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 Bird pests significantly threaten rice production in Indonesia, 
particularly during the generative stage, yet most existing studies focus 
on general bird detection without distinguishing pest species. This study 
developed a species-aware classification model to identify five classes 
(four granivorous pest species and one non-pest class) in rice-field 
environments. A lightweight convolutional neural network based on 
EfficientNet-B0 with transfer learning was trained on 2,999 granivorous 
and 635 non-pest images, which were filtered through duplicate 
removal, quality screening, and class balancing to produce a curated 
dataset of 2,112 images. The dataset was split into 70% training and 30% 
validation sets, and five-fold cross-validation was conducted within the 
training subset during model development to assess robustness. The 
model achieved a validation accuracy of 83.38%, with an average cross-
validation accuracy of 84.7% ± 1.52% and a macro-average AUC of 
0.9724, indicating strong class discrimination. Most misclassifications 
occurred among morphologically similar Lonchura species rather than 
random class confusion. An additional 18 in situ field images were used 
for preliminary external evaluation under natural field conditions, where 
prediction confidence decreased due to environmental complexity. 
Overall, the results demonstrate that a lightweight EfficientNet-B0 
backbone can effectively distinguish visually similar granivorous pest 
species from non-pest birds while maintaining computational efficiency 
suitable for precision agriculture. 
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1. INTRODUCTION 
The agricultural sector plays a central role in Indonesia’s national food security system, with rice serving as 

a strategic commodity for household livelihood stability [1]. However, rice production is frequently disrupted by 
plant pest organisms (PPOs), including vertebrate pests such as birds [2], [3]. Granivorous species from the genus 
Lonchura, including Lonchura leucogastroides, L. punctulata, and L. maja [4], [5], as well as Passer montanus 
[6] are known to cause substantial yield losses during the generative stage of rice crops[7], with reported 
productivity reductions of up to 20–30% in open paddy-field ecosystems [8], [9], [10]. Beyond economic impacts, 
species-aware pest detection aligns with precision agriculture principles by enabling targeted intervention while 
minimising environmental disturbance and unnecessary input use [11], [12], supporting more sustainable and 
operationally efficient rice-field management compared to general bird detection approaches. 

The primary challenge in current bird pest management lies in the limitations of existing detection methods. 
Both conventional and modern deterrent systems, such as solar-powered sound-based deterrents [13], motion-
based bird deterrent systems [14], and object detection approaches using YOLO algorithms still face significant 
constraints. [8] employed the YOLO technique to detect birds in rice fields in order to activate an IoT-based 
automatic deterrent system. However, the model did not perform specific taxonomic classification; instead, it 
identified objects merely as birds in a general sense. Similarly, [10] utilised YOLO11m for real-time bird 
detection in paddy fields to trigger an automatic alarm as a deterrent mechanism. Nevertheless, this approach did 
not account for bird species differentiation nor classify birds by ecological role. Furthermore, the diversity of 
sample characteristics and the presence of complex backgrounds can substantially reduce detection accuracy[15], 
[16]. 

This generalised detection approach has a fundamental limitation: it overlooks an important ecological fact 
that not all bird species in rice fields are pests. Some species act as natural predators of insect pests or contribute 
to ecosystem balance. Therefore, detection systems capable of distinguishing target species (pests) from non-
target species are urgently required to support effective and environmentally sustainable precision agriculture  
[17], [18], [19]. 

Recent advances in artificial intelligence, particularly deep learning, offer promising computational solutions 
to this visual identification challenge. Convolutional Neural Networks (CNNs) have emerged as state-of-the-art 
methods in image pattern recognition due to their ability to automatically extract hierarchical visual features[20]. 
Previous work by the authors also explored the application of convolutional neural networks for agricultural 
image analysis, where a CNN-based model was used to detect melon leaf diseases with reliable classification 
performance under controlled imaging conditions[21] 

Several studies have demonstrated the application of CNN-based approaches for bird detection and 
agricultural pest management. [22] developed a VGGNet-based CNN model for classifying 60 bird species using 
images collected via the Bing Image API, achieving 93.19% training accuracy and 84.91% testing accuracy. 
However, the model performed poorly on low-resolution images, complex backgrounds, and unseen wild 
species. [23] implemented a YOLOv3-RCNN-based automatic bird deterrent system for rice fields, reporting a 
15% increase in crop yield, although quantitative detection accuracy was not explicitly reported, and the system 
remained prone to false positives. 

Other studies explored broader datasets and alternative architectures.[24] trained a CNN-based deterrent 
system on images of 275 bird species, but did not provide detailed classification performance metrics. [25] 
introduced a Mask R-CNN-based bird deterrent system integrated with an automated laser mechanism, achieving 
a classification accuracy of 89.7%. While effective for wildlife deterrence, related CNN applications in precision 
agriculture have largely focused on crop classification rather than fauna detection [4], [26]. [26] applied CNNs to 
detect rice stem borers with an accuracy of 97.35% but their approach was limited to uniform backgrounds and 
large object sizes. 

More specialised studies include [19], who developed a CNN-based system for monitoring Passer 
montanus migration in rice fields, achieving 98% detection accuracy but focusing on a single species. [27] applied 
CNNs to classify pest sounds in rice fields with 93.2% accuracy, though the method is vulnerable to environmental 
noise. [28] demonstrated CNN effectiveness in poultry disease diagnosis (90.5% accuracy), but performance 
depended heavily on lighting conditions and camera angles. [17] proposed a CNN-based rice field protection 
system capable of distinguishing pest and non-pest birds; however, its performance declined under complex 
backgrounds, variable lighting, long distances, and partial occlusion. Lightweight architectures have also been 
explored,[29] employed MobileNet for identifying protected bird species (88.6% accuracy), while [30] introduced 
the RICEGUARD system, combining CNN-based visual detection with sound deterrents and SMS alerts, but 
not yet been validated on visually similar bird species. As shown in Table 1, most prior studies emphasise general 
bird detection or classification without explicitly distinguishing granivorous pest species from non-pest species in 
rice-field environments, underscoring the need for a species-aware, computationally efficient classification 
framework. 
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Table 1. Summary of Related Studies on Bird Detection and Classification in Agriculture 

No Author  
Method / 
Model 

Dataset Context 
Reported 
Performance 

Main Limitation 

1 Raj et al. (2020)  
[22] 

CNN 
(VGGNet) 

Agricultural field 
images 

84.91% 
accuracy 

Focused on general bird 
detection; no species-
level distinction 

2 
Roihan et al. 
(2020)[23] 

YOLOv3 + 
RCNN 

Bird deterrent 
system 

Not explicitly 
stated 

Detection-oriented; not 
optimised for species 
classification 

3 
Chen et al. 
(2024)[25] Mask R-CNN 

Agricultural 
environments 89.7% accuracy 

Emphasised object 
detection rather than 
species-level classification 

4 
Saufi & 
Suharjito 
(2024)[26] 

CNN-based 
classification Wildlife dataset 

97.35% 
accuracy 

Not specific to rice-field 
pest species 

5 Nwonye et al. 
(2024)[19] 

 CNN-based 
system 

Environmental 
monitoring 

98% accuracy Focused on general bird 
categories 

6 
Mohamad 
Sa’ad et al. 
(2025)[17] 

CNN-based 
recognition 

Smart agriculture 
system 

Not explicitly 
stated 

Did not distinguish pest 
vs non-pest species 

7 Auxtero et al. 
(2025)[30] 

CNN image 
classification 

Natural habitat 
dataset 

Not explicitly 
stated 

Limited discussion on 
real-field agricultural 
deployment 

8 
Fakhrul Hirzi 
et al. (2025)[10] 

YOLO11m-
based detection 

Rice-field 
monitoring 86% accuracy 

Object detection only; 
species-aware 
classification not 
addressed 

 
Despite advances in CNN-based bird detection systems, most existing approaches emphasise general bird 

presence rather than species-level differentiation in agricultural contexts. Furthermore, many high-performance 
architectures rely on computationally intensive models that may be unsuitable for deployment in resource-limited 
farming environments. 

Therefore, this study aims to develop and evaluate a lightweight EfficientNet-B0 species-aware classification 
model capable of distinguishing four major granivorous pest species from non-pest birds in rice-field settings, 
while maintaining computational efficiency for potential integration into smart farming systems. 

This study addresses the following research question: Can a transfer-learning framework based on 
EfficientNet-B0 achieve reliable species-level discrimination among visually similar granivorous bird species 
under realistic agricultural conditions? 

 
2. RESEARCH METHOD 

Figure 1 illustrates the research methodology based on the Machine Learning Life Cycle framework [31], 
instantiated specifically for species-level bird pest classification. After defining system objectives and target classes 
(four granivorous pest species and one non-pest class), data were collected from online repositories and field 
observations. The cleaned dataset (2,112 images) was split into 70% for training and 30% for validation. Within 
the training subset, five-fold cross-validation (k = 5) was conducted to assess model robustness and reduce 
variance during training. The final model was then evaluated on the held-out validation set using accuracy, 
precision, recall, F1-score, and ROC-AUC metrics. 

Although the Machine Learning Life Cycle represents a general framework, in this study, it is adapted to 
structure the species-level bird pest classification pipeline, from dataset preparation and feature engineering to 
EfficientNet-B0 model training and evaluation under agricultural field conditions. 

 

 
 Figure 1. Machine Learning Life Cycle   
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Feature engineering is performed to optimise input representations for deep learning, and the model is 
then trained using the EfficientNet-B0 architecture. The trained model is subsequently evaluated using 
appropriate performance metrics. Finally, the system enters the operational phase, where the validated model is 
deployed and its outputs support decision-making in real agricultural environments. Feedback from the 
operational stage is used iteratively to refine model requirements and improve overall performance. 

The model was trained using the Adam optimiser [32] with an initial learning rate of 0.0001, and the loss 
function was defined as categorical cross-entropy with label smoothing of 0.05. The EfficientNet-B0 backbone 
was initialised with ImageNet weights and kept frozen during training. The extracted features were processed 
using a global average pooling layer followed by a dense layer with 256 neurons and ReLU activation. Dropout 
layers (0.4 and 0.3) and L2 regularisation (1×10⁻⁶) were applied during training [33]. The batch size was set to 
32, and early stopping was applied based on validation loss with a patience of 5 epochs.  

To formally describe the learning process of the proposed model, the training procedure can be expressed 
mathematically as follows: 

Let 𝒟 = {(𝑥௜ , 𝑦௜)}௜ୀଵ
ே  denote the training dataset, where 𝑥௜ ∈ ℝ𝟚𝟚𝟜×𝟚𝟚𝟜×𝟛 represents an input image and 

𝑦௜ ∈ {0,1}ହ is the corresponding one-hot encoded class label. The classification model 𝑓(𝑥; θ), parameterised 
by weights 𝜃, outputs class probabilities using the softmax. Each image 𝑥ଵ was resized to 224×224 pixels and 
normalised to the range [0,1] before being provided as input to the network. 
 
function: 

𝑝௞ =
ୣ୶୮(௭ೖ)

∑ ୣ୶୮൫௭ೕ൯಴
ೕసభ

 (1) 

Where:   
𝑧௞ denotes the logit output for class 𝑘. 
C=5 denotes the number of bird classes in the dataset. 

The objective training is to minimize the categorical cross-entropy loss: 

ℒ(θ) = −
ଵ

ே
∑ ∑ 𝑦௜௞

஼
௞ୀଵ log(𝑝௜௞)ே

௜ୀଵ  (2) 

where N denotes the number of training samples, C represents the number of classes,  𝑦௜௞  is the ground-
truth label encoded using one-hot representation, and 𝑝௜௞  is the predicted probability of class 𝑘 produced by the 
softmax output layer. 

 
Parameter optimisation is performed using the Adam (Adaptive Moment Estimation) algorithm. The 

parameter update rule at iteration 𝑡 is defined as: 
 
First moment estimate: 

𝑚௧ = βଵ𝑚௧ିଵ + (1 − βଵ)𝑔௧ (3) 
Second moment estimate: 

𝑣௧ = βଶ𝑣௧ିଵ + (1 − βଶ)𝑔௧
ଶ (4) 

 
Bias-corrected estimates: 

𝑚௧ෞ =
௠೟

ଵିஒభ
೟  (5) 

 
𝑣௧ෝ =

௩೟

ଵିஒమ
೟  (6) 

Parameter update: 

θ௧ାଵ = θ௧ − α
௠೟ෞ

ඥ௩೟ෞା஫
 (7) 

In this study, the Adam optimiser used the default parameters β1=0.9, β2=0.999, and 𝜖 = 10  ି଼ 
Where: 

𝑔௧: gradient of the loss function at iteration t 
𝑚௧: first moment estimate 
𝑣௧: second moment estimate 
𝜂 ∶  𝑙𝑒𝑎𝑟𝑛𝑖𝑛𝑔 𝑟𝑎𝑡𝑒 (0.0001)  

βଵ, βଶ: are the exponential decay rates for moment estimates 
ϵ ∶ small constant preventing division by zero 
t : iteration number 
 

Training continues iteratively until convergence criteria are met, implemented via an early-stopping strategy 
based on validation loss stabilisation. 
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All experiments were conducted using Python, TensorFlow, and Keras. Model training was performed on 
a workstation equipped with an Intel Core i5 processor, 12 GB RAM, and an NVIDIA GeForce RTX 3050 
GPU running Windows 11. GPU acceleration was utilised to improve training efficiency. To support 
reproducibility, the source code and implementation details are publicly available at: 
https://github.com/rahmathanifpurnama/Model_Transfer_Learning_EfficientNetB0.  

This study primarily evaluated the feasibility of deploying a lightweight EfficientNet-B0 architecture under 
resource-constrained agricultural conditions. Comparative experiments with alternative backbone networks were 
not included at this stage and are reserved for future work. Training completed in a few hours on the RTX 3050 
GPU, and inference for a single image took less than a second, indicating that the model remains suitable for 
lightweight deployment. 
 
2.1 Dataset Collection 

Dataset collection was conducted using two approaches: online data mining and field observation. The 
primary data source was the citizen science repository eBird.org, with an Asia-region filter applied to ensure 
species relevance. Images were selected based on species name queries for the four target granivorous species 
and manually screened to remove low-quality, duplicate, heavily occluded, or ambiguous photographs. To reduce 
sampling bias related to individual photographers or specific observation events, images were selected from 
multiple upload dates and contributors when available. After filtering, quality control, and class balancing, 2,112 
images were retained for model training and validation. 

Images collected from eBird may reflect observational and photographic bias, as frequently observed or 
visually distinctive species are more likely to be documented and shared, potentially leading to 
overrepresentation. Conversely, less conspicuous or visually similar species may be underrepresented. To 
mitigate this effect, manual verification and class balancing were applied during preprocessing to ensure a more 
uniform distribution across target categories. The “Unknown” class comprised various non-granivorous or non-
target bird species commonly observed in rice-field or adjacent habitats, representing ecologically neutral or 
beneficial species rather than pest birds. 

In addition to the online dataset, 18 field-test images were collected in situ from a single rice-growing area 
in Gedong Tataan, Lampung Province, during the generative stage of the cropping season to evaluate the model’s 
performance under real-world conditions. The images were captured under natural daylight using handheld 
camera devices, without controlled background settings. Field data were subject to practical challenges, including 
small object sizes, partial vegetation occlusion, varying lighting conditions, and complex backgrounds, which may 
introduce visual noise and affect classification stability. No additional geographic locations or seasonal variations 
were included in this field dataset. Therefore, the field evaluation should be interpreted as a limited external 
validation rather than a comprehensive multi-location assessment of generalisability. Broader, multi-location, 
multi-season field data collection is recommended for future studies. 

 
2.2 Data Cleaning 

After initial collection, the dataset underwent filtering and class balancing, resulting in a reduced and 
standardised dataset used for model training. The data cleaning stage involved selecting relevant images, removing 
duplicates and corrupted files, and standardising image dimensions. All images were resized to 224 × 224 pixels 
to meet the input requirements of the EfficientNet architecture. To address class imbalance, random down-
sampling was applied, yielding 452 images per target class and 304 for the Unknown class. 

 
2.3 Data Labelling 

Data labelling was performed manually with species verification based on visual morphological 
characteristics and comparison with reference images from established ornithological sources. The dataset was 
categorised into five classes: four target species (Lonchura leucogastroides, Lonchura maja, Lonchura punctulata, 
and Passer montanus) and one negative class (Unknown), representing non-pest species. Prior to model training, 
all images were visually inspected to remove duplicates, low-quality images, and ambiguous species instances to 
ensure dataset consistency. Labels were encoded using one-hot encoding.  

 
2.4 Feature Engineering 

As described in Section 2, the model was evaluated using a 70:30 training–validation split with five-fold 
cross-validation applied to the training subset. To mitigate overfitting, data augmentation was dynamically applied 
to the training data using the ImageDataGenerator, including rotation (±15°), width and height shifts (15%), 
zooming (20%), shear transformation (0.1), brightness adjustment (90–110%), and horizontal flipping. Due to 
integer rounding during stratified splitting, the held-out validation set comprised 634 samples. 
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3. RESULT AND ANALYSIS 
The preprocessing stage is a crucial step before model training. This stage includes data collection, data 

cleaning, data labelling, and data augmentation. 
 

3.1 Data Preprocessing 
A total of 2,112 images were used for model development across five classes: four granivorous pest species 

(Lonchura leucogastroides, Lonchura punctulata, Lonchura maja, and Passer montanus) and one non-pest 
(Unknown) class. The final balanced distribution consisted of 452 images per target pest species and 304 images 
for the Unknown class. Representative samples from the curated dataset are shown in Figure 2, while Figure 3 
presents examples of field-acquired images used for real-world evaluation. 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

Figure 2. Granivorous Bird Species   
 
 
 
 
 
 
 
 
 
 
 

 
 
 
 

 
     Figure 3. Sample Images from Field Observations in Rice Fields 

 
3.2 Data Cleaning 

The data-cleaning process resulted in a refined and standardised dataset suitable for CNN training. From 
the initial collection of 2,999 granivorous and 635 non-granivorous images, a total of 2,112 images were retained 
for model training and validation. The final dataset distribution consisted of 452 images per target pest species 
and 304 images for the Unknown class. The resulting dataset distribution reduces potential class imbalance and 
supports stable model training. 

 
3.3 Data Labelling 

The final dataset comprised five classes: Lonchura leucogastroides, Lonchura maja, Lonchura punctulata, 
Passer montanus, and one negative class (Unknown). The class distribution after balancing was 452 images per 
target species and 304 images for the Unknown class. During validation, predictions on field-acquired images 
yielded lower confidence scores than on curated online images, particularly for small objects and for images with 
partial occlusion. This indicates that environmental complexity influenced classification certainty, although class 
assignment remained generally consistent with visual inspection. 

 

  
  Lonchura leucogastroides   Lonchura maja 

 

 
   Lonchura punctulata      Passer montanus 
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3.4 Data Augmentation 
Data augmentation was applied in this study to increase the diversity of training images and reduce the 

risk of model overfitting (Figure 5). This combination of transformations is intended to simulate natural visual 
variations encountered in real-world field conditions, such as changes in viewing angle, illumination, and bird 
positioning relative to the camera. 

 

 
Figure 5. Results of Data Augmentation 

 
3.5 CNN Model Construction 

The proposed model is based on the EfficientNet-B0 architecture [34], [35] for feature extraction and 
classification of five bird classes. The detailed architecture and training configuration are described in Section 2. 

 
3.6 Model Training  

Table 2 presents the progression of training and validation accuracy and loss values across 24 training 
epochs. At the early stage of training, the model shows rapid learning behaviour, with training accuracy increasing 
from 0.2969 at epoch 1 to above 0.80 by epoch 6, accompanied by a substantial reduction in training loss from 
1.5698 to 0.6472. Validation accuracy follows a similar upward trend, rising from 0.5256 to approximately 0.80 
within the first eight epochs, while validation loss decreases steadily from 1.3220 to around 0.73. 

In later epochs, training accuracy continues to increase gradually, reaching 0.9642 at epoch 24, while 
validation accuracy stabilises around 0.82, with a maximum value of 0.8241 observed at epoch 20. At the same 
time, training loss decreases consistently to 0.3540, whereas validation loss plateaus around 0.71. 

Table 2. Training and Validation Metric over Epochs 

Epoch Training 
Accuracy 

Validation 
Accuracy 

Training 
Loss 

Validation 
Loss 

1 0.2969 0.5256 1.5698 1.3220 
2 0.5240 0.6459 1.2730 1.0172 
3 0.6758 0.7238 1.0061 0.8457 
4 0.7399 0.7684 0.8278 0.7992 
5 0.7795 0.7617 0.7344 0.7937 
6 0.8275 0.7795 0.6472 0.7712 
7 0.8680 0.7906 0.5658 0.7269 
8 0.8897 0.8018 0.5097 0.7374 
9 0.9039 0.7751 0.4826 0.7752 
10 0.9237 0.7817 0.4460 0.7560 
11 0.9208 0.8018 0.4451 0.7245 
12 0.9274 0.7906 0.4343 0.7174 
13 0.9378 0.8107 0.4163 0.7026 
14 0.9350 0.8151 0.4124 0.6915 
15 0.9387 0.8062 0.4051 0.7124 
16 0.9519 0.8218 0.3949 0.7054 
17 0.9463 0.8174 0.3836 0.7067 
18 0.9529 0.8151 0.3663 0.7087 
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Epoch 
Training 
Accuracy 

Validation 
Accuracy 

Training 
Loss 

Validation 
Loss 

19 0.9595 0.8196 0.3673 0.7028 
20 0.9538 0.8241 0.3684 0.7076 
21 0.9595 0.8218 0.3581 0.7119 
22 0.9632 0.8196 0.3610 0.7114 
23 0.9632 0.8218 0.3522 0.7113 
24 0.9642 0.8218 0.3540 0.7123 

 
3.7 Prediction Examples and Model Confidence 

Figure 6 illustrates representative examples of model predictions on test images. In the left image, the model 
correctly classifies Lonchura punctulata with a high confidence score of 80.49%, indicating that the visual features 
of the bird, such as body shape and colouration, are sufficiently clear and distinct for reliable species-level 
recognition under favourable conditions. 

In the right image, the model assigns the final label as Unknown with a confidence score of 60%, 
representing a more challenging scenario. The lower confidence outcome is primarily influenced by partial 
occlusion by vegetation, smaller apparent object size, and increased background complexity. Such behaviour 
reflects the model’s uncertainty under challenging field conditions and reduces the risk of incorrect pest 
identification, thereby helping prevent unnecessary pest-control interventions. In the context of precision 
agriculture, false-positive pest detection may trigger unnecessary control measures; therefore, the conservative 
use of the Unknown class helps mitigate these risks. 
 
 
 
 
 
 
 
 
 
 
 
 

Figure 6. Result of Data Testing 
 

While this example illustrates qualitative field behaviour, the quantitative evaluation presented earlier 
(accuracy, precision, recall, F1-score, and ROC-AUC) confirms the model’s overall classification reliability. 

 
3.8 Confusion Matrix 

Figure 7 presents the confusion matrix for the five-class bird classification model, illustrating the distribution 
of correct and incorrect predictions across species. The model demonstrates strong classification performance 
for Lonchura maja, achieving the highest number of correct predictions (122) and only a few misclassifications, 
indicating clear visual separability for this species. Lonchura leucogastroides is correctly classified in 117 
instances, although 15 samples are misclassified as Lonchura punctulata, suggesting notable visual similarity 
between these two species. Similarly, Lonchura punctulata records 111 correct predictions but exhibits confusion 
with both L. leucogastroides (12 samples) and L. maja (8 samples), reflecting inter-class morphological 
resemblance among granivorous birds within the Lonchura genus. 

For Passer montanus, the model correctly identifies 108 samples, with the largest misclassification occurring 
toward Lonchura punctulata (17 samples), indicating overlap in size and colour patterns under field-like 
backgrounds. The Unknown class is correctly recognised in 84 instances, while a subset of samples is misclassified 
as Lonchura punctulata (11) and Passer montanus (5), highlighting the model's conservative behaviour when 
encountering visually ambiguous inputs. Overall, the confusion matrix confirms that most classification errors 
arise from species with high morphological similarity rather than from random misclassification, supporting the 
model’s ability to effectively discriminate among bird species while maintaining cautious decision boundaries in 
complex visual environments. 
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Figure 7.  Confusion Matrix on the Held-Out Validation Set  
 

Table 3 presents detailed classification performance for each bird species class, including precision, 
recall, F1-score, and support. Lonchura maja achieves the highest F1-score (0.9004), supported by both high 
precision (0.9037) and recall (0.8971), indicating that this species is consistently and accurately recognised by the 
model. Similarly, Passer montanus and Lonchura leucogastroides show balanced performance, with F1-scores of 
0.8471 and 0.8448, respectively, reflecting stable discrimination between true and predicted labels. The 
Unknown class achieves high precision (0.9032) with slightly lower recall (0.7925), suggesting the model adopts 
a conservative strategy, assigning samples to this class primarily when it is confident, thereby reducing false-
positive identification of pest species. 

The relatively lower precision observed for Lonchura punctulata (0.6852), despite a high recall (0.8162), is 
consistent with the confusion matrix analysis, which shows this species frequently misclassifies visually similar 
classes such as Lonchura leucogastroides and Lonchura maja. This pattern indicates that while the model is 
effective at detecting most L. punctulata instances, it occasionally confuses them with other granivorous birds due 
to inter-class morphological similarity. Overall, the classification report complements the confusion matrix by 
quantifying per-class performance and confirms that the majority of classification errors stem from biologically 
plausible visual overlap rather than random misclassification, supporting the robustness of the proposed species-
aware classification approach. 

Table 3. Classification Report 
Classification Precision Recall F1- Score Support 

Lonchura punctulata 0.6852 0.8162 0.7450 136 
Unknown 0.9032 0.7925 0.8442 106 

Lonchura leucogastroides 0.8298    0.8603    0.8448 136 
Passer montanus 0.9076 0.7941 0.8471 136 
Lonchura maja 0.9037 0.8971 0.9004 136 

accuracy   0.8338       650 
 

3.9 ROC - AUC 
Figure 8 presents the Receiver Operating Characteristic (ROC) curves [36] for all five bird classes, along 

with the macro-average ROC curve. The results demonstrate strong discriminative capability across classes, as 
indicated by consistently high AUC values. Lonchura maja achieves the highest AUC score (0.9898), followed 
by Lonchura leucogastroides (0.9735) and Passer montanus (0.9743), suggesting that these species are well 
separated from other classes across a wide range of classification thresholds. Lonchura punctulata records a 
slightly lower AUC value (0.9573), which remains within an excellent range and is consistent with earlier 
observations of morphological similarity within the Lonchura genus. The Unknown class also exhibits strong 
discrimination performance with an AUC of 0.9744, indicating that the model effectively distinguishes non-target 
species from pest species. 

The macro-average AUC of 0.9724 further confirms the robustness of the proposed model when evaluated 
across all classes simultaneously. These findings align with the confusion matrix and classification report results, 
reinforcing that misclassifications primarily occur among visually similar species rather than due to model 
instability. Overall, the ROC analysis supports the reliability of the model in differentiating bird species at the 
image level and highlights its potential applicability in species-aware pest monitoring scenarios. 
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Figure 8. ROC-AUC Curve Figure                         

3.10 Analysis 
The EfficientNet-B0 model achieved an overall validation accuracy of 83.38% on the held-out 30% 

validation set. The macro-precision, macro-recall, and macro-F1 scores were 0.8459, 0.8320, and 0.8363, 
respectively, with a macro-average AUC of 0.9724. Five-fold cross-validation (k = 5) yielded an average accuracy 
of 84.7% ± 1.52%, indicating stable performance across folds. Collectively, these metrics indicate stable and 
reliable classification performance.  

The effectiveness of EfficientNet-B0 in this task can be explained by its compound scaling strategy, which 
balances network depth, width, and input resolution to maximise feature extraction efficiency while maintaining 
a relatively small parameter count. Such balanced scaling allows the model to capture subtle visual patterns, 
including feather texture and body shape differences among visually similar bird species, while avoiding excessive 
model complexity that could increase the risk of overfitting in moderately sized datasets, such as the curated bird 
image dataset used in this study. 

The relatively small difference between cross-validation accuracy (84.7% ± 1.52%) and held-out validation 
accuracy (83.38%) indicates stable generalisation performance rather than overfitting.  The low standard deviation 
across folds indicates that the learned feature representations remain consistent across different training subsets, 
reducing the likelihood of high-variance model behaviour. This stability supports the effectiveness of the transfer-
learning framework in capturing discriminative visual features for fine-grained species classification. 

The training and validation accuracy and loss trends (Table 2) further indicate effective convergence 
behaviour. Validation performance stabilised after approximately epoch 10, while training accuracy continued to 
increase gradually. The relatively stable validation loss suggests that the applied transfer learning strategy and 
regularisation techniques mitigated severe overfitting and preserved generalisation capability, despite the 
moderate gap between training and validation accuracy. 

Although a performance gap remains between training (~96%) and validation results, such behaviour is 
common in fine-grained classification tasks involving visually similar species. The reported confusion matrix, 
classification report, and ROC metrics correspond to the held-out validation set, while cross-validation results 
further reinforce the model’s robustness across repeated training splits. However, no independent large-scale test 
set or formal statistical significance testing (e.g., McNemar’s test) was conducted, as this study focuses on feasibility 
evaluation. 

A more detailed evaluation of per-class performance is provided by the confusion matrix and classification 
report (Table 3). Lonchura maja achieves the highest F1-score (0.9004), reflecting the strong separability of this 
species under the given imaging conditions. Passer montanus and Lonchura leucogastroides also exhibit stable 
performance with F1-scores above 0.84, indicating effective discrimination despite morphological similarity. In 
contrast, Lonchura punctulata demonstrates lower precision (0.6852) while maintaining relatively high recall 
(0.8162), consistent with confusion patterns among visually similar Lonchura species. The Unknown class shows 
high precision (0.9032) but comparatively lower recall (0.7925), suggesting a conservative classification tendency 
that prioritises minimising false positive pest detection. 

One of the principal strengths of this research lies in its explicit focus on species-level classification rather 
than general bird detection. Unlike object detection frameworks such as YOLO that identify bird presence 
without taxonomic differentiation [8], [10], the proposed model distinguishes four major granivorous pest species 
from a non-pest (Unknown) class, supporting more ecologically responsible pest management strategies. 
Compared with CNN-based wildlife classification studies conducted in broader contexts [21], [24], this work is 
specifically tailored to rice-field environments and agricultural deployment constraints. 

From a computational perspective, employing EfficientNet-B0 with transfer learning provides a favourable 
balance between classification performance and model efficiency. Heavier architectures such as VGGNet or 
Mask R-CNN have demonstrated high accuracy in controlled environments [21], [24], yet may be less suitable 
for deployment in resource-constrained agricultural systems. The proposed architecture achieves competitive 
performance with fewer trainable parameters, enhancing its practical feasibility for integration into smart farming 
infrastructures. Although comparative evaluation against alternative lightweight architectures (such as 
MobileNetV3 or EfficientNetV2 variants) would provide additional benchmarking context, this study prioritised 
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feasibility assessment under constrained agricultural deployment conditions, and comprehensive backbone 
comparisons are reserved for future investigation. 

From an applied standpoint, species-aware classification enables selective activation of automated deterrent 
systems. Unlike general bird-detection systems that trigger uniform responses, species-level discrimination 
reduces unnecessary disturbance to non-pest or ecologically beneficial birds and supports more efficient resource 
utilisation. Considering reported yield losses of 20–30% due to bird pests, species-aware monitoring may support 
more targeted interventions; however, direct yield reduction was not experimentally measured in this study. 

Despite these strengths, several limitations remain. Field validation was limited in scope. Environmental 
challenges, such as small object size, partial vegetation occlusion, and complex background textures, reduced 
prediction confidence and highlighted a domain shift between curated online images and real-world conditions. 
A detailed hyperparameter sensitivity analysis was not performed in this study, as the primary objective was to 
evaluate the feasibility of a lightweight transfer-learning architecture for species-level classification. Additionally, 
comparative evaluation with alternative architectures was beyond the scope of this work and is left for future 
research. To address these challenges, future work should incorporate object detection or localisation modules 
(such as bounding-box cropping prior to classification), higher-resolution image acquisition, and multi-scale 
feature extraction strategies to better handle small-object scenarios. Expanding the dataset across multiple rice-
growing regions and seasonal conditions would further improve robustness and reduce geographical bias. 
Domain adaptation techniques and fine-tuning using field-acquired images may also enhance generalisation 
performance in operational environments. 

These results indicate that EfficientNet-B0 provides a favourable balance between classification accuracy 
and model complexity, making it suitable for lightweight agricultural monitoring applications. 

 
4. CONCLUSION 

This study demonstrates that transfer learning using a lightweight EfficientNet-B0 architecture is effective 
for species-level classification of granivorous bird pests in rice-field environments. Unlike prior approaches 
focused on general bird detection, the proposed model explicitly distinguishes four major pest species from a 
non-pest (Unknown) class, supporting more ecologically responsible and targeted pest management strategies. 

Empirically, the proposed model achieved strong classification performance, demonstrating reliable 
discrimination across visually similar bird species and consistent results under cross-validation. 

However, the applicability of the current model is bounded by the use of curated image data and limited 
field validation. External evaluation was limited in scope. Real-world challenges such as small object size, partial 
occlusion, and complex background textures reduced prediction confidence, suggesting that image-level 
classification alone may not yet be sufficient for fully robust operational deployment. 

From an integration perspective, the proposed model shows potential for integration into IoT-enabled 
monitoring systems or automated deterrent infrastructure, enabling selective activation strategies rather than 
uniform deterrent responses. However, additional large-scale field validation is required before practical 
deployment in operational agricultural environments. 
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