 

lacks the ability to 

properly capture 

high frequency or 

pitch and further 

requires more 

processes to 

convert audio 

signals into sound 

representations 

 

2.5 Architectures 

System architecture is an important part in the design and development of any system. 

The system architecture can be defined as a blueprint or map of a system which shows the 

structure, the different components, interactions between the components and the behaviour 

(Systems Architecture, 2024). There have been several architectures used to show some of the 

systems that have been implemented in elephant detection employing different technologies. 

In the figure below, the architecture for an IoT device that uses machine learning and 

bioacoustics on elephant vocalizations and operates even in low visibility to warn the humans 

will greatly reduce HEC (Ramasubramanian et al., 2022). The device captures the elephant 

sounds and analyses the vocalization using AI to accurately inform the people of the oncoming 

danger. The device was trained on elephant sounds and can be installed in fringe areas of 

villages near wildlife sanctuaries. Three Convolutional Neural Networks were built and trained 

on modified Mel filter bank features to hierarchically classify elephant vocalizations and used 

a 2 level CNN model which was able to identified and classified elephant vocalizations most 

accurately (Ramasubramanian et al., 2022). 
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Figure 2.8 Early Elephant Detection System  (Ramasubramanian et al., 2022) 

 From a different study, a camera was used instead of vocalizations for the elephant 

detection together with a deep learning algorithm. A programme script is written on the 

Raspberry Pi 4 to ensure seamless connectivity. The faster RCNN, embedded in the Raspberry 

Pi, is programmed for elephant detection using an elephant image dataset from the internet 

(Ravikrishna et al., 2023).  

 

Figure 2.9 An Elephant Detection System Using TensorFlow  (Ravikrishna et al., 2023) 

 The use of TensorFlow is what differentiates this architecture and the use of imaging 

for detection even with low resolution images.  

2.6 Research Gap 

From the literature review, most of the studies on the use of acoustic localization has 

been carried out in Central Africa and Asia focusing on forest environments and not in Kenya. 

In Kenya, collaring is mainly used and camera traps for monitoring and detection. Kenya has 

relied on GPS collaring and camera traps for elephant monitoring and detection where collaring 

provides tracking capabilities and precise location data but is a very invasive technique for the 
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elephants and expensive due to maintenance factors. Collaring also only provides data on the 

collared animal limiting the capabilities of the system. On the other hand, the camera traps only 

detect elephants when they pass directly in front of the camera, meaning that it has a very 

limited range and response time for an early detection system. 

 The literature shows a research gap in the use of acoustic localization in Kenya. Given 

the challenges highlighted in table 2.1, a gap is seen robust audio feature extraction techniques 

that can try leverage on the strengths of the different representations while minimizing their 

weaknesses. From the literature, there have been success in the use of acoustic monitoring of 

elephants through sound classification in other regions using the low frequency rumbles that 

can travel over long distances and sound localization presents a non-invasive and cost-effective 

alternative for early detection. 

2.7 Conceptual Framework 

The conceptual framework was to help in modelling or structuring the research by 

showing relationships or the interconnectedness between concepts, variables and theories 

which can be used as a road map to assist in development (Singh, 2023). The conceptual 

framework created for the study shows the flow of processes from the elephant vocalization to 

the detection system. The independent variables are such as the elephant vocalization and the 

dependent variable is the localization of the sound, how close is the elephant or how far is it. 

In this case, if it is in close proximity to the community land, they are detected, and a deterrent 

can be used such as bee sounds which scares off the elephants.  



23 

 

  

Figure 2.10 Conceptual Framework for Early Detection of Elephant Activity  
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Chapter 3: Research Methodology/Design 

3.1 Introduction 

This chapter outlines the approach taken to realize the research objectives. It provides 

a structured explanation of the techniques, processes and tools used to develop and implement 

the elephant vocalization detection and localization system. By outlining the reasoning behnd 

the selected methods, this chapter establishes the foundation for how the research was 

conducted and how the system was developed. 

3.2 Research Design 

For this study, a descriptive and computational research design which focuses on 

analysing existing elephant vocalizations data to train and test an acoustic localization detection 

system. by using secondary data of the vocalizations which are rumbles, the study simulates 

real-world conditions for detecting elephant presence through acoustic signals. The 

computational approach involves designing, validating machine learning models and testing 

the detection system. 

3.3 Study Population 

The study population consists of pre-recorded sounds of elephants and other 

environmental sounds from a different dataset. The recordings are sourced from previous 

studies such as Elephant Voices which has an Elephant Ethogram which is a good source of 

data and provide the necessary data for the system’s development and FSC22 Forest sounds 

(Elephant Listening Project Home, 2024, ; FSC22 Dataset, 2024). The acoustic data included 

elephant vocalizations and forest sounds which are important when training the model. 

3.4 Sampling Method 

A purposive sampling method was used to select the relevant audio recordings from the 

datasets. This is a non-probability method for getting a sample where particular characteristics 

are preferred (Frost, 2022). Compared to probability sampling such as stratified sampling, one 

does not randomly select units from a population but would like the one that most fits the goal 

of the study and when using mixed methods research design, this is not considered a weakness. 

The recordings were chosen based on their clarity of the elephant vocalizations and the 

diversity of the sounds, specifically the forest sounds to ensure efficiency and accuracy and 

correct detection even in harsh conditions where there is background noise.  
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3.5 Sample Size – Scientific Approach 

The sample size is currently not definite but was determined by the amount of acoustic 

data that is required for effective machine learning model training. Using Cochran’s formula, 

which typically suggests a sample size of 384 for large populations at 95% confidence, the use 

of ~300 high quality, purposefully selected samples was deemed sufficient for this proof-of-

concept study, balancing data availability with practical constraints. In theory, approximately 

200-300 high quality samples were enough for training and testing the system. The formula is 

given below: 

Equation 3.1: Cochran's Formula 

𝑛0 =
𝑍2 ∙ 𝑝 ∙ (1 − 𝑝)

𝑒2
 

Where: 

• n0 is the required sample size, 

• Z is the Z-score corresponding to the chosen confidence level (1.96 for 95%), 

• p is the estimated population proportion (0.5 for maximum variability), 

• e is the margin of error (0.05 for ±5%). 

The calculations are as shown below which has been adjusted to be used when the population 

size is known: 

Equation 3.2: Cochran's Formula for Finite Population 

𝑛 =
𝑛0

1 +
𝑛0 − 1

𝑁

 

In this case, N is the total population. 

Z=1.96(for 95% confidence) 

P=0.5(maximum variability) 

e=0.05(5% margin of error) 

Using this formula, the result was ~246 audio samples for the study to be statistically 

representative of the 686 total samples of both elephant and forest sounds, using 95% 

confidence and a 5% margin of error. 
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3.6 Data Collection Methods 

The data used for this research was acquired from secondary sources which are already 

existing datasets from other studies which include the elephant ethogram from elephant voices 

and the FSC22 dataset for forest sounds. The data sources consisted of elephant vocalization 

datasets and the forest sounds dataset. Once collected, the audio data was be cleaned and pre-

processes using audio filtering techniques as discussed in chapter 2 to isolate the relevant 

elephant sounds. The Elephant Ethogram is a detailed library which documents the behaviour 

and communication of African elephants and includes photographs, audio and video recordings 

(Elephant Listening Project Home, 2024). 

The audio data went through pre-processing to get the right format and to filter to 

remove some background noises. Using MFCCs as discussed in section 2.6.4, the sound 

features extracted were represented after the acoustic features such as the amplitude, frequency 

and duration have been extracted from the cleaned audio data. A machine learning model was 

then be trained using the processed and labelled data which is a supervised learning technique. 

The algorithm that is suitable for models that utilize audio data is Convolutional Neural 

Networks (CNN) and 80% of the data was used for training and 20% for validation which was 

be compared to other machine learning models. This study relied on secondary data from 

reputable sources. While these datasets provided a rich basis for training and evaluating the 

detection model, their use introduced certain limitations such as no control over environmental 

conditions during data collection, including microphone placement, background noise levels 

or even terrain characteristics.  

To validate the model, elephant vocalizations were used to evaluate performance, and 

the accuracy and precision were calculated to assess the model performance and ability to 

correctly detect and classify the sounds. Cross-validation was used to avoid overfitting.  

3.7 System Development 

The system development approach used in this study was Rapid Application 

Development (RAD). RAD and Agile are almost similar but with RAD, the quality is of key 

importance unlike agile where timelines are first considered. The method is also faster and 

cheaper but not without disadvantages especially when working with a larger team (RAD 

Methodology | Rapid Application Development Phases - Kissflow, 2024). 
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Figure 3.1 Rapid Application Development (RAD)  (Chien, 2020) 

The methodology selected allows for iteration where corrections can be done, and aspects 

amended. The development followed the following structure: 

i. Data Pre-processing: The collected audio files were be cleaned, normalized and 

segmented to ensure that the sounds are correctly labelled. 

ii. Model training: A machine learning algorithm, CNN was trained to recognize the 

elephant vocalizations and classify them and localize them to detect the elephants. 

iii. Prototyping: In this step, a prototype of the detection system was developed using 

appropriate tools to ensure proper testing. 

iv. Testing: The system was tested which was to also ensure that the trained model works 

efficiently and accurately which was done using a separate subset of the data. 

3.8 Dissemination of Results 

Acoustic localization of elephants in Nyangores forest is aimed at reducing negative 

human-elephant interactions and to encourage co-existence between the elephants and the 

forest adjacent communities. The outcome of this project is an early detection system that can 

be used by the forest rangers and the community and can also be used to collect elephant data 

to analyse, predict and study patterns which can further the study of elephants in the forest area. 

Open-access dissemination channels were used where possible to ensure that those who can 

benefit from the research such as forest rangers and the local communities can access and 

implement findings. 

The findings from this research project will be shared widely to maximize its impact 

and promote further development in conservation technology. The dissemination strategy 

includes the following: 
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3.8.1 Online Repository 

The outcomes, including datasets, algorithms and documentation will be made 

available in open-access repository hosted by the university or platforms such as GitHub. This 

ensures that other researchers and developers can access and build upon the work. 

3.8.2 Scientific Publications 

The results will be published in peer-reviewed journals focusing on wildlife 

conservation and conservation technology. This will assist in dissemination of useable results 

from trusted sources. 

3.8.3 Collaborations  

The research findings will be shared with the local authorities in Nyangores Forest who 

are the Kenya Forest Service which can give them actionable insights on how to mitigate 

human-elephant conflict or even assist in furthering the study after proof of concept which can 

be used to further conservation efforts in the area and assist the forest adjacent communities. 

3.9 Ethical Considerations 

Ensuring the ethical implementation of this research project is crucial to protecting both 

the environment and the stakeholders involved. The following are the ethical considerations to 

be integrated into the study: 

i. The research process, objectives and findings will be documented clearly and shared 

openly with relevant stakeholders to foster trust and collaboration. 

ii. The secondary data to be used will be stored securely to prevent unauthorized access. 

With the current practices of the local forest adjacent communities known from the Kenya 

Forest Service reports on Nyangores Forest, this research considers the customs and beliefs of 

the communities. The solution is a non-invasive technique for monitoring of the elephants but 

at this stage of development, no devices or sensors will be deployed into the field as this is only 

a proof-of-concept study. 
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Chapter 4: System Analysis and Design 

4.1 Introduction 

This chapter discusses the system analysis and design that have been implemented in 

the early elephant detection system, detailing its functionality, architecture and various system 

components. It explores the system requirements both functional and non-functional 

requirements. Additionally, this chapter includes system diagrams to illustrate overall design, 

the interaction between system component and the data flow. 

4.2 System Requirement Analysis 

This was a crucial phase in the development and design of the detection system as the 

needs and constraints for both hardware and software. This is a critical phase in the 

development lifecycle where the requirements of the system were gathered and analysed 

(Differences between System Analysis and System Design, 2024).  

4.2.1 Functional Requirements 

These requirements describe the core features and operations of the system that make 

up the detection system. 

Table 4.1 Functional requirements 

No.  

1 The system should allow the IoT device to capture audio  

2 The machine learning model should process audio recordings and classify 

them. 

3 The system should trigger alerts when an elephant vocalization is detected. 

5 The users should be able to view real-time data on dashboard 

6 The system should generate reports summarizing detections and alerts 

 

4.2.2 Non-Functional requirements 

The quality attributes of the system were defined which are critical for efficient 

deployment of the system 
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Table 4.2 Non-Functional Requirements 

No.  

1 The system should process real-time data with low latency 

2 The system should support multiple microphones capturing 

sound data 

3 The system’s dashboard user interface should be easy to use. 

5 The system should be reliable in terms of uptime for real-time 

monitoring 

 

4.3 System Design Diagrams 

In this section, the detailed specifications of the elephant early detection system were 

developed by designing the architecture, components, interfaces and data structures that utilize 

the requirements that were previously defined in the system requirements analysis phase 

((Differences between System Analysis and System Design, 2024). The design diagrams were 

used to better understand  

4.3.1 Use Case Diagram 

The use case diagram shows how the different actors or users interact with the system 

which shows the different cations that can be performed by the system. The elephant detection 

system has two main actors the ranger and the IoT device. The IoT device which includes a 

microphone, captures the sound data which is then goes through the machine learning model 

after being processed into a useable format such as spectrograms and finally classified as either 

elephant or non-elephant. The output is then given from the classifier where if the result is 

elephant, an SMS alert is sent to the ranger and an alert is also sent to the user interface which 

can then be logged into the system for report generation. The ranger can view real-time system 

alerts and view the reports generated. 



31 

 

 

Figure 4.1 Use Case Diagram for Early Detection System 

4.3.2 Sequence Diagram 

The sequence diagram shows the different processes within the elephant detection 

system and how the different components interact to ensure functionality of the system. From 

the figure below, the IoT device which includes a microphone captures sound which is the main 

input for the machine learning model which processes the sound input and gives the output 

which is a classification of either elephant or non-elephant. Alerts are then sent from the IoT 

device to the ranger via text message. The whole process is a loop as the sound capturing is 

continuous as long as the microphone is recording sound. 
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Figure 4.2 Sequence Diagram 

4.3.3 Class Diagram 

The figure 4.3 below shows a class diagram that was used to visually represent the 

structure of the elephant early detection system. The IoT device class is responsible for 

capturing vocalizations or sounds and sending them to the machine learning model that 

processes and classifies the sounds. The IoT device is linked to vocalizations showing each 

device records multiple vocalizations and the machine learning model has a one-to-many 

relationship where one model processes many captured sounds. The results from the machine 

learning model are in the class detection result that stores the output including the result either 

elephant or non-elephant and the timestamp to show date and time for future analysis. The 

machine learning model is also linked to detection result class and detection result is linked to 

vocalizations for traceability that a result is linked to a vocalization. 
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Figure 4.3 Class Diagram 

 

4.3.4 Circuit Diagram 

A circuit diagram was created to show the different component connections on the 

breadboard. The Raspberry Pi Pico based system for collecting and transmitting data using 

sensors and some communication modules. The core controller is the Raspberry Pi Pico which 

is the green board in the centre and acts as the brain of the system reading inputs from the 

microphone to sending the data to different modules. The batteries are for the power supply 

and are rechargeable batteries that can be re-charged using a solar panel. A SIM module which 

was used to send alerts to the stakeholders. The GPS Module determines the system’s exact 

location using satellites which is useful for tracking. The sound sensor which is a microphone 

detects the vocalizations which are then processed by the microcontroller and the output 

displayed on the screen which can then trigger the alerts. The figure below shows a circuit 

diagram for the elephant detection system. 
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Figure 4.4 IoT Device Circuit Diagram 
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Chapter 5: System implementation and Testing 

5.1 Introduction 

This chapter greatly focuses on the implementation and testing phase of the 

development lifecycle of the early detection system. System and implementation and testing 

describe how the system was developed, including the integration of the hardware and software 

components. The chapter also details the testing process used to ensure the system functions 

correctly and meets the defined functional and non-functional requirements. Different metrics 

are used in this chapter to evaluate the accuracy, precision, reliability and performance of the 

system in detecting the elephant sounds and triggering the alerts. The results are analysed to 

determine the effectiveness of the entire detection system. 

5.2 Development Environment 

For the implementation of the early detection system, appropriate development 

environment was selected to ensure efficient and easy implementation of the system. 

5.2.1 Hardware Requirements 

Hardware Description 

HP Envy  Windows 11-64bit, 8GB RAM 

Raspberry pi pico micro controller Dual-core Arm Cortex-M0+ running at up to 

133 MHz, 26 multifunctional GPIO pins, 

including 3 analog inputs 

 

5.2.2 Software Requirements 

Software Description 

Operating System Windows 11 Home 64-bit (10.0, build 

26100) 

Arduino IDE Arduino IDE 2.0 version 2.3.4 

Visual Studio Code Vs Code version 1.98 

 

5.3 Machine Learning Models 

Machine learning models are used to automate multiple tasks to make them more 

accurate and efficient (Machine Learning Models, 2024). For the early detection system, a 
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classification model is ideal to be used to indicate whether the sound detected are elephant or 

non-elephant. Each stage from data preprocessing to deployment plays an important role in 

optimizing the model for real time detection. In this section, it details on data preprocessing, 

feature extraction and model training and evaluation.  The goal was to develop a robust, 

efficient and accurate model that can correctly detect and classify elephant sounds. For this 

prototype, CNN was selected due to its strong performance in processing spectrogram data and 

its proven success in similar acoustic detection tasks as discussed in chapter 2. CNN offers a 

balance between accuracy and computational efficiency, making it suitable for deployment on 

low-power devices such as Raspberry Pi Pico. 

5.3.1 Data Preprocessing 

The raw audio data often contains some noise and irrelevant information that can affect 

the accuracy of the model and usually before training the model, the raw audio data must be 

cleaned. This involves noise reduction, normalization and conversion into a suitable format. To 

create the dataset, two different datasets were used: Elephant vocalizations from elephant 

voices from Soundcloud and FSC22 dataset which contains forest sounds. In the figure 5.1 

below, the next step after uploading the elephant vocalizations audio files, due to their short 

nature, they had to be extended to allow for correct feature extraction. The method used was 

looping over padding which does not introduce excess noise, avoids unnatural zero-padding 

which can distort learning and does not remove data that may be of importance during the next 

steps. The audios were looped to 3 seconds which in this is case allows for feature extraction. 

Machine learning models require consistent input size to enhance performance or avoid shape 

mismatch errors. 
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Figure 5.1 Extending the Elephant vocalizations 

After extending the vocalizations, librosa was used to resample with a frequency 16kHz 

for the dataset where 16kHz was most preferred as seen in figure 5.2. This was because as 

discussed in chapter 2 of this document, elephants communicate using low rumbles which are 

infrasonic and some audible sounds which typically range between 5Hz to 10kHz. A higher 

sampling rate would have captured more high frequency noise and miss the low-frequency 

elephant sounds. Silence trimming was done to eliminate irrelevant audio that might confuse 

the classifier. Normalization was also done to ensure volume variation does not affect learning 

this is in terms of louder vocalizations or quieter vocalizations. 

 

Figure 5.2 Using Librosa to resample to 16kHz 

The dataset after combining the elephant vocalizations and the forest sounds, was 

imbalanced which is not ideal when training the model as it can lead to bias. The dataset was 

seen to have a big imbalance where the elephant vocalizations count was 239 and the sampled 
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forest sounds was 447 audio files as seen in figure 5.3 below. This was a verification step to 

ensure data preparation is complete and balanced. Balanced datasets are critical for avoiding 

biased learning where the model might lean toward the more frequent class. 

 

Figure 5.3 Dataset Class Distribution Count 

From the figure below, the plot represents the imbalanced class distribution seen in figure 5.3 

where the forest sounds samples were more than the elephant vocalizations.  

 

 

Figure 5.4 Initial Class Distribution 

The figure 5.5 shows the process of down sampling the forest sounds from the forest dataset to 

ensure a balance and avoid any bias while training the model. 
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Figure 5.5 Balancing Class Distribution 

The class distribution was balanced by down sampling as the optimal number of audio samples 

as discussed in chapter 3 section 3.4 where 200-300 high quality audio samples are enough to 

train a machine learning model. The figure 5.6 below shows the balanced class distribution of 

the two classes. 

 

Figure 5.6 Balanced Class Distribution 

5.3.2 Exploratory Data Analysis 

In this step, exploratory data analysis was carried out to check the differences in the 

features in the elephant vocalizations and the forest vocalizations. The main output in the 
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exploratory data analysis (EDA) were the waveforms of the elephant vocalizations and forest 

sounds which clearly shows the difference between the two especially in terms of frequency. 

From the figure 5.7 below, shows the elephant vocalization waveform which shows the 

amplitude over time and as seen, there is some noise resent but not significant. The second plot 

which is a spectrogram which is a different representation of the audio where warmer colours 

red and orange show higher intensity while the purple and black colours represent lower 

intensity. The low and mid-range frequencies are dominant which shows the range of elephant 

vocalizations. The bright yellow and red areas on the plot show higher amplitude which is 

strong sound signals, and the dark purple and black areas show lower amplitude which is 

weaker audio signals. The most bottom bit of the plot shows the strongest sound signals 

showing the low frequency of elephant calls.  

 

Figure 5.7Elephant Vocalization Representations 

The third plot in the figure 5.7 above, represents Mel-Frequency Cepstral Coefficients 

(MFCCs) which show the spectral characteristics of the sound and is widely used as discussed 

in chapter two in speech and bioacoustics analysis. The MFCC breaks down the frequency 

spectrum into coefficients that represent different sound characteristics. The plot is temporal as 

it shows the progression of the sound over time. The y-axis represents the different coefficients 

that have been extracted from the sound. The red and orange areas on the plot indicate strong 



41 

 

contributions from a specific or certain frequency feature while the blue areas which are very 

light in colour also indicate very weak intensity meaning weaker or negative contribution. 

A different representation carried out was of the forest sounds before and after cleaning 

by removing the background noise from the forest sounds. The figure 5.8 below shows the 

waveform representation and the spectrogram representation. The original forest sound 

waveform has high amplitude bursts, which indicate environmental noise which is also seen in 

the spectrogram where the brighter spots indicate noise which may be potential unwanted 

sounds. After data cleaning which was done on the forest sounds dataset, the waveform and the 

spectrogram representations changed where now the amplitude reduced meaning less 

background noise while in the spectrogram, some of the white spots reduced meaning that he 

background noise was reduced. 

 

Figure 5.8 Forest Sounds Representations 

The waveform visualization in figure 5.8 and figure 5.9 show the difference in the 

sounds and assist in understanding the audio structure of the audio data, identification of 

different patterns in vocalizations and in the detection of background noise or even silence in 

the audio. 
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Figure 5.9 Forest Sample Representations 

5.3.3 Feature Extraction 

In this step, the raw audio is transformed into meaningful data as discussed in chapter 

two that can be used to train and test a machine learning model. For my study, key features 

were extracted: Mel Frequency Cepstral Coefficients (MFCCs), Mel Spectrograms, chroma 

STFT and spectral centroid which capture the unique characteristics of the elephant 

vocalizations in a forest environment. The features reduce data complexity while preserving 

essential sound patterns which improves the model’s ability to accurately classify the different 

vocalizations. Different features were extracted for each model iteration to allow for 

comparisons on these features and how they affect the model performance. 

Figure 5.10 represents one of the features, the Mel spectrogram which is a time-

frequency representation of an audio signal that generally shows how energy is distributed 

across different frequencies. For the study, the features are required as they are used in the 

machine learning model. In the representation below, the x-axis is time ins econds which 

represents the progression of the sound over time which is 3 seconds long as discussed in the 

data preprocessing step. The y-axis it shows the frequency but using a mel scale meaning that 

the lower frequencies have finer resolution mimicking the human hearing. The lower 

frequencies which are at the bottom represent bass sound while higher frequencies at the top 

represent treble sounds. In the red areas on the decibels scale, the sounds are louder while the 

blue represents softer sounds. 
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Figure 5.10 Mel Spectrogram 

The next feature that was extracted was chroma features which represent the pitch 

classes present in sound over time. The pitch classes on the y-axis are musical notes and shows 

which notes are dominant represented by the colour intensity where the red areas show the 

strong presence of the pitch and blue shows weak presence. This feature is important for sound 

classification as it detects tonal patterns in sounds which is useful in identifying specific calls. 

Moreover, chroma features work well with machine learning models as they provide a compact 

way to analyse pitch related information from the sound. 

 

Figure 5.11 Chroma Features 

Zero-Crossing Rate (ZCR) was also one of the features extracted and was visualized by 

the plot shown in figure 5.12. It measures how regularly the audio signal crosses the zero 

amplitude. This is often does the audio signal change from positive to negative or negative to 
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positive. The histogram below shows that most sounds in the data set have a low ZCR meaning 

that the sounds are likely to be smooth and continuous due to the low ZCR. 

 

Figure 5.12 Zero-Crossing Rate 

Root Mean Square (RMS) energy distribution feature was also extracted which 

measures the intensity of a sound over time. A high RMS indicates louder sounds while lower 

values indicate quieter sounds. From the graph below, the histogram shows the distribution of 

RMS energy values, and the smooth line represents the probability density function which 

shows the overall trend of how energy is distributed within the sound. The distribution in the 

curve shows that most of the sounds in the dataset used are low energy with very few instances 

of loud noises. 

 

Figure 5.13 Root Mean Square (RMS) Energy Distribution 
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A box plot was used to show the distribution of extracted audio features after standard 

scaling which is z-score normalization which transforms the features. From the box plot it is 

seen that the data is centred around 0 and the spread of the features is standardized preventing 

features with large magnitudes from dominating the model and the extremes are outliers which 

are represented by dots. The normalization was done as most of the machine learning 

algorithms work better when the data is normalized which also allows for faster and more stable 

training of machine learning models. 

 

Figure 5.14 Box plot showing Feature Distribution after standard scaling 

5.3.4 Feature Selection 

After feature extraction, not all features are used as this can easily lead to overfitting of 

the machine learning model being trained. Different feature selection methodologies were 

applied to ensure proper selection of features for the model development. 

5.3.4.1 Correlation Matrix 

A correlation matrix was used for feature selection where the correlation between 

different features in the dataset. The diagonal dark red shows self-correlation meaning that each 

feature is perfectly correlated with itself. The colour intensity represents the type of correlation 

such as the red colour shows a strong positive correlation while bleu which is closer to -10 

represents a strong negative correlation and the light blue which is closer to zero shows a weak 

or even no correlation. The indices 0 to 14 in the heat map correspond to the features extracted 

before.  
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Figure 5.15 Correlation matrix for Feature Selection 

5.3.5 Model Training 

After the data preprocessing and feature extraction, the machine learning algorithms 

were implemented in training the model. For this research, I trained several models to compare 

their accuracy and overall performance. 

5.3.5.1 Convolution Neural Network (CNN) 

CNN was trained and tested and validated using TensorFlow keras where for the CNN 

to work, a one-dimension model (1D) was used with the tabular data as seen in figure below. 

The model was seen to have an overall high accuracy of 98%. 

 

Figure 5.16 CNN(1D) Model 

5.3.5.2 Random Forest 

The random forest model achieved an accuracy of 94.44% which is lower than the CNN 

model with a precision of 91.89% and recall of 97.14% which indicated a strong classification 

ability. 
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Figure 5.17 Random Forest Model performance 

5.3.5.3 Support Vector Machine (SVM) 

The SVM model achieved a very high accuracy of 97.22% and had a gap between the 

precision and the recall as seen in figure 5.19below. 

 

Figure 5.18 Support Vector Machine Model Performance 

5.3.5.4 Logistic Regression 

The logistic regression model had a good accuracy of 96% which is also close to the 

CNN model with a high precision rate and balanced f1 score. 

 

Figure 5.19 Logistic Regression Model Performance 
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5.3.5.5 Naïve Bayes 

In the figure 5.21 below, Naïve Bayes model is seen to achieve an accuracy of 89% 

which is the lowest performance among the models which may be due to its naïve independence 

assumption.  

 

Figure 5.20 Naive Bayes Model Performance 

5.3.6 Summary of Model Accuracies 

Table 5.1 Accuracy summary 

Algorithm  Accuracy 

Convolution Neural Network (1D CNN) 98% 

Support Vector machine (SVM) 97% 

Logistic Regression 96% 

Random Forest 94% 

Naïve Bayes 88% 

 

5.3.7 Testing and Evaluating the model 

After training the CNN model, testing and evaluation was done to check the 

performance of the model using different metrics as the CNN model achieved the overall 

highest accuracy compared to the other trained models. 

5.3.7.1 Comparing Training and Validation Loss 

The figure below shows a plot which describes the progression of the model over 

epochs. In the loss curve, both the training and validation loss decrease significantly in the first 

few epochs although validation loss flattens after a few epochs and only slightly fluctuates 

while training loss keeps decreasing steadily. This means that the trained model is learning well 

since the loss is decreasing but the slight fluctuations seen in validation loss suggest minor over 

fitting. In the accuracy curve, the training accuracy starts low, approximately 65% but quickly 
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rises to almost 100% while the validation accuracy follows closely and finally plateaus at 

approximately 98%. This means that the model generalizes well because the gap between the 

validation accuracy and training accuracy is small which also suggests minimal overfitting. 

 

Figure 5.21 Training and Validation Loss 

5.3.7.2 Confusion Matrix 

A confusion matrix is used to evaluate the model’s performance on a binary classification task 

that is either 0 or 1. From the confusion matrix, where 0 is non-elephant and 1 is elephant. 

Table 5.2 Confusion Matrix Summary 

Actual/Predicted Predicted Class 0 Predicted Class 1 

Actual class 0 48 True Negative 1 False positive 

Actual Class 1 0 False Negative 47 True positive 

From the matrix, key metrics are derived. 

 

Figure 5.22 Overall Performance Metrics Summary 

The figure below is a representation of figure 5.23 as a plot. 
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Figure 5.23 Confusion Matrix Plot 

From the figure 5.23, each row represents a class which is either elephant or non-

elephant which are 1 and 0 respectively.  The precision for class 0 was 100% meaning correct 

classification and the precision for class 1 was 98%. The recall shows the percentage of actual 

positives that were correctly classified. From the diagram, 98% of actual class 0 instances were 

detected while 100% of actual class 1 instances were detected. The high precision and recall 

mean that the model is making very few mistakes and detecting almost all true positives. The 

F1 score, is the mean of precision and recall balancing both. The accuracy, macro average and 

weighted average show the overall model performance. 

5.4 IoT Device 

5.4.1 Components 

The IoT Device has several interconnected components which for the hardware of the 

early detection system which includes microphones to detect the elephants and a GPS 

component for the location coordinates. The table 5.3 below shows the list of components and 

the specifications for each component used for the IoT device. 

 

 



51 

 

Table 5.3 IoT Components 

Component Specification 

Raspberry Pi Pico Dual-core Arm Cortex-M0+ running at up to 133 MHz, 26 

multifunctional GPIO pins, including 3 analog inputs 

PDM Mic Voltage Range - 1.8V to 3.3V  

Neo-6M GPS Module Power Supply 3V to 5V, antenna dimensions 23mm x 30 mm 

GSM SIM 900 Supported Frequencies 850/900/1800/1900 MHz (Quand 

Band) 

OLED Display SSD1306 0.96 inch 12C OLED Display 

YT 150X86 Solar Panel Maximum power 150W, Maximum Power Voltage 18.1 V, 

Maximum Power current 8.29A 

3.7V rechargeable battery 

 

Nominal voltage 3.7V, capacity 2600 mAh 

RFM-95 LoRa Module-

868MHz 

Frequency Range – 868MHz , Modulation: LoRa,  

 

5.5 Integration of the Detection System 

The machine learning model was integrated onto the Raspberry Pi Pico by converting 

the tensorflow light weight model into a c header file which makes it lighter for the micro 

controller. The figure below shows the code snippet of the code used to convert the tflite 

machine learning model to a .h model which has a c array file. 

 

Figure 5.24 Converting tflite model to C header file 
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The lightweight code was then loaded onto the Raspberry Pi pico on the Arduino IDE and the 

different components coded to get an output on the OLED screen. The machine learning 

classification model is loaded onto the microcontroller as seen in the figure below as a package 

to be used.  

 

Figure 5.25 Loading the C Header File 

After the C header file is loaded, the PDM microphone is then configured by inferencing as 

seen in the figure 5.26n below.  

 

Figure 5.26 PDM Microphone Configuration 

The display screen was configured to display the results and send some outputs as seen in the 

figure below. 
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Figure 5.27 OLED Display Output 

5.6 System Testing Results 

5.6.1 Model Testing  

The model was first tested on the development space where it was tested on sample 

data to check the predictions as shown in the figure 5.28 below. From the image, it is seen that 

the actual label was one which is elephant, and the predicted output was also one which showed 

a correct output. 

 

Figure 5.28 Prediction Output Test 

After integration, the machine learning model was tested on the IoT device to show the output 

on the screen. The figures below show the output on the OLED display screen from recording 

the audio to processing and giving the prediction result.  
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Figure 5.29 Processing Sound Input 

After processing, the output is then printed next on the screen to show the output as in 

figure 5.29 above and the prediction output shown in the figure 5.30 below. In real-world 

deployments, several environmental variables can significantly affect the accuracy and 

performance of acoustic detection systems. Ambient forest noise such as wind, bird calls or 

river sounds may mask or distort elephant sounds. The sensitivity and placement of 

microphones also influence the quality of captured signals as does terrain interference such as 

trees or uneven ground which can reflect or absorb sound waves. These factors were not 

directly measured in this study, as it focused on training and testing using secondary data in a 

controlled set up. 

 

Figure 5.30 Prediction Output on OLED Display 
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Chapter 6: Discussions and Results 

6.1 Introduction 

In this chapter, the results and findings are discussed where comparisons are done form 

the implementation and testing of the early elephant detection system. The system’s 

performance is analyzed while comparing the results with existing detection methods. 

6.2 Trained Model Performance Comparison 

As seen in chapter 5, CNN performed better than Random Forest in overall accuracy, 

precision, recall and f1-score. Although random forest had a more balanced precision-recall 

trade off, CNN had better class distinction as seen in figure 5.15 and figure 5.16. The Support 

Vector Machine model achieved an accuracy of 97.22% shown in figure 5.17 which is high and 

outperformed the random forest and very close to the CNN model. SVM had a slightly lower 

recall rate than precision rate in one of the classes and a strong recall and lower precision in 

the other class which would bring about false positives and negatives. Logistic regression 

trailed closely behind SVM with an accuracy of 96.53% and maintained a balance between 

precision at 94.52% and recall at 98.57% compared to random forest which performed slightly 

lower compared to SVM and logistic regression. Naïve Bayes performed the worst with the 

lowest accuracy of 89% and lowest recall, f1 score and precision. 

Table 6.1Performance Metrics Overview 

Model Accuracy Precision Recall F1 Score 

CNN 99% 99% 99% 99% 

SVM 97% 95% 98% 97% 

Logistic Regression 96% 94% 98% 96% 

Random Forest 94% 91% 97% 94.44% 

Naïve Bayes 89% 90% 89% 89% 

From the performance summary, the CNN model outperformed all traditional models 

which suggests that deep learning is effective in capturing complex patterns within the dataset. 

Among the traditional models, SVM had the best accuracy with a good balance between 

accuracy, precision and recall which would make it the next best alternative to the CNN deep 

learning model. From the study, CNN had some false positives in different trained models 

which for the early detection system is better than to have compared to false negatives meaning 

that an elephant is not detected.  
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To improve statistical robustness of the results, this study incorporated cross-validation, 

training and validation loss over epochs to ensure consistency. In addition to overall accuracy, 

as seen in chapter 5, performance metrics such as precision, recall and F1 score were calculated. 

To evaluate robustness under realistic conditions, environmental noise such as wind, human 

conversation and rustling leaves was artificially introduced to the test set. The model 

maintained high performance of over 93% under these simulated field conditions, which 

suggested it may tolerate moderate acoustic interference typical of forest environments. 

6.3 Comparison with Existing Work 

The trained models are compared with the existing models discussed in the literature 

review of this study in terms of the different performance metrics. 

6.3.1 Model Performance Metrics Comparison 

For this study, several models were trained one deep learning model and four traditional 

models to compare the performance and efficiency. The model that performed best form the 

trained models was a one dimensional CNN model that had a very high accuracy of 99% as 

compared to a different study where three CNNs were combined to have a two-level model 

which had an accuracy of 92% for the first level and 99% accuracy for the low frequency 

second level classifier and an accuracy of 75% for the second level model that classified high 

frequency vocalizations (Ravikrishna et al., 2023). This also goes to show that an accuracy of 

99% is possible especially with deep learning models which tend to have higher accuracy 

compared to the traditional models. For my feature extraction, MFCCs were preferred as sound 

spectrum although preferred for CNN models, requires complex models to use its features (In 

Tan et al., 2022).  

A different study on bioacoustics monitoring of frogs applied CNN where the best 

accuracy achieved was approximately 94% which was a filtered experiment using filtered 

spectrogram which greatly reduces background noise (Xie et al., 2022).According to Sharma 

et al., ( 2023), the CNN model had a validation accuracy of 89.36% which was the best 

compared to the other models trained which were CRNN, SVM, RNN, and ResNet34. Similar 

to this study, the CNN model demonstrated higher accuracy in audio sample classification. The 

feature extraction used MFCCs for their audio features where all 13 coefficients were used like 

the features used for this study with two additional features as discussed in the implementation 

of the system.  
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Table 6.2 Model Accuracy Comparison with Existing Studies 

Author & Year Classification Model Accuracy 

Ravikrishna et al., 2023 CNN 99% 

Sharma et al., 2023 CNN 89.36% 

Xie et al., 2022 CNN 94% 

The machine learning model trained for this study achieved a high accuracy which 

could be due to the dataset used which was combination of clear elephant vocalizations and 

forest sounds from a different dataset which provided quality training, testing and validation 

data. The feature extraction was also done differently where MFCCs,  zero crossing rate, 

chroma features and some spectral features were extracted as discussed in the implementation 

in chapter 5. With the features extracted, the original audio characteristics are preserved and 

allows for better model performance. 

6.3.2 Architectural and Hardware Considerations 

In different studies, the system architectures applied are different in one way or another. 

This is in terms of the hardware used in the IoT device and the implementations used. Figure 

2.8 and figure 2.9 in chapter two of this study were used as a guide to coming up with an 

architecture for the early detection system. From the two architectures, it is seen that raspberry 

pi 4 and raspberry pi 4B are the microcontrollers utilized for the two systems. For this study, 

raspberry pi was the micro controller of choice due to different considerations such as power 

consumption, real-time processing, the cost and the size which are factors critical for 

deployment in remote and constrained environments like forests. 

Table 6.3 Raspberry Pi 4 vs. Raspberry Pi Pico for Early Detection of Elephants System (Pico-

Series Microcontrollers - Raspberry Pi Documentation, 2025) 

Feature Raspberry Pi 4 Raspberry Pi Pico Advantages (Pico 

over 4) 

Processor Quad-core Cortex-

A72, 1.5GHz 

RP2040 (Dual core 

Cortex M0+ 

133MHz) 

Lower power 

consumption 

Operating System 

(OS) 

Linux-based 

(Raspberry Pi Os, 

Ubuntu) 

None(runs 

MicroPython, 

C/C++) 

Faster boot time and 

no OS overhead 
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RAM 2GB, 4GB, 8GB 

LPDDR4 

264KB SRAM More power efficient 

and optimized fro 

lightweight tasks 

Storage microSD card 

(expandable) 

None (uses flash 

memory) 

No need for an SD 

card 

Power Consumption Higher (~600- 700 

mA, 5V/3A) 

Very low (~100mA, 

1.8V-5.5V) 

Energy efficient, 

ideal for battery 

powered applications 

Real-Time 

processing 

No(runs a full OS, 

potential delays) 

Yes (deterministic 

timing) 

Minimal latency for 

real-time sensor 

applications 

Size larger Very small Compact for 

embedded systems 

Cost ~$35+ ~$4 Cost effective, easy 

for large scale 

deployment 

From the summary, Raspberry Pi Pico is ideal for low-power, real-time applications 

where energy efficiency and embedded processing are critical which makes it the preferred 

choice for the elephant detection system in remote areas while the Raspberry Pi 4 is more suited 

for applications that require AI, networking and multitasking as it is more powerful but 

consumes significantly more power. Raspberry Pi Pico cannot run full ML frameworks like 

TensorFlow as seen with the Pico 4; it supports TensorFlow Lite which allows for lightweight 

ML model inference when models are properly quantized. The trained model was integrated 

into Raspberry Pi Pico after conversion into a lightweight model; a C header file since it has 

limited computational power and memory. The model.h file was then integrated into Pico using 

C++ on Arduino IDE.  

6.3.3 Dataset Comparisons 

For this study, two datasets were used elephant vocalizations from Elephant Voices on 

SoundCloud and FSC22 dataset for forest sounds from Kaggle. The audio files were .wav 

which made it easy to process but with varying lengths. The elephant vocalizations were 

labelled as 1 where 1 is elephant and the forest sounds labelled as 0 where 0 is non-elephant. 

The extracted features included MFCCs, spectrograms and waveform-based features. In most 

studies, the data used for training and testing was primary data as compared to the data used 
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for this study which was secondary. In one study, vocalizations were captured over a period of 

three months with a total of 235 audio files with an almost 50-50 split when labelled (Sharma 

et al., 2022). The number of audios used in this study is close to the number used in this research 

study.  The optimal number of audio files ranges from 200-300 audio samples. 

Relying on secondary data as was done in this study, is a practical choice however it 

comes with several inherent limitations: 

a) Lack of control over data collection conditions in terms of environmental 

context, microphone placement, sensitivity and calibration which might differ 

from a real-life scenario. 

b) Limited metadata where most secondary datasets lack full metadata such as 

timestamp accuracy, species context and one might not know how the data was 

pre-processed where other species vocalizations or human-made noise may 

have been filtered out. 
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Chapter 7: Conclusions, Recommendations and Future Works 

7.1 Conclusions 

This study successfully designed, developed and tested an elephant early detection system 

that integrates IoT components with machine learning (ML) for real-time detection where when 

an elephant is detected at a certain location and distance, an alert is sent to the rangers with the 

details and exact location who can act before the elephants arrive. The system’s main objective 

was to detect elephants based on their vocalizations and send SMS alerts to rangers with exact 

GPS coordinates before elephants approach the human settlements. This early warning 

provides rangers with actionable time to respond and mitigate human-elephant conflict (HEC).  

A lightweight Convolutional Neural Network (CNN) model was trained after data 

preprocessing and feature extraction. The model was optimized for edge deployment and 

integrated into a Raspberry Pi Pico microcontroller. Despite the hardware’s constraints, the 

model achieved high accuracy in distinguishing elephant vocalizations from other ambient 

forest sounds. From the testing phase, the system was validated, and the following results were 

observed: 

i. The CNN model achieved an accuracy of ~99% indicating robust detection 

performance. 

ii. The integration with the GSM module successfully sent real-time SMS alerts upon 

detection, verifying the end-to-end and real-time functionality. 

The study also compared the methodology applied to this study with other existing studies. 

Conventional detection methods such as collaring and camera traps were seen to be cost-

prohibitive, invasive and limited in spatial and temporal scope. In contrast, the developed 

system offers a low-cost, non-invasive, scalable alternative to detection and monitoring. The 

comparison with existing models demonstrated the effectiveness of using edge computing for 

conservation efforts. A comprehensive review of different detection approaches and 

technologies applied was carried out through a comprehensive literature review, highlighting 

the potential of bioacoustics monitoring of wildlife for real-time monitoring. 

7.2 Recommendations 

i. The model should be tested in the real-world environment such as a forest setting to 

assess the performance in varied conditions. 



61 

 

ii. There should be more diverse elephant vocalization samples, including in different 

environments or terrains and background noise levels which can enhance model 

robustness. 

7.3 Suggestions for Future Research 

Future research studies can explore: 

i. Integration of the detection system with existing elephant deterrent methods such as 

bee fences. 

ii. Behavioural analysis can be integrated into the acoustic localization to allow for better 

interactions between humans and elephants. 

iii. Monitoring features can be integrated into the system to allow for long-term tracking 

which can complement existing tracking methods and assist in better decision making. 

7.4 Limitations and Delimitations 

7.4.1 Limitations 

i. The use of secondary datasets presents limitations in terms of the context of data 

collection and the processing of the done carried out. 

ii. The testing of the system was conducted in a controlled environment rather than in a 

dynamic real-world environment where everything varies. 

iii. The Raspberry Pi Pico’s limited processing power constrained the complexity of the 

machine learning model where larger models such as deep neural networks require 

more RAM. 

7.4.2 Delimitations 

i. The system was designed mainly for early detection and not long-term tracking. 

ii. The study focused solely on elephants excluding all other wildlife species. 
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