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Abstract. Accurate and timely identi�cation of plant diseases is essen-
tial for improving crop productivity and ensuring sustainable agricultural
practices. This paper presents a comprehensive image dataset of fruit
and leaf diseases covering six economically important horticultural crops:
Apple, Banana, Citrus, Guava, Mango, and Papaya. The dataset com-
prises high-quality RGB images representing both healthy and diseased
samples, with disease symptoms including spots, lesions, discoloration,
blight, rot, and fungal and bacterial infections captured under diverse
real-world conditions. Variations in illumination, background complex-
ity, viewing angles, growth stages, and symptom severity are intention-
ally included to enhance the robustness and generalizability of learning
models developed using this data.
The dataset is structured in a class-wise manner and preprocessed to sup-
port direct integration with deep learning frameworks. It is extensively
used to train, validate, and evaluate deep learning�based plant disease
classi�cation models, enabling automatic feature learning from raw im-
ages without manual intervention. Experimental usage demonstrates that
the dataset is well suited for convolutional neural networks and attention-
based architectures, facilitating e�ective discrimination between multiple
disease categories across di�erent crops and plant organs. By providing a
uni�ed multi-crop, multi-disease benchmark, this dataset aims to accel-
erate research in automated crop disease diagnosis, precision agriculture,
and intelligent decision-support systems for sustainable farming.

Keywords: Apple · Banana · Citrus ·Guava ·Mango · Papaya ·ABCGMP
dataset · Fruit · Leaf · CNN.

1 Introduction

Accurate and timely detection of plant diseases [1] is essential for improving crop
productivity, reducing economic losses, and supporting sustainable agricultural
practices. Although deep learning techniques have shown strong potential for
automated disease diagnosis, their e�ectiveness is largely constrained by the
quality and realism of available datasets. Most existing plant disease datasets are
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either crop-speci�c, limited to a single plant organ, or collected under controlled
conditions, which restricts model generalization to real-�eld environments.

To address these limitations, this work presents the ABCGMP Fruit and

Leaf Disease Dataset, a comprehensive multi-crop dataset covering apple, ba-
nana, citrus, guava, mango, and papaya. The dataset includes both fruit and leaf
images captured under diverse �eld conditions, re�ecting real-world variability
in lighting, background, and disease severity. By enabling multi-crop and multi-
organ disease analysis, the ABCGMP dataset provides a robust benchmark for
developing and evaluating generalized deep learning models for practical plant
disease diagnosis.

1.1 Apple Crop and Disease Overview

Fig. 1. Apple disease and Healthy sample of ABCGMP datasets [23].

Apple (Malus domestica) is a major temperate fruit crop of high nutritional
and economic importance. Optimal apple production requires cool winters and
mild summers, with an ideal temperature range of 18�24 °C and a winter chill-
ing requirement of 800�1500 hours below 7 °C to ensure uniform �owering. Ap-
ple trees perform best in deep, well-drained loamy soils with a pH of 5.5�6.5,
adequate sunlight, balanced nutrition, proper irrigation, pruning, and e�ective
pollination as shown in Table 1. These conditions collectively support healthy
growth, high yield, and superior fruit quality.

Apple Black Root Rot: A soil-borne fungal disease as shown in Figure 1
that causes root decay, leaf yellowing, reduced nutrient uptake, and gradual tree
decline, particularly under poorly drained soil conditions.

Apple Fruit Diseases: Fruit diseases such as apple scab and fruit rot pro-
duce dark lesions, sunken spots, cracking, and decay on fruit surfaces, leading
to reduced market value and storage life.

Apple Leaf Diseases: Leaf diseases appear as spots, powdery growth,
chlorosis, or necrosis, reducing photosynthetic e�ciency and causing premature
defoliation and yield loss.
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Table 1. Agricultural Requirements for Apple (Malus domestica) Production

Parameter Optimal Range / Con-
dition

Description

Climate Type Temperate Requires a cool temperate climate with dis-
tinct seasons for dormancy, �owering, and
fruit development.

Optimal Temperature 18�24 °C Suitable for vegetative growth and fruit de-
velopment; high temperatures may reduce
fruit quality.

Winter Chilling Re-
quirement

800�1500 h (<7 °C) Essential for breaking dormancy and uni-
form bud break; varies by cultivar.

Frost Sensitivity High during �owering Spring frost can damage blossoms, leading
to poor fruit set and yield reduction.

Annual Rainfall 800�1200 mm Even distribution is ideal; excessive mois-
ture increases disease incidence.

Irrigation Require-
ment

Moderate to High Supplemental irrigation needed during dry
periods, especially �owering and fruit en-
largement.

Soil Type Deep, well-drained loamy Supports healthy root growth and e�cient
nutrient uptake.

Soil pH 5.5�6.5 Slightly acidic soils enhance nutrient avail-
ability.

Soil Drainage Well-drained Poor drainage causes waterlogging and root
diseases.

Sunlight Requirement Full sunlight (6�8 h/day) Required for photosynthesis, fruit color, and
sugar accumulation.

Nutrient Requirement N, P, K, Ca, B, Zn Balanced nutrition essential; calcium im-
proves fruit �rmness and storage life.

Pollination Cross-pollination Most cultivars require cross-pollination, of-
ten aided by honeybees.

Plant Spacing 3�5 m Depends on rootstock and training system;
improves air circulation.

Pruning Requirement Annual pruning Enhances canopy structure, light penetra-
tion, and fruit quality.

Major Diseases Scab, powdery mildew,
�re blight

Requires regular monitoring and disease
management.

Harvesting Season Late summer�autumn Proper timing a�ects fruit quality, shelf life,
and market value.
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Other Major Diseases: Diseases including powdery mildew and �re blight
a�ect shoots, �owers, and fruits, resulting in tissue deformation, wilting, and
necrosis under favorable environmental conditions.

1.2 Banana Crop and Disease Overview

Fig. 2. Banana disease and Healthy sample of ABCGMP datasets [23].

Banana (Musa spp.) is an important tropical fruit crop cultivated for its nu-
tritional value, economic importance, and year-round production. Banana plants
grow best in warm and humid climates with an optimal temperature range of
25�30 °C, high relative humidity, and evenly distributed rainfall. The crop per-
forms well in deep, well-drained loamy or alluvial soils with a pH of 6.0�7.5 and
requires balanced nutrition, adequate irrigation, wind protection, and proper
orchard management to achieve high yield and fruit quality as shown in Table 2.

Banana Cordana Leaf Spot: A fungal leaf disease as shown in Figure 2
characterized by elongated brown to dark lesions with yellow halos, leading to
premature leaf drying and reduced photosynthetic e�ciency.

Banana Fruit Diseases: Fruit diseases cause surface blemishes, uneven
ripening, soft rot, and internal discoloration, signi�cantly reducing market value
and post-harvest shelf life.

Banana Leaf Diseases: Leaf diseases such as Sigatoka appear as streaks,
necrotic spots, and chlorotic patches, weakening plants and negatively a�ecting
bunch development.

Other Major Diseases: Diseases including Panama disease and bacterial
wilt a�ect roots and vascular tissues, causing plant wilting, reduced vigor, and
severe yield losses.

1.3 Citrus Crop and Disease Overview

Citrus (Citrus spp.) is a commercially important group of fruit crops, including
orange, lemon, lime, mandarin, and grapefruit, valued for their nutritional and
economic signi�cance. Citrus trees grow best in tropical and subtropical climates
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Table 2. Agricultural Requirements for Banana (Musa spp.) Production

Parameter Optimal Range / Con-
dition

Description

Climate Type Tropical to Subtropical Requires warm and humid climatic condi-
tions for continuous growth.

Optimal Temperature 25�30 °C Ideal for vegetative growth and fruit devel-
opment; extreme temperatures reduce yield.

Relative Humidity >60% High humidity promotes leaf expansion and
bunch formation.

Rainfall Requirement 1000�2500 mm annually Well-distributed rainfall is essential; supple-
mental irrigation is required during dry pe-
riods.

Irrigation Require-
ment

High Frequent irrigation is needed due to shallow
root systems and high water demand.

Soil Type Deep, well-drained loamy
or alluvial soil

Fertile soils with good moisture retention
support healthy growth.

Soil pH 6.0�7.5 Slightly acidic to neutral soils are optimal
for nutrient availability.

Soil Drainage Well-drained Poor drainage leads to waterlogging and
root rot.

Sunlight Requirement Full sunlight Essential for photosynthesis and high fruit
yield.

Nutrient Requirement N, P, K, Mg, Zn, B Banana is a heavy feeder; potassium is crit-
ical for fruit size and quality.

Wind Sensitivity High Strong winds can cause lodging; windbreaks
are recommended.

Plant Spacing 1.8�2.5 m Depends on cultivar and planting density;
improves air circulation.

Propagation Method Suckers / Tissue culture Tissue culture ensures uniform, disease-free
planting material.

Major Diseases Panama disease, Sigatoka
leaf spot

E�ective disease management is essential for
sustained productivity.

Harvesting Period 10�15 months after plant-
ing

Harvest duration varies by cultivar and cli-
matic conditions.

Fig. 3. Citrus disease and Healthy sample of ABCGMP datasets [23].
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Table 3. Agricultural Requirements for Citrus (Citrus spp.) Production

Parameter Optimal Range / Con-
dition

Description

Climate Type Tropical to Subtropical Suitable for evergreen growth and continu-
ous fruiting cycles.

Optimal Temperature 20�30 °C Ideal for vegetative growth, �owering, and
fruit development.

Frost Sensitivity High Frost damages �owers, fruits, and young
shoots, reducing yield.

Rainfall Requirement 600�1200 mm annually Even rainfall is ideal; supplemental irriga-
tion is required during dry periods.

Irrigation Require-
ment

Moderate Regular irrigation supports fruit develop-
ment and prevents moisture stress.

Soil Type Deep, well-drained loamy
or sandy loam soil

Ensures proper root growth, aeration, and
nutrient uptake.

Soil pH 5.5�7.5 Slightly acidic to neutral soils favor nutrient
availability.

Soil Drainage Well-drained Poor drainage increases the risk of root dis-
eases and tree decline.

Sunlight Requirement Full sunlight Essential for photosynthesis, �owering, and
fruit color development.

Nutrient Requirement N, P, K, Ca, Mg, Zn, Fe Balanced fertilization is necessary for
healthy growth and fruit quality.

Pruning Requirement Light annual pruning Maintains canopy structure, air�ow, and
light penetration.

Plant Spacing 4�6 m Depends on species and rootstock; ensures
adequate canopy development.

Major Diseases Citrus canker, greening
(HLB), root rot

Disease management is critical for orchard
longevity.

Propagation Method Budding / Grafting Ensures true-to-type plants and early fruit-
ing.

Harvesting Season Varies by species Fruit maturity depends on citrus type and
climatic conditions.
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with an optimal temperature range of 20�30 °C and adequate sunlight. Deep,
well-drained loamy or sandy loam soils with a pH of 5.5�7.5, balanced nutrition,
proper irrigation, and e�ective orchard management are essential for achieving
high yield and fruit quality as shown in Table 3. Citrus trees are sensitive to
frost and waterlogging, which can severely a�ect productivity.

Citrus Canker: A bacterial disease as shown in Figure 3 causing raised,
corky lesions with yellow halos on leaves, stems, and fruits, leading to defoliation,
fruit drop, and reduced market quality.

Citrus Fruit Diseases: Fruit diseases result in rind blemishes, sunken le-
sions, cracking, soft rot, and discoloration, signi�cantly reducing fruit quality,
shelf life, and market value.

Citrus Leaf Diseases: Leaf diseases appear as spots, chlorosis, mottling,
and necrotic patches, reducing photosynthesis and weakening tree vigor.

Other Major Diseases: Diseases such as citrus greening (HLB) and root
rot a�ect vascular and root systems, causing leaf yellowing, tree decline, poor
fruit development, and severe yield loss.

1.4 Guava Crop and Disease Overview

Fig. 4. Guava disease and Healthy sample of ABCGMP datasets [23].

Guava (Psidium guajava) is a widely grown tropical and subtropical fruit
crop valued for its high nutritional content and adaptability to diverse agro-
climatic conditions. Guava grows best at temperatures between 20�35 °C in deep,
well-drained loamy soils with a pH of 5.5�7.0. Adequate soil moisture during
�owering and fruit development, balanced nutrition, pruning, and proper orchard
management are essential for achieving high yield and good fruit quality as shown
in Table 4. Young plants are sensitive to frost, which can negatively a�ect growth
and productivity.

Guava Red Rust: A fungal disease characterized by reddish-brown pow-
dery spots on leaves and young shoots, leading to reduced photosynthesis and
weakened plant growth as shown in Figure 4.
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Table 4. Agricultural Requirements for Guava (Psidium guajava) Production

Parameter Optimal Range / Con-
dition

Description

Climate Type Tropical to Subtropical Adaptable to diverse climatic conditions
with moderate temperatures.

Optimal Temperature 20�35 °C Suitable for vegetative growth, �owering,
and fruit development.

Frost Sensitivity Moderate to High Young plants are particularly sensitive to
frost injury.

Rainfall Requirement 600�1000 mm annually Moderate rainfall is ideal; excessive rain may
a�ect fruit quality.

Irrigation Require-
ment

Moderate Irrigation is essential during �owering and
fruit development stages.

Soil Type Deep, well-drained loamy
soil

Supports healthy root growth and nutrient
uptake.

Soil pH 5.5�7.0 Slightly acidic to neutral soils favor nutrient
availability.

Soil Drainage Well-drained Waterlogging leads to root diseases and re-
duced productivity.

Sunlight Requirement Full sunlight Essential for �owering, fruit set, and sugar
accumulation.

Nutrient Requirement N, P, K, Ca, Zn, B Balanced fertilization improves yield and
fruit quality.

Pruning Requirement Regular pruning Encourages new shoot growth and improves
fruit size and quality.

Plant Spacing 4�6 m Depends on cultivar and training system.
Major Diseases Wilt, anthracnose, fruit

�y infestation
Integrated pest and disease management is
required.

Propagation Method Air layering / Grafting Ensures uniform growth and early fruiting.
Harvesting Season Varies by region Fruits are harvested at maturity for optimal

quality.
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Guava Fruit Diseases: Fruit diseases cause surface blemishes, soft rot,
cracking, sunken lesions, and discoloration, resulting in reduced market value
and post-harvest losses.

Guava Leaf Diseases: Leaf diseases appear as spots, chlorosis, necrosis,
and leaf curling, causing premature defoliation and reduced fruit set.

Other Major Diseases: Diseases such as wilt and anthracnose a�ect roots,
stems, leaves, and fruits, leading to plant decline, poor fruit development, and
yield reduction.

1.5 Mango Crop and Disease Overview

Table 5. Agricultural Requirements for Mango (Mangifera indica) Production

Parameter Optimal Range / Con-
dition

Description

Climate Type Tropical to Subtropical Requires warm climates with a distinct dry
period for �owering.

Optimal Temperature 24�30 °C Ideal for vegetative growth and fruit devel-
opment.

Rainfall Requirement 750�2500 mm annually Dry weather during �owering and moderate
rainfall during fruit growth are preferred.

Irrigation Require-
ment

Moderate Irrigation is essential during fruit develop-
ment; excess moisture should be avoided.

Soil Type Deep, well-drained loamy
soil

Supports strong root growth and e�cient
nutrient uptake.

Soil pH 5.5�7.5 Slightly acidic to neutral soils favor nutrient
availability.

Soil Drainage Well-drained Poor drainage leads to root diseases and re-
duced tree vigor.

Sunlight Requirement Full sunlight Essential for �owering, fruit set, and fruit
quality.

Nutrient Requirement N, P, K, Ca, Zn, B Balanced fertilization improves yield and
fruit quality.

Frost Sensitivity Moderate to High Young trees are sensitive to frost and cold
injury.

Pruning Requirement Periodic pruning Maintains canopy structure and improves
light penetration.

Plant Spacing 8�10 m Depends on cultivar and training system.
Major Diseases Powdery mildew, an-

thracnose
Disease control is critical during �owering
and fruiting stages.

Propagation Method Grafting Ensures true-to-type plants and early bear-
ing.

Harvesting Season Summer Harvest timing varies by cultivar and region.

Mango (Mangifera indica) is a major tropical fruit crop valued for its eco-
nomic importance and nutritional quality. It grows best in tropical and sub-
tropical regions with warm temperatures ranging from 24�30 °C and a distinct
dry period for �owering. Mango performs well in deep, well-drained loamy soils
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Fig. 5. Mango disease and Healthy sample of ABCGMP datasets [23].

with a pH of 5.5�7.5 and requires balanced nutrition, proper irrigation, pruning,
and orchard management to ensure high yield and fruit quality as shown in Ta-
ble 5. Young trees are sensitive to frost, which can adversely a�ect growth and
productivity.

Mango Bacterial Canker: A bacterial disease as shown in Figure 5 char-
acterized by dark, water-soaked lesions on leaves, stems, and fruits, often leading
to cracking, gummosis, and premature fruit drop.

Mango Fruit Diseases: Fruit diseases cause surface blemishes, sunken le-
sions, soft rot, uneven ripening, and fungal growth, signi�cantly reducing fruit
quality, shelf life, and market value.

Mango Leaf Diseases: Leaf diseases such as powdery mildew and anthrac-
nose appear as powdery growth or dark necrotic spots, reducing photosynthesis
and a�ecting �owering and fruit set.

Other Major Diseases: Diseases including dieback and malformation a�ect
shoots and panicles, leading to distorted growth, poor fruit development, and
yield reduction.

1.6 Papaya Crop and Disease Overview

Fig. 6. Papaya disease and Healthy sample of ABCGMP datasets [23].



Title Suppressed Due to Excessive Length 11

Table 6. Agricultural Requirements for Papaya (Carica papaya) Production

Parameter Optimal Range / Con-
dition

Description

Climate Type Tropical to Subtropical Requires warm and frost-free climatic con-
ditions.

Optimal Temperature 22�32 °C Ideal for vegetative growth, �owering, and
fruit development.

Frost Sensitivity Very High Frost causes severe damage and plant mor-
tality.

Rainfall Requirement 1000�2000 mm annually Well-distributed rainfall is essential; excess
moisture should be avoided.

Irrigation Require-
ment

Moderate to High Frequent irrigation is required due to shal-
low root system.

Soil Type Light, well-drained loamy
or sandy loam soil

Promotes healthy root development and
prevents waterlogging.

Soil pH 5.5�7.0 Slightly acidic to neutral soils support nu-
trient availability.

Soil Drainage Excellent drainage re-
quired

Poor drainage leads to root rot and stem
diseases.

Sunlight Requirement Full sunlight Essential for rapid growth and high fruit
yield.

Nutrient Requirement N, P, K, Ca, Mg, B, Zn Heavy feeder; balanced fertilization im-
proves yield and fruit quality.

Wind Sensitivity High Strong winds can cause stem breakage;
windbreaks are recommended.

Plant Spacing 1.8�2.5 m Depends on cultivar and planting density.
Propagation Method Seeds Healthy, high-quality seeds ensure uniform

plant growth.
Major Diseases Papaya ringspot virus,

root rot
Disease management is critical for sustained
productivity.

Harvesting Period 8�10 months after plant-
ing

Early bearing crop with continuous harvest-
ing potential.
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Papaya (Carica papaya) is a fast-growing tropical fruit crop valued for its
nutritional and medicinal importance and year-round production. It grows best
in warm tropical and subtropical climates with an optimal temperature range of
22�32 °C. Papaya performs well in light, well-drained loamy or sandy loam soils
with a pH of 5.5�7.0 and requires balanced nutrition, proper irrigation, wind
protection, and good drainage as shown in Table 6. The crop is highly sensitive
to frost, waterlogging, and strong winds, which can severely a�ect plant growth
and fruit yield.

Papaya Ringspot Disease: A viral disease [2] characterized by mosaic
patterns, ring-shaped spots on fruits, leaf distortion, and stunted plant growth,
leading to severe yield loss as shown in Figure 6.

Papaya Fruit Diseases: Fruit diseases cause surface blemishes, soft rot,
sunken lesions, uneven ripening, and premature fruit drop, reducing market qual-
ity and shelf life.

Papaya Leaf Diseases: Leaf diseases appear as chlorosis, necrotic lesions,
leaf curling, and deformation, reducing photosynthetic e�ciency and weakening
plant vigor.

Other Major Diseases: Diseases such as root rot and stem rot a�ect the
root and stem systems, causing wilting, plant decline, and eventual crop failure.

1.7 Literature Review

The advancement of deep learning�based plant disease diagnosis has been closely
linked to the evolution of publicly available image datasets. Early progress was
driven by the introduction of the PlantVillage dataset in 2015, which demon-
strated the e�ectiveness of deep convolutional neural networks for large-scale
plant disease classi�cation [3]. Despite its in�uence, PlantVillage relied primar-
ily on laboratory-controlled images with homogeneous backgrounds, resulting in
signi�cant background bias and limited generalization to real-�eld agricultural
conditions. To mitigate these shortcomings, subsequent studies shifted toward
�eld-acquired imagery. Thapa et al. [4] and Singh et al. [5] highlighted the im-
portance of capturing natural disease manifestations under varying illumination,
occlusions, and complex backgrounds to enhance model robustness and real-
world applicability. More recently, crop-speci�c repositories such as SAR-MLD
for mango [6] and Yolo-Papaya [7] have emerged, integrating both leaf and fruit
images to enable dual-organ disease diagnosis.

Between 2024 and 2026, research e�orts increasingly concentrated on high-
value horticultural crops, including guava, banana, and citrus, leveraging large-
scale datasets and advanced deep learning architectures. In guava (Psidium gua-

java L.), studies evolved from basic leaf-based classi�cation toward hybrid di-
agnostic frameworks that combine deep transfer learning with ensemble ma-
chine learning classi�ers such as XGBoost, achieving fruit-level disease detection
accuracies of up to 98.6% [14, 17]. Banana (Musa spp.) research emphasized
extensive �eld-acquired datasets encompassing complex diseases such as Moko,
Panama disease, and Black Sigatoka, where lightweight architectures such as Mo-
bileNetV2 demonstrated a favorable balance between accuracy (approximately
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96%) and computational e�ciency, making them suitable for mobile and edge-
based deployment [16]. In citrus crops, instance segmentation approaches based
on YOLOv8 enabled real-time localization of disease symptoms on fruits and
stems, reporting recall rates exceeding 90% [15]. Collectively, these advancements
contribute to reducing post-harvest losses and improving resilience against major
biotic stresses.

Parallel progress has been reported across several staple and plantation crops.
In 2023, Bhandari et al. achieved an accuracy of 99.07% for tomato disease clas-
si�cation using E�cientNetB5, while Tian et al. reported comparable perfor-
mance with an InceptionV3-based framework [8, 13]. In 2024, Palaniappan et
al. employed ResNet50 for cashew disease detection, attaining an accuracy of
97.76%, whereas Daphal et al. reported a lower accuracy of 86.53% for sugar-
cane disease detection using an AMRCNN architecture, re�ecting the increased
complexity of �eld-level sugarcane disease patterns [12, 9]. For rice crops, Joseph
et al. introduced a hybrid deep learning model achieving 99.68% accuracy, while
Mizan et al. applied E�cientNet-B3 to Bangladeshi rice disease data and ob-
tained an accuracy of 92.00% [10, 11]. These �ndings indicate that although
advanced CNN and hybrid architectures can achieve excellent performance un-
der controlled or crop-speci�c conditions, their e�ectiveness varies substantially
across crops, datasets, and environmental settings.

Recent studies [21] have demonstrated the e�ectiveness of transfer learning
and hybrid deep learning architectures for crop disease detection. In the context
of rice disease classi�cation, pre-trained models such as ResNet50, MobileNetV2,
and MobileNet were evaluated, where a hybrid MobileNet�ResNet concatenation
model achieved a training accuracy of 99.50% and a test accuracy of 94.00%.
This hybrid architecture exhibited superior generalization and robustness com-
pared to individual backbone models, highlighting the bene�ts of feature-level
integration.

For multi-crop and multi-disease classi�cation [20], a feature-level concatena-
tion framework combining E�cientNetB1, DenseNet121, and InceptionV3 was
proposed and evaluated on a chilli�rice disease dataset. The model attained
99.86% training accuracy and 92.05% test accuracy by e�ectively capturing
multi-scale and hierarchical representations, thereby outperforming standalone
deep networks.

In another study [18], a Transformer-based attention mechanism was inte-
grated with MobileNetV2 and DenseNet121 for disease classi�cation using the
CCMT dataset. The incorporation of attention enhanced contextual feature
learning, leading to improved robustness and an overall classi�cation accuracy
of 99.30%.

Similarly, a hybrid MobileNet�VGG19 architecture for cashew leaf disease
detection [19] achieved a test accuracy of 96.23%, along with strong precision and
recall, indicating its e�ectiveness in capturing discriminative disease patterns.

Furthermore, a novel hybrid model termed EBITRNet-B0 [22] was introduced
for papaya and sugarcane leaf disease detection by integrating E�cientNet-B0
and BiT-ResNetv2 with a channel-wise attention mechanism. In this archi-
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tecture, E�cientNet-B0 extracts lightweight, �ne-grained features, while BiT-
ResNetv2 provides robust and high-level representations, and the attention mod-
ule emphasizes disease-relevant regions. When evaluated on the PSMCMD dataset,
the proposed model achieved 93.40% training accuracy and 87.23% test accu-
racy, demonstrating improved e�ciency and robustness for multi-crop disease
classi�cation.

1.8 Research Gap and Motivation for the ABCGMP Dataset

Despite substantial progress, the existing literature reveals a critical gap: the ab-
sence of a uni�ed, large-scale, multi-crop fruit-and-leaf disease dataset collected
under real-world �eld conditions. Most publicly available datasets remain crop-
speci�c, geographically constrained, or limited to either leaf or fruit imagery,
thereby restricting the development of generalized and transferable disease recog-
nition models. Furthermore, current benchmarks insu�ciently address inter-crop
visual similarity, cross-disease confusion, and practical commercial grading re-
quirements. To bridge this gap, this study introduces theABCGMP Fruit and

Leaf Disease Dataset, comprising six economically important crops�apple,
banana, citrus, guava, mango, and papaya. The proposed dataset is designed to
support multi-crop and multi-organ disease diagnosis under diverse environmen-
tal conditions, enabling robust benchmarking of convolutional neural networks,
transformer-based models, and hybrid attention-driven architectures for real-
world agricultural deployment.

Value of the Data

� Facilitates multi-crop and multi-disease plant health assessment.
� Compatible with both lightweight and deep architectures, such as MobileNet
and MobileNetV2.

� Supports conventional CNN as well as hybrid CNN-based models.
� Captures real-world agricultural variability, enabling robust AI model eval-
uation.

� Well-suited for explainable AI (XAI) and uncertainty estimation analyses.

2 ABCGMP Fruit and Leaf Disease Dataset Description

The Apple�Banana�Citrus�Guava�Mango�Papaya (ABCGMP) dataset is a com-
prehensive multi-crop, multi-disease image repository containing both fruit and
leaf samples from six economically important horticultural crops: Apple, Banana,
Citrus, Guava, Mango, and Papaya. The dataset includes healthy and diseased
samples exhibiting diverse symptoms such as leaf spots, blight, anthracnose, bac-
terial infections, chlorosis, necrosis, fruit rot, scab-like lesions, and viral manifes-
tations. As shown in Figure 5, mango fruit images display visible necrotic lesions
and clustered spots typical of fungal infections under natural �eld conditions,
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Table 7. Crop wise class and image distribution of ABCGMP datasets [23].

S.No Crops Class No. of images Crop Class No. of images

1. Apple Healthy Leaf 2008 Guava Red Rust 90
2. Apple Black Rot 1987 Guava Healthy Leaf 150
3. Apple Healthy Fruit 301 Guava Disease Fruit 160
4. Apple Disease Fruit 286 Guava Healthy Fruit 50
5. Banana Cordana 739 Mango Bacterial Cancker 404
7 Banana Healthy Leaf 535 Mango Healthy Leaf 308
8 Banana Healthy Fruit 133 Mango Disease Fruit 213
9 Banana Disease Fruit 74 Mango Healthy Fruit 348
10 Citrus Cancker Leaf 210 Papaya Ring Spot 717
11 Citrus Healthy Leaf 192 Papaya Healthy Leaf 298
12 Citrus Disease Fruit 158 Papaya Disease Fruit 127
13 Citrus Healthy Fruit 190 Papaya Healthy Fruit 143

with similar real-world symptom diversity preserved across all crops as shown in
Table 7.

To enhance robustness and real-world applicability, images were collected
from heterogeneous sources. Approximately 50% were acquired directly from
agricultural �elds under uncontrolled conditions, capturing variations in illu-
mination, background, and disease severity. Around 16% were contributed by
farmers using smartphone cameras across di�erent geographic locations. Addi-
tionally, 20% were obtained from publicly available benchmark plant disease
datasets, while the remaining 14% were sourced from veri�ed online agricultural
repositories and carefully curated to ensure accurate labeling and visual quality
as shown in Table 8.

Table 8. Source-wise distribution of images in the ABCGMP datasets [23].

S.No Data Source Description (%)

1 Field collection Images captured directly from
farms under natural �eld condi-
tions

50

2 Farmer contribu-
tions

Images provided by farmers using
mobile devices

16

3 Public datasets Images collected from established
benchmark datasets

20

4 Veri�ed internet
sources

Carefully screened agricultural
images from online sources

14

Total 100

A substantial proportion of the �eld-acquired images were collected from agri-
culturally prominent regions of Rajasthan and Jammu, India, covering multiple
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districts in Jammu as well as the Jaipur, Kota, and Bundi districts. The inclu-
sion of diverse agro-climatic zones and disease prevalence conditions signi�cantly
strengthens the dataset's representativeness and generalization capability.

Table 9. Quantitative image acquisition and visual properties of the ABCGMP
datasets [23].

S.No Image Property Unit / Metric Observed Range / Value

1 Image Resolution Pixels (H Ö W) 256Ö256 to 512Ö512
2 Image Channels Count 3 (RGB)
3 Image DPI Dots per Inch 72 � 300 DPI
4 Color Depth Bits per Channel 8-bit (24-bit RGB)
5 Mean Brightness Intensity (0�255) 88.2 � 182.5
6 Brightness Std. Dev. σIntensity 25.4 � 68.3
7 Image Contrast RMS Contrast 0.19 � 0.67
8 Color Variance RGB Variance 390 � 2100
9 Shannon Entropy Bits 5.0 � 7.9
10 Blur Level Var. of Laplacian 75 � 1320
11 Noise Level Estimated SNR 17 � 40 dB
12 Occlusion Ratio Area Coverage 4% � 48%
13 Background Coverage Image Area 28% � 72%
14 Object Scale (Fruit/Leaf) Area Ratio 10% � 90%
15 Illumination Condition Category Count 4 (Bright, Shadowed, Mixed, Low-light)
16 Capture Distance Approx. Range 20 � 150 cm
17 Compression Format File Type JPEG / PNG
18 JPEG Quality Factor Scale (0�100) 60 � 95
19 Acquisition Device Category Smartphone / Digital Camera

All images were captured under varying illumination conditions (bright sun-
light, partial shadow, mixed lighting, and low-light), viewpoints, and background
settings such as soil, sky, surrounding vegetation, and human interference as
shown in Table 9. The deliberate inclusion of such real-world variability sup-
ports the development of robust, illumination-invariant deep learning models for
multi-crop fruit and leaf disease classi�cation.

Overall, the six-crop dataset provides a challenging benchmark for evalu-
ating deep learning�based classi�cation, detection, and attention-based models
for joint fruit and leaf disease recognition in heterogeneous agricultural environ-
ments.

3 Experimental Design, Materials and Methods

3.1 Dataset Formulation

Let the dataset be de�ned as:

D = {(xi, yi)}Ni=1, (1)
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Fig. 7. ABCGMP datasets [23] Frequency of Image.

where xi ∈ R
H×W×3 is an RGB image and yi ∈ {1, 2, . . . , C} denotes the disease

class label.

Algorithm 1: CNN-Based Disease Classi�cation on ABCGMP
datasets [23].

Input: ABCGMP fruit and leaf disease image dataset
Output: Trained CNN model and disease predictions
Load the ABCGMP dataset and resize all images to 224× 224. Split the
dataset into training and validation sets using an 80:20 ratio. Normalize pixel
values to [0, 1] and apply dataset prefetching for e�cient training.
Initialize a pretrained MobileNetV2 model with ImageNet weights and remove
the top layer. Construct the CNN by adding Global Average Pooling,
Dropout (0.2), and a softmax classi�cation layer. Compile the model using
the Adam optimizer and sparse categorical cross-entropy loss.
Train the model for 50 epochs with validation monitoring. Evaluate
performance using accuracy, loss curves, a confusion matrix, and a
classi�cation report. Save the trained model for future deployment.

3.2 CNN-Based Learning Framework

The CNN-based deep learning framework is implemented using the TensorFlow
and Keras libraries for automatic plant disease classi�cation on the proposed
ABCGMP fruit and leaf disease dataset. The dataset consists of images
from multiple crops, and all input images are uniformly resized to 224 × 224
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Fig. 8. CNN Model Diagram on ABCGMP datasets [23]..

pixels to ensure compatibility with pretrained convolutional neural network ar-
chitectures as illustrated in Figure 8. The dataset is partitioned into training and
validation sets using an 80:20 split to enable unbiased performance evaluation.

Prior to training, pixel intensity values are normalized to the range [0, 1] using
a rescaling operation. To enhance training e�ciency, dataset prefetching with
AUTOTUNE is employed, allowing optimized data loading and improved GPU
utilization. The core of the framework is a CNN model based on a pretrained
backbone initialized with ImageNet weights, which serves as a robust feature
extractor for capturing discriminative disease-related patterns from fruit and
leaf images. The pretrained convolutional layers are kept frozen to retain learned
low-level and high-level visual representations.

To reduce the dimensionality of the extracted feature maps, a Global Aver-
age Pooling layer is applied, followed by a dropout layer with a rate of 0.2 to
alleviate over�tting. The �nal classi�cation layer employs a softmax activation
function to predict multiple disease categories present in the ABCGMP dataset.
The model is trained using the Adam optimizer with a learning rate of 10−3 and
sparse categorical cross-entropy loss over 50 epochs. Model performance is evalu-
ated using accuracy and loss curves, along with a confusion matrix and detailed
classi�cation report to assess class-wise predictive performance, as summarized
in Algorithm 1.
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3.3 Dataset Preparation and Preprocessing

Let the image dataset be de�ned as

D = {(xi, yi)}Ni=1, (2)

where xi ∈ R
224×224×3 denotes an RGB fruit or leaf image and yi ∈ {1, 2, . . . , C}

represents the corresponding class label, with C being the total number of disease
classes.

The dataset is partitioned into training and validation subsets as

Dtrain = 0.8D, Dval = 0.2D. (3)

Each image is normalized using min�max scaling:

x
(norm)
i =

xi

255
. (4)

3.4 Feature Extraction Using CNN Backbone

A pretrained convolutional neural network without its classi�cation head is uti-
lized as a feature extractor. Let fθ(·) denote the CNN backbone with frozen
parameters θ. The extracted feature maps are computed as

Fi = fθ

(

x
(norm)
i

)

, (5)

where Fi ∈ R
H×W×K represents the high-level spatial feature maps.

3.5 Global Average Pooling

Global Average Pooling (GAP) is applied to aggregate spatial information and
reduce feature dimensionality:

zik =
1

HW

H
∑

h=1

W
∑

w=1

Fi,h,w,k, (6)

yielding a compact feature vector

zi = [zi1, zi2, . . . , ziK ] ∈ R
K . (7)

3.6 Dropout Regularization

To alleviate over�tting, dropout regularization is applied with a probability p =
0.2:

z̃i = zi ⊙m, mj ∼ Bernoulli(1− p), (8)

where ⊙ denotes element-wise multiplication.
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3.7 Classi�cation Layer

The �nal fully connected layer computes the class logits as

oi = W z̃i + b, (9)

where W ∈ R
C×K is the weight matrix and b ∈ R

C is the bias vector.
The softmax activation function converts logits into class probabilities:

ŷic =
eoic

∑C

j=1 e
oij

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

3.8 Loss Function

Model optimization is guided by the sparse categorical cross-entropy loss:

L = − 1

N

N
∑

i=1

log (ŷi,yi
) . (11)

3.9 Optimization Strategy

The network parameters are optimized using the Adam optimizer:

θt+1 = θt − α
m̂t√
v̂t + ϵ

, (12)

where α = 10−3 denotes the learning rate, and m̂t and v̂t are the bias-corrected
�rst and second moment estimates, respectively.

3.10 Prediction and Performance Evaluation

The predicted class label for each input sample is obtained as

ŷi = argmax
c

ŷic. (13)

Overall model performance is measured using classi�cation accuracy:

Accuracy =
1

N

N
∑

i=1

⊮(ŷi = yi). (14)

The confusion matrix is de�ned as

CMp,q =

N
∑

i=1

⊮(yi = p ∧ ŷi = q), (15)

where p and q denote the true and predicted classes, respectively.
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Class-wise precision, recall, and F1-score are computed as

Precisionc =
TPc

TPc + FPc

, (16)

Recallc =
TPc

TPc + FNc

, (17)

F1c =
2 · Precisionc · Recallc
Precisionc + Recallc

. (18)

3.11 MobileNetV2 Model

Table 10. MobileNetV2 Model precision, Recall, and F1-score comparison on
ABCGMP datasets [23].

Diseases Precision (%) Recall (%) F1-Score (%)

Apple Black rot 100 97 98
Apple healthy 99 91 95
Banana cordana 51 80 63
Citrus CanckerLeaf 97 81 88
Citrus Fruit disease 72 86 78
Citrus Healthy Fruit 58 42 49
Citrus Healthy Leaf 47 42 44
Disease Apple Fruit 15 04 07
Disease Banana Fruit 21 40 28
Disease Mango Fruit 80 37 51
Guava Disease Fruit 31 50 39
Guava Healthly Fruit 75 33 46
Guava Healthly Leaf 20 100 34
Guava Red Rust 50 33 40
Healthy Apple Fruit 22 12 16
Healthy Banana Fruit 47 80 59
Healthy Banana Leaf 86 100 93
Healthy Mango Fruit 83 55 66
Mang Healthy Leaf 88 100 94
Mango Bacterial Canker 99 95 97
Papaya Fruit Disease 87 41 55
Papaya Fruit Healthy 85 44 58
Papaya Healthy leaf 86 95 90
Papaya RingSpot 100 58 73
Accuracy 77
Macro Avg 67 62 61
Weighted Avg 82 77 78
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Fig. 9. MobileNetV2 Model Accuracy and Loss graph on ABCGMP datasets [23].

Table 10 summarizes the class-wise performance of the MobileNetV2 model
on the ABCGMP dataset. The model achieves high precision, recall, and F1-
scores for several visually distinct classes, including Apple Black Rot,Mango Bac-

terial Canker, Healthy Banana Leaf, Mango Healthy Leaf, and Papaya Healthy

Leaf, highlighting its ability to learn discriminative features for well-separated
disease patterns. Lower performance is observed for fruit-based and visually am-
biguous classes such as Disease Apple Fruit, Healthy Apple Fruit, and Citrus

Healthy Leaf, mainly due to class imbalance and visual similarity. Overall, the
model achieves an accuracy of 77% with a weighted F1-score of 78%, while the
macro-average F1-score of 61% re�ects class-wise variability. Figure 9 shows ef-
fective convergence with moderate validation �uctuations, indicating reasonable
generalization despite mild over�tting.

3.12 VGG19 Model

Fig. 10. VGG19 Model Accuracy and Loss graph on ABCGMP datasets [23].

Table 11 summarizes the class-wise performance of the VGG19 model on the
ABCGMP dataset. The model achieves very high precision, recall, and F1-scores
for several leaf-based classes, including Apple Black Rot, Apple Healthy, Healthy
Banana Leaf, Mango Healthy Leaf, and Mango Bacterial Canker, demonstrating
the e�ectiveness of deep hierarchical feature extraction for visually consistent
disease patterns. Strong performance is also observed for Papaya RingSpot and
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Table 11. VGG19 Model precision, Recall, and F1-score comparison on ABCGMP
datasets [23].

Diseases Precision (%) Recall (%) F1-Score (%)

Apple Black rot 99 100 99
Apple healthy 100 99 99
Banana cordana 42 66 51
Citrus CanckerLeaf 76 86 81
Citrus Fruit disease 33 61 43
Citrus Healthy Fruit 33 09 14
Citrus Healthy Leaf 38 42 40
Disease Apple Fruit 10 13 11
Disease Banana Fruit 20 10 13
Disease Mango Fruit 44 16 24
Guava Disease Fruit 29 16 20
Guava Healthly Fruit 20 33 25
Guava Healthly Leaf 66 89 76
Guava Red Rust 50 33 40
Healthy Apple Fruit 05 03 03
Healthy Banana Fruit 23 15 18
Healthy Banana Leaf 98 100 99
Healthy Mango Fruit 35 25 29
Mang Healthy Leaf 99 93 96
Mango Bacterial Canker 99 100 99
Papaya Fruit Disease 35 22 27
Papaya Fruit Healthy 42 20 27
Papaya Healthy leaf 73 85 78
Papaya RingSpot 94 82 88
Accuracy 75
Macro Avg 53 51 50
Weighted Avg 75 75 74
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Papaya Healthy Leaf. In contrast, lower performance is noted for fruit-based and
visually ambiguous classes such as Disease Apple Fruit, Healthy Apple Fruit, Cit-
rus Healthy Fruit, and Disease Banana Fruit, mainly due to class imbalance and
high inter-class similarity. Overall, VGG19 achieves an accuracy of 75% with a
weighted F1-score of 74%, while the macro-average F1-score of 50% highlights
class-wise variability. Figure 10 indicates over�tting, as training performance
improves steadily while validation accuracy saturates, suggesting limited gener-
alization despite strong results for well-de�ned classes.

3.13 DenseNet121 Model

Table 12. DenseNet121 Model precision, Recall, and F1-score comparison on
ABCGMP datasets [23].

Diseases Precision (%) Recall (%) F1-Score (%)

Apple Black rot 100 100 100
Apple healthy 100 98 99
Banana cordana 51 67 58
Citrus CanckerLeaf 64 95 76
Citrus Fruit disease 96 61 75
Citrus Healthy Fruit 51 58 54
Citrus Healthy Leaf 70 70 70
Disease Apple Fruit 11 13 12
Disease Banana Fruit 57 40 47
Disease Mango Fruit 40 88 55
Guava Disease Fruit 67 31 43
Guava Healthly Fruit 80 44 57
Guava Healthly Leaf 82 96 89
Guava Red Rust 100 27 42
Healthy Apple Fruit 04 03 03
Healthy Banana Fruit 73 40 52
Healthy Banana Leaf 99 100 100
Healthy Mango Fruit 59 73 65
Mang Healthy Leaf 96 100 98
Mango Bacterial Canker 100 62 77
Papaya Fruit Disease 50 09 16
Papaya Fruit Healthy 76 52 62
Papaya Healthy leaf 92 92 92
Papaya RingSpot 99 96 97
Accuracy 81
Macro Avg 71 63 64
Weighted Avg 82 81 80

Table 12 summarizes the class-wise performance of the DenseNet121 model
on the ABCGMP dataset. The model achieves near-perfect precision, recall, and
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Fig. 11. DenseNet121 Model Accuracy and Loss graph on ABCGMP datasets [23].

F1-scores for several leaf-based classes, including Apple Black Rot, Apple Healthy,
Healthy Banana Leaf,Mango Healthy Leaf, and Papaya RingSpot, demonstrating
the e�ectiveness of dense connectivity in preserving �ne-grained spatial and tex-
ture features. Strong results are also observed for Guava Healthy Leaf, Papaya
Healthy Leaf, and Citrus Canker Leaf. Lower performance is noted for visually
challenging and minority fruit-based classes such as Disease Apple Fruit, Healthy
Apple Fruit, and Papaya Fruit Disease, mainly due to class imbalance and sub-
tle symptom variations. Overall, DenseNet121 achieves an accuracy of 81% with
a weighted F1-score of 80%, while the macro-average F1-score of 64% re�ects
moderate class-wise variability. Figure 11 indicates stable convergence and good
generalization with limited over�tting.

3.14 InceptionV3 Model

TTable 13 summarizes the class-wise performance of the InceptionV3 model on
the ABCGMP dataset. The model achieves very high precision, recall, and F1-
scores for several leaf-based classes, including Apple Black Rot, Apple Healthy,
Healthy Banana Leaf,Mango Healthy Leaf, andMango Bacterial Canker, demon-
strating its e�ectiveness in capturing multi-scale spatial and texture features.
Strong performance is also observed for Citrus Canker Leaf, Papaya RingSpot,
and Guava Healthy Leaf. In contrast, lower performance is noted for visually
ambiguous and minority fruit-based classes such as Disease Apple Fruit, Dis-
ease Banana Fruit, Citrus Healthy Fruit, and Guava Disease Fruit, mainly due
to class imbalance and subtle symptom di�erences. Overall, the model attains
an accuracy of 81% with a weighted average F1-score of 81%, while the macro-
average F1-score of 65% re�ects variability across underrepresented classes. Fig-
ure 12 shows stable training convergence and consistent validation performance,
indicating good generalization with limited over�tting.

3.15 ResNet50 Model

Table 14 summarizes the class-wise performance of the ResNet50 model on the
ABCGMP dataset. The model achieves near-perfect precision, recall, and F1-
scores for several leaf-based classes, including Apple Black Rot, Apple Healthy,
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Table 13. InceptionV3 Model precision, Recall, and F1-score comparison on ABCGMP
datasets [23].

Diseases Precision (%) Recall (%) F1-Score (%)

Apple Black rot 99 99 99
Apple healthy 100 100 100
Banana cordana 68 53 60
Citrus CanckerLeaf 93 76 84
Citrus Fruit disease 95 58 72
Citrus Healthy Fruit 39 39 39
Citrus Healthy Leaf 29 77 42
Disease Apple Fruit 19 18 18
Disease Banana Fruit 17 30 21
Disease Mango Fruit 72 49 58
Guava Disease Fruit 70 22 33
Guava Healthly Fruit 100 44 62
Guava Healthly Leaf 77 82 79
Guava Red Rust 86 40 55
Healthy Apple Fruit 22 27 25
Healthy Banana Fruit 62 80 70
Healthy Banana Leaf 99 100 100
Healthy Mango Fruit 75 71 73
Mang Healthy Leaf 97 100 99
Mango Bacterial Canker 100 95 97
Papaya Fruit Disease 69 62 66
Papaya Fruit Healthy 73 32 44
Papaya Healthy leaf 56 97 71
Papaya RingSpot 98 85 91
Accuracy 81
Macro Avg 71 64 65
Weighted Avg 84 81 81

Fig. 12. InceptionV3 Model Accuracy and Loss graph on ABCGMP datasets [23].
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Table 14. ResNet50 Model precision, Recall, and F1-score comparison on ABCGMP
datasets [23].

Diseases Precision (%) Recall (%) F1-Score (%)

Apple Black rot 100 100 100
Apple healthy 100 100 100
Banana cordana 54 62 57
Citrus CanckerLeaf 92 92 92
Citrus Fruit disease 82 75 78
Citrus Healthy Fruit 47 52 49
Citrus Healthy Leaf 60 63 61
Disease Apple Fruit 17 09 12
Disease Banana Fruit 29 40 33
Disease Mango Fruit 72 49 58
Guava Disease Fruit 41 38 39
Guava Healthly Fruit 62 56 59
Guava Healthly Leaf 83 89 86
Guava Red Rust 82 60 69
Healthy Apple Fruit 02 01 01
Healthy Banana Fruit 57 85 68
Healthy Banana Leaf 99 100 100
Healthy Mango Fruit 76 70 73
Mang Healthy Leaf 100 100 100
Mango Bacterial Canker 98 100 99
Papaya Fruit Disease 59 62 61
Papaya Fruit Healthy 52 68 59
Papaya Healthy leaf 89 92 90
Papaya RingSpot 97 97 97
Accuracy 83
Macro Avg 69 69 68
Weighted Avg 83 83 83

Fig. 13. ResNet50 Model Accuracy and Loss graph on ABCGMP datasets [23].
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Healthy Banana Leaf,Mango Healthy Leaf, andMango Bacterial Canker, demon-
strating the e�ectiveness of residual learning in capturing deep discriminative
features. Strong results are also observed for Citrus Canker Leaf, Papaya RingSpot,
and Guava Healthy Leaf. Lower performance is noted for visually ambiguous and
minority fruit-based classes such as Disease Apple Fruit and Disease Banana

Fruit, mainly due to class imbalance and subtle symptom variations. Overall, the
model achieves an accuracy of 83% with weighted precision, recall, and F1-score
of 83%, while a macro-average F1-score of 68% indicates moderate class-wise
variability. Figure 13 shows stable convergence with minor validation �uctua-
tions, suggesting good generalization with limited over�tting.

Table 15. Model Accuracy & #Parameters on ABCGMP datasets [23]..

Model Accuracy (%) Test #Training #Non Taining Epoch Model
(%) Accuracy Parameters Parameters Time Weight

(%) (Million) (Million) (Second)

MobileNetV2 92.16 77.37 2.25 0.03 20 1280
DenseNet121 93.91 80.77 6.97 0.08 43 1024
ResNet50 93.82 83.11 23.58 0.05 41 2048
InceptionV3 93.95 80.87 21.81 0.03 37 2048
VGG19 93.33 75.19 20.03 0.00 73 512

Table 15 presents a comparative analysis of �ve widely used deep learning ar-
chitectures in terms of accuracy, model complexity, and computational cost. Mo-
bileNetV2 achieves a training accuracy of 92.16% and a test accuracy of 77.37%
while remaining lightweight, with only 2.25 million trainable parameters and a
short training time of 20 seconds, making it suitable for resource-constrained
environments. DenseNet121 improves performance with a training accuracy of
93.91% and a test accuracy of 80.77%, at the expense of increased model size
(6.97million parameters) and training time (43 seconds). ResNet50 demonstrates
strong generalization capability by achieving the highest test accuracy of 83.11%,
though it requires substantially more parameters (23.58 million). InceptionV3
provides a balanced trade-o� between accuracy (93.95% training and 80.87%
test accuracy) and computational complexity, whereas VGG19, despite having
the longest training time (73 seconds), shows comparatively lower test accuracy
(75.19%). Overall, the results highlight a clear trade-o� between accuracy and
e�ciency, where lightweight models favor faster training and reduced complexity,
while deeper architectures tend to achieve better generalization.

3.16 Features Map Analysis

The MobileNetV2 feature map visualizations reveal a clear hierarchical learning
behavior for both Mango and Papaya images as shown in Figure 14and Fig-
ure 15. In the early layers, the feature maps strongly emphasize low-level visual
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Fig. 14. MobileNrtV2 Model Features analysis on Disease Mango Fruit sample of
ABCGMP datasets [23].

Fig. 15. MobileNrtV2 Model Features analysis on Healthy Papaya Leaf sample of
ABCGMP datasets [23].
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cues such as edges, contours, color gradients, and surface textures, which are
evident from the dense and high-frequency activations outlining fruit bound-
aries, leaf veins, and lesion edges. As the network progresses to intermediate
layers, the activations become more localized and structured, capturing disease-
relevant patterns such as dark spots on mango skin and irregular lesion regions
on papaya leaves, while suppressing background noise. In the deeper layers, the
feature maps appear more sparse and abstract, indicating that MobileNetV2 is
focusing on high-level semantic representations that correspond to discrimina-
tive disease characteristics rather than raw visual details. This gradual transition
from �ne-grained texture extraction to compact, class-speci�c feature encoding
demonstrates the e�ciency of MobileNetV2's inverted residual and depthwise
separable convolution design in capturing salient disease features with minimal
redundancy, making it well-suited for lightweight and accurate plant disease
classi�cation.

3.17 Heatmap Uncertainty

Fig. 16. MobileNrtV2 Model Heat Map Uncertainity analysis on Disease Mango Fruit
sample of ABCGMP datasets [23].

The MobileNetV2 heatmap uncertainty analysis illustrates how the model
balances con�dent feature localization with regions of predictive ambiguity as
shown in Figure 16. The mean Grad-CAM highlights the most discriminative
areas of the image, primarily focusing on the fruit body and adjacent leaf re-
gions, indicating that MobileNetV2 relies on these anatomical structures for
its �nal decision. The predictive entropy value re�ects a moderate level of un-
certainty, suggesting that while the model is reasonably con�dent, some class
overlap or visual similarity may still exist. The uncertainty (variance) map fur-
ther reveals localized high-variance regions around the fruit surface and leaf
boundaries, where variations in texture, illumination, or disease-like patterns
can in�uence the prediction. When overlaid on the input image, these uncertain
regions become visually interpretable, showing that ambiguity is concentrated in
transition areas rather than the background. Overall, this analysis demonstrates
that MobileNetV2 not only attends to biologically meaningful regions but also
provides reliable uncertainty cues, which are crucial for trustworthy plant disease
diagnosis and decision support in real-world agricultural applications.
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3.18 Quantitative Analysis of Correctly Classi�ed and Misclassi�ed

Samples Using MobileNet

Fig. 17. Quantitative Analysis of Correctly Classi�ed and Misclassi�ed ABCGMP
datasets [23] samples on MobileNetV2 Model.

The MobileNetV2 classi�cation and misclassi�cation analysis highlights both
the strengths and limitations of the model when applied to multi-crop and multi-
disease recognition as shown in Figure 17. Correctly classi�ed samples demon-
strate the model's ability to capture clear visual cues such as uniform color,
healthy texture, and well-de�ned leaf or fruit structures, resulting in accurate
predictions for healthy mango fruits, banana leaves, and apple black rot cases.
However, the misclassi�ed samples reveal challenges arising from strong inter-
class visual similarity, especially between healthy and diseased categories across
di�erent crops. In several cases, overlapping color patterns, comparable vein
structures, and subtle texture variations lead the model to confuse apple leaves
with papaya disease classes or mango fruits with papaya-related categories. Vari-
ations in illumination, background clutter, and scale further contribute to these
errors. This analysis indicates that while MobileNetV2 e�ectively learns dis-
criminative features for most samples, misclassi�cations are primarily driven
by ambiguous visual patterns and cross-crop similarities, suggesting that en-
hanced data diversity, �ne-grained feature learning, or attention-based mecha-
nisms could further improve classi�cation robustness.

4 Conclusion

This paper presented a comprehensive multi-crop fruit and leaf disease image
dataset covering six economically important crops, namely Apple, Banana, Cit-
rus, Guava, Mango, and Papaya. The dataset includes both healthy and diseased
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samples collected under real-�eld and semi-controlled environments, capturing a
wide range of disease symptoms, severity levels, growth stages, and background
complexities. By incorporating fruit and leaf images across multiple crops, the
dataset addresses the limitations of single-crop datasets and supports the devel-
opment of robust and generalized plant disease analysis systems.

The diversity and variability inherent in the dataset make it particularly
suitable for training and evaluating state-of-the-art deep learning models. Mod-
ern convolutional neural networks, transformer-based architectures, and hybrid
attention-enhanced models can e�ectively leverage this dataset to learn discrim-
inative visual features related to texture, color variation, lesion morphology, and
spatial disease patterns. The dataset enables fair benchmarking of advanced
models for multi-class disease classi�cation, cross-crop generalization, and real-
world deployment scenarios. Overall, this dataset serves as a valuable resource for
the research community, facilitating advancements in automated plant disease
detection and contributing toward intelligent, scalable, and sustainable agricul-
tural decision-support systems.
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