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Abstract—Bird call classification – both manual and auto-
matic – commonly relies on spectrograms, visual time-frequency
representations of the signal power distribution of the audio
signal. These spectrogram “images” can be processed using
deep learning approaches like convolutional neural networks
(CNNs) for call identification. However, such methods typically
require significant computational resources. Using labelled data
from the calls of three New Zealand bird species, we com-
pare this approach with computationally lightweight approaches
that extract texture-based features from both spectrograms and
audio waveforms, specifically local binary pattern (LBP) and
local phase quantisation (LPQ) features, paired with classical
machine learning classifiers. We find that LBP-based features
outperform other feature-classifier combinations and achieve
superior accuracy compared to the standard CNN approach.
Given their significantly lower computational cost, texture-based
techniques prove particularly well-suited for resource-constrained
environments. Experimental results demonstrate that lightweight
feature extraction methods can serve as efficient and effective
alternatives to deep learning approaches for automated bird call
classification, offering practical advantages for deployment in
field conditions or embedded systems.

I. INTRODUCTION

New Zealand’s bird species face extensive population de-
cline, with factors such as introduced predators rendering
82% of native species threatened or at risk of extinction [1].
Monitoring of species is challenging due to species being dis-
persed across remote, inaccessible areas and many threatened
birds being cryptic in nature, creating significant obstacles for
population assessment. Animal vocalisations provide effective
monitoring capabilities by enabling species identification and
population abundance assessment through call frequency anal-
ysis [2], [3]. To capture these vocalisations, passive acoustic
recorders can be left unattended and thus provide long-time
field recordings from remote areas [4], [5]. Automated methods
for the analysis of these field recordings are now at a stage
where they can be practically applied [6]–[8]. Convolutional
neural network (CNN) architectures such as EfficientNet [9]
and ResNet [10] have demonstrated reasonably high accuracy
on bird call identification using large-scale datasets. Typically,
the majority of these methods compute the spectrogram, a
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time-frequency representation of the sound based on the short-
time Fourier transform (STFT), and then treat this as an image
to classify calls.

Building on this foundation, there is an interest in integrating
edge computing methods, which combine audio capture with
on-device processing [11], [12] to provide real-time data to
wildlife managers offsite. Sustaining long-term operation in
harsh environments with limited power requires minimising
computational costs. While CNNs are powerful they require
substantial computational resources, limiting their applicability
in embedded systems or remote sensing devices [13]. Further
complicating their adoption is the scarcity of large, annotated
datasets of New Zealand bird vocalisations required for train-
ing. These constraints motivate the exploration of alternative
classification approaches that are computationally efficient and
less data-dependent.

Classical machine learning (ML) methods for classification,
such as k-nearest neighbours (KNN), random forest (RF), and
support vector machines (SVM), are well-suited to resource-
constrained audio classification problems, particularly with
small datasets, as they have demonstrated strong performance
in achieving highly accurate audio classification [14] while
avoiding the computational overhead of deep learning ap-
proaches [15]. Unlike CNNs, these methods rely on extract-
ing discriminative features. Among the features developed
for image processing, local binary pattern (LBP) [16] and
local phase quantisation (LPQ) [17] are texture-based methods
that have been successfully adapted for audio, specifically
environmental sound classification. Toffa and Mignotte [18]
demonstrated that LBP-based classification outperformed Mel-
frequency cepstral coefficients, a widely adopted feature for
audio classification, in classification accuracy across KNN,
RF, and SVM classifiers. Combining LBP with other audio
features as input to classical ML algorithms was shown to
achieve performance comparable to CNNs. The study proved
the viability of computationally efficient alternatives to CNNs,
while preserving competitive accuracy, which is particularly
advantageous in contexts with limited computational resources
and data availability.

Drawing inspiration from Toffa and Mignotte [18], this study
investigates the effectiveness of using LBP/LPQ with classical
ML methods, specifically for bird call classification. While
the prior work [18] demonstrated the utility of LBP/LPQ with
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classical ML methods for environmental sound classification,
we examine whether this approach remains viable for dis-
tinguishing between New Zealand bird species. To answer
the research question, the study systematically compares the
performance and computational cost of two frameworks: i) a
baseline using CNNs with spectrogram inputs, and ii) a texture-
based approach using classical ML methods (KNN, RF, and
SVM) with LBP/LPQ features. We hypothesise that while the
baseline framework may achieve superior classification accu-
racy, the texture-based framework will demonstrate compara-
ble performance for bird call classification with substantially
lower computational requirements, making it more suitable
for resource-constrained deployment scenarios. We aim to
determine the transferability of the texture-based framework
to avian vocalisations, aiming to establish a potential pathway
toward deployable, real-time bird call identification systems
that do not rely on computationally intensive deep learning
architectures.

II. METHODOLOGY

This section details the methodology including the frame-
works examined and the dataset, experimental design and
data analysis methods used to address the research question.
Table I summarises the feature-classifer pair configurations
evaluated in this study. In the texture-based framework, LBP
with 1D input (LBP1), LBP with 2D input (LBP2), and LPQ,
were systematically paired with KNN, RF, and SVM. The
baseline framework paired spectrograms with a CNN-based
architecture.

A. Texture-based Framework

The texture-based features and classical ML classifiers used
in this framework are summarised. For details of each fea-
ture/classifier, readers are referred to the original literature.

a) LBP1: A 9× 1 sample point neighbourhood is itera-
tively translated across the input waveform. The sample point
values are compared with the central sample and encoded to
binary values and encoded to a binary texture unit S̃i given
by:

S̃i(x) =

{
0, if sx ≤ si

1, if sx > si
, (1)

where s denotes the sample point value, i represents the
coordinates of the central sample point from the 9 × 1
neighbourhood on the input waveform, and x ∈ {i − 4, i −

TABLE I
CONFIGURATION OF FEATURE-CLASSIFIER PAIRS.

Framework Feature Classifier Pairs

Texture-based
LBP1 KNN, RF, SVM 3
LBP2 KNN, RF, SVM 3
LPQ KNN, RF, SVM 3

Baseline Spec CNN 1

Total Pairs 10

3, . . . , i + 4}. The binary texture unit undergoes positional
weighting using powers of 2, creating a weighting vector
KT = {20, 21, 22, 23, 0, 24, 25, 26, 27}. The zero weight corre-
sponds to the central position, which is excluded from the final
calculation. The decimal texture unit number is calculated by:

Ni = S̃i
TK, (2)

resulting in Ni ∈ {0, 1, 2, . . . , 255}.
b) LBP2: A 3 × 3 pixel neighbourhood is iteratively

translated across the input spectrogram, which is computed
by applying a 9-point Hann window with no overlap between
consecutive frames. The amplitude of each pixel is compared
with the central pixel and encoded to a binary texture unit
given by:

G̃ij(x, y) =

{
0, if gx,y ≤ gi,j

1, if gx,y > gi,j
, (3)

where g denotes the value of pixel, i, j represent the co-
ordinates of the central pixel from the 3 × 3 window on
the input spectrogram image, and x ∈ {i − 1, i, i + 1} and
y ∈ {j − 1, j, j + 1} form a texture unit G̃ij . The binary
texture unit undergoes positional weighting using powers of
2, creating a 3 × 3 weighting matrix W with elements
20, 21, 22, 23, 0, 24, 25, 26, 27 arranged in row-major order,
where the zero weight corresponds to the central pixel position.
The decimal texture unit number Nij ∈ {0, 1, 2, . . . , 255} is
calculated as the Frobenius product ⟨⟩F of the texture unit G̃ij

and the weighting matrix W given by:

Nij = ⟨G̃ij ,W ⟩F
= Tr(G̃ij

TW ).
(4)

c) LPQ: Using the spectrogram from LBP2, a neighbour-
hood of complex coefficients is formed for each spectrogram
frame using the four frequency bins after the 0-th direct current
bin, which correspond to frequencies up to π rad/sample:

Fi =
[
c1 c2 c3 c4

]T
, (5)

where cx is the spectral value in the x-th frequency bin. The
spectral values are encoded to quaternary values based on their
phase according to the following rule:

F̃i(x) =





0, 0 ≤ ̸ cx < π
2

1, π
2 ≤ ̸ cx < π

2, π ≤ ̸ cx < 3π
2

3, 3π
2 ≤ ̸ cx < 2π

. (6)

The quaternary values are converted into a decimal texture unit
number Nx ∈ {0, 1, 2, . . . , 255} by:

Nx =
4∑

i=1

F̃i
T 4i−1. (7)

After applying the above operations across the entire input,
the resulting texture matrix of decimal units is converted
into a histogram to capture its distribution. The mean and
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standard deviation of these histograms serve as input vectors
for model training of ML methods. For the classifiers, the SVM
implementation uses linear regularisation, the RF ensemble
method utilises 500 decision trees, and the KNN classifier
is configured with seven nearest neighbours. The code was
written in Python using the Scikit-learn (v1.4.0) package.

B. Baseline Framework

To calculate the input spectrogram, the STFT was computed
using a Hann window with a 128 ms frame length and no
overlap between consecutive frames. The CNN model used
EfficientNetV2S [19] as the base convolutional architecture,
pre-trained on ImageNet [20]. The resulting feature vector was
reshaped and fed into a gated recurrent unit layer with 128
hidden units, which processed the extracted features through
recurrent connections to capture temporal dependencies within
the feature space. The model was trained using the Adam op-
timiser with a learning rate of 10−5. Multi-class classification
was performed by a final softmax-activated dense layer. The
CNN code was based on TensorFlow (v2.15.1) in Python.

C. Dataset Specifications

The experimental dataset comprised audio recordings of six
distinct classes: five classes representing native New Zealand
avian vocalisations and one non-call class containing natural
environmental sounds without bird calls (see Table II). The
avian vocal categories encompassed five call types from three
endangered species: Great Spotted Kiwi or Roroa (Apteryx
maxima), Southern Brown Kiwi or Tokoeka (Apteryx aus-
tralis) with male and female vocalisations treated as separate
classification categories, and the low-frequency boom of the
Australasian Bittern or Matuku-hūrepo (Botaurus poicilop-
tilus), constituting the fifth bird call category. SBK F samples
had mixed-quality of loudness and contained much more
environmental noise compared to the other call types. This
dataset configuration provided a representation of endemic
New Zealand birds while incorporating variability through sex-
specific vocalisations, a wide distribution of call frequencies
and the inclusion of a negative control class to enhance
classification robustness. The audio data was derived from
15-minute continuous soundscape recordings that underwent
expert annotation using the AviaNZ software package [21] to
identify target vocalisations. Annotated segments correspond-
ing to each call type were extracted to facilitate further feature
computation. To standardise the temporal resolution across
all data samples, call segments were cut into eight-second
durations. Where necessary, audio signals were resampled
to 8000 Hz to ensure a uniform sampling rate across all
audio samples. For the baseline framework, spectrograms had
dimensions 246× 256.

D. Experimental Validation

A 20-fold cross-validation framework was implemented to
ensure statistical robustness and mitigate potential overfitting.
Within each fold, the dataset of six call types were partitioned

into training (60%), validation (20%), and testing (20%) sub-
sets while preserving balanced class distributions across all
splits. Both training and testing process were conducted on a
dedicated machine with a NVIDIA GeForce RTX 4090 graph-
ics card, 3.19 GHz CPU, and 128 GB RAM. For computational
benchmarking, inference times on the test sets were measured
separately for each fold under controlled system loads on a
dedicated machine. Classification performance was evaluated
using F1-score, precision, and recall, derived from predictions
on the held-out test sets. This protocol was systematically
applied to all feature-classifier pairs, yielding computational
and performance results for subsequent statistical analysis.

E. Statistical Analysis
Linear mixed-effects (LME) models for F1-score, precision,

and recall were constructed to analyse the experimental results
in R with the lme4 package [22]. The LME model incorporated
three categorical fixed effects: classifier, feature, and call type,
with random effects accounting for repeated cross-validation
measures within each combination group. Separate LME mod-
els were developed for each of the three evaluation metrics to
assess performance independently. Model simplification was
performed using a stepwise selection procedure to identify
the most simplified yet well-fitted model using the lmerTest
package [23]. The significance of fixed effects was evaluated
via likelihood ratio tests. Two-way interactions, random in-
tercepts and random slopes were included only when they
significantly improved model fit. Following model selection,
post-hoc pairwise comparisons implemented with the emmeans
package [24] were conducted using Tukey’s honest significant
difference test to control for multiple comparisons. p-values
adjusted for correction below 0.05 were considered statistically
significantly.

III. RESULTS AND DISCUSSION

A. Computational Cost
Table III presents the normalised inference time for all

feature-classifier pairs. Spec CNN is significantly slower, re-
quiring at least 36 times more computation time compared
to all other pairs. This supports the hypothesis that texture-
based framework is much more lightweight than the baseline
framework. Within the texture-based framework, KNN-based
pairs had the lowest inference time among the classifiers and
LBP1 had the lowest inference time among the features.

TABLE II
CATEGORISATION OF CALL TYPES IN THE DATASET.

Species Sex Class Label Samples

Great Spotted Kiwi (Roroa,
Apteryx maxima)

Male GSK-M 5,013
Female GSK-F 2,912

Southern Brown Kiwi (Tokoeka,
Apteryx australis)

Male SBK-M 20,019
Female SBK-F 20,019

Australasian Bittern (Matuku-
hūrepo, Botaurus poiciloptilus)

N/A BITTERN 20,019

Non-call N/A NOISE 20,019
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Fig. 1. Linear prediction of performance evaluation scores from LME models for feature-classifier pairs across call types (distinguished by colour and shape).
Each subplot shows the corresponding scores with 95% confidence intervals, allowing comparison of classification performance across feature types and classifier
algorithms for the six call types.

TABLE III
INFERENCE TIME STATISTICS COMPUTED ON A TEST SET OF 172 SAMPLES.

Pairs Mean (s) 95% Confidence Interval (s)
[lower bound, upper bound]

LBP1 KNN 0.013 [0.012, 0.014]
LBP1 RF 0.030 [0.028, 0.032]
LBP1 SVM 0.022 [0.021, 0.024]
LBP2 KNN 0.034 [0.030, 0.038]
LBP2 RF 0.049 [0.046, 0.052]
LBP2 SVM 0.047 [0.045, 0.050]
LPQ KNN 0.015 [0.013, 0.016]
LPQ RF 0.036 [0.034, 0.038]
LPQ SVM 0.046 [0.044, 0.049]
Spec CNN 1.764 [1.603, 1.925]

B. Bird Call Identification Performance

A significant two-way interaction was found between
feature-classifier pairs and call types for both the F1-score
(χ2(45) = 1421.3, p < 0.001) and recall (χ2(45) =
1587.6, p < 0.001). Precision had a significant two-way in-
teraction (F (45, 1140) = 14.774, p < 0.001) with no random
intercept. Fig. 1 shows the linear prediction of F1-score, recall,
and precision. Fig. 2 shows the statistical significance of the
post-hoc pairwise contrasts.

1) Texture-based framework: A consistent pattern emerges
across all three metrics: LBP-based pairs demonstrate supe-
rior and comparable performance, typically achieving scores
between 0.6-0.9 across most feature-classifier combinations.
In contrast, LPQ-based pairs consistently shows the poorest
performance across all metrics, call types, and classifiers,
with scores frequently dropping below 0.5 and in some cases

approaching zero, particularly evident in the GSK-M and SBK-
M where it fails almost entirely across all metrics.

Across all metrics, LBP1 SVM emerged as the best
performing combination for most call types, followed
by LBP2 KNN and LBP1 RF. For F1-score, LBP1 SVM
achieved the highest F1-score for GSK M/F, BITTERN and
NOISE call types. LBP2 KNN had the highest F1-score for
SBK M while SBK F had very few statistically significantly
differences between the top performing LBP-based pairs.
Comparing LBP1 with LBP2 pairs, there were few to no
significant differences in F1-score for SBK M/F, BITTERN
and NOISE. While, LBP1 pairs scored statistically signifi-
cantly higher for GSK M/F. For precision, the top perform-
ing pairs were LBP1 SVM (BITTERN, GSK F, SBK M),
LBP1 RF (GSK M) and LBP2 KNN (NOISE, SBK F). Most
call types had few or no significant differences apart from
GSK F where LBP1 had statistically significantly higher
scores than LBP2 pairs. For recall, the top performing pairs
were LBP1 SVM (BITTERN, GSK F, GSK M), LBP1 RF
(NOISE) and LBP2 KNN (SBK F, SBK M). Only GSK M
and NOISE showed some LBP1 pairs had statistically signifi-
cantly higher scores, while the remaining calls had few to no
significant differences.

2) Comparison between frameworks: The baseline frame-
work shows moderate performance, generally ranging from
0.5-0.8. Comparing Spec CNN with LBP-based pairs,
Spec CNN performed worse than most LBP-based pairs
with statistically significantly lower scores in F1-score for
SBK M/F, NOISE and GSK F, while GSK M and BITTERN
showed less significant differences. For precision, SBK M/F
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Fig. 2. Combined post-hoc pairwise contrasts displayed according to evaluation metric (row), call type (column separated into upper and lower triangles) and
feature-classifier pairs (shown in group 1/2). The p-values are represented by significance levels and the estimate direction represents whether group 1 performed
better (>) or worse (<) than group 2.

and GSK M had statistically significantly lower scores than
LBP-based pairs. For recall, Spec CNN had statistically signif-
icantly lower scores than LBP-based pairs for most call types,
except BITTERN and GSK M. Comparing Spec CNN with
LPQ-based pairs, Spec CNN had statistically significantly
higher scores than LPQ-based pairs for most call types apart
from SBK F and NOISE where some pairs had no significant
difference. For precision, Spec CNN had statistically signifi-
cantly higher scores than all LPQ-based pairs for BITTERN
and GSK M. For recall, most call types had had statistically
significantly higher scores than LPQ-based pairs, while for
SBK F, Spec CNN had statistically significantly lower scores
than LPQ-based pairs.

C. Discussion

Our hypothesis that the texture-based framework would
achieve comparable performance to the baseline framework
while offering reduced computational complexity was par-
tially supported by the experimental results. Regarding com-
putational efficiency, the texture-based framework resulted in
substantially reduced inference times compared to the base-
line framework, confirming the hypothesis. This result was
expected due to the lightweight classical ML classifiers and
the lower-dimensionality texture-based features. For classifica-
tion performance, LBP-based pairs demonstrated competitive
results, either matching or exceeded those of Spec CNN,
establishing LBP-based approaches as the more advantageous
method for the dataset and scale examined in this study.
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The study by Toffa and Mignotte [18] showed that LBP2
outperformed both LBP1 and LPQ, while LBP1 and LPQ
exhibited comparable performance levels. In contrast, our
results revealed that LBP1 and LBP2 performed similarly,
while LPQ showed markedly inferior performance across most
metrics. This discrepancy indicates that the performance of
texture-based features is dependent on the dataset, likely due
to differences in signal characteristics between environmental
sounds and bird vocalisations, particularly in their spectral and
temporal properties. The superior performance of LBP2 can be
attributed to its more complete time-frequency representation
of the signal, which enhances robustness. Notably, LBP1
achieved comparable results despite relying solely on 1D signal
variation. While LPQ is more robust to noise, the consistent
low recall across most call types suggests that focus on noise-
handling may actually hinder its ability to capture subtle
patterns in cleaner recordings. Future research will explore the
effect of feature collaboration with classical ML classifiers on
the performance of bird call classification.

IV. CONCLUSION

This study evaluated the transferrability of using texture-
based features with classical ML methods for distinguishing
between New Zealand bird species. The study compared the
computational and classification performance of texture-based
and baseline frameworks. The experimental results confirm
that texture-based framework is a viable, computationally-
efficient alternative to the baseline for bird call classifica-
tion. Specifically, LBP-based feature-classifier pairs, notably
LBP1 SVM, achieved comparable or better performance than
the baseline with significantly reduced computational complex-
ity. The ability to achieve comparable classification accuracy
with substantially lower computational overhead makes these
methods particularly suitable for monitoring applications in
remote conservation contexts.
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