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Abstract

The segmentation model achieved Mean IoU values of 0.7723 for Water Stress 2025, 0.9164
for Common Rust 2025, and 0.9531 on the benchmark dataset. The classifier achieved
99.54% accuracy for the five-class task; however, the improvement over the strongest base-
lines and the RGB + multispectral configuration was limited. Therefore, the classification
component is not presented as a substantially superior classification-only model. Instead,
itis interpreted as an exploratory multimodal analysis that quantifies the contribution and
limitation of RGB, multispectral, Wavelet, and GLCM branches under the adopted UAV
dataset protocol. For classification-only deployment, simpler alternatives such as Dense-
Net201 or the RGB + multispectral configuration may be more practical because they pro-
vide comparable accuracy with lower architectural or preprocessing complexity. Abla-
tion, modality-controlled, and 21-run stability experiments showed reproducible segmen-
tation results and clarified the behavior of the classification branches. RGB and multispec-
tral branches mainly provided the peak classification accuracy, whereas Wavelet and
GLCM branches mainly affected offline convergence rather than final accuracy. RGB,
NDVI, and NDRE visualizations were also added for qualitative support. Since direct
physiological ground measurements were not available for all samples, the masks are in-
terpreted as adaptive index-guided labels rather than direct physiological ground truth.
Overall, the main evidence of practical benefit is associated with UAV-based dataset con-
struction, adaptive index-guided segmentation, and field-scale stress/disease mapping,
while the classification experiments should be interpreted as modality-contribution and
convergence analyses rather than proof of a practically superior complex classifier.

Keywords: UAV multispectral and RGB imagery; maize water stress and rust disease
detection; dual-branch UNet++ segmentation model; multimodal deep learning fusion;
Precision agriculture applications
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1. Introduction

Maize is one of the most widely cultivated cereal crops and has a major role in food
security [1]. However, its limited resistance to diseases and susceptibility to environmen-
tal stress factors have led to substantial yield reductions across various regions [2]. Nota-
bly, during the transition from the vegetative to the reproductive growth stage, particu-
larly between July and August, the prevalence of foliar fungal diseases such as northern
leaf blight (Exserohilum turcicum), gray leaf spot (Cercospora zeae-maydis/zeina), and
southern leaf blight has been reported to cause yield and income reductions exceeding
50% in some regions [3]. Furthermore, common rust (Puccinia sorghi) and diplodia ear
and stalk rot (Stenocarpella maydis) are among the most prevalent maize pathogens, with
rust disease, in particular, posing a significant threat to yield in tropical and subtropical
regions [4]. Particularly under drought-related water stress conditions, maize yields can
decline by as much as 40%, underscoring the critical importance of efficient water man-
agement practices [5]. Challenges in detecting and managing water stress result not only
in direct yield reductions but also in indirect damage by promoting disease development
and exacerbating the effects of existing pathogens [6,7]. These challenges primarily arise
from three major gaps in the current literature: (i) the lack of integrative models that jointly
capture the physiological and molecular impacts of key stress factors such as water stress
and rust disease, (ii) the scarcity of comprehensive datasets capable of effectively repre-
senting the problem domain for accurate detection and diagnosis, and (iii) the absence of
problem-specific segmentation approaches and tailored deep learning architectures for
these stress conditions. Collectively, these deficiencies form the core motivation and re-
search objectives of the present study. The key shortcomings observed in recent research
on the detection and diagnosis of maize diseases are summarized as follows.

e  Reliable plant disease detection requires real-field datasets that include shadows, soil
texture, illumination changes, and different disease levels. Controlled datasets may
give high accuracy, but they often do not represent real agricultural conditions [8].
This also limits the performance of modern attention-based and segmentation mod-
els [9].

e Segmentation is important because it separates diseased or stressed regions from
background and healthy tissue at the pixel level. This can improve classification and
severity estimation. However, real-field studies using attention-based or weakly su-
pervised segmentation are still limited [10].

¢  Many existing studies use datasets with limited variation in background, illumina-
tion, and disease severity. This reduces generalization and increases the risk of over-
fitting under field conditions [11,12]. Although advanced segmentation models have
been used, many studies still depend on specific dataset conditions [13]. In addition,
performance is often reported only with accuracy, while metrics such as IoU, F1-
score, recall, and precision are also needed [12].

e  Finally, while most studies in the literature focus primarily on model accuracy in
disease detection, diagnostic time and stability have rarely been analyzed in a sys-
tematic manner. This limitation creates a critical gap in model selection and field de-
ployment, particularly for real-time agricultural applications.

Deep learning has improved plant disease classification in recent years. Hybrid mod-
els also show that combining spectral, spatial, and textural information can improve ro-
bustness under complex field conditions. Therefore, this study uses RGB, multispectral,
wavelet, and GLCM features together for five-class classification.

Based on the research gaps in the literature detailed above, a comprehensive research
was carried out in this article for the detection and diagnosis of water stress and common
rust disease in maize. In response to these gaps, the present study contributes to the liter-

https://doi.org/10.3390/app16146860



Appl. Sci. 2026, 16, 6860

3 of 48

ature in four aspects, with the main emphasis placed on UAV-based dataset construction,
adaptive index-guided segmentation, and field-scale stress/disease mapping. The classifi-
cation component is evaluated as a complementary modality-analysis and convergence-
analysis module rather than as a substantially superior classification-only model. The
main contributions are summarized as follows:

e  Dataset contribution: Two original UAV-based multispectral datasets, Water Stress
2025 and Common Rust 2025, were generated under real field conditions to address
the scarcity of realistic maize stress and disease datasets. These datasets form the pri-
mary empirical basis of the study and provide a real-field test environment for eval-
uating segmentation and classification behavior under UAV imaging conditions.

e Segmentation contribution: The proposed dual-branch UNet++ segmentation model,
hereafter referred to as scar-U-Net++ DB-based segmentation model, was proposed
for pixel-level detection of water stress levels and rust disease in maize under com-
plex field conditions. This component represents the main model-oriented contribu-
tion of the study because it directly supports field-scale stress and disease mapping
from UAV-derived multispectral data.

e  C(lassification analysis contribution: A problem-specific multimodal classification
analysis was conducted using RGB, multispectral, Wavelet, and GLCM features for
five-class maize stress and disease recognition. This component is not positioned as
a substantially superior classification-only model. Instead, it was used to quantify the
contribution and limitation of each modality and to determine whether the additional
Wavelet and GLCM branches provide practical benefit beyond RGB and multispec-
tral inputs.

e  Verification and stability contribution: The proposed workflow was evaluated
through 21 independent runs to assess reproducibility and threshold-based conver-
gence behavior. These experiments supported the stability of the UAV-based seg-
mentation and monitoring workflow, while also showing that the full classification
branch is not uniformly preferable to simpler classification-only alternatives.

This positioning is important because the classification experiments showed only a
limited improvement over strong baselines and the RGB + multispectral configuration.
Therefore, the full classifier is not presented as the default practical choice for classifica-
tion-only deployment. Instead, the classification results are used to analyze modality con-
tribution, convergence behavior, and the trade-off between accuracy and model complex-
ity.

Overall, the main findings show that the proposed UAV-based workflow introduces
two real-field multispectral maize datasets and provides effective index-guided segmen-
tation performance for water stress and common rust detection. The main practical impli-
cation of the study is associated with UAV-based dataset construction, adaptive index-
guided segmentation, and field-scale stress/disease mapping, whereas the classification
experiments are interpreted as modality-contribution and convergence analyses rather
than as evidence of a universally superior classification-only model.

The study is organized as follows. Section 2 presents the literature review. Section 3
describes the materials and methods. Section 4 presents the experimental results. Section
5 discusses the findings, including computational aspects, generalization, and practical
implications. Finally, Section 6 concludes the study.

2. Related Studies

This section reviews and discusses current and qualified artificial intelligence based
research on maize disease diagnosis in the literature. Important information about the
studies in the literature and the work presented in this paper are presented in Tables 1
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and 2. The studies in Table 1 are analyzed algorithm-wise and the studies in Table 2 are
analyzed dataset-wise.

Among the reviewed studies [14—46], only a few address both segmentation and clas-
sification under real field conditions. Most studies focus on either image-level classifica-
tion or pixel-level segmentation and are often tested on controlled datasets such as
PlantVillage. In contrast, the present study evaluates a UAV-based workflow that com-
bines real-field multispectral dataset construction, adaptive index-guided segmentation,
and complementary classification analysis. Table 1 provides a compact literature position-
ing, while the full comparison is provided in Supplementary Table S1. The values in Table
1 should not be interpreted as a direct performance ranking because the reviewed studies
differ in crop type, sensor configuration, class definition, dataset scale, and evaluation
protocol.

Table 1. Literature review of artificial intelligence-based studies on agricultural products in terms

of algorithms and performance metrics.

Ref. Method Task Accuracy Mean IoU
[43] EfficientNet-B3 and EfficientNet-B5 Classification ~ 0.9999 -
[19] Fusion U-Net Segmentation  0.9750 0.8800
[26] LW-MUNet Hybrid 0.9743 0.9689
This stu ClyUAV-basecl index-guided segmentation and multimodal classi- Hybrid 0.9954 0.9164 (common rust)/0.7723

fication analysis (water stress)

Note: The values reported in Table 1 are not directly comparable because the studies use different
datasets, sensors, crops, class definitions, and evaluation protocols. Therefore, the table is intended
for literature positioning rather than for ranking methods by accuracy or Mean IoU. In the internal
classification benchmark of the present study, the proposed classifier achieved competitive accu-
racy, but its gain over DenseNet201 and the RGB + multispectral configuration was limited. Thus,
the classification component is interpreted as a modality-contribution and convergence-analysis

module rather than as evidence of a practically superior classification-only model.

The disease-specific methods reviewed in this study were not directly reimple-
mented because they used different crops, diseases, sensors, input types, resolutions, class
definitions, and evaluation protocols. In many cases, code, trained weights, preprocessing
steps, and dataset splits were also unavailable. Therefore, this study used a controlled
internal benchmark with widely used deep learning models. All baselines were trained
and tested on the same UAV datasets, class definitions, and evaluation protocol. This pro-
vides a fair internal comparison, but it is not a direct reproduction of all previous methods.
Within this benchmark, the proposed classification branch achieved competitive perfor-
mance. However, its improvement over the strongest classification baselines was small.
Therefore, the classification results are mainly used to analyze modality contribution, con-
vergence behavior, and the accuracy-complexity trade-off, not to claim a large accuracy
advantage over simpler models.

The limitations identified in the studies presented in Table 1, as well as the specific
research gaps addressed by the present work, are discussed in detail in the following par-
agraphs corresponding to each column of Table 1.

e  Segmentation deficiency: In Supplementary Table S1, only a few studies include both
classification and segmentation. Most studies still focus on image-level disease recog-
nition. However, segmentation gives pixel-level information and can separate soil,
healthy plants, water-stressed plants, and rust-infected regions. This supports more
targeted irrigation and spraying decisions. Therefore, integrated real-field frame-
works for both segmentation and classification are still needed.
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Contribution to the literature on segmentation: In this study, a segmentation-based
approach enables the precise identification of water stress and rust disease at the
plant level. The differentiation of stress severity supports optimized irrigation and
spraying strategies, while soil segmentation improves resource management in agri-
cultural fields. The proposed dual-branch U-Net++ architecture provides robust class
separation across multiple resolutions, and the Skip Connection Attention Block pre-
serves spatial information while improving boundary delineation [47].

Discussion on the limitations of existing classification approaches: The analysis of
Table 1 and Supplementary Table S1 shows that many classification studies report
high final accuracy. However, these values are difficult to compare because the stud-
ies use different datasets, input modalities, and evaluation protocols. Many studies
also focus on peak accuracy without discussing the trade-off between accuracy, con-
vergence, parameter count, preprocessing complexity, and deployment feasibility.
This trade-off is important for real-field UAV applications because a small accuracy
gain may not justify a much more complex classifier. Therefore, the classification
component of this study is evaluated not only by final accuracy, but also by branch-
level ablation, modality-controlled stability, convergence behavior, and model com-
plexity.

Contribution of the classification analysis to the literature: This study uses a problem-
specific classifier to analyze the contribution of RGB, multispectral, Wavelet, and
GLCM representations under the same UAV-based five-class protocol. The Ghost
module, SE block, CBAM, and residual connections were included to support effi-
cient feature generation, channel-wise recalibration, spatial-channel attention, and
residual feature propagation, respectively [48-51]. The multi-branch structure was
used to combine RGB, multispectral, textural, and frequency-domain representations
within a unified classification analysis [52]. However, the experimental results
showed that the RGB and multispectral branches were the main contributors to peak
classification accuracy, whereas the Wavelet and GLCM branches mainly affected of-
fline convergence rather than final accuracy. Therefore, this component is interpreted
as a modality-contribution and convergence-analysis module, not as a lightweight or
universally superior classification-only model.

Limitations of the benchmarked models: Another limitation observed in Table 1 con-
cerns benchmarking strategies. Many studies compare their proposed models with
only a limited set of baseline architectures. As a result, the reported improvements
may not fully reflect the true competitiveness of the models under broader experi-
mental conditions.

Contributions to the literature regarding the limitations of benchmarked models: In
this study, the benchmark was expanded by testing baseline and optimized versions
of several ImageNet-based models. These included VGG, ResNet, DenseNet, Incep-
tion, EfficientNet, and Xception. This comparison was used to test whether the pro-
posed multimodal classifier gives a meaningful practical advantage over strong clas-
sification-only baselines under the same UAV-based five-class protocol. The results
showed competitive accuracy, but the gain over the strongest baselines was small.
Therefore, the benchmark results do not support presenting the full classifier as a
clearly superior classification-only model. Instead, they show a more limited contri-
bution. The classification experiments mainly analyze modality contribution, conver-
gence behavior, and the trade-off between accuracy and architectural complexity.
Insufficiency of multi-class classification approaches: Although many studies per-
form multi-class classification, most focus only on disease detection and do not sim-
ultaneously consider soil, graded water stress levels, and rust disease within a uni-
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fied framework. However, separating soil areas from vegetation and identifying dif-
ferent stress levels are essential for precision agriculture applications.

Moreover, it has been reported that classification performance may decrease as the
number of classes increases due to higher model complexity and the sensitivity of the
loss function, as illustrated in Equations (1) and (2). Therefore, the joint solution of
multi-class classification and segmentation remains a challenging problem in the lit-
erature.

1 ~ ~
Loinary = =37 ) 108G + (1 = y)log(1 — 5] M

=1

N c
1 _
Lcategorical = - N Z Z Yik log(yl,k) (2)

i=1 k=1

where C represents the number of classes, N denotes the number of samples, y; in-
dicates the ground truth values, ¥, refers to the predicted values. As observed in
Equations (1) and (2), it is evident that an increase in the number of classes adversely
affects model performance.

Contributions to the Literature on Multi-Class Classification: This study jointly clas-
sifies soil, healthy maize, low water stress, high water stress, and common rust. Sep-
arating soil can reduce unnecessary spraying, while stress and rust detection can sup-
port better irrigation and chemical application. The segmentation outputs were used
in a customized classification model, which keeps the workflow consistent with the
UAV-based problem.

e Lack of Stability Analysis: In the existing literature, no stability analysis has been

reported for segmentation or classification studies. However, performance metrics
derived from single-run experiments are insufficient to reflect the true capability of
deep learning models, which inherently involve stochastic behavior and randomness
in their optimization processes.
Contribution to the Literature on Stability Analysis: Model stability was evaluated
using multiple independent runs. Mean IoU was used for segmentation, and Accu-
racy was used for classification. SR, ACD, and MEC were also reported to measure
success rate, computation time, and convergence speed. This allows the models to be
compared not only by peak performance but also by reproducibility and learning
efficiency.

Maize stress and disease studies use both controlled and field datasets [14,22—
46,53-60]. However, many common datasets, such as PlantVillage, were collected
under controlled conditions and do not represent the complexity of UAV field im-
agery. UAV-based datasets are more realistic but still limited. Therefore, Table 2
gives a short dataset comparison, and the full version is provided in Supplementary
Table S2.

Table 2. Literature review of artificial intelligence-based studies on agricultural products in terms

of dataset and disease type.

Ref. Dataset Disease Type

[43] Plant Village -

[58] Original Dataset Water stress and healthy

[59] Original Dataset Water stress and healthy

[60] Original Dataset Water stress and healthy class

[42] Plant Village Well-watered, Reduced-watered, Drought-stressed

[39] Plant Village Common rust, Healthy, Gray leaf spot, Northern leaf blight
[44] Plant Village Corn plant widespread rust, blight and gray leaf spot

[45] Original Dataset Well-watered condition, Moderate water stress, Severe water stress
[46] Original Dataset Well-watered, Reduced-watered, Drought-stressed
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This study Original Dataset Gradual water stress, common rust, healthy and soil

The deficiencies identified in the studies presented in Table 2 and the research gaps
addressed by this study are examined below in relation to the dataset column of Table 2.

e Lack of UAV-based dataset preparation: (i) Most of the reviewed studies rely on
close-range imaging methods based on handheld RGB cameras. However, these ap-
proaches are inadequate for large-scale agricultural analysis due to their limited cov-
erage and lack of scalability in assessing the spatial distribution of stress and disease.
(i) The high spatial and spectral resolution provided by UAVs facilitates the simul-
taneous detection of water stress and rust disease, as well as the prediction of disease
spread. (iii) Fixed flight altitude and pre-planned flight routes ensure uniformity and
control in both image resolution and illumination-shadow conditions.

e  Contribution of the UAV-based dataset: UAV imaging allowed large field areas to be
covered in one flight and enabled spatial analysis of water stress and rust disease.
The high spatial and spectral resolution supported precise detection [61]. Fixed flight
altitude and planned routes also helped keep resolution and illumination conditions
more consistent.

e  This study analyzes common rust and graded water stress within a UAV-based
workflow. The workflow includes dataset construction, adaptive index-guided seg-
mentation, and complementary classification analysis. The five classes are soil,
healthy maize, low water stress, high water stress, and rust. This class structure can
support field-scale interpretation of vegetation, stress severity, and disease distribu-
tion. Therefore, the main practical value of the study comes from UAV dataset con-
struction, adaptive index-guided segmentation, and field-scale stress/disease map-
ping. The classification experiments complement this workflow by analyzing modal-
ity contribution and convergence behavior. However, they do not show that the full
classifier is always preferable to simpler classification-only models.

3. Methodology

This section first summarizes the proposed workflow shown in Figure 1. It then ex-
plains the segmentation and classification stages in detail.

The proposed method has three phases: dataset preparation and mask generation,
the proposed dual-branch UNet++ segmentation model, hereafter referred to as scar-U-
Net++ DB segmentation, and five-class classification using RGB, multispectral, wavelet,
and GLCM features.

As shown in Figures 1 and 2, the evaluated workflow has three main stages: dataset
preparation and mask generation, segmentation with the scar-U-Net++ DB model, and
five-class classification using RGB, multispectral, Wavelet, and GLCM features. The clas-
sification stage is used to analyze modality contribution and convergence behavior under
the same UAV-based protocol. It is not presented as a substantially superior classification-
only model. The evaluated pipeline combines segmentation, classification, multimodal fu-
sion, attention-based blocks, and stability analysis. These components were examined in
terms of segmentation performance, modality contribution, convergence behavior, repro-
ducibility, and the trade-off between classification accuracy and model complexity.
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Appl. Sci. 2026, 16, 6860

8 of 48

/

p M

PHASE-N

Water Stress 2025

(introduced in this study)

Creating Mask for Gradual
Water Stress

e
Muhispectral
Imager -

Channel of Image
Normalization

Creating masks

Common Rust 2025

T

(introduced in this study)

Creating Mask for Common

Earth Mask Healthy Corn Mask Earth Mask Healthy Maze Mask
v 1.0 7 1.0 1.0 1.0
; REidh
é
L
0.5 - 0.5 0.5 0.5
0.0 0.0 0.0 0.0
Low Stress Corn Mask High Stress Corn Mask Common Rust Mask
1.0 1.0 1.0
0.5 0.5 0.5
0.0 0.0 0.0

)

Segmentation and Patch
Process (128 x 128) /

Applying Stability Analysis

Low Stress (3 Low Stress (6 PHASE-2
Channels) Channels)
High Stress (3 High Stress (6
Channels) Channels)
Common Rust (3 Common Rust (6
Channels) Channels)
Healthy (3 Healthy (6
Channels) Channels)
Earth (3 Earth (6
Channels) Channels)
Feature Fusion PHASE-3
Wavelet
= and GLCM Classification with Novel
Features Extreme Hybrid Model

Figure 1. Graphical abstract of the UAV-based workflow evaluated in this study. The workflow

includes dataset preparation, adaptive index-guided mask generation, segmentation-based field

mapping, and complementary classification analysis. The blue blocks indicate the main evaluated

components; they do not imply that the full classification branch is practically superior to simpler

classification-only alternatives.
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Figure 2. Methodological phases of the proposed study. Blue blocks indicate the main workflow
components. Ghost and SE blocks in the segmentation phase represent candidate modules evalu-
ated during the ablation stage rather than components retained in the final selected segmentation
configuration. The classification phase summarizes the evaluated multimodal configurations and
should be interpreted as a modality-contribution analysis rather than as a default deployment-ori-

ented classifier.

Figure 3 shows the mask-generation pipeline for gradual water stress and common
rust. The pipeline combines vegetation-index-based segmentation with automatic thresh-
olding for complex remote sensing imagery.

Phase-1: Creating a Phase-1: Creating a

Mask for Gradual
Water Stress

Mask for Common
Rust

| Nomalize Images I | Normalize Images |
7 L7
SAVI (Soil-Adjusted Vegetation Index) / To
Create the Soil Mask
7

SAVI (Soil-Adjusted Vegetation Index) / To
Create the Soil Mask

NDRE (Normalized Difference Red Edge Index) / To Distinguish NDRE (Normalized Difference Red Edge Index) / To Distinguish
Between Stressed and Healty Plants Common Rust and Healty Plants
v

NDVI Di ion Index) / To D i

Creating Mask

LB TSRS u the Presence of Vegetation
v v

Dynamic Thresholding NDRE with K-Means Th SR (Simple Ratio) / To Measure Plant Density
L2 v

’ Dynamic Thresholding NDRE with K-Means Thresholding ’

’ Create Combined Mask ‘

Dynamic Thresholding SR with K-Means Thresholding

Dynamic Tl ing NDVI with K-M i
2
Create Combined Mask

|
Dynamic Thresholding SAVI with K-Means Thresholding J
]
|
|
|

I
[
+ l Dynamic Thresholding NDRE with K-Means Thresholding
|
I
|

Figure 3. The stages of the mask extraction method we proposed for segmentation on two different

datasets (the layers in blue are the layers we recommend).

Mask generation for gradual water stress (left panel)

For water-stress mask generation, raw multispectral images were first normalized.
SAVI was used for soil-plant separation, and NDRE was used for stress detection. K-
Means-based dynamic thresholding produced image-specific masks. Finally, SAVI- and
NDRE-based masks were combined into one mask containing soil, stressed, and healthy
plant regions.
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Mask generation for common rust (right panel)

For rust detection, multispectral images were normalized, and SAVI was used for
soil separation. NDRE, NDVI, and SR were then used to identify rust-affected areas, veg-
etation, and vegetation density. K-Means-based dynamic thresholding defined image-
specific boundaries, and all intermediate masks were combined into one composite mask.

This mask-generation pipeline shows that multispectral indices combined with adap-
tive K-Means thresholding can produce more flexible masks than fixed thresholds. Be-
cause thresholds are estimated from each image, class boundaries can be defined more
objectively.

Thus, the adaptive index-based process improved mask quality for both water stress
and common rust. Since mask quality affects all later deep learning stages, this step is
important for agricultural image analysis.

3.1. Creating a Mask

In this section, effective mask creation methods for mask segmentation success in
Phase 1 and dataset creation for segmentation will be explained.

3.1.1. Preparation of Dataset

Maize water stress and common rust data were collected in Kirsehir, Turkey, using
a DJI Phantom 4 Multispectral UAV at 15 m flight height. The Water Stress 2025 dataset
includes 592 RGB and six-channel multispectral images, while the Common Rust 2025
dataset includes 568 images with the same configuration. The images have a spatial reso-
lution of 1600 x 1300 pixels and 96 dpi. Representative RGB, multispectral patch, and or-
thomosaic examples are provided in Supplementary Figure S1, and additional compari-
sons with benchmark datasets are shown in Supplementary Figure S2.

The UAV data include RGB and six-channel multispectral images. Segmentation
mainly used multispectral orthomosaic patches because vegetation indices require spec-
tral bands. Classification was treated as a multimodal fusion task using RGB patches, mul-
tispectral patches, GLCM features, and wavelet features. Patch-level label assignment cri-
terion: For the classification dataset, each 128 x 128 patch was assigned a single mutually
exclusive class label using the majority-class rule based on the corresponding generated
mask. In this procedure, the number of pixels belonging to each class was counted within
the patch, and the class with the highest pixel proportion was used as the patch-level label.
This rule was used to convert pixel-level adaptive index-guided masks into image-level
labels required by the single-label classification model. Therefore, if a patch contained
mixed regions such as soil, healthy maize, water-stressed vegetation, and rust-infected
tissue, the final patch label was determined by the dominant class in that patch. RGB provides
visible color and spatial information, multispectral data provides stress-sensitive spectral in-
formation, and GLCM/wavelet features provide texture and frequency information.

UAY images were collected under real field conditions using an RTK-enabled plat-
form. Flights were conducted in the afternoon to keep lighting relatively stable. The or-
thomosaics had a ground sampling distance (GSD) of about 0.95-1.0 cm/pixel and in-
cluded blue, green, red, red-edge, NIR, and one additional exported band. Sun position
and crop rows were considered during flight planning to reduce shadows.

The data were collected from two maize production plots in Kaman, Kirgehir, Turkey.
The first site was in Isahocali (39°25'02" N, 33°54'30" E; 1275 m asl), and the second was in
Aydinlar (39°20'41" N, 33°56'57" E; 1200 m asl). Their locations are shown in Figure 4.

https://doi.org/10.3390/app16146860
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Figure 4. Geographical location of the study area.

It should be noted that the masks generated in this study were not manually anno-
tated biological ground-truth masks. Instead, they were produced using adaptive vegeta-
tion-index rules, K-Means-based dynamic thresholding, and CRF refinement. Therefore,
the segmentation task should be interpreted as learning and reproducing adaptive index-
guided labels derived from multispectral information, rather than directly validating dis-
ease or water-stress symptoms against expert-annotated biological ground truth. This de-
sign was used as a first approximation to construct large-scale UAV-based segmentation
labels under real field conditions, where dense manual pixel-level annotation is highly
time-consuming.

3.1.2. Normalization of 6 Channel Multispectral Images
The two orthomosaic images were normalized to improve segmentation and classi-
fication. Robust scaling in Python 3.10.12was used because it is less sensitive to outliers.
The method is given in Equation (3).
X — Median(X)
Xscatea = TTIOR(K) ®)
where X;.q04: New scaled, i.e.,, normalized image, X: original image, Median(X): median
of the image and IQR(X): 75th percentile (Q3)-25th percentile (Q1) is the difference be-

tween. RobustScaler makes each band more stable against off-center values and better
adapts to the distribution of data.

3.1.3. Creation of Masks for Segmentation of 6-Channel Multispectral Images

Gradual water-stress masks included four classes: low water stress, high water stress,
healthy plants, and soil. Common rust masks included three classes. For water stress,
SAVI was used for soil-vegetation separation, and NDRE was used for stress separation.
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Dynamic thresholding, Otsu thresholding, K-Means clustering with K =4, morphological
filtering, and CRF refinement were then used to produce adaptive masks.

In addition to the above methods, the Simple Ratio Index (SR), whose equation is
given in Equation (6), and the Normalized Difference Vegetation Index (NDVI), presented
in Equation (7), were incorporated to generate the mask for common rust disease. Subse-
quently, combinations of these indices were subjected to Otsu thresholding. [62], K-Means
clustering [63] and Conditional Random Field (CRF) refinement [64—66].

Otsu thresholding and K-Means clustering were used for adaptive mask generation.
Otsu supported binary separation, while K-Means supported multi-level grouping. Fully
connected CRF refined the masks and improved boundary coherence. Detailed formula-
tions are given in Supplementary Sections S15-517.

The Otsu method was used to determine adaptive threshold values by maximizing
the inter-class variance of pixel intensity distributions [62]. This approach was particularly
useful for separating foreground and background regions under varying field conditions.
The detailed mathematical formulation is provided in the Supplementary Section S15.

K-Means clustering grouped pixels with similar spectral responses and supported
multi-level stress separation. Its formulation is provided in Supplementary Section 516.
For common rust mask generation, K =3 represented soil/background, healthy vegetation,
and rust-affected vegetation. Binary K-Means was also used for soil-plant separation
when needed.

Spectral indices and thresholding methods were selected using field knowledge and
data-driven analysis. SAVI was used for soil-plant separation because it reduces soil
brightness effects. NDRE was used for stress detection because it is sensitive to red-edge
reflectance and chlorophyll changes.

Fixed thresholds were not used because vegetation-index values can change with lo-
cation, illumination, crop rows, and growth stage. Instead, thresholds were estimated
adaptively from each orthomosaic region. Otsu thresholding was used for binary separa-
tion, and K-Means clustering was used for multi-class separation. Morphological filtering and
fully connected CRF were then applied to improve spatial consistency and boundaries.

Otsu thresholding was used to determine adaptive global thresholds from pixel dis-
tributions. K-Means was used when multi-level class separation was needed. The number
of clusters was selected according to the dataset classes, such as K = 4 for water stress.
Preliminary trials supported this choice. This hybrid approach produced more flexible
masks under different field conditions.

savi = —NR-RED) 141 4
" (NIR+RED + L) ( ) @

NDRE — (NIR — RedEdge) 5
" (NIR + RedEdge) ®)

NIR
S 6
SR RED ©)
NIR — RED
R — 7
NDVI NIR + RED @

In these equations, NIR is the near-infrared band, RED is the red band, RedEdge is
the red-edge band, and L is the soil brightness correction factor. L reduces soil effects in
low-density vegetation areas and is generally set to 0.5.

Vegetation-index-based masks are not direct physiological ground measurements
and should not be considered error-free ground truth. In this study, spectral indices were
used to create spatially consistent training labels from UAV multispectral orthomosaics.
Because index values can change with location, illumination, growth stage, and season,
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Otsu and K-Means thresholding were applied adaptively. The masks were also refined
with morphological operations and fully connected CRF. Therefore, they should be inter-
preted as adaptive index-guided labels.

3.1.4. Fully Connected-CRF Implementation

CREF is a probabilistic graphical model used to refine pixel-based segmentation out-
puts. Fully connected CRF considers relationships between all pixels and helps produce
smoother class boundaries [64—66]. In this study, it was used as a post-processing step to
improve mask consistency. The detailed formulation is provided in Supplementary Sec-
tions S17.

3.1.5. Splitting Images and Masks into 128 x 128 Patches

Processing full orthomosaic images requires high memory and computation, espe-
cially for multispectral data. Therefore, all images and masks were divided into 128 x 128
patches. This reduced computational cost, accelerated training, and increased data diversity.

Each orthomosaic and its mask were divided into matching 128 x 128 non-overlap-
ping patches. This allowed each image patch to be paired with its corresponding mask
patch. The approach also made large images easier to process on limited hardware and
helped the model learn local details.

3.1.6. Class Distribution Analysis and Patch-Level Balancing

Class imbalance was analyzed using the pixel-level class distribution obtained from
the generated masks. In segmentation, dominant classes can bias the learning process and
reduce the visibility of minority classes such as water-stressed and rust-infected regions.
Therefore, pixel-level class counts were first calculated from the training masks using
Equation (25). However, these pixel counts were used only to analyze the class distribu-
tion and guide patch-level sampling. They were not used to randomly delete, mask, re-
place, or alter individual pixels inside the original image or mask patches.

For a training mask patch M, the total number of pixels belonging to class k over
the training set was calculated as:

M=y Y 06D =1 €

where n; denotes the total number of pixels belonging to class k, P is the number of
training patches, H and W are the height and width of each patch, respectively, and 1(-
) is the indicator function. In this study, H = W = 128.

After obtaining the global class distribution, the relative class proportion inside each
patch was calculated using Equation (26):

1 H w .
e = T Doy Dy L) =10 )

where 7, represents the proportion of class k inside patch p. This value was used to
determine whether a patch contained minority-class information, but it did not change
the spatial structure of the patch.

Then, the patch-level sampling weight was defined using class proportions and in-
verse class-frequency information, as shown in Equation (27):

K T
=) P (10)

k=1My + €

where s, is the sampling weight of patch p, K is the number of classes, and €\epsilone
is a small constant used to avoid division by zero. As shown in Equations (25)-(27), pixel-
level counts were used only to estimate class distribution and compute patch-level sam-
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pling weights. This formulation gives higher sampling priority to patches that contain
relatively rare classes. The balanced training set was constructed by selecting complete
image-mask patch pairs according to these patch-level sampling weights.

It is important to clarify that the balancing procedure described in Equations (25)-
(27) was applied at the patch-sampling and dataset-composition level, not at the isolated-
pixel level. Individual pixels were not removed, resampled, masked, or modified inside
the original images or masks. Therefore, the spatial continuity of each 128 x 128 image-
mask pair was fully preserved, and the convolutional input grid required by the segmen-
tation model was not disrupted. Each selected image patch and its corresponding mask
patch kept their original 128 x 128 spatial structure during training. Thus, the balancing
strategy improved the representation of minority classes without destroying local texture
information or introducing dimensional inconsistencies in the convolutional model.

3.2. Segmentation with Novel (Scar-U-Net++ DB)

In this section, UNet++ was used as the base segmentation architecture. Four candi-
date architectural modules, namely Ghost Module, Squeeze-and-Excitation (SE) Block,
Skip Connection Attention Block (SkipAttention), and Residual Block, were evaluated
through ablation experiments to determine the most effective configuration. The ablation
results showed that the SkipAttention + Residual configuration provided the best overall
segmentation performance. Therefore, the final segmentation model was defined as the
proposed dual-branch UNet++ segmentation model, hereafter referred to as scar-U-Net++
DB architecture enhanced primarily with SkipAttention and Residual refinement. For the
purpose of selecting these blocks, Ghost Modul provides parameter efficiency and gives
similar accuracy with less computation. It significantly reduces FLOPs and model size in
deep models [48,67]. SE Block adds channel sized attention. Frequently shown to signifi-
cantly improve performance in areas such as ImageNet and segmentation [68,69]. SkipAt-
tention transfers long distance dependencies between encoder and decoder more effi-
ciently in architectures such as UNet; especially effective in segmentation of fine details
[70]. Residual Block facilitates learning, reduces the vanishing gradient problem and fa-
cilitates optimization in deep networks [71]. The selected blocks offer less parameteriza-
tion and more practical implementation. In addition, these blocks were chosen because
they are the ‘most widely used and transferable’ modules in the literature. Then, in order
to further evaluate the contribution of each block to the model performance, ablation stud-
ies were carried out. In this context, all possible combinations were generated according
to the active/passive status of the four blocks and the segmentation success (Mean IoU) of
each configuration was evaluated on the test dataset. The ranking of each combination
was determined according to the Friedman scores given by the mathematical equations
given in Section 4.4. It has also been proven that the most successful results among these
combinations are Skip Attention and Residual blocks. The visual representations of the main
model architecture from multiple perspectives are presented in Supplementary Figure S3.

3.2.1. Skip Connection Attention Block

Skip connections improve gradient flow, while attention helps the model emphasize
important information [47]. The feature-map transformation is described in Equations
(28)—(33).

0(x) = Wyx (11)

B(s) = Wps (12)

where x, Input tensor. s, Skip connection tensor. Wy and Wy, 1 X 1 convolution weights.
The calculation of the attention coefficient is carried out with the following equations.
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f = LeakyReLU(6(x) + @(s)) (13)

Y(f) = a(Wyf) (14)

where W, 1 X 1 convolution weights and o, Sigmoid is the activation function. The
stage of the application of attention is as follows.

s'=s.9(f) (15)

x'=x (16)

3.2.2. Residual Block

The Residual Block improves trainability and reduces gradient loss [51]. In this study,
it consists of Conv, BN, ReLU, Dropout, Conv, BN, and shortcut layers. Its formulation is
given in Equations (34)—(38).

2z, = BN(W; X x + by),z, = ReLU(z;) 17)
z3 = Dropout,(z;) (18)

zs =BN(W, X Z+b,),Z = 24 19)

s =W; Xx + by (20)

y = RelLU(z, +5) (21)

3.2.3. UNet++ Working Principle of the Model

The working principle of the main block is explained as encoder stage, bottleneck
layer, decoder stage and output layer, respectively. In the encoder stage, both branches
process the input image in parallel and feature maps are extracted using residual blocks.
In the bottleneck layer, the encoder outputs are combined and processed in the bottleneck
stage. In the decoder stage, the decoder upsamples the information using skip connection
attention block. The mathematical formulations of the applied method are explained in
Equations (39)—(46).

Ei(l) = ResidualBlock(Pi(_ll)), Pl = MaxPool(Ei(l)) (22)
E® = ResidualBlock(P®?)), P? = MaxPool(E™) (23)
B = Concat(ResidualBlock(Pl), ResidualBlock(P?)) (24)
Ui=U,(D; +1) (25)

A; = Attention(U;, E™) (26)

X, = Concat(4;, E?) 27)

D; = ResidualBlock(X,) (28)

In the output layer, n-class segmentation output is produced by using softmax acti-
vation in the last layer.
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Y = Softmax(W,y,, X Dy + by) (29)

The proposed segmentation model uses the proposed dual-branch UNet++ segmen-
tation model, hereafter referred to as scar-U-Net++ DB architecture with Residual refine-
ment and Skip-Attention. Ghost and SE modules were tested during ablation but were not
retained in the final configuration. Detailed 3D architecture views are provided in Sup-
plementary Figure S3.

Algorithm 1 presents the pseudocode of the proposed segmentation architecture, while
detailed 3D architectural views are provided in the Supplementary Materials (Figure S3).

Algorithm 1 presents the pseudocode of the proposed segmentation architecture.

Algorithm 1. Pseudocode of proposed segmentation model.

Input

Agriculture image dataset (N images, 3 or 6 channels)

Output

Segmentation masks, True mean IoU, accuracy

O 0 NI O U I LN =

N NN DN DNDNMDNDNDDNDNDNDR R R 2 R 92 92 92 92
O 00 NI O U i W NP O VOV O NONU = W = O

W
o

W W
N =

Encoder-Decoder Dual Branch Segmentation Process
(scar-U-net++ DB)

for each image i in dataset do
Preprocessing:

Resize image to fixed size (e.g., 128 x 128).
Normalize pixel values to [0, 1]. < Equation (3)

Feature Encoding— Branch 1:

el_1 = Residual block with dropout (filters = 64) < Equations (17)—(20)
p1_1=MaxPool(el_1)

e2_1 = Residual block (filters = 128) «— Equations (17)—(20)

p2_1= MaxPool(e2_1)

e3_1 = Residual block with dropout (filters = 256) < Equations (17)—(20)
p3_1 = MaxPool(e3_1)

e4_1 = Residual block (filters = 512) < Equations (17)—(20)

p4_1 = MaxPool(e4_1)

Feature Encoding— Branch 2:

el_2 = Residual block (filters = 64) < Equations (17)—(20)

pl_2 = MaxPool(el_2)

e2_2 = Residual block with dropout (filters = 128) «<— Equations (17)—(20)
p2_2 = MaxPool(e2_2)

e3_2 = Residual block (filters = 256) < Equations (17)—(20)

p3_2 = MaxPool(e3_2)

e4_2 = Residual block with dropout (filters = 512) < Equations (17)—(20)
p4_2 = MaxPool(e4_2)

Bottleneck:

b1 = Residual block with dropout (p4_1, filters = 1024) «<— Equations (17)—(20)
b2 = Residual block (p4_2, filters = 1024) < Equations (17)—(20)
concat_bottleneck = Concatenate([b1, b2])

Decoder Path:

for each level 1 from deepest to shallowest do
up_l = UpSampling2 D(concat_bottleneck or previous decoder output) < Equation (22)
skip_I = Skip Connection Attention Block(up_l, encoder feature, inter_channel) < Equations
(11)—(16)
concat_l = Concatenate([up_l, skip_l, encoder feature (branch 2)]) «— Equations (23) and (24)
d_I = Residual block(concat_l, filters) <— Equations (25)—(28)
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33
34

35

36
37

end for

Final Segmentation Output:

Apply 1 x 1 Conv2D (filters = 3,4, activation = ‘softmax’) on last decoder output — predicted mask —
Equation (29)

Training and Evaluation

Train the model with categorical cross entropy and true mean loU metrics

Algorithm 1 gives the pseudocode of the proposed segmentation model, and the blue
shaded parts show the proposed combinations.

Algorithm 1 summarizes a dual branch UNet++-derived encoder-decoder architec-
ture designed to generate multi class segmentation masks from multi-channel agricultural
images. Input images are resampled to a fixed size and normalized Equation (3). In each
branch, residual blocks with progressively increasing channel depths are employed, in-
corporating dropout for regularization where necessary; after each block, spatial resolu-
tion is reduced via max pooling Equations (34)—(37). At the deepest level, features from
both branches are processed through separate residual bottlenecks and fused at the bot-
tleneck stage. Within the decoder, features are progressively up sampled Equation (39),
aligned and enhanced using Skip Attention units that emphasize encoder representations
Equations (28)-(33), and then concatenated with corresponding encoder features from
both branches Equations (40)—(41) before being refined through residual blocks Equations
(42)—(45). In the final layer, a 1 x 1 convolution followed by a softmax activation produces
pixel level class probabilities Equation (46). The model is trained using categorical cross
entropy loss, and evaluated based on accuracy and bias corrected true mean IoU, among
other relevant performance metrics.

3.3. Classification with Novel (XGhost-SECBAM-r-QB) and Wavelet, GLCM Features

Although some architectural components used in the proposed classifier, such as
Xception, Ghost, Squeeze-and-Excite, CBAM, residual connections, and attention mecha-
nisms, were originally introduced in general computer vision or have also been used in
medical image analysis, they are not specific to medical imaging. These modules operate
on generic image-feature representations, including channel-wise feature recalibration,
spatial attention maps, residual feature propagation, and depthwise separable convolu-
tion. Therefore, they can be transferred to UAV-based agricultural image analysis when
the input data are represented as structured image tensors or feature vectors. In this study,
these components were adapted to RGB, multispectral, Wavelet, and GLCM branches to
improve feature representation under real field conditions. Thus, the cited studies are
used to support the methodological basis of the architectural modules rather than to claim
direct contextual equivalence between medical imaging and agricultural UAV monitor-
ing. This clarification is provided to avoid any misunderstanding regarding the contextual
scope of the cited references.

The structured multi-branch, fusion based classification architecture, comprising
parallel branches that process RGB, multispectral, wavelet, and GLCM features, is illus-
trated in Figure 5.
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Figure 5. Classification model: (a) details of the MS and RGB branches; (b) details of the Wavelet
and GLCM branches; (c) concatenation of branches. Different colors are used to distinguish the func-
tional components of the classifier. Red/pink denotes the multispectral branch, light gray denotes
the RGB branch, light yellow denotes the Wavelet branch, and orange/yellow denotes the GLCM
branch. The purple/pink block indicates feature concatenation and fusion, the blue block indicates

dropout-based regularization, and the yellow blocks indicate the final dense classification layers.

This study introduces a multi-branch classifier that integrates RGB, multispectral,
wavelet, and GLCM features. RGB and multispectral images are processed with Xception-
based branches, while wavelet and GLCM features are processed with CNN1D branches.
Ghost, SE, CBAM, and Residual components improve feature learning in each branch. The
extracted features are fused and passed through Dense-Dropout-Softmax layers to pro-
duce the final five-class prediction.
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3.3.1. Xception Base Model

The Xception (Extreme Inception) model is an extended version of the Inception ar-
chitecture and improves parameter efficiency by using Depthwise Separable Convolution.
By factorizing classical convolution operations, it reduces the computational cost and in-
creases the learning capacity of deep networks [72].

In this section, the mathematical formulations of the Xception model will be ex-
plained in detail. The Xception model generally consists of t stages. These are Standard
Convolution Process and Depthwise Separable Convolution (the basic concept of Xception).
Mathematical models of these stages are given below, in Equations (30)—(41), respectively.

M-1N-1C-1
Vg0 = D Y Y X+ mj+n,W(mnc k) (30)
m=0n=0 c=0

X(i,j,c), is the channel value c at pixel (i, j) of the input image. W (m,n, c,k) convo-
lution filter of size (m, n) with k numbers. Y (i, , k) output activation in channel k. This
process has a large computational burden. The Xception model divides the standard con-
volution into two stages. These are depthwise convolution and pointwise convolution (1
x 1 Convolution), whose equations are given below. Depthwise convolution performs an
independent convolution for each channel. Pointwise convolution connects each channel
and is weighted.

Y,(i,j,c) = X{+m,j+nc)Wi(mnc) (31)

0 0

3
il
S
I

where W;(m,n, ¢), separate filter per channel for Depthwise convolution. Y,(i, j, ¢), inter-
mediate output calculated separately for each channel.
c-1

V() = ) Yalirf W (e, ) (32)
c=0

where W, (c, k), 1 x 1 convolution filter. Y;(i,/, ¢), final output activation. Below are the
general layers of the Xception model and their mathematical expressions. The first layer
is the input layer, the second is the entry flow (first phase), the third is the middle flow
(main deep network blocks) and finally the exit flow (last phase). The mathematical ex-
pressions are given below.

The input size of the model starts with X € R¥ *W ¢,

Xy = ReLU(BatchNorm(W, X X)) (33)

W, First convolution filters. BatchNorm, Batch normalization is applied. ReLU, Used
as activation function. In the entry flow stage, it starts with standard convolution and con-
tinues with deep decomposed convolutions. This process is repeated 3 times and maxi-
mum pooling is applied. The aim of this stage is to reduce the size of the feature maps and
compress the visual information.

X; = ReLU(BatchNorm(DepthwiseConv(X,) + PointwiseConv(X,))) (34)

X, = MaxPooling(X;) (35)

The middle flow stage consists of linked residual blocks. Each residual block is mod-
eled as follows:

Xi11 = X; + ReLU(BatchNorm(DepthwiseConv(X;) + PointwiseConv(X;))) (36)

These repeated blocks increase the depth of the model, enabling more powerful fea-
ture learning.
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Exit flow is the exit stage of the model and includes the final deep decomposed con-
volution, global average pooling (GAP) and fully connected layers, respectively.

Xy = ReLU(BatchNorm(DepthwiseConv(X,) + PointwiseConv(X,))) (37)

1 H W

GC = H X WZZXf(ll]lc) (38)
i=1 j=1

Y = Softmax(WY; + b) (39)

The Xception backbone was used as the core feature extractor for the RGB and mul-
tispectral image branches of the proposed classification framework. In the main manu-
script, the overall multi-branch classification architecture is summarized in Figure 5 while
the detailed Xception-based branch architecture and the internal structure of Xception
blocks are provided in the Supplementary Materials (Figure S4). This organization keeps
the main text focused on the proposed multimodal fusion framework while preserving
the full architectural details for reproducibility.

Xception and Xception (‘imagenet’) were used to process multispectral and RGB im-
ages, respectively.

Xception output,

fmultispektral = ReSidualAttentionBloCk(Xception(lmultispektral)) (40)
Xception (‘imagenet’) output,

free = ResidualAttentionBlock(Xceptionimagener(Irgs)) (41)

3.3.2. CBAM Block

CBAM (Convolutional Block Attention Module) implements both channel and spa-
tial attention mechanisms. In this block, channel attention and spatial attention are applied
together. The channel equations are given below in Equations (42)—(45) [50].

Channel average and maximum pooling equations,

1 H W
fooa = 77 2 2. Ko (42)

i=1 j=1

fnax = max;; = (Xi;) (43)
Fully connected layers and activation equation,
M. = o(Wo6 (Wi [favg, finax])) (44)
Scaling,
X' =X.M, (45)

The spatial attention equations are given below in Equations (46)—(49). Average and
maximum pooling,

c
1
favg_spatial = EZ X (46)
c=1
fmax_spatial = max, (Xc) (47)

Convolution attention map,
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Mg = o (W X [fm’gspatial’ fmax_spatial]) (48)
Conclusions,

X" =X'. M (49)

3.3.3. Residual Attention Block

Residual Attention Block includes Ghost, SE and CBAM blocks. Ghost module appli-
cation, the mathematical formulations of the applied method are explained in Equations

(50)—(53).
X, = GhostModule(X) (50)
SE block application,
X, = SEBlock(X;) (51)
CBAM block application,
X; = CBAM(X,) (52)

Last layer and skip connection,

Xr =X + Conv(X3) (53)

3.3.4. CNN1D Based Double Branch (for Wavelet and GLCM Features)

Wavelet and GLCM features were processed using a 1D CNN-based classification
branch. This branch includes Ghost1D, SE1D, CBAM1D, and ResiduallD components to
improve efficiency and feature representation. The mathematical descriptions are given
below.

Ghost Module (1D)

The Ghost Module is based on the idea that similar representations can be generated
more cheaply by using a smaller number of basic convolution filters. A given input tensor
X € R™C¢m, number of target filters C,,, and the ratio r the mathematical formulation of
the module is presented in Equations (54)—(56).

True convolution;

CO'U.
Y, = Conv1D(X,Wy), W, € R¥¥Cn*3 (54)

Ghost convolution (grouped);

Cout Cout

Y, = GroupConv1D(Y,, W,), W, € R+ *r (55)
Output merging;

Y = Concat(Y,,Y,) € R¥*Cout (56)

Squeeze and Excitation Block (1D)

This block highlights important feature maps with a channel-based attention mecha-
nism. Given an input tensor X € R7*¢, the mathematical formulation of this mechanism
is provided in Equations (57)—(59).

Squeeze, global average pooling;
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1
2, = ?Z X.e, 2z€RC (57)
t=1
Excite, fully connected network;
s = o(W,.ReLU(W;.2)), s€RC (58)
Rescaling;
Yt,c = Xt,c -Se %9)

where o is the sigmoid activation.

CBAM: Convolutional Block Attention Module (1D)

CBAM computes attention in both channel and spatial dimensions. Channel attention
consists of channel summary, dense layer and attention score, rescaling and is expressed
by the following Equations (60)-(62).

Channel summary;

T
1
avg, = 72 Xioo max, = max,X; . (60)

t=1

Attention score with dense layer;
M. = oc(W,.ReLU(W;.[avg, max])) (61)
Rescaling;
X'pe =X M (62)

Spatial attention consists of channel-wise mean and maximum operations, inclusive
convolution, and a final output mapping. The mathematical formulation of the average
and maximum operations in the channel dimension is provided in Equations (63)—(65).

c
1
avg, = EZ X'ie) max, = max. X', (63)
c=1

Inclusive convolution;
Mg = o(Convl1D([avg,, max,])) (64)
Final output;

Yie = X’t,c- Mg, (65)

Residual Attention Block (1D)

This block combines the Ghost + SE + CBAM components and implements a residual
connection. Given input X € R™*¢, with output size C’, the mathematical formulation of
this combined block is presented in Equations (66)—(68).

F(X) = CBAM(SE (Ghost(X))) (66)
F'(X) = Conv1Dyy (F(x)) € RT*¢ (67)
Y =X+ F'(X) (68)

This structure ensures that the original information is preserved and important fea-
tures are emphasized through attention mechanisms.
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Double Branch Model (1D)

The model operates on Wavelet and GLCM vectors. Both arms consist of a structure
including Ghost Module, SE Block, CBAM and Residual connection. The output represen-
tations of the two branches are combined and transmitted to the classification layer. For
the Wavelet branch, the input tensor Xy aperer € R7*C, is processed according to the for-
mulations provided in Equations (69)—(72), while the GLCM branch the input tensor.
Xoime € RT*C follows the mathematical expressions defined in Equations (73)—(76). Then,
the merging and classification process is performed as described in Equations (77)—(78).

Hy = Conv1D (Xwavetet) (69)

H, = ResidualAttentionBlock(H,) (70)
Hs; = GAP(H,) (71)

H, = Dense(H3) (72)

Ly = ConvlD(X¢rcm) (73)

L, = ResidualAttentionBlock(L,) (74)
Ly = GAP(Ly) (73)

L, = Dense(L3) (76)

Then, the merging and classification process is performed.

Z = Concat(Hy, Ly) (77)

¥ = Softmax(Dense(Z)) (78)

Feature Fusion

The outputs of each arm are combined into a single representation.
Fconcat = COTlCClt(FRGB, FMS: FWavelet: FGLCM) € R+ d2*256+256 (79)
The merged feature representation F is given to the following classification layers.

h = Dropout(ReLU(W,F + b;)) € R1024 (80)

y = Softmax(W,h + b,) € R" (81)

where W, € R1024x(d1+dz+512) "1y, — R™*1024 and § are the class probabilities predicted
by the model. Output j, target class, Sparse Categorical Crossentropy is calculated by
comparing with y € {0,1,2, ...,n}.

L(y,9) = —log(3) (82)

The optimization is performed using the Adam algorithm. The mathematical formu-
lations of this classification module are presented in Equations (79)—(82).

Algorithm 2 shows the pseudo code of the classification model. The blue shaded
parts are our proposed model combinations.
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Algorithm 2. Pseudocode of the proposed classification model.

O 0 NN O Ul = W N =

S o e
NN O LN =R O

—_
Qo

19
20

21
22
23
24

25
26
27

28
29

Input

N sample images:

Irge: RGB images, shape (128, 128, 3)

Iys: Multispectral images, shape (128, 128, 6)

Feimer Fwaverer: 1D feature vectors (extracted by GLCM, wavelet)

Output

Class predictions (5 classes, softmax)

Step 1:

Step 2:

Step 3:

Step 4:

Step 5:

(XGhost-SECBAM-r-QB)
Branch Construction
for each input type do
RGB branch:
Pass Irgp through Xception backbone (ImageNet pre-trained) « Equations (30)—(39) and
(41)
Apply Residual Attention Block (Ghost, SE, CBAM) < Equations (50)—(53)
Apply Global Average Pooling (GAP) < Equation (35)
MS branch:
Pass lys through Xception backbone (untrained) < Equations (30)—(40)
Apply Residual Attention Block (Ghost, SE, CBAM) < Equations (50)—(53)
Apply GAP « Equation (35)
GLCM branch:
Pass Fgppc through 1D Conv + activation < Equations (73)—(76)
Apply Residual Attention Block (Ghost, SE, CBAM) < Equations (66)—(68)
Apply GAP + Dense + Dropout < Equations (77)—(78)
Wavelet branch:
Pass Fyqperer through 1D Conv + activation < Equations (69)—(72)
Apply Residual Attention Block (Ghost, SE, CBAM) < Equations (66)—(68)
Apply GAP + Dense + Dropout < Equations (77)—78)
end for

Feature Fusion
Concatenate feature vectors from all branches:
Ffusion = [Fregs Fus: Ferems Fwavetet] < Equation (79)
Final Classification
Pass Frysion through:
Dense layer (1024, ReLU) < Equation (80)
Dropout (0.5)
Output Dense layer (5, Softmax) < Equation (81)
Model Training
Compile model with optimizer = Adam, loss = SparseCategoricalCrossentropy, metrics = [accuracy] <— Equation
(79)
Train model using multi-input data:
Urea: Ius: lorems wavetee], ¥
Evaluation
Predict classes for test data
Report accuracy, confusion matrix, etc.

Algorithm 2 outlines the operational flow of the proposed multi-branch classification
model (XGhost-SECBAM-r-QB). In Step 1, four input modalities (RGB images, multispec-
tral images, GLCM features, and wavelet features) are processed in parallel through ded-
icated branches. RGB and MS inputs are passed through Xception backbones (pre-trained
for RGB, untrained for MS), followed by a Residual Attention Block integrating Ghost, SE,
and CBAM modules, and finalized with Global Average Pooling. The GLCM and wavelet

https://doi.org/10.3390/app16146860



Appl. Sci. 2026, 16, 6860

25 of 48

branches apply 1D convolution and activation, the same Residual Attention Block, and
GAP with Dense + Dropout regularization. In Step 2, all branch outputs are concatenated
to form a unified fusion feature vector. Step 3 performs final classification using a fully
connected layer (1024 units, ReLU + Dropout) and a Softmax output for five classes. Step
4 trains the model using Adam and Sparse Categorical Cross Entropy within a multi-input
learning scheme, while Step 5 evaluates performance through class predictions, accuracy,
and confusion matrix analysis.

4. Experimental Results and Analysis

All comparative experiments followed the same protocol. The proposed and bench-
mark models used the same data splits, preprocessing, normalization, input size, opti-
mizer family, maximum epoch limit, and evaluation metrics. The threshold-based stop-
ping criterion was applied consistently to all models as a convergence indicator. There-
fore, epoch and training-time values show when each model reached the predefined cri-
terion, not an unequal training budget. This design made the comparison focused on ar-
chitecture rather than data or protocol differences.

This section presents the experimental results. First, the datasets and settings are de-
scribed. Then, segmentation and classification results are reported. Ablation experiments
are used to evaluate the contribution of the proposed components. The same protocol was
applied to segmentation baselines, including DeepLabV3+, HRNet, PSPNet, and UPerNet,
and to transfer-learning-based classification baselines.

For readability, the results are presented in this order: segmentation results, classifi-
cation comparison, ablation experiments, and stability analysis. Detailed run-by-run sta-
bility results are provided in the Supplementary Materials.

4.1. Datasets and Settings

Balanced training and test sets were created from RGB and multispectral images for
five classes. Images were resized to 128 x 128, normalized, and balanced using data aug-
mentation. The benchmark segmentation stability experiment used a mixed PlantVillage
and PlantDoc dataset. All other stability and ablation experiments used the newly intro-
duced Water Stress 2025 and Common Rust 2025 datasets.

4.1.1. Datasets

Two UAV-based datasets were used for five-class maize stress and disease analysis:
clean soil, healthy plant, common rust disease, low water stress, and high water stress.
The datasets included RGB three-channel and six-channel multispectral patches with the
same class definitions and preprocessing protocol. All images were resized to 128 x 128
pixels, normalized to [0-1], and encoded with numeric labels.

For six-channel multispectral images, the training set included 1212, 601, 1044, 1015,
and 872 samples for clean soil, healthy plant, rust disease, low water stress, and high water
stress, respectively. For RGB images, the corresponding numbers were 1213, 589, 1090,
848, and 992. The test sets included approximately 200 samples per class. To reduce class
imbalance, 400 original and 400 augmented samples were selected per class where appli-
cable. Augmentation used horizontal flipping and random rotation.

This design enables a controlled comparison between RGB and multispectral inputs.
It also allows the effect of spectral diversity on maize health, water stress, and rust detec-
tion to be examined. Detailed class-distribution plots are provided in Supplementary Fig-
ure S5.
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4.1.2. Experimental Settings

In the mask generation phase for graded water stress, a multi-stage workflow was
followed to segment different plant health states and soil areas from multispectral
images. Firstly, vegetation indices such as SAVI and NDRE were calculated using
NIR, Red and Red Edge bands. In SAVI calculation, the soil adjustment constant L =
0.5 was chosen. When normalizing the bands, “robust” normalization methods were
used for NIR and Red and “standard” normalization methods were used for NDRE.
Subsequently, an automatic threshold value was determined via SAVI with the Otsu
thresholding algorithm and soil zones were separated. In the determination of plant
health levels, the K-Means algorithm was applied on NDRE and multiple threshold-
ing was performed over four cluster centers (n_clusters = 4). The threshold centers
were used to distinguish between low water stress, high water stress and healthy
plants. The generated mask was subjected to morphological opening and closing op-
erations with a 5 X 5 kernel to remove noise and small false regions. In addition, a
minimum area threshold of 500 pixels was set to eliminate very small areas. After
segmentation, Fully Connected Conditional Random Field (CRF) based post-pro-
cessing was applied to ensure the spatial and spectral integrity of the mask and to
correct the boundaries more precisely. In CRF: sdims as spatial dimension in Pairwise
Gaussian filter = (3, 3), in the Pairwise Bilateral filter, spatial sdims = (30, 30), spectral
schan = (13, 13, 13) values were selected. The number of iterations in the CRF infer-
ence is set to 100. With this multi-stage workflow, both automatic thresholding and
CREF assisted post-processing resulted in more accurate and smoother segmentation
masks at the edge lines.

In the mask generation phase for common rust disease, a multi-stage workflow based
on vegetation indices such as SAVI, NDRE, NDVI and SR was developed for auto-
matic segmentation of plant and soil areas. NIR and Red bands were normalized by
RobustScaler and StandardScaler methods. Automatic thresholding with K-Means
(n_clusters = 2) was performed on the SAVI index for soil and plant separation, and
morphological operations with 5 x 5 kernels were applied. Phytosanitary levels were
determined by K-Means (n_clusters = 3) on NDRE, NDVI and SR indices, and these
masks were combined by maximum value method. Finally, Fully Connected CRF
algorithm was applied with Pairwise Gaussian (sdims = 5) and Bilateral (sdims = 10,
schan = 5) parameters and 100 iterations. In this way, segmentation masks with high
accuracy and edge sensitivity were obtained.

For the segmentation, the choice of the network architecture and parameters, influ-
enced by the ablation experiments, was made only to isolate the effect of skip con-
nection attention and residual blocks on the UNet++ structure. The input size of the
model was set to 128 x 128 x 6, indicating that six-band multispectral images were
studied. In the encoder and decoder stages, residual blocks were used, each with
LeakyReLU (a = 0.1) activation, Batch Normalization and an increasing number of
filters (64, 128, 256, 512, 1024). Dropout (ratio = 0.3) was applied in the deep layers to
reduce the risk of overfitting.

On the decoder side, in addition to the classical UNet++ skip connections, Skip Con-
nection Attention Block is implemented. In this block, the feature maps from the en-
coder and the upgraded maps from the decoder are reduced to the same number of
channels by 1 x 1 convolution and then the attention map is obtained by sigmoid
activation. The attention map was multiplied by the feature maps from the skip and de-
coder branches to emphasize both spatial and cross channel important information.

In the last layer of the model, 1 x 1 convolution and softmax activation were used for
three class segmentation. Spatial dimension reduction with MaxPooling2D (2 x 2) and
resolution enhancement with UpSampling2D (2 x 2) were used throughout the network.
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e  For classification, a four-arm deep learning classification model is designed that in-
tegrates different types of images and features. There are four different inputs in the
model: RGB images of size 128 X 128 x 3, multispectral images of size 128 x 128 x
6, and two separate GLCM/wavelet feature vectors of size (n,1) each. The RGB and
multispectral images are processed through Xception-based deep branches, pre-
trained with ImageNet and initialized from scratch, respectively. In these branches,
at the output of the basic Xception network, the Ghost Module, which uses channels
efficiently, the Squeeze and Excite (SE) block, which strengthens channel associa-
tions, and the Residual Attention Block, in which the CBAM block, which adds both
channel and spatial attention, is applied sequentially. Residual connection was
achieved by summing the input and output. After Xception, the feature map was
converted into a vector using Global Average Pooling.

GLCM/WAVELET feature vectors are processed with Conv1D, then passed through
a 1D Residual Attention Block including Ghost, SE and CBAM blocks, then com-
pressed with GlobalAveragePoolinglD and a 256 neuron Dense layer. Dropout of
50% was applied at the output of both arms.

The four separate feature vectors obtained are combined with Concatenate layer and
then passed through a Dense layer with 1024 neurons and ReLU activation and 50%
Dropout. In the final stage, the output of the model is a softmax activated Dense layer
with 5 classes. The Adam optimization algorithm, sparse categorical cross-entropy
loss, and accuracy metric were used during training. In each layer of the model, pa-
rameters such as filter, neuron, ratio are optimized according to the literature and
experimental results. Thanks to this integrated architecture, high accuracy classifica-
tion performance is aimed by joint learning of multiple data types.

e  The methods proposed in the study, namely masking methods and artificial intelli-
gence algorithms, were implemented in the Anaconda based PyCharm Community
Edition 2021.3.3.IDE using libraries such as TensorFlow, Numpy, scikit-learn, Pan-
das, PIL, imageio, os, cv2, matplotlib, rasterio and sklearn. Implemented on a system
with Nvidia RTX 4070, 12 GB GPU, 64 GB DDR5 RAM and Intel Core i5-12600K pro-
cessor. It has a softmax activation function using the dynamic Adam optimizer with
batch size set to 16. The maximum number of epochs was set to 100 for all compared
classification models. The same threshold-based convergence protocol was used in
all classification experiments. The validation-accuracy threshold only determined
when a model reached the practical convergence criterion. Models that did not reach
it continued until the maximum epoch limit. Thus, best epoch and training duration
values reflect convergence behavior under a common protocol. The patience coeffi-
cient was set to 2.

4.2. Comparative Baselines for Segmentation

The results include evaluations of the proposed model in terms of accuracy, MeanloU
and various parameters compared with widely used general-purpose segmentation archi-
tectures in both 4 class water stress and 3 class common rust segmentation tasks.

4.2.1. Segmentation Comparison for Water Stress Dataset

DeepLabV3+, HRNet, PSPNet, and UPerNet were used as benchmark segmentation
models. These models represent different segmentation designs and allow the proposed
model to be evaluated beyond accuracy on the Water Stress dataset.

When Table 3 is analyzed, the experimental comparisons performed on the Water
Stress 2025 dataset show that the proposed model achieved the most favorable segmenta-
tion performance among the compared architectures under the adopted experimental pro-
tocol. Although the strongest benchmark model was UPerNet, with 0.9094 validation ac-
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curacy and 0.6546 Mean IoU, the proposed model achieved 0.9388 validation accuracy
and 0.7723 Mean IoU.

Table 3. Comparison of widely used benchmark segmentation architectures with the proposed seg-

mentation model on the Water Stress dataset.

Metric Model Val Accuracy True MeanloU Time (s) Total Number of Best Epoch
Parameters
DeepLabV3+ 0.8861 0.6032 349.5012 10,127,428 91
HRNet 0.8961 0.6573 1640.6156 1,899,460 92
PSPNet 0.8636 0.4921 166.0185 1,341,124 29
UPerNet 0.9094 0.6546 890.8918 6,997,716 80
Proposed model 0.9388 0.7723 1982.5330 15,983,368 38

The improvement is particularly evident in the Mean IoU metric. The proposed
model increased Mean IoU from 0.6546 obtained by UPerNet to 0.7723 on the Water Stress
2025 dataset. This corresponds to an absolute gain of 0.1177 Mean IoU. The proposed ar-
chitecture required 1982.5330 s and contained 15,983,368 parameters, indicating that the
improved segmentation performance was achieved with an acceptable computational cost
under the adopted experimental protocol.

4.2.2. Segmentation Comparison for Common Rust Dataset

For the Common Rust dataset, DeepLabV3+, HRNet, PSPNet, and UPerNet were
used as reference architectures. These models represent different semantic segmentation
paradigms.

When Table 4 is analyzed, the evaluations conducted on the Common Rust 2025 da-
taset show that the proposed model achieved the highest segmentation performance
among the compared benchmark architectures. UPerNet was the strongest benchmark
model with 0.8426 validation accuracy and 0.6520 Mean IoU, whereas the proposed model
achieved 0.9648 validation accuracy and 0.9164 Mean IoU.

Table 4. Comparison of widely used benchmark segmentation architectures with the proposed seg-

mentation model on the Common Rust dataset.

Total Number of

Metric Model Val Accuracy  True MeanloU Time (s) Best Epoch
Parameters
DeepLabV3+ 0.8187 0.5833 190.9284 10,127,171 16
HRNet 0.8316 0.6232 730.1538 1,899,395 23
PSPNet 0.7871 0.5573 118.5692 1,340,995 38
UPerNet 0.8426 0.6520 482.9027 6,997,716 36
Proposed model 0.9648 0.9164 911.6780 15,983,303 87

In terms of Mean IoU, the proposed model increased performance from 0.6520 ob-
tained by UPerNet to 0.9164 on the Common Rust 2025 dataset. This corresponds to an
absolute gain of 0.2644 Mean IoU. The proposed architecture required 911.6780 s and con-
tained 15,983,303 parameters, while providing substantially stronger pixel-level class sep-
aration for soil, rust-affected vegetation, and healthy maize regions under real-field UAV
conditions.

4.3. Comparative Baselines and Complexity-Aware Interpretation for Classification

Widely used transfer-learning models were used as classification baselines. These in-
cluded VGG, ResNet, DenseNet, Inception, EfficientNet, and Xception. These models rep-
resent different architecture types and provide strong classification-only alternatives un-
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der the same UAV-based five-class protocol. The comparison was not used only to report
the highest accuracy. It was also used to test whether the proposed multimodal classifier
gives a meaningful practical advantage when accuracy, parameter count, convergence be-
havior, and preprocessing complexity are considered together. The modality-controlled
experiments were used to isolate the effect of input modality and to clarify the contribu-
tion of spectral information.

The proposed XGhost-SECBAM-1-QB classifier achieved the highest accuracy under
the adopted protocol. However, its gain over the strongest baseline was small. The pro-
posed model achieved 0.9954 accuracy, while DenseNet201 achieved 0.9931 with fewer
parameters. Therefore, the classification results should be interpreted together with model
complexity. The proposed classifier should be seen mainly as a task-specific multimodal
analysis model, not as a model that gives a large accuracy gain over simpler baselines.

As shown in Table 5, the absolute accuracy difference between the proposed classifier
and DenseNet201 was only 0.0023, or 0.23 percentage points. However, the proposed clas-
sifier used 97,977,973 parameters, while DenseNet201 used 20,294,213 parameters. This
means that the proposed classifier used about 4.83 times more parameters. Therefore, this
small accuracy gain does not by itself justify the full classifier for classification-only de-
ployment.

Table 5. Comparison of widely used transfer-learning classification baselines with the evaluated
multimodal classification model. The table reports accuracy, F1-score, precision, sensitivity, training
time, parameter count, and threshold-based convergence epochs under the adopted UAV-based

five-class protocol.

Metric Model Accuracy F1Score Precision Sensitivity Time (s) Total Number of Total Number of Epoch
Parameters

VGG16 0.1894 0.0603 0.0359 0.1894 1318.21 15,245,125 100
VGG19 0.2088 0.0603 0.0359 0.1894 1577.44 20,554,821 100
ResNet50 0.9800 0.9800 0.9807 0.9800 1039.50 25,691,013 100
ResNet101 0.9856 0.9856 0.9858 0.9856 1985.40 44,761,477 100
ResNet152 0.9644 0.9643 0.9666 0.9644 2729.32 60,474,245 100
DenseNet121 0.9888 0.9869 0.9869 0.9869 1453.23 8,092,229 100
DenseNet169 0.9881 0.9882 0.9883 0.9881 2234.03 14,352,965 100
DenseNet201 0.9931 0.9931 0.9933 0.9931 2269.00 20,294,213 100
InceptionV3 0.9863 0.9850 0.9853 0.9850 1133.32 23,906,085 100
InceptionResNetV2 0.9763 0.9750 0.9752 0.9750 2277.44 55,915,749 100
EfficientNetB0 0.2106 0.0883 0.0917 0.2106 860.45 5,366,440 100
EfficientNetB4 0.2406 0.1297 0.2631 0.2406 1857.21 19,514,980 100
EfficientNetB7 0.3950 0.3015 0.5596 0.3963 3989.34 66,725,276 100
Xception 0.9806 0.9813 0.9814 0.9812 1191.22 22,964,781 100
Proposed Model 0.9954 0.9954 0.9954 0.9954 1122.43 97,977,973 25

The faster threshold-based convergence of the proposed classifier should also be in-
terpreted carefully. It only shows that the model reached the predefined validation-accu-
racy criterion in fewer epochs under the offline training protocol. It does not prove lower
deployment complexity or lower inference cost. Therefore, the epoch and time values are
used as convergence indicators, not as proof that the full classifier is computationally pref-
erable for operational use.

Overall, the proposed classifier achieved highly competitive performance compared
with the CNN-based baselines. However, the comparison should be interpreted with cau-
tion. The accuracy improvement over strong baselines was small. Therefore, the main pur-
pose of this comparison is not to claim practical superiority over simpler classification-
only models. Instead, it is used to evaluate the accuracy—complexity trade-off and to sup-
port the branch-level and modality-controlled analyses.
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To make the multimodal comparison fairer, additional modality-controlled experi-
ments were conducted using RGB-only, six-channel multispectral-only, and fused RGB +
multispectral inputs over 21 independent runs. These results are given in Supplementary
Section 512 and summarized in Supplementary Table S10.

The accuracy difference between the proposed classifier and strong baselines such as
DenseNet201 and Xception was small because these models already performed well on
the five-class task. Therefore, accuracy alone is not enough to justify the full classification
branch. The ablation, modality-controlled runs, and stability results show how RGB, mul-
tispectral, Wavelet, and GLCM inputs affect accuracy, convergence, and robustness. They
also show that the full classifier is not always preferable. For classification-only deploy-
ment, simpler alternatives may be more practical, while the proposed classifier should
mainly be interpreted as a modality-contribution and convergence-analysis component.

4.4. Results of Ablation Experiments for Segmentation Model

Ablation experiments were used to find the most balanced segmentation configura-
tion. Four modules, Ghost, SE, Skip-Attention, and Residual blocks, were evaluated in the
proposed dual-branch UNet++ segmentation model, hereafter referred to as scar-U-Net++
DB framework. All module combinations were tested under the same protocol for Water
Stress 2025 and Common Rust 2025. The best segmentation performance was obtained
with Skip-Attention and Residual blocks together. Skip-Attention improved spatial infor-
mation transfer and class boundaries, while Residual blocks improved learning stability.
Ghost and SE did not provide consistent gains and sometimes increased complexity.
Therefore, the final model retained only Skip-Attention and Residual components. The
ablation results show that the improvement came from the combined effect of attention-
enhanced skip connections and residual refinement. Friedman ranking was also used to
evaluate the relative contribution of the components. The detailed formulation and full
ranking tables are provided in Supplementary Section S3 and Table S3a,b. The Friedman
rankings and the Nemenyi post hoc critical difference comparison were used as auxiliary
statistical evidence, while the final configuration was selected by jointly considering vali-
dation Mean IoU, architectural simplicity, parameter efficiency, and consistency across
both datasets. A Nemenyi post hoc critical difference comparison was also added after the
Friedman ranking analysis in Supplementary Section S6. For the Water Stress 2025 da-
taset, the rank difference between the best-ranked configuration and the selected final
Skip-Attention + Residual configuration was below the critical difference, indicating no
statistically significant difference. For the Common Rust 2025 dataset, the selected final
configuration was already the best-ranked configuration. Therefore, the final segmenta-
tion architecture was retained because it provided statistically comparable performance
on Water Stress 2025, the best ranking on Common Rust 2025, and a balanced trade-off in
terms of Mean IoU, architectural simplicity, parameter efficiency, and consistency across
both segmentation tasks.

These findings show that SkipAttention and Residual blocks are important for
UNet++ segmentation, while Ghost and SE do not provide clear advantages for this da-
taset. Detailed results are given in Tables 6 and 7.

Table 6. Ablation experiment of our proposed segmentation model for water stress.

.. . . . True . Total Number
Combination  SkipAttention Residual Val Accuracy MeanIoU Time (s) of Parameters Best Epoch
Model-1 - 0.9360 0.7184 1728.55 58,117,252 30
Model-2 + 0.9353 0.7215 1920.28 61,432,516 56
Model-3 - 0.9349 0.7194 1890.54 59,688,904 51
Model-4 + 0.9388 0.7723 1982.5330 15,983,368 38
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Table 7. Ablation experiment of our proposed segmentation model for common rust.

True Total Number

Combination  SkipAttention Residual Val Accuracy MeanIoU Time (s) of Parameters Best Epoch
Model-1 - 0.8823 0.7422 1470.71 58,117,187 50
Model-2 + 0.9055 0.7889 1651.43 61,432,451 51
Model-3 - 0.8797 0.7353 1591.37 59,688,839 50
Model-4 + 0.9648 0.9164 911.6780 15,983,303 87

4.4.1. Segmentation Ablation for Water Stress Dataset

This section presents the water-stress ablation results. The experiments were de-
signed to determine which blocks should be included in the model and how each compo-
nent affected performance.

When Table 6 is analyzed, the ablation analysis shows that the combined use of
SkipAttention and Residual blocks provided the highest segmentation performance
among the tested configurations. When both components were used together (Model-4),
the model achieved 0.9388 validation accuracy and 0.7723 Mean IoU on the Water Stress
2025 dataset. This confirms that attention-enhanced skip connections and residual feature
refinement act complementarily, improving both spatial information transfer and learn-
ing stability.

4.4.2. Segmentation Ablation for Common Rust Dataset

This section presents the detailed findings of the ablation studies conducted using
the Common Rust dataset. The experiments played a decisive role in determining which
blocks should be incorporated into the model. In this part, the results of comprehensive
analyses performed on the selected blocks are reported, and the contribution of each com-
ponent to the overall performance of the model is examined in detail.

When Table 7 is analyzed, the Common Rust 2025 ablation results show that the com-
bination of SkipAttention and Residual blocks provided the highest segmentation perfor-
mance. The final Model-4 configuration achieved 0.9648 validation accuracy and 0.9164
Mean IoU. This result indicates that the Residual block improved optimization stability,
while SkipAttention enhanced the transfer of spatially important features for rust-affected
and healthy vegetation separation.

4.5. Results of Ablation Experiments for Classification Model

In this section, the contributions of the proposed classification architecture were an-
alyzed under two complementary ablation settings. In the first setting, the input branch
configuration was kept fixed, and only the individual and combined effects of the archi-
tectural blocks (Ghost, SE, CBAM, and Residual) were examined. In the second setting,
the architectural block configuration was kept fixed, and only the contributions of differ-
ent input branch combinations (RGB, multispectral, Wavelet, and GLCM) were evaluated.
This design allowed us to separately assess block-level contributions and input-represen-
tation-level contributions.

Accuracy, Precision, Recall, and F1-score were calculated independently using scikit-
learn. Precision, Recall, and F1-score were reported as weighted averages. Because the
dataset was nearly balanced and the models made few errors, these values became very
close to Accuracy. After rounding, they may appear identical in some rows. This reflects
weighted averaging and balanced class support, not duplicated reporting.

In addition, all classification metrics were recalculated and cross-checked from the
confusion matrix to ensure that the reported values did not result from copying, averaging
mismatch, or reporting errors.
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4.5.1. Block Ablation Under Fixed Input Branches

The effects of Ghost, SE, CBAM, and Residual blocks were tested while the input
branches were kept fixed. Table 8 shows that several block combinations produced very
similar classification results. This indicates that the dataset was highly separable under
the adopted protocol. The full Ghost + SE + CBAM + Residual configuration reached the
same peak accuracy as some simpler configurations. However, it required fewer epochs
and shorter offline training time. Therefore, this ablation does not show that the full block
configuration is necessary for peak accuracy. Instead, it shows the trade-off between ar-
chitectural complexity and threshold-based convergence behavior.

Table 8. Results of the block ablation experiment for the evaluated classification configuration,
where the input branches were kept fixed. Precision, Sensitivity/Recall, and F1-score are reported
as weighted-average metrics. The table is intended to analyze block contribution and convergence

behavior rather than to show that the most complex configuration is necessary for peak accuracy.

Total Number of Total Number

Metric Model Accuracy F1 Score Precision Sensitivity Time (s)

Parameters of Epoch
Ghost_Only | FixedBranches 0.9966  0.9966 0.9966 0.9966 524.15 84,291,701 19
SE_Only | FixedBranches 0.9954 09954  0.9954 0.9954 145.02 48,590,949 6
CBAM_Only | FixedBranches 0.9965 0.9966 0.9966 0.9966 336.88 49,642,885 14
Residual_Only | FixedBranches 0.9954 0.9954  0.9955 0.9954 454.29 54,900,277 20
Ghost + SE | FixedBranches 0.9977  0.9977 0.9977 0.9977 581.31 86,400,037 21
Ghost + CBAM | FixedBranches 0.9954 0.9954  0.9954 0.9954 376.79 87,451,973 13
Ghost + Residual | FixedBranches 0.9966 0.9966  0.9966 0.9966 369.60 92,709,365 13
SE + CBAM | FixedBranches 0.9966  0.9966 0.9966 0.9966 321.57 51,751,221 13
SE + Residual | FixedBranches 0.9966 0.9966  0.9966 0.9966 466.41 57,008,613 20
CBAM + Residual | FixedBranches 0.9954  0.9955 0.9956 0.9954 391.65 58,060,549 16
Ghost + SE + CBAM | FixedBranches 0.9977 09977  0.9977 0.9977 700.20 89,560,309 24
Ghost + SE + Residual | FixedBranches 0.9954  0.9954 0.9955 0.9954 403.17 94,817,701 14
Ghost + CBAM + Residual | FixedBranches 0.9954  0.9955 0.9956 0.9954 387.33 95,869,637 13
SE + CBAM + Residual | FixedBranches  0.9966  0.9966  0.9966 0.9966 303.71 60,168,885 12
Ghost +SE + CBAM * Residual | 09977 09977 09977 09977 30144 97,977,973 10

FixedBranches

In this experimental setting, the term FixedBranches indicates that the same input
branch configuration was preserved across all experiments, while only the block combi-
nations were changed.

Table 8 shows that the tested blocks affected both accuracy and convergence. Some
configurations reached the same peak accuracy. For example, Ghost + SE, Ghost + SE +
CBAM, and Ghost + SE + CBAM + Residual all achieved 0.9977 accuracy. Therefore, the
full block configuration should not be seen as giving a large accuracy gain over simpler
combinations.

From a classification-only deployment perspective, the most complex block configu-
ration is not necessary when the goal is only peak accuracy. The full Ghost + SE + CBAM
+ Residual configuration reduced the number of epochs and offline training time. How-
ever, the lighter Ghost + SE configuration achieved the same peak accuracy with lower
architectural complexity. Therefore, the full configuration should be seen as an offline
convergence-oriented option, not as a default low-complexity classifier for operational
use.

Its main advantage was faster threshold-based convergence during offline training.
The full configuration reached 0.9977 accuracy in 301.44 s and 10 epochs. Ghost + SE
needed 581.31 s and 21 epochs, while Ghost + SE + CBAM needed 700.20 s and 24 epochs.
This shows that the full block design mainly improved convergence speed, not final accu-
racy. Therefore, the final block configuration should be interpreted as a convergence-ori-
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ented design for block-contribution analysis, not as proof of a practically superior classi-
fication-only model.

4.5.2. Branch Ablation Under Fixed Architectural Blocks

The branch-level ablation was conducted to test whether each input branch adds use-
ful information beyond RGB and multispectral inputs. In this experiment, the block con-
figuration was fixed, and only the input branches were changed. This analysis is im-
portant because the full classifier uses extra Wavelet and GLCM preprocessing steps.
These steps may increase preprocessing time during deployment. Therefore, the branch-
level ablation was evaluated not only by peak accuracy, but also by convergence behavior
and deployment simplicity.

The branch-level ablation results in Table 9 show that RGB and multispectral
branches are the main contributors to classification performance. Wavelet-only and
GLCM-only models gave lower results. This shows that these handcrafted features are not
strong enough when used alone. The multispectral branch performed better than the RGB
branch, which shows the importance of spectral information for separating healthy maize,
water stress, and common rust.

Table 9. Results of the branch-level ablation experiment for the evaluated classification configura-
tion, where the block configuration was kept fixed and only the input branches were changed. The
table is intended to identify whether additional Wavelet and GLCM branches improve final accu-

racy or mainly affect offline convergence.

Total Number of Total Number

Metric Model Accuracy F1 Score Precision Sensitivity Time (s)
Parameters of Epoch
Wavelet | FixedBlocks 0.8526 0.8523 0.8541 0.8526  258.28 324,866 100
GLCM | FixedBlocks 0.8194 0.8126  0.8182 0.8194  257.75 324,866 100
MS | FixedBlocks 0.9863 0.9863 0.9864 0.9863  1323.85 48,673,776 100
RGB | FixedBlocks 0.9737 0.9735 0.9736 0.9737  1300.37 48,672,912 100
GLCM + Wavelet | FixedBlocks 0.9143 0.9131 0.9150 09143  437.713 643,583 100
MS + Wavelet | FixedBlocks 0.9909 0.9909 0.9909 0.9909  1439.31 48,992,493 100
RGB + Wavelet | FixedBlocks 0.9783 0.9782 0.9786 0.9783  1410.58 48,991,629 100
RGB + GLCM | FixedBlocks 0.9771 0.9771 0.9774 0.9772  1414.93 48,991,629 100
RGB +MS | FixedBlocks 0.9954 0.9954  0.9954 0.9954  1016.75 97,340,539 38
MS + GLCM | FixedBlocks 0.9863 0.9863 0.9863 0.9863  1429.94 48,992,493 100
RGB + MS + GLCM | FixedBlocks 0.9954 0.9954  0.9954 0.9954  427.65 97,659,256 15
RGB + MS + Wavelet | FixedBlocks 0.9954 0.9954  0.9954 0.9954  484.26 97,659,256 17
RGB + GLCM + Wavelet | FixedBlocks 0.9771 0.9771 0.9780 09771  1529.61 49,310,346 100
MS + GLCM + Wavelet | FixedBlocks 0.9909 0.9908 0.9908 0.9909  1561.46 49,311,210 100
RGB + M5 + GLCM + Wavelet | 09954 09954 09954 09954 36138 97,977,973 12
FixedBlocks

The RGB + multispectral configuration reached the same peak accuracy as the full
RGB + multispectral + GLCM + Wavelet configuration. Both achieved 0.9954 accuracy.
Therefore, Wavelet and GLCM did not improve final accuracy under the adopted proto-
col. Their main effect was on offline convergence. The RGB + multispectral configuration
reached 0.9954 accuracy in 1016.75 s and 38 epochs, while the full four-branch configura-
tion reached the same accuracy in 361.38 s and 12 epochs.

However, this convergence advantage does not mean that the full classifier is the
most practical option for deployment. In real UAV use, inference is repeated on many
patches, and Wavelet and GLCM extraction may increase preprocessing time. Therefore,
for low-latency or hardware-limited classification, the simpler RGB + multispectral con-
figuration may be more practical. The full four-branch classifier should be interpreted as
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an offline convergence and modality-contribution analysis, not as a practically superior
classification-only model.

4.6. Stability Analysis

The threshold used in stability analysis was not a model-specific early stopping rule.
It was a common Practical Success Point used to check whether each model reached a
predefined performance level. Models that failed to reach the threshold were still in-
cluded, and this was reflected in the Success Rate. Thus, PSP, SR, ACD, and MEC describe
reproducibility, convergence, and computational behavior.

Stability analysis evaluated reproducibility across repeated runs instead of relying
on one trial. Because deep learning results can vary with initialization, data shuffling, and
optimization, each experiment was repeated 21 times under the same protocol. True Mean
IoU was used for segmentation, and validation Accuracy was used for classification. PSP,
SR, ACD, and MEC were also used to evaluate success rate, convergence, and computa-
tional cost. Summarized results are reported in the main text, while full run-by-run results
are provided in Supplementary Sections S7-513. Metric definitions are given in Supple-
mentary Section S18.

4.6.1. Stability Analysis with Water Stress and Common Rust Datasets for Segmentation

This section presents the stability analysis results obtained on the Water Stress 2025
and Common Rust 2025 segmentation datasets. The primary objective is to evaluate the
consistency, reproducibility, and convergence behavior of the proposed segmentation
model in comparison with both high-capacity and lightweight benchmark architectures
under varying initialization conditions. All experiments were conducted over 21 inde-
pendent runs. For the Water Stress 2025 and Common Rust 2025 segmentation stability
analyses, the Practical Success Point (PSP) thresholds were recalculated from the updated
21-run results. The PSP threshold was 0.7139 for Water Stress 2025 and 0.7759 for Com-
mon Rust 2025. These thresholds were used to determine whether each independent run
reached a successful stability criterion. These PSP values were used as threshold criteria
to determine successful runs. The Success Rate (SR) represents the percentage of runs that
reached or exceeded the PSP, the Average Computation Duration (ACD) denotes the
mean training time of successful runs, and the Mean Epoch of Convergence (MEC) indi-
cates the average number of epochs required to reach the PSP threshold. The same evalu-
ation protocol was consistently applied across all evaluated models. In addition to the
primary comparison models (Proposed model, HRNet, and UPerNet), the analysis was
extended to include additional benchmark architectures such as UNet, SegNet, and Seg-
Former. While these models were not included in the PSP calculation, they were evaluated
using the same PSP thresholds to ensure a fair and consistent comparison across all meth-
ods. Supplementary Tables S7-59, the proposed segmentation model consistently
achieved higher SR values and more favorable ACD-MEC trade-offs compared to all com-
peting architectures. Although some baseline models such as UNet achieved high SR val-
ues, they required significantly higher convergence epochs (MEC = 100), indicating slower
learning behavior. In contrast, SegNet failed to reach the PSP threshold under most con-
ditions, while SegFormer demonstrated moderate stability with lower SR values in certain
scenarios. As shown in Supplementary Tables S7-5S9, the proposed segmentation model
achieved SR =100.00% on both Water Stress 2025 and Common Rust 2025 under the up-
dated PSP thresholds. For Water Stress 2025, UNet reached the PSP threshold in 38.10%
of the runs but required the full training budget, with MEC = 100. HRNet, UPerNet, Se-
gNet, and SegFormer did not reach the updated PSP threshold. For Common Rust 2025,
only the proposed model reached the PSP threshold. These findings indicate that the pro-
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posed model provides the most stable segmentation performance under the updated 21-
run stability protocol.

Overall, the results indicate that the proposed model provides the most balanced per-
formance in terms of stability, convergence speed, and computational efficiency. These
findings confirm that the proposed framework exhibits strong robustness, reproducibility,
and reliable segmentation performance under different initialization conditions for both
water stress detection and rust disease segmentation tasks.

4.6.2. Stability Analysis with Benchmark Dataset for Segmentation

This section presents a comparative stability evaluation on the benchmark segmen-
tation dataset, which consists of a mixed dataset derived from PlantVillage and PlantDoc.
The analysis focuses on the proposed model and the two best-performing benchmark ar-
chitectures identified based on Mean IoU performance. All experiments were repeated
over 21 independent runs to evaluate reproducibility and convergence stability under dif-
ferent initialization conditions. The Practical Success Point (PSP) was defined as the aver-
age Mean IoU of the top three algorithms, consistent with the definition used in the pre-
vious section. For the benchmark dataset, the PSP threshold was determined as mloU =
0.9478. The corresponding SR, ACD, and MEC metrics were computed to assess model
stability and efficiency. Specifically, SR represents the percentage of runs exceeding the
PSP threshold, ACD denotes the average training time of successful runs, and MEC indi-
cates the average number of epochs required to reach the PSP. The results, presented in
Supplementary Tables S10 and S11, show that both the proposed model and HRNet
reached SR = 100.00%, whereas UPerNet did not reach the PSP threshold. However, the
proposed model reached the threshold earlier than HRNet, with MEC =20.52 and ACD =
984.82 s, compared with HRNet's MEC = 37.10 and ACD =1256.71 s. This indicates more
stable convergence behavior and improved computational efficiency under repeated
training conditions. These findings confirm that the proposed segmentation framework
maintains both stability and efficiency even under cross-domain conditions represented
by the benchmark dataset.

4.6.3. Modality-Controlled Stability Analysis for Classification

The classification stability analysis was used to test whether the evaluated classifier
gives consistent results under different input settings. These results should not be inter-
preted as evidence that the proposed classifier is always superior. Instead, they show how
stability changes for RGB-only, multispectral-only, and fused RGB + multispectral inputs.
The detailed 21-run results are given in Supplementary Section 512, and the summary SR,
MEC, and ACD values are given in Supplementary Table S10.

The best model changed depending on the input modality. In the RGB-only setting,
the proposed classifier achieved SR = 100.00%. In the multispectral-only setting, Dense-
Net121 and DenseNet201 were more stable, with SR values of 85.71% and 80.95%, while
the proposed classifier reached SR = 28.57%. In the fused RGB + multispectral setting,
DenseNet121 achieved the highest SR value of 47.62%, while the proposed classifier
reached SR = 14.29%. These results show that the proposed classifier is not uniformly su-
perior across all input settings.

Although the proposed classifier had lower ACD in the fused setting, this only re-
flects threshold-based convergence under the offline protocol. It does not mean lower de-
ployment complexity. In real UAV classification, preprocessing and inference costs must
also be considered, especially when extra feature branches are used.

Overall, classification stability depends strongly on input modality and model archi-
tecture. Therefore, the classification component is best interpreted as a modality-contri-
bution and convergence-analysis module. For classification-only deployment, simpler al-
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ternatives such as DenseNet121, DenseNet201, or the RGB + multispectral configuration
may be more suitable depending on the input setting and computational constraints.

4.7. Confusion Matrix and Learning-Curve Analysis

This section visually examines the classification results using the confusion matrix,
accuracy curve, and loss curve. The confusion matrix shows how the evaluated classifier
separates the five classes under the adopted test protocol. The accuracy and loss curves
show the learning behavior during training and validation. These visual results support
the within-dataset classification analysis. However, they do not prove that the full classi-
fier is practically superior to simpler classification-only alternatives.

Figure 6 shows that the evaluated classifier learned the five-class task consistently
under the adopted dataset split. The confusion matrix also shows concentrated predic-
tions. However, these visual results should be interpreted together with the quantitative
analyses. DenseNet201 achieved very similar accuracy with fewer parameters, and the
RGB + multispectral configuration reached the same peak accuracy as the full four-branch
classifier.

Therefore, Figure 6 supports the within-dataset performance of the evaluated classi-
fier. However, it does not change the main interpretation that simpler classification-only
alternatives may be more practical for deployment. The visual results are complementary
evidence. The practical interpretation should mainly rely on the baseline comparison,
branch ablation, and modality-controlled stability analysis, which show that the full clas-
sifier is competitive but not always preferable to simpler alternatives.
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Figure 6. Classification learning curves and confusion matrix of the evaluated classifier under the

adopted five-class UAV dataset protocol. (a) Accuracy curve, (b) loss curve, and (c) confusion ma-
trix. These plots summarize within-dataset learning behavior and class-level prediction patterns;
they should be interpreted together with the baseline comparison, branch-level ablation, and mo-
dality-controlled stability results.
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4.8. Field-Scale Segmentation Mapping Results

Figure 7 Field-scale segmentation mapping results for the Water Stress 2025 dataset.
The upper panel shows the index-guided reference mask, and the lower panel shows the
predicted map. The classes are soil/background, low water stress, high water stress, and
healthy maize. The visual agreement shows that the model can generate field-scale stress
maps from UAV multispectral orthomosaics.

Figure 8 Field-scale segmentation mapping results for the Common Rust 2025 da-
taset. The upper panel shows the index-guided reference mask, and the lower panel shows
the predicted map. The classes are soil/background, common rust, and healthy maize. The
map shows that the proposed framework can support field-level disease monitoring un-
der real UAV imaging conditions.

Index-Guided Reference Mask vs Predicted Segmentation Map

Index-Guided Reference Mask

Predicted Segmentation Map

I 0 - Soil B 2 - High Stress
1 - Low Stress I 3 - Healthy

Figure 7. Field-scale segmentation mapping results for the Water Stress 2025 dataset.
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Figure 8. Field-scale segmentation mapping results for the Common Rust 2025 dataset.

4.9. Full-Image Sample-Based Qualitative Evaluation

Figure 9 Representative full-image sample windows extracted from the UAV ortho-
mosaics. Each row includes the RGB crop, index-guided reference mask, predicted seg-
mentation map, and RGB-prediction overlay. These examples demonstrate the local spa-
tial consistency of the proposed framework and show how the predicted maps correspond
to visible canopy patterns and field heterogeneity.
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Figure 9. Representative full-image sample windows for Water Stress 2025 and Common Rust 2025.
(a—d) Water Stress 2025 sample: RGB Crop, Index-Guided Reference Mask, Predicted Segmentation
Map, RGB + Prediction Overlay, (e-h) Common Rust 2025 sample: RGB Crop, Index-Guided Refer-
ence Mask, Predicted Segmentation Map, RGB + Prediction Overlay.

4.10. Segmentation Confusion Matrix Analysis

As shown in Figure 10, The water-stress segmentation confusion matrix indicates
that soil/background, low-stress, and high-stress regions were generally well separated.
The remaining errors mainly occurred between healthy and stress-related vegetation clas-
ses, which is expected under real field conditions because mild water stress and healthy
canopy regions may show partially overlapping spectral responses. The common-rust
confusion matrix shows strong class-wise discrimination among soil/background, rust,
and healthy vegetation. The main residual confusion occurred between rust and healthy
vegetation, which can be attributed to early-stage symptoms, shadowed leaf regions, and
heterogeneous canopy reflectance.

Normalized Segmentation Confusion Matrix Segmentation Normalized Confusion Matrix
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Figure 10. Normalized segmentation confusion matrices for (a) Water Stress 2025 and (b) Common
Rust 2025.

4.11. Training Convergence and Stability Analysis

As shown in Figures 11 and 12, The convergence curves support the final segmenta-
tion results reported in Tables 3 and 4. For Water Stress 2025, the model reached its highest
validation Mean IoU of 0.7723 at epoch 38, whereas for Common Rust 2025, the highest
validation Mean IoU of 0.9164 was obtained at epoch 87. These results indicate stable
learning behavior and show that the rust segmentation task benefited from longer opti-
mization.
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Figure 11. Training convergence curves for Water Stress 2025. (a) Training and validation loss (b)

Training and validation Mean IoU.
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Figure 12. Training convergence curves for Common Rust 2025. (a) Training and validation loss (b)

Training and validation Mean IoU.

4.12. Practical Implications of Segmentation-Based UAV Crop Monitoring

The field-scale segmentation maps show the practical value of the UAV-based seg-
mentation part of the study. The segmentation workflow converts multispectral orthomo-
saics into spatial stress and disease maps. These maps help identify within-field variabil-
ity, stressed areas, and infected regions. Therefore, the practical implications mainly relate
to segmentation-based field mapping, not to the full classification branch.

For Water Stress 2025, the predicted map separates soil/background, low water
stress, high water stress, and healthy maize. Low-stress areas may require continued mon-
itoring. High-stress areas may guide irrigation assessment, soil moisture inspection, or
targeted field observation. However, direct agronomic actions should also use field meas-
urements and expert assessment.

For Common Rust 2025, the predicted map separates soil/background, rust-affected
vegetation, and healthy maize. This can help identify candidate disease-prone areas, pri-
oritize field scouting, and guide localized crop-protection assessment. However, disease-
management decisions should be supported by field validation because the labels are
adaptive index-guided masks, not direct physiological ground truth.

The full-image windows and RGB-prediction overlays improve interpretability.
They show the segmentation outputs on the original UAV images. This allows visual com-
parison between predicted stress or disease regions, canopy structure, field texture, and
exposed soil. These overlays support qualitative inspection, but they should be used to-
gether with quantitative evaluation and field verification.

The practical role of the classification branch is more limited. The classifier reached
high accuracy, but the gain over DenseNet201 and the RGB + multispectral configuration
was small. Also, Wavelet and GLCM mainly improved offline convergence, not final ac-
curacy. Therefore, the full four-branch classifier should not be considered the default prac-
tical model for classification-only deployment. Simpler options such as DenseNet201 or
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RGB + multispectral may be more suitable, depending on computing resources, prepro-
cessing time, and deployment limits.

Overall, the practical contribution of the study mainly comes from UAV dataset con-
struction, adaptive index-guided segmentation, and field-scale mapping. The classifica-
tion part complements this workflow by analyzing modality contribution and conver-
gence, but it does not prove that the complex classifier is practically superior.

5. Discussion

This section discusses the findings beyond performance values. It focuses on compu-
tational cost, real-time use, generalization under different field conditions, and the agri-
cultural value of early stress and disease mapping. Since the classification experiments
showed only a limited gain over strong baselines, the discussion separates the segmenta-
tion-based UAV monitoring contribution from the more limited classification-analysis
contribution. Therefore, the method is evaluated in terms of technical performance, accu-
racy—complexity trade-off, deployment limits, and future needs.

5.1. Computational Cost, Real-Time Applicability, and Classification Complexity

Although the evaluated workflow achieved high segmentation and classification per-
formance, the two stages have different computational meanings. The segmentation stage
is directly useful for UAV-based field mapping because it produces pixel-level stress and
disease maps. These maps provide spatial information that image-level classification can-
not provide. In contrast, the practical value of the full classification branch is more limited.
Its accuracy gain over strong general-purpose baselines was small, while its architecture
and preprocessing steps were more complex.

This is important for real-time UAV applications, where processing power, memory,
energy, and preprocessing time are limited. In this study, training and inference were per-
formed offline on a high-performance workstation. This setting is suitable for post-field
analysis, stress mapping, and decision support. However, it does not show that the full
four-branch classifier is suitable for low-latency deployment. Future studies should test
quantization, pruning, knowledge distillation, lighter backbones, and edge-device de-
ployment. These methods may reduce inference and preprocessing costs. Therefore, the
current workflow is suitable for offline agricultural analysis, but the classification branch
needs further simplification for real-time UAV use.

5.2. Interpretation of the Contribution Relative to General-Purpose and Simpler Models

The results of this study should be interpreted by separating two parts: segmenta-
tion-based field mapping and image-level classification. The practical evidence is stronger
for UAV-based segmentation and field-scale stress/disease mapping than for the full clas-
sification branch. Although the classifier reached high accuracy, its improvement over
strong baselines and the RGB + multispectral configuration was small.

The evaluated workflow does not claim to be superior to all deep learning models.
Its contribution should be considered in the context of UAV-based maize stress and dis-
ease analysis. DenseNet201, Xception, HRNet, and UPerNet were strong competitors. In
classification, simpler models such as DenseNet201 or Xception may be more suitable
when the goal is only image-level classification with lower complexity. Also, the RGB +
multispectral configuration may be preferred because it reached peak accuracy without
extra Wavelet and GLCM preprocessing.

The main contribution of the study is the UAV-based dataset and segmentation-ori-
ented monitoring workflow. This workflow includes adaptive index-guided mask gener-
ation, scar-U-Net++ DB segmentation, field-scale stress/disease mapping, ablation analy-
sis, and repeated-run stability analysis. The classification stage is included as a comple-
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mentary analysis of modality contribution and convergence behavior. In segmentation,
the model improved Mean IoU, especially for the Common Rust dataset, and produced
field-scale maps for spatial interpretation. In classification, the full classifier achieved the
highest accuracy, but the gain over the strongest baseline and the RGB + multispectral
configuration was limited.

The ablation results showed that RGB and multispectral branches were enough to
reach peak accuracy. Wavelet and GLCM mainly improved offline convergence, not final
accuracy. Therefore, the classifier should not be seen as a model that provides a large ac-
curacy gain. Its main value is to analyze how color, spectral, texture, and frequency-do-
main features affect classification under the same UAV-based protocol. The stability tests
also showed that the proposed classifier was not the best in all input settings.

Overall, this study provides stronger evidence for segmentation-based UAV moni-
toring than for a practically superior complex classifier. The full classification branch is
kept because it helps analyze multimodal branch behavior and convergence. However,
simpler classification-only models may be preferable when deployment simplicity, pre-
processing time, or parameter efficiency is more important.

5.3. Generalizability and Environmental Limitations

Although the proposed model achieved high performance, its generalizability
should be further tested. The datasets were collected from two maize production areas
with specific climate, soil, and cultivation conditions. Therefore, the learned spectral and
spatial patterns may partly reflect local field characteristics. In real agricultural fields, soil
color, plant phenotype, growth stage, irrigation, humidity, temperature, and light condi-
tions can vary widely. Plants may also be affected by multiple biotic and abiotic stresses
at the same time. Since the current dataset does not cover all this diversity, future studies
should use multi-regional and multi-seasonal datasets. Cross-regional validation will help
improve the model’s transferability and operational reliability.

5.4. Agricultural and Economic Importance of Segmentation-Based Early Detection

Early detection of water stress and common rust is agriculturally important because
delayed intervention may increase yield loss, irrigation inefficiency, and disease spread.
In this study, the main decision-support value is associated with UAV-based segmenta-
tion maps, which provide spatial information about soil/background, healthy maize, wa-
ter-stressed regions, and rust-affected vegetation. These maps may help guide field scout-
ing, irrigation assessment, and localized crop-protection planning when combined with
field validation and expert agronomic judgment.

The classification component complements this workflow by assigning patch-level
labels and analyzing modality behavior. However, because its gain over simpler classifi-
cation-only alternatives was limited, it should not be considered the primary source of
agricultural or economic value in this study. Therefore, the practical agricultural relevance
of the study is mainly linked to segmentation-based field mapping and early spatial warn-
ing rather than to demonstrating a substantially superior complex classifier.

5.5. Limitations and Future Work

Label and ground-truth limitation: The segmentation masks were generated using
adaptive vegetation-index rules, not direct physiological measurements or fully expert-
drawn biological masks. Indices such as SAVI, NDVI, NDRE, and SR are useful for plant
stress analysis, but they can change with illumination, soil background, growth stage, lo-
cation, and season. Although Otsu thresholding, K-Means clustering, morphological fil-
tering, and CRF refinement were used to improve mask consistency, some uncertainty
may remain. Therefore, the masks should be interpreted as adaptive index-guided labels
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rather than direct physiological ground truth. Future studies should include expert-validated
plots, field measurements, physiological observations, and independent field scoring.

Mixed-patch classification limitation: Another limitation is the mixed-patch problem.
Each 128 x 128 patch may include soil, healthy vegetation, water-stressed plants, and rust-
infected regions at the same time. Assigning only one class label to such a patch simplifies
its real spatial structure. In this study, the majority-class rule was used to convert pixel-
level masks into patch-level labels. However, secondary classes in mixed patches may be
partly ignored. Future studies should consider multi-label classification, soft labels, frac-
tional labels, or class-proportion regression.

Classification complexity and deployment limitation: A major limitation is the prac-
tical use of the full classification branch. The full XGhost-SECBAM-r-QB classifier com-
bines RGB, multispectral, Wavelet, and GLCM branches and reached faster threshold-
based convergence during offline training. However, its final accuracy gain over strong
baselines such as DenseNet201 and over the RGB + multispectral configuration was lim-
ited. Also, Wavelet and GLCM did not improve peak accuracy; they mainly affected of-
fline convergence. Therefore, the full four-branch classifier is not presented as a deploy-
ment-ready or universally preferable classification-only model. For operational classifica-
tion, simpler models such as DenseNet201, Xception, or the RGB + multispectral configu-
ration may be more suitable. Future studies should test lighter fusion models, compres-
sion, pruning, quantization, knowledge distillation, and edge-device deployment.

Benchmarking and external validation limitation: Disease-specific methods from pre-
vious studies were not directly reimplemented because they used different crops, sensors,
inputs, image resolutions, class definitions, and evaluation protocols. In many cases, code,
trained weights, preprocessing steps, or dataset splits were also unavailable. Therefore,
the benchmark in this study is a controlled internal comparison on the same UAV da-
tasets, not a direct reproduction of all previous methods. Future studies should test the
workflow on independent UAV datasets and compare it with reimplemented state-of-the-
art methods under shared protocols.

Environmental and seasonal generalization limitation: The datasets were collected
from two maize fields with specific climate, soil, irrigation, and cultivation conditions.
Therefore, the learned spectral and spatial patterns may partly depend on local field con-
ditions. In real fields, soil color, plant phenotype, growth stage, irrigation regime, humid-
ity, temperature, illumination, and disease—stress interactions may vary widely. Future
studies should use multi-region, multi-season, and multi-year UAV datasets to improve
transferability and operational reliability.

Overall, these limitations show that the study should be interpreted as a real-field
UAV dataset, segmentation, and modality-analysis contribution, not as final evidence of
a universally deployable classification system. The most important future directions are
expert-validated ground truth, independent external validation, and lighter deployment-
oriented classification designs.

6. Conclusions

This study presented a UAV-based workflow for detecting maize water stress and
common rust under real field conditions. The study introduced two real-field UAV da-
tasets, Water Stress 2025 and Common Rust 2025. It also included adaptive index-guided
mask generation, scar-U-Net++ DB segmentation, field-scale stress/disease mapping, and
complementary multimodal classification analysis. The datasets included five classes: soil,
healthy maize, low water stress, high water stress, and common rust.

The scar-U-Net++ DB segmentation model achieved Mean IoU values of 0.7723 for
Water Stress 2025, 0.9164 for Common Rust 2025, and 0.9531 on the benchmark dataset.
Compared with the strongest benchmark model, it improved Mean IoU by 0.1177 on Wa-
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ter Stress 2025 and 0.2644 on Common Rust 2025. These results show that the main quan-
titative contribution of the study is the segmentation-based UAV mapping approach.

The full classifier reached 99.54% accuracy in the five-class task. However, this result
should be interpreted carefully. The improvement over strong baselines such as Dense-
Net201 and over the RGB + multispectral configuration was limited. The ablation results
showed that RGB and multispectral inputs were enough to reach peak accuracy. Wavelet
and GLCM branches mainly improved offline convergence, not final accuracy. Therefore,
the full four-branch classifier should not be considered a clearly superior or deployment-
ready classification model. Its main role is to analyze modality contribution and conver-
gence behavior.

The repeated-run experiments supported the reproducibility of the segmentation-
based UAV monitoring workflow. For classification, stability depended on the input mo-
dality. The proposed classifier was strongest with RGB-only input, while DenseNet-based
models were more stable with multispectral-only and RGB + multispectral inputs. There-
fore, the classification results do not show universal superiority. Model selection should
depend on input type, convergence behavior, and deployment constraints.

The practical value of the study mainly comes from UAV dataset construction, adap-
tive index-guided segmentation, and field-scale stress/disease mapping. The generated
maps can support field scouting, irrigation assessment, and localized crop-protection
planning. However, these outputs should be checked with field observations and physio-
logical measurements because the masks are adaptive index-guided labels, not direct
physiological ground truth.

Future studies should include expert-validated ground truth, direct physiological
measurements, independent UAV datasets, and multi-region and multi-season valida-
tion. They should also test lighter classification designs, such as simplified RGB + multi-
spectral models, lightweight fusion modules, pruning, quantization, knowledge distilla-
tion, and edge-device deployment.

Supplementary Materials: The following supporting information can be downloaded at:
https://www.mdpi.com/article/10.3390/app16146860/s1, Table S1: Complete version of the literature
comparison table. Table S2: Complete version of the dataset comparison table. Figure S1: Repre-
sentative six-channel patch and orthomosaic examples from the Water Stress 2025 and Common
Rust 2025 datasets. Figure 52: Additional dataset examples and comparison with public benchmark
datasets. Figure S3: Additional 3D views of the proposed dual-branch UNet++ segmentation archi-
tecture. Figure S4: Detailed Xception-based classification branch architecture. Figure S5: Class dis-
tribution of the RGB and six-channel multispectral training/test datasets. Table S3a: Friedman rank-
ing results for the Water Stress 2025 segmentation ablation study. Table S3b: Friedman ranking re-
sults for the Common Rust 2025 segmentation ablation study. Table S3c: Nemenyi post-hoc com-
parison between the selected final segmentation configuration and the best-ranked configuration.
Table S4a-S4b: Stability analysis experiments for Water Stress 2025 segmentation. Table S5a-S5b:
Stability analysis experiments for Common Rust 2025 segmentation. Table S6a—S6b: Summary SR,
MEC, and ACD performance for Water Stress 2025 and Common Rust 2025 segmentation. Table S7:
Stability analysis experiment with the benchmark segmentation dataset. Table S8: SR, MEC, and
ACD performance for the benchmark segmentation dataset. Table S9a—S9c: Classification stability
experiments under RGB-only, multispectral-only, and fused RGB + multispectral input settings. Ta-
ble 510: SR, MEC, and ACD performance for classification under RGB, multispectral-only, and fused
RGB + multispectral input settings. Figure S6: Representative test-sample visualization for the clas-
sification task. Supplementary Sections S15-517: Detailed formulations of Otsu thresholding, K-
Means clustering, and fully connected Conditional Random Field. Supplementary Section S18:

Mathematical formulation of the stability metrics.
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