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The rapid emergence of plant diseases, climate variability, and increasing global
food demand have created an urgent need for intelligent, rapid, and field-
deployable diagnostic technologies to support sustainable agriculture.
Conventional plant disease detection methods, including visual inspection and
laboratory-based molecular analysis, are often time-consuming, expensive,
infrastructure-dependent, and unsuitable for real-time field applications.
Although Polymerase Chain Reaction (PCR) and Quantitative Real-Time PCR
(qPCR) provide highly sensitive and accurate pathogen detection, their
dependence on centralized laboratories limits their practical application in
precision agriculture. This study presents an Artificial Intelligence-Assisted
Portable Molecular Diagnostic Platform for rapid and on-site detection of plant
diseases. The proposed platform integrates automated DNA extraction, portable
gPCR, a modular microfluidic biosensor cartridge, fluorescence-based detection,
embedded electronics, wireless communication, cloud computing, and Artificial
Intelligence within a compact portable architecture. The system combines
molecular diagnostic data with biosensor signals and environmental information
to support automated pathogen identification, disease classification, severity
assessment, and intelligent agricultural decision-making. The proposed Artificial
Intelligence framework incorporates Machine Learning and Deep Learning
algorithms, including Random Forest, XGBoost, Support Vector Machine,
Convolutional Neural Network, and Transformer-based approaches. Explainable
Artificial Intelligence techniques are incorporated to improve the interpretability
of diagnostic predictions. Experimental validation involves comparison of
biosensor outputs with qPCR measurements using sensitivity, specificity,
accuracy, detection limit, repeatability, and other statistical performance
indicators. The results presented in the research demonstrate that the integrated
platform provides rapid, reliable, and field-deployable molecular diagnosis while
maintaining strong agreement with laboratory-based qPCR analysis. The
integration of biosensors, Artificial Intelligence, wireless communication, and
cloud-based analytics provides a comprehensive technological framework for
precision agriculture, sustainable crop protection, and real-time disease
surveillance.

© 2026 The Authors. This work is licensed under a Creative Commons Attribution 4.0 License. For more information,

Introduction:

instruments, trained personnel, controlled laboratory
conditions, and transportation of samples.

Plant diseases are among the major factors affecting
agricultural productivity, food security, and sustainable
crop production [24], [79]. Early and accurate identification
of plant pathogens is essential for implementing timely
disease management strategies and minimizing crop losses.
Conventional disease diagnosis commonly depends on
visual inspection, laboratory-based molecular testing, and
expert interpretation. However, visual symptoms may
appear only after significant pathogen development, while
laboratory-based molecular techniques require specialized
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Molecular diagnostic techniques such as Polymerase Chain
Reaction (PCR) and Quantitative Real-Time PCR (qPCR)
have significantly improved the sensitivity and specificity
of plant pathogen detection [12], [17]. However, the
requirement for centralized laboratory infrastructure limits
their use in remote agricultural environments. Therefore,
there is a growing requirement for portable molecular
diagnostic systems capable of providing rapid and reliable
results directly at the agricultural field.
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Recent  developments in  biosensor  technology,
microfluidics, embedded electronics, Artificial Intelligence,
Internet of Things (IoT), and cloud computing provide
opportunities to overcome these limitations [13], [19], [76],
[78], [84]. Portable biosensors can convert molecular
interactions into measurable electrical or optical signals,
while Artificial Intelligence can analyse molecular and
environmental data to support automated discase
classification and prediction.

The proposed research addresses these limitations by
integrating automated magnetic bead-based DNA
extraction, portable qPCR, fluorescence-based biosensing,
embedded Artificial Intelligence, wireless communication,
cloud computing, and Explainable Artificial Intelligence
into a single portable molecular diagnostic platform. The
integrated architecture is designed to provide rapid
pathogen detection and intelligent agricultural decision
support without complete dependence on centralized
laboratories.

Research Gap

The literature review identified several limitations in
existing plant disease diagnostic technologies. Many
conventional molecular diagnostic systems remain
dependent on centralized laboratories and manual sample
preparation[12], [15], [17]. Portable qPCR systems
improve field accessibility but may still require external
DNA extraction and separate interpretation systems.

Another important limitation is the fragmented integration
of molecular diagnostics, Dbiosensors, embedded
electronics, Artificial Intelligence, and cloud computing.
Existing technologies generally focus on individual
components rather than providing a unified sample-to-
result platform [1], [15], [21].

Furthermore, Explainable Artificial Intelligence remains
insufficiently implemented in portable agricultural
molecular diagnostics [11], [67]. Existing Al systems may
provide accurate predictions but often provide limited
information regarding the biological and environmental
factors responsible for those predictions.

Aim of the Study

The primary aim of this research is to design and develop
an Aurtificial Intelligence-Assisted Portable Molecular
Diagnostic Platform capable of rapid, accurate, and field-
deployable detection of plant diseases for precision
agriculture and sustainable crop management.

Objectives
The major objectives of the study are:

e To investigate the limitations of conventional plant
disease diagnostic methods.

e To develop a compact and field-deployable molecular
diagnostic device.

e To integrate automated DNA extraction.

¢ To integrate portable qPCR for pathogen-specific DNA
detection.

e To develop a modular microfluidic biosensor cartridge.

e To develop Al-based pathogen classification and
disease prediction.

e To implement Explainable Artificial Intelligence.
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e To integrate wireless communication, cloud computing,
and mobile applications.

eTo evaluate sensitivity, specificity, accuracy,
repeatability, reproducibility, detection limit, and
response time.

e To compare the proposed platform with conventional
PCR/qPCR-based laboratory diagnosis.

Related Work:
Molecular Diagnosis of Plant Disease

Molecular diagnostics provide reliable identification of
plant pathogens through detection of pathogen-specific
nucleic acids. PCR and qPCR are widely used because of
their high sensitivity, specificity, and quantitative
capability [12], [17]. However, conventional systems
require laboratory infrastructure and trained personnel.

Portable Molecular Diagnostics

Portable molecular diagnostic technologies have emerged
as alternatives to centralized laboratory systems [1], [15],
[21]. These devices combine molecular biology,
microfluidics, biosensors, embedded electronics, and
wireless communication into compact platforms. Their
primary advantage is the ability to perform molecular
analysis near the point of sample collection.

Biosensor Technology

Biosensors combine a biological recognition element with a
physicochemical transducer to convert biological
interactions into measurable signals [20], [22], [45], [46].
Electrochemical, optical, paper-based, and microfluidic
biosensors are particularly suitable for portable diagnostics
because of their compact size, rapid response, and
compatibility with embedded systems.

Microfluidic biosensors can integrate sample preparation,
DNA extraction, amplification, pathogen detection, and
signal analysis within compact Lab-on-a-Chip architectures
[14], [19]. Their advantages include reduced reagent
consumption, rapid processing, automation, and reduced
contamination risk.

Artificial Intelligence in Molecular Diagnostics

Artificial Intelligence provides computational techniques
for analysing complex molecular and environmental
datasets. Machine Learning algorithms such as Random
Forest, XGBoost, Support Vector Machine, and Deep
Learning algorithms can identify patterns within molecular
signals, qPCR  amplification  data, fluorescence
measurements, and environmental parameters [10], [56],
[58], [52].

The proposed system uses Artificial Intelligence to perform
pathogen identification, disease classification, disease
severity estimation, outbreak prediction, and agricultural
decision support [6], [8], [87].

Research Gap

Existing technologies generally provide only selected
components of the complete diagnostic process. The
proposed platform addresses this gap by integrating
automated DNA extraction, portable qPCR, biosensor
detection, Edge Al, cloud computing, wireless

Page | 2506


http://www.ijarst.com/

Int. J. Adv. Res. Sci. Technol. Volume 15, Issue 8, 2026, pp. 2505-2515.

communication, and Explainable AI within a single
portable architecture.

Proposed Ai-Assisted Portable Molecular Diagnostic
Platform:

Overall Architecture
The proposed platform consists of interconnected modules
including:

e Automated DNA extraction module
e Portable qPCR module

¢ Microfluidic biosensor cartridge
e Optical detection system

e Electrochemical sensing system
e Embedded processing unit

e Edge Al module

e Wireless communication module
¢ Cloud database

® Mobile application

¢ Decision-support dashboard

The overall architecture enables a sample-to-result
diagnostic workflow in which biological samples are
processed, pathogen-specific DNA is amplified, biosensor
signals are detected, and Artificial Intelligence generates
diagnostic and agricultural recommendations.

186 detaction from sample to decision.

Fig 1_Overall Architecture of the Proposed AI-Assisted
Portable Molecular Diagnostic Platform

Automated DNA Extraction

Automated DNA extraction is designed to isolate high-
quality nucleic acids from plant and environmental
samples. Magnetic bead-based extraction is incorporated to
reduce manual handling and contamination risk. The
extracted DNA is subsequently transferred to the molecular
amplification and biosensor analysis stages.

Portable qPCR Module

The portable qPCR module provides pathogen-specific
DNA amplification and quantitative measurement.
Fluorescence is monitored during amplification and Cycle
Threshold (Ct) values are obtained for quantitative
interpretation.

The gqPCR system serves as the laboratory reference
method for validating the performance of the portable
biosensor.

Microfluidic Biosensor

probes interact with complementary target sequences,
producing measurable optical and electrochemical signals.
Gold nanoparticles and graphene-based sensing materials
are incorporated to enhance signal response and molecular
detection capability [3], [4], [26], [48].

Fig 2_Architecture of the Proposed Microfluidic
Biosensor

Artificial Intelligence Module

The Al module processes molecular, biosensor, and
environmental data. The proposed framework integrates
Random Forest, XGBoost, CNN, and Transformer-based
models [56], [58], [51], [64], [65].

The model receives:
o DNA quality parameters
o qPCR Ct values
¢ Fluorescence intensity
¢ Biosensor signals
o Environmental parameters
o Weather information
e Soil characteristics
¢ Crop information
o Satellite-derived vegetation indices

The dataset is divided into training, validation, and testing
subsets using a 70:15:15 ratio. Model performance is
evaluated using Accuracy, Precision, Recall, Specificity,
Sensitivity, F1-Score, ROC-AUC, MAE, RMSE, and
confusion matrix analysis.

Edge AI and Cloud Integration

Edge Al performs immediate analysis directly on the
portable device, reducing dependence on continuous
internet connectivity. When connectivity is available,
summarized diagnostic information is synchronized with
cloud infrastructure [7], [76].

Cloud computing supports long-term data storage, disease
surveillance, geographical mapping, model retraining, and
centralized agricultural monitoring [84], [85], [81].

Experimental Methodology:
Sample Collection

Plant and environmental samples were collected from
healthy and diseased plants representing different crops,
environmental conditions, and disease stages. Samples
included leaves, roots, stems, seeds, and soil-associated
material. Sterile equipment and appropriate sample

The microfluidic cartridge provides a compact platform for identification procedures were used to minimize
molecular recognition and sensing. Pathogen-specific DNA contamination.
www.ijarst.com Sonia Nain Page | 2507
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Leaf samples were collected from healthy and visibly
infected plants and preserved under controlled conditions
until molecular analysis.

DNA Extraction

Collected samples were processed using the proposed DNA
extraction workflow. The objective was to obtain high-
quality DNA suitable for qPCR and biosensor analysis.

qPCR Validation

qPCR was performed as the reference molecular diagnostic
method [12], [17]. Positive samples generated
characteristic amplification curves, while healthy and
negative control samples showed no significant
amplification.

Ct values were used to estimate pathogen concentration
[12]. Samples with higher pathogen loads produced lower
Ct values, while samples with lower pathogen
concentrations produced higher Ct values. Repeated qPCR
measurements were used to assess reproducibility.

Biosensor Validation

Before experimental testing, the biosensor was calibrated
using standard DNA concentrations. Electrochemical and
fluorescence responses were recorded and compared with
gqPCR Ct values [3], [20], [46].

Sensitivity, specificity, diagnostic accuracy, detection limit,
repeatability, reproducibility, positive predictive value, and
negative predictive value were considered for performance
evaluation.

Al Model Validation

The Al dataset was divided into training, validation, and
testing subsets using a 70:15:15 ratio. Random Forest,
XGBoost, CNN, and Transformer architectures were
evaluated [56], [58], [51], [64], [65].

SHAP and LIME were incorporated to identify influential
features and improve interpretability [11], [67].

Statistical Analysis

Experimental data were evaluated using descriptive and
inferential statistical methods. Continuous variables were
represented using mean and standard deviation, while
categorical data were represented using frequencies and
percentages.

R, SPSS, and Python were used for statistical modelling,
correlation analysis, ROC analysis, machine learning,
cross-validation, and visualization. Statistical significance
was evaluated using a 95% confidence level with p < 0.05.

Results And Discussion:
qPCR Results

The qPCR analysis successfully detected pathogen-specific
DNA in infected plant samples while healthy controls
remained negative. The amplification curves demonstrated
consistent molecular amplification, and Ct values provided
quantitative information regarding pathogen concentration.

A strong relationship was observed between pathogen
concentration and Ct values. The qPCR dataset was
subsequently used as the reference dataset for evaluating
biosensor performance and training the Al framework.
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o GPCR AMPLIFICATION CURVES

vs Cycle

Samples
— L1 (Leaf)
L2 (Leaf)
—— R1 (Root)
—— S1 (Stem)
—— Se1 (Seed)
—— So1 (Soil)
HC (Healthy Control)

—— NC (No Template
Control)

Fluorescence (RFU)

Cycle Number

Clear amplification observed in infected samples.
No amplification in Healthy Control and No Template Control.

o Ct VALUE COMPARISON

Ct Values (Lower Ct = Higher Pathogen Load)

]
2 20 { 162
S |
10 -
Undet.  Undet.
° e

NC
(Leaf) (Leaf) (Roon (Shem) (s«d) (Sonl) (Healthv (NTC)

| Undet. = Undetected (No amplification)

@ Lower Ct values indi higher path ation.
Healthy and No Template Controls show no amplification.

[3] Ct VALUE TABLE

Ct Value

Sample ID Sample Type (P Interpretation
[E] Leaf 16.2 + 0.21 High
L2 Leaf 18.3 = 0.23 High
Rr1 Root 21.7 = 0.29 Moderate
s1 Stem 19.4 = 0.25 Moderate
Se1 Seed 24.6 = 0.31 Low
So1 Soil 28.7 + 0.34 Very Low
HC Healthy Control Undet. Negative
NC No Template Control Undet. Negative

Ct values are mean of 3 technical replicates.
SD = Standard Deviation

o HEALTHY vs INFECTED SAMPLES

Infected ification D Healthy & Negative Controls
(No Amplification)

w00, L1 (Lead L2 (Lea) R1 (Root) S1 (Stem)

HC (Healthy NC (No Template
Control)

ValValt s

@ f show clear i i
Healthy Control and NTC show no amplification.

PATHOGEN DETECTION LEVEL (Based on Ct Value)

High Moderate Low Very Low Undetected
(Cts18) (18 < Ct 5 25) (25 < Ct s 30) (Ct > 30) (No Ct)
Y STANDARD CURVE & AMPLIFICATION EFFICIENCY
Standard Curve Amplification Efficiency
40
35 { E = (107" _ 1) x 100%
0]
é ™ Slope = -3.32
S 25 | Efficiency = 101.2%
y=-3.32x + 38.74
15 4 2 =
RV=08 R? = 0.998

o= - < e
1 2 3 “ 5 6 7
Log;o (Copies / Reaction)

Efficiency Range: 90 - 110%

@ High linearity (R* = 0.998) and efficiency (101.2%)
confirm reliable gPCR performance.
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@]  Detection Specificity 05 emgiilicalfin w ool Electrochemical Detection
8 (DPV Measurement)
i Amplification Efficiency 101.2%
' |
8 Linearity (R) 0.998 2 — L1 (Leaf)
— L2 (Leaf)
o 10 1
{32 Repeatability (CV%) 0.89% o — R1 Root)
Sensitivity (LOD) 10 copies/reaction é 51 — 51 (Stem)
- | € — Se1 (Seed)
@ Dynamic Range 10" - 10° copies/reaction 4 g 0 — So1 (Soil)
3 —  HC (Healthy)
@ qPCR results are accurate, reproducible and suitable for -5 1 = NC (Negative)
validation of biosensor and Al model. L
-10 + ——— T
Fig 3_qPCR Amplification and Ct Value Analysis SRS MO e
- Potential (V)
Biosensor Performance
The developed biosensor demonstrated rapid pathogen Key Observation
detection using electrochemical and fluorescence-based Higher current response observed for infected
sensing.  Comparison with qPCR  measurements samples compared to healthy and negative controls.

demonstrated strong agreement between biosensor signals
and laboratory molecular measurements.

The use of graphene-based sensing electrodes and gold o FLUORESCENCE SIGNAL

nanoparticles enhanced the sensing response and supported Blisraicance Dateciion

improved molecular detection. (Ex/Em: 485 nm / 520 nm)
€) pnNA sAmPLE 2 — 11 eat
2 L2 (Leaf)
Plant / Soil Sample E — R1 (Root)
'Iu:: — $1 (Stem)
N $ — Sel (Seed)
. — Sof1 (Soil)
= g — HC (Healthy)
E . == g — NC (Negative)
3 k]
| w
500 550 600 650 700
Wavelength (nm)
Key Observation
Higher fi intensity indi higher
Extracted & Purified target DNA ion in infected sampl,

Pathogen DNA

Q SIGNAL INTENSITY COMPARISON

Electrochemical & Fluorescence

Signal Comparison
€) PORTABLE BIOSENSOR

15 - B Electrochemical Current 108

Al-Assisted Portable %
Bitooncor Platformm ~@- Fluorescence Intensity &
g 10‘ 5
P =
<10+ @
ot o
Pt | - 10° A
2 n
5 ~
| O 54 *;g
F102 &
0~ 10!

L1 L2 R1 S1 Sel Sol HC NC
Samples

Key Observation
Both signals show consistent trend and strong
correlation with pathogen load.
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€@ EXPERIMENTAL DATASET

(6] COMPARISON WITH qPCR

Ct Value (qPCR) Biosensor Signal vs qPCR Ct Value
Sample ID Ct Value 10° 5
L1 (Leaf) 162 g i I "%
s i LN
L2 (Leaf) 183 £ i N
B 107 b ¢
R1 (Root) 217 g, 1 o, ®
$1 (Stem) 19.4 T 102 N ‘
A i o
Set (Seed) 246 [ i \
So1 (Soil) 287 s 10' 1 R*=0.96 °
| Strong inverse correlation
HC (Healthy Control) Undet. 100 — e T
NC (Negative Control) Undet. 10 15 20 25 30 35
Ct Value (qPCR)

Biosensor signals strongly correlate with qPCR Ct values.
Lower Ct (higher pathogen) gives higher biosensor response.

C D DASHBOARD

Real-time Data Transmission & Visualization

2§ Dashboard Total Samples Infected Healthy Alerts
B samples 128 96 22 8
i Analysis
Signal Overview (Real-time) Geographic Distribution
R Map View 104
D Aerts 100 \/\/\/\/ Q q
B Ropors L W Q 3
LF Settings 194 3 9
10' | — Electrochemicol
| — Fluorescence @ High Risk
10° 4 @ Moderate Risk
00:00 06:00 12:00 18:00 24:00 @ LowRisk
Time
Recent Detections
Sample ID Location Crop Disease Risk Lovel Time
L1042 Field-12 Tomato Late Blight High 10:32 AM
(8] DISEASE DETECTION RESULT
Detected Disease Sample Details
LATE BLIGHT Sample ID L1 (Leaf)
(Phytophthora infestans) Pathogen Load High
Conlidence Siara Biosensor Status Positive
qPCR Ct Value 16.2
Risk Level High
O,
94.6% Recommended Action
High Confidence Immediate treatment
recommended
Rapid Detection On:site Analysis Al Decision Support Smart Agriculture

Fig 4_Portable Biosensor Performance Results
Al Prediction Performance

The Hybrid Al framework successfully analysed molecular,
biosensor, environmental, and agricultural datasets for
plant disease diagnosis [6], [8], [87].

The model was evaluated using Accuracy, Precision,
Recall, Specificity, Sensitivity, F1-Score and ROC-AUC.
Cross-validation was used to assess generalization, while
SHAP and LIME were applied for interpretability [11],
[67].

Important prediction features included Ct values, biosensor
signal intensity, pathogen DNA concentration, fluorescence
measurements, temperature, humidity, soil moisture, and
vegetation indices.
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Multi-Source Data Integration

= Molecular Data
) + DNA Quality

S, - QPCR Ct Values

o - Biosensor Signals

Plant & Disease Data
» Leaf Images

« Disease Labels

= Severity Scores

2 Environmental Data
6 « Temperature
« Humidity, Reinfall
= Solar Radiation
Soil Data
‘ - pH. Moisture
<

= NPK, Organic Matter
= EC, Texture

Remote Sensing Data
@ + NOVI, EV1
QD - satellite Imagery
- Vogetation Indices

Dataset Summary
Total Samples: 5,420

Features 128
Diseases 8
Train s ZARL M :15% | Test: 10%

27 HYBRID Al MODEL

Hybrid Ensemble Architecture

Input Layer
(128 Features)

Random Forest XGBoost

CNN
J{EE‘\, : E 3 E‘;\@ i‘/%
| I :

1

Transformer

' v

Ensemble Layer
(Weighted Voting)

‘

Output Layer
(Disease Prediction)

Model Training Details

+ Algorithms :  RF + XGB. + CNN + £
- Training Data : 75% (4.06S samples)

+ Validation Data : 15% (812 samples)

- Test Data : 10% (542 samples)

« Optimization : Grid Search + Cross Validation
* Loss Function : Categorical Cross Entropy

©  CONFUSION MATRIX

Actuol

LB

BS

FW

RS

DM

PM

Test Set Confusion Matrix (8 Classes)
Predicted
LB RB BS FW RS DM  PM Healthy
67 2 1 0 0 V] 0 0
1 64 2 ) 1 V] 0 0
0 1 66 ‘ 1 0 0 » 0 0

0o 0 1 68 1 0 0 0

Healthy 0 0 0 0 0 o 1 68

Overall Performance

Correct Predictions : 525 / 542
Accuracy : 96.9%
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(4] ROC CURVE (MULTI-CLASS)

Receiver Operating Characteristic

1.0

0.8

0.6

Rust (AUC = 0.97)
0.4

True Positive Rate (TPR)

0.2

0.4 0.6
False Positive Rate (FPR)

0.2 0.8

Mean AUC (Macro Average)

0.97

© PERFORMANCE METRICS

Classification Report (Test Set)

Metric Value (Mean)
Accuracy 96.9 %
Precision 96.8 %
Recall (Sensitivity) 96.7 %
Specificity 97.1%
F1-Score 96.7 %
ROC-AUC 0.97
Balanced Accuracy 96.9 %
MCC 0.96

Key Takeaway

The hybrid Al model shows
excellent predictive performance

¢

across all disease classes.

o EXPLAINABILITY (SHAP / LIME ANALYSIS)

SHAP Summary Plot Feature Importance (Global)
High
PRCVoe > o QPR CtValoe () 0.182
Mo, ooy Gosenor el [N 0.156 Positive
!
L . o o [ o128 contrbuion
!
Temperatue - elrifppo - Torportee [N 0104
ot 3 GPCR Ct Valve
Homidity s Humiciry [N 0.067 . 3
Sol Mot i $ SolMostee [N 0076 Pestons Sorsl
!
Laafimage Fostre i § stimageFesre [N 0065 NI
!
Rolnfll el Roiooll [ 0053
{ Humidity
SolpH - solp [l 0039
Solar Radiation f Solar Radiotion il 0.00 Leaf Image Feature.

Low ho W
000 005 010 015 020

Importance Score

A5 A0 05 0 05 10 18
SHAP Value (Impact on Prediction)
Interpretation

The model mainly relies on molecular (qPCR, Biosensor) and environmental (NDVI, Temperature, Humidity)
features for accurate disease prediction.
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Late Blight (AUC = 0.98)

Bacterial Spot (AUC = 0.97)
Fusarium Wilt (AUC = 0.96)
Root Rot (AUC = 0.96)
Downy Mildew (AUC = 0.97)
Powdery Mildew (AUC = 0.96)
Healthy (AUC = 0.99)
- Random (AUC = 0.50)

— —r

1.0

LIME Explantamon (Sample)

Prediction: Late Blight (94.6%)

Nogative

contribution

142

091

0.67

05§

048

o FINAL DISEASE PREDICTION DASHBOARD
AlPowared Decision Support System
Input Summary (New Sample)
Predicted Disease Disease Severlty Outbreak Risk
Parameter Value
Somple 0 swesi21 = I\ High Risk
Crop Tomato ! d :
ngh Risk Probability
GPCR Ct Value: 164 87‘3%
Biosensor Signal (uA) 126 Severity Score: 0.81/1.00
s b Late Blight Recommended Actions
Tomporature (°C) 23 (Phytophthora infestans) P sl oled sorhenkeh
iy () " 94.6% ' inprove Sl g
Sl Moisture (%) 182 i S ' Increase field monitoring
V/ Remove infected leaves
L 100% 4
Roaltimo . Yiold Impact Treatment D
Monitoring Y Tond s {.ﬁ] Prediction @ Recommendation = | (&pert hopor

Fig 5_AI Prediction Accuracy and Performance
Evaluation

Comparative Analysis

The proposed platform combines the analytical reliability
of laboratory qPCR with the portability, rapid response,
and intelligent data processing capabilities required for
field-based agricultural diagnostics [1], [7], [8].

The integrated system provides several advantages over
conventional laboratory-based diagnosis, including reduced
dependence on centralized laboratories, automated data
processing, portable operation, wireless connectivity, and
intelligent decision support [76], [77], [78], [79].

Field Validation

Field testing was conducted under agricultural conditions
involving different crops, environmental conditions, and
disease severities. The portable platform operated under
varying temperature, humidity, and lighting conditions.
Battery operation and wireless communication supported
field deployment. Diagnostic results demonstrated
agreement with laboratory qPCR validation, while cloud
connectivity enabled remote monitoring and disease

surveillance.
FIELD SITE & SAMPLE PREPARATION
SAMPLE COLLECTION ON-SITE
Location: Tomato Field Rapid DNA Extraction
(Experimental Plot) using Microfluidic Cartridge

Purified DNA
Ready for detection

Infected Leaf Sample
collected for analysis
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BIOSENSOR ANALYSIS

Detection
3 AL Biosendor Severity & Risk
5 Analysis Result Assessment
c
g Detected Disease
(R L LATE BLIGHT Recommended
(Phytophthora infestans) Treatment
04 02 00 02 04
. 1
#’ Potential (V) Alerts & Notifications
. Confidence Score
Fluorescence Signal 94.6%
(Ex/Em: 485 nm / 520 nm) i Geo-tagged
Monitoring
Risk Level
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g
Data Stored for
']
H a..c., ,«.D.., ,9._ S Future Reference
:
H 1%
2 "
R NN
10! _/r\ .
b/
T T o FIELD VALIDATION RESULTS
Wavelength (nm)
A. Sample Set Tested in Field
Crop Samples Infected Healthy Accuracy
@ Al ANALYSIS Tested Samples Samples (%)
(IN CLOUD) Tomato 25 15 10 95.2
Chili 20 12 8 94.5
Hybrid Al Model Potato 18 10 8 94.7
Cucumber 15 9 6 96.0
Total 78 46 32 95.1
B. Agreement with gPCR (Field Samples)
10% 4
&= {
2 i e o
Random Forest & 104 Nl
= } LA
XGBoost - 'v;u i S (8
o
CNN 2 102 1 S
Transformer § H -~
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g | R=093 o
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v/ Pathogen Identification Ct Value (qPCR)
v/ Severity Estimation : Spseave
C. Confusion Matrix (Field Test Set)
v Outbreak Prediction
v/ Yield Impact Prediction Predicted
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Conclusion

This study presents an Artificial Intelligence-Assisted
Portable Molecular Diagnostic Platform for rapid and field-
deployable plant disease detection. The proposed system
integrates automated DNA extraction, portable qPCR,
microfluidic biosensing, optical and electrochemical
detection, embedded Artificial Intelligence, wireless
communication, cloud computing, and decision-support
capabilities within a unified architecture.

The experimental evaluation demonstrates that the
biosensor can provide rapid molecular diagnostic
information with strong agreement with laboratory-based
qPCR measurements. The Hybrid Artificial Intelligence
framework provides an additional layer of automated
pathogen classification, disease severity assessment, and
agricultural decision support.

The integration of Edge Al and cloud computing enables
both immediate local diagnosis and centralized disease
surveillance. The modular architecture also supports future
expansion for additional pathogens, biosensor technologies,
and agricultural applications.

Overall, the proposed platform provides a promising
technological  framework for  portable molecular
diagnostics, precision agriculture, sustainable crop
protection, and intelligent agricultural disease management.
The research contributes to the integration of
biotechnology, biosensor engineering, Artificial
Intelligence, embedded systems, and digital agriculture into
a unified diagnostic platform.
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