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Problematic

(Yovany Ochoa,2019)
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Problematic

» Como reconocer al Montanerito Paisa

Montafierito Paisa
Atiapetes hlancae Corona clara
y ancha

» Especies similares

s

Montafierito Nuguiblanco

Atlapetes albinucha
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Montaferito Paisa
Atlapetes blancae

Montafierito
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iamarillo
tes latnuchys

Atiapetes sc

Montafierito Pizarroso
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Montafierito Collarejo
Aremon brunneinucha

Tanga(ra Rastrojera
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Lines madar (bigotera
bien definida y osCura

J Montafierito Pizarroso
: Atlapetes schistaceus

Fernando Ayerbe Quifiones - WCS | [ Santiago Chiquito Garcia - SalvaMontes _— 5
(Chiquito, Quifiones, 2019)
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(Ahumada et al., 2020)

Where is the bird? [
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(Chalmersetal., 2019)
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(Cornell Lab of Ornithology, 2023)
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T B Recollected Presence of Number of
se bl data A.blancae Sensors
El Vergel . .
S Fa s Audios 7147 11 3 Audio
Acoustic Sensor recordings
Videos 17159 48 13 Camera trap
Santa Rosa de Osos
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Audio Methodology

Selected training Audios

Audio trained model
- KJWlNet

(1)Training
"""""""""""""""""""""""" Preprocessing T
" Segmentation Feature Extraction  Clustering " Acoustic representative Audios labeling -
* (AED modified) (Linearly-spaced cepstral coefficients : patterns Pattern Matching
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Audio Methodology
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Segmentation Feature Extraction Clustering
' (AED modified) (Linearly-spaced cepstral coefficients .
||| ||| ||| e \ and frequency information) g
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We move from analyzing the 17,147
omnidirectional audios to only
analyzing a few specific examples.
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Acoustic representative Audios labeling -
patterns Pattern Matching
4 =
all [ e ool oo e Present Class of

. —» < Atlapetes blancae
al[ e safiefinfin: | Absent Class of

\ —I Atlapetes blancae
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(Aideetal., 2013)

11



W B

a-
SISTEMIC %é s
.............................. ,&Nggﬁgggﬁug R ATaN 7 ER

Audio Methodology

Supervised training

Audio trained model
- KlWlNet

KiwiNet .. .
o Selected training Audios
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(1)Training
Preprocessing (2) Recognition
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o2 | FH'

Distinctive visual elements

Segmentation

(Multi-layer RPCA)

Segmentation
(Multi-layer RPCA)

[P P i i S )

Supervised training Image trained model - ResNet 18
ResNet 18

) Present 0
O Absent
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Preprocessing
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Image cropping
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Video Methodology

@*= |Target class

Image Feature-based categorization  Dijstinctive visual elements
Noisy class <

S =/
bt q-T ‘

Supervised training Image trained model - ResNet 18
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COMPARING THE PERFORMANCE OF AUDIO MODELS ON TESTING DATA

m F-measureavg | Precisionavg Recall avg Accuracy

Our audio recognition 0.823 0.823 0.823 0.964
model
Acoustic animal 0.743 0.690 0.805 0.929
identification
Arbimon 0.794 0.981 0.667 0.964

ResNet-18 0.653 0.580 0.748 0.821
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Video Results

COMPARING THE PERFORMANCE OF IMAGE MODELS ON TESTING DATA

F-measure | Precisionavg | Recall avg Accuracy | Type of
avg Data

RPCA ResNet-18
(Ours)

RPCA ResNet-50
(Ours)

RPCA ResNet-101
(Ours)

RPCA ResNet-18
(Ours)

ResNet-18

0.940

0.937

0.926

0.495

0.473

0.953

0.954

0.947

0.512

0.475

0.928

0.921

0.905

0.882

0.472

0.967

0.966

0.956

0.889

0.467

Cropped
images

Cropped
images

Cropped
images

Videos

Frames
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Video Results

T

COMPARING THE PERFORMANCE OF IMAGE MODELS ON TESTING DATA

F-measure | Precisionavg | Recall avg Accuracy | Type of
avg Data

RPCA ResNet-18 0.940 0.953 0.928 0.967 Cropped
(Ours) images

RPCA ResNet-50 0.937 0.954 0.921 0.966 Cropped
(Ours) images

RPCA ResNet-101 0.926 0.947 0.905 0.956 Cropped
(Ours) images

RPCA ResNet-18 ‘@) 0.512 0.882 0.889 Videos
(Ours)

ResNet-18 0473 0.475 0.472 0.467 Frames
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- Identifyingpatternsinimages is easier than in audio, making deep learningdirectly applicable to
visual data.

« Our findingsindicatingthat the audio model is the preferred choice for processing the data.
However, this model represents just the initial step in the development of a sufficiently robust
tool for At/lapetesblancaerecognition.

« Currently, the models use audio and visual information independently. Future work will focus on
integratingdata from both sensors to improve accuracy and robustness.

(Chiquito,2019)
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Thank you
very much

A julian.santamaria@udea.edu.co
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