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Abstract For effective analysis of animal ecosystems, technology that can automatically
identify the current status of animal habitats is crucial. Specifically, animal sound classification,
which identifies species based on their sounds, is gaining great attention where video-based
discrimination is impractical. Traditional studies have relied on a single deep learning model to
classify animal sounds. However, sounds collected in outdoor settings often include substantial
background noise, complicating the task for a single model. In addition, data imbalance among
species may lead to biased model training. To address these challenges, in this paper, we
propose an animal sound classification scheme that combines predictions from multiple models
using Focal Loss, which adjusts penalties based on class data volume. Experiments on public
datasets have demonstrated that our scheme can improve recall by up to 22.6% compared to an
average of single models.
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Fig. 1 Summary of BirdVox-14SD Dataset
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Accuracy
0.8711
0.8223
0.8736
0.8548
0.8323
0.8974
0.8999
0.8986
0.9024

F1 Score
0.6946
0.5945
0.7467
0.6904
0.6571
0.7330
0.7569
0.7646
0.7724

Recall
0.6788
0.5989
0.7968
0.7499
0.7002
0.7393
0.7978
0.8475
0.8478

Precision
0.7287
0.6093
0.7285
0.6706
0.6542
0.7311
0.7371
0.7314
0.7411
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Table 2 Comparison of the performance of classification model

Model
Inception V3 w/ CE Loss
DenseNet w/ CE Loss

Inception V3 w/ Focal Loss
EfficientNet w/ Focal Loss

DenseNet w/ Focal Loss
Hard Voting—based Ensemble

Proposed Scheme

EfficientNet w/ CE Loss
Soft Voting-based Ensemble
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Table 3 Comparison of the performance of classification scheme - Undersampling

Model Precision Recall F1 Score Accuracy
Inception V3 0.2528 0.2418 0.1439 0.1139
EfficientNet 0.1970 0.2582 0.1298 0.1039
DenseNet 0.2506 0.2743 0.0946 0.1001

Table 4 Comparison of the performance of classification scheme - Oversampling

Model Precision Recall F1 Score Accuracy
Inception V3 0.7131 0.8024 0.7388 0.8974
EfficientNet 0.6956 0.7489 0.7084 0.8861
DenseNet 0.7243 0.7546 0.7356 0.8986

Table 5 Comparison of the performance of classification scheme - Hard Voting—based Ensemble

Model Precision Recall F1 Score Accuracy
Inception V3 + DenseNet 0.7317 0.7375 0.7305 0.8849
Inception V3 + EfficientNet 0.6897 0.6996 0.6824 0.8473
EfficentNet + DenseNet 0.7145 0.7102 0.7050 0.8748
All Models 0.7371 0.7978 0.7569 0.8999

Table 6 Comparison of the performance of classification scheme - Soft Voting—based Ensemble

Model Precision Recall F1 Score Accuracy
Inception V3 + DenseNet 0.7312 0.7571 0.7402 0.9011
Inception V3 + EfficientNet 0.6904 0.7955 0.7216 0.8773
EfficentNet + DenseNet 0.6938 0.7795 0.7195 0.8849
All Models 0.7314 0.8475 0.7646 0.8986

Table 7 Comparison of the performance of classification scheme - Weighted Soft Voting—based

Ensemble
Model Precision Recall F1 Score Accuracy
Inception V3 + DenseNet 0.7318 0.7545 0.7397 0.9011
Inception V3 + EfficientNet 0.7053 0.8250 0.7398 0.8849
EfficentNet + DenseNet 0.7075 0.7455 0.7215 0.8911
All Models 0.7411 0.8478 0.7724 0.9024
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