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Abstract

Bird biodiversity plays a vital role in maintaining ecologi-
cal balance but is highly vulnerable to urbanization and envi-
ronmental degradation. Manual identification of bird species
requires considerable time and expertise, making automated
classification systems essential. This study develops an effi-
cient bird species classification framework using lightweight
deep learning models. Six pretrained architectures were
evaluated: MobileViT-V1, MobileViT-V2, EfficientNetV2-
B3, ResNet-18, MobileNetV3, and ShuffleNetV2. The
dataset, obtained from TensorFlowDataset, consists of 200
bird species with a total of 11,788 images. Results indicate
that EfficientNetV2-B3 achieved the highest accuracy (63%)
and F1-score (0.63). MobileNetV3 provided a balanced trade-
off with 56% accuracy and 0.835 ms latency which makes it
suitable for resource-constrained device.

Keywords:  bird species classification; deep learning;
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1. Introduction
Bird biodiversity is an important indicator of ecosystem bal-
ance and environmental health [1]. Birds play crucial ecolog-
ical roles such as pollination, seed dispersal, and serving as
bioindicators of environmental change [2]. Indonesia, as one
of the world’s megabiodiversity countries, possesses a very
high richness of bird species [3]. The increasing number of
species recorded each year emphasizes the importance of ac-
curate identification and classification to support conservation,
scientific research, and biodiversity education [1, 4].
However, manual identification of bird species remains
challenging. It requires expert knowledge, significant time,
and often faces difficulties in distinguishing morphologically
similar species [5]. These limitations hinder large-scale mon-
itoring and conservation efforts. Therefore, automated classi-
fication systems are needed to provide accurate, efficient, and
consistent identification of bird species [6]. The advancement
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of computer vision and machine learning technologies offers
promising solutions to overcome these challenges [7].

Deep learning, particularly Convolutional Neural Net-
works (CNN) and Vision Transformer (ViT) architectures, has
demonstrated strong performance in image classification tasks
[8, 9]. Transfer learning with pretrained lightweight mod-
els allows efficient adaptation to specific datasets, even when
data is limited. In the context of resource-constrained devices,
lightweight models are highly relevant due to their smaller pa-
rameter sizes, compact architectures, and low inference la-
tency. This research aims to compare six lightweight pre-
trained models: MobileViT-V1 and MobileViT-V2, which in-
tegrate CNN efficiency with transformer-based feature learn-
ing; EfficientNetV2-B3 providing strong accuracy through op-
timized scaling; ResNet-18 serving as a widely adopted base-
line with residual learning; MobileNetV3 which is specifi-
cally designed for mobile deployment with efficient latency-
performance trade-offs; and ShuffleNetV2 emphasizing fast
inference through channel shuffling and low computational
cost. These models were selected to represent diverse
lightweight design strategies for bird species classification and
to provide recommendations for the most optimal model in
terms of accuracy and computational efficiency [10, 11].

The contribution of this research lies in providing a sys-
tematic benchmark of lightweight pretrained models for bird
species classification. Specifically, this study evaluates six ar-
chitectures on a bird dataset (CUB-200-2011), analyzes the
trade-off between accuracy and latency to highlight practi-
cal deployment considerations, and offers recommendations
for selecting the most suitable model depending on applica-
tion requirements. These contributions extend the applica-
tion of transfer learning into biodiversity monitoring and con-
servation, supporting the development of efficient automated
bird identification systems. The models chosen in this study
MobileViT-V1, MobileViT-V2, EfficientNetV2-B3, ResNet-
18, MobileNetV3, and ShuffleNetV2 were selected because
they represent lightweight architectures widely used in com-
puter vision research. They balance accuracy and compu-
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tational efficiency, making them suitable for deployment on
resource-constrained devices. Comparing these models pro-
vides insights into trade-offs between accuracy and latency,
which is crucial for real-time applications.

2. Related Works

Previous studies have shown that deep learning, particularly
convolutional neural networks (CNNs), is effective for im-
age recognition tasks, including bird species classification
[12, 10]. Architectures such as ResNet leverage residual con-
nections to improve training stability and accuracy [13], while
EfficientNetV?2 applies compound scaling to achieve high ac-
curacy with reduced computational cost [14]. Lightweight
models such as MobileNetV3 and ShuffleNetV2 are widely
used in mobile and embedded environments due to their low
latency and compact architecture [15, 16]. In addition, hybrid
models such as MobileViT integrate convolutional layers with
transformer blocks to capture both local and global features,
although this integration may increase inference latency com-
pared to pure CNN-based models [17, 18].

Several studies have specifically applied deep learning to
bird species classification. The study by Pillai et al. [19]
presented bird classification research using transfer learning
models. This study utilized 37,500 images divided into three
sets: 24,000 training images, 7,500 test images, and 6,000 val-
idation images, achieving a final accuracy of 97.12%. Huang
et al. [10] developed a deep learning platform to assist users
in recognizing 27 bird species endemic to Taiwan through a
mobile application called Internet of Birds (IoB). Bird images
were learned by a convolutional neural network (CNN) with
skip connections, which achieved a higher accuracy of 99.00%
compared to 93.98% from a standard CNN and 89.00% from
SVM on the training images. For the test dataset, the average
sensitivity, specificity, and accuracy were 93.79%, 96.11%,
and 95.37%, respectively. Furthermore, a recent study by
Zhang et al. [16] proposed improvements to the ShuffleNetV?2
architecture for bird identification, which successfully en-
hanced computational efficiency while maintaining competi-
tive accuracy . These findings indicate that although high ac-
curacy can be achieved, considerations of computational effi-
ciency and inference latency remain crucial to support deploy-
ment on resource-constrained devices.

Although existing studies report high classification accu-
racy, most of them primarily focus on predictive performance
without explicitly considering computational efficiency and
inference latency. In contrast, this study conducts a com-
parative evaluation of six lightweight pretrained models for
bird species classification, emphasizing the trade-off between
accuracy and latency to support deployment on resource-
constrained devices.

3. Methods

This study employed a comparative experimental approach
using lightweight deep learning models to classify bird species
automatically. The models selected for comparison were
MobileViT-V1, MobileViT-V2, EfficientNetV2-B3, ResNet-
18, MobileNetV3, and ShuffleNetV2. These architectures
were chosen because they represent lightweight designs with
relatively small parameter counts (1-15 million), low latency,
and availability in popular deep learning libraries such as
TensorFlow and PyTorch. Transfer learning was applied to
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adapt pretrained weights to the bird dataset, enabling efficient
training despite limited data.

3.1. MobileViT-V1

MobileViT-V1 is a hybrid architecture that integrates Convo-
lutional Neural Networks (CNN) and Vision Transformers to
efficiently learn both local and global features [17]. Local fea-
tures are first extracted using convolution operations as shown
in Equation 1

Fonv=W=xX+0b (1)

The resulting feature maps are then partitioned into small
patches and processed using a self-attention mechanism to
capture global dependencies as shown in Equation 2

Attention(Q. K.V = Softmaz(PEL) @)
ention(Q, K,V) = Softmazr(———
Vdy

The transformer output is reshaped back into a spatial fea-

ture map and fused with convolutional features, preserving the

spatial inductive bias of CNN while reducing the computa-

tional cost compared to standard Vision Transformer models.

3.2. MobileViT-V2
MobileViT-V2 is an improved version of MobileViT-V1 that
introduces optimizations in the transformer blocks and feature
fusion mechanisms. While the core principle of combining
convolutional local feature extraction and transformer-based
global modeling remains unchanged, the refined architecture
reduces parameter redundancy and inference latency. As a
result, MobileViT-V2 achieves a better accuracy—efficiency
trade-off and is more suitable for deployment on resource-
constrained devices [20].

In this study, pretrained MobileViT-V2 was employed using
a transfer learning strategy, where the backbone layers were
frozen and only the final classification head was fine-tuned for
bird species classification.

3.3. EfficientNetV2-B3

EfficientNetV2-B3 is a variant of the EfficientNetV2 family
designed to achieve an optimal balance between classification
accuracy and computational efficiency for image recognition
tasks [19]. The model adopts the compound scaling strategy,
in which network depth, width, and input resolution are jointly
scaled to improve performance without incurring a significant
increase in computational cost [14]. The EfficientNetV2-B3
architecture is composed of a combination of Fused-MBConv
and MBConv blocks, which are derived from depthwise
separable convolutions and enable parameter reduction while
preserving rich feature representations.

Compared to smaller EfficientNet variants, EfficientNetV2-
B3 employs increased network depth and higher input resolu-
tion, allowing the model to capture more complex visual pat-
terns from large-scale datasets [18]. In addition, the use of
the Swish activation function contributes to improved train-
ing stability and enhanced model accuracy. In this study,
EfficientNetV2-B3 is employed as a pretrained backbone us-
ing a transfer learning approach, where the backbone layers
are frozen and only the final classification head is fine-tuned
for the bird species classification task.
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Table 1: Comparative Performance across Lightweight Models

Models Accuracy Precision Recall Fl-score Latency
MobileViTV1 0.42 0.46 0.43 0.42 2.514 ms
MobileViTV2 0.57 0.59 0.57 0.56 1.833 ms

EfficientNetV2-B3 0.63 0.66 0.64 0.63 1.753 ms
ResNet-18 0.53 0.57 0.54 0.53 0.898 ms
MobileNetV3 0.56 0.60 0.56 0.55 0.835 ms
ShuffleNetV2 0.34 0.39 0.35 0.32 0.220 ms

3.4. ResNet-18

ResNet-18 is a convolutional neural network belonging to the
Residual Network (ResNet) family, originally proposed by He
et al. to address the vanishing gradient problem in deep neural
networks [13]. The key component of ResNet-18 is the use
of residual connections, which enable the network to learn
residual mappings and facilitate efficient gradient propagation
during training [21]. A residual block can be expressed in
Equation 3

y=F(z)+x 3

where F(x) represents the nonlinear transformation of the
input feature x. This design allows information to bypass
several convolutional layers, improving training stability and
convergence. Due to its relatively shallow depth and moderate
computational complexity, ResNet-18 is commonly used as
a baseline architecture in image classification tasks. In this
study, ResNet-18 is employed as a pretrained model, with the
backbone layers frozen and only the final classification layer
fine-tuned for bird species classification.

3.5. MobileNetV3

MobileNetV3 is a lightweight convolutional neural network
designed for deployment on resource-constrained devices such
as mobile phones and Internet-of-Things (IoT) platforms. The
architecture aims to achieve a balance between computational
efficiency and classification accuracy by incorporating opti-
mized building blocks derived from both manual design and
Neural Architecture Search (NAS) [22].

MobileNetV3 employs depthwise separable convolutions
and bottleneck blocks to significantly reduce the number of
parameters and floating-point operations. In addition, the
architecture integrates Squeeze-and-Excitation (SE) modules
to enhance channel-wise feature representations with minimal
computational overhead. A key innovation of MobileNetV3
is the use of the hard-swish activation function, which
improves inference efficiency while maintaining competitive
performance compared to ReLU-based activations [15].

Due to its compact architecture and low inference latency,
MobileNetV3 has been widely adopted in image classification,
object detection, and segmentation tasks. In this study,
MobileNetV3 is utilized as a pretrained backbone, where
the feature extraction layers are frozen and only the final
classification head is fine-tuned for bird species classification.

3.6. ShuffleNetV2

ShuffleNetV2 is a lightweight convolutional neural network
designed to achieve high computational efficiency, particu-
larly on resource-constrained platforms such as mobile and
Internet-of-Things (IoT) devices. The architecture was intro-
duced to address the practical runtime limitations of earlier
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lightweight models by explicitly optimizing memory access
cost and computational balance [16]. The core design of Shuf-
fleNetV2 follows a channel split-and-shuffle strategy, which
enables efficient information exchange across feature channels
while minimizing computational overhead. This operation im-
proves feature utilization without increasing model complex-
ity.

In this study, ShuffleNetV2 is employed as a lightweight
pretrained baseline model. The backbone layers are frozen,
and only the final classification layer is fine-tuned for bird
species classification, allowing an effective evaluation of
the trade-off between classification accuracy and inference
latency.

4. Experimental Settings

This study adopts a comparative experimental approach to
evaluate the performance of several lightweight deep learn-
ing architectures for automatic bird species classification. All
models were trained using a transfer learning strategy with
pretrained weights from ImageNet. The models were trained
for 50 epochs using the AdamW optimizer and the CrossEn-
tropy loss function. The learning rate was set to 0.001, with
a batch size of 32 and a weight decay of 1 x 10~%. Model
performance was evaluated using accuracy, precision, recall,
F1-score, and latency metrics. Latency was measured to as-
sess suitability for real-time applications in GPU device.

In this study, each pre-trained architecture was executed
using a transfer learning strategy. Pre-trained weights from
ImageNet were employed, and the majority of the backbone
layers were frozen to preserve general feature representations
and accelerate training. Only the final classifier head was fine-
tuned to adapt to the bird dataset (200 species) [23]. This
approach reduces computational cost, prevents overfitting on
arelatively limited dataset, and ensures faster inference.

5. Results and Discussios

The comparative performance results are summarized in Ta-
ble 1. EfficientNetV2-B3 achieved the best overall perfor-
mance, obtaining the highest accuracy, precision, recall, and
F1-score among all evaluated models, while ShuffleNetV?2 ex-
hibited the fastest inference time. EfficientNetV2-B3 deliv-
ered approximately 30% higher accuracy than ShuffleNetV2
at the cost of an additional 1.5 ms in inference time. However,
despite its computational efficiency, ShuffleNetV2 achieved
only around 34% accuracy and 32% Fl-score, indicating
a substantial trade-off between speed and predictive perfor-
mance. although EfficientNetV2-B3 achieved the highest ac-
curacy of 63%, the result reflects the difficulty of distinguish-
ing a large number of visually similar categories rather than
poor model capability. In contrast, ShuffleNetV2 obtained
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only 34% accuracy because its highly compact architecture
prioritizes computational efficiency and low latency, which
may limit its feature extraction capacity for complex fine-
grained classification involving 200 bird species.

The baseline ResNet-18, which leverages residual con-
nections, remains competitive compared to other architec-
tures. Although its accuracy is approximately 10% lower
than that of EfficientNetV2-B3, ResNet-18 outperformed both
MobileViT-V1 and ShuffleNetV2. In terms of computational
efficiency, ResNet-18 achieved an inference time below 1 ms,
making it faster than EfficientNetV2-B3 and all MobileViT
variants.

In contrast, MobileViT-V1 and MobileViT-V2 achieved
only moderate accuracy while suffering from higher infer-
ence latency due to their hybrid CNN-Transformer architec-
tures. MobileViT-V1, which was expected to outperform the
ResNet-18 baseline, failed to do so and exhibited the slowest
inference time, requiring approximately 2.5 ms per prediction.
MobileViT-V2 partially alleviated this limitation by improv-
ing accuracy to approximately 57%, making it the second-best
performing model and about 1% higher than MobileNetV3.

Figure | illustrates the trade-off between model perfor-
mance and computational efficiency by plotting F1 Score
against latency for each of the six evaluated architectures.
EfficientNetV2-B3 is positioned at the top-right quadrant, in-
dicating the highest F1 Score (0.63) but with relatively high
latency (1.8 ms), making it ideal for accuracy-focused appli-
cations but less suitable for real-time deployment.
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Figure 1: Fl-score vs Latency for all comparison models

MobileNetV3 stands out in the middle-left region, offering
a strong F1 Score (0.55) with low latency (0.84 ms), which
confirms its balanced nature and suitability for resource-
constrained environments. ResNet-18, while slightly lower
in F1 Score (0.53), maintains competitive latency (0.898
ms), showing that residual connections remain effective in
lightweight scenarios.

ShuffleNetV2 appears at the bottom-left corner, achieving
the lowest latency (0.2 ms) but also the lowest F1 Score (0.34),
indicating its strength in speed but weakness in predictive
accuracy. MobileViT-V1 and MobileViT-V2 are located
toward the right side of the plot, reflecting higher latency
due to their hybrid CNN-Transformer architecture, with
MobileViT-V2 showing improved F1 Score (0.56) compared
to V1 (0.43). Overall, the scatter plot in Figure | highlights
the importance of selecting models based on application
requirements. EfficientNetV2-B3 is optimal for high-accuracy
tasks, MobileNetV3 offers the best balance, and ShuffleNetV2
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is preferable when ultra-low latency.

The results emphasize the importance of selecting models
based on application requirements. EfficientNetV2-B3 is
optimal when accuracy is prioritized, MobileNetV3 offers the
best balance for practical deployment, and ShuffleNetV2 may
be considered in scenarios where ultra-low latency is critical
but accuracy requirements are minimal.

6. Conclusion

This study compared six lightweight pretrained models for
bird species classification.  The findings revealed that
EfficientNetV2-B3 achieved the highest accuracy and F1-
score, ShuffleNetV2 provided the lowest latency but poor ac-
curacy, and MobileNetV3 demonstrated strong competitive
performance while offering the most balanced trade-off be-
tween accuracy and computational efficiency.

In conclusion, MobileNetV3 is recommended as the opti-
mal model for deployment on resource-constrained devices
due to its ability to maintain reliable classification perfor-
mance with efficient computational cost, highlighting its suc-
cess as a practical solution for real-world bird species identi-
fication. Meanwhile, EfficientNetV2-B3 is suitable for appli-
cations requiring higher accuracy. These results contribute to
the development of efficient automated bird identification sys-
tems and have practical implications for biodiversity monitor-
ing and bird conservation in Indonesia, where efficient field-
deployable systems can support species observation, habi-
tat assessment, and conservation decision-making in remote
areas. Furthermore, the findings emphasize the importance
of balancing predictive performance with computational lim-
itations. Future research should investigate hybrid CNN-
transformer architectures, model compression techniques such
as pruning and quantization, real-time mobile deployment in
field environments, and the use of larger or more diverse In-
donesian bird datasets. In addition, future studies should pro-
vide a more comprehensive efficiency analysis by evaluating
FLOPs, the number of parameters, and memory usage to bet-
ter assess model suitability for practical deployment.
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