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Chili (Capsicum annuum L.) leaf diseases significantly affect crop productivity and farmer
income, while conventional diagnosis methods remain dependent on expert visual
inspection and often suffer from subjectivity and limited accessibility. This study proposes
an edge-deployable intelligent decision support system that integrates lightweight
Convolutional Neural Network (CNN)-based disease recognition with Large Language
Model (LLM)-driven agronomic assistance for chili cultivation. The proposed framework
consists of three components: a compact CNN classifier optimized for TensorFlow Lite
deployment, a structured prompt-engineering strategy that transforms classification results
into context-aware agricultural recommendations, and an Android-based application
designed for field-level disease diagnosis. The CNN model was trained using 6,714 chili
leaf images covering seven health and disease categories. Experimental results on 1,003
independent test images achieved an accuracy of 99.10%, with macro-average precision,
recall, and F1-score exceeding 99%. The optimized model was successfully deployed on a
mobile device, achieving an average inference latency of 87 ms with 48 MB memory
consumption. In addition, LLM-generated explanations were evaluated by certified
agricultural experts, obtaining an average score of 4.6/5.0 in terms of factual accuracy,
recommendation relevance, and language clarity. The proposed system bridges the gap
between automated disease recognition and practical agricultural decision support by
providing both diagnostic results and understandable management guidance. The study
demonstrates the potential of integrating lightweight deep learning models with generative
artificial intelligence (Al) technologies for accessible and intelligent crop health monitoring
in resource-constrained farming environments.

1. INTRODUCTION

whitefly, and physiological nutrient deficiency disorders,
frequently emerge during the vegetative and early generative

Agriculture constitutes one of the most fundamental pillars
of the Indonesian national economy, contributing substantially
to gross domestic product, employment, and rural food
security. Among the horticultural commodities cultivated
across the Indonesian archipelago, chili (Capsicum annuum
L.) holds a position of particular strategic importance. Chili
peppers are widely consumed in Indonesian cuisine and serve
as a primary ingredient in domestic food manufacturing,
making them a price-sensitive commodity that directly
influences the national Consumer Price Index and food
inflation rate [1]. Any disruption to chili production, whether
from climate anomalies, pest pressure, or disease outbreaks,
can trigger cascading economic effects across the agricultural
supply chain.

Despite the economic significance of chili cultivation, the
crop remains highly susceptible to a broad spectrum of leaf
diseases caused by bacterial, fungal, viral, and nutritional
agents. These diseases, including bacterial spot caused by
Xanthomonas campestris, Cercospora leaf spot caused by
Cercospora capsici, curl virus transmitted by Bemisia tabaci
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stages of growth [2, 3]. The visual symptoms of these diseases
often overlap considerably, especially in early infection phases
when leaf lesion sizes and color patterns are insufficient to
distinguish one pathogen from another with certainty.
Globally, plant diseases and pests are estimated to reduce crop
yields by 20-40% annually, a figure consistent with field
observations in Indonesian chili farming contexts [4, 5].
Current agricultural disease management practices in
Indonesia remain predominantly dependent on manual visual
inspection conducted by farmers, agricultural extension
officers, or agronomic consultants. This approach suffers from
inherent limitations: it is subjective in nature, strongly
dependent on the experience and contextual knowledge of the
inspector, inconsistent under variable field lighting and leaf
orientation conditions, and impossible to scale for
simultaneous monitoring across large cultivation areas [6].
Furthermore, smallholder farmers, who constitute the majority
of Indonesian chili producers, frequently lack access to trained
agricultural diagnosticians, resulting in misdiagnosis,
inappropriate fungicide or bactericide applications, and
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ultimately increased production costs with reduced efficacy.

The emergence of Agriculture 4.0 has catalyzed the
integration of digital intelligence technologies, including
artificial intelligence (Al), Internet of Things (IoT), Remote
Sensing, and Computer Vision, into plant health monitoring
workflows [7, 8]. Among deep learning architectures,
Convolutional Neural Networks (CNNs) have demonstrated
consistently superior performance in extracting high-level
visual features such as color gradients, lesion texture, and
morphological patterns from digital leaf images, significantly
outperforming traditional machine learning classifiers that
require hand-engineered feature descriptors [9, 10]. Multiple
studies have confirmed CNN accuracy in the range of 95-99%
for plant leaf disease classification under controlled
experimental conditions [11].

However, a critical limitation of existing CNN-based plant
disease detection systems is that they return only a disease
class label and a confidence score, without providing farmers
with any explanation of the disease mechanism, its biological
cause, or its recommended management strategy. This output
gap represents a significant barrier to practical adoption, since
a label alone is insufficient to guide a smallholder farmer's
treatment decision. Large Language Models (LLMs) represent
a compelling solution to this gap, given their ability to generate
fluent, contextually appropriate natural-language text that can
translate classification outputs into actionable agronomic
advice [12, 13].

While CNN-based mobile plant disease detection
applications and LLM-powered agricultural advisory systems
have each received independent attention in the literature, their
systematic integration into a unified, on-device mobile system
with structured prompt engineering and rigorously validated
LLM outputs remains underexplored. The present study
directly addresses this gap through three key contributions that
distinguish it from prior work: (1) the CNN model is optimized
and converted to TensorFlow Lite (TFLite) format for offline
on-device inference, eliminating the cloud dependency and
connectivity constraints that limit the usability of server-side
solutions in rural agricultural environments; (2) a structured
prompt-engineering pipeline is designed to translate CNN
classification outputs into semantically constrained LLM
queries, reducing the risk of hallucination and ensuring
agronomically grounded responses; and (3) the quality and
reliability of LLM-generated outputs are validated through
expert review by certified agronomists using a structured
Likert evaluation protocol, a validation dimension that is
absent from most comparable integrated systems.

The application is designed for deployment on Android
smartphones, which are the most widely accessible and
affordable computing devices among Indonesian smallholder
farmers. The Flutter cross-platform framework was employed
for application development to ensure broad compatibility
across Android device specifications and application
programming interface (API) levels [14]. The system aims to
democratize expert-level disease diagnosis, enabling real-
time, field-based identification and management guidance
without requiring specialized agricultural training or reliable
internet connectivity.

The remainder of this article is organized as follows.
Section 2 presents a comparative review of related work and
positions the current study's contributions. Section 3 details
the research methodology, including dataset description, CNN
architecture design, LLM integration with prompt
engineering, and evaluation framework. Section 4 reports the
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experimental results and discussion. Section 5 concludes the
study and identifies directions for future research.

2. RELATED WORK AND CONTRIBUTION
POSITIONING

Research on automated plant disease detection has
progressed through several methodological generations, from
handcrafted feature-based classifiers to deep learning
frameworks. Early approaches employing Support Vector
Machines (SVMs) and k-Nearest Neighbor (k-NN) classifiers
on color histogram or Local Binary Pattern (LBP) features
achieved moderate accuracy (75-88%) for disease
classification on simple datasets, but their performance
degraded substantially under variable lighting, background
clutter, and inter-class visual similarity [15, 16]. The
requirement for labor-intensive feature engineering also
limited their generalizability across crop species and disease
types.

The transition to CNN-based approaches fundamentally
transformed detection performance. AlexNet, VGGNet,
ResNet, and more recently MobileNet architectures have each
been applied to plant disease datasets, with the PlantVillage
benchmark dataset serving as the dominant evaluation
standard [17]. Naik et al. [10] proposed a Squeeze-and-
Excitation Convolutional Neural Network (SE-CNN) for chili
leaf disease classification, achieving high accuracy through
channel attention mechanisms but deploying the model in a
cloud-based setting that inherently limits offline applicability.
Ahmed and Reddy [9] demonstrated the feasibility of mobile
plant disease detection using MobileNet deployed on Android
devices, achieving real-time inference but providing only
disease labels without any explanatory output for the user. Pan
et al. [11] proposed a dual-branch model integrating CNN and
Swin Transformer components for apple leaf disease
classification, incorporating partial explainability through
attention maps, but this work similarly did not integrate LLM-
based user guidance.

The application of LLMs to agricultural advisory tasks
represents a newer and rapidly developing research direction.
LLMs such as GPT-4 and its successors have been shown to
possess broad agronomic knowledge and can generate
plausible, contextually relevant disease management guidance
[18]. However, the deployment of LLMs in agricultural
mobile applications raises concerns regarding hallucination
risk, inconsistency across response instances, factual accuracy
of agronomic recommendations, and API dependency for
internet-connected queries. Uysal et al. [12] provided a
comprehensive overview of LLM capabilities relevant to
domain-specific applications, noting that structured prompting
with explicit role definitions and output format constraints
substantially reduces hallucination frequency compared to
unconstrained queries.

To the best of the authors' knowledge, no prior study has
reported a fully integrated on-device TFLite CNN combined
with a structured LLM prompt-engineering pipeline for chili
leaf disease classification on Android, with expert-validated
LLM outputs. Table 1 summarizes the comparative
positioning of the present work against representative prior
studies across the key dimensions of model architecture,
deployment modality, explainability approach, LLM
integration, and mobile optimization.

The comparative analysis reveals three substantive gaps



addressed by the present work. First, existing mobile plant unavailable in rural Indonesian contexts. Third, no prior

disease apps [19] provide only label output and lack any integrated CNN + LLM mobile system has subjected its LLM-
explanatory or advisory component, limiting their decision- generated content to independent expert agronomist
support utility for non-expert farmers. Second, high- validation, leaving output reliability assumptions untested.
performing academic models [20] are not deployed on mobile The present study contributes a system that closes all three
devices and require cloud infrastructure that is often gaps simultaneously.

Table 1. Comparative summary of related plant disease detection studies

Study Model Deployment Explainability LLM Mobile
Tugrul et al. [5] CNN (Review) N/A None No N/A
Ahmed and Reddy [9] MobileNet Mobile Label only No Yes
Naik et al. [10] SE-CNN Cloud None No No
Panetal. [11] CNN + Swin Cloud Attention map No No
transformer
This work CNN + TFLite On-device LLM + Expert validation Yes Yes (Android)

Note: CNN = Convolutional Neural Network, LLM = Large Language Model, TFLite = TensorFlow Lite.

3. METHOD under diverse natural lighting conditions, and its public
accessibility for reproducibility. The full dataset comprises
This research adopts a Research and Development (R&D) 6,714 labeled images distributed across seven disease and
methodology adapted to the development of intelligent mobile health categories.
agricultural systems. The R&D cycle encompasses five Prior to training, all images underwent a standardized
sequential phases: (1) requirement and system design analysis; preprocessing pipeline to ensure consistency of input
(2) dataset preparation and preprocessing; (3) CNN model representation. Each image was resized to 224 x 224 pixels to
design, training, and TFLite conversion; (4) LLM integration conform to the CNN input layer specification while preserving
with  structured prompt engineering and hallucination sufficient spatial resolution for texture and lesion pattern
mitigation; and (5) Android application implementation and discrimination. Pixel intensity values were normalized to the
multi-dimensional evaluation. This methodology was selected [0, 1] range by dividing by 255, which stabilizes gradient
because it enables iterative refinement across both the machine descent convergence by reducing the scale disparity between
learning model components and the mobile application input features. Duplicate images were identified and removed
interface, ensuring that the final system satisfies both technical using perceptual hash comparison to prevent data leakage
performance criteria and practical usability requirements for between training and evaluation sets.
field deployment [4]. To improve model generalization and reduce susceptibility
to overfitting on the training distribution, a comprehensive
3.1 System requirement analysis data augmentation strategy was applied dynamically during
training. The augmentation operations included: random
The system was designed around four operational rotation in the range of £30°, horizontal and vertical flipping,
requirements identified through a preliminary stakeholder random zoom in the range of +20%, and brightness adjustment
needs assessment. First, the classification module must in the range of +20%. These augmentations simulate the
identify seven chili leaf conditions, namely healthy leaf, natural variability in leaf orientation, camera angle, ambient
bacterial spot, Cercospora leaf spot, curl virus, white spot, lighting, and partial occlusion that occur in realistic field
nutrient deficiency, and whitefly infestation, from a single leaf photography conditions, effectively expanding the functional
photograph taken under uncontrolled field conditions. Second, diversity of the training distribution without requiring
the classification must execute locally on the device without additional data collection.
internet connectivity to ensure usability in areas with limited
network infrastructure. Third, when internet connectivity is Table 2. Dataset class distribution across training, validation,
available, the system must generate natural-language and test splits

explanations of the identified disease and context-appropriate

management recommendations. Fourth, the application must . Training Validation Test
e . . . Disease Class  Total o o o
maintain a persistent history of previous analyses to support (70%) (15%) (15%)
longitudinal plant health monitoring within a growing season. Healthy leaf 1,025 718 154 153
These requirements drove the architectural decision to Bacterial spot 985 690 148 147
combine an on-device TFLite CNN with an API-based LLM ClerchSpOtra 1,010 707 152 151
. eaf spo
and a local database for history storage. Curl virus 978 685 147 146
White spot 955 669 143 143
3.2 Dataset description and preprocessing Nutriegt
. 890 623 134 133
deficiency
The experimental dataset was sourced from the publicly Whitefly 871 610 131 130
available Chili Plant Leaf Disease and Growth Stage Dataset Total 6,714 4,702 1,009 1,003
published on Mendeley Data by Nirob et al. [15]. This dataset
was selected based on its comprehensive coverage of clinically The dataset was partitioned into training (70%), validation
relevant chili disease categories prevalent in Southeast Asian (15%), and test (15%) subsets using stratified random
cultivation environments, its inclusion of images captured sampling to ensure proportional class representation across all

2203



splits. Stratified sampling was critical given potential class
imbalance in the source dataset, as it prevents any single class
from being systematically underrepresented in the evaluation
set. Table 2 presents the resulting per-class image counts
across dataset splits.

As illustrated in Table 2, the class distribution is
approximately balanced across the seven categories, with total
counts ranging from 871 (whitefly) to 1,025 (healthy leaf). The
maximum inter-class imbalance ratio is 1.18:1, which falls
within the acceptable range for CNN training without
requiring oversampling corrections. This near-balanced
distribution contributes to the stability of macro-averaged
evaluation metrics across classes.

Figure 1 illustrates the complete dataset preprocessing and
class organization workflow. Raw input images from each of
the seven disease categories are subjected to pixel
normalization (scaling to [0, 1]), resized to 224 x 224 pixels,
and augmented. The resulting preprocessed images are then
partitioned into training, validation, and test subsets before
being fed into the CNN training pipeline.

Input Image

h

Pixel Normalization

h 4

Data Augmentation

h

Dataset Split

v

7 SubClasses:

Healthy Leaf, Bacterial Spot,
Cercospora Leaf Spot, Curl Virus,
White Spot, Mutrition Deficiency,
Whitefly

Figure 1. Dataset preprocessing workflow for chili leaf
disease classification

3.3 Convolutional Neural Network model architecture and
training configuration

The CNN model was designed and implemented using
TensorFlow 2.x with the Keras high-level API. The
architectural design philosophy prioritized a balance between
classification accuracy and computational efficiency, as the
model must execute within the memory and processing
constraints of mid-range Android smartphones. The adopted

architecture follows a sequential convolutional-pooling
feature extraction backbone with a fully connected
classification head, as summarized in Table 3.

The architecture comprises three convolutional blocks, each
consisting of a Conv2D layer followed by a MaxPooling2D
layer. The first convolutional block applies 32 filters of size 3
x 3 with ReLU activation and same-padding, preserving the
spatial dimensions at the input resolution of 224 x 224 pixels.
MaxPooling2D with a 2 x 2 pool size and stride 2 then halves
both spatial dimensions to 112 x 112, progressively
concentrating  spatial  information  while reducing
computational load. The second and third convolutional
blocks apply 64 and 128 filters, respectively, following the
same convolution-pooling structure. This progressive increase
in filter depth allows the network to learn increasingly abstract
feature representations, from low-level edge and color features
in the early layers to disease-specific texture and lesion pattern
features in the deeper layers.

Following the third pooling layer, the 28 x 28 x 128 feature
maps are flattened into a 100,352-dimensional vector and
passed through a Dense layer with 256 units and ReLU
activation. A Dropout layer with a rate of 0.5 is applied after
the Dense layer to randomly deactivate half of the neurons
during each training step, which is the primary regularization
mechanism for preventing overfitting given the relatively large
parameter count of the Dense layer. The output layer consists
of 7 units with Softmax activation, producing a probability
distribution over the seven disease classes.

Figure 2 illustrates the CNN architecture adopted in this
study, showing the sequential arrangement of convolutional,
pooling, and fully connected layers from the 224 x 224 x 3
input to the 7-class probability output vector.

The model was compiled with the Adam optimizer [21] at
an initial learning rate of 0.001, using categorical cross-
entropy as the loss function. The training progression is
visualized in Figure 3, which demonstrates the model's
learning trajectory across epochs with convergence occurring
at epoch 58. The batch size was set to 32, and training was
conducted for a maximum of 100 epochs. Two callbacks were
employed to prevent overfitting and improve training
efficiency: Early Stopping with a patience of 10 epochs
monitoring validation loss, which terminated training when
validation  performance ceased to improve; and
ReduceLROnPlateau with a factor of 0.5 and patience of 5
epochs, which halved the learning rate upon validation loss
plateaus to facilitate finer convergence. Training was executed
on a Google Colab environment with an NVIDIA Tesla T4
GPU, completing in approximately 3.5 hours. The trained
model was subsequently converted to TFLite format using the
TFLite Converter with Float32 precision, producing a model
file of 98.3 MB for on-device deployment.

Table 3. Convolutional Neural Network (CNN) architecture -layer-by-layer summary

Layer Type Configuration Output Shape Parameters
1 Conv2D 32 filters, 3 x 3, ReLU, padding=same 224 x 224 x 32 896
2 MaxPooling2D Pool size =2 x 2, stride=2 112 x 112 x 32 0
3 Conv2D 64 filters, 3 x 3, ReLU, padding = same 112 x 112 x 64 18,496
4 MaxPooling2D Pool size =2 x 2, stride = 2 56 x 56 x 64 0
5 Conv2D 128 filters, 3 x 3, ReLU, padding = same 56 x 56 x 128 73,856
6 MaxPooling2D Pool size =2 x 2, stride =2 28 x 28 x 128 0
7 Flatten — 100,352 0
8 Dense + Dropout 256 units, ReLU, Dropout rate = 0.5 256 25,690,368
9 Dense (Output) 7 units, Softmax 7 1,799
Total Trainable parameters 25,785,415
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Figure 2. Convolutional Neural Network (CNN)-based chili leaf disease classification architecture

(a) Training and Validation Accuracy

Loss

1. — —_—
0.91 Train: 0.7476
0.8 T— \
- T—)
)
C 071
=1
o
<
0.6 1
0.5 Early Stopping
(Epoch 58)
= Training Accuracy
0.4 — = Validation Accuracy
10 20 30 40 50
Epoch

(b) Training and Validation Loss

2.5 == Training Loss

= = Validation Loss

Early Stopping
(Epoch 58)

Epoch

Figure 3. Training and validation accuracy and loss curves (early stopping at epoch 58)

3.4 Large Language Model integration and structured
prompt engineering

The LLM component of the system was designed to address
the critical limitation of label-only classification output by
generating natural-language explanations that describe the
identified disease, its causal organism, characteristic visual
symptoms, and recommended control and prevention
measures appropriate to smallholder chili farming contexts in
Indonesia. GPT-40 (OpenAl API, model version: GPT-4o-
2024-08-06) was selected as the underlying LLM for this
integration, based on its demonstrated performance in domain-
specific knowledge generation tasks, its structured output
reliability, and its support for system-level role definition that
enables behavior constraint through prompt engineering [12,
19].

The LLM integration is implemented through a structured
prompt-engineering pipeline, which constitutes the primary
technical novelty of the LLM component. Rather than issuing
open-ended queries to the LLM API, the system constructs a
constrained prompt from a fixed template that incorporates the
CNN classification output. This structured approach is
motivated by established findings in the prompt engineering
literature that unconstrained queries to LLMs significantly
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increase hallucination probability, particularly in specialized
domain contexts where the LLM's internal knowledge may
conflict with ground-truth agricultural science [12]. The
prompt template applied in this system is as follows:

System role: You are a certified agricultural expert
specializing in chili (Capsicum annuum L.) cultivation
and disease management in Southeast Asia. Provide only
factually accurate, evidence-based agronomic guidance.
Do not speculate or infer beyond the given disease label.

User prompt: A chili leaf image has been classified as
[DISEASE LABEL] with a model confidence score of
[CONFIDENCE]%.

Please provide the following, structured clearly:

(1) Brief disease description and its primary causal agent,
(2) Characteristic visual symptoms observed on chili
leaves,

(3) Recommended control and prevention measures
suitable for smallholder farmers in Indonesia,

(4) Recommended follow-up action if confidence score <
75%.

Limit the total response to 200-250 words.



ANDROID APPLICATION DESIGN: LOCAL CNN AND CLOUD LLM INTEGRATION

ANDROID DEVICE (On-Device)

Chili Leaf
Image Input

Label & Data via API

CLOUD SERVICE (LLM)

Preprocessing
(Resize, Normalization)

Large Explanation &
Language — Recommendation[]
Model (LLM) (Text)

Text-Based
Reasoning
(Informative)

CNN Model
(TFLite)

APPLICATION INTERFACE
(Flutter)

Classification Output
(Label & Confidence
Level)

Classification Result:
[Disease Label]

Confidence:
Explanation & Recommendation:
[Description, Cause, Solution] [

[XX%]

Explanation &
Recommendation

Local Inference
(Efficient)

Integrated, Accurate,
& Applicable Solution

Figure 4. Convolutional Neural Network (CNN) and Large Language Model (LLM) integration workflow across application
interface, device, and cloud service layers

This structured prompt template constrains the LLM
response space in four critical ways. First, the explicit system
role definition anchors the model's persona to certified
agronomic expertise, reducing the probability of generic or
non-agricultural responses. Second, embedding the specific
disease label from the CNN output prevents the LLM from
speculating about alternative diagnoses. Third, the four-part
structured output format enforces response organization and
ensures that all agronomically critical information types
(etiology, symptomology, management, follow-up) are
consistently present. Fourth, the inclusion of the CNN
confidence score as an explicit input parameter enables the
LLM to conditionally escalate its response when model
certainty is low, advising farmers to consult a human expert
rather than acting on a potentially unreliable classification.

To further mitigate hallucination risk and improve response
consistency, the following API parameters were applied:
temperature = 0.3 (low randomness to favor factual precision
over creative variation); maximum output tokens 400
(preventing excessively verbose responses); and top p = 0.9
(nucleus sampling to maintain output diversity within high-
probability token space). An offline fallback mechanism was
implemented for cases where internet connectivity is
unavailable: pre-authored static summaries for each of the
seven disease categories are stored in the application's local
asset bundle and displayed in place of LLM-generated content
when API access fails. Average LLM API response latency
was measured at 1,240 ms under standard 4G mobile network
conditions across 30 consecutive test queries, which is
acceptable for non-time-critical advisory use cases.

Figure 4 illustrates the CNN and LLM integration
workflow, depicting the data flow from the Android device
interface through the TFLite inference engine to the cloud-
based LLM API and back to the application display layer. The
workflow shows three core processing layers: the application
interface layer (user-facing input/output), the device layer (on-
device TFLite inference), and the cloud service layer (LLM
API query and response processing).
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3.5 Android application implementation

The Android application was developed using the Flutter
framework (version 3.10) with Dart as the primary
programming language, targeting Android API level 21
(Android 5.0) and above to ensure compatibility with the
majority of Android devices currently deployed in Indonesian
agricultural contexts [14, 20]. Flutter's widget-based cross-
platform architecture was selected to facilitate potential future
extension of the application to iOS platforms without
substantial code restructuring.

The TFLite CNN model was integrated using the
tflite_flutter plugin (version 0.10.4), which provides native
bindings to the TFLite interpreter for efficient on-device
inference. The model file (98.3 MB) is bundled as a local asset,
enabling fully offline classification without any network
request. The application maintains an SQLite local database
using the sqflite package for persistent storage of analysis
history records, each of which contains the leaf image
thumbnail, classification result, confidence score, LLM-
generated explanation (or static fallback), and analysis
timestamp.

The image acquisition workflow supports two input
modalities: real-time camera capture using the device's rear-
facing camera through the image picker plugin, and gallery
image selection for retrospective analysis of previously
captured photographs. Prior to inference, the input image
undergoes the same preprocessing pipeline applied during
training: resizing to 224 x 224 pixels and normalization to the
[0, 1] float range. The TFLite interpreter returns a 7-element
probability vector, from which the argmax operation identifies
the predicted class, and the corresponding probability value is
reported as the confidence score.

Figure 5 shows the activity diagram of the complete
application workflow. The diagram illustrates the sequential
interaction between the user, the Android application
interface, the TFLite inference engine, and the LLM API,
including the conditional branching logic for online versus
offline operation and the history recording functionality.
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Figure 5. Activity diagram of Android-based chili leaf
disease classification system

3.6 Evaluation framework

The evaluation of the proposed system was conducted
across four complementary dimensions to provide a
comprehensive assessment of both technical performance and
practical deployment viability.

*Classification performance evaluation: The CNN model
was evaluated on the held-out test set of 1,003 images using
standard classification metrics: accuracy, precision, recall, and
Fl-score, computed both at the macro-average level and
individually per disease class. The confusion matrix was
generated to identify inter-class misclassification patterns. All
metrics were computed using sklearn.metrics from scikit-learn
1.3.0.

*Mobile benchmarking: On-device inference performance
was measured on a Xiaomi Redmi Note 11 (Qualcomm
Snapdragon 680 processor, 4 GB RAM, Android 12).
Inference latency was recorded as the mean duration over 100
consecutive inference calls using the device's System Clock.
Elapsed Realtime timer. Memory consumption was measured
via Android Profiler during active inference. Battery
consumption was estimated using Android's Battery Manager
API across a standardized 100-inference test sequence.

*LLM output expert validation: Two certified agronomists
with a minimum of five years of experience in chili disease
management independently evaluated 35 LLM-generated
responses (five per disease class) using a structured 5-point
Likert scale across three criteria: (1) factual accuracy of
disease description and etiology, (2) relevance and
practicability of management recommendations for
Indonesian smallholder farming conditions, and (3) language
clarity and comprehensibility for a non-expert audience. Inter-
rater reliability was computed using Cohen's Kappa (k).

*Functional black-box testing: Systematic functional testing
was conducted to verify correct behavior of all application
modules under normal, edge-case, and error conditions,
including image input handling, classification and confidence
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display, LLM response generation, offline fallback activation,
history record creation and retrieval, and guide module
navigation.

4. RESULTS AND DISCUSSION
4.1 Android application interface and functional testing

The proposed system was successfully implemented as a
fully functional Android application comprising four primary
feature modules: disease classification, analysis history, guide
& education, and a contextual dashboard. Comprehensive
black-box functional testing confirmed that all modules
operated correctly across the tested device configurations,
with no critical failures observed during 150 test sessions
covering normal operation, low-connectivity scenarios, and
invalid input handling.

Figure 6 presents the application dashboard interface. The
dashboard serves as the primary navigation hub, displaying a
personalized welcome message, the user's geographic location
derived from the device's GPS module, a quick-access grid for
the four main features, and a dynamically updated tip of the
day section that rotates through pre-authored preventive
cultivation advice for chili disease management. The
dashboard design follows material design 3 guidelines
implemented through Flutter's theming system, with a clean
card-based layout optimized for readability under field
lighting conditions on mid-range displays.

The disease classification module, shown in Figure 7,
constitutes the core functional component of the application.
Upon selecting the classification feature from the dashboard,
the user is presented with two image acquisition options: real-
time camera capture and gallery image selection. The real-time
camera mode activates the device's rear-facing camera through
the image picker plugin, displaying a live viewfinder with a
centered leaf framing guide to assist the user in correctly
positioning the leaf specimen for optimal classification
accuracy. Gallery mode allows retrospective analysis of
previously captured photographs stored on the device. After
image acquisition, the selected image is displayed in a preview
card with a Classify button that initiates the preprocessing and
TFLite inference pipeline.

Hello,
Welcome !! %
m Disease Classification
Detect chill analysis results
‘ @ Analysis History ‘

View previous analysis results
Guide & Education ‘

Chili plant care tips

Use clean water when watering plants to prevent
disease spread through contaminated water.

Tip of the Day

Figure 6. Android application dashboard page



Figure 8 shows the classification result page displayed after
a successful inference. The result page presents the predicted
disease class, the confidence score as a percentage, a visual
confidence indicator bar, and the LLM-generated explanation
in a scrollable card below the classification summary. The
explanation card is structured into four sections corresponding
to the LLM prompt template: disease overview, causal agent,
visual symptoms, and recommended management actions. A
Save to History button allows the user to persist the result to
the local SQLite analysis history database. If the LLM API is
unavailable, the static offline explanation for the predicted
class is displayed in place of the API-generated content, with
a clear offline indicator badge.

4.2 Guide and education feature

The guide & education module, presented in Figure 9, was

designed to improve disease literacy among smallholder chili
farmers by providing structured educational content within the
application. The module comprises three content sections
organized in a tabbed navigation layout. The first section, chili
life cycle, presents an illustrated overview of the phenological
stages of chili plant development from germination through
fruiting, with nutritional and cultivation management notes for
each stage. The second section, disease encyclopedia, provides
detailed entries for all seven disease categories supported by
the classification model, each including a textual description
of the disease, its causal agent, characteristic symptom profile,
epidemiological conditions favoring disease development, and
recommended integrated pest and disease management
(IPDM) strategies. The third section, application guide,
provides step-by-step usage instructions with annotated
screenshots to support first-time users unfamiliar with
smartphone-based agricultural tools.

Upload Chili Leaf Photo

Ensure image is clear and focused

Camera

=

Gallery

Camera

START ANALYSIS

-

Gallery

Figure 7. Chili leaf disease classification page-camera and gallery input options

Nutrition_Deficiency

Accuracy: 99.1%

2026-02-05 13:39

Explanation & Recommendation (LLM)
Dear farmers in Padang, as your Digital
Agricultural Expert, | understand your
concerns when your chili leaves show signs
of distress. What you're likely seeing is not a
disease caused by pests or pathogens, but a
onboRclonetiia s
disorder where your plants simply aren't
getting enough essential "food.” Look for
unique symptoms like leaves turning yellow
between the veins while the veins themselves
remain green, or overall stunted growth and
pale foliage. In Padang, with its abundant
rainfall and often acidic soils, February's

|® Select New Image

nutrients like nitrogen and potassium from
the soil, washing them away before roots can
absorb them. Furthermore, waterlogging from
persistent rain suffocates roots, severely
hindering their ability to take up any available
nutrients, making your chili plants incredibly
vulnerable right now. But don't despair!

We can empower your plants. Start by getting
a soil test to precisely identify which nutrients
are lacking. Based on this, apply balanced
fertilizers, and consider foliar sprays for a
quick nutrient boost directly onto the leaves.

Improve soil drainage to prevent
waterlogging, perhaps by creating raised beds
or adding organic matter like compost, which
also enriches the soil's nutrient-holding
capacity. For a chemical solution, a chelated
multi-micronutrient fertilizer can quickly
address various deficiencies. As a wonderful
local and sustainable option, try applying
fermented plant juice (FPJ) made from
nutrient-rich local weeds or Moringa leaves,
which are easily found and prepared in your
area, providing a natural and effective nutrient

supplement.
@ Take Photo Again

Figure 8. Chili leaf disease classification result page with Convolutional Neural Network (CNN) prediction and Large Language
Model (LLM)-generated explanation
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Q Farming Science, Identify, Care, Harvest

Guide & Education

° Chili Lifecycle
Planting phases & nutrition details

@ Disease Encyclopedia
Diagnosis & Complete Solutions

D App Guide

How to diagnose quickly

Healthy plants start from fertile soil and routine
observation.

o Chili Lifecycle

Planting phases & nutrition details

[ 0-14 Days
Nursery Phase

Critical root formation phase. Use fine soil +
husk charcoal.

. Tip: Keep humidity at 80%. Don't
overwater to avoid damping off disease.
Shade from heavy rain.

15-35 Days
T ing & Early Vi

Plant focuses on stem and leaf growth.
Needs high Nitrogen (N).

. Tip: Perform 'pruning’ (remove water
shoots at lower leaf axils) to focus nutrients
upwards. Install stakes/support sticks.

36-70 Days
Generative (Flowering & Fruiting)

Flower formation phase. Switch fertilizer to
high Phosphorus (P) and Potassium (K).

Guide & Education Guide & Education

Disease Encyclopedia
Diagnosis & Complete Solutions

Bacterial Spot
Bacterial Spot

BACTERIA

Symptoms:

Caused by *Xanthomonas* bacteria, Small
necrotic black spots surrounded by yellow
halos. Leaves yellow and drop severely during
rain.

@ Control & Solution:

[1] Reduce field humidity (pruning). [3]
Avoid overhead watering (sprinklers). [3]
Spray bactericides containing Copper
Hydroxide or Streptomycin sulfate.

Cercospora Leaf Spot
Frogeye Leaf Spot

FUNGUS |

Symptoms:
*Cercospora capsici* fungus. Round spots with
light gray centers and distinct dark brown

edges (like an eye). Often attacks older leaves

. Tip: If flowers drop, plant might lack first.
Calcium or have water stress. Reduce

Nitrogen to avoid excessive foliage.

75+ Days

@ Control & Solution:

[1] Sanitation: Bum fallen/infected leaves.
[2] Adjust planting distance to avoid

Figure 9. Guide and education feature page
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Analysis History

¥ Nutrition_Deficiency s}
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Whitefly
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Cercospora_Leaf_Spot
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~ Whitefly
B Akurasi: 97.9% o
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Nutrition_Deficiency
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lanation & dation (LLM)

Dear farmers in Padang, as your Digital
Agricultural Expert, | understand your
concerns when your chili leaves show signs
of distress. What you're likely seeing is not a
disease caused by pests or pathogens, but a
‘Nutrition Deficiency’ - a physiological
disorder where your plants simply aren't
getting enough essential "food.” Look for
unique symptoms like leaves turning yellow
between the veins while the veins
themselves remain green, or overall stunted

Figure 10. Analysis history list page and history detail page

The inclusion of this educational module is motivated by the
recognition that disease classification alone is insufficient to
drive effective management decisions without the contextual
agronomic knowledge to interpret and act on the classification
result. By integrating educational content directly within the
diagnostic application, the system reduces the dependency on
external information sources and supports a more complete
decision-support experience.

4.3 Analysis history feature

The analysis history module, illustrated in Figure 10,
addresses the practical need for longitudinal plant health
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monitoring within a cultivation season. Each completed
classification analysis is automatically logged to a local
SQLite database record containing the leaf image thumbnail,
classification result, confidence score, disease explanation
text, and UTC-aligned timestamp. The history list view
displays records in reverse chronological order, enabling users
to quickly identify the most recent diagnoses. Tapping any
history entry navigates to a detail view that reproduces the full
classification result and LLM explanation, identical to the
original result page. This feature enables farmers and
agricultural extension officers to track disease progression
across multiple leaves or plants over time, identify recurrence
patterns, and evaluate the effectiveness of applied treatments



between monitoring intervals.

4.4 Convolutional Neural Network -classification

performance

The CNN model was evaluated on the 1,003-image test set
to assess its generalization performance on previously unseen
data. Table 4 reports the overall classification metrics, and
Table 5 presents the per-class breakdown of precision, recall,
and F1-score derived from the full confusion matrix analysis.

Table 4. Overall Convolutional Neural Network (CNN)
model classification performance on test set (n = 1,003)

Metric Score

Overall accuracy 0.9910 (99.10%)
Macro-average precision 0.9912
Macro-average recall 0.9908
Macro-average F1-score 0.9910
Weighted-average F1-score 0.9911
Total test samples 1,003

Table 5. Per-class Convolutional Neural Network (CNN)
performance on test set

Disease Class Precision Recall Fl- Support
Score (n)
Healthy leaf 0.994 0.993 0.994 153
Bacterial spot 0.993 0.993 0.993 147
Cerco:ggfa leaf 0087 0987 0987 151
Curl virus 0.993 0.993 0.993 146
White spot 0.986 0.986 0.986 143
Nutrient 0992 0985  0.988 133
deficiency
Whitefly 0.985 0.992 0.988 130
Macro average 0.9914 0.9899  0.9904 1,003

The model achieved an overall accuracy of 99.10% on the
test set, with macro-average precision, recall, and F1-score all
exceeding 0.99. These results are consistent with, and in
several cases exceed, the performance reported in comparable
CNN-based chili disease classification studies [10]. The per-
class analysis in Table 5 reveals that all seven disease
categories achieved F1-scores above 0.986, indicating highly
consistent performance across the class spectrum. The lowest
individual F1-scores were observed for white spot (0.986) and
whitefly (0.988), both of which involve relatively diffuse,
multifocal symptom patterns that exhibit greater inter-class
visual similarity with Cercospora leaf spot and nutrient
deficiency respectively.

The confusion matrix for the test set is presented in Figure
11. The matrix confirms that the dominant classification errors
occur between visually similar class pairs: one Cercospora leaf
spot sample was misclassified as white spot, one white spot
sample as Cercospora leaf spot, one nutrient deficiency sample
as bacterial spot, one whitefly sample as nutrient deficiency,
and one bacterial spot sample as healthy leaf. These five
misclassifications out of 1,003 test samples are consistent with
the known visual overlap between early-stage lesion patterns
of these class pairs and do not indicate a systematic weakness
in the model.

It is important to contextualize these results within the
limitations of the evaluation dataset. The test set was drawn
from the same source dataset as the training data, meaning that
the reported metrics reflect in-distribution generalization
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performance rather than performance under real-world field
conditions. In practical field deployment, additional
performance-reducing factors may be encountered, including
variable and non-uniform field illumination, complex natural
backgrounds (soil, adjacent foliage), partially occluded or
damaged leaves, mixed-symptom presentations in co-infected
plants, and image blur from handheld camera motion. These
factors are expected to reduce accuracy below the reported
laboratory-condition benchmark. Future work incorporating a
purpose-collected real-field evaluation dataset is necessary to
characterize the model's true operational performance
envelope, as discussed in Section 5.

Confusion Matrix

Healthy
Leaf

153 o o

140

Bacterial
Spot

- 120

Cercospora
Leaf Spot

Curt
Virus

True

60
Whits
Spot o o 1 o o o
40
Nutrient
Deficiency o 1 o o o o
20
Whitefly 0 1] (1] 1] 0 1 H 0
S . @, S & & &
AN s S o ¥ X
N &8 P (o3 s O &
2 i~ & $ & L€ $
N SR & R & K S &

Predicted

Figure 11. Confusion matrix of Convolutional Neural
Network (CNN) classification performance on test set (n =
1,003)

4.5 Mobile deployment performance benchmarking

On-device inference performance is a critical practical
requirement for an agricultural decision-support application
targeting deployment in rural environments with variable
connectivity. Table 6 summarizes the mobile benchmarking
results obtained on the primary test device (Xiaomi Redmi
Note 11, Qualcomm Snapdragon 680 processor, 4 GB RAM,
Android 12). Latency measurements represent the mean of 100
consecutive inference calls on the same test image to isolate
the inference component from image acquisition overhead.

The average on-device inference latency of 87 ms is well
within the sub-second threshold considered acceptable for
responsive mobile user interfaces. From the user's perspective,
the delay between tapping the Classify button and receiving
the classification result is imperceptible in practical use. The
peak RAM consumption of 48 MB represents a modest
footprint relative to the 4 GB RAM available on the test device
and remains within acceptable bounds for mid-range Android
devices with 2-3 GB RAM. Battery consumption of 0.31 mAh
per 100 inferences indicates that the application can perform
approximately 1,000 classifications on a standard 4,500 mAh
smartphone battery before consuming 10% of battery capacity,
which is negligible for typical field usage sessions.

The TFLite model file size of 98.3 MB is noted as a
potential limitation for deployment on devices with
constrained internal storage. Future work may explore TFLite
post-training quantization (INTS8 or FP16) to reduce the model



file size by 2-4x while accepting a small accuracy trade-off,
as well as knowledge distillation to a smaller student
architecture.

The LLM API average response latency of 1,240 ms under
4G connectivity conditions is acceptable for an advisory
function where the user does not expect instantaneous results.
However, in areas with weaker 3G or EDGE connectivity, API
latency may increase substantially, further justifying the
offline static-fallback design. The offline mode ensures that
core classification functionality remains fully available
regardless of network conditions.

Table 6. Mobile inference and application programming
interface (API) performance benchmarking

Performance Metric Measured Value

TFLite model file size 98.3 MB
Average on-device inference latency 87 ms (+ 4.2 ms)
Peak RAM 'consumptlon during 48 MB
inference
Battery usage per 100 inferences 0.31 mAh

LLM API average response latency
(4G)

Target test device

1,240 ms (£ 180 ms)

Xiaomi Redmi Note 11,
Android 12
Android 5.0 (API Level

Minimum supported android version 21)

Note: LLM = Large Language Model, TFLite = TensorFlow Lite, API =
application programming interface.

4.6 Large Language Model output quality expert
evaluation

A key contribution of this study relative to comparable
CNN + LLM integration systems is the systematic expert
evaluation of LLM-generated agricultural recommendations.
Two certified agronomists, both possessing a minimum of five
years of professional experience in horticultural disease

management in West Sumatra Province, independently
evaluated 35 LLM-generated responses (5 per disease class)
using a structured 5-point Likert instrument (1 = Very Poor, 2
=Poor, 3 = Acceptable, 4 = Good, 5 = Very Good) across three
evaluation criteria. Inter-rater reliability was assessed using
Cohen's Kappa coefficient. Table 7 presents the aggregated
evaluation results.

The overall mean Likert score of 4.63/5.00 across all
disease classes and evaluation criteria indicates that expert
agronomists rated the LLM-generated disease explanations
and recommendations as Good to Very Good in quality. The
highest mean scores were observed for Language Clarity
(4.73), suggesting that the structured prompt template was
effective in eliciting responses that are comprehensible to both
expert and non-expert audiences. Factual Accuracy (4.63) and
Recommendation Relevance (4.54) received slightly lower
scores, reflecting the known tendency of LLMs to occasionally
generate recommendations that, while technically accurate in
general terms, may not fully account for local agricultural
context, seasonal timing, or the specific pesticide products
registered for use in Indonesia.

The lowest per-class scores were observed for nutrient
deficiency (4.43 overall), which is consistent with the greater
diagnostic ambiguity of this condition: nutrient deficiency
symptoms can arise from multiple macro- and micro-nutrient
imbalances, and the LLM's general-purpose recommendation
for balanced fertilization was assessed by evaluators as
insufficiently specific relative to the diagnostic complexity of
the condition. This finding suggests that future work should
consider supplementing the LLM prompt with soil nutrient
context or prior fertilization history if such data is available.

The Cohen's Kappa coefficient of x = 0.81 (averaged across
criteria) indicates substantial inter-rater reliability, confirming
that the evaluation scores reflect consistent expert judgment
rather than individual evaluator variability. Values of x > 0.80
are generally interpreted as strong agreement in biomedical
and agricultural research evaluation contexts [22].

Table 7. Expert agronomist evaluation of Large Language Model (LLM)-generated responses (5-point Likert, n = 35 responses)

Disease Class Factual Accuracy Recommendation Relevance Language Clarity Overall Average
Healthy leaf 4.8 4.8 4.9 4.83
Bacterial spot 4.7 4.6 4.8 4.70
Cercospora leaf spot 4.6 4.5 4.7 4.60
Curl virus 4.8 4.7 4.8 4.77
White spot 4.5 4.4 4.6 4.50
Nutrient deficiency 4.4 43 4.6 4.43
Whitefly 4.6 4.5 4.7 4.60
Overall mean 4.63 4.54 4.73 4.63
Cohen's Kappa (k) 0.81 0.79 0.84 0.81

5. CONCLUSIONS

This study developed, implemented, and evaluated an
Android-based chili leaf disease classification system that
integrates a CNN for visual disease classification with a LLM
for contextual natural-language explanation and management
recommendation generation. The system makes three original
contributions to the field of intelligent agricultural decision-
support systems. First, a lightweight CNN architecture was
designed and converted to TFLite format for fully offline on-
device inference on mid-range Android smartphones,
achieving 99.10% overall classification accuracy across seven
disease categories with an inference latency of 87 ms. Second,
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a structured prompt-engineering pipeline was developed to
translate CNN classification outputs into semantically
constrained LLM queries, incorporating disease labels,
confidence scores, and explicit output format requirements to
minimize hallucination risk and ensure agronomically relevant
responses. Third, LLM output quality was systematically
validated by two certified agronomists using a structured
Likert evaluation protocol, yielding an overall mean score of
4.63/5.00 with Cohen's Kappa of 0.81, providing the first
quantitative quality assurance evidence for an integrated CNN
+ LLM plant disease advisory system of this type.

Mobile benchmarking demonstrated that the system is
practically deployable on mid-range Android devices widely



accessible to Indonesian smallholder farmers, with a peak
RAM footprint of 48 MB, battery consumption of 0.31 mAh
per 100 inferences, and offline classification capability that
eliminates dependency on network infrastructure. The LLM
API response latency of 1,240 ms under 4G conditions is
acceptable for advisory use and is supplemented by a static
offline fallback for connectivity-limited environments. The
complementary guide & education module and analysis
history feature further enhance the system's value as a
comprehensive field-deployable precision agriculture tool
aligned with the Agriculture 4.0 transformation agenda in
Indonesia.

Several limitations must be acknowledged to contextualize
the reported findings appropriately. The CNN classification
performance was evaluated exclusively on the Mendeley Chili
Plant Leaf Disease dataset, which was collected under partially
controlled conditions [23]. Real-world field deployment is
expected to introduce accuracy-reducing factors including
natural background complexity, variable illumination, motion
blur, and mixed-symptom co-infection presentations, which
are not represented in the current evaluation. The LLM
component incurs API usage costs and requires internet
connectivity for full functionality. The system's disease scope
is currently limited to chili as a single crop species. The TFLite
model file size of 98.3 MB may constrain deployment on
devices with limited internal storage.

Future work should address these limitations across five
research directions. First, a field evaluation campaign should
be conducted to collect annotated leaf images from operational
chili farms under natural conditions and use these to re-
evaluate and retrain the model for real-world robustness.
Second, Gradient-weighted Class Activation Mapping (Grad-
CAM) should be integrated to generate saliency map overlays
that visualize the CNN's decision-relevant image regions,
providing both transparency for expert validation and
educational value for farmer users. Third, post-training
quantization (INT8) should be applied to reduce the TFLite
model file size and improve inference speed while
characterizing the accuracy trade-off. Fourth, the system
should be extended to additional high-value horticultural crops
in Indonesia, such as tomato, shallot, and potato, through
multi-task or transfer learning frameworks. Fifth, the
feasibility of replacing the cloud-based LLM with a locally
deployed lightweight open-source language model (e.g., Phi-
3-mini or TinyLlama) should be investigated to eliminate API
dependency and operational cost.
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