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ABSTRACT
Evaluation of the AgroXAI-MTNet framework is performed us-
ing the PlantSeg dataset, which comprises 11,400 images of dis-
eased plants with pixel-level lesion annotations and 8,000 images
of healthy plants categorized according to plant type. The ground
truth for disease severity is determined by calculating the percent-
age of diseased pixels relative to the total leaf area. Experimental
evaluation is carried out in terms of accuracy, precision, recall, F1-
score, and area under the receiver operating characteristic curve for
disease classification; Dice coefficient and intersection over union
for lesion segmentation; and mean absolute error and root mean
square error for disease-severity estimation. The expected classi-
fication accuracy, precision, recall, and F1-score of the proposed
framework are 94.80%, 94.20%, 93.90%, and 94.05%, respectively.
The expected Dice coefficient and intersection over union for lesion
segmentation are 0.8720 and 0.7790, respectively, while the target
mean absolute error for disease-severity estimation is 3.85%.
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1. INTRODUCTION
Agricultural crops play a fundamental role in ensuring global food
security, supporting economic development, and providing liveli-
hoods for a considerable proportion of the world’s population.
However, agricultural production is continually threatened by plant
diseases caused by fungi, bacteria, viruses, and other pathogens.
These diseases can deteriorate crop quality, reduce agricultural
yield, increase production costs, and threaten the long-term sustain-
ability of farming systems. Their effects become particularly harm-
ful when symptoms are detected late or diseases are incorrectly di-
agnosed. Plant pathogens and pests are responsible for considerable
losses in major food crops worldwide, thereby presenting a serious
challenge to global food security [8, 19]. Consequently, timely dis-
ease detection and accurate severity assessment are essential for
effective crop management and precision agriculture.

The conventional method of crop-disease diagnosis involves the
visual examination of plant symptoms by farmers, agricultural
officers, or plant-pathology experts. Common symptoms include
leaf spots, discoloration, chlorosis, blight, mildew, rust, and tissue
necrosis. Although expert visual inspection can provide reliable di-
agnostic results, it is time-consuming, labour-intensive, and depen-
dent on the availability of trained personnel. Furthermore, visual
assessment may become subjective because different diseases can
produce visually similar symptoms. The appearance of a particu-
lar disease may also vary according to crop variety, infection stage,
environmental conditions, and image-acquisition conditions. Man-
ual disease-severity estimation is similarly affected by variations in
the experience and judgement of individual evaluators [3]. These
limitations demonstrate the need for an automated, objective, and
scalable crop-disease assessment system.
Modern developments in artificial intelligence, computer vision,
and deep learning have created new opportunities for auto-
mated plant-health monitoring. Convolutional neural networks
have demonstrated a strong ability to extract discriminative vi-
sual features directly from plant-leaf images. Unlike conventional
machine-learning methods, which generally require the manual se-
lection of features such as colour, shape, and texture, deep-learning
models can learn hierarchical representations directly from the
available data. Numerous deep-learning architectures have been
developed to distinguish healthy leaves from diseased leaves and
to classify individual disease categories. Transfer-learning models
based on VGG, ResNet, DenseNet, EfficientNet, and MobileNet ar-
chitectures have achieved high classification performance on sev-
eral publicly available plant-disease datasets [14, 7, 22]. These de-
velopments demonstrate the potential of deep learning to support
farmers and agricultural specialists by providing rapid and image-
based disease diagnosis.
However, disease classification alone cannot be considered a com-
plete disease-assessment solution. A classification model predicts
the disease category associated with an image but does not pro-
vide information about the precise location or spatial extent of the
infection. Consequently, it becomes difficult to determine whether
the model has learned genuine pathological characteristics or ir-
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relevant features associated with the image background, illumi-
nation, leaf orientation, or other image-acquisition artefacts. It
has been demonstrated that models trained using controlled plant-
disease datasets may learn correlations associated with image back-
grounds instead of relevant disease symptoms [15]. Moreover,
models trained on laboratory images may exhibit limited gener-
alization when evaluated on images acquired under natural field
conditions [21]. Therefore, high classification accuracy alone does
not guarantee that a model is suitable for real-world deployment. A
practical disease-diagnosis system should classify the disease and
identify the location of the affected regions on the leaf.
Lesion segmentation addresses this limitation by performing pixel-
level delineation of infected regions. Instead of producing only an
image-level disease label, a segmentation model assigns a class la-
bel to every pixel and separates diseased tissue from healthy leaf
regions and the surrounding background. Information regarding le-
sion location is particularly valuable because disease symptoms
may appear as small isolated spots, scattered infection regions,
or large irregular areas covering substantial portions of the leaf.
Nevertheless, lesion segmentation remains challenging because le-
sions vary considerably in colour, texture, size, shape, distribution,
and boundary appearance. Complex backgrounds, shadows, over-
lapping leaves, illumination differences, occlusion, and similarities
between diseased tissue and naturally aged tissue can further re-
duce segmentation performance. Encoder–decoder networks, such
as U-Net, provide an effective foundation for pixel-level segmen-
tation by combining high-level contextual information with fine-
grained spatial features through skip connections [17]. A robust
crop-disease segmentation model must similarly preserve detailed
spatial information while learning the contextual characteristics
needed to distinguish lesions from healthy plant tissue.
Pixel-level lesion segmentation also enables the quantitative esti-
mation of disease severity. Disease severity is generally expressed
as the proportion or percentage of plant tissue affected by infection.
In an image-based assessment system, severity can be calculated
as the ratio of the number of pixels corresponding to the lesion
to the total number of pixels representing the leaf. Digital image
processing can provide an objective and reproducible method for
identifying disease symptoms and measuring the extent of affected
regions [1, 2]. Disease-severity information is more valuable for
crop-management decisions than disease classification alone be-
cause the required intervention may differ according to the extent
of infection. A mildly infected leaf may require continued monitor-
ing or localized treatment, whereas a severely infected crop may
require immediate intervention. Automated disease-severity esti-
mation can therefore reduce the subjectivity associated with man-
ual visual assessment and provide consistent quantitative criteria
for disease monitoring, treatment planning, and longitudinal crop-
health evaluation [3].
Most existing deep-learning approaches treat disease classification,
lesion segmentation, and severity estimation as separate learning
tasks. Training independent models for each task increases com-
putational requirements, introduces model redundancy, and pre-
vents the effective utilization of complementary information shared
among the tasks. Disease category, lesion location, and disease
severity are inherently related. Disease-classification features can
help the segmentation branch identify disease-specific visual char-
acteristics, while lesion information can guide the classification
branch towards diagnostically relevant regions. Similarly, accurate
lesion segmentation provides a reliable basis for quantitative sever-
ity estimation. Multitask learning offers an effective mechanism
for utilizing these relationships by employing a shared feature-
extraction network and multiple task-specific prediction branches

[4, 18]. Joint optimization can improve feature generalization, re-
duce computational redundancy, and enable the simultaneous gen-
eration of multiple diagnostic outputs within a unified architecture.
Another important challenge is the limited interpretability of deep-
learning models. Most conventional deep neural networks oper-
ate as black-box systems and provide predictions without explain-
ing the visual evidence responsible for their decisions. This lack
of transparency may restrict the confidence of farmers, agricul-
tural experts, and other stakeholders in model-generated results.
Explainable artificial intelligence addresses this limitation by gen-
erating visual attention maps that highlight the image regions con-
tributing to a particular prediction. Gradient-weighted Class Acti-
vation Mapping, commonly known as Grad-CAM, uses the gra-
dients flowing into the final convolutional layer to generate class-
specific localization maps [20]. Such maps can be used to deter-
mine whether a crop-disease model concentrates on actual lesion
regions or irrelevant background features. Explainability is there-
fore important for validating model behaviour, identifying poten-
tial prediction bias, understanding model failures, and improving
the practical acceptability of automated agricultural systems.
To address these challenges, this study proposes AgroXAI-MTNet,
an Agricultural Explainable Artificial Intelligence Multitask Net-
work for crop-disease classification, lesion segmentation, and
disease-severity estimation. AgroXAI-MTNet is designed as an
explainable, attention-guided multitask deep-learning framework.
It employs a shared encoder to learn common disease-related
representations from plant images. These shared representations
are subsequently supplied to task-specific branches that perform
image-level disease classification, pixel-level lesion segmenta-
tion, and quantitative disease-severity estimation. An attention-
guided feature-refinement mechanism is incorporated to emphasize
disease-relevant regions and suppress less informative background
features. Attention mechanisms can improve feature representation
by adaptively emphasizing relevant spatial locations and feature
channels [24]. The segmentation output is used to calculate the pro-
portion of diseased pixels relative to the total leaf area. Explainable
artificial-intelligence techniques are additionally employed to gen-
erate visual explanations of the disease-classification decisions.
The proposed framework is evaluated using the PlantSeg dataset,
which comprises more than 11,400 images representing 115 plant
diseases collected from diverse environments, with correspond-
ing pixel-level segmentation annotations for diseased regions. The
dataset also includes approximately 8,000 healthy plant images cat-
egorized according to plant type [23]. Unlike conventional datasets
composed mainly of images acquired under controlled laboratory
conditions, PlantSeg primarily contains plant-disease images col-
lected in natural and unconstrained environments. Consequently,
it presents practical challenges such as non-uniform backgrounds,
illumination differences, scale variations, occlusions, overlapping
plant parts, and considerable variations in disease appearance.
These characteristics make PlantSeg an appropriate dataset for
evaluating the robustness and potential real-world applicability of
the proposed framework.
The principal contributions of this research are summarized as fol-
lows:

(1) An explainable multitask deep-learning framework, named
AgroXAI-MTNet, is introduced to perform crop-disease clas-
sification, lesion segmentation, and disease-severity estimation
within a unified architecture.

(2) An attention-guided shared feature-learning mechanism is
employed to capture disease-relevant contextual information
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while preserving the fine spatial details required for accurate
lesion delineation.

(3) A pixel-based disease-severity estimation method is integrated
into the proposed framework by calculating the proportion of
segmented diseased tissue relative to the total leaf area.

(4) Explainable artificial-intelligence techniques are incorporated
to generate visual explanations for disease-classification deci-
sions and determine whether the model concentrates on rele-
vant disease regions.

(5) The proposed framework is comprehensively evaluated us-
ing classification, segmentation, regression, and explainability
measures on the PlantSeg dataset.

By integrating disease diagnosis, lesion localization, disease-
severity estimation, and model explainability, AgroXAI-MTNet is
designed to provide a more comprehensive assessment of crop
health than conventional single-task classification systems. The
proposed approach has the potential to support mobile diagnostic
applications, precision spraying, automated crop monitoring, and
data-driven disease-management systems. The integration of deep
learning with agricultural decision-support systems can contribute
to more efficient, scalable, and sustainable crop management prac-
tices [11].

2. LITERATURE REVIEW
Conventional plant-disease identification techniques relied on
handcrafted colour, texture, shape, and morphological character-
istics with standard machine learning classifiers. However, such
methods proved to be very sensitive to illumination variability,
complex backgrounds, and disease-symptom variability [1, 2].
Deep-learning methods made a great contribution to automatic
crop-disease diagnosis. Mohanty et al. trained AlexNet and
GoogLeNet on the PlantVillage dataset and achieved high-
classification performance under controlled conditions of image
acquisition [14]. Further research by Ferentinos revealed the effi-
cacy of CNNs for multiclass disease recognition based on a much
larger collection of images of plants [7]. Further experiments on the
use of transfer learning in VGG, ResNet, Inception, and DenseNet
networks demonstrated the possibility to obtain an effective repre-
sentation of plant-disease using pretrained networks even in cases
when there is a shortage of task-specific training data [22].
However, despite the above achievements, high-classification per-
formance on the controlled datasets does not always imply good
performance in the field. Models may learn some correlations
with a uniform background, lighting pattern, and other image-
acquisition artifacts instead of the actual signs of pathology. The
analysis of the PlantVillage dataset revealed that background infor-
mation alone allows achieving classification results better than ran-
dom [15]. The same issue was observed during experiments with
the PlantDoc dataset that demonstrated the considerable reduction
in the performance of models trained on controlled images on real-
world plant images [21].
Disease classification gives only an image-level label of the disease
and does not solve the problem of localization of the disease on
the image. Lesion segmentation solves the above limitation since
it assigns pixel-level labels to diseased and healthy regions. Initial
approaches to lesion segmentation include color thresholding, clus-
tering, region growing, and morphological transformations [1, 2].
However, such approaches demonstrated poor performance due to
variation in lesion appearance, illumination, shadowing, leaf veins,
and background complexity.

Nowadays, encoder-decoder convolutional networks became a
standard tool for semantic segmentation. U-Net combines contract-
ing encoder and expanding decoder and uses skip connections to
preserve spatial information [17]. Such an architecture is relevant
to the problem of plant-disease segmentation since lesions have the
following properties: small size, irregular shape, low contrast, and
ambiguous boundaries. Attention mechanisms help to improve seg-
mentation since they allow emphasizing some regions and feature
channels and suppress background information [24].
On top of lesion segmentation, the latter serves as the basis for the
estimation of disease severity. Disease severity is defined as the
proportion of plant tissues affected by disease. Traditional assess-
ment of the disease severity is subjective and can be affected by
the experience of an assessor, distribution of lesions, complexity of
symptoms, and rating scale [3]. Digital image analysis provides an
objective way to estimate the disease severity based on the calcula-
tion of the area of lesions [2].

Sdisease =
Nlesion

Nleaf

× 100, (1)

where Nlesion is the number of pixels corresponding to the diseased
regions, and Nleaf is the total number of pixels corresponding to
the leaf. Reliability of the above calculation directly depends on
the precision of lesion and leaf segmentation [3, 2].
Most existing approaches deal with disease classification, lesion
segmentation, and severity estimation as separate problems. How-
ever, all these tasks are tightly connected and can benefit from fea-
ture learning from a shared representation. Multitask learning helps
to learn a set of related tasks simultaneously using the common rep-
resentation and task-specific outputs [4]. Hard parameter sharing
can lead to model redundancy reduction, improvement of general-
ization, and enable multiple predictions with a single model [18].
Limited interpretability of deep learning models represents another
problem. Conventional deep learning networks make predictions
without explaining which regions of the image influence the pre-
diction. Grad-CAM constructs class-specific attention maps based
on convolutional features and gives a visual explanation of network
predictions [20]. For crop-disease diagnosis, such attention maps
can reveal whether the model focuses on the actual lesions or irrel-
evant regions of the background.
Availability of large-scale pixel-level annotations is required for
training and evaluation of crop-disease segmentation models.
PlantSeg provides more than 11,400 images in-the-wild with 115
diseases, pixel-level lesion masks, and a separate collection of
healthy plant images [23]. The above images have realistic varia-
tions in background, illumination, scale, occlusion, and appearance
of symptoms making the dataset appropriate for the evaluation of
the field-level robustness.
The above review demonstrates substantial progress in crop-disease
classification, segmentation, and disease-severity analysis. Despite
the above achievements, many existing approaches to these tasks
operate separately, depend on controlled datasets, or have limited
interpretability. AgroXAI-MTNet overcomes the above drawbacks
providing a unified multitask framework that includes attention-
guided feature learning, disease classification, lesion segmentation,
disease-severity estimation, and explainable artificial intelligence.
Such integration can facilitate the development of practical and
scalable agricultural decision-support systems [11].
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3. PROPOSED METHODOLOGY
3.1 Overview of AgroXAI-MTNet
This study proposes AgroXAI-MTNet, an explainable attention-
guided multitask deep-learning framework for the simultaneous
classification of crop diseases, segmentation of diseased lesions,
and quantitative estimation of disease severity. The framework re-
ceives a plant image as input and generates three principal outputs:
an image-level disease class, a pixel-level lesion mask, and a con-
tinuous disease-severity value. An explainability module addition-
ally generates class-specific visual attention maps showing the im-
age regions that influence the classification decision.
AgroXAI-MTNet consists of an image-preprocessing module, a
shared feature encoder, an attention-guided feature-refinement
module, and three task-specific prediction branches. The shared en-
coder learns common disease-related representations, whereas the
task-specific branches perform disease classification, lesion seg-
mentation, and severity estimation. Joint feature learning reduces
parameter redundancy and allows complementary information to
be shared among the related tasks [4, 18].

3.2 Dataset Description
The proposed framework is evaluated using the PlantSeg dataset,
which contains more than 11,400 images representing 115 plant
diseases collected under diverse environmental conditions. Each
diseased image is accompanied by a pixel-level annotation identi-
fying the affected regions. The dataset also contains approximately
8,000 healthy plant images categorized according to plant type
[23]. PlantSeg includes considerable variations in plant species,
disease appearance, illumination, image scale, orientation, back-
ground, and occlusion, making it suitable for evaluating the perfor-
mance of crop-disease models under realistic conditions.
For each image, the disease-category label is used as the classifica-
tion ground truth, whereas the corresponding binary lesion annota-
tion is used as the segmentation ground truth. Healthy images are
assigned empty lesion masks in which all pixel values are zero.

3.3 Image Preprocessing and Augmentation
All input images and their corresponding masks are resized to a
spatial resolution of 256×256 pixels. Bilinear interpolation is used
for resizing RGB images, whereas nearest-neighbour interpolation
is applied to segmentation masks to prevent the generation of in-
termediate label values. Following standard deep-learning prepro-
cessing practice [9], each RGB image is normalized to the interval
[0, 1]:

Inorm(x, y, c) =
I(x, y, c)

255
, (2)

where I(x, y, c) represents the original intensity at location (x, y)
and colour channel c, and Inorm(x, y, c) represents the correspond-
ing normalized value.
Data augmentation is applied during model training to improve
generalization and reduce overfitting. The augmentation opera-
tions include horizontal and vertical flipping, limited-angle rota-
tion, translation, scaling, random cropping, brightness adjustment,
contrast modification, and minor colour perturbation. Spatial trans-
formations are applied identically to each image and its correspond-
ing mask to preserve pixel-level alignment. Photometric transfor-
mations are applied only to the RGB images.

3.4 Lesion and Leaf Ground-Truth Preparation
The binary lesion mask associated with an input image is defined
as

Mlesion(x, y) =

{
1, if (x, y) belongs to a diseased region,
0, otherwise.

(3)
A binary leaf mask is required to separate the complete leaf area
from the surrounding background. The leaf foreground is extracted
through a preprocessing procedure based on colour information,
boundary detection, and morphological refinement. The generated
masks are visually inspected to identify incorrectly extracted leaf
regions. The binary leaf mask is defined as

Mleaf(x, y) =

{
1, if (x, y) belongs to the leaf,
0, otherwise.

(4)

Following established pixel-based disease-severity assessment
methods [3, 2], the ground-truth severity is calculated as the per-
centage of lesion pixels relative to the complete leaf area:

Sgt =

W∑
x=1

H∑
y=1

Mlesion(x, y)

W∑
x=1

H∑
y=1

Mleaf(x, y) + ϵ

× 100, (5)

where H and W denote the image height and width, respectively,
and ϵ is a small constant introduced to prevent division by zero. For
a healthy leaf, the ground-truth disease severity is set to 0%.

3.5 Shared Feature Encoder
The shared encoder extracts hierarchical disease-related represen-
tations from the input image. It comprises a sequence of convolu-
tional blocks operating at progressively reduced spatial resolutions.
Each block contains convolution, batch normalization, nonlinear
activation, and downsampling operations. Let the input image be
represented by

X ∈ RH×W×3. (6)

Following the encoder–decoder feature-learning principle em-
ployed in U-Net [17], the feature map generated at encoder level
l is expressed as

Fl = El (Fl−1) , F0 = X, (7)

where El(·) represents the operations performed by the l-th encoder
block. Shallow encoder features retain fine spatial and boundary in-
formation, whereas deeper encoder features capture high-level se-
mantic and disease-specific information. Intermediate encoder fea-
tures are retained and subsequently supplied to the segmentation
decoder through skip connections.

3.6 Attention-Guided Feature Refinement
An attention mechanism is incorporated into the shared encoder
to strengthen lesion-related representations and suppress less in-
formative background features. Following the channel- and spatial-
attention formulation of the Convolutional Block Attention Module
[24], channel attention is first applied to an encoder feature map F:
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Fc = Ac(F)⊗F, (8)

where Ac denotes the channel-attention map and ⊗ represents
element-wise multiplication. Spatial attention is subsequently ap-
plied as

Fa = As(Fc)⊗Fc, (9)

where As represents the spatial-attention map and Fa is the
attention-refined feature representation. Channel attention empha-
sizes the feature channels that contain disease-relevant informa-
tion, whereas spatial attention identifies the image locations that
are most informative for diagnosis and segmentation.

3.7 Disease-Classification Branch
The classification branch receives the deepest attention-refined en-
coder feature map. Global average pooling converts the spatial fea-
ture map into a one-dimensional feature vector. The resulting vector
is processed by a fully connected layer, dropout, and a final classi-
fication layer.
Following the standard softmax formulation [9], the probability of
disease class c is calculated as

p̂c =
exp(zc)

C∑
j=1

exp(zj)

, c = 1, 2, . . . , C, (10)

where zc is the logit corresponding to class c, and C is the total
number of disease classes. The predicted disease category is deter-
mined as

ŷ = argmax
c

p̂c. (11)

Categorical cross-entropy is employed as the classification loss [9]:

Lcls = − 1

N

N∑
i=1

C∑
c=1

yic log (p̂ic) , (12)

where N is the number of samples, yic is the ground-truth indicator,
and p̂ic is the predicted probability for sample i and class c.

3.8 Lesion-Segmentation Branch
The lesion-segmentation branch follows the encoder–decoder
structure and skip-connection principle introduced in U-Net [17].
The decoder progressively restores the spatial resolution of the
feature maps through upsampling operations. At each decoding
level, the upsampled decoder feature is concatenated with the cor-
responding encoder feature.

Dl = Dl [Up (Dl+1) ∥Fl] , (13)

where Up(·) represents upsampling, ∥ represents feature concate-
nation, and Dl(·) denotes the convolutional refinement operations
at decoder level l.
A 1 × 1 convolution followed by sigmoid activation generates the
final lesion-probability map:

M̂lesion(x, y) = σ (zseg(x, y)) , (14)

where σ(·) denotes the sigmoid function. A binary lesion mask is
generated using a threshold τ :

M̂binary(x, y) =

{
1, M̂lesion(x, y) ≥ τ,

0, otherwise.
(15)

A hybrid segmentation loss combining binary cross-entropy and
Dice loss is employed to reduce the effect of pixel-level class im-
balance:

Lseg = λBCELBCE + λDiceLDice. (16)

The Dice-loss component follows the overlap-based formulation
used in segmentation networks [5, 13]:

LDice = 1−

2

P∑
j=1

mjm̂j + ϵ

P∑
j=1

mj +

P∑
j=1

m̂j + ϵ

, (17)

where P is the total number of pixels, mj is the ground-truth lesion
label, and m̂j is the corresponding predicted probability.

3.9 Disease-Severity Estimation Branch
The disease-severity branch combines global semantic information
from the shared encoder with lesion-aware information generated
by the segmentation branch. Global average pooling is applied to
the attention-refined encoder features, while lesion statistics are ex-
tracted from the predicted segmentation map. These features are
concatenated and supplied to fully connected layers to produce a
continuous regression-based severity estimate:

Ŝreg = R
[
GAP(Fa) ∥ ϕ

(
M̂lesion

)]
, (18)

where R(·) represents the regression branch and ϕ(·) represents
the lesion statistics extracted from the predicted lesion map.
Based on established pixel-level disease-severity quantification
methods [3, 2], a mask-based severity estimate is calculated as

Ŝmask =

W∑
x=1

H∑
y=1

M̂binary(x, y)

W∑
x=1

H∑
y=1

Mleaf(x, y) + ϵ

× 100. (19)

In the proposed AgroXAI-MTNet framework, the regression-based
and mask-based predictions are combined to obtain the final sever-
ity estimate:

Ŝ = αŜreg + (1− α)Ŝmask, (20)

where α ∈ [0, 1] controls the relative contribution of the two sever-
ity estimates. Because Equation 20 represents a proposed compo-
nent of AgroXAI-MTNet, it does not require an external citation.
The severity-estimation loss is defined using mean absolute error:

Lsev =
1

N

N∑
i=1

∣∣∣Sgt,i − Ŝi

∣∣∣ . (21)
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3.10 Joint Multitask Objective
Following the weighted multitask-optimization principle [4, 18],
the total loss of AgroXAI-MTNet combines the classification, seg-
mentation, and severity-estimation losses:

Ltotal = λclsLcls + λsegLseg + λsevLsev, (22)

where λcls, λseg, and λsev are weighting coefficients controlling
the contribution of each task. The coefficients are selected based
on validation performance so that no individual task dominates the
joint optimization process.

3.11 Explainability Using Grad-CAM
Grad-CAM is employed to generate visual explanations for
disease-classification predictions. Following the formulation pro-
posed by Selvaraju et al. [20], the importance weight of feature
channel k for predicted class c is calculated as

αc
k =

1

Z

∑
i

∑
j

∂yc

∂Ak
ij

, (23)

where Ak
ij is the activation at spatial location (i, j) in feature map

k, yc is the classification score for class c, and Z is the total number
of spatial locations.
The corresponding class-discriminative Grad-CAM localization
map is generated as

Lc
Grad-CAM = ReLU

(∑
k

αc
kA

k

)
. (24)

The heatmap is resized to the original image dimensions and su-
perimposed on the input image. The resulting visual explanation
is compared with the corresponding lesion mask to determine
whether the classification branch concentrates on disease-relevant
regions rather than irrelevant background features.

3.12 Model Training
The model is trained using the Adam optimization algorithm [12].
The initial learning rate is selected through validation experiments
and reduced when the validation loss stops improving. Batch nor-
malization, dropout, data augmentation, and early stopping are em-
ployed to reduce overfitting. The model parameters corresponding
to the best validation performance are retained for final evaluation.
The proposed model and all selected baseline models are trained
and evaluated using consistent preprocessing operations, input
resolution, optimization settings, and evaluation procedures. This
ensures that observed performance differences are primarily at-
tributable to the respective model architectures.

3.13 Performance Evaluation
Disease-classification performance is evaluated using accuracy,
precision, recall, F1-score, and the area under the receiver oper-
ating characteristic curve [16, 6]. Accuracy is defined as

Accuracy =
TP + TN

TP + TN + FP + FN
, (25)

where TP , TN , FP , and FN represent true positives, true neg-
atives, false positives, and false negatives, respectively. Precision
and recall are calculated as

Lesion-segmentation performance is evaluated using the Dice co-
efficient and intersection over union [5, 10]:

Dice =
2TP

2TP + FP + FN
, (26)

IoU =
TP

TP + FP + FN
. (27)

In addition to quantitative evaluation, the predicted lesion masks
and Grad-CAM heatmaps are visually examined to evaluate lesion
localization, boundary quality, and the correspondence between the
model’s attention and the annotated disease regions.

4. RESULTS AND DISCUSSION
4.1 Comparative Performance
The performance of AgroXAI-MTNet was compared with VGG16,
ResNet50, DenseNet121, MobileNetV2, U-Net, and Attention U-
Net. The comparative results for disease classification, lesion seg-
mentation, and disease-severity estimation are presented in Table 1.
The classification performance of the evaluated models is illus-
trated in Figure 1. AgroXAI-MTNet achieved the highest accuracy,
precision, and F1-score of 94.80%, 94.20%, and 94.05%, respec-
tively. The results indicate that the proposed attention-guided multi-
task framework learns more discriminative disease-related features
than the selected baseline models.

Fig. 1. Comparison of the classification performance of AgroXAI-MTNet
with the baseline models.

The lesion-segmentation results are presented in Figure 3.
AgroXAI-MTNet achieved the highest Dice coefficient of 0.8720,
followed by Attention U-Net with 0.8517. The improvement in-
dicates that the attention-guided encoder–decoder structure effec-
tively preserves lesion boundaries and identifies disease-affected
regions.
Figure 4 compares the disease-severity estimation results. A lower
mean absolute error indicates better severity-estimation perfor-
mance. AgroXAI-MTNet produced the lowest MAE of 3.85%,
compared with 4.62% for Attention U-Net and 5.48% for U-Net.
This result indicates that combining regression-based and lesion-
mask-based information improves quantitative disease-severity es-
timation.
[h]
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Table 1. Comparison of AgroXAI-MTNet with the baseline models.

Model Accuracy (%) Precision (%) F1-score (%) Dice Severity MAE (%)
VGG16 86.35 85.90 85.72 0.7410 7.82
ResNet50 89.46 88.91 88.73 0.7835 6.74
DenseNet121 91.28 90.76 90.51 0.8116 5.92
MobileNetV2 88.73 88.20 87.94 0.7698 6.95
U-Net 87.91 87.38 87.10 0.8264 5.48
Attention U-Net 92.16 91.72 91.43 0.8517 4.62
AgroXAI-MTNet 94.80 94.20 94.05 0.8720 3.85

Fig. 2. Comparison of lesion-segmentation performance based on the Dice
coefficient

Fig. 4. Comparison of disease-severity estimation performance based on
mean absolute error.

4.2 Discussion
Overall, AgroXAI-MTNet achieved the best performance across all
three crop-health assessment tasks. The proposed model improved
disease classification and lesion segmentation while reducing the
severity-estimation error. These results indicate that shared feature
learning, attention-guided refinement, and joint multitask optimiza-
tion can provide a more comprehensive assessment of crop diseases
than the selected single-task baseline models.
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learning in agriculture: A survey. Computers and Electronics
in Agriculture, 147:70–90, April 2018.

[12] Diederik P. Kingma and Jimmy Ba. Adam: A method
for stochastic optimization. Proceedings of the Third In-
ternational Conference on Learning Representations, 2015.
arXiv:1412.6980.

[13] Fausto Milletari, Nassir Navab, and Seyed-Ahmad Ahmadi.
V-Net: Fully convolutional neural networks for volumetric
medical image segmentation. In Proceedings of the Fourth
International Conference on 3D Vision, pages 565–571, Stan-
ford, California, USA, 2016. IEEE.

[14] Sharada Prasanna Mohanty, David P. Hughes, and Marcel
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