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Ecological Informatics

volume 70, September 202, 101688

Passive acoustic monitoring of animal
populations with transfer learning

Emmenuel Dufeurg ¥ ¢ 8 &, Cerly Batist %, Ruben Foquet , lan Durbach ' %

The 12 CNNs compared in this study. The number of trainable network pa-
rameters are shown for the case where the feature extractor was fine-tuned (with

FT) and where the feature extractor was frozen (without FT).

Architecture Study Parameters Parameters
with FT without FT
DenseNet121 Huang et al. (2017) 6,986,626 32,770
DenseNet169 Huang et al. (2017) 12,537,730 53,250
DenseNet201 Huang et al. (2017) 18,154,370 61,442
InceptionResNetV2 Szegedy et al. (2017) 54,294,626 18,434
InceptionV3 Szegedy et al. (2016) 21,792,930 24,578
MobileNetV2 Howard et al. (2017) 2,275,074 51,202
ResNet101 He et al. (2016a) 42,634,754 81,922
ResNet101V2 He et al. (2016a) 42,610,818 81,922
ResNet152V2 He et al. (2016a) 58,269,826 81,922
ResNet50V2 He et al. (2016a) 23,601,282 81,922
VGGl6 Simonyan and 14,731,074 16,386
Zisserman (2014)
Xception Chollet (2017) 20,888,874 81,922

Dufourg, Emmanuel, et al. "Passive acoustic monitoring of animal populations with
transfer learning.” Ecological Informatics 70 (2022): 101688.
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Table 4
Comparison of the average F1 score across the different network architectures and dataset configurations. The exponent approach was used for the spectrogram input.

The feature extracted was frozen. The results are averaged across 13 unique executions. The results are ordered (highest to lowed) based on the average of each
network architecture across all configurations. The best three performing network architectures on a particular dataset configuration is highlighted in bold.

Method G 25 G50 G 100 L25 L 50 L100 A 25 A 50 A 100
ResNet101V2 95.30 97.40 96.27 92.05 94.92 97.01 92.10 95.37 98.36
ResNet152V2 95.18 96.92 96.58 91.42 95.31 96.62 93.32 94.94 98.35
InceptionResNetV2 94.70 96.75 96.57 90.07 95.35 95.73 92.73 93.95 97.84
ResNet50V2 94.97 97.04 95.13 91.96 93.66 96.36 90.94 94.82 98.12
DenseNet169 94.92 96.95 95.69 89.33 93.78 95.59 91.76 93.32 97.95
DenseNet201 94.84 96.72 95.86 90.08 93.90 95.59 91.02 93.12 98.13
VGGle 97.26 98.09 94.99 87.74 92.93 95.01 90.26 92.32 98.74
DenseNet121 94.58 96.69 95.00 89.90 92.82 95.81 90.26 93.99 98.06
InceptionV3 92.22 95.42 95.40 88.72 93.23 95.45 91.21 93.28 96.93
ResNet101 96.17 97.49 94.23 90.01 92.21 91.42 91.00 91.02 97.80
Xception 93.88 95.79 95.50 88.15 93.81 94.10 90.74 91.12 97.51
MobileNetV2 94.62 96.65 91.65 88.78 90.85 94.91 83.50 93.40 97.71

v EE X5 EARWE R L% (CNN) 48 £ 89 3 384 5 9 A,
V BIEIRNKEE, FETUREHHEA,
vV TR TWANE) B ERIESE, 2 90 A,

v BORR25N A, T ARAF =34 82% %9 F1 24K
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Applied Acoustics 166 (2020) 107375
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3
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Multispecies bioacoustic classification using transfer learning of deep
convolutional neural networks with pseudo-labeling ey

Ming Zhong **, Jack LeBien ", Marconi Campos-Cerqueira®, Rahul Dodhia*, Juan Lavista Ferres?,
Julian P. Velev®, T. Mitchell Aide "

0000 0000
0o o0 9000 _ o000 eooe %000
(A XK X ....-....-.... 0000
0000 0000 o0 00 o000 0000
unlabeled data labeled data pseudo-labeled data  pseudo-labeled data labeled data

Fig. 2. The diagram of the proposed methodology with pseudo-label generating and model training. The dots with different colors represent observations with different
labels. (For interpretation of the references to colour in this figure legend, the reader is referred to the web version of this article.)

Table 2
Classification results (sensitivity, specificity and AUC) by each CNN model.
Model 1D Model Description Sensitivity (%) Specificity (%) AUC (%)
1 CNN with VGG16 Architecture 82.1 969 97.5
Pre-trained ResNet50 84.1 97.7 97.9
3 Pre-trained ResNet50 + Custom Loss Function + Pseudo Labeling 97.7 96.4 995

15
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- Article
__‘% __l% 'LR %IJ 3 Acoustic Classification of Bird Species Using an Early Fusion
of Deep Features

Jie Xie *(© and Mingying Zhu %?

.. peemmesseese s Mixups - s--e-y
Training phase : :
Training bird ” : LElER) y
sound 1 Pre- TS Z-score RESI.\IETSO I Deep cascade
ini id [ rocessi representat Normalization EfficlenBo feature
Training bird _m p ng ion MobileNetV2
sound N : 2 Xception
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Unknown | Pre L2 R Z-score ResNet30 Deep cascade
. AR — . —Prepresentat—» ~ . —» EfficientB0 —» P — Linear SYM — Bird species
bird sound processing X Normalization X feature
ion MobileNetV2
Xception

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.

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 block5¢_add blockéd_add avg_pool

Xception block4_sepconvl block5_sepconvl  blockl4_sepconvl —

v A FREINGE G IEERS
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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
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classification, spectral augmentation (SpecAug) 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.

v AF3CLO4A3% 48 %, VGGL6k 1T R = a9 M Ae



» BirdNet

BirdNET-Analyzer

Automated scientific audio data processing and bird ID.

License | CC-BY-NC-SA 4.0 | OS Linux, wWindows, macOS [ Species 6512

£ Mail us! cch—birdnet@cornell.edu X Follow @BirdNET_App e Follow r/BirdNET_Analyzer 288

Our Net?



Single file

infarence settings

Species selection

Start (s) &

Drop Audio Hers

Click to Uplaad

End (3) 4 Scientific name .

Analyze

Common name

Contidence

ple flle Train

Training data

Classes A

Classifier output

D Project_code' Project_bird_BaiNiao

20

Hidden units

CustomClassitier_foldLtilite




e file Multiple files Train Segments

Select directory (recursive) Select output directory.
Subpath 4  Length 4 ; Qutput directory
00094111745_2 .wav ©:00:02.000 D:\Project_code'\Project_bird BaiNiao\foldl
00094111972 _1.wav 0:00:02.000
00091112089 _1.wav 0:00:02.000
00091112153 _2.wav 0:00:02.000
00094112205 _2 .wav 0:00:02.000
00094113384 _2 . .wav 0:00:02.000
0009\114856 3 .wav 0:00:02.000 -
Inference settings v
Minimum Confidence 0

* Overlap 0

fiden ty. iction segments
@
Species selection v
Species list Select classifier

Custom species list File

CustomClassifier_fold 1.tflite 8lL1KB Download
Species by location

CustomClassifier_fold1_Labels.... 12008 Download
© Custom classifier

all species

Result type

Specifie:
F

s putput format

Raven selection table Audacity R Q csv



y TR A A

y 5l gR )

» BEFRREZ

22

FAjE S EEYW S ELE NI E S B EYSHFIE NS RIN G A5



2 28 Fo & A
y A T4 8 BB IR AE S, F B A a9 )| SR AR

7l
» F FTransformeray ¥ 9| 2542 & B T & v8 12 7]

y AEAT R P E S L ey RARA

23



FAjE S EEYW S ELE NI E S B EYSHFIE NS RIN G A5

W KK Bogsir4E e !

MEFIEHUIFEEE

China Postdoctoral Science Foundation

Jie Xie

Nanjing Normal University
Email: xiej8734@gmail.com
Phone: 15906279084

24



	基于预训练模型的鸟鸣识别方法研究
	目录
	目录
	生物多样性损失及监测重要性
	保护     监测生物多样性     动物监测
	被动监测
	大数据
	目录
	预训练模型
	预训练模型
	模型的训练
	目录
	鸟鸣识别1
	鸟鸣识别1
	鸟鸣识别2
	鸟鸣识别3
	鸟鸣识别3
	鸟鸣识别3
	鸟鸣识别4
	鸟鸣识别4
	鸟鸣识别4
	目录
	总结和展望
	谢谢大家！敬请批评指正！

