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Abstract 
 

 

Beekeeping has a long history of about 180 years in New Zealand. The first group of 

honey bees introduced has expanded to approximately one million registered beehives by 

now. An increasing number of residents have been associated with beekeeping to process 

and produce world-famous New Zealand honey products. The honey market competition 

has become more severe than before due to the slow growth of pollen resources, weather 

change, and the limited number of experienced apiarists. New Zealand beekeepers have 

lost approximately 10% of bee colonies every winter since 2015, caused mainly by the 

queen bee problems. In this situation, apiculture needs the support of new technologies 

urgently.  

Since the 1980s, various bee monitoring methods based on processing a wide range of 

physical signals, including audio, temperature, video, weight, vibration, number of bees, 

humidity, and O2/CO2 content, have been developed to prove the feasibility of precision 

beekeeping. Unfortunately, few of these systems have been applied in practice because it 

can be very complicated to analyse the honey bee signals indicating significant statuses, like 

queen-less beehives. According to previous studies, monitoring the audio signals generated 

by a beehive can help us predict nearly all of the crucial statuses of the beehive. Hence, this 

research proposes to identify queen-less beehives by monitoring the bee audio signals. 

However, the bee audio signals are always acquired with natural environmental noise, 

which means the noisy bee signals captured from the beehive must be appropriately filtered 

to obtain the enhanced signals close to the original signals generated by bees.  

    This thesis proposes an approach to identify queen-less beehives by using audio signal 

enhancement techniques and neural networks. More particularly, the audio signals 

corrupted by rain noise are enhanced by Multi-band Spectral Subtraction and Wiener 

filtering techniques, respectively. The improved Mel-frequency Cepstrum Coefficient 

(IMFCC) of the enhanced signals are extracted as input features of a Multilayer Perceptron 

(MLP) model to classify queen-less beehives. The result shows that this approach improves 

the classification accuracy by around 10% to 29%, depending on the quality of the input 

signals. It is also reported that the proposed system has a higher classification accuracy and 

better learning ability than other systems using KNN and SVM algorithms. 
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Chapter 1   
 

 

Introduction 
 

 

 

 

Precision beekeeping, primarily defined as a method to monitor individual beehives 

intelligently and precisely, has been proposed thanks to the rapid development of cutting-

edge technologies, such as Data Science, Machine Learning (ML), Internet of Things (IoT), 

and Artificial Intelligence (AI). Traditional beekeeping relying on empiricism has exposed 

many drawbacks, such as the lack of sophisticated apiarists and inadequate care of beehives. 

According to the New Zealand bee colony loss survey, 11.3% of honey bee colonies were 

estimated lost in 2020, an 8.5% increase from 2019. The loss of small apiaries was even 

heavier than medium and large. There were only 19% of participants in the survey having 

professional qualifications or received advanced courses in beekeeping education. Most of 

these beekeepers found beekeeping information from other beekeepers or social media. 

Therefore, data-driven beekeeping is an inevitable result of fierce competition and 

technological development in Apiculture.  

Researchers have acquired various physical signals from beehives, including audio, 

temperature, video, weight, vibration, number of bees, humidity, and O2/CO2 content. 

They have found precision beekeeping methods to monitor bees’ activities via the analysis 

of these signals. Among these methods, audio-based beehive monitoring methods are 

technically preferred because bees’ most common communication forms are the vibration 

of wings that produce sound in the beehive. Unfortunately, many audio-based methods are 

still in the development phase and have not been introduced to the industry in practice. 

The challenge is that those unknown components present in the bee audio signals and have 
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complicated nature. Researchers should acquire and analyse acoustic signals from real 

apiaries surrounded by various environmental noise sources, such as rain noise. However, 

few previous studies focused on filtering environmental noise to enhance the bee signals 

before processing them. This thesis is concerned with the identification of queen-less 

beehives using a system composed of audio signal enhancement techniques, IMFCC 

features, and an MLP classification model. 

1.1 Beekeeping in New Zealand 

Apiculture has grown into one of the primary industries in New Zealand since 

noticeable amounts of honey are sold annually [1]. New Zealand honey is one of the most 

popular world-class and internationally known products. The most famous variety of New 

Zealand honey, Manuka honey, caused a world sensation in 1991 when Bill Floyd coined the 

term Unique Manuka Factor (UMF) and introduced it to the American market under the 

trend of a healthy lifestyle. In 2019, New Zealand became one of the top 10 beekeeping 

countries globally, with around 23,000 tonnes of annual honey production [2]. This figure 

was 15% higher than the same period last year. The honey annual export value reached a 

peak of approximately 355 million New Zealand Dollars (NZD) in the same year, and the 

export price was double the figure five years ago (44.02 NZD versus 21.45 NZD per kilogram). 

Besides, Apiculture brings a large number of job opportunities for residents and overseas 

labour. The number of registered beehives and beekeeping enterprises by June 2019 was 

almost double the figure in 2014, which means a surging number of beekeepers has entered 

this industry in recent years. 

The fierce competition in apiculture is because New Zealand has limited nectar 

resources with moderate growth, especially the Manuka flowers. The health care and 

medical value of Manuka honey has been extensively researched in recent years, creating 

more interest in the Apiculture industry. What is Manuka honey, and how amazing can it 

be? Manuka honey is collected from the Manuka trees’ flowers which are only found in New 

Zealand and the southern region of Australia. It is famous for its anti-bacterial element 

named UMF or MGO (Methylglyoxal). This element proves to have many health benefits, 

such as anti-bacterial, anti-inflammatory, antiviral, and antioxidant.  

Some research has revealed the enhancement of tissue regeneration [3] and wound 

healing [4] based on Manuka honey’s adjuvant therapy. For instance, two cases [5], [6] have 

demonstrated that Manuka honey has positive effects on treating diabetic ulcers by 

sterilising the wound and shortening its recovery time. It has been shown that some 

patients’ uncomfortable symptoms of wounds’ recovery can be significantly alleviated after 

their eyelid surgery [7]. Thanks to Manuka honey’s antibiotic-resistant properties, like 

Staphylococcus Aureus, the wound infection can be suppressed effectively [8], [9]. Manuka 
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honey is also beneficial for preventing tooth decay by restraining the growth of oral bacteria, 

such as A. actinomycetemcomitans [10] and P. gingivalis [11]. Soothing the sore throat is 

another advantage of Manuka honey. It has been shown that the number of Streptococcus 

mutants is declined significantly after observed objects eating Manuka honey [12]. Manuka 

honey is also helpful for preventing stomach ulcers [13], improving digestive systems [14], 

treating acne [15], and healing cystic fibrosis [16]. With so many benefits to eating Manuka 

honey, it is not difficult to understand why the export price of Manuka honey was up to 135 

NZD per kilogram last year. 

However, the excellent benefits of Manuka honey and the significant development of 

apiculture increase the competition in the industry and drive up the cost of beekeeping. For 

example, selecting a breeder queen bee costs 1,000 NZD to 1,638 NZD in 2014 and 2015, 

while costing 3,000 NZD to 5,000 NZD between 2017 and 2018. The rentals of apiaries also 

grew by 40% during the same period [2]. Beekeepers had to reduce the number of full-time 

workers to keep the profits. To support the quality development of Apiculture, the New 

Zealand government produced an apprenticeship in the Apiculture programme to establish 

a benchmark in training criteria. With this training programme, the risk of not recruiting 

competent apiarists in the honey harvest season has reduced, whereas the situation that 

beekeeping depends on personal experience has not changed. 

1.2 Previous Studies 

In 2015, it was argued that beekeeping needs precise measures to ensure bee colonies 

living under excellent conditions [17]. Precision beekeeping can minimise the production 

cost of honey and maximise the honey bee’s productivity with precision beekeeping. It does 

not mean that AI systems can replace the position of skilled beekeepers, but that the system 

provides more comprehensive, detailed, and visualised data analysis results for apiarists to 

take care of honey bees in more appropriate ways. Precision beekeeping aims to collect 

data from each beehive within an apiary so that beekeepers can understand which hive has 

some critical statuses. 

The task of monitoring beehives is rather complicated. Beekeepers have to monitor a 

range of beehive conditions to determine if bees will leave their hives or are dying because 

of infection, starvation, or queen problems. These conditions may lead to certain problems 

for the queen and hive, including but not limiting to drone-laying queens [18], queen failure 

[19], queen-less [20], brood-less [21], illness (for example, varroa [22] and bacterial 

infection [23]), wasp attack [24], starvation [25], swarming [26], death of colony [27], and 

extreme nectar flow [28].  

Recently, researchers have tried various methods to monitor beehives. For example, 

they observed the number of bees coming in and going out of beehives with High definition 
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(HD) cameras [29], [30] to detect when they leave for pollination. They recorded and 

analysed acoustic signals of bees to predict their swarming actions [31], [32], [33]. They also 

measured the inside temperature of a beehive to gain health information of bees [34], [35], 

[36], [37] and weighed the beehive to determine honey productivity [38]. Compared with 

other methods, bee audio signal processing can be convenient, practical and universally 

applied for beehive monitoring. Microphones are small enough to embed into beehives, are 

cheaper than other devices, and can detect many statuses of a beehive with a competent 

sound processing and analysing system.  

Several methods of sound collecting and analysing have proved effective. Researchers 

found the differences between bee buzzing acoustic frequencies and regular audio 

frequencies with manual labelling and analysing process by monitoring beehives over three 

days. The different frequency ranges of bee audio signals can predict bee swarming and 

observing their daily activities [33]. The Automatic Performance Index System (APIS), a 

conditioning chamber, was used to record the hissing signal when bees feel in danger [39]. 

A table was provided to describe the bee sounds at different frequencies under different 

conditions [40]. To the best of knowledge, few existing studies consider the effect of 

environmental noise on audio-based beehive monitoring systems.  

1.3 Contribution 

This thesis provides new insights into precision beekeeping with the design of a reliable 

and feasible acoustic signal processing system. The proposed system enhances the audio 

signals acquired from beehives by using signal enhancement techniques. Multi-band 

Spectral Subtraction and Wiener filter are applied to enhance the audio signals by filtering 

environmental noise from the noisy signals acquired from beehives. This thesis also designs 

and optimise an MLP model to classify the IMFCC features of the enhanced signals. IMFCC 

can effectively extract the bee audio features from different frequency bands of the signals 

after signal enhancement. The classification accuracy of queen-less beehives in a rainy 

environment significantly increases based on the proposed system.  

1.4 Thesis Organisation 

The organisation of the rest of this thesis is as follows. Chapter 2 explains the roles of 

bees in a bee colony and the most critical conditions in beehives to highlight the importance 

of identifying queen-less beehives. In Chapter 3, various approaches to precision 

beekeeping are described, including signal acquisition and processing. The audio-based 

signal processing approaches are compared to the other two top-ranking monitoring 
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methods, temperature and video, to convince their high availability, followed by a 

discussion on the motivation of the proposed research. Chapter 4 elaborates on audio signal 

enhancement techniques in the frequency and time domains, containing the multi-band 

spectral subtraction and Wiener filter. After the signal enhancement, several feature 

extraction methods are compared, and the advantages of using IMFCC features to identify 

audio signals are discussed in Chapter 5. Chapter 6 introduces the MLP model to do the 

classification tasks. Its excellent learning mechanism and ability make the MLP model 

competent for the proposed research. 

In the last two chapters, the implementation results show the outcomes of the 

proposed queen-less beehive identification system. The negative impact of rain noise on 

signal classification and the effect of enhancing the signal are compared. In order to prove 

the improvement of the system, the optimised MLP model is also compared with the 

original MLP model, Support Vector Machine (SVM) and K Nearest Neighbour (KNN) models. 

This thesis ends with a conclusion and provides open problems for future work. 
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Chapter 2   
 

 

Relevant Beekeeping Knowledge 
 

 

 

 

Although bees have many species, most of them live in the same social system with a 

clear division of labour. To design a more reliable condition monitoring system for beehives, 

we need first to understand the world inside a beehive. This chapter explains the roles of 

three types of honeybees and the most critical beehive conditions. Among these conditions, 

queen-less is a significant sign of the queen problems that have been the main reason for 

the loss of bee colonies during winters in New Zealand since 2017. 

2.1 Roles of Bees 

The honeybees brought to New Zealand in 1839 are named Apis mellifera, a type of 

European honeybees with golden and black-striped bodies. More honeybee species were 

introduced to New Zealand in the following years because native bees were not competent 

to be honey producers. As the apiculture development, an increasing number of beehives 

were constructed to boost honeybee populations for producing honey. A single beehive, 

where a bee colony live, usually inhabits thousands to tens of thousands of honeybees. 

These bees are composed of a queen bee, worker bees and drones. All members of a bee 

colony live in a strict hierarchy. Their roles are described in the following sections. 
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2.1.1 Queen Bee 

The queen bee is the most important role of a bee colony. All other bees work for the 

queen because it is the only fertile bee in the colony [41]. The queen is born in a queen cup 

which is a wax-made and dome-shaped comb. When the fertilised egg is laid in the cup, 

nursing bees draw out the cell to approximately 25 millimetres to provide more space for 

the growth of the queen. A queen larva usually takes around 16 days to hatch, and it has 

the privilege to be fed by royal jelly throughout the whole larva phase. 

The queen bee plays the most crucial role in the colony. A bee colony can be lost when 

the queen bee is in trouble, such as drone-laying queens, queen failure, and queen-less. The 

queen bee decides the most appropriate time to lay eggs via its pheromones [42], so the 

queen is also called the decision-maker in a bee colony. However, the queen’s fate 

sometimes is in the hands of the worker bees, who can kill the old queen when there are 

two queens in one colony. 

2.1.2 Worker Bees 

All females except the queen are called workers who have the smallest size in the 

colony. They remain in fertilised eggs and do not develop into larvae until about the fourth 

day after their birth. Worker bees are fed by royal jelly for a few days and then supported 

by bee bread, a mixture of pollen and nectar, until they become mature with a length of 

about 15 millimetres. They can only lay unfertilised eggs to generate drones if it is necessary. 

The worker bees do a wide range of work according to their age. When they are young, 

for example, the worker bees play the role of a nurse, feeding and caring for other bees, 

maintaining the proper temperature for brood development, cleaning the hive for a 

comfortable life. When they become older, they are in charge of foraging pollen and nectar 

[43]. They construct the combs where the queen bee lays eggs. They are also warriors to 

protect their colony from predators such as wasps [44]. 

2.1.3 Drones 

The male bees are called drones [45] in the colony. Drones come from unfertilised eggs 

laid in the large combs. They are fed by royal jelly for the first two to three days after 

becoming a larva, providing only enough protein to trigger their development. In the 

following about 24 days, they are fed bee bread until they hatch.  

The only task of drones is mating with a queen bee in Drone Congregation Areas (DCAs) 

[46]. When a queen bee flies into this area, at least hundreds of drones compete to mate 
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with it by passing closest to it. The drone is seen as the most unhelpful bee in a colony 

because of its narrow role. However, it provides genetic diversity for bee reproduction. The 

simple reason is that a queen flying through a DCA can mate with drones from different 

colonies, which broadens the genetic pool.  

2.2 Health indicators of Bee Colonies 

Health indicators can reflect the health status of a bee colony. Health indicators can be 

classified into six categories (as shown in Figure 2.1) as follows: 

1. Number of bees, 

2. Queen status, 

3. Living condition, 

4. Productivity, 

5. Vital status,  

6. Other indicators.  

Beekeepers must know the activities of bees and the health status of their beehives by 

monitoring health indicators. These indicators have a close correlation. In the class 

“Numbers of bees”, for example, beekeepers should know the total number of bees in a 

beehive so they can determine if the bee colony in this beehive is overpopulation, a low 

population, or a healthy population. Overpopulation can lead to starvation and swarming, 

which are the reasons for a dead colony. On the other hand, a steady decline in the number 

of bees signals that bees are dying because of infestation, severe weather, or starvation. 

Counting the number of bees incoming and outgoing a beehive can tell beekeepers bees 

daily foraging activities, like pollination. The queen’s health and presence also need to be 

monitored because the quality of the queen highly determines the health of the beehive 

[47]. Furthermore, A healthy beehive needs a set of hospitable environmental conditions 

inside, such as temperature, humidity, and O2/CO2 rate. In comparison, ecological 

conditions surrounding beehives, such as wind speed, precipitation, and sunshine hours, 

affect the length of time to collect nectar and pollen. The following sections explain some 

of the most critical statuses in the beehive and highlight the importance of identifying 

queen-less beehives. 
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2.2.1 Queen-less Beehive 

Queen-less is one of the most crucial indicators in the beehive, leading to colony loss. 

The most obvious sign to identify a queen-less beehive is a significant drop in the colony 

population. With the absence of the queen bee, the nursing bees are dying off, and then 

the others gradually die off. Another consequence is called “laying workers”, which means 

worker bees lay eggs when a queen bee leaves its hive too long [48]. It is difficult for 

beekeepers to introduce a new queen because laying workers will kill any queen appearing 

in the hive. The fastest way to get the colony queen-right is to introduce a new adult queen 

urgently. Otherwise, the beekeepers can put a frame of young brood into the hive and allow 

the worker bees to make their new queen.  

Queen-less is related to many queen problems that are the primary causes for around 

10% colony loss during winters in New Zealand since 2015 when Ministry for Primary 

Industries (MPI) did the first survey on bee colony loss(as shown in Figure 2.2) [49]. In the 

2020 winter, 32,817 bee colonies were assessed as lost due to the queen problems, 

accounting for 3.7% of all bee colonies and 33.1% of lost colonies in New Zealand. The 

beekeepers with an operation size under 50 beehives have the most proportion of all 

respondents, at 51.8%. Among them, 30.7% of beekeepers suffer from queen-less problems, 

and most of the rest face drone-laying queens and queen failure. These small operations 

learn beekeeping information mainly depending on social media or clubs. It can be found 

that the most significant problem of these small operations is the queen-less beehive, and 

they need AI techniques to support their beehive monitoring. 

 

 

 

Figure 2.2 An increasing number of bee colony losses in New Zealand during last winters 
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2.2.2 Swarming 

Swarming is a bee’s natural and instinctive behaviour to reproduce and disperse [50]. 

Because of the warmth of the weather during springs and summers, the flowers bloom, and 

honey bees become active from hibernation. They need to collect the nectar for the winter 

and breed the next generation. When the original cell becomes more crowded, bees have 

to select several larvae that would otherwise be worker bees and feed them with royal jelly. 

After a few days, the new queen will be born from the selected larvae. The original queen 

bee will leave the colony and take half or even more of the honeycomb to find a suitable 

place to build a new hive. This process may take hours or even days. When the new home 

location is determined, the whole colony of bees will quickly build a new nest, store the 

honey, and let the queen breed the next generation in the cell for the new colony. The 

swarming can also be an escape behaviour caused by the excess inflow of pollen and nectar, 

genetic inheritance, and infestation of varroa mites, mainly occurring in late summer. 

2.2.3 Infestation and Diseases 

The infestation of honey bees is mainly caused by the varroa mite. The varroa mite was 

found infesting the bee colonies in New Zealand in 2000 [51]. Its reproduction is in the bee 

combs, where the bee larvae are bred. The larva of varroa mite mainly feeds on the 

hemolymph of the developing bees, and they can live on adult bees. There are few 

symptoms of a low infested bee colony, but the symptoms can become apparent with rising 

infestation. An infested colony can become a death colony in three to four years under the 

absence of care. The honey bees, especially the queen bee, can also suffer from many 

diseases, such as Melanosis, Ovarian atrophy, Ovarian tumour, Acarine disease, 

Septicaemia, Rectal enteroliths, Proliferations, Nosemal and Amoebal diseases [52]. 

2.2.4 Starvation 

Starvation of a bee colony in an apiary usually occurs during winters when bees stay at 

hives clustering to keep warmth [53]. The temperature is too low for the honey bees to get 

food by leaving the cluster or insufficient food storage in the beehive. This tragedy also 

appears in early spring when beekeepers misunderstand that the weather is warm enough 

for honey bees to feed themselves. Another reason for bee starvation is overpopulation in 

summer, when the full hive causes a rapid depletion of food storage. Starvation can also 

be caused by extreme weather, natural disasters, and diseases [54].  
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2.2.5 Wasp Attack 

    Wasps are the predators of honey bees [55]. Unlike honey bees, which get protein by 

eating pollen, wasps’ protein intake is via preying other insects, like honey bees. Their 

carbohydrate supplement is from fruit, nectar, and the sugary secretion of aphids [56]. The 

attack of the wasps begins with the spring hibernation period. The probability of wasp 

attack peaks in late summer and fall when nectar and the prey population decrease. They 

find and visit apiaries to pillage honey by breaking the honey cells. The defenders in the hive 

would be killed, and their bodies are the bait to attract more wasps. If the defensive 

measures are not in place, the beehives are likely to be died or be discarded. 

2.3 Proposed Research Objective 

This thesis focuses on queen-less beehive identification because it is the main reason 

for bee colony loss in New Zealand, as mentioned earlier. In the following chapter, the 

previous studies to identify health indicators of beehives are compared. An improved 

system based on bee audio signal processing is proposed to classify queen-less and queen-

right beehives. With this system, the queen-less beehive can be identified in advance, and 

the beekeepers can be noticed to introduce a new queen into the beehive. The design of 

the system considers that beekeepers need enough time to re-queen in beehives, which 

means that one of the tasks is to minimise the signal processing time consumption. Another 

concern is to make the system practical and appropriate for bee monitoring. However, the 

literature review in this thesis covers a variety of studies working on applications of Machine 

Learning and Artificial Intelligent techniques in precision beekeeping. 
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Chapter 3   
 

 

Precision Beekeeping Using Signal 

Processing 
 

 

 

 

Precision beekeeping is an advancement of beehive monitoring. It emphasises 

monitoring individual beehives instead of traditionally monitoring a group of beehives [17]. 

Precision beekeeping is composed of three tasks: 

1. Signal acquisition, 

2. Signal processing, 

3. Application. 

 

This chapter discusses the previous studies about relevant signal acquisition and signal 

processing techniques used for precision beekeeping. Currently, commercial applications of 

beehive monitoring mainly monitor some health indicators on mobile devices, and they will 

not be explained in the following sections because few valuable pieces of literature are 

shared. There are several approaches to monitor a beehive using signal processing 

techniques. As mentioned earlier, this thesis is concerned with identifying queen-less 

beehives; thus, we evaluate the signal processing techniques used for queen-less beehive 

identification in this chapter. After identifying the existing beehive monitoring methods 

based on acoustic signal processing, we found that signal enhancement has hardly been 
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discussed and used in previous experiments. However, we shall consider signal 

enhancement to improve the classification success rate. 

3.1 Signal Acquisition 

The traditional methods of signal acquisition use cables to connect analogue sensors 

and monitor computers. The defect of such devices is that they cannot satisfy the 

monitoring task of multiple nodes because of the lack of expandability and flexibility. The 

traditional way has been replaced by the combination of Wireless Sensor Network (WSN) 

and IoT technologies, which allows the system to collect data anytime and anywhere.  

WSN plays a critical role in modern applications because of its contribution to the 

intelligent environment establishment [57]. It usually consists of a group of intelligent 

sensors, data processing computers, and wireless networks. An intelligent sensor is a gadget 

used to collect environmental data, such as humidity, temperature, barometric pressure, 

magnetometer, and acoustic signals. With the development of the microelectromechanical 

system, intelligent sensors can deal with multiple data collection tasks with low prices and 

low energy consumption. It is highly brilliant and dynamic to resist severe environmental 

conditions and energy depletion [58]. When the sensors are deployed in each beehive in an 

apiary, they can automatically build an Ad-Hoc network to connect. With appropriate WSN 

protocols, intelligent sensors can transmit data to the sink nodes used to collect and 

forward data to the processing computers even if some nodes lose contact. 

IoT is an essential subject of information technology, and its appearance is the 

milestone of the new era of informatisation [59]. It has a long history but did not has a 

breakthrough until recent years. The IoT is not only communicated with intelligent sensors. 

With powerful computing ability, developed ML algorithms, and cloud computing, a surging 

number of user interfaces are designed to simplify people’s daily lives, such as Siri on the 

iPhone. Nowadays, people can communicate with IoT clients connected to the Internet, 

such as air conditioning, refrigerators, cars, and traffic lights. Certain AI robots have been 

used to monitor the food storage in the fridge, while others can pre-heat the indoor 

temperature before their owners come back home during winters. 

The beehive monitoring systems based on WSN and IoT were developed in the last 

decade. In 2014, six different architectures of beehive monitoring systems were compared 

[60]. This article provided ideas about how to design a suitable beehive monitoring system 

according to the demand and budget. Among these system architectures, remote 

monitoring systems based on WSN and IoT have distinct advantages. Firstly, remote 

monitoring systems can ensure that the data is still collected from beehives when the 

Internet is interrupted. Secondly, they can message beekeepers about the conditions in 

beehives. In 2016, a system based on WSN was designed to record the forage activities of 
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honey bees [61]. The main idea of this system is to acquire the infrared transceiver signals, 

which is located at the entry of a beehive, interrupted by bees entering and coming out of 

the beehive. Another WSN-based beehive monitoring system collected a range of data from 

beehives, including temperature, humidity, acceleration and weather data, to classify 

beehives into ten significant categories [62]. For data collection, the sustainable operation 

of the sensor is one of the most critical problems. An affordable monitoring system based 

on IoT and Cloud architecture was proposed to support long-term data acquisition in 2018 

[63]. Different signal processing measures are reviewed and compared in the following 

sections to assess the most appropriate one for identifying queen-less beehives. 

3.2 Signal Processing 

Although many kinds of signals can be used as health indicators of beehives, the three 

most popular and widely used ones are acoustic signal, video, and temperature. This section 

will highlight and compare the three signal processing methods to select the most adaptive 

for queen-less beehive identification. 

3.2.1 Acoustic Signal Processing 

In 2019, researchers proposed detecting queen-less beehives by using acoustic signal 

processing [64]. The acoustic signals were acquired by omnidirectional microphones 

embedded in beehives and were processed by a developed Logistic Regression (LR) model. 

Two types of queen-less beehive were successfully identified and classified via extracting 

and comparing the Mel-frequency Cepstrum Coefficient (MFCC) features of the bee sound 

[65]. This study focused on visualising and comparing the bee signals in different living 

conditions using Singular Value Decomposition (SVD), which avoided the incomplete 

interpretation of the bee’s behaviour when the data of only one colony was analysed. 

The raw bee audio signals recorded from a beehive are the mixture of the sounds 

contributed by each bee of the colony [66]. These signals are composed of dense and 

continuous low-frequency audio signals. Also, they can consist of other noises called non-

bee sounds in the natural beekeeping environment, such as human conversation, car engine 

roaring, rain sounds, and wind sounds. The original signals need to be labelled based on the 

features extracted from pure bee sounds and external noise samples. The segmented 

acoustic signals are processed by the labels and then classified by ML algorithms. 

In 2018, scientists compared deep learning and standard machine learning in 

classifying beehive audio samples [67]. They proved that a CNN model used to classify 

spectrograms of sound samples from beehives performed better than the other four ML 

algorithms. An Electronic Beehive Monitoring (EBM) system, called BeePi, was used to 
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acquire signals from beehives. The BeePi system involved microcomputers, mini cameras, 

several omnidirectional microphones, and solar-powered batteries. The microphones were 

installed at the entrance to record 30-seconds audio signals in a periodic time period. This 

study successfully classified the audio signals into three categories: bee buzzing, crickets, 

and background noises. However, the training and testing datasets include only noise or 

pure bee sound signals. 

In 2015, different bee sounds, including hissing, buzzing, queen quacking, and piping, 

were identified using a laboratory system named Automatic Performance Index System 

(APIS) [39]. They aimed to acquire different sounds when the system released stimuli to 

observed bees, for example, odours and electric shocks. The results showed that the 

empirical objects emitted hissing signals when they felt the change in carbon dioxide 

concentration in the observation chamber and the appearance of electric shocks. 

The most interesting finding of the previous studies is a table (as shown in Table 3.1) 

describing that different bee signals have distinct characteristics, such as frequency ranges 

and patterns [40]. A remote monitoring system was built to identify infested beehives using 

their fingerprints in comparison to healthy beehives’. The fingerprints were analysed by 

three acoustic analysis models, SVM, Linear Discriminant Analysis (LDA), and Principle 

Component Analysis (PCA). The SVM and LDA models showed high performance of 

recognising the infested beehives, but they spent a considerable computing consumption. 

The PCA was only considered to be an auxiliary tool used to determine audio features. 

 

  Frequency range Pattern Sender  Possible Signal 

Piping 100 - 2000 Single sequence Scout 
Triggers colony hissing, 
prepare for swarming 

Recruit 200 - 350 Pulse sequence Scout 
Existence and quality of 
valuable food source 

Quacking 300 -350 Pulse sequence Queen 
Presence detection, 
viability of confined queens 

Tooting 300 - 500 Pulse sequence Queen 
Prevent hatching of further 
queens and trigger 
quacking 

Hissing 300 - 3600 Single sequence Colony Warning signal 

 

Table 3.1 The features of bee signals and their possible meaning [40] 

 

Previous research has established that the frequency range of bee acoustic signals can 

predict the bees’ activities. The problem is that microphones can also capture other sounds 

surrounding beehives. If these sounds are not filtered, the system actually analyses mixed 

signals composed of bee signals and environmental noise. Researchers used a Butterworth 

filter to cut all audio signals with the frequency range above 2,000 Hz and under 100 Hz to 
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get pure bee signals [33]. However, this method failed to solve the problem of frequency 

overlapping between bee audio signals and environmental noise. The impact of 

environmental noise on the classification accuracy of bee signal classification will be 

discussed in the following sections. 

3.2.2 Video Surveillance 

In 2016, a video surveillance system was installed outside the entrance of a beehive to 

monitor honey bee’s pollination activities [29]. The camera was protected from bee 

droppings and dust by using a piece of transparent plastic plates. The snapshots taken by 

the camera were sent to a BeePi to be processed. With the bee counting algorithms, bees 

passing through the entrance were classified into two classes: taking nectar and unloading. 

The classification accuracy was only around 73% because of the misidentification of bees 

when other things were seen as bees in bright photos, and some were not identified in dark 

pictures. 

In 2012, another study used a similar method to monitor honey bee’s activities [30]. A 

particular transparent passageway with infrared LED lights and infrared CCD cameras was 

added at the observed beehive entrance to improve identification accuracy. One hundred 

bees were marked by unique tags attached to their back as their identities. The recognition 

of the tags and the identification of individual honey bees were accomplished using the SVM 

classifier. Most honey bees were successfully marked and recognised during the 

experimental period with accuracy rates at approximately 98% and 86% in recognition and 

identification, respectively. 

In 2013, for improving the identification performance on bee monitoring and tracking, 

three-dimensional (3D) imaging techniques were applied to the beehive monitoring system 

[68]. The system was placed above the beehive entrance to capture the 3D honeybee 

imagines when they were flying. The advantages of this approach were that the problematic 

bee tracking tasks could be tackle better than two-dimensional (2D) measures because it 

could provide a better presentation of numerous bees being erratically fast-moving in 3D 

space. The Global Nearest Neighbours and Kalman filter were applied to implement multi-

object tracking in 3D in the proposed approach. Compared with 2D’s performance, the 3D’s 

showed obvious superiority on recovering the original bee’s flying track, approximately 10% 

higher than the figure for 2D when the number of objects was greater than sixteen. 

Video surveillance can offer a clear vision of the bee’s daily foraging activities, such as 

pollination and collecting nectars. However, it is restricted by many objective conditions, 

such as the brightness of natural light, the visual angle of the installed camera, and 

cleanliness and distinguishable background. Cameras allows us to see the activities of bees 

in and out of beehives, but it fails to let us understand the world inside the hive. 
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3.2.3 Temperature Monitoring 

In 2017, temperature monitoring and control were found to be essential for reducing 

the honey consumption of bees during winters [69]. When bee colonies were put in a 

wintering building where the microclimate was controlled as suitable weather for bee living, 

their food consumption was considerably lower than those living in beehives with the 

natural environment. Besides, there was no quantitative difference of sealed and open 

brood between the two types of the bee colony, which means that the wintering building 

did not exert a harmful impact on bee’s activities in spring with a significant saving of honey 

consumption. 

In 2016, the temperatures inside ten beehives were monitored for four months to 

detect different bee health statuses remotely, for instance, the swarming behaviour of 

honey bees [34]. Nine swarming activities were identified during the period, which showed 

a standard feature that honey bees needed eight to twenty minutes to warm up before 

leaving their beehives. In the warm-up stage, the temperature inside beehives grew by 

1.5°C to 3.4°C from an average temperature range between 34°C and 35°C. After take-off, 

the temperature dropped back to the average level. It proved that the bee swarming could 

be observed by only one multi-sensor placed inside the beehive with the measuring 

frequency every sixty seconds and the swarming identification algorithm. 

In 2013, it was argued that temperature acquisition was the cheapest and most 

straightforward method for monitoring beehives [35]. According to temperature 

information, a range of bee states can be identified, such as starvation, brood rearing, 

swarming, and death colony. One of the talents of honey bees is adjusting the temperature 

inside the beehive. The inside temperature is not evenly distributed. The temperature in 

the bee ball is commonly higher than near the hive walls. Many techniques can be used to 

implement the temperature measurement, from manual temperature measurements, WSN, 

remote monitoring, to infrared imaging. The options of these techniques rely on the actual 

condition and the budget. 

In 2013, bee temperature changes were analysed by time series [36]. The temperature 

data were collected in fourteen beehives every 15-minutes over a whole year. The five 

successive periods of colony development were delineated by the temperature variation 

curve. All breeding stages showed increased temperature, and the inside temperature 

followed linear dynamics no matter how the environmental temperature fluctuated. 

Many critical activities of bees can be detected through temperature measurement. 

However, there is no clear correspondence between temperature changes and bee 

activities. Temperature cannot be used as a single monitoring indicator of beehives. It is 

often monitored simultaneously with sound and humidity. 
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3.2.4 Other Monitoring Methods 

In 2011 [70], a vibrating sensor was placed outside a beehive’s wall. Statistically 

independent instantaneous vibration signals of the colony were recorded in time by a full-

automatically non-intrusive approach. It could predict the swarming activities a few days 

before their appearance by identifying some specific features of the extracted data. 

However, the accurate data and time of the swarming could not be foreseen because the 

data were affected by the resonance of the beehive. 

In 2015 [38], the weight data from different beehives with various environmental 

factors were compared. The researchers explained that the honey bee activities could be 

affected by the changes in the weight of the colony because the weight information showed 

the number of honey bees and the food storage in the beehive. This method was not 

convictive because the weight could change in various environmental conditions, such as 

nectar gathering and consuming, humidity changes, and bee generation and loss. 

Apart from vibration and weight, a range of living conditions, such as humidity and 

O2/CO2 content, can be measured to assess the health status of a beehive. However, they 

can only be used as reference data because they can be affected by environmental 

conditions and vary. 

3.2.5 Comparison 

Acoustic signals, video and temperature monitoring approaches have their advantages 

and disadvantage. How to choose the appropriate methods depends on monitoring 

requirements and budget. Video surveillance is a good option for monitoring bees’ foraging 

activities, visually showing their movement at the entrance and counting the number of 

bees of a beehive. However, video surveillance is more suitable for local monitoring because 

the data uploading to the cloud consumes vast bandwidth. Another drawback is that High-

definition cameras are expensive. Temperature monitoring can predict bees’ swarming 

behaviour, and it can be used to observe whether the hive is healthy. The beehive’s 

temperature is usually stable during nights because bees stay together to maintain warmth. 

The defect of temperature monitoring is that there is no accurate correlation between 

temperature and beehive health statuses.  

In contrast, the audio-based signal processing can identify a wide range of beehives’ 

health statuses because different roles of bees make sounds with different frequencies to 

inform other bees in certain conditions. In comparison, audio-based signal processing is 

preferred to identify queen-less beehives (as shown in Table 3.2). The audio-based 

monitoring can also be used to identify a wide range of beehive statuses (as shown in Table 

3.3 [71]), while video and temperature monitoring can only provide limited information 
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about beehives. The audio-based methods of queen-less beehive identification are 

reviewed in the next section, and the open problems are discussed. 

 
  Beehive monitoring methods 

Audio signal processing Video monitoring  Temperature analysing 

Advantages 1.  Can detect most 
beehive statuses; 
2. Microphones are 
easy to install; 
3. Affordable. 

1. Can identify the 
activities of individual bee; 
2. Can estimate the honey 
productivity of a beehive. 

1. Identifying many 
beehive statuses (less 
than audio signal 
processing); 
2. Minimum amount of 
data acquisition and 
computation; 
3. Affordable. 

Disadvantages 1. Can be interrupted 
by environmental 
noise. 

1. Cameras cannot install 
inside the beehive; 
2. enormous column of 
data to transit and 
compute. 
3. Expensive. 

1. No clear 
correspondence 
between temperature 
changes and bee 
activities 
2. Cannot be used as a 
single monitoring 
indicator 

 

Table 3.2 The comparison between audio, temperature and video processing methods 
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3.3 Audio-based Queen-less Beehive Identification 

Several studies have revealed that queen-less beehives could be identified by using 

audio-based beehive monitoring methods. This section illustrates the change of bee signals 

in the low-frequency range when the queen is absent from a beehive. Three different 

classification models for queen-less detecting are reviewed to prove the feasibility of audio-

based queen-less beehive identification. However, these approaches did not discuss the 

impact on audio signal processing and classification, which should be further analysed and 

tackled. 

3.3.1 Audio Signal Features of Queen-less Beehives 

In 2013, researchers looked at the identification of queen-less beehives from their 

inside audio signals [72]. They considered two physical features of the signals indicating the 

queen presence, named “warble” and “moaning”. The “warble”, occurring in the frequency 

range 225Hz to 285Hz, is a signal of inactivity of the queen bee. The moaning, between 

165Hz and 285Hz, shows the queen’s absence in a bee colony. This study proved that queen-

less beehives’ audio signals were outstanding in low-frequency ranges when using Short-

time Fourier Transform (STFT) and S-transform Spectrogram to analyse (as shown in Figure 

3.1). Compared with STFT, S-transform can deal with the non-stationary signals appearing 

in the beehives. 

 

Queen-right                             Queen-less 

  
 

Figure 3.1 STFT Spectrogram of Queen-right and Queen-less audio signals [72] 

 

    The output of the frequency analysis was classified by Self-Organising Maps (SOM), a 

kind of ANN model to reduce the dimension of a large amount of high dimensional data and 

simplify it into a topological map. The performance of the classification implemented by 

SOM did not match the expectation since the appropriate dataset and features were not 

found. However, researchers pointed that the amplitude surged between 165Hz and 285Hz 

in frequency spectrum when the queen disappeared from beehives. They also proposed to 

use MFCC features to improve the queen-less beehive detecting in future work. 
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3.3.2 Logistic Regression Model 

In 2019, patterns of the audio signals acquired from beehives were analysed by Lasso 

Logistic Regression and Singular Value Decomposition for identifying the queen-less colony 

[64]. This study consisted of two steps: the identification of the queen-less beehives and the 

classification of three different beehive conditions, queen-right, queen-less in a natural way, 

and man-made queen-less. Five beehives were used to implement two experimental 

sessions to compare the difference between healthy beehives and queen-less beehives. The 

five beehives included 

⚫ one healthy colony with a large population, 

⚫ one healthy colony with a large population without the queen, 

⚫ one healthy colony with a regular population,  

⚫ one healthy colony with a regular population without the queen, and 

⚫ one queen-less colony with a reduced population.  

The monitoring system was composed of omnidirectional microphones, solar panels, 

and Raspberry Pi II microprocessors. Metallic meshes were used to protect the microphones 

recording acoustic signals from bee wax. A solar panel provided sustainable power with 10-

watt output and 7,000 milliamperes of battery capacity. The audio signals were sampled 

every 10 minutes for 30 seconds, with the sampling rate at 4,000 Hz. 

The audio signal processing was implemented in two steps. The first step was to extract 

MFCC features from bee signals, which transformed the signals into spectrograms to show 

the features with different frequencies and allow computers to read and process the 

continuous signals. In this stage, the raw signals passed through a high-pass filter to flatten 

the signals’ spectrum by enhancing the high-frequency part, which is called pre-emphasis. 

The signals were divided into frames of short duration ranging from 20 milliseconds (ms) to 

40ms to group samples, and each frame was multiplied by a hamming window to increase 

the continuity of the frames. Next, the frames were converted to energy distributing in the 

frequency domain to be observed by the Fast Fourier Transform (FFT). According to the Mel-

scale, the power spectrum was distorted and then calculated the maximum frequency of 

the audio signals. The logarithmic energy output from a triangular filter bank was put into 

the Discrete Cosine Transform (DCT) to obtain the l-order Mel-scale Cepstrum parameters. 

In the second step, an improved Logistic Regression with Lasso regularisation provided 

the probability of the three-class outcomes using the glment package in the R language. The 

datasets were split into 70%/30% and 50%/50% training and testing datasets, and even the 

unbalanced datasets returned classification accuracies higher than 95%. The classification 

model evaluation based on Area Under Curve (AUC) of Receiver Operating Characteristic 

Curve (AOC) showed a noticeable score, at around 0.99. Researchers proposed to use this 

model to identify other beehive statuses, such as swarming and infestation of the varroa. 
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3.3.3 SVM and CNN Models 

In 2019, the Hilbert Huang Transform (HHT) and MFCC were used with ML classification 

models to improve spectral representation in long-term modelling [73]. This study used a 

bee audio dataset achieved from the NU-Hive project and two ML classification algorithms 

to recognise beehive statuses. The experiment contained two tasks:  

1. feature extraction using MFCC and HHT;  

2. classification conducted by SVM and Convolutional Neural Network (CNN). 

The feature extraction was processed with three methods. The first method used Mel 

frequency bands, while the second extracted a feature vector with 20 MFCCs from a ten-

mins length acoustic sample. Researchers used HHT to extract the mean normalised 

frequency in the last one. The signals were divided into frames, including 32,000 audio 

samples, and each of them was decomposed by Empirical Mode Decomposition (EMD) to 

acquire a set of Intrinsic Mode Functions (IMF) to represent the oscillations in the audio 

signals. The IMF was then used for Hilbert Transform analysis, and the Mean Normalised 

Frequency (MNF) was regarded as the final spectral feature to show the spectrogram. 

The experiments compared the classification performance between SVM and CNN 

models with different sample options. The highest classification accuracy of SVM was 

generated by a combined input of two consecutive MFCC feature vectors. In comparison, 

the CNN model showed a better recognition ability for independent datasets, which means 

the training and testing datasets were attained from different beehives. 

3.3.4 Sub-band features with MLP Model 

In 2020, a method was proposed to monitor queen-less beehives with sub-band Fbank 

features and an MLP model [74]. It was argued that the method could increase queen-less 

beehives recognition performance by producing a more complicated multidimensional 

feature set than previous approaches. The most intriguing finding of this research is that it 

extracted bee audio features from three overlapping frequency ranges. The classification 

accuracies were noticeable low when the MLP processed single sub-band acoustic features. 

In contrast, the input of a combination of all the three sub-bands features produced a higher 

than 99% classification accuracy. However, the frequency range of queen-less audio signals 

assumed by this study greatly exceeds the frequency range of the bees’ daily activities. The 

characteristic of the rain noise is also not analysed, so it is uncertain why it designs the three 

sub-band ranges and why the compositive features of the three sub-bands can greatly 

improve the classification accuracy. The MFCC features were expected by the researchers 

to use in the future work. 



IDENTIFICATION OF QUEEN-LESS BEEHIVES USING SIGNAL ENHANCEMENT TECHNIQUES AND NEURAL NETWORKS 

30 

 

3.3.5 Comparative Discussion 

This section elaborates on the features of audio signals in queen-less beehives, the 

methods of feature extraction, and the classification models for identification tasks. A 

noticeable increase of amplitude in the frequency range 165Hz to 285Hz is a sign of queen 

absence. So the acoustic features in this range should be carefully processed and analysed. 

As a human speech feature recognition tool, MFCC is also widely used in biological audio 

signal feature extraction. MFCC features showed a better performance than FFT in queen-

less beehive identification tasks, as mentioned above. ML and Deep Learning (DL) 

algorithms can classify queen-right and queen-less beehives, showing a high classification 

performance. The choice of classification models depends on the identification target, the 

dataset used, and other experimental requirements and conditions. 

According to previous studies, the queen-less beehive identification can implement 

following specific steps: 

1. dataset preparation; 

2. feature extraction; 

3. classification; 

4. model evaluation. 

Dataset acquired from the real beehive and laboratory are different. Researchers in study 

one conjectured that they did not achieve the expected experimental results due to an 

inappropriate dataset, but they failed to consider the impact of the environmental noise 

surrounding the beehives. It is shown that using clean bee signal datasets can gain a 

relatively high classification accuracy. In the feature extraction step, MFCC is the most 

popular method to represent bee signals’ features. More feature extraction methods will 

be introduced and compared in Chapter 5 to show which measure of feature extraction is 

the most appropriate for bee audio signal processing. In comparison, the sub-band feature 

extraction with MLP classification algorithm shows the highest classification accuracy, 

higher than 99%, while the SOM classification based on FFT and S-transform has the lowest 

performance (as shown in Table 3.4). The proportion of training and testing datasets can be 

varied, and it can be adjusted depending on dataset size and testing purpose. The learning 

performance of the classification models can be evaluated by the AUC score, which will be 

described in section 7.5.3. 
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Queen-less beehive identification methods 

Key steps Study one 
[72] 

Study two 
[64] 

Study three [73] Study four 

Dataset 
preparation 

Acquired 
from two 
types of 
honey bees; 
Model 
training and 
testing 
methods 
were not 
described. 

Clean bee 
signal 
dataset; 
70%/30% 
and 
50%/50% 
training 
and testing 
datasets. 

Clean bee 
signal 
dataset; 
95% training 
and 5% 
testing; 
Training and 
testing 
datasets 
were 
attained 
from 
different 
beehives. 

Clean bee 
signal dataset; 
47.5% training, 
5% testing and 
47.5% 
Validation; 
Training and 
testing 
datasets were 
attained from 
different 
beehives 

Noisy bee signal 
dataset; 
80% training, 
20% testing; 

Feature 
extraction 

FFT and S-
transform 

MFCC MFCC MFCC Sub-band Fbank 
features 

Classification SOM LR SVM CNN MLP 

Model 
evaluation 
method 

Not 
mentioned 

AUC AUC AUC K-fold cross 
validation 

Accuracy Not 
mentioned 

Above 95% Higher than 
90% 

Higher than 
80% 

Higher than 99% 

 

Table 3.4 The comparison between different methods of identifying queen-less beehives 

 

    The problem is that most of these methods did not consider the impact of 

environmental noise on bee signal processing. The pure bee sounds are easy to classify, but 

the noisy signal can reduce the classification performance significantly. The existing audio-

based signal processing methods can be improved by adding a step of signal enhancement, 

which will be explained in the subsequent chapter. The following sections describe available 

dataset sources of bee audio signals and the current research gap. 

3.4 Available Datasets 

The datasets of bee audio signals are mainly from two ways: recording from a beehive 

using acoustic equipment or from authoritative resources, for example, from a platform 

focusing on collecting data from beehives or from websites dedicated to collecting, 

examining, and sharing datasets. Researchers embedded accelerometers and microphones 

in beehives to record bee audio signals and identified hissing signals [75]. The 

accelerometers were installed in the medium hive to acquire the vibration of the bee wings, 

and the microphones were mounted on the top to record the bee audio signals. These 
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signals were passed a band-pass filter to cut off frequencies above 10,000 Hz and below 10 

Hz.  

Recently, the audio signals were acquired by omnidirectional microphones because 

they can record the bee audio signals more clearly [33]. The sampling rate was set to 2,000 

Hz by using soundcards from desk computers. Pre-amplifiers were installed to control the 

audio signals and to avoid saturation. In another case, the Electronic Beehive Monitoring 

system (EBM), composed of microphones, thermometers and humidity sensors, focused on 

bee swarming identification [31]. The EBM can provide an overall estimation of different 

indicators of the swarming activities of honey bees. The microphones embedded in the 

beehives must be carefully protected from bee wax [76]. The protecting meshes must be 

cleaned regularly, or they can be clogged. Researchers usually spent several weeks to 

several months recording bee audio signals from beehives.  

Using public datasets of bee audio signals can save a considerable amount of research 

time and provide a chance to compare the results of different processing methods for the 

same dataset. Two projects have been established to develop beehive monitoring systems. 

They both focus on identifying the most critical statuses of beehives for apiarists. The Open 

Source Beehive (OSBH) project establishes a platform for beekeeping information collecting 

and sharing among their beekeeping members’ beehives. The beekeepers are required to 

upload bee sound recordings and mark the hives’ statuses at the moment. Because the 

recording conditions can be varying, such as hardware used, microphone locations, and 

apiary environment, the datasets are varied and plentiful. Another project is called the NU-

Hive project [77], which acquires comprehensive data of bee audio signals and other 

variables about bee activities. The datasets acquired from this project are in homogeneous 

beekeeping environments under strict control.  

The dataset used for this thesis is download from the NU-Hive project because it is 

acquired from the real apiaries and is officially authorised. 

3.5 Research gap 

    This thesis aims to apply a proposed system to make efficient identification of queen-

less beehives. The first task is to design a monitoring system architecture, as mentioned 

above, and choose efficient algorithms in each step of the signal processing flow to shorten 

computing time. Another task, the most significant one, is to prove the negative impact of 

environmental noise on bee signal processing and improve current audio-based methods 

by tackling this problem using signal enhancement techniques. This section briefly 

introduces efficient beehive monitoring and audio signal enhancement. 
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3.5.1 Efficient Beehive Monitoring  

In many applications, researchers can take the datasets of audio signals to the 

laboratory and remove the noise before running the classification algorithms. However, this 

thesis aims to filter the noise and identify queen-less beehives immediately after signal 

acquirement. Efficient beehive monitoring provides beekeepers with critical information 

about honey bee activities. Beekeepers can take timely action on the beehive based on the 

information. The beehive monitoring system is composed of multi-sensors, wireless sensor 

network (WSN), microcomputers, signal processing, and cloud. The audio-based signal 

processing is competent in the system because it has a relatively small amount of data 

uploading and calculating. The details of hardware architecture design will not be discussed 

because this thesis contributes to the technical respect. The signal enhancement techniques, 

feature extraction methods, and classification models will be described and compared in 

the following chapters. The core idea of choosing them is the simplicity of execution with 

high classification accuracy. 

3.5.2 Audio Signal Enhancement 

The bee sound datasets used in related research are clean data, which means the 

datasets are the pure bee acoustic signals instead of the complete raw signals collected 

from beehives. The pure bee signals are accessible for bee monitoring research and can 

show an excellent classification performance. The raw audio signals, however, are generally 

composed of bee sounds and environmental noise. For example, the raw audio signals 

collected from the beehive can contain bee sounds and rain noise since rain is always 

expected in New Zealand. Indeed, other kinds of noise can be recorded depending on the 

location of the apiary. This thesis focuses on filtering rain noise which is a continuous and 

steady audio signal. 

There are many measures to filter the noise to enhance the valuable signals. In some 

studies, the features of raw bee audio signals were directly classified by ML algorithms [78]. 

The method showed a relationship between bee hissing signals and queen bee presence. 

Some research removes frequencies outside the range between 100Hz and 2,000Hz using a 

Butterworth band-pass filter [33]. This method can remove a wide range of ambient noises 

but cannot filter those emitting similar or in the same frequencies. For example, the 

frequencies of rain noise are argued to occupy the entire frequency spectrum. In these cases, 

the multi-band spectral subtraction and Wiener filter can filter the noise from noisy signals 

in frequency and time domains, respectively. The filtering effect can be evaluated by 

comparing the signal-to-noise rate (SNR) before and after the filtering.  
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Another key to determine the classification performance is the features of the signals. 

Several features are commonly used to characterise sound signals, such as loudness, FFT, 

MFCC, Linear Prediction Coefficient (LPC), Linear Predictive Cepstral Coefficients (LPCC), 

Perceptual Linear Prediction(PLP), Wavelet Transform (WT), Fundamental Frequency, and 

pitch period. The most commonly used in voice recognition systems is the MFCC. The MFCC 

fully considers the acoustic characteristics of the human ear and has proper recognition, 

which is the main reason the MFCC features are widely used to describe the natural 

environment sound data. When noise occurs, however, the classification performance of 

the MFCC features is significantly reduced.  

The following chapters describe how the Multi-band Spectral Subtraction and the 

Wiener filter enhance the audio signals captured from beehives. Also, they describe how 

the improved MFCC works to extract the features of these signals. 
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Chapter 4   
 

 

Multi-band Spectral Subtraction and 

Wiener Filter 
 

 

 

 

Audio signal enhancement is an essential technique of signal processing. It can be used 

to remove environmental noise and to reconstruct the signals close to the target signals. 

Through this technique, researchers can get more valuable audio signals from a noisy 

background. Different types of noise exist in reality:  

1. Periodic noise: this is a disruption with periodic patterns, such as electrical 

interference. This type of interference appears as some discrete narrow frequency peaks;  

2. Impulsive noise: it occurs as sharp sounds at a moment, such as some 

electromagnetic interference caused by sparks and discharges;  

3. Broadband noise: this noise is characterised by broad frequency bandwidth, 

covering almost the entire voice frequency bands, such as Gaussian and white noise.  

4. Coloured noise: it may occupy wide frequency bands, similar to broadband noise, 

while it is prominent in some narrow bands. This noise can be from the wind, the rain, and 

the flowing water.  

Relevant signal enhancement approaches should be used to deal with the different types of 

noise. The multi-band spectral subtraction and the Wiener filter are two of the most popular 

methods to implement speech enhancement [79]. They also can adaptively filter the noise 

from different frequency bands, which tackles the coloured noise problems.  
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This chapter mainly describes the Multi-band Spectral Subtraction and the Wiener 

filter as signal enhancement tools reducing noise from different frequency bands. Rain noise, 

discussed in this thesis, does not exert an evenly distributed effect across the entire 

spectrum. Its features will be explained in the next chapter. The multi-band spectral 

subtraction reduces the noise from the frequency domain, while the Wiener filter executes 

the noise removal from the time domain [80]. Their theories are illustrated in the following 

sections, and their signal enhancement effects will be compared in Chapter 7.  

4.1 Related Work 

Signal enhancement techniques include the approaches based on short-time spectrum 

estimation [81], auditory masking [82], noise cancellation [83], and wavelet transform [84]. 

The spectral subtraction based on short-time spectrum estimation has been used to 

enhance human speech due to its simple and efficient algorithm. However, this algorithm 

has a considerable amount of music noise in practical applications due to a significant 

stability assumption. Michael G. Berouti, Richard M. Schwartz and John Makhoul proposed 

subtracting an overestimate of the noise power spectrum to balance the residual noise [85]. 

Zhang Yue improved this algorithm using the acoustic characteristics of the human ear and 

appropriately adding broadband noise to mask the music noise [86], namely the auditory 

masking effect [87]. Although the new algorithm can reduce the impact of music noise to a 

certain extent, the noise reduction effect is not noticeable when the noise is relatively low. 

It may also lead to the deterioration of audio signals. So Multi-band spectral subtraction is 

introduced to tackle noise overestimate problems. 

The well-known traditional filters operating with Wiener filer are the Finite Impulse 

Response filter (FIR) and the Infinite Impulse Response filter (IIR). The IIR filter obtains high 

selectivity with a lower order. It has lower computing consumption and high efficiency. 

However, this high efficiency comes at the cost of phase nonlinearity. The better the 

selectivity is, the more severe the phase nonlinearity is. The IIR filter sometimes reduces 

stability due to pole shifts and even generates parasitic oscillations. In contrast, the FIR filter 

can get a strict linear phase with a higher calculation cost and a more substantial signal 

delay. As long as the FIR filter uses a non-recursive structure, there is no stability problem 

in theory or actual finite-precision calculations, so the frequency characteristic error caused 

is also tiny. Additionally, the FIR filter can use the FFT algorithm so that its operation speed 

can be much faster than the IIR under the same order condition. IIR and FIR filters have their 

advantages and disadvantages. How to choose them thoroughly depends on practical 

applications [88]. They can also be applied to reduce the periodic electrical noise [89], [90], 

Gaussian noise, and white noise [91]. 
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Traditional filters can achieve a good filtering result if the power spectrum of the noise 

and the valuable signals do not overlap. Otherwise, the effect of denoising can be decreased. 

There is no approach to separating the valuable signals from the noise In the sophisticated 

exponential signal space. Therefore, the Wiener filter was developed. The Wiener filter can 

be seen as a theoretical framework containing various implementation methods [92].    

The following parts describe that Multi-band Spectral Subtraction reduces noise 

according to the characteristics of the noise in different frequency bands. It is also discussed 

that the Wiener filter is an optimal estimator for stationary processes based on the 

Minimum Mean Square Error (MMSE). The mean square error between the output of this 

filter and the expected output is minimal, so it is an optimal filtering system. It can extract 

signals contaminated by stationary noise [93] and even by non-stationary noise [94]. 

4.2 Multi-band Spectral Subtraction 

Multi-band spectral subtraction is an upgraded version of traditional spectral 

subtraction. Traditional spectral subtraction denoising research generally focuses on non-

linear methods of the spectral subtraction process. In addition to white noise, the actual 

natural world also includes many coloured noises (such as wind sound, rain sound, and 

water flow). The noise does not exert a uniform effect across the entire spectrum. Therefore, 

it is necessary to estimate an appropriate factor to subtract the appropriate noise spectrum 

from each frequency band and prevent destructive spectrum reduction while removing 

noise [95]. This method is called Multi-band Spectral Subtraction which is widely applied to 

biologically audio signal processing. With this method, the noise can be appropriately 

reduced in different frequency bands, and the overestimation problem of noise can be 

avoided. 

Supposing that the noise is independent of the original signal, the noisy signal 𝑦(𝑛) 

can be defined as: 

 

𝑦(𝑛) = 𝑠(𝑛) + 𝑑(𝑛) (4. 1) 

 

Here, 𝑠(𝑛) is the original signal; 𝑑(𝑛) is the noise. 

 

The power spectrum of the noisy signal 𝑃𝑦 can be defined as: 

 

𝑃𝑦 =  |𝑦(𝑛)|2 = |𝑠(𝑛)|2 + |𝑑(𝑛)|2 (4. 2) 

 

So the estimated power spectrum of the enhanced signal 𝑃𝑠′ can be defined as: 
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𝑃𝑠
′ =  |𝑠′(𝑛)|2 = |𝑦(𝑛)|2 − 𝑎|𝑑′(𝑛)|2 (4. 3) 

     

Here, 𝑠′ (n) is the estimated enhanced signal; 𝑑′(𝑛)  is the estimated noise; 𝑎  is the 

overestimate coefficient.  

 

The noisy signal is divided into N non-overlapping frequency bands where the 

segments of the signal are subjected to spectral subtraction. The estimated power spectrum 

of the original signal in band 𝑖 can be defined as: 

 

    

𝑃𝑠𝑖
′ = |𝑠𝑖

′(𝑘)|2 = |𝑦𝑖(𝑘)|
2 − 𝑎𝑖𝛿𝑖|𝑑𝑖

′(𝑘)|2    (𝑏𝑖 ≤ 𝑘 ≤ 𝑒𝑖 ) (4. 4) 

 

Here, 𝑏𝑖  and 𝑒𝑖  are the start point and the endpoint of the 𝑖th frequency band; 𝑎𝑖 is 

the overestimate coefficient; 𝛿𝑖 is the compensation factor which is used to set the noise 

absorption function. 

 

Based on the overestimate subtraction method provided by Berouti et al., the 𝑎𝑖 

which is the can be calculated by segmental SNR 𝑆𝑁𝑅𝑖: 

 

𝑎𝑖 = {

5,   𝑆𝑁𝑅𝑖 < −5

4 −  
3

20
( 𝑆𝑁𝑅𝑖 ),  − 5 ≤  𝑆𝑁𝑅𝑖 ≤ 20

1,   𝑆𝑁𝑅𝑖 > 20

(4. 5) 

 

The value of 𝛿𝑖 is in the range: 

 

𝛿𝑖 =

{
  
 

  
 
2.5,  𝑓𝑖 < 1𝑘𝐻𝑧

1.5,  1𝑘𝐻𝑧 < 𝑓𝑖 <
𝐹𝑠

2
− 3𝑘𝐻𝑧

1.2,  
𝐹𝑠

2
− 3𝑘𝐻𝑧 < 𝑓𝑖 <

𝐹𝑠

2
− 2𝑘𝐻𝑧

0.8,  𝑓𝑖 >
𝐹𝑠

2
− 2𝑘𝐻𝑧

(4. 6) 

 

Here, 𝑓𝑖  is the highest frequency in the 𝑖th frequency band; 𝐹𝑠 is the sampling rate. 

 

If 𝑃𝑠𝑖
′ < 0 after spectral subtraction, the estimated power spectrum of the original signal 

in band 𝑖 is calculated with the spectral floor 𝛽 : 
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𝑃𝑠𝑖
′ =  𝛽|𝑦𝑖(𝑘)|

2𝛽 = 0.002 (4. 7)  

 

The major disadvantage of spectral subtraction is the overestimation problem. It 

occurs when the difference between the amplitude spectrum of noisy signals and the 

estimated noise spectrum is negative. The simplest approach to deal with this problem is to 

reset the negative value to zero to ensure a non-negative amplitude spectrum. However, 

this non-linear processing of negative values will cause small, independent peaks at random 

positions in the signal frame spectrum. After switching to the time domain, these peaks 

sound like multi-frequency tones with randomly varying frequencies from frame to frame. 

This phenomenon is usually pronounced in the unvoiced segment. This noise, due to half-

wave rectification, is called musical noise.  

The main advantages and disadvantages of the Multi-band Spectral Subtraction are 

listed in Table 5. It shows that the Multi-band Spectral Subtraction is suitable for bee signal 

enhancement on rainy days because it can reduce the substantial interruption of the rain 

noise in the low-frequency bands and not overestimate the noise in the high-frequency 

bands. 

 

  Multi-band Spectral Subtraction 

Advantages 

1. It can effectively reduce varying degrees of the impact of noise on different 
frequency bands. 
2. It is usually applied to reduce the natural environmental noise when 
biologically audio signals are processed. 
3. The distortion and musical noise can be controlled by using the 
overestimate coefficient a and the spectral floor β. 
4. It is a standard noise reduction algorithm that is easy to implement. 

Disadvantages 
1. The estimation of the noise spectrum is inaccurate. 
2. The signals filtered by Spectral Subtraction may generate musical noise. 
3. The gain function has immense variability. 

 

Table 4.1 The main advantages and disadvantages of the Multi-band Spectral Subtraction 

4.3 Wiener Filter 

In the 1940s, Norbert Wiener laid the foundation for research on the best filters, which 

is named the Wiener filter, based on the assumption that the input of the linear filter is the 

sum of clean signal and noise. Wiener calculated the best parameters of the linear filter 

according to the Minimum Mean Square Error, which can be denoted as in Figure 4.1. One 

of the significant advantages of the Wiener filter is its wide adaptability. It can be applied 

no matter the stationary random process is continuous or discrete and scalar or vector. 

However, the Wiener filter is difficult to meet the conditions for obtaining all the 



IDENTIFICATION OF QUEEN-LESS BEEHIVES USING SIGNAL ENHANCEMENT TECHNIQUES AND NEURAL NETWORKS 

40 

 

observation data in the semi-infinite time interval. It is unsuitable to be used in the case of 

random processes with non-stationary noise. 

 

Figure 4.1 A diagram of a simple Wiener filter 

 

The implementation of the Wiener filter depends on two options: 

1. Filter impulse selection (FIR / IIR) 

2. Selection of statistical optimisation. 

4.3.1 Wiener Filter Based on FIR 

1. Definition 

 

The output �̂�(𝑛) of the FIR filter can be defined as: 

 

�̂�(𝑛) = ∑ ℎ𝑘𝑦(n − 𝑘)

𝑀−1

𝑘=0

(4. 8) 

 

Here ℎ𝑘  is the FIR filter coefficient, and M is the number of the coefficients. 

 

The estimated error can be defined as: 

 

𝑒(𝑛) = 𝑑(𝑛) − �̂�(𝑛) = 𝑑(𝑛) − ℎ𝑇𝑦𝑇 (4. 9) 

 

Hereℎ𝑇 = [ℎ0, ℎ1, ℎ2… ℎ𝑀−1] , 𝑦𝑇 = [𝑦(n), 𝑦(n − 1), 𝑦(n − 2)…  𝑦(n − M + 1)]  is the 

input vector that includes the past M samples. 
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Wiener Filter provides the definition of mean square error based on the Minimum 

Mean Square Error: 

 

𝐽 = 𝐸[𝑒(𝑛)
2 ] = 𝐸[𝑑(𝑛)

2 ] − 2ℎ𝑇𝑟𝑦𝑑
−1ℎ𝑇𝑅𝑦𝑦ℎ (4. 10)  

 

Here 𝑟𝑦𝑑
−1 = 𝐸[𝑦𝑑(𝑛)] is the cross-correlation vector between the input and the desired 

response. 

     

    The mean square error should be minimised to make the output as close to the original 

signal as possible. 

 

2. Solving the equation by using Wiener filter 

 

According to the Orthogonality Principle, the partial derivative of the FIR filter can be 

defined as: 

 

𝜕𝐽

𝜕ℎ
= −2𝑟𝑦𝑑

−1+2ℎ𝑇𝑅𝑦𝑦 (4. 11) 

 

When the partial derivative 
𝜕𝐽

𝜕ℎ
 = 0, we get the equation: 

 

ℎ𝑇𝑅𝑦𝑦 = 𝑟𝑦𝑑
−1 (4. 12) 

 

This is the Wiener-Hopf equation which can generate the optimal solution of the 

Wiener filter: 

 

ℎ𝑜𝑝𝑡 = 𝑅𝑦𝑦
−1𝑟𝑦𝑑

−1 (4. 13) 

 

It is necessary to calculate the inverse of the autocorrelation matrix of the data when 

implementing Wiener filters and predictors. However, the cost of calculating the inverse of 

the matrix can be enormous when the size of the dataset is large. So the Levinson-Durbin 

algorithm can be used to solve the coefficients. 
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4.3.2 Wiener Filter Based on IIR 

1. Definition 

 

The output �̂�(𝑛) of the IIR filter can be defined as: 

 

�̂�(𝑛) = ∑ ℎ𝑘𝑦(n − 𝑘) = ℎ(𝑛) ∗ 𝑦(𝑛)

∞

𝑘=−∞

(4. 14) 

 

Here ℎ𝑘  is the filter coefficient, and M is the number of the coefficients. The “∗” indicates 

convolution. It is easy to prove that the finite length in the time domain corresponds to the 

infinite length in the frequency domain and vice versa. Thus, the processing of the IIR filter 

is more suitable to be applied in the frequency domain. 

The mean square error can be calculated by: 

 

         𝐽 = 𝐸[|𝐸(𝜔𝑘)|
2] 

= 𝐸[|𝐷(𝜔𝑘)|
2] − H(𝜔𝑘)𝑃𝑦𝑑(𝜔𝑘) − 𝐻

∗(𝜔𝑘)𝑃𝑦𝑑(𝜔𝑘) + |𝐻(𝜔𝑘)|
2𝑃𝑦𝑦(𝜔𝑘) (4. 15) 

 

Here 𝐸(𝜔𝑘) is the frequency domain transform of 𝑒(𝑛), 𝑃𝑦𝑑(𝜔𝑘) = 𝐸[𝑌(𝜔𝑘)𝐷
∗(𝜔𝑘)], 

𝑃𝑦𝑦(𝜔𝑘) = 𝐸[|𝑌(𝜔𝑘)|
2]. 

 

2. Solving the equation by using Wiener filter 

 

The complex derivative for 𝐽 𝑐𝑎𝑛 𝑏𝑒 𝑠𝑜𝑙𝑣𝑒𝑑 𝑎𝑠: 

 

𝜕𝐽

𝜕𝐻(𝜔𝑘)
= 0 ⇒ 𝐻∗(𝜔𝑘)𝑃𝑦𝑦(𝜔𝑘) − 𝑃𝑦𝑑(𝜔𝑘) = 0 (4. 16) 

 

Then we can get the optimal solution of the Wiener filter: 

 

ℎ𝑜𝑝𝑡(𝜔𝑘) =
𝑃𝑦𝑑(𝜔𝑘)

𝑃𝑦𝑦(𝜔𝑘)
(4. 17) 

 

Generally, FIR filters are better than FIR filters in terms of stability, calculation speed 

and design flexibility, while IIR filters occupy smaller storage space. Firstly, Under the same 

technical indicators, the IIR filter has output feedback to the input, so it can use fewer orders 

than the FIR filter to meet the requirements of the index. In this way, fewer storage units 
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are used. However, the IIR filter cannot get a strictly linear phase in comparison to the FIR 

filter. The better the IIR filter selectivity, the more serious the phase nonlinearity. The FIR 

filter mainly uses a non-recursive structure, making it more stable theoretically and 

practically with finite-precision calculations. The IIR filter must adopt a recursive structure, 

and the pole must be within the unit circle of the z plane to be stable. This structure, with 

the rounding process in operation, sometimes may cause parasitic oscillation. Secondly, The 

FIR can use the FFT algorithm because its impulse response has a finite length, which means its 

operation speed can be much faster than the IIR.  

Finally, from the design respect, The IIR filter can use the existing closed formulas, data 

and tables of analogue filter design, so the calculation workload and the requirements for 

the calculation tools is low. The FIR filters generally do not have a ready-made design 

formula. The window function method only gives the calculation formula of the window 

function, but there is no display expression for calculating the passband and stopband 

attenuation. In general, the FIR filter’s design can only be used by computer programs. The 

IIR filter is mainly designed to standardise the low-pass, high-pass, band-pass, band-stop, 

and all-pass filters with piecewise constant frequency characteristics. In contrast, the FIR 

filter is much more flexible and can design ideal orthogonal transform devices, ideal 

differentiators, linear frequency modulators, and other networks, which have wide 

adaptability.  

The FIR Wiener filter is more appropriate for bee signal processing because it can be 

designed for fast data analysis and is intuitive to eliminate noise from the frequency domain 

(as shown in Table 4.2). 

 
  FIR Wiener filter IIR Wiener filter 
Advantages 1. It can get a strict linear phase difference. 

2. It is hard to cause oscillation. 
3. Its operation speed can be much faster 
than the IIR. 
4. It can be designed to be more flexible. 

1. It uses fewer storage units, 
which means more economical. 
2. It has little calculation workload 
with fewer application 
requirements. 

Disadvantages 1. The use of computing resources and 
memory power is higher than the IIR. 
2. Excessive operation can occur in high 
frequencies when solving low-frequency 
problems. 

1. It cannot get a strict linear 
phase difference. 
2. Its operation speed is slower 
than the FIR. 

 

Table 4.2 The comparison between the FIR and IIR Wiener filters 

 

In the following chapter, the features of the bee signals and the rain noise will be 

analysed, and various feature extraction methods will be reviewed and compared. The 

Improved MFCC features based on the signal enhancement highlight bee audio signal 

features from the noisy signals. 
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Chapter 5   
 

 

Improved MFCC Features 
 

 

 

 

In audio signal classification, the extraction of appropriate features is the key to 

determine the classification performance. Many features can be used to characterise audio 

signals, such as loudness, FFT, MFCC, LPC, LPCC, PLP, WT, Fundamental Frequency, and pitch 

period. Among them, the MFCC is applied most widely because it fully considers the hearing 

characteristics of the human ear and has a proper recognition, so MFCC features can be 

used to describe the environmental sound data. However, the performance of MFCC 

significantly decreases with increasing noise power, which means the standard MFCC 

features cannot achieve good results in a noisy environment [96]. The audio signals 

captured from a beehive are inevitably a mixture of bee sounds and other unpredictable 

noise. For example, the audio signals acquired from the beehive can contain bee sounds 

and rain noise. In an apiary, various noises can be acquired, depending on the weather, the 

location of the apiary, and human activities. The signals enhanced by filters can improve the 

MFCC features of the signals so that this type of MFCC can be titled “Improved Mel-

frequency Cepstral Coefficients (IMFCC)”. The IMFCC shows a better performance of 

representing the target sound than standard MFCC in noisy environments. As the noise 

increases, the classification accuracy rate based on the standard MFCC features drops 

sharply, while those using the IMFCC features still maintain a high classification accuracy 

[97].  

This chapter explains the common characteristics of bee audio signals and rain noise 

in the low-frequency range shown in the spectrogram and their acoustic signals’ 
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overlapping problems. A wide range of feature extraction methods is discussed and 

compared for the queen-less beehive identification task. At the end of the chapter, the 

IMFCC working principle will be explained. 

5.1 Analysing Features of Bee Signal and Noise 

The frequency of bee sounds is argued to be mainly between 165 Hz and 800 Hz in a 

bee colony [64]. However, a sharp increase of bee signals will be captured between 165 and 

285 Hz in a queen-less beehive, as shown in Figure 5.1 [72]. Rain noise covers almost the 

whole frequency spectrum, though the most prominent frequencies are in the range of 

6,000 Hz - 8,000 Hz (Light rain can be prominent between 4,400 Hz and 5,600 Hz, as shown 

in Figure 5.2 [98]). Short-time Fourier Transform (STFT) shows that continuous low-

frequency signals appear when the queen bee is absent from the beehive and that the rain 

noise occupies almost the entire frequency range and overlaps with bee signals. 

 

Queen-right                           Queen-less                                                              

 

 

 

 

 

 

 

 

Figure 5.1 STFT spectrogram of queen-right and queen-less, 50% overlap window with 

80ms window size [72] 

 

 

Figure 5.2 The spectrogram of two different rain noises [98] 
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Several methods can be taken to reduce the noise in the spectrogram. The traditional 

spectral subtraction reduces the noise segment from the power spectrum of the noisy signal 

[99], [100]. The problem is that distortion occurs when the audio signals change 

dramatically due to the inaccuracy of the short-term noise spectrum estimation [101], [102]. 

In recent years, the study of spectral denoising has generally focused on the non-linear 

method of the spectral subtraction process [103]. This chapter will not discuss these 

methods but focus on analysing the raw signals acquired from beehives and the feature 

extraction approaches to the enhanced signals. 

An intriguing finding was that the amplitude of the bee signals in queen-less beehives 

showed a surge in the frequency range 100Hz to 320Hz (as shown in Figures 5.3 and 5.4) 

when two sets of signals with and without the queen bee were compared, based on the 

datasets mentioned in section 3.5. It was evident that the amplitude of the signal increase 

from no more than 50 to higher than 500 when the queen bee was absent in the beehive. 

Although this finding shows the queen-less signals increase in a wide frequency range, it 

proves the argument that queen-less beehives release low-frequency audio signals in the 

reference [72].  

 

  
Figure 5.3 No dramatic fluctuation of the queen-right signals between 165Hz and 285Hz. 

 

  
Figure 5.4 A significant increase of bee signals in the range 100Hz to 320Hz (The red 

dashed line marks the bee signals rising range (165Hz to 285Hz) mentioned in reference 

[72], while the blue dashed line marks the observed range where the bee signals surge 

(100Hz to 320Hz) using the datasets mentioned in section 3.5). 
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The heavy rain noise also shows the highest amplitude in the same frequency range 

(as shown in Figure 5.5). It is hard to judge that the sudden rise of the signals between 100Hz 

and 320Hz is caused by the queen-less signals or the heavy rain noise. Thus, the features of 

the noisy signals should be analysed in different frequency ranges. 

 

  
 

Figure 5.5 The rain noise has the highest amplitude in the frequency range 100Hz to 320Hz 

 

The Overlapping problem of queen-less signals and rain noise (as shown in Figure 5.6) 

leads to a drop in beehive classification accuracy, shown in Chapter 7. The solution to this 

problem is the signal enhancement techniques discussed in the last chapter. In the following 

sections, a number of feature extraction methods will be explained and compared. Among 

them, IMFCC as a tool collecting features from different frequency bands has been 

emphatically discussed. 

 

Figure 5.6 The overlapping problem of Queen-less signals and rain noise 
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5.2 Feature Extraction Methods 

This section describes a range of feature extraction approaches, and they are 

compared in seven respects. 

5.2.1 Loudness 

Loudness is the strength of human subjective perception of sound. In general, when 

the sound frequency is constant, the stronger the sound intensity, the higher the loudness. 

The loudness is also related to the frequency. Under the same sound intensity, the loudness 

can be different as the frequency changes. The loudness of the target noise is an essential 

basis of the listening judgment. The loudness feature can be calculated by the Zwicker 

algorithm, Equal Rectangular Bandwidth (ERB), and Stevens's Power Law. The Zwicker 

algorithm, for example, was applied to extract the loudness features of the sound acquired 

by sonars to identify different ships, and it showed a better performance than those energy 

feature extraction algorithms [104]. 

5.2.2 Fundamental Frequency and Pitch Period 

The phonetic signals can be divided into aphonic and articulate according to whether 

the vocal cords vibrate. Voiced signals show apparent periodicity in the time domain, while 

unvoiced signals are similar to white noise and have no distinct periodicity. The vibration 

frequency of voiced signals is called the fundamental frequency, and the corresponding 

period is called the pitch period. There are many methods for estimating the pitch period. 

The most commonly used methods are autocorrelation, cepstrum, average amplitude 

difference function, linear prediction, wavelet—autocorrelation function, and spectral 

subtraction-Autocorrelation function methods [105], [106]. However, the recognition rate 

of pitch period estimation is lower than other audio features, such as FFT and MFCC [107]. 

5.2.3 LPC and LPCC 

The Linear Prediction Coefficient (LPC) simulates the human body vocal tract and has 

strong voice characteristics. It approximates the formant to evaluate the speech signal, 

removes the influence of the formant from the speech signal, and estimates the 

concentration and frequency of the residual speech signal. It has been shown that each 

sample of signals is a linear combination of the previous sample. The coefficients of the 

difference equation characterise the formants, so LPC needs to approximate these 
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coefficients. LPC is a powerful voice analysis method, which has been widely used as a 

formant estimation method. LPC helps to encode high-quality speech at low bit rates and is 

generally used in music and electrical companies for manufacturing mobile robots and in 

the tonal analysis of violins and other stringed instruments [108], [109]. It can accurately 

estimate the speech parameters, and its calculation efficiency is relatively high. However, 

the traditional linear prediction method has the problem of autocorrelation coefficient 

distortion. The LPC estimate is highly sensitive to quantisation noise and may not be suitable 

for generalisation. 

    The Linear Prediction Cepstral Coefficient (LPCC) is the cepstral coefficient obtained 

from the spectral envelope calculated by LPC [110]. LPCC is the coefficient of the Fourier 

transform of the log amplitude spectrum of LPC. Cepstrum analysis is a commonly used 

analysis method in speech processing because it can correctly characterise speech 

waveforms and features with limited features. Compared with the LPC feature, the LPCC 

feature has a lower error rate. High-order cepstrum coefficients are mathematically limited, 

so when transferring from low-order cepstrum coefficients to high-order cepstrum 

coefficients, a vast array of variances is generated. Similarly, LPCC estimation is very 

sensitive to quantisation noise. The cepstrum analysis of high-frequency speech signals 

gives the separability of small source filters in the low-frequency domain. Low-order 

cepstral coefficients are sensitive to the spectral slope, while high-order cepstral 

coefficients are sensitive to noise. 

5.2.4 Wavelet Transform 

The core of wavelet transform (WT) theory is to use different scales of signal analysis 

in the time and frequency domains. Supported by theoretical physicist Alex Grossmann, 

Jean Morlet introduced a wavelet transform, which allows high-frequency events to be 

identified with enhanced temporal resolution [111]. Wavelet is a proper waveform with a 

limited duration, and its average value is zero. Many wavelets also exhibit orthogonality, 

which is an ideal feature for compact signal representation. Wavelet transform is a signal 

processing technology that can efficiently represent non-stationary signals in real life. It can 

mine information from transient signals in both time and frequency domains [112]. The 

main advantage of the wavelet transform is to use the variable window to scan the 

spectrum, which improves the time resolution of the analysis. The discrete wavelet 

transform (DWT) contains information at different frequency scales, enhancing the voice 

information obtained in the corresponding frequency bands.  
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5.2.5 PLP 

Perceptual linear prediction (PLP) technology combines critical frequency bands, 

intensity-loudness compression, and equal-loudness pre-emphasis for extracting speech-

related information. It is rooted in a non-linear bark scale and was initially intended to be 

used in speech recognition tasks to eliminate speaker-related features [109]. PLP represents 

a smooth short-term spectrum that has been equalised and compressed, similar to human 

hearing, making it similar to MFCC. PLP gives the minimum resolution at high frequencies, 

which means that the method based on the auditory filter bank also gives an orthogonal 

output similar to the cepstrum analysis. It uses linear prediction to smooth the spectrum, 

so its name is perceptual linear prediction. PLP is a composition of spectral analysis and 

linear prediction analysis. 

5.2.6 FFT 

The Fast Fourier Transform (FFT) is a signal processing method to quickly calculate the 

discrete Fourier transform or inverse transform of a signal sequence. FFT usually transforms 

audio signals from the time domain to the frequency domain to analyse. The FFT was 

proposed by J.W. Curry and T.W. Tukey in 1965. Using FFT can significantly reduce the 

number of multiplications required by the computer to calculate the discrete Fourier 

transform, especially the more the number of sampling points N to be transformed, the 

more significant the savings in FFT algorithm calculation. The feature extraction based on 

FFT is widely applied to various audio signal processing, such as speech signals [113], tones 

of the musical instrument [114], and bird twitters [115]. However, FFT is not stable for 

representing high frequencies. Compared with FFT, for instance, MFCC is more stable for 

the representation of noise features, especially for the white noise [116].  

5.2.7 MFCC 

The Mel-frequency cepstral coefficient (MFCC) is the cepstrum parameter extracted in 

the Mel scale frequency domain to deal with the masking effect in the acoustic field, which 

is a phenomenon that the sense of hearing the lower-frequency sounds frequency 

component covered by the higher-frequency component. Using MFCC, the acoustic signals 

can be transformed into spectrograms to gain a better understanding of the features of the 

sounds with different frequencies, and computers can find their way to read and process 

these continuous signals. MFCC has been successfully applied to extract the bioacoustics 

features for classification problems in different research fields [117], [118]. However, MFCC 
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features are not entirely accurate in the presence of background noise and may not be 

suitable for generalisation [119]. In the following sections, Improved MFCC is introduced to 

enhance the representation of the valuable signals from noisy signals. 

5.2.8 Comparison 

In comparison, the MFCC has the advantages of high computation speed and reliability 

and an intuitive presentation of the audio signals based on the human audio system. The 

only thing it should be improved is that it is not the best one in noise immunity. It is 

necessary to enhance the audio signal before MFCC feature extraction, which means the 

MFCC feature extraction method should be improved for noisy signals. A detailed 

comparison between the above feature extraction methods is shown in Table 5.1. 

 

 

 

Table 5.1 The detailed comparison between the above feature extraction methods 

5.3 IMFCC Features 

The MFCC is the most popular measure to represent speech and other audio signals, 

but it is sensitive to noise interruption, as mentioned above. So the MFCC should be 
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improved based on signal enhancement. It can be seen that the IMFCC provides the 

classifier with a feature vector closer to the original signals’. As the noise increases, the 

classification accuracy rate based on the standard MFCC features drops sharply, while those 

based on the IMFCC features still maintain a high classification accuracy rate [120]. The 

IMFCC features as an input of a classification model provide better performance because 

they suffer less interference from noise in different frequency bands. For example, the rain 

noise is more prominent in the low-frequency range, leading to inappropriate feature 

extraction of bee signals on rainy days. The IMFCC, however, extracts features of the 

enhanced signals in different Mel-frequency bands to improve the feature expression of the 

observed signals. 

The IMFCC features are extracted in different Mel-frequency bands as following steps 

(as shown in Figure 5.7): 

 

 

 

Figure 5.7 The workflow of the IMFCC 

 

This figure is described in the following part: 

 

1. Framing 

 

In general, the audio signal analysis is based on short-term analysis because the audio 

waves are usually stable and smooth within a short period of 20ms to 30ms. When the 
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original signal is multiplied by the window function, such as a Hamming window, the 

increase in amplitude is gradually retained. This situation leads to the signal near the 

beginning and end of the window function being attenuated, which means the spectrum 

after the framing is no longer the original signal spectrum. Therefore, overlapping methods 

are used to solve this problem to ensure that the original signal does not lose specific 

components. The overlapping value is commonly set as 50%, which means that each frame 

includes 50% of the previous frame in the framing process. 

 

2. Discrete Fourier Transform 

 

A framed time-domain signal can be called 𝑆𝑖(𝑛), where 𝑖  ranges from 0 to the 

number of frames, and n is in the range of frame length. After computing the DFT, the 

periodogram estimate of the power spectrum 𝑃𝑖(𝑘) of frame 𝑖 of the audio signal can be 

calculated by 𝑆𝑖(𝑘) – where 𝑆𝑖(𝑘) is: 

 

𝑆𝑖(𝑘) = ∑𝑆𝑖(𝑛)ℎ(𝑛)

𝑁

𝑛=1

𝑒−
𝑗2𝜋𝑘𝑛
𝑁   (1 ≤ 𝑘 ≤ 𝐾) (5. 1) 

 

Where 𝑃𝑖(𝑘) is given by: 

 

𝑃𝑖(𝑘) =
1

N
|𝑆𝑖(𝑘)|

2 (5. 2) 

 

Where ℎ(𝑛) is a hamming window with a length of N samples and K is the length of the 

DFT’s transform interval.  

 

3. Mel-spaced filter-bank 

 

The power spectral estimate is sent to a set of triangular filters with a number of 

frequency bands, which are uniformly distributed at the Mel frequency. The number of 

triangular filters is usually set at 20 to 40, and the setting of 26 is mostly used. The 

relationship between Mel-frequency and the standard frequency is: 

 

𝑚(𝑓) = 2595 × log 10 (1 +
𝑓

700
) (5. 3) 

The output of each triangular filter is: 
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𝑚(𝑙) = ∑ (𝑃𝑖(𝑘)𝑊𝑖(𝑘)) (𝑙 = 1,  2,  … , 𝐿)

𝑓𝑟𝑒𝑞(𝑙+2)

𝑘=𝑓𝑟𝑒𝑞(𝑙)

(5. 4) 

     

Here 𝑤𝑙(𝑘)  is the 𝑙th filter: 

 

𝑤
𝑙
(𝑘) =

{
 
 

 
 

𝑘 − 𝑓𝑟𝑒𝑞(𝑙)

𝑓𝑟𝑒𝑞(𝑙 + 1) − 𝑓𝑟𝑒𝑞(𝑙)
× ℎ(𝑙),  𝑓𝑟𝑒𝑞(𝑙) ≤ 𝑘 ≤ 𝑓𝑟𝑒𝑞(𝑙 + 1)

𝑓𝑟𝑒𝑞(𝑙 + 2) − 𝑘

𝑓𝑟𝑒𝑞(𝑙 + 2) − 𝑓𝑟𝑒𝑞(𝑙 + 1)
× ℎ(𝑙),  𝑓𝑟𝑒𝑞(𝑙 + 1) ≤ 𝑘 ≤ 𝑓𝑟𝑒𝑞(𝑙 + 2)

(5. 5) 

 

ℎ(𝑙) is calculated as following: 

    

ℎ(𝑙) =
2

𝑓𝑟𝑒𝑞(𝑙+2)−𝑓𝑟𝑒𝑞(𝑙)
 ,    (𝑙 = 1,  2,  … , 𝐿) (5. 6) 

 

4. Discrete Cosine Transform 

 

The output of the triangular filters is subjected to the logarithmic operation, and 

further Discrete Cosine Transform (DCT) is performed to obtain a number of final cepstral 

coefficients per frame. 

 

 𝐼𝑀𝐹𝐶𝐶(𝑡, 𝑗) =∑ 𝑐𝑜𝑠(
(𝑙 − 0.5)𝑗𝜋

𝐿
)

𝐿

𝑙=1

× 𝑙𝑜𝑔 10𝑚(𝑙) (5. 7) 

 

t = 1, 2, ..., n; j = 0, 1, ..., R; 1 ≤ R ≤ L; n is the number of sound signal frames, and L is the 

number of triangular bands. 

 

5. Logarithmic energy 

 

Adding one-dimensional (1D) logarithmic energy to the feature allows the audio 

features of each frame to contain 1D logarithmic energy and R-dimensional 

cepstral coefficients. 
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6. Generating Feature vectors 

 

Finally, the difference of cepstral coefficients is added to represent the dynamic 

change of the cepstral coefficients over time. The M value is generally set as 2, plus the first-

order difference operation to produce R-dimensional feature vectors. 

 

Δ𝐶𝑚(𝑡) =
∑ 𝐶𝑚(t + 𝜏)𝜏
𝑀
−𝑀

∑ 𝜏2𝑀
−𝑀

(5. 8) 

 

The IMFCC feature extraction is illustrated in this chapter. In the following step of the 

queen-less beehive identification task, the IMFCC features will feed a classification model 

for training and testing. The next chapter will describe the MLP classification model and 

compare the MLP model with other popular classification algorithms.  
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Chapter 6   
 

 

Multilayer Perceptron 
 

 

 

 

Multilayer perceptron (MLP) is generally called Artificial Neural Network (ANN). It is a 

fundamental and popular classification algorithm for Deep Learning. Usually, the MLP has 

at least three layers—the first layer called the input layer, the last layer called the output 

layer, and the middle layer called the hidden layer. The original data are fed into the input 

layer, and the expected output can be taken from the output layer. According to the task 

given, researchers can increase the number of hidden layers to make a more complicated 

model. 

After filtering the noisy signals and extracting the features of bee signals, the 

identification capacity of the queen-less state ultimately requires an accurate classifier to 

judge. The advantages of the MLP model are that it is widely applicable and technically 

advanced, so it can make this research open and sustainable. The MLP classifier provides a 

fast computational speed for identifying queen-less beehives, which is an emergency that 

should be tackled instantly. Furthermore, it is able to perform binary and multi-class 

classification, which means that it can be used to identify other beehive statuses in future 

work. 

Training an MLP model is based on feedforward, loss calculation, and backpropagation 

[121]. The feedforward neural network passes the input to each model layer, multiplying 

with weights and adding bias. The loss function is used to judge the performance of an MLP 

model. It calculates the difference between the model's output, the predicted output, and 

the actual data, the expected output. For minimising the loss, the model has a self-
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optimising procedure called backpropagation which is designed to compute the gradient 

descent for modifying the weights in previous layers. For dealing with non-linear 

classification problems, MLP has activation functions, such as Tanh, Sigmoid, and ReLU, to 

generate a non-linear mapping between inputs and outputs. The activation function 

provides the MLP algorithm with the ability to learn complex data, such as images, videos, 

and audio signals. It can be seen that the training mechanism of the MLP model is reliable 

and intelligent. 

This chapter explains the advantages of the MLP model in comparison to other ML 

algorithms, even though it has not been applied to bee audio signal classification. After 

introducing the MLP model’ neuron and network structures, its training mechanism and 

core ideas are described to provide a better understanding of this model. 

6.1 Related Work 

MLP has many successful cases in sound classification, and it is mainly used for human 

speech recognition [122]. It has been utilised for speech recognition in the noisy 

environment [123], speech activity detection for speaker verification [124], sound 

classification of different gender [125], and emotional speech identification [126]. For 

instance, a study about “automatic evaluation of psychological quiz tests” applied MLP to 

classify the subjects’ answers in psychological quiz tests [127]. Apart from human speech, 

MLP can classify many kinds of audio signals, like digital heart sounds [128], white noise 

[129], types of music [130], [131]. The MLP model is also used for predicting the honey 

production of beehives. A simple MLP model which possesses only one hidden layer with 

three units was used to predict the honey production according to the data of beekeepers, 

beehives, and beekeeping measures [132]. Although this research showed that the models 

needed to improve, the MLP shows powerful adaptability in different tasks. 

The MLP classifier has not been used in bee sound classification, but many other 

Machine Learning and Deep Learning algorithms have been successfully applied to identify 

bee states in beehives. In 2019 [64], an article described that sound patterns acquired from 

beehives were analysed by Lasso Logistic Regression and Singular Value Decomposition for 

identifying the queen-less colony. This study managed to identify three states in bee 

colonies – queen-right, queen-less in a natural way, and a healthy colony whose queen bee 

was artificially removed. Another study [73] used Convolutional Neural Networks (CNNs) 

and SVM to identify the presence of the queen bee in beehives. These studies have revealed 

that the ML methods have considerable potential in beehive monitoring.  
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6.2 Advantages over Other Mainstream Algorithms 

The MLP has many advantages compared with other popular ML algorithms, such as 

LR and SVM. The LR is a linear regression analysis model, which is often used in data analysis, 

automatic disease diagnosis, and business forecasting. However, it is usually used for binary 

classification tasks, which means it can just predict two possibilities. The LR can be seen as 

a one-layer MLP with only one output. In comparison, the MLP algorithm is an improved 

version of LR as it can deal with not only two-class classification but also multi-class 

classification. For instance, a recent study showed that the classification accuracy of an MLP 

model to classify surface electromyography signals was higher than 90% [134]. SVM is a 

supervised ML algorithm, which has the benefits of solving non-linear pattern recognition 

with a small sample size, so it is widely used in many research fields. The essential principle 

of SVM is to use the classification hyperplane to appropriately separate the two types of 

sample points in the space and maximise the minimum distance from the positive and 

negative samples to the hyperplane. SVM has the One-vs-All strategy for solving the multi-

class classification with high classification accuracy, but the training time is much longer 

than the MLP. Under the circumstance of Queen-less, a beehive can be in disorder and can 

even trigger a swarming. The classification Model has to classify this status in beehives as 

soon as possible to provide more time for beekeepers’ reaction. By contrast, MLP performs 

higher classification in audio classification tasks. It performed a 95.3% classification 

accuracy in the research of vocal fold pathology diagnosis [135]. In short, the MLP algorithm 

can implement multi-class classification with a fast computational speed. When it is 

necessary to distinguish more beehive indicators using audio-based signal processing in 

future work, MLP can provide good compatibility and expansibility.  

The comparison between MLP, LR, and SVM is shown in Table 6.1. This comparison is 

only suitable for the study of this thesis because it is not to say that the MLP is the best 

algorithm but the most appropriate for this study. The selection of the algorithms depends 

on the dataset, the problem, and the requirements of the experiment. 

 

 

Table 6.1 The comparison between MLP, LR, and SVM for the study of this thesis 

  

Algorithm Technical 
advancement 

Computing 
speed 

Training 
simplicity  

Multi-class 
classification 

MLP ★★★ ★★☆ ★★☆ ★★★ 

LR ★★☆ ★★★ ★★★ ★☆☆ 

SVM ★☆☆ ★☆☆ ★☆☆ ★★☆ 
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As shown in table 6.1, MLP is the most appropriate algorithm for the study of this thesis, 

so it is chosen to be the classifier to identify queen-less status. In the following sections, the 

details of its working principle and mechanism will be described. 

6.3 Model Architecture 

The architecture of an MLP model consists of the neuron structure and the network 

structure. They will be explained in the following content.  

6.3.1 Neuron Structure 

It is generally acknowledged that human neural networks are inborn, while others are 

formed in practice. All biological nerve functions, including the internal memory, are stored 

on the neuron and its connections. Learning is seen as the process of establishing new 

connections between neurons or modifying existing class connections. A simple diagram of 

a biological neuron is shown in Figure 6.1. The soma is the kernel of the neurons. The parts 

that extend from it are used for exchanging signals. The dendrites receive signals from other 

cells, while the axon sends signals to others. 

 

 

 

Figure 6.1 The biological neuronal structure [133] 

 

In terms of the neural model, a neuron can be regarded as a small calculator. It adds 

the bias to the product of input and weight to adjust the value of the input. The output will 

pass to an activation function, and the output of the activation function will replace the 

output of the neuron (as shown in Figure 6.2), explained in section 6.5. 
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Figure 6.2 A basic neuron structure of a neuron network 

6.3.2 Network Structure 

The network of an MLP model contains at least three layers: the input layer, the hidden 

layers, and the output layer. Each layer includes a number of neurons, and each of these 

neurons is connected to all neurons at the previous and subsequent layers. The advantage 

of the structure is that all neurons calculate each input with different weights and biases at 

the hidden layers, which means each variable of the input is separately adjusted by the 

weights and biases to minimise the loss function. It is not to say that the more neurons and 

layers are in the model, the better the model performs. Generally, the number of neurons 

of the input layer equals the number of features plus one bias node. The figure for the 

output layer depends on the number of classifications. In the hidden layer, researchers need 

to test and select the appropriate number of neurons and hidden layers based on improving 

convergence and the size of the input and output. 

The input of a neural network is passed to each neuron next layer, calculated with the 

weights and bias and activated by the activation function. Its output is the input of the next 

layer, and the calculation process repeats until the output layer. This process is called 

feedforward. The loss (or error) is calculated at the output layer, and the loss will be 

minimised using the backpropagation method, where the weights and the biases are 

updated to update the output. By repeating the feedforward and backpropagation process, 

the loss is minimised to make the output closer to the expected output (as shown in Figure 

6.3).  
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Figure 6.3 The MLP model update the output 𝑦 to make it closer to the expected output 

using feedforward, loss calculation, and backpropagation methods 

 

The coming sections provide a brief overview of the feedforward, the loss calculation, 

the backpropagation, and the activation function of the MLP model. 

6.4 Training MLP Model 

This section describes the feedforward, loss calculation, and backpropagation of the 

MLP model. In an MLP model, the predicted output is generated by passing the feature 

vector to each layer of the model. The difference value between the predicted output and 

the expected output is then calculated by using the loss function. For making the predicted 

output as close as possible to the expected output, the loss is minimised by using the 

backpropagation method. 

6.4.1 Feedforward 

Feedforward is the most common training method in the MLP model [136], [137]. In 

the study of this thesis, the input is a feature vector representing the denoised signals fed 

to the input layer and then processed by the hidden layers. In the first hidden layer, the 

linear combination of input values 𝑧(1) is calculated as follows: 
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𝑧(1) = 𝑤(1)𝑥 + 𝑏(1) (6. 1) 

 

Here 𝑤(1) and 𝑏(1) are the weight and the bias of the units in the first layer. 

 

The output value 𝑎(1) is:  

 

𝑎(1) = 𝑠𝑖𝑔𝑚𝑜𝑖𝑑(𝑧(1)) (6. 2) 

or 

𝑎(1) = 𝑡𝑎𝑛ℎ(𝑧(1)) (6. 3) 

 

The 𝑠𝑖𝑔𝑚𝑜𝑖𝑑() and tanh () are the activation function explained in section 6.3. 

 

In the next layer, they are: 

 

𝑧(2) = 𝑤(2)𝑥 + 𝑏(2) (6. 4) 

 

𝑎(2) = 𝑠𝑖𝑔𝑚𝑜𝑖𝑑(𝑧(2)) (6. 5) 

 or 

 

𝑎(2) = 𝑡𝑎𝑛ℎ(𝑧(2)) (6. 6) 

 

In the output of the MLP model can be denoted as following: 

     

𝑦𝑗 = 𝑓 (∑𝑤𝑖𝑗

𝑛

𝑖=1

⋅ 𝑥𝑖𝑗 + 𝑏𝑗) (6. 7) 

 

Where 𝑤 denotes the weight; 𝑖 and 𝑗 are the sequence number in the previous layer and 

current layer, respectively; 𝑥 is the input value; 𝑦 is the output of the model; 𝑏 is the 

bias; 𝑛 is the number of the units in the previous layer. 

6.4.2 Loss Calculation 

According to the classification requirement, many types of loss functions can be used 

to calculate the loss (or error). Three of them are common and have excellent loss 

calculation performance, which are classification error, mean squared error and cross-

entropy error function. 
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1. Classification Error 

 

Classification error is the fastest and most direct loss calculation method. The method 

to minimise this loss function is called Minimum Classification Error (MCE) [138], [139]. 

Classification Error can be defined as: 

 

𝑐𝑙𝑎𝑠𝑠𝑖𝑓𝑖𝑐𝑎𝑡𝑖𝑜𝑛 𝑒𝑟𝑟𝑜𝑟 =
𝑐𝑜𝑢𝑛𝑡 𝑜𝑓 𝑒𝑟𝑟𝑜𝑟 𝑖𝑡𝑒𝑚𝑠

𝑐𝑜𝑢𝑛𝑡 𝑜𝑓 𝑎𝑙𝑙 𝑖𝑡𝑒𝑚𝑠 
(6. 8) 

 

MCE is easy to understand but does not perform well. Suppose that we want to classify 

the speaker’s age group according to the characteristics of the subjects’ gender, frequency 

of speaking voice, and the volume of speaking voice. The expected output is less than 20 

years old, 20 to 40, and greater than 40. Through two MLP classification models, the 

probability of the three classes is obtained. In table 8 it shows the result of the three-class 

classification generated by the two models. For example, the expected output of a sample 

to be class “<20” is a vector [0, 0, 1]. The predicted output of model one is that only 40% of 

the sample falling into the class, while model two shows a higher probability of 70%. Both 

classification errors of models one and two are one-third, but the prediction of model two 

is closer to the expectation (as shown in table 6.2). 

 

 

 

Table 6.2 The classification error of the two models are the same as 1/3 

 

Model two is more accurate than model one in predicting the probability of samples 

belonging to three categories. Unfortunately, the MCE shows that they have the same 

classification performance. 

 

2. Mean Squared Error 

 

Mean Squared Error (MSE) is an expected loss function and can be minimised by 

Minimum Mean Squared Error (MMSE) [140], [141], [142]. The smaller the MSE value, the 

better the model classification performance. The MSE can be defined as: 

 

Model 1 predicted expected True/False Model 2 predicted expected True/False
<20 0.3 0.3 0.4 0 0 1 TRUE <20 0.1 0.2 0.7 0 0 1 TRUE
20 to 40 0.3 0.4 0.3 0 1 0 TRUE 20 to 40 0.1 0.7 0.2 0 1 0 TRUE
>40 0.1 0.2 0.7 1 0 0 FALSE >40 0.3 0.3 0.4 1 0 0 FALSE
Classification error = 1/3 Classification error = 1/3
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𝑀𝑆𝐸 =
1

𝑛
∑(�̂�𝑖 − 𝑦𝑖)

2

𝑛

𝑖

(6. 9) 

 

Here 𝑛 is the number of the samples; �̂�𝑖 is the predicted output, and 𝑦𝑖 is the expected 

output. 

 

If the above-predicted results are substituted into the formula, the MSE of Model one 

is 0.8, and that of Model two is 0.332. The MSE value of model two is considerably less than 

model one, so the classification performance of model two is much better. It can be seen 

that using MSE can show the difference between the two models without changing the 

output (as shown in Table 6.3).  

 

 

 

Table 6.3 The Classification performance of the model compared by MSE 

 

The problem of MSE is that the learning rate can be prolonged in the initial stage of 

model training when Gradient Descent is used for learning in the MLP model. In contrast, 

the Cross-entropy Error Function has better training speed and performance. 

 

3. Cross-entropy Error Function 

 

Cross-entropy Error is inversely proportional to the predicted probability. Its output 

value is in the range of zero to one. The training model is perfect when Cross Entropy Error 

approaches zero and has the highest loss when Cross Entropy Error is close to one [143], 

[144]. In binary classification, it can be defined as: 

     

𝐿 = −
1

𝑁
[𝑦𝑖 𝑙𝑜𝑔(𝑝𝑖) + (1 − 𝑦𝑖) 𝑙𝑜𝑔(1 − 𝑝𝑖)] (6. 10) 

 

Here N is the number of predicted output; 𝑦𝑖 is the label of sample 𝑖 (the positive 

class is one, and the negative class is zero); 𝑝𝑖  is the probability that the sample 𝑖  is 

predicted to be positive. 

 

Model 1 predicted expected True/False Model 2 predicted expected True/False
<20 0.3 0.3 0.4 0 0 1 TRUE <20 0.1 0.2 0.7 0 0 1 TRUE
20 to 40 0.3 0.4 0.3 0 1 0 TRUE 20 to 40 0.1 0.7 0.2 0 1 0 TRUE
>40 0.1 0.2 0.7 1 0 0 FALSE >40 0.3 0.3 0.4 1 0 0 FALSE
Mean Squared Error = 0.8 Mean Squared Error = 0.332
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In multi-class classification, it can be defined as: 

𝐿 = −
1

𝑁
∑𝑦𝑖𝑐 𝑙𝑜𝑔(𝑝𝑖𝑐)

𝑀

𝑐=1

(6. 11) 

 

Here N is the number of predicted output; M is the number of the categories; 𝑦𝑖𝑐 is 

the indicator variable (zero or one). It is one if 𝑐 is the class as the same as the sample. 

Otherwise, it is zero; 𝑝𝑖𝑐 is the prediction probability that the observed sample 𝑖 belongs 

to category c. 

 

The Cross-entropy formula calculates the same input of models one and two in table 

6.4. The Cross-entropy Error of model one is 0.6, and that of model two is 0.27. The Cross-

entropy Error function can also show that the classification performance of model two is 

much better than model one (as shown in Table 6.4). This function is convex, and the 

optimal global value can be gotten when the derivative is found. 

 

 

 

Table 6.4 The Cross-entropy Error function shows the difference between the prediction 

effects of the two models 

 

The Cross-entropy Error Function is the most effective and efficient loss function in 

comparison to the other two functions, which is why it has been increasingly applied for the 

loss function in neural networks in recent years. 

6.4.3 Backpropagation 

The importance of the backpropagation algorithm had been highly appreciated by the 

publication of a famous article titled “Learning representations by back-propagating errors” 

[145]. This article explained that backpropagation could work in some neural networks 

much faster than other methods. Nowadays, backpropagation is the primary method for 

neural network learning. The core of this algorithm is the expression for the partial 

derivative of the cost function. The expression shows the changing speed of the cost with 

the change of weights and bias [146]. 

Model 1 predicted expected True/False Model 2 predicted expected True/False
<20 0.3 0.3 0.4 0 0 1 TRUE <20 0.1 0.2 0.7 0 0 1 TRUE
20 to 40 0.3 0.4 0.3 0 1 0 TRUE 20 to 40 0.1 0.7 0.2 0 1 0 TRUE
>40 0.1 0.2 0.7 1 0 0 FALSE >40 0.3 0.3 0.4 1 0 0 FALSE
Cross Entropy Error = 0.6 Cross Entropy Error = 0.273
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Gradient Descent (GD) is the most popular method to minimise the cost function, but 

it also has many drawbacks. One of its main disadvantages is that GD requires much manual 

work to find out the optimisation parameters of the algorithm, for example, the learning 

rate and convergence standard. The typical way to do this is to run the algorithm with 

different parameters, and the model with “the best” performance is picked out, which 

means the computing consumption of the optimisation procedure is expensive. Compared 

with GD, the Limited memory Broyden–Fletcher–Goldfarb–Shanno (L-BFGS) method, an 

optimiser in the family of quasi-Newton methods, is more suitable to train and inspect 

convergence. A weakness of L-BFGS is the computation requirement on the whole dataset 

to make an update, which means it can run slow in high dimensional models or with large 

data volume. This weakness can be overcome by using the minibatch training method [147]. 

    L-BFGS is chosen as the cost function in the backpropagation stage because it can 

converge faster and perform better for a small dataset that is big enough for the 

classification task. 

The backpropagation usually uses four formulas to calculate the partial derivatives of 

the weight and the bias in each layer of the MLP model. The formulas are described as 

follows: 

 

Formula BP1: 

 

The formula BP1 is used to calculate the error generated by the last layer of the MLP 

model. It can be defined as: 

 

𝛿𝐿 = ∇𝑎C⊙𝜎′(𝑧𝐿) (6. 12) 

 

Here 𝛿𝐿  is the error of the output at the 𝐿th layer; ∇𝑎C is defined as a vector whose 

components are partial derivatives 
∂𝐶

∂𝑎𝑗
𝐿; 𝜎′(𝑧𝐿) describes the change rate of activation 

function at the output at the 𝐿th layer; ⊙ denotes the Hadamard product.  

The derivation of BP1 is as follows: 

 

∵  𝛿𝑗
𝐿 =

∂𝐶

∂𝑧𝑗
𝐿=

𝜕𝐶

𝜕𝑎𝑗
𝐿 ∙
𝜕𝑎𝑗

𝐿

𝜕𝑧𝑗
𝐿

(6. 13) 

 

∴  𝛿𝐿 =
∂𝐶

∂𝑎𝐿
⊙
𝜕𝑎𝐿

𝜕𝑧𝐿
= ∇𝑎C⊙𝜎

′(z𝐿) (6. 14) 
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Here 
∂𝐶

∂𝑧𝑗
𝐿  is the error generated by the 𝑗th unit at the 𝐿th layer, 

∂𝐶

∂𝑎𝑗
𝐿  represents the 

change rate of the cost with the change in output activation value. The variables 𝑎𝐿 and 

𝑧𝐿 are the input and output at the 𝐿th layer. 

 

Formula BP2: 

 

The formula BP2 is used for calculating the error generated by each layer backwards. 

It can be defined as: 

 

𝛿𝑙 = ((𝑤𝑙+1)𝑇𝛿𝑙+1⊙𝜎′(z𝐿) (6. 15) 

 

Here (𝑤𝑙+1)𝑇 is the transpose of the weight matrix 𝑤𝑙+1 at the (𝑙 + 1)th layer; 𝛿𝑙+1 is 

the error generated by the (𝑙 + 1)th layer.  

 

The derivation of BP2 is as follows: 

 

∵  𝛿𝑗
𝑙 =

𝜕𝐶

𝜕𝑧𝑗
𝑙 = 𝛴𝑘

∂𝐶

∂𝑧𝑘
𝑙+1 ∙

𝜕𝑧𝑘
𝑙+1

𝜕𝑎𝑗
𝑙 ∙

𝜕𝑎𝑗
𝑙

𝜕𝑧𝑗
𝑙  

= 𝛴𝑘𝛿𝑘
𝑙+1 ∙

∂(𝑤𝑘𝑗
𝑙+1𝑎𝑗

𝑙 + 𝑏𝑘
𝑙+1)

∂𝑎𝑗
𝑙 ∙ 𝜎′(𝑧𝑗

𝑙) 

= 𝛴𝑘𝛿𝑘
𝑙+1 ∙ 𝑤𝑘𝑗

𝑙+1 ∙ 𝜎′(𝑧𝑗
𝑙) (6. 16) 

∴ 𝛿𝑙 = ((𝑤𝑙+1)𝑇𝛿𝑙+1⊙𝜎′(z𝐿) (6. 17) 

 

Here 𝛿𝑗
𝑙 is the error generated by the 𝑗th unit at the 𝑙th layer; 𝑧𝑘

𝑙+1 is the output of the 

𝑘th unit at the (𝑙 + 1)th layer; 𝑤𝑘𝑗
𝑙+1 denotes the weight in the line 𝑘 and the column 𝑗 

of the weight matrix at the (𝑙 + 1)th layer; 𝑏𝑘
𝑙+1 is the bias of the 𝑘th unit at the (𝑙 +

1)th layer. 

 

When the 𝛿𝑙+1  is given, the use of the 𝑤𝑙+1  can be intuitively seen as an error 

moving in the reverse direction along with the network. Through Hadamard product 

operation, the error 𝛿𝑙+1 is passed back through the activation function at layer 𝑙 and 

give the weighted input error 𝛿𝑙 at the 𝑙th layer. With the formulas BP1 and BP2, the 𝛿𝑙 
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can be calculated in any layer. At first, the error at the last layer 𝛿𝐿 is given by BP1, and 

the 𝛿𝐿−1 can be calculated by BP2, and so forth. 

 

Formula BP3: 

 

The formula BP3 is used to calculate the weight gradient. It can be defined as: 

 

∂𝐶

∂𝑤𝑗𝑘
𝑙 =𝑎𝑘

𝑙−1𝛿𝑗
𝑙 (6. 18) 

 

Here 𝑤𝑗𝑘
𝑙  denotes the weight in the line 𝑗 and the column 𝑘 of the weight matrix at the 

𝑙th layer; 𝑎𝑘
𝑙−1  is the activation of the 𝑘th unit at the (𝑙 − 1)th layer; 𝛿𝑗

𝑙  is the error 

generated by the 𝑗th unit at the 𝑙th layer. 

 

The derivation of BP3 is as follows: 

 

∂𝐶

∂𝑤𝑗𝑘
𝑙 =

𝜕𝐶

𝜕𝑧𝑗
𝑙 ∙
𝜕𝑧𝑗

𝑙

𝜕𝑤𝑗𝑘
𝑙 = 𝛿𝑗

𝑙 ∙
𝜕(𝑤𝑗𝑘

𝑙 𝑎𝑘
𝑙−1 + 𝑏𝑗

𝑙)

𝜕𝑤𝑗𝑘
𝑙 =𝑎𝑘

𝑙−1𝛿𝑗
𝑙 (6. 19) 

 

 

If 𝑎𝑘
𝑙−1 is close to zero, it means that the gradient of the weight is also close to zero. 

At this moment, the weight of the neuron learns slowly. This means that the impact on the 

cost function is small when the gradient changes. This kind of neuron is called the saturated 

neuron, and the learning of this neuron is stopping. 

 

Formula BP4: 

 

The formula BP4 is used to calculate the bias gradient. It can be defined as: 

∂𝐶

∂𝑏𝑗
𝑙  = 𝛿𝑗

𝑙 (6. 20) 

 

 

Here the 𝑏𝑗
𝑙  is the bias of the 𝑗th unit at the 𝑙th layer. 

 

The derivation of BP4 is as follows: 



IDENTIFICATION OF QUEEN-LESS BEEHIVES USING SIGNAL ENHANCEMENT TECHNIQUES AND NEURAL NETWORKS 

69 

 

 

∂𝐶

∂𝑏𝑗
𝑙 =
𝜕𝐶

𝜕𝑧𝑗
𝑙 ∙
𝜕𝑧𝑗

𝑙

𝜕𝑏𝑗
𝑙 = 𝛿𝑗

𝑙 ∙
𝜕(𝑤𝑗𝑘

𝑙 𝑎𝑘
𝑙−1 + 𝑏𝑗

𝑙)

𝜕𝑏𝑗
𝑙 = 𝛿𝑗

𝑙 (6. 21) 

 

 

Here the variables are not described because they have been mentioned above. 

 

The main idea of the backpropagation is to modify the weights and the biases to 

minimise the cost function of the MLP model. The weight and the bias in each layer of the 

MLP model can be automatically adjust based on these four formulas.  

6.5 Activation Function 

The activation function is design to introduce non-linearity into the output of neurons 

(as shown in Figure 6.4) in the hidden layers of the MLP model. It acts on each neuron to 

determine whether or not it should be activated, according to if the input of the unit is 

relevant to the model’s expectation. It also normalises the output of all units between zero 

and one or minus one and one, depending on the activation function used [148].  

 

 
 

Figure 6.4 An activation function in a simple MLP network 

 

With the activation function, the output of an MLP model can be defined as: 

 

𝑦 =  𝜎(𝑦𝑗) (6. 22) 

 

Sigmoid and tanh are the most popular activation function used for the MLP model. 

The sigmoid function can be defined as: 
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𝑓(𝑥) =
1

1 + ⅇ−𝑥
(6. 23) 

The tanh function can be defined as: 

     

𝑓(𝑥) =
1 − ⅇ−2𝑥

1 + ⅇ−2𝑥
(6. 24) 

 

The curves of sigmoid and tanh are shown in Figure 6.5: 

 

 
 

Figure 6.5 The curves of sigmoid and tanh 

 

The sigmoid function can generate a smooth gradient because it can quickly get the 

derivative. It also bound the output value to a range between zero and one, making the 

output as a probability explanation more straightforward and intuitive. For the input value 

lower than minus two or higher than two, it takes the output value to be very close to zero 

or one, which enables precise predictions. However, the derivative of the sigmoid function 

approaches zero when the input value is too large or too small, leading to the cease of 

backpropagation learning in the rest of the network. This mathematical phenomenon is 

known as the vanishing gradient problem [149]. 

The tanh function is an improved version of the sigmoid function. It is a rescaled 

sigmoid function lying between minus one and one. The benefit of the tanh function is that 

its mean values are always around zero, while that for the sigmoid can be varies depending 

on the input values. Another advantage is that the tanh function can map strongly negative 

input to negative output, but sigmoid will generate the output close to zero, reducing the 

weight updating speed in backpropagation. This feature enables the tanh function to be 

suitable for processing bee audio signals because the feature vectors of bee signals possess 

a considerable number of negative values. 



IDENTIFICATION OF QUEEN-LESS BEEHIVES USING SIGNAL ENHANCEMENT TECHNIQUES AND NEURAL NETWORKS 

71 

 

The comparison between the sigmoid function and the tanh function can be seen in 

Table 6.5. The tanh function is more appropriate to do bee audio signal classification. 

 

 

Table 6.5 The compassion between the sigmoid function and the tanh function 

 

Because the MLP model is technologically advanced, flexible in design, simple to 

implement, and fast to computing, it is suitable for performing queen-less beehive 

classification.  

The next chapter will explain the design and architecture of the queen-less beehive 

identification system proposed in this paper. The workflow of the system, from data 

preparation, signal enhancement, feature extraction to signal classification, will also be 

explained step by step in the following sections. The execution results will show the 

advantages of this system compared to traditional methods from different aspects. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

  sigmoid function tanh function 

Advantages Smooth gradient Smooth gradient 

Output value normalisation (0 to 1) Output value normalisation (-1 
to 1) 

Easy to interpret the probability for a 
particular data point 

Clear predictions 

Zero centred 

Clear predictions Training faster than sigmoid 

Disadvantages Vanishing gradient Error surface can be very flat at 
the origin. Outputs not zero centred 

Computationally expensive 



IDENTIFICATION OF QUEEN-LESS BEEHIVES USING SIGNAL ENHANCEMENT TECHNIQUES AND NEURAL NETWORKS 

72 

 

 

 

Chapter 7   
 

 

Queen-less Beehive Identification 
 

 

 

 

Current audio-based queen-less beehive identification methods should be improved 

by adding signal enhancement features, considering the impact of environmental noise on 

beehive audio signal processing. The bee signal enhancement is one of the contributions of 

the system proposed in this thesis because there has been no detailed investigation. This 

system uses multi-band spectral subtraction and Wiener filters to filter the noise from raw 

bee signals and compares their filtering performance in different noise levels. The enhanced 

signals are closer to the original bee signals, so the MLP classification model identified their 

MFCC features more accurately. This chapter explains the proposed system in the following 

steps: 

1. Dataset preparation; 

2. Signal enhancement; 

3. IMFCC feature extraction; 

4. Configuration and implementation of MLP classifier; 

5. Results. 

The expected outcome of the proposed system will show: 

1. Impacts of the rain noise on bee signal processing; 

2. Comparison of the effect of two filters’ signal enhancement; 

3. Comparison between the classification accuracy before and after signal 

enhancement; 
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4. Comparison between the classification accuracy of an original MLP model and an 

optimised MLP model; 

5. Comparison between the classification accuracy of KNN, SVM, and MLP models. 

 

This chapter begins with the proposed system architecture and describes each step of 

the workflow of the system. It is expected to display the positive effect of signal 

enhancement and MLP classification by three designed execution scenarios. First, the 

original bee audio signal is added to different levels of rain noise for feature extraction and 

classification. The expectation of this scenario is that the more noise is added, the more the 

classification accuracy decreases. The second scenario shows the classification accuracy of 

the signals enhanced by the Multi-band spectral subtraction and the Wiener filter. It 

compares the denoising effect in the frequency domain and the time domain. The 

performance of an optimised MLP model is compared with an original one in the last 

scenario. This shows how much the optimisation of an MLP model can improve classification 

accuracy. 

7.1 System Architecture 

    This section shows the proposed queen-less beehive identification system’s 

architecture, and the following sections describe how the system works. First, the bee audio 

signals and rain noise, selected from authoritative projects and websites, are mixed and 

separated into 2,000 two-second acoustic samples in Python for experimental data 

preparation. All samples’ energies are normalised to the same level, so their SNR can be 

calculated and compared. The bee signals consist of queen-less and queen-right signals with 

the sampling rate at 16,000 Hz. The sampled input vectors are then passed to a Multi-band 

Spectral Subtraction algorithm and a Wiener filter to filter the rain noise. The enhanced 

signals are supposed to approach the original bee signals. In the third step, twenty-six 

IMFCC features of each sample are extracted from two groups of enhanced signals and sent 

to an MLP model. Finally, the trained MLP model classifies each sample as queen-less or 

queen-right (as shown in Figure 7.1). 
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7.2 Data Preparation 

The audio dataset used for this study has two components, bee signals (queen-less and 

queen-right) and rain noise. There are pure bee audio sample groups and noisy sample 

groups in the dataset. So the outcome shows the difference between the classification 

accuracies of pure bee signals (without rain) and noisy ones (raining).  

The dataset of bee audio signals used is made available by the School of Electronic 

Engineering and Computer Science, Queen Mary University of London (available online: 

https://zenodo.org). The bee audio samples includes two types of signals acquired from 

queen-less and queen-right beehives. The thinking for selecting this dataset contains:  

1. This dataset is acquired from natural beehives;  

2. The input samples are raw audio files to show complete signal processing;  

3. The sample size is large enough for providing credible experimental results.  

The rain noise dataset is downloaded from the Internet (freesound.org, an official website 

sharing about 600 audio classes and 300,000 audio samples). The noisy sample groups 

prepared for this thesis are mixtures of these two datasets, artificially synthesised in Python 

(as shown in Figure 7.2).  

The noisy samples use artificial combinations rather than natural bee signals in raining 

days because of the limitation of research time and physical condition. It can be found in 

previous studies that audio signal monitoring of the real beehive needs at least serval weeks 

in a specific time, such as winter, to record audio files when the monitoring conditions are 

right [31], [33], [150]. For example, the researchers have the right to remove queen bees 

from several beehives placed in different places where they have installed the sound 

acquisition equipment to record the expected audio signals in the beehives. It is suitable for 

those who do long-term research on beehive monitoring to record the accurate audio 

signals in the beehive. For this thesis, artificial synthesised signals can simulate the 

authentic signals acquired from beehives and can significantly shorten the research time.  

 
Figure 7.2 Mixing bee signals and rain noise into noisy signals and sampling 
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The bee audio samples, which are 10-minute long, are segmented into two-second 

length sample files because more training samples are required. Two thousand samples of 

them are randomly selected to be processed. The rain noise is also segmented into two-

second length samples to be combined with the bee audio samples. These samples have 

various power at this stage. It is necessary to normalise the power of the samples at the 

same level so that the SNRs before and after filtering can be appropriately calculated. After 

normalisation, the clean bee audio and noisy samples with 10dB, 20dB, and 40dB SNR are 

produced in the time and frequency domains, respectively (as shown in Figures 7.3 to 7.6). 

 

 

 

Figure 7.3 Clean bee signals 

 
 

Figure 7.4 Noisy signals with 40dB SNR 
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Figure 7.5 Noisy signals with 20dB SNR 

 

  

 

Figure 7.6 Noisy signals with 10dB SNR 

 

According to the Nyquist theory, the sampling rate of the input is set at 16,000Hz, 

which is double the primary frequency range of the mixed signals (0Hz to 8,000Hz). This 

sampling rate can represent the characteristics of the input samples with minimum 

computing consumption. The input of each sample is a vector with a size of 32,000 × 1. 
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7.3 Signal Enhancement 

According to the literature reviews presented in Chapter 4, the prepared samples of 

noisy signals will pass to the Multi-band spectral subtraction and the Wiener filter to 

enhance the bee signals in the frequency and time domains. 

7.3.1 Multi-band Spectral Subtraction 

In general, the audio signal analysis is based on short-term analysis because the audio 

waves are usually stable and smooth within a short period of 20ms to 30ms. As we can see 

in this study, both the bee signal and the rain noise fluctuate dramatically in the low-

frequency range. The noisy signals as the input are framed into 10ms frames using a 

hamming window to improve the filtering process. The window step is set as half the frame 

size, so there is 50% overlapping between adjacent windows. The frames are converted into 

the frequency domain by using the FFT algorithm. The noisy phase information is calculated 

for the use of signal reconstruction. The estimated noise is also calculated in the multi-band 

and frequency domains. Segmental SNR is used to measure if the noise is smooth or is in 

drastic fluctuation. If the Segmental SNR is lower than 0, it indicates that there is an 

overestimation problem with noise. The easiest way to deal with this phenomenon is to set 

the negative value to zero to ensure a non-negative amplitude spectrum. However, this 

processing of the negative value will lead to small, independent peaks in the random 

position of the signal frame spectrum. To solve this problem, a threshold of three is set to 

be compared with the segment SNR in this band. If the segment SNR is less than the 

threshold, the estimated noise will be replaced by a new value which is defined as: 

 

𝑚𝑛(𝑘) = √𝐺 × |𝑚𝑛(𝑘)|2 + (1 − 𝐺) × |𝑆(𝑘)|2 (7. 1) 

     

Here 𝑚𝑛(𝑘) is the mean of the FFT of the noise in the 𝑘th frame; G is the gain value used 

to adjust the power of the noise (the G is set as 1 for avoiding the distortion of the signal); 

𝑆(𝑘) is the FFT of the 𝑘-th frame. 

 

In each band, the spectrum energy of the estimated signal 𝑃𝑠𝑖
′  is defined as: 

 

𝑃𝑠𝑖
′ =  |𝑠𝑖

′(𝑘)|2 = |𝑦𝑖(𝑘)|
2 − 𝑎𝑖𝛿𝑖|𝑑𝑖

′(𝑘)|2    (𝑏𝑖 ≤ 𝑘 ≤ 𝑒𝑖 ) (7. 2) 

     

Here 𝑠𝑖
′ is the estimated signal in the 𝑖th frequency band; 𝑦𝑖 is the noisy signal in the 𝑖th 

frequency band; 𝑑𝑖
′  is the estimated noise in the 𝑖 th frequency band; 𝑎𝑖  is the 

overestimate coefficient; 𝛿𝑖 is the compensation factor. 
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The overestimate coefficient 𝑎𝑖 is set dynamically based on the segmental SNR: 

 

𝑎𝑖 = {

5,   𝑆𝑁𝑅𝑖 < −5

4 −  
3

20
( 𝑆𝑁𝑅𝑖 ),  − 5 ≤  𝑆𝑁𝑅𝑖 ≤ 20

1,   𝑆𝑁𝑅𝑖 > 20

(7. 3) 

     

The compensation factor 𝛿𝑖 is set according to the highest frequency in the 𝑖th band: 

 

𝛿𝑖 =

{
  
 

  
 
2.5,  𝑓𝑖 < 1𝑘𝐻𝑧

1.5,  1𝑘𝐻𝑧 < 𝑓𝑖 <
𝐹𝑠

2
− 3𝑘𝐻𝑧

1.2,  
𝐹𝑠

2
− 3𝑘𝐻𝑧 < 𝑓𝑖 <

𝐹𝑠

2
− 2𝑘𝐻𝑧

0.8,  𝑓𝑖 >
𝐹𝑠

2
− 2𝑘𝐻𝑧

(7. 4) 

 

The enhanced signal after spectral subtraction is replaced by the spectral floor 𝛽 if it 

is lower than 0: 

 

|𝑆𝑖(𝑘)|
2 = {

|𝑆𝑖(𝑘)|
2,  𝑖𝑓 |𝑆𝑖(𝑘)|

2 > 0

𝛽 |𝑌𝑖(𝑘)|
2,  𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒

(7. 5) 

7.3.2 Wiener Filter 

According to the comparison between the FIR Wiener filter and the IIR Wiener filter, 
which is explained in section 4.3, the FIR Wiener filter is chosen to filter noise from the noisy 
signal in the time domain. The central part of configuring an FIR Wiener filter is to find out 
the optimal filter coefficient ℎ𝑜𝑝𝑡  of the FIR filter. Firstly, the size of the linear matrix 
equation is set as 100 × 100. The signal enhancement performance can be improved with 
size enlargement, but the cost of calculation also increase. The optimal solution of the 
Wiener filter can be defined as: 

 
ℎ𝑜𝑝𝑡 = 𝑅𝑦𝑦

−1𝑟𝑦𝑑
−1 (7. 6) 

 
    Next, the observed signal’s autocorrelation matrix of the 𝑅𝑦𝑦(𝑛)  and the cross-

correlation matrix between the observed and the desired signals 𝑟𝑦𝑑(𝑛)  must be 

calculated. 

The autocorrelation matrix of the observed signal is calculated by the Toeplitz matrix 
function in MATLAB:   
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𝑅𝑦𝑦(𝑛) = 𝑡𝑜𝑒𝑝𝑙𝑖𝑡𝑧 (𝑥𝑐𝑜𝑟𝑟(𝑜𝑏𝑠𝑒𝑟𝑣𝑒𝑑𝑠𝑖𝑔𝑛𝑎𝑙)) (7. 7) 

The cross-correlation matrix between the observed and the desired signals 𝑟𝑦𝑑(𝑛) is 

calculated by 𝑥𝑐𝑜𝑟𝑟() function in MATLAB: 

 

𝑟𝑦𝑑(𝑛) = 𝑥𝑐𝑜𝑟𝑟(𝑑𝑒𝑠𝑖𝑟𝑒𝑑𝑠𝑖𝑔𝑛𝑎𝑙 , 𝑜𝑏𝑠𝑒𝑟𝑣𝑒𝑑𝑠𝑖𝑔𝑛𝑎𝑙) (7. 8) 

 

Then the optimal filter coefficient ℎ𝑜𝑝𝑡 is used to filter the noisy signals. 

7.4 IMFCC Feature Extraction 

The IMFCC are used for feature extraction of enhanced bee signals according to its 

advantages mentioned in Chapter 5. The calculation of IMFCC feature extraction has six 

steps, as shown in Figure 7.7. 

 

 
 

Figure 7.7 Flow chart of the IMFCC feature extraction 

     

    Step 1. Pre-emphasis 

 

The IMFCC feature extraction is implemented in Python 3.7. The pre-emphasis filter 

with a coefficient of 0.97 is applied to amplify the high frequencies in the observed signals. 

Because the higher the frequencies are, the more serious the loss of audio energy will be. 
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Increasing the amplitude of the signal in high frequency can make feature extraction more 

representative. 

 

    Step 2. Framing and window 

 

The output audio signal from Multi-band Spectral Subtraction and Wiener filter is 

framed into 20ms frames. The frame size is set as 10ms in the noise filtering step for 

smoothing the signals to be processed, and it can save some computing resources to be 

20ms in this step. Each frame length is 0.02×16000 = 320 samples. The frame step is set to 

10ms, allowing 50% overlapping of two adjacent frames to avoid signal distortion. The first 

set of 320 samples begins with the 1st sample, and the next starts at the 161st sample. It 

does not stop until the end of the signal.  

 

Step 3. Discrete Fourier Transform 

 

In order to obtain the distribution of the energy of the audio signal in different 

frequency ranges, the signal is converted from the time domain to the frequency domain 

through DFT. Different energy distributions can represent the characteristics of different 

audio signals. The power spectrum estimation of the period diagram of the framed signals 

can be calculated by: 

 

𝑃𝑖(𝑘) =
1

N
|𝑆𝑖(𝑘)|

2 (7. 9) 

 

The 512-point DFT is performed, and the first 257 coefficients are kept. 

 

Step 4. Mel-spaced filter-bank 

 

This is a set of 20 triangular filter banks that filter the power spectrum estimates of the 

periodic graph obtained in the previous step. The Mel-spaced filter-bank consists of 26 filter 

vectors with a length of 257. Most of the 257 values of each filter are 0, and only non-zero 

for the frequency range needs to be collected. The input signals of 257 values will pass 

through 26 filters, and 26 energies of the signals are calculated at the filter. 

 

Step 5. Logarithmic energy and Discrete Cosine Transform 

 

The Logarithm of 26 energies are calculated, and then 26 cepstral coefficients are 

obtained by performing DCT on the 26 energies of the signals. Twelve numbers from two to 
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thirteen are reserved, which are called MFCC features. It is added by 1D Logarithmic energy 

to show the features of each frame. 

 

 

Step 6. Generating the IMFCC features 

 

Finally, the difference of cepstral coefficients is added to represent the dynamic 

change of the cepstral coefficients over time. The M value is set as 2, plus the first-order 

difference operation to produce 26-dimensional feature vectors. 

 

Δ𝐶𝑚(𝑡) =
∑ 𝐶𝑚(t + 𝜏)𝜏
𝑀
−𝑀

∑ 𝜏2𝑀
−𝑀

(7. 10) 

 

The 26-dimensional feature vectors are the input of the MLP model to do queen-less 

and queen-right classification. In the next section, the configuration and implementation of 

the MLP model will be explained. 

7.5 Implementation of Multilayer Perceptron 

Four scenarios are designed to show the classification performance of MLP in queen-

less signal identification. The first scenario uses the MLP model to classify noisy signals 

without signal enhancement, which is expected to show the classification accuracy 

decreases with the rain noise added to the bee signals. The second one compares the signal 

enhancement effect of the multi-band spectral subtraction and the Wiener filter. It shows 

the difference of SNRs of the raw signals and enhanced signals in the different noise levels. 

The last one compares the classification accuracy before and after optimising the MLP 

model. The optimised MLP model is supposed to perform a considerably higher 

classification accuracy than the original model. These designed scenarios are explained in 

the following sections.  

7.5.1 Configuration and Implementation 

Scenario one: Without signal enhancement: 

 

This scenario is designed to show the impact of rain noise on queen-less beehive 

identification. Three different noise intensities are added to the bee audio signals with the 

SNR of 40dB, 20dB, and 10dB. The outcome is expected to show the lower the SNR, the 

higher the reduction of the classification accuracy. A fast and straightforward MLP model is 
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designed to execute this task. The MLP model has two layers, and the number of neurons 

in the layers are twenty-six and two. The activation function uses tanh, and the algorithm 

to minimise the cost function is L-BFGS.  

The input of the model is the MFCC features of the noisy signal which is combined with 

the bee signal and the rain noise. The output is the classification accuracy of queen-less 

signals. The setting of the main parameters of the MLP model is shown in Table 7.1. 

 

Parameter Setting 

Number of layers  2 

Number of neurons  26, 2 

Active function Tanh 

Solver L-BFGS 

 

Table 7.1 Configuration of MLP in Scenario one 

 

Scenario two: Using signal enhancement 

 

This scenario focuses on comparing the denoising effect of the two filters. The MLP 

model used in this scenario is as same as the first one. However, the input of the model is 

the MFCC features of the enhanced signals generated by the multi-band spectral 

subtraction and Wiener filter. The output is the classification accuracy of queen-less status. 

The outcome will show the difference between the SNRs and the classification accuracies 

of the signals before and after enhancement. The setting of the main parameters of the 

MLP model is shown in Table 7.2. 

 

Parameter Setting 

Number of layers  2 

Number of neurons  26, 2 

Active function Tanh 

Solver L-BFGS 

 

Table 7.2 Configuration of MLP in Scenario two 

 

Scenario three: Optimised MLP model versus original MLP model 

 

This scenario compares the performance between an original model, a simple model 

used in scenarios one and two, and an optimised MLP model. An original MLP model has a 

default setting with just two layers and twenty-six and two neurons, respectively. The 

activation function uses sigmoid, and the solver (minimising the cost function) uses GD. By 
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contrast, the optimised MLP model has three layers with twenty-six, five, and two neurons, 

respectively. The tanh function is used for activation, and the L-BFGS is used to minimise 

the cost function. The result of this scenario shows how much better an optimised model 

can be. The setting of the main parameters of the two MLP models is shown in Table 7.3. 

 

Parameter 
Setting 

Original MLP model 
MLP model used  
in scenario one and two 

Optimised MLP model 

Number of layers  2 2 3 

Number of neurons  26, 2 26, 2 26, 5, 2 

Active function Sigmoid Tanh Tanh 

Solver GD L-BFGS L-BFGS 

 

Table 7.3 Configuration of two MLP models in Scenario two 

 

Scenario four: Optimised MLP model versus KNN and SVM models 

 

The KNN and SVM algorithms have been used for bee audio signal classification in 

several previous studies [30], [39], [67], [73], while the MLP has not been used in this field. 

This scenario aims to compare the KNN, SVM and the optimised MLP model through the 

classification accuracy and the learning ability of the models. The comparison is conducted 

in Python 3.7, where the three models process the same IMFCC feature vectors. The 

outcome shows their classification accuracies and AUC scores. The KNN model is optimised 

using a loop to find the most appropriate k value, and the optimisation of the SVM model 

uses the best cross-validation score to determine hyper-parameter space. The comparison 

details are list in table 7.4. 

 

Comparison between KNN, SVM, MLP models 

Environment Python 

version 3.7 

Library Scikit-learn 

Model KNN, SVM, MLP models 

Indicator Classification accuracy and AUC score 

 

Table 7.4 Comparison between the classification performance and learning abilities 

of KNN, SVM, MLP models 
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7.5.2 Training and Testing 

The training and testing datasets are the MFCC feature vectors extracted from 2,000 

audio samples. The training and testing rate is 70% versus 30%. Before training the MLP 

model, its key parameters should be set, as shown in tables 7.1 to 7.3. Training an MLP 

model consists of feedforward, loss calculation, and backpropagation, explained in Chapter 

6. The outcome will show the queen-less signal classification accuracies after the training 

process. 

7.5.3 Model Evaluation 

The model evaluation attempts to verify the performance of the classification models. 

The general method to do this task is using ten-fold cross-validation that the whole dataset 

is partitioned into ten parts, and each of them is set as the testing dataset in ten-round 

processing. The final classification accuracy takes the average accuracy of ten processing 

results. Because every observation of the entire dataset can be both training and testing 

data, the results are convincing. The well-known advantage of ten-fold cross-validation is 

its higher accuracy for out-of-sample data than other validation methods, like train/test split. 

This validation approach is widely applied in model evaluation and selection [151], [152]. 

The classification accuracy will also be estimated by the area under the receiver 

operating characteristic curve (ROC) curve (AUC) [153]. The ROC is a diagram that shows 

the classification performance of a model. It uses the false positive rate (FPR) and the true 

positive rate (TPR) calculated from the confusion matrix of the classification to draw a curve 

to show the best threshold in a classification model. The x-axis of ROC is FPR, and the y-axis 

is TPR. The formulas of the FPR and TPR are shown as following: 

 

FPR = FP/(FP + TN) (7. 11) 

 

TPR = TP/(TP + FN) (7. 12) 

 

Here the definition of the variables is as following: 

1. True Positive (TP): Observation is positive and is predicted to be positive. 

2. False Negative (FN): Observation is positive but is predicted negative. 

3. True Negative (TN): Observation is negative and is predicted to be negative. 

4. False Positive (FP): Observation is negative but is predicted positive. 

 

The AUC score is a value of probability showing how appropriate the classification 

model is for the dataset. The AUC score is higher, the model is better for the classification. 



IDENTIFICATION OF QUEEN-LESS BEEHIVES USING SIGNAL ENHANCEMENT TECHNIQUES AND NEURAL NETWORKS 

86 

 

7.6 Result 

    This section explains the implementation results of the four scenarios. The outcome 

shows environmental noise’s negative impact on the classification accuracy of bee signals, 

compares the signal enhancement effects of the multi-band spectral subtraction and the 

Wiener filter, and illustrates the improvement of the classification performance by 

optimising the MLP model. Ten-fold cross-validation and AUC score are applied to evaluate 

the MLP model. Furthermore, the MLP model is compared with two popular ML algorithms, 

KNN and SVM, to verify its high classification accuracy and learning ability. 

7.6.1 The Impact on Noise on Bee Signal Classification 

The result of scenario one showed that the classification accuracy dramatically 

dropped with noise added to the bee signals. It was clear from Figure 7.8 that the 

classification accuracy of the 10dB noisy signal was almost 30% lower than the figure for the 

clean bee signal, at merely 60.83%. The rain noise significantly reduced the classification 

accuracy of the MLP algorithm for queen-less signal recognition. 

Classification accuracy of around 60% is unacceptable for the queen-less beehive 

monitoring because it will give the beekeepers much wrong information about the beehive 

statuses. The bee signals should be enhanced to improve the classification performance. 

The following section will show the positive effect of the signal enhancement. 

 

 
 

Figure 7.8 Comparison between the classification accuracy of the clean bee signals and 

noisy signals 
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7.6.2 Signal Enhancement 

Both signals enhanced by Multi-band Spectral Subtraction and Wiener filter reduced 

the noise composition from the noisy signals. Through the SNR calculation of the noisy 

signals and the enhanced signals, it showed that the SNRs of signals enhanced by the multi-

band spectral subtraction increased by around 5dB. In comparison, those enhanced by the 

Wiener filter rose by approximately 4dB, 16dB, and 23dB, respectively. This outcome 

showed that the Wiener filter had a satisfying filtering effect in different noise intensities, 

while multi-band spectral subtraction only provided a slight rise (as shown in Figure 7.9). 

 

 

 

Figure 7.9 Comparison between the SNRs of the signals before and after the multi-band 

spectral subtraction and Wiener filter 

 

The classification performance of the enhanced signal was much better than noisy 

signals. The result showed that the classification accuracy increased by about 10%, 11%, 

and 17% when the multi-band spectral subtraction filtered the 40dB, 20dB, and 10dB noisy 

signals. By contrast, those filtered by the Wiener filter had around 12%, 17%, and 29% 

increase. The classification accuracy of MLP for all three noisy signals filtered by the Wiener 

filter was approximately 90%, which showed that the signal enhancement effect of the 

Wiener filter was better than the multi-band spectral subtraction in this experiment (as 

shown in Figure 7.10).  
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Figure 7.10 Comparison between the classification accuracy of the noisy signal before and 

after signal enhancement classified by MLP model 

7.6.3 Optimisation of MLP Model 
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Figure 7.11 Comparison of the classification accuracy of enhanced signal (enhanced by 

Multi-band Spectral Subtraction) with different SNRs between the original, 

straightforward and optimised MLP models 

 

 

 

Figure 7.12 Comparison of the classification accuracy of enhanced signal (enhanced by the 

Wiener filter) with different SNRs between the original, straightforward and optimised 

MLP models 
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noise level, which means the noise exerted a negative impact on the performance of the 

classification model. However, The MLP maintained a high performance in its classification 

and learning abilities. 

 

 

 

Figure 7.13 Ten-fold cross-validation average scores and AUC scores of the MLP model 

classifying the signals enhanced by the Multi-band Spectral Subtraction 

 

 

 

Figure 7.14 Ten-fold cross-validation average scores and AUC scores of the MLP model 

classifying the signals enhanced by the Wiener filter 
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7.6.5 Comparison to KNN and SVM 

The signal enhanced by the Wiener filter was used for lateral classification comparison 

to compare the classification performance of the MLP, KNN, and SVM models. The results 

showed that the proposed MLP model had much higher classification accuracy and learning 

ability than the other two models (as shown in Figures 7.15 and 7.16). The proposed MLP 

model performed higher than 95% classification accuracy no matter how much noise was 

mixed with input bee audio signals. However, the figure for the other two models was under 

83% and showed a significant drop in processing 40dB, 20dB, and 10dB input signals. 

Furthermore, the learning ability of the MLP model was higher and more stable than the 

other two models, at approximately 0.98. However, the AUC scores of KNN and SVM were 

only under 0.65 when they processed the 10dB input signals. 

 

 

 

  Figure 7.15 The comparison between classification accuracy of KNN, SVM and proposed 
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  Figure 7.16 The comparison between AUC scores of KNN, SVM and proposed MLP 

models 
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Chapter 8   

 

 

Discussion and Conclusion 
 

 

 

 

It is reported from the New Zealand bee colony loss survey that New Zealand 

beekeepers have lost approximately 10% of bee colonies every winter since 2015, caused 

mainly by the queen bee problems. More than 80% of beekeepers have not received 

advanced training and qualification, leading to improper care of beehives. This situation is 

more or less similar to beekeepers in other countries. Precision beekeeping is proposed to 

monitor individual beehives to improve the current beehive monitoring methods and 

reduce the cost of beekeeping. Thanks to the rapid development of Artificial Intelligence, 

various physical signals can be acquired from the beehive, and many methods have been 

used to identify the beehive indicators based on signal processing. Among these approaches, 

the audio-based beehive monitoring methods have been outstanding in previous studies, 

but they fail to consider the negative impact of the ambient noise on the bee acoustic signal 

processing. 

The study in this thesis verifies the negative impact of rain noise on bee signal 

classification through experiments, which is a significant drop of queen-less signals’ 

classification accuracy with the increase of the rain noise in input signals. The classification 

accuracy of the clean bee signals was at 89.83% using an MLP model to classify the queen-

less and queen-right signals. This figure drastically dropped to 80.33%, 73.33%, and 60.83% 

when the noise was combined with the bee signal with the SNR of 40dB, 20dB, and 10dB, 

respectively. According to the spectrogram analysis, both the queen-less audio signals and 
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rain noise enhanced and overlapped in the low-frequency range between 100Hz and 300Hz. 

It is difficult for the classification model to determine the acoustic signals are queen-less or 

queen-right in the rainy time.  

For enhancing the bee signal from the noisy signal, two popular filters, the multi-band 

spectral subtraction and the Wiener filter were used to reduce the noise from the input 

signals. Three groups of noisy signals with 40dB, 20dB, and 10dB were fed into the two 

filters. The effect of the signal enhancement is evaluated by calculating the SNRs before and 

after the filters and comparing the classification accuracy of the queen-less beehive. The 

result showed that both of them reduced the noise component of the input signals and 

improved the identification of the queen-less signals. The two filters behaved similarly when 

processing signals with an SNR of 40dB. The SNRs of the observed signals both increased by 

approximately 5dB after filtering by the two filters. However, the Wiener filter filtered more 

noise than the multi-band spectral subtraction when processing signals with SNRs of 20dB 

and 10dB. The SNRs of the observed signals enhanced by the Wiener filter rose to 35.63dB 

and 32.82dB, while the figure for those enhanced by the multi-band spectral subtraction 

increased to 24.34dB and 14.07dB. Another evidence of signal enhancement was that the 

classification accuracies of filtered signals significantly increased. The signals enhanced by 

the Wiener filter had a higher classification accuracy of the three noisy input signals at 

92.61%, 90.78%, and 89.77%, respectively, around 12% to 29% higher than the figure for 

those unenhanced. In comparison, the multi-band spectral subtraction increased by about 

10% to 18% of the classification accuracy. The most important finding is that filtering the 

noise from the original beehive signals helps increase the accuracy of the queen-free hive 

classification. The Wiener filter performed better than the multi-band spectral subtraction 

because it was more adaptive to filter noise in different noise intensities. 

Another finding of this study is that the MLP model can be used for queen-less beehive 

identification and have higher classification performance than the KNN and SVM algorithms. 

The MLP model is simpler and more flexible to optimised by adjusting the parameters. In 

this study, the optimised MLP model added one hidden layer with five neurons compared 

to the original MLP model. The activation function substituted the tanh for the sigmoid, and 

the L-BFGS algorithm replaced the GD to minimise the loss function. The result displayed 

that the classification accuracy of the optimised model was up to 49% higher than the 

original model. Even under the influence of rain noise, the MLP model still maintains high 

classification performance. The AUC score of the optimised MLP model was always 

maintained at 0.98 when processing enhanced signals with different SNRs. Its ten-fold cross-

validation average scores were also maintained at a similar level. By contrast, KNN and SVM 

witnessed a dramatic decrease in the classification performance of noisy signal processing. 

In conclusion, this thesis discusses the problems of current audio-based queen-less 

beehive monitoring methods and provides a solution to enhance bee audio signals 

according to a comprehensive review of previous beekeeping and other related studies. The 
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proposed approach proves to considerably improve the classification accuracy of the 

queen-less signals in rainy ambient. Firstly, it shows that the Wiener filter performs better 

than the Multi-band Spectral Subtraction in bee signal enhancement. Secondly, the MFCC 

are initially introduced to extract the acoustic features of bees improved by the signal 

enhancement techniques. Finally, the MLP model shows a better classification accuracy 

than the KNN and the SVM algorithms, even though it has not been used in bee signal 

classification. The outcome of this study proves valuable in expanding the understanding of 

audio-based queen-less identification. The limitation of this research is that the datasets 

are synthetic. The acoustic signals acquired from natural beehives should be more 

complicated and variable. Another limitation is the sample size, which needs further 

expansion and experimentation. 

Despite its limitations, this study certainly provides implementable solutions to the 

future multi-task and interactive intelligent beehive monitoring system. The questions 

raised by this study are whether the proposed approach can simultaneously handle the 

monitoring of multiple beehive indicators and how to enhance the bee signals in a complex 

noise environment. First, various audio signals emitted by bees in different statuses, such 

as swarming and infection, may have similar MFCC features in equal frequencies. How to 

make the proposed system's multi-task classification performance better requires further 

verification. Another challenge is that environmental noise has different characteristics. The 

rain noise used in this study is a continuous and steady audio signal called stationary noise. 

However, there are some discontinuous and dramatically fluctuant audio signals, which is 

called the non-stationary noise, such as road noise and sounds of thunder. Further research 

needs to examine these questions. 
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