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Abstract

This paper presents a deep learning approach to identify bird species in soundscape recordings
with Convolutional Neural Networks (CNNs). The proposed method employs an iterative
process to create pseudo labels for a large number of unlabeled recordings from the target
location and applies them during training to significantly improve model performance and
address the domain shift between training and test data. The effectiveness of the approach is
evaluated in the BirdCLEF 2024 competition hosted on Kaggle, where it achieves a macro-
averaged area under the ROC curve (AUC) of 69 % on the official test set. This performance
positions the method among the top two systems for identifying birds in wildlife monitoring
recordings of the Western Ghats, a major biodiversity hotspot in India.
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1. Introduction

The BirdCLEF 2024 competition focuses on developing automated systems for detecting and
classifying under-studied bird species in the Western Ghats. This mountain range, a global biodiversity
hotspot in India, hosts a variety of endemic and endangered species, including many found nowhere
else in the world. As the region faces drastic landscape and climatic changes, there's an urgent need for
advanced conservation tools to assess and monitor its unique birdlife. The challenge aims to identify
native species of the Western Ghats sky-islands, classify rare birds with limited training data and detect
elusive nocturnal species. This year's edition introduces several challenges and unigue aspects:

e Participants must address a significant domain shift between the training data, which
consists of focal recordings from various locations, and the test data, which comprises
soundscapes from the Western Ghats.

e The competition imposes a strict time limit for species identification in the test set, adding
a practical constraint that mirrors real-world applications to assess and monitor biodiversity.

e Toaid in bridging the domain gap, an additional unlabeled dataset from the target location
is provided, allowing participants to explore un- and semi-supervised learning techniques.
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By improving the accuracy and efficiency of bird identification algorithms under these constraints,
this initiative supports ongoing conservation efforts, such as those led by V. V. Robin's Lab at IISER
Tirupati [1]. These innovations will empower researchers and practitioners to more effectively track
avian population trends, evaluate threats and refine their conservation strategies in this ecologically
crucial region.

Further details about the BirdCLEF 2024 competition are given in [2], [3] and [4]. The task is part
of the LifeCLEF 2024 evaluation campaign [5,6] and the Conference and Labs of the Evaluation Forum
[7.8].

2. Materials and Methods

The implementation of the machine learning based system for bird species recognition presented in
this paper builds upon solutions for previous BirdCLEF competitions and similar tasks [9,10,11,12,13].
Further details on own past developments and implementation methods can be found for example in
[14], [15], [16] and [17].

2.1. Datasets

The BirdCLEF 2024 training data consists of 24459 audio recordings provided by Xeno-canto [18],
covering 182 different bird species. Unique to this year’s task, an additional 8444 unlabeled recordings
are provided from the same location as the test set soundscapes. Table 1 provides an overview of the
individual datasets and their characteristics. All recordings are resampled to 32 kHz, converted to mono,
and compressed to Ogg format.

Xeno-canto files are weakly labeled, meaning there is no precise information on the presence or
absence of the labeled bird within the recording. However, there is a high probability of hearing the
labeled bird at the beginning of each audio file, as recordists often trim their recordings accordingly
before uploading them. To exploit this characteristic, only the first 5 seconds of recordings are used for
training. For some recordings, one or more background species are also provided as secondary labels.

For cross-validation, the training dataset is split into 5 or 8 stratified randomized folds, ensuring that
primary species are proportionally represented in each fold.

Table 1: Datasets overview and statistics

Training set Unlabeled set Test set
Recording type Focal Soundscape Soundscape
Source Various locations (Xeno-canto) ~ Western Ghats ~ Western Ghats
# Recordings 24459 8444 1100
Min. duration per rec. 0.47s 20s 4m
Max. duration per rec. 1h 39m 24s 4m 4m
Acc. duration all rec. 11d 20h 50m 30s 23d 6h 19m 11s  3d 1h 20m
# Species / Classes 182 unknown unknown
Min. # rec. per class 5 unknown unknown

Max. # rec. per class 500 unknown unknown




2.2, Feature Engineering

The public notebook [19] of Salman Ahmed [20] was used as a baseline for feature engineering and
early model training, following discussions on the Kaggle forum [21] initiated by lihaoweicvch [22].
All models are trained on 5-second audio chunks represented as spectrograms. The raw 1D audio signal
is converted to a 2D log Mel spectrogram image using the MelSpectrogram [23] and AmplitudeToDB
[24] classes from the torchaudio.transforms library [25].

The baseline system uses:

First 5 seconds of training files and no extra recordings or classes from other sources
Model input: resized 3 channel Mel spectrogram images of size 256x256 pixel
CNN backbone: eca_nfnet_l0 [26] pretrained on ImageNet [27]
Mel spectrogram parameters:

o n_fft =2048

o hop_length =512

o n_mels=128

o fmin=20

o f_max=16000
e Training parameters:

o CosineAnnealingLR scheduler [28] with 5 warmup epochs [29]
Peak learning rate le-4
100 epochs with early stopping if AUC is not improving for 7 epochs
Batch size 64
Average of binary cross-entropy [30] and focal loss [31] as loss function
o Generalized-Mean (GeM) pooling

e Augmentations:
o HorizontalFlip [32]
o CoarseDropout [33]
o Mixup of Mel spectrogram images within training batches

O O O O

This system achieves a maximum AUC of 66 % on the public test set. From this baseline,
experiments were conducted with different CNN backbones, hyperparameter settings, augmentation
methods and input image sizes. A major drawback of the initial model was its relative long submission
time of over one hour. In addition to improving the score, one objective was to reduce inference time
to fit more models in an ensemble without exceeding the 2-hour submission time limit. To address this,
the CNN backbone was replaced with an EfficientNet B0 architecture (tf_efficientnet b0 _ns [34]) and
the Mel spectrogram image was reduced to smaller dimensions. Results were initially unstable, with a
public leaderboard score ranging from 62 % to 66 % AUC and were very sensitive to different
combinations of Mel parameters and input image sizes. However, with further adjustments, it was
possible to create single models with an inference time of around 12 minutes, still achieving a score of
approximately 65 % AUC.

Main changes to the initial model included:

e CNN backbone: tf_efficientnet_b0_ns

e 5 dropout layers before the fully connected classification layer (inspired by models of
BirdCLEF2021 2" [35] and BirdCLEF2023 4" [36] place solutions)

o Higher learning rate (1e-3), less warmup epochs (3) and less training epochs (50)

o Different Mel parameters (n_mels, hop_length)

e Additional augmentation: local and global time and frequency stretching performed on Mel
spectrogram images via resizing parts and/or the entire image

e Creating checkpoint soups instead of using early stopping



2.3. Training Methods

The training data is divided into 5 or 8 folds, stratified according to primary labels. Only the first 5
seconds of each audio file are used for training. The models are trained using Convolutional Neural
Network (CNN) backbones, specifically tf_efficientnet_b0_ns, which are pretrained on ImageNet. The
training process employs the AdamW [37] optimizer and a one-cycle CosineAnnealingLR scheduler
with a peak learning rate of 1e-3 and 3 warmup epochs. The average of binary cross-entropy and focal
loss is used to optimize model performance.

For validation, the first 5 seconds of the files in the validation set are used to track learning progress
through evaluation metrics Label Ranking Average Precision (LRAP) [38], cMAP [39], F1 [40] and
AUC [41]. Background species are included with a target value of 1.0 and are treated equally to primary
labeled species.

To enhance model stability and performance, "checkpoint soups" are used for single model
inference. This follows the idea of model soups [42]. But here, weights from different checkpoints of
the same model (typically from epochs 13-50) are averaged, provided there is an improvement in local
cross-validation scores in at least one of the tracked metrics. This approach leads to more stable and
occasionally better performance. For ensemble inference, predictions from several models are
combined using simple mean averaging.

The above-described modifications to the baseline model allowed the creation of an ensemble of six
models, achieving 70 % AUC. This ensemble was subsequently used to generate a first set of pseudo
labels.

Performance Improvement with Pseudo Labels

Pseudo labels are created by applying the model ensemble on the unlabeled recordings from the test
location. The predictions from all 5-second intervals of the 8444 unlabeled soundscapes form a large
set of 401947 soft pseudo labels.

In the subsequent training stages, randomly selected audio segments from the pseudo-labeled
recordings are mixed with the training samples at a probability of 25 to 45 percent. Before combining
the audio signals, the amplitudes of both waveforms are multiplied by a random factor. The target vector
of the training sample (with a value of 1.0 for primary and secondary species and O for others) is
combined with the pseudo label vector (containing predicted probabilities) to form the new target vector
by taking the maximum value of both.

Incorporating pseudo labels into training significantly improved scores for both single models and
ensembles. The enhanced ensemble was then used to generate a new set of pseudo labels and this cycle
was repeated multiple times to progressively improve model and ensemble performance. The iterative
pseudo-labeling process is described in Figure 1. Its impact on public and private leaderboard scores is
illustrated in Table 2 and visualized in Figure 2.

Apply ensemble to unlabeled set

Generate soft pseudo labels

Mix pseudo-labeled data with training data
Retrain models with mixed data

th = W =

Create new ensemble

o

Repeat steps 1-5 for multiple iterations

Figure 1: Iterative pseudo-labeling process to improve single model and ensemble performance



Table 2: Performance improvement using pseudo labels from different training stages

Stage Pseudo labels Single model (ID 4) Ensemble
publ. | priv. LB AUC [%] publ. | priv. LB AUC [%]
0 - 65.735|59.270 70.065 | 61.738
1 From stage 0 ensemble 69.165 | 66.119 71.090 | 67.084
\ 2 From stage 1 ensemble 69.936 | 67.445 72.528 | 69.035 |
3 From stage 2 ens. (normalized) 71.154 | 67.683 71.716 | 69.527

After the second iteration, pseudo label values became too large and required normalization by
rescaling them back to the range [0,1] to allow stable model training. Unfortunately, the stage 3
ensemble was not selected for final ranking because public leaderboard score did not reveal the expected
improvement.
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Figure 2: Visualization of performance improvement using pseudo labels from different training stages

Post-Processing

Models are ensembled by simply taking the mean of predictions (probabilities from sigmoid outputs)
of each individual model. As a final step, for each test file, predictions of a given time window are
summed with those of the two neighboring windows using an aggregation factor of 0.5. This post-
processing method was previously applied by Theo Viel and his team in the 3™ place solution [43] of
the Cornell Birdcall Identification competition [44].

Inference Optimizations

To speed up inference, audio files from the test set are preprocessed in parallel using multithreading.
Additionally, different versions of Mel spectrogram images are pre-calculated and reused for different
models in the ensemble. By including models that work on smaller image sizes, ensembles of up to six
models can run within the 2-hour limit to create predictions for all 1100 recordings in the test set.

Due to variations in the hardware provided by Kaggle for running inference notebooks, particularly
in CPU types, the number of models that could be ensembled to identify all birds in the test set within
the given time frame varied. To prevent submission errors, a timer is implemented in the notebook to
ensure completion within the 2-hour limit. If the timer reaches approximately 118 minutes, inference is
stopped and results are collected for all models and predicted file parts up to that point. Predictions
from unfinished models or file parts are masked before averaging.



3. Results

The training and pseudo-labeling approach described in this paper secured 2" place among a total
of 974 participating teams. Final scores on the public and private leaderboards, as well as the ranking
of the top 10 teams, are presented in Table 3. By combining several diverse models, a macro-averaged
ROC-AUC of 69.035 % was achieved on the complete test set (see team "adsr' in Table 3).

Table 3: Competition results of the top 10 teams (with solution of team 'adsr' described in this paper)

Rank Team Name on Kaggle AUC [%] AUC [%]
(publ. LB)  (priv. LB)
1 Team Kefir 73.857 69.039
2 adsr 72.794 69.035 |
3 NVBird 74.212 68.997
4 Team Cerberus 74.691 68.777
5 coolz 74.396 68.717
6 penguin4d6 72.039 68.716
7 Team Unicorn 72.809 68.383
8 kapenon 69.660 67.928
9 Aphysict 71.453 67.891
10 Tamo 70.132 67.623

Parameters and performance of the six models from the 2" place solution (2" stage ensemble in
Table 2) are detailed in Table 4. Model diversity in the ensemble is achieved by varying Mel parameters,
data subsets, image sizes, the probability of adding pseudo labels and amplitude factors to adjust the
volume ratio between training and pseudo-labeled data. The parameters ampExpMin and ampExpMax
in Table 4 specify the range for the random amplitude factor applied to training and pseudo-label
samples to adjust their volume in the mix:

ampFactor = 10**(random.uniform(ampExpMin, ampExpMax))

Table 4: Single model parameters and performances of the 2" place ensemble

Params. / Model ID 1 2 3 4 5 6
seed 42 42 42 42 70 42
n_folds 5 5 5 5 10 5
fold 4 1 4 4 0 4
dataset bc24 bc24 bc24 bc24 bc24+ bc24
n_mels 128 128 128 64 64 64
hop_length 512 512 1024 1024 1024 1024
image_height 256 256 128 64 64 64
image_width 256 256 128 128 128 64
pseudoLabelChance [%] 35 40 45 30 30 25
ampExpMin -0.5 -1.0 -0.5 -0.5 -0.5 -0.5
ampExpMax 0.1 0.2 0.1 0.1 0.1 0.1
Inference time ~50min. ~50min. ~17min. ~12min. ~12min. ~11min.
Public LB AUC [%] 73.270 71.975 71.104 69.936 69.124 69.309

Private LB AUC [%] 68.521 68.533 68.116 67.445 64.543 65.862




Model 5 in Table 4 is the only one utilizing external data. For this model, additional files for the 182
species in the competition were downloaded from Xeno-canto. The first 5 seconds of each file were
added to the training set, with shorter files being padded with zeros to ensure a uniform length.

4. Discussion

As in previous editions of the BirdCLEF competition, the challenge was to use focal recordings from
Xeno-canto to train a system capable of accurately identifying bird species in soundscapes. The
inference time was again limited to 2 hours. However, compared to last year, over twice the amount of
data had to be processed within that time (recordings with a total duration of 1 day, 9 hours and 20
minutes in 2023 vs. 3 days, 1 hour and 20 minutes in 2024). This placed even more constraints on the
size and number of models that could be used to process all recordings in the test set. Other challenges
included the extreme domain shift between training and test data, a significant class imbalance in the
training samples (with some classes having only five example recordings per species) and the lack of
diversity in the training material for many under-studied species in the target location.

Fortunately, a large set of unlabeled soundscapes from the same locations as the test data was
provided this year. With this dataset, it was possible to create pseudo labels and find an effective method
of incorporating them into training to significantly improve identification performance. The approach
described in this paper, using pseudo-labeled data from soundscapes of the deployment location,
combines several advantages:

1. Noise augmentation: By mixing training samples with samples from the target domain, the
model learns how species sound within the environmental background noise of the test site
habitat. This helps to address the domain shift between Xeno-canto recordings and test
soundscapes.

2. Training data extension: The model receives more training samples representing the noise
characteristics and species distribution of the deployment location.

3. Knowledge distillation: Since pseudo labels are derived from predictions of a stronger
model (or ensemble of models in this case), its knowledge is transferred during training to
the smaller model.

For pseudo-labeling, only ensembles that fit the time limit constraint were used for inference. Using
larger ensembles or including models with stronger backbones (e.g. with a higher number of layers for
feature extraction) would likely lead to better pseudo labels. It would be interesting to investigate in
future experiments how much further scores can be improved if stronger pseudo labels are incorporated
during training.

With only two of the best models from the 2" place system (models 1 and 2 in Table 4), it is possible
to achieve a private leaderboard score of 69.694 % AUC. The combination of these two models takes
much less time for inference compared to using all six models. It surpasses the score of the entire
ensemble and even the 1% place system of the competition (69.0391 % AUC). Another interesting
finding is that, combined with pseudo-label training, the SED architecture with attention on frequency
bands from last year [16] achieves the best single model score (69.701 % AUC on private leaderboard).
This again proves that the feature engineering, network architecture, augmentation techniques and
training methods of the BirdCLEF 2023 3" place system [45] are quite robust and work well for the
data and species sets of this year’s task.

A customized version of the model to identify European bird species is available on GitHub [46]. It
was successfully implemented in a number of tools and projects to assess and monitor avian biodiversity
[47,48,49,50,51,52] and is also part of Naturblick [53], a smartphone application to discover and learn
about nature in urban surroundings.
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