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The laborious point count method of conducting bird surveys is still a
common practice in Malaysia. An alternative method known as passive
acoustic monitoring (PAM) is deployed in many countries by placing sound
recorders at surveying sites to collect bird sounds. Studies revealed that the
number of bird densities counted by human observers was agreeable with
those obtained using PAM. However, one of the most essential gaps in
conducting PAM is the lack of expert-verified bird-call databases. Therefore,
the aim of this study is to construct the first annotated Malaysia lowland
forest bird sounds called SiulMalaya to be used as ground-truth datasets for
PAM-related activities. The raw bird sounds dataset was downloaded from
Macaulay Library using the eBird platform. Data pre-processing was done to
produce annotated audio tracks that can be used as training datasets for bird
classification. SiulMalaya dataset was further validated by two bird experts
from the Department of Wildlife and National Parks, Malaysia. A bird

identification experiment was carried out to assess and validate SiulMalaya
dataset using a convolutional neural network (CNN) learning model. Even
though the accuracy of bird identification is slightly above 50%, the
annotated dataset is shown to be viable for PAM-related operations.
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1. INTRODUCTION

The lowland dipterocarp forest in Malaysia generally refers to forests located below 300 meters [1],
facing a greater threat of an estimated 45.3% total loss between 2000 and 2010 as reported by
Miettinen et al. [2]. The constant deforestation and human-related activities have threatened the survival of
lowland forest birds [3], thus a national red list for the birds of Malaysia was recommended by Lang et al. [4]
to align the global International Union for Conservation of Nature (IUCN) red list with the conservation
status of birds in Malaysia. Official work on bird conservation and surveys are collectively done by the bird
conservation council (BBC) of the Malaysian nature society (MNS) and the Department of Wildlife and
National Parks Peninsular Malaysia. Bird surveying and monitoring in Malaysia was and still is commonly
done by volunteers or expert observations at the site of the survey. Terrestrial surveys were either conducted
by foot [5]-[7] or using boats [5] and sometimes aerial surveys [5]. The most widely used method to estimate
the number of birds is using the point count method where the volunteers and experts remain stationary at the
point area for a certain period jotting down the species seen or heard. The bird counting process is often very
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laborious and requires the involvement of volunteers and researchers to be stationed at the different survey
sites.

The use of acoustic sensors or passive acoustic monitoring (PAM) in biodiversity monitoring has
shown an increase of fifteenfold in publications since 1992 [8]. PAM has several advantages over the
traditional point count method for bird surveying and monitoring based on several factors [9] such as:
i) sound recording of the birds can be done in the absence of the observer; ii) allowing monitoring to be done
in areas that are difficult to access; and iii) vocally less active and nocturnal birds can be recorded using
highly sensitive acoustic sensors. A study by Leach et al. [9] compared point count method and automated
acoustic monitoring for detecting birds in a rainforest in Queensland, Australia. The results showed that each
method detected different unique species, thus the authors recommended the adoption of both methods for
future biodiversity assessments as they are complementary to each other. A more recent study by
Pérez-Granados and Traba [10] compared 31 articles using autonomous recording devices and human
observers to estimate bird densities. Twenty-six studies revealed that the number of bird densities counted by
human observers was agreeable with those obtained using autonomous recording devices. Therefore, the use
of PAM in bird monitoring is encouragingly positive and should be pursued to bring an impact on
biodiversity research. However, one of the most essential gaps in conducting PAM is the lack of
expert-verified bird-call databases [11]. Ground-truth databases are time-consuming, laborious, and costly as
high-quality audio recordings are difficult to acquire in the wild. The two most common bird calls databases
contributed by citizen sciences are the Macaulay library [12] by Cornell Lab of Ornithology and
Xeno-Canto [13]. While the Macaulay library contains audio, photos, and videos of birds, amphibians, fishes,
and mammals, the xeno-canto database comprises only bird audio. A search for bird sounds in Xeno-Canto
shows 1,303 non-captive bird sounds in Malaysia. Xeno-canto welcomes all bird sounds recording regardless
of the quality and contributors must ensure that the bird’s sound is identified correctly before it is uploaded.
On the other hand, there are more than 1.3 million bird sounds in the Macaulay library as of 7" May 2022.
A total of 6,506 bird sounds found in Malaysia are retrieved from Macaulay library for this research using the
eBird [14] platform. The bird sounds comprised 3,007 songs, 2,630 calls, 3 flight songs, 24 flight calls,
70 non-vocals, 30 dawn songs, and 85 duets. All the bird sounds are from non-captive birds and their
identities are confirmed. Six unconfirmed bird sounds are discarded. As Macaulay library offers more bird
sounds recorded in Malaysia and the quality of the recordings are strictly adhered to by the contributors, we
opt to use these sound datasets in our study.

The bird sound files uploaded by the contributors are in raw forms with a lot of noise. Macaulay
library provides steps for contributors to adhere to, before uploading their sound recordings. The contributors
are to trim the ends of the recording and boost the volume. Furthermore, group recordings of the same bird
are stored in one long audio file with 1-second intermittent between each bird. They are also encouraged to
append voice announcements and avoid using filtering or cosmetic editing. Thus, some recordings are
preceded by human voice announcements and other animal sounds. One recording even has a call for prayer
and most have overlapping bird sounds. The noisy bird sounds posed no problem if the bird identification is
done by a human expert. However, automated bird identification requires a clean and annotated training
dataset, especially systems that utilize machine learning techniques. The largest annual bird species
identification based on audio recording known as the bird cross-language evaluation forum (BirdCLEF)
challenge [15] can be seen as a de facto standard for evaluating machine-learning bird identification
techniques. Since BirdCLEF’s conception in 2014, the bird audio datasets from the xeno-canto collaborative
database were used for the bird identification task.

Table 1 shows a summary of the data collection used in the BirdCLEF challenge since 2014. The
earlier data used was collected from South and Central American countries as was the original aim of the
xeno-canto database. All training datasets were annotated by experts and the number of species to be
identified in the BirdClef challenge increased from 2014 to 2017. In later years, the challenge is focused on
specific data collection. When the identification of birds from mono-directional recordings (i.e., short
recordings of individual birds) was established, the BirdCLEF challenge moved to identify birds in
soundscape recordings (i.e., long recordings from PAM devices containing multiple species calling
simultaneously) beginning 2019. Some of the lessons learned [16] from the BirdCLEF challenge are: i) deep
neural network such as convolutional neural network (CNN) is commonly used for sound event recognition;
ii) PAM is favorable for bird density estimation, monitoring, and habitat assessment; and iii) lack of suitable
validation and test data hampers the development of reliable techniques. As can be seen in Table 1, more
efforts are put into producing annotated datasets of certain countries. Thus, this paper attempts to address the
last lesson learned from the BirdCLEF challenge, which is to construct the first annotated Malaysia lowland
forest bird sounds to be used as training datasets for machine learning-based PAM-related activities such as
bird identification. The contribution of this paper is twofold: i) to the best of our knowledge, this is the first
study to develop annotated audio bird sound datasets of lowland forest birds in Malaysia using citizen science
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and ii) this study provides a detailed description of the development of validation and test datasets to be used
by PAM activities.

Table 1. Data collection of BIrdCLEF challenge

Country Species Audio recordings Recording/species
2014 Brazil 501 14,027 Min 51, max 91
2015,2016  Brazil, Colombia, Venezuela, Guyana, Suriname, and 999 33,203 Min 14, max 200
French Guiana
2017,2018 Brazil, Colombia, Venezuela, Guyana, Suriname, 1500 36,496 NA
French Guiana, Bolivia, Ecuador, and Peru
2019 Ithaca, New York NA 350 hours soundscapes  NA
2020 North, Central, South America, and Europe 1500-2000 80,000
2021 North, Central, South America, Eastern, Western 397 60,000 & soundscapes  NA
United States, Costa Rica, and Columbia
2022 Hawaii 152 15,000 NA

2. RELATED WORK

In Malaysia, the earliest work of using acoustics for the vocal understanding of birds was done in
2013 by [17] where vocalizations of swiftlets were studied to identify the acoustic features of swiftlets that
attracted other swiftlets. Not many details on the recording of the swiftlets were provided. Another similar
work by [18] went further by identifying the swiftlet calls and synthesizing more swiftlet calls. In this study,
ten swiftlets’ sounds were recorded from inside and outside of the bird’s house using song meter (SM2). Both
studies focused on developing signal processing algorithms for acoustic feature extraction. The first work of
bird surveying using vocal calls was done by Chang et al. [19] to explain Sunda Scops-Owl’s terrestrial calls.
Seventy-five recordings were collected from 12 owls in lowland forests and oil palm smallholdings in
Selangor within six months. Six frequency features and two temporals were extracted from the spectrograms
of the calls, and classification was done using discriminant function analysis. The results showed an accuracy
of 97.1% for a correct individual owl call. However, the sample size was too small to confirm the stability of
the calls.

A group of researchers from public universities began showing keen interest in PAM beginning the
year 2018. Research by Chang et al. [19] studied the vocal individuality of large-tailed nightjar in oil palm
smallholdings and isolated forest patches in Selangor and recorded 22 individuals. Nine vocal parameters
were extracted from the calls and discriminant function analysis showed correct classification of original
grouped cases of above 94.5%. A comparison of point count and acoustic sampling was done by [20] to
estimate the diversity index of resident bird species in a mangrove forest and oil palm plantations in
Selangor. They recorded 115 species of birds in the two habitats and the results also showed no significant
difference in the identification of bird species when using point counts or acoustic sampling. PAM was used
in a study by [21] to observe birds’ activity patterns in relation to the distance to the forest edge,
microclimate factors, and different survey periods. Few statistical measurements were done, and the study
showed that there were no significant differences in the number of species regardless of the distances from
the forest edge. However, a significant difference was found in the number of birds for different survey
periods and microclimate factors. Most acoustic activities of the birds were higher in the morning compared
to the afternoon, which is when the light intensity and temperature are lower. In 2020, bird sound detection
and classification were carried out by Saad [22], Hong [23], Musa [24], Liang [25], and Zabidi et al. [26].
Saad [22] used xeno-canto bird audio sounds to compare several CNN-based learning models for the
classification of 10 classes of European, South America, and African birds. While the latter [23]-[26] used
xeno-canto and Urban8K sound to train CNN-based models in discriminating between birds and non-bird
sounds. Musa [24] developed Bulbul-CNN and compared it with MobileNet to classify Asian Koel.

A summary of the related work is presented in Table 2. As can be seen, there are few isolated
studies of bird monitoring and surveying using PAM in Malaysia. In general, most studies that conducted
their own data collection are done in Selangor, Malaysia. There is not much information on swiftlet’s dataset
and the data collection methods. The pre-processing and feature extractions of the study [18], [27] followed
standard signal processing, and the purpose was to identify the best vocal to attract swiftlets. Three studies by
[19]-[21] managed to collect acoustic recordings of 22 nightjar individuals, 5,686 individuals of 115 species,
and 90 species of birds from various locations in Klang Valley, Malaysia. Their data were analyzed using
statistical tests for different purposes. Chang et al. [19] used PAM to identify the vocal structure of the
large-tailed nightjar’s territorial calls, [21] used it to understand the activity patterns of birds related to the
forest edge and the time of the survey. Another group of researchers from the engineering department
focused on the classification methods to detect bird sounds against non-bird sounds. While one study [24]

SiulMalaya: an annotated bird audio dataset of Malaysia lowland forest birds for ... (Nursuriati Jamil)



22712 O3 ISSN: 2302-9285

specifically stated Asian Koel species, others stated only the use of the xeno-canto database as their positive
datasets of bird sounds and Urban8K as negative datasets of non-bird sounds.

Table 2. Summary of related work

Author Data collection Pre-processing Acoustic features Purpose
Zaini et al. [27] Swiftlet Pre-emphasis, Mel-frequency cepstral coefficient Vocalization
framing, Hamming representation
Nematollahi et al. [20] ~ Swiftlet Denoising Linear predictive analysis Vocalization
synthesis
Chang et al. [19] 22 Large-tailed NA Call length, interquartile bandwidth, Vocal
nightjar individuals low, high, average, center and peak individuality
frequencies, third quartile frequencies
Hamzah [20] 5,686 individuals NA NA Point-cloud vs
acoustic
sampling
Shoon [21] 90 species NA NA Acoustic
activity pattern
Musa [24] Asian Koel (xeno- NA Spectrogram Bird sound
canto) detection
Hong [23] xeno-canto, Urban8K  NA Spectrogram Bird sound
detection
Saad [22] xeno-canto, Urban8K  1-sec audio Spectrogram Bird sound
segmentation detection
Liang [25] xeno-canto, Urban8K  1-sec audio Spectrogram Bird sound
segmentation detection
Zabidi et al. [26] xeno-canto, Urban8K  1-sec audio Spectrogram Bird sound
segmentation detection

As stated earlier, one of the problems of PAM research is the lack of suitable validation and test data
for the development of reliable and robust techniques. Based on the related work, a reasonably good
collection of acoustic bird vocals was collected but no clear explanation or description of developing a
validation and test data that can be used by PAM research is found. Even though established signal
processing methods can be used for bird surveying and monitoring, the lack of validation and test data will
slow the progress of utilizing PAM.

3. METHOD

The main aim of this paper is to develop an annotated bird sound dataset from raw audio recordings
such as PAM that can be used as validation and test data for bird identification and monitoring. The first
phase of the study was the data collection and data pre-processing of validated raw audio recordings
contributed by citizen sciences on the eBird website. An annotated dataset called SiulMalaya was developed
from the raw audio recordings in the second stage and the third stage involved the training and validation of a
CNN model using SiulMalaya. The trained CNN model was then used to perform bird identification to
evaluate the validity of SiulMalaya in the final stage of the study. Figure 1 illustrates the processes involved
in this study. Each phase is described in detail in the following subsections.

3.1. Data collection

As this was the initial step of developing annotated bird sounds of lowland forest birds in Malaysia,
we only focused on birds found in Kuala Krau Wildlife reserve, Pahang which is the biggest wildlife reserve
in Peninsular Malaysia. Although the BirdLife international data zone [18] listed approximately 13 bird
species in Kuala Krau Wildlife reserve, our study depends on the availability of the bird sounds on eBird
website. The construction of the bird sounds dataset which is named SiulMalaya requires several steps as
shown in Figure 2. The bird information was sought using its species’ common name from the explore menu
on the ebird.org website. The information was further filtered from the search results by location and data
type, which in this case is audio data. After filtering, the result would only provide the information list of
birds with audio data at a specified place given by the download URL list. The text pad with the download
URLs was imported using simple mass downloader v0.831, a Google Chrome plugin. The extension was then
executed to begin the download. As needed for this study, each step was repeated for each bird species. All
the audio files in a total of 166 tracks were downloaded into specific folders according to the species’
common name in moving pictures experts group-1 layer-3 (MP3) file format for pre-processing and the
detailed list is shown in Table 3.
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Figure 1. Process flow of SiulMalaya development and validation
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Figure 2. Data acquisition from eBird web portal

Table 3. Raw audio bird songs of Kuala Krau Wildlife reserve

No. Bird name Total MP3 tracks  Duration (h:m:s)
1. Black-capped Babbler 21 000:27:25
2. White-chested Babbler 4 000:06:49
3. Ferruginous Babbler 16 000:20:32
4. Moustached Babbler 18 000:23:41
5. Sooty-capped Babbler 13 000:35:42
6. Scaly-crowned Babbler 8 000:08:30
7. Rufous-crowned Babbler 15 000:34:12
8. Black-throated Babbler 13 000:16:27
9. Chestnut-rumped Babbler 13 000:27:06
10.  Chestnut-winged Babbler 17 000:26:03
11.  Fluffy-backed Tit-babbler 13 000:20:43
12.  Black-naped Monarch 8 000:08:00
13.  Rufous-winged Philentoma 7 000:09:23
Total tracks 166

3.2. Audio sampling

The raw audio birdsongs were resampled and converted from MP3 to waveform audio (WAV) using
audacity v3.0. All audio tracks for a single species were loaded and converted from stereo to mono audio type

SiulMalaya: an annotated bird audio dataset of Malaysia lowland forest birds for ... (Nursuriati Jamil)



22714 O3 ISSN: 2302-9285

before being resampled to 16,000 KHz. Finally, they were converted to linear pulse-code modulation (LPCM)
WAV file format for the audio filtering process. The LPCM format was used because it uncompressed and
preserved the information in the audio track which is crucial to the training of a deep learning model [28].

3.3. Audio filtering

Audio filtering was done to remove superfluous sounds such as animal sounds, environmental noises,
and human voices from the sampled audio. Each audio track has unique noise profiles, therefore different
noise reduction (dB), sensitivity, and frequency smoothing (bands) were applied on each audio track based on
trial and error. The audio filtering was a delicate process and extremely time-consuming because excessive
noise reduction will distort the bird’s song. In the sections where the bird songs were non-existent, the audio
tracks were reduced to 0 dB. Therefore, only the sections of the audio tracks with birds’ sounds were left
intact. In the case where the audio tracks were exceptionally noisy, they were discarded. An example of a very
noisy audio track that was discarded and an audio track that went through filtering is shown in Figure 3. The
Figure 3(a) is referred to raw audio birdsong with normal audio track. Meanwhile, Figure 3(b) showed the
extremely noisy audio track. After the audio filtering, each audio track was reduced in duration and the results
are shown in Table 4.
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Figure 3. Two raw audio birdsong tracks (a) normal audio track and (b) extremely noisy audio track

Table 4. Raw audio bird songs are slightly reduced in duration after audio filtering

No. Bird name Duration (before)  Duration (after)
1 Black-capped Babbler 000:27:25 000:23:42
2 White-chested Babbler 000:06:49 000:05:55
3 Ferruginous Babbler 000:20:32 000:19:20
4. Moustached Babbler 000:23:41 000:15:38
5. Sooty-capped Babbler 000:35:42 000:28:36
6 Scaly-crowned Babbler 000:08:30 000:05:53
7 Rufous-crowned Babbler 000:34:12 000:26:06
8 Black-throated Babbler 000:16:27 000:08:01
9. Chestnut-rumped Babbler 000:27:06 000:17:08
10.  Chestnut-winged Babbler 000:26:03 000:16:36
11.  Fluffy-backed Tit-babbler 000:20:43 000:14:15
12.  Black-naped Monarch 000:08:00 000:06:12
13.  Rufous-winged Philentoma  000:09:23 000:05:59

3.4. Audio annotation and validation

Audio annotation is a method of making a speech or sounds more identifiable and understandable
for deep learning [29]. In this study, the cleaned data was labeled as ‘silent’ and ‘sound’ to prepare the
training and validation dataset of the deep learning model. The annotation was done using Praat v6.1.42. The
challenge during annotation was to determine the most suitable pitch and time steps to segment the ‘sound’
and ‘silence’. After several trials and errors using visual observation, the optimum setting that could produce
the best annotation is -50.0 dB for the silence threshold, 2 s for the minimum silent interval, and 0.3 s for the
minimum sounding interval. An example of the audio annotation can be seen in Figure 4. The filtered audio
can be seen in the top part of Figure 4 and the annotation is seen at the bottom part labeled as ‘sounding’ and
‘silent’.
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After audio annotation, the audio tracks were segmented into smaller audio tracks of bird songs
totaling 1,665 tracks. The highest number of tracks was from the black-capped Babbler species amounting to
265 tracks. The details are shown in Table 5. The audio tracks in .wav format were then sent to two bird
experts from the Department of Wildlife and National Parks, Malaysia. They were given two months to
complete the validation of the segmented annotated tracks to ensure all the pre-processing was done correctly
and only one dominant bird call was annotated in each segment. The expert listened to the segmented audio
tracks and confirmed whether the assigned label was correct or otherwise. If in doubt, a discussion will be
held among all parties involved in the annotation process.
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Figure 4. An annotated, noise-filtered audio track

Table 5. Segmented birdsong tracks by species

No. Bird name No. of tracks
1. Black-capped Babbler 265
2 White-chested Babbler 79
3 Ferruginous Babbler 124
4. Moustached Babbler 154
5. Sooty-capped Babbler 157
6 Scaly-crowned Babbler 64
7 Rufous-crowned Babbler 179
8.  Black-throated Babbler 49
9. Chestnut-rumped Babbler 148
10.  Chestnut-winged Babbler 150
11.  Fluffy-backed Tit-babbler 122
12.  Black-naped Monarch 75
13.  Rufous-winged Philentoma 99
Total tracks 1,665

3.5. Spectrogram generation

The next step was to represent the annotated audio tracks using spectrograms, which was a
representation of audio in a two-dimensional (2D) image based on frequency variations over time [30]. The
spectrogram was created by applying a short-time fourier transform (STFT) to the audio tracks to extract
spectro-temporal information, followed by normalization. The 1,665 annotated tracks were set to have a
consistent length of 1 second, thus the audio tracks that did not meet these requirements are padded with
zeros to ensure they have the same dimensions when transformed into spectrograms. The zero-padded
spectrograms are shown in Figure 5. As can be seen, the amount of zero-padded differs from each track
depending on the duration of the filtered audio track itself. STFT generated an array of complex integers that
indicate magnitude and phase. However, for this study, the magnitude would suffice.
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Figure 5. Spectrograms of three audio tracks of birdsongs

3.5. Model development

As stated earlier, the basic CNN model was chosen in this study as the main aim is to validate the
annotated bird sounds of lowland forest birds. The pre-processed birds’ audio tracks were stored in different
folders for each species indicating the classes for the training of the CNN model. The CNN model was
developed using Python and libraries such as NumPy, Seaborn, Matplotlib, Keras, and TensorFlow. The seed
for the model was then configured. A seed was used to save the state of a random function, allowing it to
create the same random numbers on many executions of the code on the same or other computers. The
design, training, validation, and fine-tuning of the CNN model are further described in the following
subsections.

3.5.1. Model design

The CNN model was designed to have 10 layers of networks consisting of the input layer, several
convolutions, max pooling, fully connected, and output layer. The first layer was the input layer of the
resized spectrogram image of 32x32 dimensions to allow the model to train quickly. A batch normalization
layer was added to normalize each pixel in the image based on its mean and standard deviation. The
normalized spectrogram was further convolved with 32 filters of size 3x3 resulting in dimensions 30x30%32.
The convolution layers were configured with the rectified linear unit (ReLU) activation function. The second
convolution was learned from a total of 64 filters of size 3x3 producing output dimensions of 28x28x64. The
fifth layer was the pooling operation using max-pooling to reduce the spatial dimensions of the output
volume. Pooling was done using filter size 2x2 and stride of 2 reducing the image dimension to 14x14x64. A
dropout layer was added after pooling to drop a few neurons to avoid overfitting the CNN during the training
process. In this study, 25% of the neurons were dropped. The dimension of the image was then flattened to a
vector of 12,544 pixels. A single fully connected layer with 128 nodes was appended to CNN and another
dropout of 50% was done. The last layer was a ReLU output layer of 13 nodes which was the number of bird
classes in our dataset. Table 6 summarized the CNN architecture and the layers.

Table 6. CNN architecture

Layer type Layer dimensions  Filter size  Stride  Filters  Output dimensions
Input 32x32x1
Batch normalization 32x32%x1 32x32x1
Convolutional 32x32x32 3x3 1 32 30%x30x32
Convolutional 30x30%64 3x3 1 64 28x28%64
Max pooling 28x28x64 2x2 2 14x14%64
Dropout 14x14%64
Flatten 12,544
Fully connected 1x128 128 1x128
Dropout 1x13
Output 1x1x3 3 1x13

3.5.2. Model fine-tuning

The CNN model was fine-tuned to improve its performance by modifying the network layers. An
additional convolutional layer with a size of 16 and a depth of 3 with ReLU activation function and pooling
layer was added to the CNN model. One dropout layer was also removed. The modified CNN architecture is
depicted in Table 7.
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Table 7. Modified CNN architecture

Layer type Layer dimensions  Filter size  Stride  Filters  Output dimensions
Input 32x32%x1
Batch normalization 32x32x1 32x32x1
Convolutional 32x32x16 3x3 1 16 32x32x16
Max pooling 32x32x16 2x2 2 16x16%16
Convolutional 16%16%32 3x3 1 32 16x16%32
Max pooling 16x16%32 2x2 2 8x8x32
Convolutional 8x8x64 3x3 1 64 8x8x64
Max pooling 8x8x64 2x2 2 4x4x64
Flatten 1,024
Fully connected 1x128 128 1x128
Dropout 1x128
Output 1x1x3 3 1x13

4. RESULTS AND DISCUSSION

The training, validation and testing are the standard process for the creation and evaluation of the
CNN model. Each processes used difference datasets with a certain percentage. In this section, the results of
training, validation, and testing are presented in different sections.

4.1. Training and validation

The training and validation of the CNN model were evaluated using an accuracy and confusion
matrix. The confusion matrix does not show encouraging results. There are very few true positives as shown
in Figure 6. Black-throated Babbler only achieved a single positive classification from 49 audio tracks and
Rufous-crowned Babbler acquired two correct classifications out of 179 audio tracks. Meanwhile, the zero
values imply the non-classification of the bird species. Figure 7 shows the accuracy and loss rate for the
training and validation of the CNN model. The training performance was very low, only achieving an
accuracy of 47% for training and 10% for validation. From Figure 7, the accuracy observed was 0.47 and
0.10 for both the training and validation, respectively. The margin difference between the training and
validation dataset was too large. The training accuracy increased linearly over time, but validation accuracy
peaked at around 10% during the training phase. This disparity in accuracy between training and validation
accuracy is a clear indication of overfitting. Overfitting occurred because the training data is rather small.
Each class has limited samples and the classes were also imbalanced.
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Figure 6. Confusion matrix of the CNN training
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Figure 7. Spectrograms of the audio tracks of birdsongs

4.2. Testing

Table 8 shows the accuracy and confidence level of classification for both CNN and modified CNN.
Each model was executed three times with two different epochs (i.e., 10 and 30) and the average accuracy
and confidence level were computed. The highest accuracy was achieved by the modified CNN at an average
of 53.33% and a confidence level of 70.37% using 10 epochs. For both learning models, the accuracy was
decreased when 30 epochs were used.

We tested the CNN and Modified CNN model with an audio track of a species named Sooty-capped
Babbler with a duration of 7 seconds. The CNN model misclassified the test data as Chestnut-rumped
Babbler with a confidence level of 30.78% see Figure 8(a). After the modification of the CNN model as
stated in Table 7, the test data was correctly classified as Sooty-capped Babbler with a confidence level of
56.30% see Figure 8(b). As the modified CNN has fewer layers, thus fewer trainable parameters. As stated
by [31] the lesser the trainable parameters, the harder it is for the model to remember the target class for each
training sample, which is optimal for generalizing to new data.

Table 8. Accuracy and confidence level of CNN and modified CNN

Number of experiments executed Average
Model Epoch ! . 2 . 3 . .
Accuracy  Confidence Accuracy Confidence  Accuracy  Confidence  Accuracy  Confidence
(%) (%) (%) (%) (%) (%) (%) (%)

Modified 10 40 64.04 60 96.58 60 50.49 53.33 70.37
CNN 30 50 99.69 40 48.98 70 21.21 53.33 56.63
CNN 10 30 27.44 30 24.53 20 38.60 26.67 30.19

30 50 68.13 40 42.64 50 57.31 46.67 56.03
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Figure 8. Test results of Sooty-capped Babbler classified by (a) CNN and (b) modified CNN

5. CONCLUSION

An annotated bird sound audio dataset named SiulMalaya for lowland forest birds of Malaysia was
developed in this paper. The dataset was verified by two bird experts from the Department of Wildlife and
National Parks, Malaysia and it was validated for the purpose of bird identification using a CNN method.
Even though the accuracy was only slightly above 50%, the dataset is shown to be suitable for PAM
purposes. As stated earlier, there are many established signal processing and machine learning techniques
that can be used for PAM-related operations. However, the absence of validation and test data will hinder the
adoption of PAM for bird monitoring and surveying in Malaysia. Detailed steps of creating SiulMalaya were
presented in this paper so that it can serve as guidelines for other researchers to add more bird sound audio
tracks to SiulMalaya. Therefore, future work should involve parties from different disciplines and
governmental bodies to create a bird sound audio dataset at a bigger scale for a more successful effort of
conserving the birds of Malaysia.
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