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ABSTRACT
The retrieval of similar soundscapes is essential for bioacoustic and
ecoacoustic monitoring, yet it remains challenging due to the large
volume of unlabeled data, environmental noise, and the complex-
ity of acoustic scenes. To overcome the limitations of traditional,
feature-based methods, this study proposes an efficient system that
integrates embeddings extracted from a pretrained deep learning
model, combined with a noise reduction technique and feature
fusion strategies within a vector database to enable similarity-
based retrieval. We evaluated the system using bird, amphibian,
and mammal recordings across four experimental methodologies,
including a use case focused on endangered species. Results show
that embedding vectors consistently outperform traditional MFCC
(Mel-frequency cepstral coefficients) features in capturing acoustic
similarity, and that approximate search algorithms (HNSW) sig-
nificantly improve both retrieval precision and query efficiency.
Additionally, the system effectively retrieves recordings of the criti-
cally endangered species Crax alberti and maps their geographic
distribution, highlighting its potential for conservation planning
and early-warning monitoring.

KEYWORDS
Bioacoustic, Deep Learning, Pre-trained models, Vector database

1 INTRODUCTION
Soundscapes comprise natural (biophony and geophony) and an-
thropogenic (anthropophony) sounds [5]. Their analysis is funda-
mental in acoustic ecology and bioacoustics [22], especially with
the rise of low-cost passive sensors and advances in machine learn-
ing [2]. However, soundscape analysis faces challenges such as
overlapping sources, adverse noise conditions, and heterogeneous
recording devices [23, 24].
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In this context, we propose a soundscape retrieval system based
on acoustic similarity, which integrates feature fusion techniques
as its main contribution. The system leverages embedding vectors
extracted from the pretrained Perch model [7], applies advanced
feature fusion strategies, and evaluates their performance against
traditional MFCC representations. All vectors are stored in a vec-
tor database (VectorDB) [14], enabling efficient similarity-based
searches on unlabeled acoustic queries. The main goal is to fuse
features to retrieve acoustically similar soundscapes from any geo-
graphic region using vector-based queries, thus supporting large-
scale dataset organization and automated biodiversity monitoring.

Although embedding models and vector databases have been
widely used in other domains, such as music similarity retrieval [6,
33], their application in ecoacoustic analysis and bioacoustic similar-
ity retrieval remains relatively underexplored. This study represents
an effort to apply vector-based bioacoustic similarity retrieval to
a large-scale database of recordings, using Perch and VectorDB in
combination. Additionally, we present a systematic comparison
between approximate (HNSW) and exact (IMENN) retrieval algo-
rithms, providing a rigorous evaluation of system performance.
Perch has also been validated on various bioacoustic tasks, includ-
ing species classification and cross-domain transfer learning [30],
and its open-source implementation promotes scientific integration
and reproducibility [25].

Retrieving acoustically similar soundscapes poses significant
challenges due to signal variability and large volumes of unlabeled
data, making manual annotation time-consuming and often im-
practical [1, 15]. Vector-based retrieval systems enable efficient
querying of acoustic datasets, facilitating the discovery of similar
sounds along with their metadata [29]. Traditional hashing algo-
rithms, such asMD5 or SHA256, are ineffective for audio due to their
sensitivity to small signal variations [37], while representations like
MFCCs project acoustic data into lower-dimensional spaces but
remain limited for similarity retrieval tasks [20, 35]. Additionally,
ecoacoustic recordings often include unwanted background noise
that can hinder analysis [34]. In our study, we applied the Noise
Reduce (NR) algorithm, which analysis the noise using the Short-
Time Fourier Transform (STFT). The NR algorithm subtracts the
average spectral energy per frequency band, effectively attenuating
background noise [26].
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The remainder of this paper is organized as follows. We formu-
late the problem in Section 2 and detail the evaluation metrics in
Section 3. Related work is reviewed in Section 4. Our methodology
is presented in Section 5, followed by the experimental results in
Section 6 and our conclusions in Section 7.

2 PROBLEM DESCRIPTION
To extract temporal features from raw audio recordings, we model
each signal as a one-dimensional time series 𝑠 (𝑡) ∈ R𝑇 , where 𝑇
is the total number of samples and 𝑡 ∈ {1, 2, . . . ,𝑇 }. The signal
is sampled at a constant rate 𝑓𝑠 (in Hz) and segmented into non-
overlappingwindows of fixed durationΔ = 5 seconds. Eachwindow
contains 𝑁 = 𝑓𝑠 · Δ samples, and the total number of full windows
that can be extracted is𝑀 = ⌊𝑇/𝑁 ⌋.

Let 𝑠𝑖 ∈ R𝑁 denote the 𝑖-th segment of the signal, with 𝑖 =
1, . . . , 𝑀 . Each segment is processed by a feature extraction func-
tion 𝑓 : R𝑁 → R1280, which produces a fixed-size real-valued
feature vector 𝑥𝑖 = 𝑓 (𝑠𝑖 ), where 𝑥𝑖 ∈ R1280. In our work, the func-
tion 𝑓 (·) is parameterized by the Perch model [7], a bioacoustic
embedding extractor based on the EfficientNet-B1 convolutional
neural network architecture. The full audio recording is thus repre-
sented by a feature matrix X ∈ R1280×𝑀 , constructed by stacking
the feature vectors column-wise X = [𝑥1 𝑥2 . . . 𝑥𝑀 ].

Since the input audio duration is variable, the number of columns
𝑀 in matrix X also varies across recordings. Thus, we face the
challenge to obtain a fixed-length representation suitable for in-
dexing and comparison. Hence, we apply a fusion technique over
the time dimension (columns) of X. This produces a global em-
bedding 𝑥 ∈ R1280, which summarizes the full audio recording as
𝑥 = Fusion(X) ∈ R1280. This step enables consistent downstream
processing regardless of the original signal length.

As illustrated in Figure 1, audio signals are preprocessed and
transformed into fixed-length embeddings vectors using a pre-
trained model, which allows an efficient recovery based on simi-
larity. The fusion techniques evaluated in this work are detailed in
Section 5.3, including Average Pooling, Weighted Average Pooling,
Sum Pooling, and Max Pooling.

3 RETRIEVAL ALGORITHMS AND
EVALUATION METRICS

The Hierarchical Navigable Small World (HNSW) algorithm [19]
is used for approximate 𝑘-nearest neighbors (k-NN) search based
on graph structures. This algorithm extends the classical k-NN
method by introducing hierarchical graph layers to enable efficient
approximate searches. The process begins by selecting an initial
node in the graph and building connections to its nearest neighbors
based on embedding vector similarities. Nodes are distributed across
multiple layers: the upper levels facilitate a quick coarse search,
while the lower levels refine the final results. To answer a query,
the algorithm starts at a high-level node and traverses down the
graph until it reaches a lower level or a maximum number of nodes
has been explored. Moreover, HNSW calculates similarity using the
Euclidean distance between embedding vectors.

In contrast, the In-Memory ExactNN Index (IMENN) is an exact
k-NN algorithm. During the indexing phase, the set of embedding
vectors 𝑋 = {𝑥1, 𝑥2, . . . , 𝑥𝑛} is stored as a flat table in memory. To

perform a query, a new embedding vector (𝑥 𝑗 ) is used as input, and
similarity is computed between the query and all stored vectors
using the Euclidean distance. The vectors with the highest similarity
scores are then returned as the result set.

3.1 Evaluation Metrics
The performance of an audio retrieval system implemented over a
vector database can be evaluated using a pair of metrics that reflect
both the quality and efficiency of the returned results. Commonly
used metrics in the literature include HitRate-𝑘 (𝐻@𝑘) and query
response time measured in milliseconds.

The 𝐻@𝑘 metric measures the proportion of truly relevant re-
sults among the top 𝑘 results returned by the system, and is defined
as [16]:

H@k =
1
𝑘

𝑘∑︁
𝑖=1

𝑟 (𝑖), (1)

where 𝑘 denotes the number of retrieved results, and 𝑟 (𝑖) is an
indicator function that returns 1 if the 𝑖-th result is relevant and
0 otherwise. A low 𝐻@𝑘 value indicates a higher proportion of
irrelevant results. In this study, we evaluate both 𝐻@1 and 𝐻@5.

Additionally, we use the average query time and its standard
deviation as proxies for system efficiency, helping assess its feasibil-
ity in interactive search environments, such as web-based services
with graphical user interfaces (GUIs), where low latency is critical.

4 RELATEDWORK
The growing impact of machine learning in bioacoustics has driven
research into the classification and detection of acoustic events [3,
8]. In [28], the authors proposed an audio scene retrieval system
that uses a CNN-GRU model to extract acoustic features, employs
the Path Similarity method of WordNet for label inference, and
utilizes Mel vectors as spectral descriptors.

In [13], the authors evaluated Deep Hashing for efficient retrieval
of acoustic events. Pretrained models such as VGGish and TL-
Weak [10, 17] were used, alongside a semi-supervised architecture
that generates low-dimensional embeddings while optimizing hash
codes. The system was trained on the DCASE and ESC-50 datasets,
and performance was assessed using the Top-1 metric. Their ap-
proach, based on deep hashing and product quantization modules
originally designed for image retrieval, showed promising results
using non-exhaustive search algorithms

Ghani et al. [7] explored the use of embeddings extracted from
pretrained bioacoustic classifiers for transfer learning and novel
class recognition tasks. Specifically, they evaluated the ability of
embeddings to represent and discriminate new bioacoustic classes
not included during training, using datasets comprising bird songs,
bat calls, marine mammals, and amphibians. The results suggested
that embeddings extracted from bird-trained models outperform
those trained on general audio data.

These previous approaches face significant limitations. Several
methods, such as deep supervised hashing [4] and product quanti-
zation based retrieval [18], are computationally intensive due to the
complexity of their training and inference stages, which limits their
applicability in large-scale or real-time ecoacoustic monitoring. Ad-
ditionally, many existing audio representations rely on low-level
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acoustic features such as frequency, amplitude, and duration which,
although useful, may fail to capture the semantic richness of com-
plex acoustic scenes. While vector-based retrieval has been widely
adopted in music and entertainment domains [6, 33], its systematic
application in ecoacoustics remains limited.

Recent studies have explored feature fusion techniques to im-
prove bioacoustic classification. In [36], the authors proposed early
fusion of features extracted from multiple convolutional neural net-
works to enhance bird species classification performance. Similarly,
the review presented in [31] analysis the importance of selecting rel-
evant feature representations to address challenges in conservation
bioacoustics, highlighting this choice as a promising strategy for
improving generalization. These studies suggest that feature fusion
can help capture both global and local acoustic patterns, making it
a valuable component in the design of bioacoustic systems.

Additionally, Hamer et al. [9] introduced BIRB, a benchmark
designed to evaluate the robustness of vocalization retrieval models
against various generalization challenges such as domain shift,
novel classes, and few-shot scenarios, using both focal recordings
from Xeno-Canto and annotated passive soundscape recordings [9].
BIRB encompasses a diverse set of real-world conditions (different
geographic regions, imbalanced class distributions, and recording
quality variations) and proposes a baseline retrieval system based
on embeddings and centroid search. This work underscores the
need to address distributional challenges holistically and provides a
framework for comparing transfer learning and domain adaptation
approaches in real bioacoustic contexts.

Although recent studies have successfully leveraged embedding
vectors for classification and acoustic event identification tasks, we
chose not to adopt those models as baselines in this study. This
decision stems from their reliance on supervised training, anno-
tated data, or controlled acoustic environments, which may not
adequately reflect the complexity of ecoacoustic scenarios. Instead,
we adopted classical MFCCs as our baseline, as they constitute a
widely used reference for similarity-based audio retrieval.

5 MATERIALS AND METHODS
5.1 Datasets
This study used the BirdCLEF+ 2025 dataset, a multitaxonomic
bioacoustic collection compiled from various geographic locations
and designed for biodiversity monitoring. The dataset comprises
a total of 28,564 audio recordings spanning 206 species, including
birds, amphibians, mammals, and insects, stored in .ogg format
with variable sampling rates.

This dataset gathers recordings from three main sources: Xeno-
Canto (XC) [32], iNaturalist (iNat) [11], and the Colombian Sound
Archive (CSA) [21], which contribute a diverse set of acoustic events.
Each recording is accompanied by extensive metadata fields, such
as primary_label, type, collection, scientific_name, common_name,
location (latitude and longitude), and author, enabling detailed and
contextualized analysis.

All recordings were preprocessed using the Noise Reduce (NR) al-
gorithm [27], which applies spectral gating to suppress background
noise and enhance signal clarity. In the first experiment, the record-
ings were segmented into non-overlapping 5-second windows to
standardize temporal granularity and facilitate uniform embedding

extraction. In the remaining experiments, the full-length record-
ings were used. The distribution of recordings between the vector
database and the queries varies depending on the experiment and
is explicitly described in Section 5.4.

5.2 Proposed Method
Given that bioacoustic recordings often exhibit variable durations
and heterogeneous acoustic content, we hypothesize that applying
feature fusion strategies can better capture the overall acoustic
distribution of each recording. This would allow the system to
generalize more effectively across different environments and tem-
poral scales. While previous studies have explored certain forms
of feature fusion [36] , our proposal introduces and systematically
compares four distinct fusion strategies: average pooling, weighted
average pooling, sum pooling, and max pooling. These techniques
aim to condense the set of embeddings extracted from each segment
into a single representative vector per recording, thus facilitating
similarity-based retrieval.

Our method consists of four main stages, which are described
below and illustrated in Figure 1.

• Data Preprocessing: All audio recordings were resampled
to 32kHz and the Noise Reduce1 algorithm [27] was applied
to suppress background noise and enhance signal clarity.

• Segmentation and Embedding Extraction: Each record-
ing was segmented into consecutive 5-secondwindows. Each
segment was then processed using the pretrained Perch
model to extract 1.280-dimensional embedding vectors.

• Feature Fusion:The embeddings extracted from each record-
ing were aggregated into a single representative vector us-
ing one of the proposed fusion strategies: average pooling,
weighted average pooling, sum pooling, or max pooling.

• Vector Database Indexing: The fused vectors, along with
their associated metadata, were stored in a vector database
(VectorDB2), which supports similarity search using the
HNSW and IMENN algorithms.

The Perch3 Deep Learning model is based on the EfficientNet-
B1 architecture and was originally trained on bird vocalizations
from the Xeno-Canto dataset, sampled at 32kHz. It is optimized
to balance performance and computational efficiency, making it
well-suited for scalable processing of passive acoustic monitoring
data.

In this context, similarity refers to audio segments that share
acoustic characteristics, either because they belong to the same
species or originate from the same environment or recording ses-
sion. As a baseline, we implemented traditional MFCCs with 40
coefficients per segment. The MFCCs were extracted using a 1024-
point FFT with a hop length of 512 samples and Hann windowing.
The same 5-second segments used for embedding extraction were
used to compute MFCCs, ensuring fair comparison. Further details
on vector merging and evaluation configurations are provided in
sections 5.3 and 5.4

1https://zenodo.org/records/3243139
2https://github.com/jina-ai/vectordb
3https://github.com/google-research/perch
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Figure 1: Proposed method for bioacoustic similarity re-
trieval of soundscapes.

5.3 Feature Fusion Techniques
To represent each recording with a fixed-size vector, we apply
several pooling aggregation techniques described below.

Average Pooling: This technique consists of computing the
arithmeticmean over the columns of the featurematrixX ∈ R1280×𝑀 .
This operation yields a single global embedding that summarizes
the entire audio signal, providing robustness to isolated acoustic
events and mitigating the influence of outlier segments.

The resulting vector representation for a recording is defined as:

𝑥avg =
1
𝑀

𝑀∑︁
𝑖=1

X:,𝑖 ∈ R1280

where X:,𝑖 denotes the 𝑖-th column of matrix X, corresponding
to the embedding vector of the 𝑖-th audio segment. The resulting
vectors 𝑥avg are stored in the VectorDB and query and recovery
using the IMENN and HNSW algorithms.

Weighted Average Pooling: In this technique, we incorporate
a relevance weight for each segment based on its RSM (Root Mean
Square) energy, assigning greater influence to acoustically promi-
nent events such as clear vocalizations. This weighted aggregation
emphasizes informative segments while reducing the contribution
of low-energy or noisy parts.

Given the feature matrix X ∈ R1280×𝑀 , where each column X:,𝑖
represents the embedding of the 𝑖-th segment, and a correspond-
ing weight vector w = [𝑤1,𝑤2, . . . ,𝑤𝑀 ] ∈ R𝑀 with 𝑤𝑖 ≥ 0, the
weighted average pooled vector is computed as:

𝑥wavg =
1∑𝑀

𝑖=1𝑤𝑖

𝑀∑︁
𝑖=1

𝑤𝑖 · X:,𝑖 ∈ R1280 .

This strategy generates a global embedding 𝑥wavg that prioritizes
segments with high spectral salience. As with average pooling, the
resulting vectors are stored in the VectorDB for evaluation with
the IMENN and HNSW retrieval algorithms.

Sum Pooling:
In this technique, the global embedding is computed by sum-

ming all column vectors of the feature matrix X ∈ R1280×𝑀 , which
represent the individual segments of a recording. The resulting
vector retains the same dimensionality and captures cumulative
acoustic information across time:

𝑥sum =
𝑀∑︁
𝑖=1

X:,𝑖 ∈ R1280

This approach emphasizes aggregate patterns and the joint con-
tribution of all segments while maintaining computational simplic-
ity. However, it may be sensitive to outlier segments or regions
with unusually high energy if not further normalized.

Max Pooling: The max pooling technique constructs the global
embedding by selecting the maximum value along each feature
dimension from all columns of the feature matrix X ∈ R1280×𝑀 .
This highlights the most prominent acoustic features, regardless of
when they occur in the recording:

𝑥max = max
𝑖=1,...,𝑀

X:,𝑖 ∈ R1280

where the max operation is applied element-wise across columns
(i.e., across time) for each of the 1280 dimensions. This method
accentuates dominant acoustic events, such as intense vocalizations,
although it may be susceptible to noise.

All the described fusion techniques aim to capture both global
and local acoustic patterns from the recordings, enhance inter-class
discrimination, and provide robustness in retrieval tasks under
varying acoustic conditions. Regardless of the fusion strategy em-
ployed, the resulting vector 𝑥 has a fixed dimensionality of 1280,
ensuring compatibility and computational efficiency within the Vec-
torDB framework. Each vector is also linked to detailed metadata,
as described in Section 5.1.

For baseline comparison, we also extracted 128-dimensional
MFCC feature vectors from each 5-second audio segment, resulting
in matrices X ∈ R128×𝑀 . The same data fusion techniques were
applied to these MFCC matrices, producing aggregated vectors
𝑥 ∈ R128, allowing fair comparison between classical and deep
embedding-based representations.

It is worth noting that the application of these fusion techniques
varied depending on the experiment. In Experiment 1, fusionwas ap-
plied to both the database and queries. In Experiment 2, it was used
exclusively in the database, keeping the query unaggregated. Con-
versely, in Experiment 3, fusionwas applied only to the queries, with
the database remaining segmented. Finally, Experiment 4 adopted
the same configuration as Experiment 2, which achieved the best
performance, to transfer it to the final full indexing scenario.

5.4 Evaluation Methodologies
The evaluation was structured into two experimental stages. In
stage 1, we compared three different retrieval configurations to
identify the most effective feature fusion technique, as illustrated
in Figure 2.

In the first experimental configuration, a standard 70%-30% split
was applied at the recording level for each species. This means that
30% of the recordings from each species were used exclusively as
queries, while the remaining 70% were assigned to the database.
This setup ensured that there was no temporal or source overlap
between the query and database sets, thereby eliminating the risk
of information leakage. Retrieval performance was evaluated at
the species level, allowing us to assess the system’s ability to iden-
tify acoustically similar segments across different recordings of
the same species. Additionally, this configuration was used to sys-
tematically compare how different feature fusion strategies affect
retrieval accuracy and to evaluate how the traditional partitioning
methodology—commonly adopted in machine learning—combined
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with various fusion techniques, influences the system’s ability to
retrieve relevant audio segments.

In the second experimental configuration, the segment with the
highest energy from each recording was selected as the query, while
all segments from the same recording were stored in the vector
database, intentionally introducing temporal and source overlap.
Retrieval performance was evaluated both by species and by record-
ing. This experimental setup assesses whether a prominent acoustic
event, such as a clear vocalization, can serve as an effective query
to retrieve related segments from similar species or recordings in
noisy environments. Moreover, this configuration enables the eval-
uation of how different feature fusion strategies affect retrieval
precision when queries are based on salient acoustic events.

In the third experimental configuration, the segment with the
highest energy from each recording was stored in the vector data-
base, while the remaining segments from the same recording were
used as queries. As in the previous configuration, this strategy
introduces temporal and source overlap between the query and
database sets, reflecting a more realistic continuous monitoring
scenario in which acoustic events often share partial information.
Retrieval was evaluated at both the species and recording levels.
This configuration enables the analysis of whether a prominent
acoustic event can be effectively retrieved using less prominent
related segments.

Additionally, for each experiment, individual query times were
measured, considering exclusively the retrieval phase in VectorDB
and excluding the time dedicated to embedding extraction or fusion.
Times were measured for each query separately and then averaged
to obtain the mean time and standard deviation reported in the
results tables. In Experiment 1, 130.245 segments were used for the
database and 57.594 for queries; in Experiment 2, 187.839 segments
in the database and 26.250 for queries; and in Experiment 3, 26.250
in the database and 187.839 for queries.

In Stage 2, with the goal of demonstrating the applicability of
the system, a use case was designed focusing on the functional
interaction between feature researchers dedicated to bioacoustics,
species conservation, and wildlife monitoring, and the proposed
retrieval system. In this scenario, the user uploads an unlabeled
reference recording, and the system returns a set of acoustically
similar recordings, along with their respective metadata: species,
approximate geographic location, and source. This functionality,
supported by pretrained embeddings, feature fusion techniques,
and vector-based search, enables faster acoustic data analysis, re-
duces manual review workload, and will support decision-making
in biodiversity monitoring and conservation contexts.

Using the second experimental configuration defined in Stage 1,
along with the weighted average pooling fusion technique which
yielded the best results the systemwas configured to retrieve similar
recordings grouped by species within the vector database. This fi-
nal experiment focused on thirteen representative species from the
BirdCLEF+ 2025 dataset: Elaenia flavogaster, Penelope purpurascens,
Megarynchus pitangua, Andinobates opisthomelas, Pyrilia pyrilia,
Panthera onca, Alouatta seniculus, Bradypus variegatus, Colostethus
inguinalis, Cerdocyon thous, Allobates niputidea, Lontra longicaudis,
and Crax alberti. These species were selected based on their con-
servation status and population decline risk (according to Red List

categories), determined by cross-referencing the metadata of the
recordings with the IUCN Red List [12].

For each retrieved recording, key metadata such as geographic
location (latitude and longitude) and source (XC, iNat, or CSA) were
analyzed. Additionally, the geopy4 library was used in combination
with the Nominatim service to obtain the approximate location
associated with each acoustic recording. A 2D geographic map
was generated to visualize the spatial distribution of the species
and highlight potential spatial patterns. The aim of this approach
is to demonstrate the system’s potential to support ecological re-
search and conservation actions, enabling biologists to monitor
distribution changes and identify critical habitats. The combination
of the map and metadata table facilitates rapid, informed ecological
interpretation for decision-making.
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Figure 2: Methodological approaches: (1) 70%-30% split at
recording level; (2) highest-energy segment as query; (3)
highest-energy segment as database, remaining segments
as queries.

6 RESULTS
6.1 Results of Experiment 1
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Figure 3: Results of the comparison of fusion techniques and
methods for recovery at the species level.

The results of Experiment 1, presented in Table 1 and Figure 3 ,
confirm that the embeddings extracted using the pretrained Perch
model greatly outperformed traditional MFCC representations, es-
pecially after applying the noise reduction filter. The improvement
observed in precision metrics for species-level retrieval (𝐻@1s,
4https://pypi.org/project/geopy/
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Table 1: Experiment 1 results: species-level retrieval comparison using embeddings and MFCCs. H@s denotes species-level
evaluation. 𝑡 ± 𝜎 indicates the average query time (in milliseconds) and its standard deviation.

Perch
HNSW IMMEN

Technique H@1s H@5s t±𝜎 H@1s H@5s t±𝜎
Avg Pool 0.73 0.85 19 ± 0.17 0.56 0.66 58 ± 6.86

Weighted Avg 0.77 0.87 21 ± 0.22 0.59 0.69 58 ± 6.90
Sum 0.72 0.84 16 ± 0.20 0.42 0.51 59 ± 6.79

Max Pool 0.73 0.85 17 ± 0.19 0.57 0.66 59 ± 6.79
MFCCs

Avg Pool 0.19 0.35 5 ± 0.05 0.15 0.30 8 ± 3.37
Weighted Avg 0.20 0.38 6 ± 0.06 0.16 0.32 9 ± 3.41

Sum 0.19 0.35 4 ± 0.05 0.10 0.22 7 ± 3.62
Max Pool 0.15 0.32 5 ± 0.05 0.13 0.28 8 ± 4.22

𝐻@5s) underscores the importance of preprocessing, given the
high level of environmental interference and the variability intro-
duced by different devices and recording locations. Specifically,
Perch embeddings combined with the Weighted Average pooling
technique and the HNSW algorithm achieved the highest accuracy
values, reaching 𝐻@1s = 0.77 and 𝐻@5s = 0.87.

It was also observed that the HNSW algorithm consistently
achieved the lowest query times and standard deviations, due to
its efficient hierarchical structure and the lower number of vectors
evaluated per query. In summary, the experiment confirms that
combining perceptually rich embeddings, effective feature fusion
strategies, and approximate search algorithms can enhance both
accuracy and efficiency in acoustic similarity retrieval.

6.2 Results of Experiment 2

Av
g

Weig
hte

d
Su

m Max
0

20

40

60

80

100

(%
)

Exp2 - H@1r

Av
g

Weig
hte

d
Su

m Max

Exp2 - H@1s

Av
g

Weig
hte

d
Su

m Max

Exp2 - H@5s

Method
Perch-HNSW Perch-IMENN MFCC-HNSW MFCC-IMENN

Figure 4: Results of the fusion technique by querying the
highest energy segments by recording and species.

The results of Experiment 2, shown in Table 2 and Figure 4,
confirm the effectiveness of using the highest-energy segment from
each recording as the query while storing the full recording in
the vector database. Retrieval was evaluated at both the species
level (𝐻@1s, 𝐻@5s) and the recording level (𝐻@1r), allowing us
to assess the system’s ability to identify related species and exact
matches between recordings.

Compared to Experiment 1, a significant improvement in acous-
tic retrieval was observed when using prominent acoustic events as
queries. This result reinforces the importance of selecting segments

with high information density and demonstrates how fusion tech-
niques—especiallyWeighted Average pooling—can enhance retrieval
quality even when using traditional representations such as MFCCs.
Despite the improvement in MFCC-based retrieval, the embeddings
generated with the Perch model continued to deliver the best per-
formance, achieving 𝐻@1s = 0.98, 𝐻@5s = 0.99, and 𝐻@1r = 0.87
when combined with the HNSW algorithm. Regarding query times,
the HNSW algorithm consistently exhibited lower response times
compared to IMENN, supporting its suitability for high-demand
scenarios involving large-scale data and multiple simultaneous
queries.

The advantage of using prominent segments—such as clear vocal-
izations—to initiate queries is clear: this strategy not only improves
precision but also enhances the robust identification of species and
entire recordings, even under noisy and variable conditions.

6.3 Results of Experiment 3
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Figure 5: Results of the fusion technique saving higher en-
ergy segments in the database by recording and species.

The results of Experiment 3, summarized in Table 3 and Figure 5,
confirm the consistent performance of the system when using the
highest-energy segment of each recording as the stored representa-
tion in the database, while the remaining segments were used as
individual queries. This configuration allowed us to assess retrieval
effectiveness in a more realistic scenario, where different portions
of the same recording are compared to verify acoustic similarity.

In this setting, the combination of embeddings generated by
the Perch model with the Weighted Average pooling technique
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Table 2: Experiment 2 results: query using the highest-energy segment and full database by recording and species.

Perch
HNSW IMMEN

Technique H@1r t±𝜎 H@1s H@5s t±𝜎 H@1r t±𝜎 H@1s H@5s t±𝜎
Avg Pool 0.84 17 ±𝜎 0.08 0.96 0.98 23 ±𝜎 0.11 0.60 43 ±𝜎 3.01 0.74 0.77 62 ±𝜎 6.92

Weighted Avg 0.87 21 ±𝜎 0.12 0.98 0.99 29 ±𝜎 0.17 0.62 40 ±𝜎 3.27 0.75 0.78 71 ±𝜎 6.77
Sum 0.81 15 ±𝜎 0.09 0.93 0.96 26 ±𝜎 0.14 0.48 34 ±𝜎 2.90 0.52 0.54 68 ±𝜎 6.88

Max Pool 0.83 19 ±𝜎 0.10 0.95 0.97 24 ±𝜎 0.12 0.56 38 ±𝜎 3.00 0.53 0.56 63 ±𝜎 7.42
MFCCs

Avg Pool 0.62 8 ±𝜎 0.10 0.75 0.85 10 ±𝜎 0.04 0.54 13 ±𝜎 0.26 0.65 0.75 14 ±𝜎 3.61
Weighted Avg 0.63 11 ±𝜎 0.13 0.85 0.90 13 ±𝜎 0.07 0.57 15 ±𝜎 0.29 0.78 0.85 16 ±𝜎 3.33

Sum 0.56 9 ±𝜎 0.08 0.75 0.85 9 ±𝜎 0.06 0.48 11 ±𝜎 0.25 0.52 0.50 12 ±𝜎 3.42
Max Pool 0.50 7 ±𝜎 0.07 0.61 0.63 12 ±𝜎 0.04 0.49 9 ±𝜎 0.23 0.50 0.51 15 ±𝜎 3.40

Table 3: Results of the fusion technique saving higher energy segments in the database by recording and species.

Perch
HNSW IMENN

Technique H@1r t±𝜎 H@1s H@5s t±𝜎 H@1r t±𝜎 H@1s H@5s t±𝜎
Avg Pool 0.70 5 ±𝜎 0.21 0.85 0.88 19 ± 0.75 0.45 6 ±𝜎 0.33 0.53 0.58 43 ± 6.71

Weighted Avg 0.73 6 ±𝜎 0.29 0.87 0.92 23 ± 0.14 0.50 8 ±𝜎 0.35 0.54 0.60 44 ± 6.34
Sum 0.64 6 ±𝜎 0.22 0.82 0.88 18 ± 0.11 0.41 7 ±𝜎 0.30 0.41 0.58 48 ± 6.26

Max Pool 0.68 4 ±𝜎 0.23 0.83 0.88 21 ± 0.14 0.46 6 ±𝜎 0.31 0.48 0.54 42 ± 7.10
MFCCs

Avg Pool 0.32 6 ±𝜎 0.35 0.46 0.62 3 ± 0.74 0.27 8 ±𝜎 0.36 0.39 0.53 4 ± 3.24
Weighted Avg 0.38 8 ± 0.41 0.52 0.68 4 ± 0.70 0.35 10 ± 0.45 0.45 0.60 6 ± 3.38

Sum 0.26 6 ± 0.33 0.46 0.62 2 ± 0.53 0.09 7 ± 0.38 0.11 0.18 3 ± 2.84
Max Pool 0.29 7 ± 0.35 0.31 0.47 3 ± 0.55 0.26 8 ± 0.37 0.31 0.47 4 ± 3.20

and the HNSW algorithm again delivered high retrieval effective-
ness, achieving 𝐻@1s = 0.87, 𝐻@5s = 0.92, and 𝐻@1r = 0.73.
While MFCCs showed improvements when combined with appro-
priate fusion techniques, the Perch embeddings continued to out-
perform, especially in capturing relevant acoustic patterns across
intra-recording variations. This experiment recorded the lowest
average query times, a direct consequence of the reduced number of
queries. Regarding efficiency, the HNSW algorithm maintained the
trend of achieving the lowest query times and standard deviations
across all evaluated configurations.

6.4 Results of Use Case
The use case, illustrated in Table 4 and Figure 6, demonstrates the
practical capability of the system to retrieve acoustically similar
recordings using the Weighted Average Pooling fusion technique
and pretrained embedding vectors. In this experiment, one query
recording per species was used, following the configuration de-
fined in Stage 2. The system successfully retrieved recordings from
the vector database that matched the input recording, confirming
its effectiveness in retrieval tasks. Additionally, by combining geo-
graphic metadata with the geopy library, it was possible to visualize
the locations where each species was recorded, providing a useful
representation of their observed presence across different regions.

The system correctly retrieved the corresponding recordings
from the vector database, all matching the queried species. For
Lontra longicaudis, two recordings were identified in Brazil, sourced
from the XC and iNat repositories. Allobates niputidea was found in
Colombia through two recordings registered in CSA. The species
Bradypus variegatus, Colostethus inguinalis, and Cerdocyon thous
were also located in Colombia and Brazil, based on two recordings
extracted from iNat. Crax alberti, listed as Critically Endangered,
was exclusively retrieved from Colombia via XC. In the case of

Geographical distribution of species

Species
Elaenia flavogaster
Penelope purpurascens
Megarynchus pitangua
Andinobates opisthomelas
Pyrilia pyrilia
Panthera onca
Alouatta seniculus
Bradypus variegatus
Colostethus inguinalis
Cerdocyon thous
Allobates niputidea
Lontra longicaudis
Crax alberti

Figure 6: Results of geographic distribution and retrieval
performance of selected species.

Andinobates opisthomelas, ten recordings were recovered, all from
Colombia and sourced from iNat. Pyrilia pyrilia had recordings
from Colombia and Panama, extracted from XC and iNat.

For Panthera onca, the system retrieved fifteen recordings dis-
tributed across Brazil, Colombia, and Mexico. Alouatta seniculus
had records in both Brazil and Colombia, while Penelope purpuras-
cens was identified in Colombia, Costa Rica, Mexico, Panama, and
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Table 4: Use Case: species, recordings, and geographic distribution.

Species # Recordings Taxonomic Class Source Red List Category Location

Lontra longicaudis 2 Mammalia XC (1)
iNat (1) Near Threatened Br (2)

Allobates niputidea 2 Amphibia CSA (2) Least Concern Col (2)
Bradypus variegatus 2 Mammalia iNat (2) Least Concern Br (1), Col (1)
Colostethus inguinalis 2 Amphibia iNat (2) Least Concern Col (2)

Cerdocyon thous 2 Mammalia iNat (2) Least Concern Br (2)
Crax alberti 8 Aves XC (8) Critically Endangered Col (8)

Andinobates opisthomelas 10 Amphibia iNat (10) Vulnerable Col (10)

Pyrilia pyrilia 14 Aves XC (13)
iNat (1) Near Threatened Col (12), Pa (2)

Panthera onca 15 Mammalia XC (11)
iNat (4) Near Threatened Br (7), Col (7), Mx (1)

Alouatta seniculus 23 Mammalia XC (1)
iNat (22) Least Concern Br (7), Col (16)

Penelope purpurascens 77 Aves XC (61)
iNat (16) Near Threatened Col (60), CR (6), Mx (6), Pa (4), Ni (1)

Elaenia flavogaster 260 Aves XC (226)
iNat (34) Least Concern

Ar (8), Bz (10), Bo (6), Br (108), Col (60), CR (12),
Ec (16), SV (1), Fr (5), Hn (4), Mx (5), Pa (9),

Py (1), Pe (6), Ve (9)

Megarynchus pitangua 580 Aves XC (339)
iNat (169) Least Concern Ar (1), Bo (1), Br (302), Col (214), CR (16),

Ec (16), SV (1), Mx (10), Pa (11), Pe (5), Ve (3)
Location codes: Ar = Argentina, Bz = Belize, Bo = Bolivia, Br = Brazil, Col = Colombia, CR = Costa Rica, Ec = Ecuador, SV = El Salvador, Fr = France, Hn = Honduras, Mx = Mexico,
Ni = Nicaragua, Pa = Panama, Py = Paraguay, Pe = Peru, Ve = Venezuela.

Nicaragua, with recordings from XC and iNat. Finally, Elaenia flavo-
gaster and Megarynchus pitangua, the species with the highest
number of recordings, exhibited a broad geographic distribution
across Latin America, with records from more than ten countries,
mostly collected from XC and iNat. This retrieval enables the visual-
ization, based on metadata, of the regions where these species were
observed, providing valuable information for ecological studies and
monitoring strategies.

From a taxonomic perspective, the species retrieved in this use
case span three classes: Mammalia, Aves, and Amphibia. Regarding
conservation categories defined by the IUCN Red List, the system
retrieved recordings of all selected species, including Crax alberti
(Critically Endangered), Andinobates opisthomelas (Vulnerable), and
four Near Threatened species: Lontra longicaudis, Pyrilia pyrilia,
Panthera onca, and Penelope purpurascens. The remaining seven
species are classified as Least Concern. Although species were
selected based on their vulnerability and limited number of record-
ings, this use case demonstrates that the system was able to retrieve
existing acoustic records from the BirdCLEF+ 2025 database associ-
ated with species from different taxonomic classes. This highlights
the system’s ability to generalize acoustic retrieval across multiple
biological groups, which is crucial for comprehensive biodiversity
inventories.

The map generated using the geographic coordinates available in
the recordingmetadata allowed for the visualization of the locations
where each species was recorded. As a result, a high concentration
of species was observed in Colombia and Brazil—countries that
include Andean and Amazonian ecosystems, widely recognized for
their biological richness and high endemism. These observations,
derived from the retrieval results, can support future ecological
studies focused on species distribution or exploring ecological con-
nectivity between regions.

7 CONCLUSION
This study proposed an efficient approach for retrieving acousti-
cally similar recordings in unlabeled ecoacoustic databases, inte-
grating deep embeddings, feature fusion techniques, and approxi-
mate search algorithms within a vector database. The experiments
demonstrated that theWeighted Average Pooling technique signifi-
cantly improved retrieval efficacy at both the species and recording
levels.

The use case demonstrated that the system was able to success-
fully retrieve recordings corresponding to the same species as the
query, even when they belonged to different taxonomic classes
(Aves, Mammalia, and Amphibia). Although the Perch model was
originally trained on bird vocalizations, the system exhibited a ca-
pacity to generalize to non-avian species. This taxonomic diversity
reinforces its applicability in heterogeneous ecoacoustic contexts,
where data from multiple animal groups coexist. Furthermore, the
integration of metadata enabled the visualization of species’ geo-
graphic distributions, revealing concentrations in Colombia and
Brazil, regions recognized for their high levels of endemism.

Among the main limitations identified is the imbalance in the
number of recordings per species. Furthermore, our approach relies
on pre-trained embeddings without domain adaptation. However,
the feature fusion approach helped mitigate this issue by enhanc-
ing the acoustic representations. Overall, this work consolidates an
effective and generalizable system for acoustic similarity retrieval,
with potential applications in ecological studies, biodiversity moni-
toring, and evidence-based conservation decision-making. As future
work, we propose evaluating the system in acoustic contexts with
greater taxonomic diversity, implementing domain adaptation tech-
niques for the embeddings, and validating our approach within the
comprehensive benchmark proposed by [9].
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