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Abstract: Potato early blight and late blight create substantial agronomic risk, yet leaf-image diagnosis, weather-driven warning, and
transmission modeling are often treated as separate tasks. This paper develops an integrated data-science and intelligent-systems frame-
work that combines convolutional neural network-based symptom recognition, meteorological environmental suitability modeling,
AI-based weather-risk-state learning, and a stochastic susceptible-infected-carrier-recovered transmission mechanism. Leaf-image evi-
dence is drawn from the Potato Disease Leaf Dataset. ResNet50 transfer learning provides a cross-source generalization baseline,
whereas Xception fine-tuning provides the stronger image-classification branch. Weather-risk modeling uses daily temperature, rel-
ative humidity, and rainfall from Chahar Right Front Banner, Ulanqab, situated within an expanded three-growing-season record
(2023–2025). Disease-specific environmental suitability indices are computed using Gaussian temperature, sigmoid humidity, and rain-
fall saturation responses; K-means clustering identifies recurring weather-risk states, and a cross-validated logistic surrogate classifier
learns threshold-defined warning labels. Image performance is strongly protocol-dependent: ResNet50 reached 66.32% accuracy under
a stricter cross-source test, whereas fine-tuned Xception exceeded 95% under the source split, so the two are not directly compara-
ble. August 2025 showed markedly higher suitability than August 2024, and K-means recovered a 16-day high-risk state. Because the
humidity-complete window is limited to two August periods (62 days), these warning-state results are demonstrative rather than broadly
generalizable. The study contributes a transparent, modular, and reproducible early-warning framework while explicitly distinguishing
surrogate warning-state learning from field-validated disease-incidence prediction.
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1. Introduction

Potato production is exposed to biologically complex and
environmentally sensitive disease pressures. Early blight, com-
monly associated with Alternaria solani, and late blight, associated
with Phytophthora infestans, are especially important because their
early foliar symptoms can be confused during field inspection and
missed warning windows may delay management [1, 2]. In many
production areas, growers still rely on visual scouting, local expe-
rience, and calendar-based management. These practices remain
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useful, but they are insufficient when environmental conditions
change rapidly or when disease risk must be assessed across large
areas.

The present study integrates four complementary analytical
components: a ResNet-based potato leaf-classification base-
line, an Xception-based progressive classification experiment,
a stochastic susceptible-infected-carrier-recovered (SICR) trans-
mission model, and an AI-augmented environmental suitability
warning framework. Considered separately, each component has
a narrower publication angle. A leaf-image analysis alone may be
read as a conventional transfer-learning case study; a stochastic
SICR analysis alone may remain too theoretical for a data-science
journal; and an environmental suitability model alone may be
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regarded as a rule-based warning model with limited algorithmic
depth. The stronger contribution is to integrate these components
into a coherent data-science and intelligent-systems architecture.

This reframing is aligned with a journal scope that empha-
sizes data integration, knowledge extraction, AI-enabled analysis,
and application-oriented intelligent systems. The manuscript
addresses the following research question: how can leaf-image
symptom recognition, meteorological risk-state learning, and
stochastic transmission mechanisms be combined into a repro-
ducible decision-support framework for potato early and late
blight? The proposed answer is a modular pipeline. The image
branch detects visible symptoms, the weather branch esti-
mates pre-symptomatic environmental risk, the AI branch learns
risk states and surrogate warning labels, and the stochastic
SICR branch provides a mechanistic interpretation of how
environmental risk may translate into transmission pressure.

The main contribution is integrative rather than a set of
separate results. The framework (i) consolidates heterogeneous
modalities, including potato leaf images and daily meteoro-
logical observations, within one intelligent-system architecture;
(ii) explains why cross-source and random-split convolutional
neural network (CNN) evaluations must not be interpreted as
equivalent; (iii) upgrades the static suitability index into a data-
science pipeline with entropy-weight robustness analysis, K-means
clustering, and cross-validated logistic surrogate classification;
and (iv) couples environmental suitability to a stochastic SICR
transmission coefficient, retaining biological interpretability while
allowing data-driven warning signals to enter the dynamical
model.

The paper is deliberately conservative in its claims. The
humidity-complete weather demonstration contains 62 daily
observations from two August periods, situated within an
expanded record of 459 daily temperature and rainfall obser-
vations spanning the May–September growing seasons of
2023–2025; the current dataset does not include field-confirmed
incidence labels. Accordingly, the AI classifiers reported here are
surrogate warning-state learners rather than validated disease-
incidence predictors. This distinction is essential for scientific
credibility. The framework is presented as a reproducible and
extensible intelligent warning system that can be strengthened
when multi-year field incidence, leaf wetness, cultivar resistance,
fungicide records, remote-sensing data, and georeferenced disease
observations become available.

2. Related Work and Positioning

2.1. Deep learning for image-based plant disease
recognition

Deep learning has become a dominant approach for
image-based plant disease recognition because CNNs can learn
hierarchical visual representations from raw images [3–5]. Recent
potato-specific studies combine deep learning with explainable
AI and report high source-split accuracy and severity assess-
ment for early blight, late blight, and healthy leaves [6–9]. ResNet
addresses the degradation problem of very deep networks by using
residual connections, making it possible to train deeper architec-
tures effectively [10]. Xception replaces standard convolution with
depthwise separable convolution and improves parameter effi-
ciency while retaining strong feature-extraction capacity [11]. Both
architectures are plausible candidates for potato leaf disease clas-
sification because early blight, late blight, and healthy leaves differ

in texture, lesion geometry, color distribution, and disease-spot
boundary characteristics. Broader reviews and efficient models
confirm the maturity of image-based crop-disease recognition
[12, 13], yet most results are obtained on visually homogeneous
data, and systems that fuse leaf images with environmental sig-
nals in a genuine multimodal manner remain comparatively
rare [14].

However, image-based plant disease recognition is highly
sensitive to dataset construction. Models trained and tested
on randomly partitioned images from a visually homogeneous
dataset may report high accuracy yet fail under cross-region,
cross-background, or cross-device deployment. Open plant-health
image repositories and transfer-learning strategies have acceler-
ated model development while also highlighting the importance of
deployment-oriented validation with limited labeled data [15]. The
ResNet component is valuable because it uses a development-test
separation designed to introduce differences in region, lighting,
background, and variety. The Xception component demon-
strates how progressive optimization can improve performance
under a structured train–validation–test split. The integrated
manuscript therefore treats these two results as complemen-
tary evidence rather than as a direct one-to-one architecture
benchmark.

2.2. Meteorological disease-risk modeling and
environmental suitability

Early blight and late blight are not purely image-recognition
problems. Before visible symptoms are severe, disease risk is
shaped by temperature, relative humidity (RH), rainfall, canopy
moisture, and pathogen biology. Weather-driven warning systems
are valuable because they can operate before disease symptoms
become visually obvious [16]. Machine-learning models built on
temperature, humidity, and rainfall have been used to predict late
blight risk level, disease incidence, and the timing of first appear-
ance [17–19], and recent work explores generative pretrained and
deep sequence models for late blight forecasting as well as deep
learning on sequential environmental data [20, 21]. A suitabil-
ity index is best understood as a feature-engineering layer: it
transforms raw environmental observations into biologically inter-
pretable risk features that can be combined with machine learning
and decision-support rules.

The environmental suitability model used here contains
three disease-specific response functions: a Gaussian temperature
response, a sigmoid humidity response, and an exponential rain-
fall saturation response. This structure reflects the assumption
that pathogen activity has an optimum temperature range, that
infection risk increases sharply after humidity thresholds, and that
rainfall has diminishing marginal contribution once sufficient wet-
ness is present. A geometric aggregation is used because disease
risk is constrained by the least favorable essential factor.

2.3. AI-based risk-state discovery and surrogate
classification

For the supplied meteorological dataset, unsupervised and
transparent supervised methods are more defensible than complex
deep-learning sequence models. K-means clustering can discover
recurring weather-risk regimes without requiring disease-incidence
labels [22, 23]. Logistic regression can serve as a transparent sur-
rogate classifier that learns threshold-defined warning labels from
raw and engineered weather features [24]. The resulting metrics
evaluate whether environmental suitability index (ESI)-defined
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warning logic is learnable from the meteorological feature space,
not whether true disease incidence has been predicted.

This distinction is important for peer review. In the absence
of field-confirmed incidence data, using random forests, gradi-
ent boosting, or long short-term memory (LSTM) models to
claim disease prediction would be methodologically weak. Such
algorithms may be appropriate future extensions after incidence
labels and multi-year observations are collected. In the current
manuscript, AI is used only where the data support it: unsuper-
vised risk-state discovery and surrogate learning of transparent
warning labels.

2.4. Stochastic SICR modeling as a mechanistic layer

Stochastic epidemic models are useful when transmission is
affected by random environmental disturbances and unobserved
field variability [25–27]. The SICR structure divides the host pop-
ulation into susceptible, acutely infected, carrier, and recovered
classes. For potato blight, this structure is biologically inter-
pretable because infected plants may show acute symptoms, latent
or carrier-like states may contribute to pathogen persistence, and
management or plant resistance may move part of the population
into a recovered or less susceptible state.

The stochastic SICR component provides theoretical prop-
erties, including positivity, stationary distribution, extinction, and
persistence conditions. Its main limitation for a data-science jour-
nal is that it is weakly linked to observed data. The present
framework addresses that limitation by allowing environmental
suitability to drive the transmission coefficient. This turns the
stochastic model into a mechanistic layer that can absorb warning
signals from the data pipeline.

3. Materials and Methods

3.1. Overall framework

Figure 1 summarizes the compact integrated architecture.
The framework contains two evidence streams. The first stream
is symptom evidence derived from leaf images, which compares
a ResNet50 transfer-learning branch and an Xception fine-tuning
branch. The second stream is pre-symptomatic environmental risk
evidence derived from daily meteorological observations. These
two streams are connected to a stochastic SICR mechanism,
which interprets high environmental suitability as a period of
increased transmission pressure. The output is a daily decision-
support signal containing risk level, risk-state cluster, classifier
probability, and suggested scouting priority.

3.2. Leaf-image data and classification protocols

The image component uses the Potato Disease Leaf Dataset,
which contains early blight, late blight, and healthy-leaf cate-
gories. In the ResNet component, the dataset is organized into
a development set and an independent test set. The development
set contains 7211 images, and the independent test set contains
793 images (363 early blight, 67 late blight, and 363 healthy
(Table 1)). At evaluation time, 15 of these 793 test images could
not be read or decoded and were therefore excluded from scoring,
so all ResNet50 test metrics reported in this paper are computed
on the remaining 778 evaluable images. The authors explicitly
designed the test set to differ from the development set in region,
lighting, background, device, and variety where possible. This
design creates a more stringent generalization test than a random

Figure 1
Integrated data-science and intelligent-system architecture for potato blight early warning

Table 1
Leaf-image data protocols consolidated from the ResNet and Xception analytical components

Dataset protocol Early blight Late blight Healthy Total Purpose

ResNet development set 3615 2424 1172 7211 Model development and
validation

ResNet independent
test set

363 67 363 793 Cross-source/generalization-
oriented evaluation

Xception training set 1989 1245 767 4001 Parameter learning

Xception validation set 994 622 383 1999 Hyperparameter monitoring

Xception test set 994 622 383 1999 Final split-based evaluation
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split and explains why the ResNet result is treated as evidence of
cross-source robustness rather than as a direct counterpart to the
Xception split-based result.

The Xception component uses a normalized three-way
train–validation–test split after preprocessing and folder standard-
ization. The reported split contains 4001 training images, 1999
validation images, and 1999 test images. The difference between
the ResNet and Xception data protocols is explicitly retained in
this integrated paper. Results are therefore interpreted by protocol
rather than used for an oversimplified model ranking.

3.3. CNN-based symptom recognition

The ResNet branch uses a pretrained ResNet50 encoder
with frozen pretrained layers and trainable dense layers. Images
are resized to 232 × 232 pixels and normalized using ImageNet
statistics because the images are natural RGB field or leaf pho-
tographs rather than specialized medical or satellite images. This
use of ImageNet-pretrained feature extractors follows the broader
transfer-learning tradition in CNN-based visual recognition [15].
The reported environment includes Python 3.11, PyTorch 2.4,
CUDA 12.4, and an NVIDIA GeForce RTX 4060 Ti GPU. The
initial learning rate is 0.0001, with early stopping patience of 5.

The Xception branch follows a progressive experimental
design. A two-convolution baseline CNN first establishes a perfor-
mance floor. Data augmentation then increases sample diversity
through random translation, scaling, rotation, brightness adjust-
ment, and histogram equalization. Transfer learning freezes the
pretrained Xception convolutional base and trains a new clas-
sifier. Fine-tuning then unfreezes the upper Xception block and
uses a smaller learning rate to adapt the model to disease-specific
features while limiting destructive parameter updates.

3.4. Meteorological data and environmental
suitability index

The meteorological component uses daily weather records
for Chahar Right Front Banner, Ulanqab City, Inner Mongo-
lia, China. The humidity-complete demonstration covers August
2024 and August 2025, giving 62 daily records, each with mean
temperature T, relative humidity RH, and rainfall R. To situate
this window within a longer climatic context, an expanded record
of 459 daily temperature and rainfall observations spanning the
May–September growing seasons of 2023, 2024, and 2025 is also
analyzed. RH, which is a required ESI input, was available only
for the two August periods; therefore, the disease-specific ESI,
clustering, and surrogate-classification analyses are reported for
that RH-complete window and interpreted conservatively. This is
not a large machine-learning dataset, but it is sufficient to demon-
strate a reproducible data pipeline and to compare disease-risk
pressure under clearly defined warning rules.

For each disease p, the temperature, humidity, and rain-
fall suitability components are computed as shown in Equations

(1)–(3) and are aggregated into the disease-specific index in
Equation (4). These component functions are central to the
interpretability of the weather-risk branch. The disease-specific
response parameters used in the demonstration are listed in
Table 2.

Gp (T ) = exp [− (T − 𝜇p)2 / (2𝜎2
p )] (1)

Hp (RH) = 1/ {1 + exp [−kp (RH − hp)]} (2)

Pp (R) = 1 − exp (−R/rp) (3)

ESIp (t) = exp {wT ln Gp (t) + wH lnHp (t) + wR ln Pp (t)}
(4)

3.5. Entropy-weight robustness analysis

The default ESI uses equal weights because field incidence
data are unavailable for parameter calibration. To test whether the
main year-to-year conclusion depends on this assumption, entropy
weighting is used as a robustness analysis. For each component j,
normalized values are used to compute the entropy, diversity, and
final weight of each component, as given in Equation (5):

e j = − [1/ ln (n)] Σi pi j ln (pi j), d j = 1 − e j, w j = d j/Σ jd j
(5)

Entropy weighting is not treated as a biological calibration. It
is used only to determine whether the conclusion that August 2025
was riskier than August 2024 remains stable when the weights are
driven by the data distribution rather than set equally.

3.6. AI risk-state discovery and surrogate warning
classification

K-means clustering is applied to standardized feature vec-
tors containing temperature, humidity, rainfall, three-day rainfall,
early blight ESI, and late blight ESI. Three clusters are used
because the operational decision objective is to separate low-,
moderate-, and high-risk weather states. This choice was checked
against internal cluster-validity indices, namely, the silhouette
coefficient, the Davies–Bouldin index, and the Calinski–Harabasz
index, together with the within-cluster inertia (elbow) across 2–6
clusters. Although a two-cluster partition maximizes the silhou-
ette score, the three-cluster solution is retained because it maps
directly onto the three operational warning tiers while still isolat-
ing a clearly separated high-risk regime. Cluster labels are ordered
after fitting by the mean of the early and late blight ESI values so
that the labels are interpretable.

Table 2
Disease-specific environmental suitability parameters used in the demonstration

Disease Temperature response Humidity response Rainfall response Interpretation

Early blight 𝜇 = 25 °C; 𝜎 = 5 °C h = 80%; k = 0.20 r = 10 mm Warmer optimum and moderate
rainfall saturation

Late blight 𝜇 = 18 °C; 𝜎 = 4 °C h = 90%; k = 0.25 r = 15 mm Cooler optimum and stronger high-
humidity dependence
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A logistic regression surrogate classifier is then trained to
learn ESI-defined warning labels from raw and engineered mete-
orological inputs. Predictors include T, RH, R, previous-day
rainfall, three-day rainfall, RH x R, and temperature deviation
from each disease-specific optimum. Labels are produced by ESI
thresholds rather than by field incidence. Class imbalance is han-
dled through inverse-frequency weights, and five-fold stratified
cross-validation is used. Metrics include accuracy, balanced accu-
racy, precision, recall, F1 score, and the area under the receiver
operating characteristic curve (AUC).

3.7. ESI-driven stochastic SICR mechanism

The stochastic SICR subsystem partitions the host popula-
tion into susceptible plants S(t), acutely infected plants I(t), carrier
plants C(t), and recovered plants R(t). The disease-transmission
coefficient is coupled to environmental suitability as given in
Equation (6):

𝛽p (t) = 𝛽0,p [1 + 𝜂pESIp (t)] (6)

The stochastic subsystem can be written in reduced form as
Equations (7)–(10):

dS = [Λ − 𝛽p (t)S (I + 𝜃C) − 𝜇S] dt + 𝜎1SdB1 (t) (7)

dI = [𝛽p (t)S (I + 𝜃C) − (𝛼 + 𝛾I + 𝜇) I] dt + 𝜎2IdB2 (t) (8)

dC = [𝛼I − (𝛾C + 𝜇)C] dt + 𝜎3CdB3 (t) (9)

dR = [𝛾II + 𝛾CC − 𝜇R] dt (10)

When 𝜂p = 0 or ESI is constant, the model reduces to the
constant-coefficient stochastic SICR structure. In this manuscript,
SICR is used as the mechanistic coupling layer; calibrated Monte
Carlo incidence prediction is not claimed because field incidence
labels and independently confirmed parameter values are not
available in the current dataset.

4. Results

4.1. Image-classification results

The image-classification results show both the value and
the limitation of transfer learning. Under the stricter ResNet50
protocol, which emphasizes cross-source generalization, 15 of
the 793 assembled independent-test images could not be read
or decoded and were excluded, leaving 778 evaluable images.
The model correctly classified 516 of these 778 images, giving
an independent-test accuracy of 66.32% (516/778), with macro
recall of 0.739 and macro F1 score of 0.594. Reporting recall
and F1 alongside accuracy is important because, under class
imbalance and domain shift, accuracy alone would overstate
performance; the protocol-aware metrics are consolidated in
Table 3. Under the Xception protocol, the baseline CNN achieved
77.9% test accuracy and showed clear overfitting. Adding data
augmentation improved accuracy to 82.2% and reduced the train-
ing–validation gap. Xception transfer learning raised test accuracy
above 91%, and fine-tuning raised it above 95% (Table 4). Because
the two branches use different datasets and evaluation proto-
cols, their headline accuracies are reported side by side only with
explicit caveats and are not interpreted as a controlled architecture
comparison; a like-for-like ResNet50-versus-Xception benchmark
under one shared split and metric set is identified as necessary
future work (Section 6). Figure 2 presents these protocol-aware
results in two separate panels.

These results should not be interpreted as proving that Xcep-
tion is universally superior to ResNet50. The stricter ResNet50
test was designed to contain distribution shifts, whereas the Xcep-
tion result comes from a different split and optimization protocol.
The scientifically safer conclusion is that potato disease recogni-
tion is highly sensitive to data split design and deployment-domain
mismatch. For an intelligent agricultural system, cross-source
evaluation should be retained as a mandatory validation step
before field deployment.

4.2. Environmental suitability patterns

The equal-weight ESI results show a sharp contrast between
August 2024 and August 2025. August 2024 had only two rainy
days and total rainfall of 20.27 mm. August 2025 had 27 rainy

Table 3
Cross-source generalization result (ResNet50 branch)

Model/strategy Protocol Reported metric Interpretation

ResNet50 transfer learning Development set + stricter
independent test

Accuracy = 66.32%;
recall = 0.739; F1 = 0.594

Cross-source generalization
remains difficult

Note: Of the 793 assembled independent-test images, 15 could not be read or decoded and were excluded; the metrics above are
computed on the 778 evaluable images (accuracy = 66.32% = 516/778).

Table 4
Source-split progressive results (Xception branch)

Model/strategy Protocol Reported metric Interpretation

Basic CNN Xception source split Accuracy = 77.9% Baseline with obvious overfitting

CNN + augmentation Xception source split Accuracy = 82.2% Improved generalization but still limited

Xception transfer learning Xception source split Accuracy > 91% Pretrained features substantially improve
recognition

Xception fine-tuning Xception source split Accuracy > 95% Best reported split-based performance
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Figure 2
Reported image-classification performance under two different protocols, shown as separate panels: (a) ResNet50 cross-source
generalization test and (b) Xception source-split progressive results. Protocol differences must be considered when interpreting

performance (empirical figure derived from the reported results)

days and total rainfall of 575.12 mm. For early blight, cumulative
ESI increased from 0.9295 in August 2024 to 14.0575 in August
2025. For late blight, cumulative ESI increased from 0.9633 to
11.3069. High-risk days increased from 0 to 8 for early blight and
from 1 to 7 for late blight (Table 5 and Figure 3).

4.2.1. Three-growing-season meteorological context
The expanded record confirms that the elevated 2025 suit-

ability reflects an anomalously wet growing season rather than
an isolated August. Growing-season (May–September) rainfall
reached 2273.8 mm in 2025, compared with 350.2 mm in 2023 and
186.9 mm in 2024, and 2025 recorded 27 heavy-rain days (at least
25 mm) versus two and one, respectively, while the growing-season
mean temperature remained close to 18 °C in all three years
(Table 6 and Figure 4). Because RH was recorded only in August,
the disease-specific ESI analysis remains restricted to the two
August periods; nevertheless, the broader temperature and rain-
fall record shows that the moisture-driven risk contrast between
2024 and 2025 is robust within a substantially larger sample.

4.3. Threshold sensitivity and entropy-weight
robustness

Threshold sensitivity supports the robustness of the year-to-
year contrast. At the moderate threshold of 0.40, August 2025
has 17 early blight days and 11 late blight days, compared with
one day for each disease in 2024. At the strict threshold of 0.80,

August 2025 still has four early blight days and three late blight
days, whereas August 2024 has none (Table 7).

Entropy weighting assigns the largest weight to rainfall suit-
ability because rainfall varies most sharply across the 62-day
dataset. For early blight, weights are 0.0419 for temperature,
0.1911 for humidity, and 0.7670 for rainfall. For late blight,
weights are 0.0156 for temperature, 0.3465 for humidity, and
0.6380 for rainfall. These weights do not overturn the main con-
clusion: August 2025 remains much riskier than August 2024 for
both diseases (Table 8).

4.4. AI-based risk-state discovery and surrogate
warning classification

K-means clustering separates the 62 daily observations into
interpretable weather-risk states. The high-risk weather state con-
tains 16 days and is characterized by high humidity, repeated
rainfall, and accumulated wetness. Its mean RH is 89.81%, mean
daily rainfall is 35.31 mm, mean three-day rainfall is 72.08 mm,
mean early blight ESI is 0.7083, and mean late blight ESI is 0.6369.
This cluster contains the main threshold-defined high-risk days for
both diseases, indicating that unsupervised clustering can recover
a biologically meaningful risk regime without observed disease
labels (Table 9).

Figure 5 visualizes the K-means cluster profile and clarifies
why the 16-day high-risk state is epidemiologically meaningful:
it combines high humidity, intense rainfall, accumulated wetness,

Table 5
Equal-weight ESI summary for potato early and late blight

Year Disease
Mean
ESI

Max
ESI

Date of
max

Cumulative
ESI

High-risk
days

Moderate/high
days

Rainy
days

Rainfall
(mm)

2024 Early blight 0.0300 0.6062 2024-08-25 0.9295 0 1 2 20.27

2024 Late blight 0.0311 0.7982 2024-08-25 0.9633 1 1 2 20.27

2025 Early blight 0.4535 0.9213 2025-08-04 14.0575 8 17 27 575.12

2025 Late blight 0.3647 0.8909 2025-08-15 11.3069 7 11 27 575.12
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Figure 3
Monthly environmental suitability burden and threshold-defined high-risk day counts for August 2024 and August 2025 (empirical

figure derived from the ESI analysis)

Table 6
Three-growing-season (May–September 2023–2025) temperature and rainfall summary for the study location

Year Days Mean T (C) Total rainfall (mm) Rainy days
Heavy-rain days
(>= 25 mm)

Max daily
rainfall (mm)

2023 153 18.00 350.24 41 2 88.74
2024 153 18.15 186.90 17 1 42.75
2025 153 17.99 2273.75 96 27 185.03

Figure 4
Three-growing-season meteorological context: (a) monthly growing-season rainfall for 2023–2025 and (b) May–September rainfall

totals by year (empirical figure derived from the expanded meteorological record)

Table 7
Threshold sensitivity of high/moderate-risk day counts

Threshold 2024 early 2024 late 2025 early 2025 late

0.40 1 1 17 11
0.50 1 1 16 10
0.60 1 1 12 8
0.70 0 1 8 7
0.80 0 0 4 3
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Table 8
Entropy-weight robustness results

Disease Year wT wH wR
Max

entropy ESI
Cumulative
entropy ESI High-risk days

Moderate/high
days

Early 2024 0.0419 0.1911 0.7670 0.8273 0.9946 1 1

Early 2025 0.0419 0.1911 0.7670 0.9763 13.9723 11 16

Late 2024 0.0156 0.3465 0.6380 0.7257 0.8027 1 1
Late 2025 0.0156 0.3465 0.6380 0.9189 10.0596 6 11

Table 9
Interpreted K-means weather-risk states

Risk state Days
Mean

RH (%)
Mean

rainfall (mm)
Mean 3-day
rainfall (mm)

Mean
early ESI

Mean
late ESI Interpretation

Low-risk weather
state

18 67.17 0.26 18.50 0.0469 0.0172 Low moisture pres-
sure and low
suitability

Moderate-risk
weather state

28 81.57 0.92 10.44 0.1003 0.0632 Humid conditions
with limited
rainfall intensity

High-risk weather
state

16 89.81 35.31 72.08 0.7083 0.6369 Sustained wetness
and high blight
suitability

Figure 5
AI-discovered weather-risk states and their epidemiological interpretation (empirical figure derived from the K-means analysis)

Note: Cluster labels are ordered by mean ESI after fitting; high-risk day counts are threshold-defined warning labels rather than
field-confirmed incidence counts.

and high suitability scores for both early and late blight. The inter-
nal cluster-validity indices supporting the choice of three clusters
are reported in Table 10.

The logistic surrogate classifier achieves high cross-validated
AUC values when learning ESI-defined warning labels. For early
blight, AUC is 0.9848 at the 0.40 threshold and 0.9560 at the 0.70
threshold. For late blight, AUC is 0.9900 at the 0.40 threshold
and 0.9907 at the 0.70 threshold. These results demonstrate fea-
ture consistency and learnability of the warning rules, but they
should not be interpreted as independent biological validation
because the labels are produced from ESI thresholds rather than
field observations (Table 11).

4.5. Connection to stochastic SICR threshold
dynamics

The stochastic SICR layer gives the framework a mechanis-
tic interpretation. High ESI days and high-risk clusters can be
treated as periods in which the time-varying transmission coeffi-
cient βp(t) increases. This coupling links environmental forcing to
the transmission coefficient and separates deterministic state tran-
sitions from stochastic perturbations. If field incidence data are
later collected, the coupling strength can be calibrated to quantify
how weather-risk states amplify transmission. Monte Carlo simu-
lation can then estimate peak infection, extinction frequency, time
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Table 10
Internal cluster-validity indices for K-means solutions with 2–6 clusters

Number of clusters (k) Silhouette Davies–Bouldin Calinski–Harabasz Within-cluster inertia

2 0.446 0.983 44.59 213.41
3 0.277 1.220 32.99 175.61
4 0.294 1.208 30.75 143.59
5 0.270 1.113 28.68 123.47
6 0.276 1.053 27.18 108.55

Note: The three-cluster solution is retained for operational interpretability (low-, moderate-, and high-risk tiers); the within-
cluster inertia shows diminishing returns beyond three clusters, and the high-risk regime remains clearly separated.

Table 11
Cross-validated logistic surrogate classification of ESI-defined warning labels

Disease ESI threshold Positive days Accuracy Balanced accuracy Precision Recall F1 AUC

Early 0.40 18 0.9355 0.8889 1.0000 0.7778 0.8750 0.9848

Early 0.70 8 0.9032 0.8912 0.5833 0.8750 0.7000 0.9560

Late 0.40 12 0.9677 0.9800 0.8571 1.0000 0.9231 0.9900
Late 0.70 8 0.9677 0.9282 0.8750 0.8750 0.8750 0.9907

to peak, and the probability of sustained persistence. The cur-
rent manuscript does not report calibrated incidence simulations
because the required incidence labels and parameter-confirmation
dataset are not available. Instead, it provides a transparent com-
putational pathway from daily meteorological observations to
stochastic transmission analysis.

5. Discussion

The integrated results demonstrate why the study is stronger
as a data-science and intelligent-systems paper than as four
separate analytical components. The CNN branch shows that
symptom recognition is feasible but strongly dependent on the
validation protocol. The meteorological branch shows that daily
weather data can be transformed into interpretable disease-specific
risk features. The AI branch adds algorithmic structure through
clustering and surrogate classification. The stochastic SICR
branch links warning signals to disease-transmission mechanisms.
Figures 6, 7, 8, 9, 10, 11, and 12 are therefore not decorative

additions; they connect the method, result, and deployment layers
into a single intelligible manuscript narrative.

The most important methodological lesson is that evalua-
tion design must match deployment claims. A model with over
95% split-based accuracy may still perform poorly if deployed in
different regions, varieties, backgrounds, or imaging devices. Con-
versely, a lower cross-source accuracy may be more informative
for field robustness because it exposes domain shift. Therefore,
the manuscript should not overstate CNN performance. It should
present the Xception branch as a promising symptom classifier
and the ResNet branch as evidence that true field generalization
remains challenging.

For weather-risk learning, the main substantive finding is
the sharp difference between August 2024 and August 2025. The
2025 period is characterized by frequent rainfall, high humid-
ity, and accumulated moisture, which jointly produce sustained
early and late blight suitability. Cumulative ESI is more actionable
than an isolated maximum value because disease management
often depends on sustained risk pressure rather than a single

Figure 6
Disease-specific environmental suitability response functions for early blight and late blight. The curves are schematic visualizations of

the ESI component functions used to improve interpretability of the meteorological modeling layer
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Figure 7
Integrated multi-source research framework linking heterogeneous inputs, analytical modules, and actionable outputs for potato blight

early warning

Figure 8
Experimental pipeline for potato leaf disease classification, showing the ResNet50 cross-source branch and the Xception source-split

branch as two separate tracks that converge on a protocol-aware interpretation

Figure 9
Comparative model performance across progressive learning strategies. The chart is used as an integrative visual summary rather than

as a strict architecture benchmark because the underlying protocols differ across image-classification branches
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Figure 10
Weather-driven risk-state learning and warning logic, showing the pathway from meteorological inputs to risk-state outputs and

recommended actions

Figure 11
ESI-driven stochastic SICR transmission mechanism. Environmental suitability influences the time-varying transmission coefficient,

while stochastic perturbations represent uncertainty

daily spike. The high-risk K-means cluster supports this inter-
pretation by grouping days with persistent wetness and high
suitability.

The logistic surrogate classifier is useful but must be inter-
preted carefully. Because the target labels are generated from ESI
thresholds, high AUC values show that the engineered meteo-
rological features encode the warning logic. They do not prove
that observed disease incidence has been predicted. This conserva-
tive interpretation is preferable for peer review because it prevents
overstating the evidence. In a future field-validated version, the
same feature set can be evaluated against observed incidence or
severity labels.

The stochastic SICR layer is also positioned conserva-
tively. The mathematical structure provides theoretical support
for positivity, persistence, and extinction reasoning, but cali-
brated stochastic epidemic forecasting requires incidence data and
confirmed parameter values. Coupling βp(t) to ESI is therefore

presented as a methodological bridge rather than as a com-
pleted incidence-prediction result. This is more defensible than
fabricating calibrated transmission outcomes from insufficient
evidence.

The practical implication is that potato disease warning
should not rely on a single data modality. Leaf images are use-
ful once symptoms are visible; weather-risk models are useful
before symptoms become severe; stochastic transmission mod-
els help interpret whether short-term risk may become persistent;
and intelligent-system architecture helps organize these compo-
nents into operational decision support. Figure 12 translates this
implication into a deployable architecture in which field sensing,
data platforms, analytics engines and user-facing outputs form a
modular warning system. Agricultural extension services can use
such a framework to prioritize scouting, identify high-risk weather
windows and prepare targeted management recommendations
according to local regulations and agronomic practice.
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Figure 12
Practical deployment architecture for intelligent potato disease early warning, illustrating a modular pathway from sensing and data

platforms to analytics and user-facing outputs

5.1. Visualizing disease-specific environmental
responses

Figure 6 complements Section 3.4 by making the envi-
ronmental suitability layer more transparent. It visualizes the
response functions assumed for temperature, RH, and rainfall.
The figure clarifies why the same meteorological sequence can
produce different early- and late-blight risk profiles: early blight is
represented as warmer-temperature responsive, whereas late blight
is represented as more strongly dependent on cooler temperatures,
high humidity, and sustained moisture. This improves the inter-
pretability of the ESI equations before the empirical risk-burden
results are interpreted.

5.2. Integrating heterogeneous evidence streams

Figure 7 presents the expanded conceptual framework for
the whole paper. It shows that the study is not merely an image-
classification article and not merely a stochastic-modeling article;
its contribution is the integration of heterogeneous data sources,
intelligent analysis, and mechanistic interpretation. Figure 8 nar-
rows the focus to the leaf-image branch and explains how dataset
construction, preprocessing, splitting, modeling, and evaluation
are connected. This pairing prevents the classification results from
appearing isolated from the wider early-warning system.

5.3. Progressive performance synthesis

Figure 9 summarizes the progressive learning logic—from a
basic CNN, to augmentation, to transfer learning, and finally
to fine-tuning—without claiming a strict controlled benchmark
across all architectures. This is consistent with the caution
expressed in Section 4.1: the ResNet and Xception results orig-
inate from different validation designs. The figure therefore
strengthens readability while preserving methodological honesty.

5.4. Warning logic and mechanistic interpretation

Figure 10 translates the weather-risk results into an oper-
ational warning logic. It shows how temperature, RH, rainfall,
lagged rainfall, and rolling rainfall can be converted into ESI

values, risk-state learning outputs, and tiered actions. Figure 11
links this warning output to transmission dynamics: environ-
mental suitability modulates βp(t), while stochastic perturbations
represent field uncertainty. This pairing connects data-driven
warning logic with epidemiological reasoning, which strengthens
the manuscript’s positioning as an intelligent-systems paper rather
than a purely descriptive weather analysis.

5.5. Deployment implications and translational value

Figure 12 extends the manuscript from methodological
demonstration to future deployment. It shows how leaf images,
weather stations, mobile scouting, and future Internet of Things
(IoT) or remote-sensing inputs can be organized through a data
platform and analytics engine into dashboards, alerts, risk maps,
and management recommendations. This deployment view is
important for JDSIS positioning because it emphasizes modular-
ity, scalability, and practical decision-support relevance. Figures
6, 7, 8, 9, 10, 11, and 12 function as synthesis figures that improve
coherence and readability by connecting equations, pipelines, risk
logic, and deployment architecture.

6. Limitations and Future Work

Several limitations must be addressed before field deploy-
ment:

Limited humidity-complete window. Although an expanded
three-growing-season record of 459 daily temperature and rain-
fall observations is analyzed, the humidity-complete window that
supports the full ESI, clustering, and surrogate-classification anal-
yses is limited to 62 daily observations from two August periods;
the warning-state results are therefore demonstrative rather than
broadly generalizable, and multi-year, multi-location humidity
records are required for regional generalization.

Surrogate rather than field-confirmed labels. The weather-risk
classifier uses ESI-derived labels rather than field-confirmed inci-
dence labels and should be described as a surrogate warning
classifier, not a disease-incidence prediction model.

No like-for-like image benchmark. The ResNet and Xception
image results are based on different datasets and data splits and
should not be interpreted as a strict architecture benchmark; a
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like-for-like comparison under one shared split and a genuine mul-
timodal fusion of leaf images with pre-symptomatic weather risk
are priorities for future work.

Uncalibrated stochastic component. The stochastic SICR for-
mulae and threshold conditions require additional parameter
confirmation before calibrated incidence simulation.

Scope of the deposited data. The leaf-image dataset, the com-
piled meteorological records, the derived suitability indices, and
the analysis code are openly deposited, and the redistribution con-
ditions of the original sources were verified before deposition;
the deposit does not contain field-confirmed disease-incidence
observations because none were available for this study.

Schematic versus empirical figures. Figures 6, 7, 8, 9, 10, 11,
and 12 are synthesis figures used to strengthen interpretability and
presentation rather than independently validated field-deployment
outputs; the empirical figures (Figures 2, 3, 4, and 5) are clearly
distinguished from these schematic figures in the captions.

Future work should collect multi-year and multi-location
field incidence data, disease severity scores, leaf wetness, soil mois-
ture, cultivar resistance, planting density, irrigation, fungicide
records, remote-sensing features, and georeferenced image data.
Once these labels are available, the surrogate classifier can be
replaced by true supervised disease prediction, and models such
as random forest, gradient boosting, support vector machines,
temporal convolutional networks, LSTM networks, and graph-
based spatial models can be compared legitimately. The image
branch can also be extended into a multimodal fusion model
that combines visible symptoms with pre-symptomatic weather
risk.

7. Conclusion

This manuscript integrates four previously separate research
components into a coherent data-science and intelligent-systems
framework for potato early and late blight. The framework com-
bines leaf-image symptom recognition, meteorological environ-
mental suitability modeling, entropy-weight robustness analysis,
K-means weather-risk-state discovery, logistic surrogate warning
classification, and stochastic SICR transmission logic. The image
results show that fine-tuned Xception can exceed 95% accuracy
under the source split, whereas ResNet50 cross-source testing
exposes the difficulty of real-world generalization. The weather
results show that August 2025 had substantially higher cumula-
tive early and late blight suitability than August 2024. The AI
results demonstrate that unsupervised clustering can identify a
high-risk weather regime and that and that a logistic surrogate
classifier can learn ESI-defined warning labels from meteorolog-
ical features with high AUC. The synthesis figures strengthen
the manuscript by linking equations, pipelines, risk logic, and
deployment architecture to the written argument. Overall, the
manuscript contributes a modular and reproducible early-warning
architecture while maintaining a clear boundary between demon-
strated results, model assumptions, and future field-validated
prediction.
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