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Abstract

:

Simple Summary


Bird populations have been experiencing a rapid decline. Bird monitoring plays an essential role in bird protection because it can help evaluate the conservation status of species. For bird monitoring, recent work often uses acoustic sensors for bird sound collection and an automated bird classification system for recognizing bird species. To build an automated bird classification system, traditional machine learning needs to manually extract features and train the model to recognize bird sounds. Recent advances in deep learning models make it possible to automatically extract features. However, few studies have explored it for bird species classification. This study investigated various transfer learning models for extracting deep cascaded features with multi-view spectrograms. We found that deep cascade features being extracted from VGG16 and MobileNetV2 can achieve the best performance using repeat-based spectrogram.




Abstract


Bird sound classification plays an important role in large-scale temporal and spatial environmental monitoring. In this paper, we investigate both transfer learning and training from scratch for bird sound classification, where pre-trained models are used as feature extractors. Specifically, deep cascade features are extracted from various layers of different pre-trained models, which are then fused to classify bird sounds. A multi-view spectrogram is constructed to characterize bird sounds by simply repeating the spectrogram to make it suitable for pre-trained models. Furthermore, both mixup and pitch shift are applied for augmenting bird sounds to improve the classification performance. Experimental classification on 43 bird species using linear SVM indicates that deep cascade features can achieve the highest balanced accuracy of 90.94% ± 1.53%. To further improve the classification performance, an early fusion method is used by combining deep cascaded features extracted from different pre-trained models. The final best classification balanced accuracy is 94.89% ± 1.35%.
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1. Introduction


With the development of sensor techniques, acoustic sensors are now widely deployed in the wild for collecting bird sounds [1]. Each day, several gigabytes of compressed data can be generated by an acoustic sensor, which makes it difficult to manually analyze the data [2]. Automated analysis of bird sounds is becoming very important [3,4,5].



Using the collected bird sounds, there are still several research questions that need to be answered. For instance, (1) how many bird species are there in the place where bird sounds are collected? (2) What is the number of each interesting bird species? (3) What is the relationship between a bird’s vocalization and its behavior? Those questions can be partly answered by analyzing the collected sounds [6,7]. However, thus far most previous studies focused on the estimation of bird species in short recordings. Compared to the identification of an individual bird and detecting the start and stop time of bird song, this is relatively simple [8]. For bird species classification in acoustic data, most earlier work directly used and further modified speech/speaker recognition models to classify bird species [9,10,11]. Recently, deep learning has been applied in the acoustic classification of bird species [12,13]. However, there are still some challenges in achieving satisfactory classification results for wild recordings, such as the small amount of annotated data and the imbalance among bird species [14]. To deal with the small amount of annotated bird data, there are two popular strategies: transfer learning and training from scratch using a self-defined lightweight model.



Transfer learning is used to solve the basic problem of insufficient annotated training data [15]. For the acoustic classification of bird species, various studies have used transfer learning. Sevilla and Glotin presented an adaptation of the deep convolutional network Inception-v4 tailored to solving bioacoustic classification problems [16]. Ntalampiras proposed a Transfer Learning framework exploiting the probability density distributions of ten different music genres for acquiring a degree of affinity between the bird species and each music genre [17]. Zhong et al. evaluated three different models including convolutional neural network (CNN) using VGG16 architecture, transfer learning (ResNet50) and fine-tuning with pre-trained CNN model, and transfer learning (ResNet50) with custom loss function and pseudo labeling [18,19]. Kumar et al. verified multiple deep transfer learning models such as ResNet50, DenseNet201, InceptionV3, Xception, and EfficientNet for classifying 22 bird species [20]. Dufourq et al. compared 12 transfer learning models with or without fine-tuning for recognizing four bird species [21].



In addition to transfer learning, some previous studies used self-defined CNN models for bird sound classification. Xie et al. used a VGGish model to classify 43 bird species [22]. Sinha et al. used braided convolutional neural networks to classify bird species [23]. Ruff et al. proposed a CNN model including four convolutional layers followed by two fully connected layers [24]. Permana et al. presented a bird sounds classification study using a self-defined CNN model having four convolutional layers followed by three fully connected layers [25].



In this study, we investigated both transfer learning and training from scratch for bird sound classification using five transfer learning models: VGG16, ResNet50, EfficientB0, MobileNetV2, and Xception. For transfer learning, the VGG16 model was used to compare transfer learning and training from scratch. Specifically, we extracted deep cascade features from selected layers. Then, extracted deep features from different transfer learning models were fused and put into linear support vector machines (SVM) for classifying bird species. As for training from scratch, we unfroze all layers of those transfer learning models and built an end-to-end bird species classification framework.




2. Materials and Methods


This section presents the framework of acoustic classification of bird species, as shown in Figure 1. Here, we first preprocess bird acoustic data which are then characterized using multi-view spectrograms. Next, five pre-trained models are investigated to find the best-performing model. Finally, the deep cascade feature extracted from the best-performing model is fused with other models to achieve the best performance using linear SVM.



2.1. Bird Recordings


A publicly available dataset, named CLO-43DS, is used to evaluate our proposed method [26]. This dataset includes flight calls of 43 different North American wood-warblers. The number of instances for all bird species is shown in Supplementary Figure S1. All audio clips are recorded in different conditions using different recording devices including highly directional microphones and omnidirectional microphones. In addition, the signal-to-noise ratio varies among different recordings. The common names, scientific names, and abbreviations of those 43 wood-warbler species involved in this dataset can be found in Supplementary Table S1.




2.2. Preprocessing and Multi-View Representation


For signal preprocessing, the duration of audio files in the CLO-43DS data is different, and they cannot be directly used as the input to CNN. Therefore, the multi-variate varying length audio data is repeated from the beginning to force the fixed duration of 2 s, which has been used in [22,27].



In the CLO-43DS data, each audio clip is processed and clipped to only contain a single flight call. Those audio clips are sampled at 22.05 kHz. The provided Mel-spectrograms by the authors are obtained using 11.6 ms frame size with an overlap of 1.45 ms and 120 Mel-bands. It must be noted that 11.6 ms frame size is optimal for analysis of flight calls as suggested by [28]. Finally, the Mel-spectrogram is converted to a log-magnitude representation for further analysis.



In this study, the transfer learning model is used as a deep cascade feature extraction program to characterize bird calls. Since the input of the transfer learning model should be a three-channel feature representation, here we simply repeat Mel-spectrogram three times to construct a multi-view spectrogram. In addition to repeated multi-view spectrograms, we included HPSS (harmonic–percussive source separation)-based and delta-based multi-view spectrograms for comparison.



The weights of selected transfer learning models are originally trained using natural images (ImageNet [29]), which are different from Mel-spectrograms. Therefore, we assume that training from scratch using pre-trained models can achieve better performance than fine-tuning, which will be verified in the Experimental section.




2.3. Deep Cascade Feature


In this study, transfer learning is selected to obtain deep cascade features. Here, we investigate five pre-trained models that have been trained on ImageNet: VGG16, ResNet50, EfficientB0, MobileNetV2, and Xception. Specifically, the weights of those pre-trained models are applied by selectively freezing layers of the model while training the model. Take VGG16 for instance; it is shown in Supplementary Figure S2 whose original input size is   224 × 224 × 3  . However, the size of generated multi-view representation is   120 × 198 × 3  . Therefore, we ignore the top layer when loading VGG16. As for the feature construction, we apply a global averaging pooling layer to four Conv layers which are further fused to obtain the final deep cascade feature. Here, the dimension of the final feature set is 1408. After the concatenated layer, we add a dense layer (512) and a dropout layer whose rate is set to 0.5, which is used to address over-fitting. Finally, a dense layer with the number of bird species (43) is added. For other pre-trained models, the layers that are selected and concatenated are shown in Table 1.



All deep models are trained using an Adam optimizer with an initial learning rate of   10  − 4   . The categorical loss entropy and focal loss are utilized as the loss function. The batch size is 32 samples, and the network is trained with 500 epochs. In addition, early stopping is applied for addressing over-fitting.




2.4. Linear SVM


For the classification, we use the linear SVM based on LIBLINEAR library [30]. Here, an SVM model is considered as a representation of the data or a map of these data to points in space; the data of different categories are divided by the hyperplane. New data are then mapped into that same space, and a prediction is made regarding the category they belong to, based on the side of the hyperplane they fall into. As for the hyper-parameters, the default setting is used. To verify the effectiveness of using linear SVM for the classification, we also report the result with the softmax layer.




2.5. Offline Data Augmentation: Pitch Shifting


For offline data augmentation, pitch shifting aims to modify the original pitch of a sound. This technique has been demonstrated to be an effective method in previous audio data analysis [31,32]. Here, pitch shifting is implemented using librosa.effects with two factors 2 and −2. The examples of   H E W A   and   G W W A   using pitch shifting are shown in Supplementary Figure S3.




2.6. Online Data Augmentation: Mixup


Mixup has been demonstrated to be an effective method to augment training data, where pairs of data samples are mixed [33]. Let us define two different audio data   x 1   and   x 2  , and their respective one-hot encoded labels   y 1   and   y 2  . Then, we obtain the mixed sample and its label by a convex combination as follows:


      x  m i n   = λ  x 1  +  ( 1 − λ )   x 2         y  m i n   = λ  y 1  +  ( 1 − λ )   y 2      



(1)




where  λ  is a scalar sampled from a symmetric Beta distribution at each mini-batch generation:


  λ ∼ B e a t ( λ , λ )  



(2)




where  λ  is a real-valued hyper-parameter to tune. In this study, the value of  λ  is set to 0.2.





3. Results


3.1. Comparison of Data Augmentation Methods


Figure 2 shows the classification results using pitch shifting or mixup. Note that the error bars are also shown in Figure 2 and the following figures where each error bar is a distance of one standard deviation above or below the average classification accuracy. We observe that the use of online or offline augmentation can improve performance. This result verifies the effectiveness of augmentation techniques. For end-to-end classification, pitch shifting (SpecAug) achieves the best performance, and the highest balanced accuracy is 90.00% with seven frozen layers. Here, frozen layers denote that the weights of those layers in the trained model do not change when reused on a subsequent downstream mission. Using the deep cascade feature with linear SVM, the highest balanced accuracy is 90.92% with four frozen layers. However, the difference between zero frozen layers (train from scratch) and four frozen layers is only significant when using SpecAug + mixup as the data augmentation method, with a significance level of 1% (t = 2.43, df = 4084, p = 0.0076). For other augmentation methods, they do not show a statistical difference (p > 0.1).




3.2. Comparison of Different Multi-View Representations


Simply repeated spectrogram achieves the highest balanced (90.94% ± 1.53%), which is obtained by four frozen layers (Figure 3). In contrast, when all layers are frozen, the performance is the worst. One reason is that the ImageNet weights are obtained by natural images. However, the spectrogram is different from natural images. Thus, training from scratch (0) or fine-tuning with a few frozen layers (4, 7) can obtain better performance.




3.3. Deep Cascade Features Using Different Pre-Trained Models


In addition to VGG16, five other pre-trained models are investigated. Based on the classification result of VGG16, rather than fine-tuning the pre-trained CNN models, we simply choose to train on datasets from scratch without considering selecting the optimal layers for extracting deep cascade features. VGG16 performs the best in terms of balanced accuracy, with ResNet50 being the second best, and EfficientB0 being the third best (Figure 4).




3.4. Feature Fusion


To further improve the classification performance, we investigate feature fusion, where the features extracted from different layers using the selected two models are fused. Specifically, VGG16 is selected as the base model and combined with another model to better characterize bird sounds. The fusion of deep cascade features extracted from VGG16 + MobileNetV2 achieves the best performance (94.89% ± 1.35%), with VGG16 + EfficientB0 being the second best and VGG16 + ResNet50 being the third best (Figure 5). A previous study [34] has shown that VGG16 and MobileNetV2 have very different architectures and feature selection processes. Therefore, deep cascade features being extracted from VGG16 and MobileNetV2 are complementary, which explains the better performance of VGG16 + MobileNetV2.



Finally, we visualize the confusion matrix of the best-performing model (VGG16 + MobileNetV2) (Supplementary Figure S4). We can observe that the highest confusion is between BLPW and MAWA, the second highest confusion is BTYW and PAWA, and BWWA and MAWA is the third highest. Here, the highest confusion is different from our previous studies, which indicates the potential of improving the final performance by fusing different models. However, the computational complexity of the final framework will be higher.





4. Discussion


For bird sound classification, we use scientometrics to analyze publications and research trends. The bibliographic data are derived from the WoS core collection with all indices, which is one of the largest and most comprehensive bibliographic databases covering multidisciplinary areas. The search strategy was defined as follows: TS=((acoustic* OR audio OR sound* OR call* OR vocalization*) AND (monitoring OR classification OR analysis OR recognition OR detection) AND (bird* OR avian*) AND (“Deep learning” OR CNN OR LSTM OR RNN OR transformer)). In total, we obtained 111 publications, and our keyword network is shown in Supplement Figure S5 in VOSviewer [35]. The size of the circle denotes the number of publications and the color represents the time. We can obtain that most publications are related to “deep learning”. Of the 111 publications, 30 papers were published in 2021, but there were only two in 2015, which indicates that this is a rapidly developing research topic. In addition to the predefined search strategy, we added “AND (transfer learning)”. Only 12 publications were obtained, which further verifies the need of investigating transfer learning for bird sound classification.



For transfer learning, we use five models for the experiment: VGG16, ResNet50, EfficientB0, MobileNetV2, and Xception. However, the original weights of those pre-trained models are trained using natural images which are different from log-Mel spectrograms. This difference explains the better performance using fewer frozen layers. For five different pre-trained models, VGG16 achieves the best performance and an early fusion of VGG16 and MobileNetV2 achieves the best performance which verifies the usefulness of complementary models to be fused. We also compare our proposed method with other previous studies and the proposed model achieves higher balance accuracies than 86.31% [22] and 88.7% [36]. In the work of [22], the authors used a fusion of two end-to-end frameworks: Mel-CNN and subnet-CNN. As for [36], the authors explored handcrafted features for classification. Compared to those methods, the use of deep cascaded features achieves the best performance, which verifies their effectiveness in discriminating bird calls.



To further improve the classification performance, data augmentation is used. Specifically, we only use pitch shifting to improve performance rather than stretch and trim. One reason is that this CLO-43DS dataset is manually segmented and temporal information is well documented. Preliminary experiments indicate that the use of temporal scale augmentation such as trim does not help the classification. Meanwhile, the CLO-43DS dataset is highly imbalanced, which might reduce the performance of deep models. However, we do not apply any imbalance learning methods. One reason is that we incorporate data augmentation methods in building deep learning models since previous studies have demonstrated that data augmentation-based framework can handle class imbalance problem [37].



Several interesting questions are still open for future research. Pre-trained models are used for extracting features without optimizing the selection of layers for generating concatenated deep features. In addition, this study used manually segmented bird sounds, which might overestimate the performance when classifying bird species in continuous recordings. In addition, the start and stop time of bird sounds in a continuous recording is important for understanding bird behavior. Since we force all audio data to the fixed duration, it will artificially create the oscillation structure for all bird calls, which explains the lower performance using HPSS for creating feature representation. Bird species classification has been widely explored, but the recognition of bird individuals needs more work. Currently, all used transfer learning models are trained using natural images, which are different from spectrograms. The performance might be improved if we obtain a model which is originally trained using spectrograms. Moreover, with the use of image data of birds, it will be possible to further improve the performance.




5. Conclusions


In this study, we propose a deep cascade feature set for improved bird sound classification. The best-performing deep cascaded feature is constructed by concatenating features extracted from two different pre-trained models in different layers. As for the feature representation, simply repeated spectrogram achieves better performance using VGG16 than HPSS- and delta-based multi-view spectrograms. Comparing two types of data augmentation techniques, mixup is more suitable for extracting deep cascade features which are then classified by linear SVM to realize bird sound classification. Pitch shifting can achieve better performance for building an end-to-end classification framework. Finally, an early fusion of deep cascade features being extracted from VGG16 and MobileNetV2 can obtain the highest balanced accuracy (94.89% ± 1.35%).
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Figure 1. The flow diagram of our proposed approach. Here, data augmentation is only applied in the training phase. 
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Figure 2. (a) Classification performance using deep cascade features with linear SVM, (b) End-to-end classification using softmax. For deep cascade features using linear support vector machines (SVM), mixup is slightly better than other methods except for having 15 frozen layers. For end-to-end classification, spectral augmentation (SpecAug) achieves the best performance. 
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Figure 3. Comparison of three types of multi-view representation. Here, HPSS denotes harmonic–percussive source separation. Among the three representations, repeat-based spectrogram achieves the best performance. 
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Figure 4. Comparison of different pre-trained models using the same input: repeat-based spectrogram. Here, VGG16 performs the best in terms of balanced accuracy. 
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Figure 5. Comparison of four early fusion-based models. Here, VGG16 + MobileNetV2 achieves the best performance (94.89% ± 1.35%). 
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Table 1. Layers to concatenate deep features for five different transfer learning models. For all transfer learning models, four individual layers are selected for extracting features except Xception, where three layers are used for feature extraction.
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TL Model

	
Selected Layers for Generating Concatenated Deep Features






	
VGG16

	
block2_conv2

	
block3_conv3

	
block4_conv3

	
block5_conv3




	
ResNet50

	
conv2_block3_out

	
conv3_block4_out

	
conv4_block6_out

	
conv5_block3_out




	
MobileNetV2

	
block_13_project_BN

	
block_14_add

	
block_15_add

	
global_average_pooling2d




	
EfficientNetB0

	
block4c_add

	
block5c_add

	
block6d_add

	
avg_pool




	
Xception

	
block4_sepconv1

	
block5_sepconv1

	
block14_sepconv1

	
—
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