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Abstract—Automated bird species classification based on audio
signals has become a useful tool in studying biodiversity and
ecology in general. Current techniques often use only one
channel log-Mel spectrogram, which is good for spectral energy
detection, but it fails to consider energy dynamics. The proposed
methodology present using a 3-channel spectrogram which will
combine a log-Mel energy spectrogram with its first order (Delta)
and second order (Delta-Delta) temporal derivatives into a single
3×300×300 tensor encoding spectral content, velocity, and accel-
eration of sound. It is followed by analyzing the EfficientNet-B3
architecture pretrained with the use of such augmentation meth-
ods like Mixup, SpecAugment, waveform transformations, label
smoothing, and AdamW with cosine-annealing warm restarts. On
the BirdCLEF test with 51 classes (total of 15,300 sound records),
the algorithm was able to reach 88.75% top-1 accuracy and 0.83
macro F1 score, doing better than the ResNet-18 baseline model
by 8.53 points. Experimental result suggesting that both the 3-
channel spectrogram and augmentations boost performance.

Keywords—Bird Sound Classification, EfficientNet-B3,
Mel Spectrogram, Delta Features, Deep Learning,
SpecAugment, Mixup, Transfer Learning, BirdCLEF

I. INTRODUCTION

For a long time, identifying bird species by their calls
was a skill limited to expert ornithologists who spent years
learning the subtle differences between incredibly similar
songs, and you cannot scale that kind of human expertise
to monitor dozens of field stations at the same time. This is
why automating bioacoustic classification has become such
a massive goal for both ecologists and the machine learning
community [18], [24].

The rise of massive crowd-sourced audio collections like
the ones provided by the BirdCLEF competitions [2], [27]–
[30], has finally Give us the data needed to train complex
neural networks. A common The approach in recent years is
to treat Mel spectrograms exactly like regular images and feed
them into Convolutional Neural Networks (CNNs) [19], [20].
Numerous research works have shown that CNNs can perform

just as well as, or even better than, older models built on
manually extracted features [3], [22].

Still, many modern techniques usually perceive the Mel
spectrogram as an image depicting the energy on different
frequency levels without taking into account the temporal
development of this energy [4]. When dealing with the sounds
emitted by birds, the temporal development becomes crucially
important [1], [24]. For example, the rapidly rising whistle,
trill, and clicks create some kind of the picture on the deriva-
tive of the spectrogram [1], which cannot be easily observed
on an energy image [3].

This paper makes three contributions to this idea:
1) A 3-Channel Spectrogram Design: We integrate the clas-

sic Mel energy map [4] alongside its Delta and Delta-
Delta temporal derivatives [1]. This compels the network
to simultaneously examine spectral data, velocity, and
acceleration [1].

2) Backbone Scaling with Efficiency: We implement an
EfficientNet-B3 architecture initialized with Noisy Stu-
dent weights [5], [10]. This substitutes the standard
ResNet-18 baseline by applying compound scaling to
achieve improved accuracy without increasing the pa-
rameter count [10], [11].

3) An Enhanced Multi-Tier Augmentation Process: We put
together a robust training strategy using raw waveform
variations, SpecAugment, and Mixup [6], [7]. This is
paired with AdamW optimization to prevent the model
from overfitting [8].

The rest of the paper is organized as follows:
In Section II, we examine related studies. Our proposed
approach is described in Section III, and Section IV presents
the experimental findings, while Section V concludes with
final thoughts and potential future work.

II. LITERATURE SURVEY

The initial methods to automation in avian identification
involved manually designed spectral features, such as MFCCs,



spectral centroid, and zero-crossing rate, together with simplis-
tic classifiers, including Support Vector Machines and Random
Forests [16]. While these models were easily understandable
and computationally affordable, they faced certain difficulties
when the number of classes exceeded a couple dozen birds
and when there was considerable background noise in audio
recordings [18]. The deployment of scalable binary classifiers
for each species, constructed using XGBoost, achieved macro
F1-scores ranging from 0.55 to 0.60 on challenging bench-
marks [17].

When people began using Mel spectrograms as input im-
ages for CNNs, there was a huge change in the dynamics
of things [19]. The models VGGNet and ResNet had been
trained beforehand on the ImageNet dataset; consequently,
one could tune them very quickly and reach accuracies of
about 70–80% [11], [12]. Using transfer learning to fine-
tune MobileNet made it possible to achieve accuracies of
92–95% on smaller species datasets [20]. Nevertheless, these
are difficult to achieve under realistic conditions since real
audio recordings can have several complications [18]. In the
Bird Audio Detection challenge, DenseNet-121, EfficientNet-
B3, ResNet-50, and VGG-16 were compared and ResNet-50
proved to be the top performing model [18].

One of the great things about EfficientNet is that, unlike
other networks which scale on one dimension such as depth
or width, it scales on all three simultaneously including input
resolution [10]. It is found to be much more effective than
doing any scaling in one dimension and an added advantage
of this technique is that these models become very economical
in memory use, thereby providing a feasible option for edge
devices [10]. However, attention-based networks such as AST
and HTS-AT are quite a contrast to these in that although
they have proved capable of capturing complex patterns in
audio in both time and frequency domain, they require high
computational power [14], [15], thus making it impractical to
put such a model into a small monitoring device.

In the process of bird sound research, the lack of data or the
mismatch between the artificial and natural sound environment
is unavoidable. Using data augmentation or increasing the
number of entries in the dataset proved to be a highly effective
method for not so high cost [22], [24]. SpecAugment masks
randomly selected time-frequency areas in the spectrogram to
train the network on generalization rather than memorizing
of the training examples [6]. Mixup helps to establish clear
decision boundaries by interpolating randomly the training
samples which is extremely helpful in case of many classes
that share some features [7]. In addition to the mentioned
techniques that apply directly to the spectrogram, waveform
augmentations such as noise addition, time warping, and pitch
shifting can simulate different conditions of the microphone or
the environment [22], [23]. Analyzing the results of the recent
BirdCLEF competition, it is obvious that using several types
of augmentation ensures better generalization in comparison
to a single type [21], [27]–[30].

III. PROPOSED METHODOLOGY

The steps involve preprocessing and preparing the dataset,
follow by extracting features from audio signal and training
and testing the model. The audio signal is represented as 3-
channel spectrogram to preserve both spectral and temporal
information of bird sounds. Then the EfficientNet-B3 model
exploits these representations for bird species prediction. Aug-
mentation techniques are applied during the model training to
improve model performance and generalization.

A. Dataset

Experiments were performed using the BirdCLEF Multi-
region dataset [27] - [30]. For the experiments, the dataset was
reduced to 51 bird species to ensure there was a large enough
number of audio samples to use for training, validation and
testing. There were 15,300 audio samples in total, split into
three different sets for training, validation and testing, in a
70/15/15 proportion. Table I describes how stratified random
sampling was used to split the dataset into three sets, to ensure
all classes were well represented in each set. The process can
also be visualised in Fig. 1.

TABLE I
BIRDCLEF DATASET SUMMARY

Property Details

Total Species 51
Total Recordings ≈15,300
Training Set ≈10,710 (70%)
Validation Set ≈2,295 (15%)
Test Set ≈2,295 (15%)
Segment Duration 5 seconds
Sampling Rate 32,000 Hz
Split Strategy Stratified Sampling

Raw
Audio

Pre-
process

3-ch
Spectrogram

Augment
(train only)

EfficientNet
-B3

Class.
Head

Fig. 1. End-to-end bird sound classification pipeline.

B. Audio Preprocessing

In order to keep a constant frequency resolution across
the entire set, all clips are downsampled to 32 kHz using a
polyphase filter. For signal processing, the librosa toolkit [23]
is used, handling operations such as downsampling, silence
removal, and spectrogram generation. The clip amplitude is
normalized to zero mean and unit peak normalization. Lead-
ing and trailing silence is removed using an energy cutoff
of −60 dBFS, and the result is either padded or randomly
cropped to produce a five-second segment. During inference, a
deterministic center crop is used to eliminate any randomness.



TABLE II
MEL SPECTROGRAM COMPUTATION PARAMETERS

Parameter Value

Mel Bins 128
FFT Window Size 1024
Hop Length 512
Frequency Range 50 Hz – 14,000 Hz
Window Function Hann
Raw Output Size 128×313
Resized Input 300×300

C. Three-Channel Spectrogram Representation

The central contribution of this work is representing audio
as a 3-channel tensor that captures spectral content at multiple
temporal scales, rather than treating it as a plain single-channel
image.

Channel 1 — Static Mel Energy. We apply a short-time
Fourier transform (STFT) to the preprocessed waveform and
map the power spectrum to the Mel scale [4] as given
in (1) [4]:

m = 2595 · log10

(
1+

f
700

)
. (1)

The result is converted to decibels via SdB(m, t) =
10log10(max(S(m, t),ε)) [4] and globally standardized to zero
mean and unit variance. Table II lists the STFT parameters
used throughout.

Channel 2 — First-Order Temporal Derivative (Delta). To
capture the velocity of spectral change across a small time
window of two frames [1], the Delta feature is computed as
in (2) [1]:

∆S(m, t) =

N

∑
n=1

n [S(m, t+n)−S(m, t−n)]

2
N

∑
n=1

n2

, N = 2. (2)

Channel 3 — Second-Order Temporal Derivative (Delta-
Delta). Applying the same estimator to the Delta channel
yields the acceleration of spectral change as in (3) [1]:

∆
2S(m, t) =

N

∑
n=1

n [∆S(m, t+n)−∆S(m, t−n)]

2
N

∑
n=1

n2

. (3)

Each of the three maps undergoes independent standard-
ization, then all three are resized to 300× 300 using bicubic
interpolation and stacked into a single 3× 300× 300 tensor.
This structure mirrors a standard RGB image, allowing direct
use of ImageNet pre-trained weights without any architectural
modification.

D. Data Augmentation

Augmentation is applied only during training. To maximize
coverage of real-world variation, three complementary meth-
ods are applied at different stages of the pipeline [3].

TABLE III
EFFICIENTNET-B3 ARCHITECTURE PROPERTIES

Property Value

Input Resolution 300×300
Total Parameters ≈12.2M
Depth Coefficient 1.4
Width Coefficient 1.2
Resolution Coefficient 1.3
Backbone Dropout Rate 0.3
Pretraining Noisy Student (ImageNet)
Input Channels 3

Waveform-Level Perturbations. Before computing any spec-
trogram we randomly: (i) add white Gaussian noise at an SNR
drawn from [20,40] dB; (ii) scale amplitude by a factor in
[0.7,1.3]; (iii) shift the recording in time by up to ±20% of
its duration; and (iv) shift pitch by a semitone offset drawn
uniformly from {−2,−1,0,1,2}.

SpecAugment [6]. On the dB-scale Mel spectrogram we zero
out a contiguous block of f ∼U [0,20] frequency bins and a
contiguous block of t∼U [0,40] time frames, forcing the model
to reason about partial evidence [6].

Mixup [7]. Within each mini-batch we blend a random pair
of samples as in (4) and (5) [7]:

x̃ = λxi +(1−λ )x j, (4)
ỹ = λyi +(1−λ )y j, λ ∼ Beta(0.4,0.4). (5)

Mixup is applied to the 3-channel tensor after all prior trans-
formations, ensuring the blended sample remains consistent
with the expected input format.

E. Model Architecture

EfficientNet-B3 Backbone. EfficientNet [10] scales depth,
width, and resolution simultaneously according to (6) [10]:

d = α
φ , w = β

φ , r = γ
φ , α ·β 2 · γ2 ≈ 2, (6)

where φ = 3 for the B3 variant. Squeeze-and-Excitation
(SE) modules within each MBConv layer reweight channel
importance based on global context, which is particularly
beneficial for audio since certain frequency bands carry more
discriminative information at specific time steps. Backbone
weights are initialised via Noisy-Student pre-training [5], a
semi-supervised technique in which a student model is itera-
tively trained on labeled ImageNet images and pseudo-labeled
unlabeled images under input noise. The key architectural
properties are listed in Table III.

Classification Head. The 1536-dimensional feature vector
produced after global average pooling is passed through a
lightweight classification head designed to adapt backbone fea-
tures to bird sound characteristics while preventing overfitting,
as shown in Fig. 2:

1) Batch Normalization
2) Dropout (p=0.4)
3) Fully-connected 1536→256 + ReLU
4) Dropout (p=0.3)



Input
3×300×300

EfficientNet-B3
backbone

Global Avg Pool
1536-d

BatchNorm + Drop(0.4)

FC 1536→256 + ReLU

Drop(0.3)

FC 256→51 (logits)

Fig. 2. Model architecture. A pre-trained EfficientNet-B3 backbone is paired
with a lightweight classifier and staged dropout.

TABLE IV
TRAINING CONFIGURATION

Component Configuration

Optimizer AdamW [8]
Learning Rate 3×10−4

Weight Decay 1×10−4

Batch Size 32
Max Epochs 50
Loss Function Cross-Entropy + Label Smoothing (ε=0.1)
LR Scheduler Cosine Annealing w/ Warm Restarts [9]
Early Stopping Patience 10 epochs
Model Selection Best Validation Accuracy

5) Fully-connected 256→51 (class logits)

By using stronger regularization early and relaxing it in later
layers, staged dropout minimizes information loss.

F. Training Strategy

The training hyper-parameters are listed in Table IV.
AdamW. Unlike standard Adam, AdamW decouples the

weight-decay penalty from the adaptive gradient update [8]
as given in (7) [8]:

θt+1 = θt −η
m̂t√
v̂t + ε

−ηλθt . (7)

This results in more steady convergence by removing the
inadvertent regularization bias brought on by adding the L2
penalty to the gradient normalization.

Label Smoothing. Softmax activations that are too confident
are caused by hard labels. Extreme predictions are discour-

aged by allocating a tiny fraction ε of the probability mass
uniformly across all K classes [13], as in (8) [13]:

ỹk =

1− ε +
ε

K
k = y,

ε

K
k ̸= y.

(8)

Cosine Annealing with Warm Restarts. The learning rate
follows [9] as in (9) [9]:

ηt = ηmin +
1
2
(ηmax −ηmin)

(
1+ cos

(
Tcur

Ti
π

))
. (9)

The optimizer can explore better areas of the loss landscape
and break free from shallow local minima by periodically
resetting from a high learning rate.

G. Comparison of Previous Methods

As indicated in Table V, this section examines earlier
attempts at automatic bird sound classification, ranging from
handcrafted feature methods to contemporary CNN-based sys-
tems, and places the suggested method among them. Since
validation accuracy represents generalization performance on
unseen data under a consistent train-test split, it serves as the
main comparison parameter.

Conventional approaches such as MFCC combined with
SVM yield limited performance due to their reliance on
handcrafted features that do not scale well to large numbers
of species [16]. Standard CNN approaches significantly out-
perform these by learning features directly from spectrogram
images, but remain constrained by single-channel inputs [19].
The proposed approach outperforms all prior methods while
classifying 51 species under realistic, noisy conditions.

IV. RESULTS AND DISCUSSION

A. Overall Performance Comparison

Table VI presents our proposed model with the ResNet-
18 baseline trained under same dataset splits and evaluation
conditions.

Our model outperforms the baseline ResNet-18 model by
8.53 percentage points in validation accuracy. As seen in
Fig. 3, what is even more remarkable is how closely our
training and validation lines remain together throughout the
run. This is a clear sign of true generalization as opposed to
rote memory.

B. Learning Curve Analysis

The training and validation accuracy progression for both
models is displayed epoch-wise in Table VII.

When you look at the learning curves our EfficientNet B3
model actually start off climbing bit slower than the ResNet
baseline and this makes complete sense because our intense
data augmentation pipeline [6], [7] on purpose makes the
training samples much harder to memorize and making the
model work harder early will definitely give good results.



TABLE V
COMPARISON OF PREVIOUS METHODS

Ref. Methodology Dataset Used Performance Metrics
[16] MFCC + SVM classifier MLSP 2013 bird classification chal-

lenge
Accuracy 65.4%

[3] VGG-16 CNN with Mel spectrogram BirdCLEF field recordings (iterative la-
beling)

Accuracy 76.83%

[18] DenseNet-121, ResNet-50,
EfficientNet-B3, VGG-16

Bird Audio Detection challenge AUC 0.88–0.95

[20] Transfer learning with fine-tuned Mo-
bileNet

Small-scale curated species recordings Accuracy 92–95%

[19] Standard CNN with Mel spectrogram BirdCLEF soundscape recordings Accuracy 70–80%

[17] Scalable XGBoost per-species binary
classifiers

BirdCLEF+ 2025 competition dataset F1-score 0.55–0.60

[21] Transfer learning + semi-supervised
distillation

BirdCLEF+ 2025 domain-shifted
recordings

Macro F1 improved over base-
line

[5] Self-training with Noisy Student (Effi-
cientNet)

ImageNet + pseudo-labeled images Top-1 Accuracy 88.4%

[6] SpecAugment data augmentation with
CNN

LibriSpeech benchmarks WER reduction 6.8%

[7] Mixup training strategy with deep CNN CIFAR-10, CIFAR-100, ImageNet Error rate reduction 1–2%

Proposed EfficientNet-B3 with 3-channel
Mel+∆+∆2

BirdCLEF 51-species (15,300 clips) Accuracy 88.75%, Macro F1
0.83

TABLE VI
COMPARISON OF MODEL PERFORMANCE

Model Input Val Acc. Train Acc. Epochs

ResNet-18 [11] 1-ch Mel 80.22% 94.03% 30
EfficientNet-B3 (Ours) 3-ch 88.75% ∼90% 50

TABLE VII
TRAINING AND VALIDATION ACCURACY PROGRESSION

Epoch RN18 Train RN18 Val EffNet Train EffNet Val

10 78.34% 70.12% 52.43% 65.78%
20 87.56% 75.43% 61.87% 72.34%
30 94.03% 80.22% 66.54% 78.91%
40 – – 82.92% 81.43%
50 – – 90.21% 88.75%

C. Ablation: 3-Channel Input

Table VIII isolates the contribution of the 3-channel input.
Adding the Delta and Delta-Delta channels [1] brought a

consistent performance a small raise of +1.82 proving that
temporal derivative features offer clear and unique insights
to audio dynamics that static Mel energy map simply cannot
show that on its own.

D. Ablation: Augmentation Strategies

Table IX reports the effect of each augmentation stage.
Each individual techniques bring its unique advantages to

the table by combining them and we get an impressive and
considerable value like +10.41%. it appears that Mixing up
of Technique [7] bring the largest values growth than other
strategies used and This is natural to assume becuase with 51

Epoch

Accuracy (%)

0 10 20 30 40 50
50

60

70

80

90

100
ResNet-18 Val

EfficientNet B3 Val

Fig. 3. Validation of accuracy in ResNet-18 (dashed) and EfficientNet B3
(solid) in training epochs. EfficientNet B3 converging more slowly but reaches
higher and stable accuracy .

TABLE VIII
ABLATION: IMPACT OF THE 3-CHANNEL INPUT

Model Input Val Accuracy

EfficientNet-B3 1-ch Mel only 86.93%
EfficientNet-B3 (Ours) 3-ch (Mel+∆+∆2) 88.75%

apparently similar classes and it is important to seperate them
correctly.

Table X reports precision, recall, and F1-score for a repre-
sentative selection of species.

We got F1 score of 84.53% for all the 51 species which
means the scores are not at all biased for those species and
the validation accuracy is [20], [26]

Validation Accuracy =
T P+T N

T P+T N +FP+FN
×100, (10)



TABLE IX
ABLATION: IMPACT OF AUGMENTATION STRATEGIES

Augmentation Configuration Val Accuracy

No Augmentation 78.34%
Waveform Augmentation Only 80.12%
SpecAugment Only [6] 80.87%
Full Pipeline (Waveform + SpecAugment + Mixup) 88.75%

Fig. 4. model prediction confidence scores of bird sound classification.

the Precision is defined as [20], [25]

Precision =
T P

T P+FP
×100, (11)

the Recall is defined as [20], [25]

Recall =
T P

T P+FN
×100, (12)

and the F1 Score is the harmonic mean of Precision and Recall,
defined as [20], [26]

F1 Score =
2×Precision×Recall

Precision+Recall
. (13)

and the species with specific acoustic characteristics like
Species E got F1 score of 93.22% is recognize as greatest
accuracy and the species which are highly varied and very
similar acoustic signals still causing so much problems and
because of this all other existing algorithms are facing same
issue due to intra class variability [18], [24] and also insuffi-
cient training data.

E. Comparison with Prior Work

Table XI benchmarks the proposed method against prior
approaches.

When tested on equivalent data splits our approach system-
atically doing better than previus reference models. this con-
firms that the combination of the 3-channel dynamic features
and our multi-stage augmentation pipeline is allow the model
to work best [19], [21].

V. CONCLUSION AND FUTURE SCOPE

This is the research we have done using a 3-channel
spectrogram representation for the bird sound classification
and we integrated log-Mel energy with its first order and
second order derivatives in the domain of time. This approch
helps the model to understand spectral features and temporal
features better than other one channel representations. Using

TABLE X
PER-CLASS METRICS — EFFICIENTNET-B3 (SELECTED SPECIES)

Species Precision Recall F1

Species A 91.34% 89.72% 90.52%
Species B 88.21% 85.43% 86.80%
Species C 76.54% 79.12% 77.81%
Species D 72.43% 68.91% 70.62%
Species E 94.12% 92.34% 93.22%

Macro Avg (51 spp.) 85.43% 83.67% 84.53%

TABLE XI
COMPARISON WITH PRIOR METHODS ON BIRDCLEF

Method Architecture Input Val Acc.

MFCC + SVM [16] SVM MFCC 65.40%
CNN + Mel [3] VGG-16 [12] 1-ch Mel 76.83%
ResNet-18 Baseline [11] ResNet-18 1-ch Mel 80.22%
Proposed EfficientNet-B3 3-ch 88.75%

an EfficientNet B3 model architecture with variety of training
techniques such as waveform augmentation, SpecAugment and
AdamW optimizer and the designed system reached 88.75%
accuracy score and F1 score is of 0.83 on BirdCLEF evalua-
tion. we have even expanding this system to be able to perform
multi-label classification so that we will make the system
useful in real world scenarios also where different animals
make sounds at the same time. Also in another area to explore
is mainly models that can understand long term temporal
relationships so that can improve the model’s accuracy and
by applying few shot learning can be helpful.
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