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Abstract—Coconut whitefly (Aleurodicus dispersus) has
emerged as a devastating pest threatening Sri Lanka’s vital
coconut industry, causing severe yield losses and economic hard-
ship for over 1.5 million smallholder farmers. Early detection is
critical for effective intervention, but conventional field scouting
is labor-intensive and often too late to prevent widespread
infestation. While deep learning offers promise for automated
pest detection, its deployment is hindered by the scarcity of
labeled training data. To address this challenge, we propose
a novel SimCLR → FixMatch framework that combines self-
supervised contrastive learning with semi-supervised fine-tuning
for accurate detection of coconut whitefly infestations under
extreme label scarcity. Our method leverages a new dataset,
CocoInfest-SL, comprising 1,600 real-world leaf images from
major coconut-growing regions in Sri Lanka, with only 120
labeled samples (30 per class), 7.5% of the full dataset. The
model first learns robust feature representations via SimCLR
pretraining on both labeled and unlabeled data, then fine-
tunes using FixMatch with confidence-based pseudo-labeling.
Experimental results demonstrate that our approach achieves
91.8% accuracy and a 0.91 F1-score, outperforming state-of-the-
art few-shot and semi-supervised baselines while using minimal
annotations. This work presents a scalable, low-cost solution
for early pest monitoring in resource-constrained agricultural
environments.

Index Terms—Few-Shot Learning, Semi-Supervised Learning,
Self-Supervised Learning, Low-Label Learning, plant disease
recognition.
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I. INTRODUCTION

Coconut cultivation is a cornerstone of Sri Lanka’s agricul-
ture, economy, and rural livelihoods, with the island’s tropical
climate and diverse conditions for production. Despite its
importance, the sector faces mounting challenges due to the
increasing threat of pests like the Rhinoceros Beetle, Red Palm
Weevil, and Black-Headed Catepillar, and Whitefly. Coconut
whitefly (Aleurodicus dispersus Russell or (Aleurodicus dis-
persus) [1], a rapidly spreading invasive pest, has emerged as
a critical threat to Sri Lanka’s coconut industry one of the
backbone sectors of the rural economy, supporting over 1.5
million livelihoods. Infestations manifest through leaf chloro-
sis, sooty mold formation, and honeydew excretion, leading
to reduced photosynthesis and, in severe cases, premature nut
drop and canopy dieback. Field studies report yield losses of
up to 60% in heavily infested plantations, posing a significant
risk to food security and export revenue [2].

Traditional detection methods rely on manual scouting and
visual inspection by agricultural officers, which are labor-
intensive, time-consuming, and prone to subjectivity. By the
time infestations are identified, they are often widespread,
limiting the effectiveness of control measures. Moreover, the
lack of scalable monitoring tools hinders early intervention
and region-wide surveillance key requirements for sustainable
pest management.

Recent advances in drone-based remote sensing and deep
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learning offer transformative potential for precision agri-
culture. Unmanned Aerial Vehicles (UAVs) enable rapid,
high-resolution imaging of large plantations, capturing subtle
canopy-level changes associated with early infestation [3].
However, a major bottleneck remains: the scarcity of labeled
training data required to train robust AI models. Manual
annotation of infestation levels (Low, Medium, High) is costly
and impractical at scale. To address this challenge, we propose
a novel low-label learning framework that combines self-
supervised pretraining with semi-supervised fine-tuning for ac-
curate detection of coconut whitefly infestations using minimal
labeled data. SimCLR-based [4] self-supervised Contrastive
Learning pre-training to learn robust leaf-level features from
unlabeled images, FixMatch-based semi-supervised learning to
leverage a small labeled subset and a large pool of unlabeled
data, Predictive infestation mapping to visualize spatial spread
and support decision-making.

We introduce CocoInfest-SL, a new four-class dataset of
coconut leaf images labeled with infestation severity (Healthy,
Mild, Moderate, Severe), collected in 2023–2025 from key
coconut-growing regions. To address this challenge, we pro-
pose a novel SimCLR → FixMatch framework that combines
self-supervised contrastive pretraining with semi-supervised
fine-tuning, enabling accurate detection of coconut whitefly
infestations using only 30 labeled images per class. Our
method achieves 91.8% accuracy and a 0.91 F1-score on the
CocoInfest-SL dataset, significantly outperforming few-shot
and semi-supervised baselines, and offering a scalable, low-
label solution for early pest monitoring in resource-constrained
agricultural settings.

This work presents a scalable, data-efficient solution for
early pest detection in resource-constrained agricultural set-
tings, with direct applicability to smallholder farms across
tropical regions. Particularly in the early stages of infestation,
where labeled data is scarce, our method enables accurate de-
tection using minimal annotations, offering a scalable solution
for real-time pest monitoring in data-limited environments.

II. RELATED WORK

Recent advancements in self-supervised learning have
shown great promise in reducing the reliance on large an-
notated datasets for visual recognition tasks. Methods such as
contrastive learning and its variants leverage unlabeled data
by learning representations through instance discrimination or
feature consistency across augmentations. For example, Dense
Contrastive Learning has been applied to remote sensing
images using Swin Transformers to capture both global and
local features, improving object detection performance without
manual labels. Similarly, contrastive self-supervised learning
has served as a strong baseline in unsupervised hashing,
demonstrating high retrieval accuracy on benchmark datasets
by effectively preserving semantic similarity in the learned
hash codes [5].

These self-supervised strategies are being increasingly in-
tegrated into real-world applications where labeled data is
scarce or privacy-sensitive. In medical imaging, the FixMatch

framework has been adapted for Alzheimer’s disease clas-
sification, combining pseudo-labeling with consistency regu-
larization to achieve high performance with minimal labeled
data [6]. In industrial scenarios, self-supervised methods have
been combined with federated learning for object detection
in electric power operation sites, ensuring data privacy and
efficient model training across distributed clients. Addition-
ally, contrastive learning and adversarial training have been
used to detect foreign objects on high-speed railway tracks,
enhancing model robustness and detection accuracy [7] [8].
These works collectively highlight the effectiveness of self-
supervised learning in bridging the gap between limited super-
vision and high model performance across diverse domains.

self-supervised and semi-supervised learning have signifi-
cantly reduced the dependency on large labeled datasets in
various domains. In remote sensing, image-text representa-
tion learning based on the CLIP model has enabled open-
vocabulary object detection by leveraging pretrained vision-
language models, allowing detection of diverse object cate-
gories with limited semantic information and addressing issues
of class imbalance and missing detections. Similarly, dense
contrastive learning has been applied to remote sensing im-
ages using Swin Transformers as the backbone, where global
and local feature representations are enhanced through multi-
crop augmentation and parallel projection heads, improving
detection performance in a self-supervised manner [9].

In medical imaging, self-supervised pretraining has proven
effective in reducing the need for labeled data, with studies
showing that models pretrained on unlabeled chest X-rays can
achieve performance comparable to fully supervised models
using only 60% of the labeled data [10]. This approach
leverages the NT-Xent loss to learn meaningful representa-
tions before fine-tuning on downstream tasks. Furthermore,
the FixMatch framework has been successfully adapted for
Alzheimer’s disease classification, demonstrating that combin-
ing pseudo-labeling with consistency regularization can yield
results on par with supervised baselines under limited labeling.
In industrial applications, federated self-supervised learning
has been used for object detection in electric power operation
sites, where a YOLO-based model trained with only 200
labeled images achieved an mAP50 of 0.83, closing the gap
with fully supervised training. [11]–[15]

The reviewed studies demonstrate that self-supervised and
semi-supervised learning methods, particularly those based
on contrastive learning and consistency regularization, can
significantly reduce the reliance on large labeled datasets
while maintaining strong performance across diverse domains
such as remote sensing, medical diagnosis, and industrial
monitoring. These approaches leverage unlabeled data to learn
robust feature representations or generate reliable pseudo-
labels, effectively bridging the gap between limited super-
vision and high model accuracy. Building upon these ad-
vancements, this work proposes a two-stage framework that
integrates contrastive pretraining with semi-supervised fine-
tuning for accurate detection of coconut whitefly infestations
under extreme label scarcity.
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III. METHODOLOGY

Address the challenge of limited labeled data in real-world
agricultural settings for the early detection of coconut For
whitefly infestations, we propose a two-stage semi-supervised
learning framework, as shown in Figure 1, utilizing SimCLR-
Enhanced FixMatch for Low-Label infestation detection. First,
we pre-train a ResNet-18 backbone using SimCLR [16], a
contrastive self-supervised learning method, on the entire
dataset (labeled and unlabeled images). This stage learns
robust visual representations of coconut leaves by maximizing
agreement between differently augmented views of the same
image, enabling the model to capture subtle patterns associated
with whitefly infestations, such as chlorosis, sooty mold,
and honeydew residue. In the second stage, we fine-tune

Fig. 1. Proposed system architecture for Semi-supervised and few-shot 
learning methods on the CocoInfest-SL

the pretrained network using FixMatch [12], a state-of-the-
art semi-supervised learning algorithm. FixMatch leverages 
both the small labeled subset and the large unlabeled pool 
by generating high-confidence p seudo-labels o n w eakly aug-
mented unlabeled images and enforcing consistency under 
strong augmentations.

A. Our dataset

The developed dataset consists of 1,600 real-world coconut
leaf images collected from major coconut-growing regions
in Sri Lanka, including the North Western, Western, and
Southern provinces. Images were captured using smartphones
during field visits in 2023–2025 and labeled by the CVAAT
annotation tool into four categories: Healthy, Mild, Moderate,
and Severe infestation, based on visible symptoms such as
chlorosis, honeydew, and sooty mold. To reflect real-world
conditions where labeled data is limited, only 120 images (30
per class) were used as labeled samples, while the remaining
1,480 were left unlabeled. From the 120 labeled images, we
performed a stratified train-test split to ensure class balance
in both training and testing sets. Specifically, 90 images
(22–23 per class, ∼75%) were used for training, 30 images
(7–8 per class, ∼25%) were reserved for testing. All images
were resized to 224×224 pixels and normalized for model

training. This dataset, named CocoInfest-SL as shown in
Table I, supports low-label learning and is designed to enable
early detection of coconut whitefly infestations in resource-
constrained environments, as shown in Figure 2.

Fig. 2. Collected sample of CocoInfest-SL Healthy (A), Mild (B), Moderate
(C), Severe (D)

TABLE I
DISTRIBUTION OF LABELED AND UNLABELED IMAGES ACROSS

INFESTATION CLASSES

Class Total Images Labeled Images Unlabeled Images
Healthy 400 30 370
Mild 400 30 370
Moderate 400 30 370
Severe 400 30 370
Total 1,600 120 1,480

B. Implementation Details
All models were trained using Colab. SimCLR Pretraining:

We trained for 400 epochs with a batch size of 256 using the
LARS optimizer and a learning rate of 0.3. Data augmentations
included random cropping, color jittering, and Gaussian blur.
The NT-Xent loss was used with a temperature of 0.5.

FixMatch Fine-tuning: We trained for 500 epochs with
a batch size of 64, sampling 8 labeled and 56 unlabeled
images per batch (1:7 ratio). We used SGD with momentum
0.9, an initial learning rate of 0.03, and a cosine annealing
learning rate scheduler. Pseudo-labels were generated using a
confidence threshold of 0.95, and strong RandAugment was
applied to the unlabeled data. The unsupervised loss weight
was ramped up as:

λ(t) = min

(
1.0, 0.1× exp

(
t

50

))
(1)
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where t is the current training epoch in equation 3.
The ResNet-18 backbone was initialized from scratch (i.e.,

no ImageNet pretraining) and all input images were resized to
224× 224 pixels.

C. Architecture Description

The proposed SimCLR-Enhanced FixMatch framework (Al-
gorithm 1) follows a two-stage, label-efficient pipeline de-
signed for accurate detection of coconut whitefly infestations
under extreme label scarcity. In the first stage, a ResNet-18
backbone is pretrained using SimCLR (Simple Framework for
Contrastive Learning of Representations) on the entire dataset
(labeled and unlabeled images) in a self-supervised manner.
Each image is augmented twice using random cropping, color
jittering, and Gaussian blur to generate two different views.
The encoder extracts features from both views, which are then
passed through a small MLP projection head. The model is
trained to minimize the NT-Xent (Normalized Temperature-
scaled Cross-Entropy) loss, encouraging similar embeddings
for the two views of the same image and dissimilar embed-
dings for different images. This pretraining step enables the
network to learn robust, semantically meaningful representa-
tions of coconut leaf textures, discoloration patterns, and early
infestation signs without using any labels.

In the second stage, the pretrained ResNet-18 (without the
projection head) is used as the backbone for FixMatch, a
consistency-based semi-supervised learning algorithm. During
training, labeled images are used to compute the supervised
cross-entropy loss, while unlabeled images are processed as
follows: a weakly augmented version is passed through the
model to generate a pseudo-label (the class with the highest
prediction confidence). If the confidence exceeds a threshold
T=0.95, this pseudo-label supervises the model’s prediction on
a strongly augmented version of the same image.

IV. RESULTS AND DISCUSSION

The evaluation of various semi-supervised and few-shot
learning methods on the CocoInfest-SL dataset highlights the
challenges of accurate plant infestation classification with lim-
ited labeled data. Accurate detection of coconut whitefly infes-
tations under real-world agricultural constraints, particularly
limited labeled data, is a significant challenge. To address this,
we propose a two-stage semi-supervised learning framework,
SimCLR-Enhanced FixMatch, designed to leverage a small
labeled dataset (120 images) and a large pool of unlabeled
images (1,480) effectively. As detailed in Algorithm 1, our
method first pretrains a feature encoder using SimCLR on both
labeled and unlabeled data, learning robust representations
through contrastive augmentation. This pretrained encoder is
then fine-tuned using FixMatch, which generates pseudo-labels
for unlabeled data based on high-confidence predictions and
enforces consistency under strong augmentations.

By combining self-supervised pretraining with consistency
regularization, our approach maximizes the utility of scarce
labeled examples while exploiting the structure of abun-
dant unlabeled data. The following results demonstrate that

Algorithm 1: SimCLR-Enhanced FixMatch for Few-
Shot Coconut Whitefly Detection
Input: Small labeled dataset Dl, large unlabeled

dataset Du, batch size N , temperature τ ,
augmentation functions T , threshold θ

Phase 1: SimCLR Pretraining
for sampled minibatch {xk}Nk=1 from Dl ∪ Du do

Draw two augmentation functions t, t′ ∼ T
for k = 1 to N do

x̃2k−1 = t(xk) ; // First augmentation
h2k−1 = f(x̃2k−1) ; // Encoder
representation

z2k−1 = g(h2k−1) ; // Projection
x̃2k = t′(xk) ; // Second augmentation
h2k = f(x̃2k) ; // Encoder
representation

z2k = g(h2k) ; // Projection

for i = 1 to 2N do
for j = 1 to 2N do

si,j =
zi·zj

∥zi∥∥zj∥ ; // Pairwise

similarity

Define ℓ(i, j) = − log
exp(si,j/τ)∑2N

k=1 1[k ̸=i] exp(si,k/τ)

LSimCLR = 1
2N

∑N
k=1[ℓ(2k− 1, 2k) + ℓ(2k, 2k− 1)]

Update f and g to minimize LSimCLR

Discard g, keep pretrained encoder f

Phase 2: FixMatch Semi-Supervised Training
for minibatch from Dl and Du do

Apply weak augmentation aw and strong
augmentation as
p = softmax(f(aw(xu))) ; // Prediction on
unlabeled data

if max(p) > θ then
ŷ = argmax(p) ; // Pseudo-label
Lu = ℓ(f(as(xu)), ŷ) ; // Consistency
loss

Ls = ℓ(f(as(xl)), yl) ; // Supervised loss
L = Ls + λuLu

Update f to minimize L
Output: Trained model for Healthy/Infested

classification with severity levels

this strategy significantly improves classification performance
across all evaluation metrics compared to existing few-shot
and semi-supervised baselines. Table II presents a comparative
evaluation of different methods. The fully supervised model
trained on full labels serves as the upper bound (95.2%
accuracy), while ResNet-18 trained on few labels achieves
only 76.4%, highlighting the challenge of label scarcity. Proto-
typical Networks (5-shot) perform slightly worse (72.1%), in-
dicating limitations in generalization under extreme data con-
straints. SimCLR with linear probing improves performance to
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TABLE II
COCOINFEST-SL TEST-SET RESULTS UNDER LIMITED ANNOTATIONS

Method Acc (%) Prec Rec F1
Supervised (Full Labels) 95.2 0.95 0.95 0.95
ResNet-18 (Labeled 7.5% per class) 76.4 0.75 0.76 0.74
Prototypical Networks (5-shot) 72.1 0.70 0.71 0.69
SimCLR → Linear 84.6 0.83 0.84 0.83
FixMatch (w/o pretraining) 87.3 0.86 0.87 0.86
Ours (SimCLR → FixMatch) 91.8 0.91 0.92 0.91

84.6%, demonstrating the value of self-supervised pretraining.
FixMatch without pretraining reaches 87.3%, showing the
effectiveness of consistency training. Notably, our SimCLR
→ FixMatch approach achieves 91.8% accuracy and 0.91 F1-
score, closing the gap with fully supervised performance by
nearly 3.4 percentage points compared to FixMatch alone.

The proposed SimCLR → FixMatch framework is built
upon a two-stage learning objective, where self-supervised
pretraining is followed by semi-supervised fine-tuning. The
final stage of training is governed by a combined loss function
that effectively leverages both labeled and unlabeled data:

L = Lsup(θ) + λ(t) · Lunsup(θ) (2)

where Lsup(θ) is the supervised cross-entropy loss on the
labeled data, and Lunsup(θ) is the consistency loss computed
on unlabeled data using pseudo-labels based on equation 2.
The time-varying coefficient λ(t) controls the contribution of
the unsupervised loss during training. In this work, we define
it as:

λ(t) = min (1.0, 0.1× exp(t/50)) (3)

where t is the current training epoch. This exponential
equation 3 ramp-up schedule ensures that the model initially
focuses on learning from the small labeled set, minimizing the
risk of error propagation from low-confidence pseudo-labels.
As training progresses, λ(t) increases, gradually incorporating
high-confidence predictions on unlabeled data into the opti-
mization process. This dynamic weighting balances supervised
and unsupervised learning, enabling stable convergence and
robust generalization in low-label regimes.

To visualize the impact of this dynamic weighting strategy,
Figure 3 shows the supervised loss decreases rapidly as the
model learns from the limited labeled data, reflecting fast con-
vergence on known infestation patterns. The raw unsupervised
loss decreases more gradually, indicating steady improvement
in feature learning from unlabeled images via contrastive and
consistency training. The weighted unsupervised loss (λ(t) ·
Lunsup) starts near zero and increases over time as λ(t) ramps
up, gradually incorporating high-confidence pseudo-labels into
training. The total loss combines both labeled and unlabeled
signals, optimizing for accurate detection while leveraging
abundant unlabeled data for robust feature representation. The
Figure 4 weighting factor λ(t) follows a gradual ramp-up
schedule defined as λ(t) = min(1.0, 0.1×exp(t/50)), where t
is the training epoch. This strategy ensures stable and effective

Fig. 3. Training dynamics of loss components in the SimCLR → FixMatch 
framework

Fig. 4. Scaling Factor Evolution

semi-supervised learning by controlling the contribution of the 
unsupervised loss over time. In the early stages (epochs 0–
50), λ(t) remains small, prioritizing learning from the limited 
labeled data and preventing the model from being misled 
by low-confidence pseudo-labels. During mid-training (epochs 
50–100), λ(t) increases exponentially, gradually incorporating 
high-confidence p seudo-labels f rom t he u nlabeled d ata and 
encouraging feature consistency under strong augmentations. 
In the late stages (100+ epochs), λ(t) approaches its maximum 
value, achieving a balanced optimization between supervised 
and unsupervised signals. This dynamic weighting enables 
robust feature extraction and improves generalization, partic-
ularly for distinguishing subtle visual patterns in early-stage 
coconut whitefly infestations.

A. Performance Analysis

The proposed SimCLR → FixMatch framework achieves
91.8% accuracy in detecting coconut whitefly infestations
using only 30 labeled images per class, demonstrating high
data efficiency and strong generalization. The model rapidly
learns diagnostic features such as chlorosis, honeydew, and
sooty mold from limited labeled data, then refines its represen-
tations using a large pool of unlabeled images. This synergistic
learning strategy enables accurate early detection in real-world
agricultural settings, such as smallholder coconut farms in Sri
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Lanka, where labeled data is scarce and timely intervention is
critical.

Fig. 5. Detection accuracy of the SimCLR → FixMatch framework across 
training epochs on the CocoInfest-SL test set

V. CONCLUSION

In this study, we have presented a highly effective and 
data-efficient framework, SimCLR →  FixMatch, for the early 
detection of coconut whitefly ( Aleurodicus d ispersus) infes-
tations in Sri Lanka, where labeled data is extremely scarce 
and timely intervention is critical for preserving livelihoods. 
To address the challenge of limited annotations, we introduced 
CocoInfest-SL, a new dataset of 1,600 real-world coconut leaf 
images labeled with four severity levels (Healthy, Mild, Mod-
erate, Severe), with only 120 images manually annotated (30 
per class). Our two-stage approach first l everages SimCLR-
based self-supervised learning to pretrain a robust feature 
encoder on both labeled and unlabeled data, capturing subtle 
visual patterns such as chlorosis, honeydew, and sooty mold. 
In the second stage, FixMatch fine-tunes t he e ncoder u sing a 
consistency-based semi-supervised strategy, generating high-
confidence p seudo-labels o n w eakly a ugmented v iews and 
enforcing prediction consistency under strong augmentations.

The total loss function, defined a s L  =  Lsup(θ) +  λ(t) · 
Lunsup(θ), dynamically balances supervised and unsupervised 
learning through a time-ramped weighting factor λ(t), pre-
venting error propagation in early training stages. Our method 
achieves a classification a ccuracy o f 9 1.8% a nd a n F1-score 
of 0.91, significantly outperforming baseline approaches such 
as ResNet-18 with few labels (76.4%), Prototypical Networks 
(72.1%), and FixMatch without pretraining (87.3%). This 
performance demonstrates that self-supervised pretraining sub-
stantially enhances the model’s ability to generalize in low-
label regimes.

The proposed framework is particularly suited for deploy-
ment in resource-constrained agricultural environments, where 
expert labeling is impractical. By reducing the need for large 
annotated datasets, our approach enables scalable, real-time 
monitoring of coconut plantations using smartphone or drone-
captured imagery. Future work will focus on extending this 
model to multispectral drone data for plantation-wide infes-
tation mapping and integrating it into a mobile application

for farmer-facing diagnostics. This work paves the way for
intelligent, low-cost pest management systems across tropical
agriculture.
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