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Abstract – Recent advances in computer vision have significantly impacted agriculture by enabling more precise monitoring 
of fruits. Deep learning techniques applied to fruit analysis enable the identification of fruit types and the detection of diseases, 
leading to improved yields and reduced environmental impact through timely intervention. However, most existing methods employ 
separate single-task models for each attribute (e.g., fruit classification or disease detection), resulting in increased complexity, higher 
computational cost, and the need for large labeled datasets for each task. In contrast, we propose a unified multi-task learning 
framework based on the Faster R-CNN architecture that simultaneously performs fruit type classification and disease detection 
within a single model. By sharing convolutional feature representations across both tasks, our approach leverages synergies between 
classification and detection, enhancing efficiency and accuracy. Training on a diverse dataset of fruit images annotated with both 
fruit identities and disease labels, our model jointly optimizes both tasks to learn more generalizable and discriminative features. 
Experimental evaluations demonstrate that this multi-task Faster R-CNN achieves competitive accuracy on both tasks while requiring 
fewer training samples and less computational resources than separate single-task models. The unified model not only simplifies 
system design but also accelerates inference and training, improving real-world scalability and robustness. This integrated approach 
provides a robust, efficient solution for automated fruit attribute analysis in agricultural applications.
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1.	 	INTRODUCTION

Mango, pomegranate, and guava are the most cul-
tivated fruits globally with significant economic and 
nutritional importance. Mango is a vital fruit crop that 
contains essential vitamins and minerals and thrives 
in diverse agroecological regions worldwide. India ob-
served an increase in the area used for mango orchards, 

and the production of mangoes in the past three de-
cades, however a negative growth rate and higher in-
stability was also observed [1] Mango yield is severely 
affected by insects that cause fruit and leaf disease [2]. 
However, pomegranate production has also increased 
in countries such as India, reaching 31,678 thousand 
tonnes in 2024, reflecting the growing demand for this 
fruit. In pomegranate, Pepitone is particularly popular 
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and contains abundant antioxidants and anti-inflam-
matory compounds. [3] Guava, widely grown in tropi-
cal and subtropical regions, with India being the largest 
producer, is another fruit of high economic and nutri-
tional value. Typically round or oval, guava is rich in 
vitamin C, fiber, and antioxidants, which contribute to 
its popularity for fresh consumption and processing, as 
well as its notable health benefits. However, the preva-
lence of various diseases significantly limits mango 
production. Similarly, pomegranate fruit is highly sus-
ceptible to infection, leading to substantial losses. Gua-
va cultivation faces several challenges similar to those 
encountered in mango and pomegranate production, 
particularly in terms of disease management. The main 
issues include canker, anthracnose, and root rot, all of 
which can severely impact yield and fruit quality.

Traditional methods of fruit quality assessment are 
labor-intensive and prone to human error. The subjec-
tive nature of visual inspections can lead to inconsistent 
results, making it challenging to implement standard-
ized quality control measures. These limitations have 
led to the adoption of deep learning and computer vi-
sion techniques. Deep learning offers more accurate 
and efficient solutions for fruit and disease detection. 
By leveraging computer vision, real-time image analysis 
becomes feasible, enhancing operational efficiency in 
agriculture.

Deep learning techniques, particularly Convolutional 
Neural Networks (CNNs), are widely used for image 
classification tasks in fruit and disease detection. Trans-
fer learning with pre-trained models such as VGG16, 
ResNet, and InceptionV2 is commonly employed to en-
hance model performance. By applying object detec-
tion algorithms such as YOLOv3 and Faster R-CNN, it is 
possible to obtain precise fruit and diseased regions in 
images. Hybrid models that combine machine learning 
and deep learning techniques have shown high accu-
racy in fruit disease classification.

Despite advances in deep learning and computer vi-
sion in the field of agriculture, existing research often 
focuses on detecting a single fruit quality attributes 
such as fruit type, disease type, ripeness, size etc. To 
detect each feature, a separate model is trained inde-
pendently, each using an extensive labeled dataset for 
each attribute, resulting in models performing single 
task and thereby increasing complexity and compu-
tational costs. Whereas for many agricultural activities 
such as fruit monitoring, harvesting, spraying, it is re-
quired to determine these features simultaneously. 
This is possible by training a single model to detect 
features like fruit type, disease type, ripeness, size etc. 
To address these limitations, multi-task learning mod-
els that leverage the shared features across individual 
tasks can be designed.

The main contributions of the present work are as fol-
lows: We propose a multi-task learning framework that 
integrates multiple tasks, such as fruit and disease detec-
tion and classification, implemented as a single model. 

This approach enhances efficiency by leveraging shared 
features across fruit type and disease detection tasks. It 
reduces the efforts of annotating individual datasets and 
also reduces training time for each task. By integrating 
multiple tasks, our framework provides a more compre-
hensive solution for assessing fruit quality. Also, we ana-
lyze the loss components of detection and classification 
process and apply dynamic weight updates needed for 
effective multitask learning. We have used feature shar-
ing in an object detection model, with two classification 
and regression heads and dynamic update of weights of 
loss components during training enabling knowledge 
transfer between the complementary objectives 

2.	 RELATED WORK

Remarkable success in implementing deep learning 
and computer vision has enabled extensive research 
on fruit and disease classification and detection over 
the past decade. Deep learning-based methods have 
achieved significant success in agriculture, by enabling 
precise fruit classification, disease detection, and yield 
prediction. In [2], a CNN network based on GoogleNet 
and VGG16 is trained on segmented images of mango 
leaves, using a softmax classifier to detect mango leaf 
diseases, achieving an accuracy of 98.67%. The results 
show that Mask R-CNN segmentation achieves better 
accuracy than K-means clustering. In [3], the authors 
proposed a hybrid CNN model optimized with the 
Honey Badger Optimization Algorithm (HBOA) and 
ResNet-50-based feature extraction, and integrated 
Detectron2 for diseased region segmentation to clas-
sify 700 pomegranate fruit images into four classes: 
anthracnose, bacterial blight, cercospora, and healthy. 
This model determines diseased regions using image 
segmentation with Mask R-CNN. 

In this research [4], a multi-task learning (MTL) frame-
work is developed to simultaneously perform fruit clas-
sification and freshness detection using a convolution-
al neural network (CNN). The model features a shared 
feature-extraction backbone (e.g., ResNet or VGG), fol-
lowed by two separate branches: one for identifying 
the fruit type and another for assessing freshness. Each 
branch processes the extracted feature maps indepen-
dently—fruit classification uses a fully connected layer 
with softmax activation, while freshness detection pre-
dicts quality levels through either a softmax classifier 
or a regression-based activation function. By sharing 
representations, this framework improves learning ef-
ficiency, enhances generalization, and achieves higher 
accuracy than single-task models. 

In [5], the authors proposed a convolutional neural 
network (CNN) model to automatically detect citrus 
fruit and leaf diseases, including black spot, canker, scab, 
greening, and Melanose. Evaluated on the Citrus and 
PlantVillage datasets, the model achieved a test accuracy 
of 94.55%, outperforming state-of-the-art methods and 
providing a reliable tool for farmers. In [6], the research 
employs a transfer learning-based CNN architecture, 
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where a pre-trained model (e.g., ResNet, VGG, or Incep-
tion) extracts features, followed by fine-tuning layers for 
fruit classification and quality grading. The methodology 
involves image preprocessing (resizing, augmentation) 
and multi-task learning, with a shared feature extractor 
and task-specific output layers. The model is trained on 
a multi-fruit dataset containing labeled images for both 
classification and grading, utilizing the Adam optimizer 
and cross-entropy loss function. The proposed approach 
significantly enhances classification performance while 
reducing the need for extensive labeled datasets. A Fast-
er R-CNN model with classifier fusion is proposed for the 
automatic detection of small fruits in [7], enhancing rec-
ognition performance by integrating multiple classifiers. 
By optimizing feature extraction through multi-scale 
learning, the model effectively addresses challenges 
posed by small fruit sizes and complex backgrounds. Ex-
perimental results demonstrate superior detection ac-
curacy, highlighting the effectiveness of classifier fusion 
in improving recognition robustness. 

In [8], the authors compare a YOLOv8 and CenterNet 
deep learning model for ripeness detection, The YOLO 
model outperforms in speed and accuracy Detection is 
performed on apples in room conditions. [9] replaces 
the backbone network with a moving-window trans-
former and introduces a new smoothing loss It achieves 
an excellent result on an apple dataset with a mAP 0.692. 
In [10], the authors proposed apple detection along with 
size estimation using a multitask network with Mask R-
CNN and FPN. Feature maps from the FPN and depth 
data are fed into a regression head to estimate apple 
size. An F1-score of 0.88 and a mean absolute error of 
5.64 mm in diameter estimation across over 15,000 an-
notated apples. While the method offers state-of-the-art 
accuracy and efficient inference using affordable hard-
ware, it requires extensive annotated data and performs 
best on apples with more than 65% visibility. DenseNet 
network was used in [11] to assess the quality of six fruits, 
achieving an accuracy of 99.67%. A custom lightweight 
object detection model based on YOLO to detect melon 
ripeness is proposed in [12], capable of providing infer-
ence on edge devices with 85.9% mAP. In [13], the au-
thors compared a transformer and an MLP for fruit ripe-
ness detection. Swin Transformer achieved a precision 
of 87.43%. A pruned and quantized Faster-RCNN—fine-
tuned via transfer learning and enhanced with RGB+NIR 
context data fusion—was employed in 

Research efforts focused on lightweight models for 
disease detection have also yielded promising results. 
[14] on the Citrus fruit dataset for edge-based disease 
classification. The PFDI model achieved 96.92% accu-
racy unpruned, 96.03% after 60–90% pruning (28.16 
MB), and 87.2% after pruning + 8-bit quantization (8.23 
MB), making it ideal for deployment on memory-con-
strained edge devices. In [15], two models—a custom 
CNN and a modified MobileNetV2—were trained on a 
dataset comprising healthy and diseased cashew fruit 
and nuts, achieving test accuracies of 99.48% and over 

98%, respectively. Similarly, [16] proposed an ultra-
lightweight CNN with a three-level feature-reuse net-
work containing just 101K parameters for plant disease 
detection on banana, guava, and mango leaf images, 
achieving an accuracy of 99.14% and surpassing 15 
heavyweight pre-trained benchmarks. Leaf disease 
classification for apple and custard apple using AlexNet 
and SqueezeNet is presented in [17], where color im-
ages outperformed black and white and gray images. 
In [18], an ensemble model combining ResNet-50 and 
ResNet-101 backbones was proposed for multi-task 
fresh vs. rotten and fruit-type classification, achieving 
fruit classification accuracy of 99.78% and freshness 
classification accuracy of 99.06%. The features from the 
backbone networks are concatenated into a joint fully 
connected head and fed to a multi-task classifier. 

Transformer-based architectures have recently gained 
traction in agricultural detection and classification tasks. 
For example, the PDLC-ViT model [19] employs a Vi-
sion Transformer-based multi-task learning framework 
for plant disease localization and classification, achiev-
ing 99.97% accuracy and a mean average precision of 
99.18%, demonstrating excellent performance. In [20], a 
comparison between DETR (a transformer-based model) 
and YOLOv8 for citrus fruit detection showed YOLOv8 out-
performing DETR in precision and recall, making it more 
effective for real-world applications. In most of these re-
search papers, either a single task model has been used to 
perform only one task, or a multi-task learning approach 
has been adopted, but only to perform classification-re-
lated tasks and not detection tasks. Our model proposes a 
unified architecture for the classification and detection of 
fruit types and diseased regions. [21] discuss the dynamic 
loss optimization concept. [22, 23] improved disease and 
soil classification by applying modified state-of-the-art 
models and balancing techniques, emphasizing adapta-
tion to specific agricultural contexts.

RESEARCH GAP

Most existing fruit analysis methods rely on separate 
single-task models for leaf or fruit disease classification 
[2, 3, 5, 6, 11, 17]. A multitask CNN using shared features 
for classification of freshness and fruit type is proposed 
in [4]. In [10], a similar CNN network is proposed for fruit 
and size estimation. A transformer based approach to 
classify and detect leaf diseases is developed by using 
shared features and attention mechanism. An ensemble 
network with two feature extractors are used in [18]. Our 
approach is motivated by [4] and [19], Lightweight ob-
ject detection models have also been proposed for dis-
ease detection.[14, 15, 16] However our model is a de-
tection model, a Faster RCNN network that detects fruit 
disease and fruit type with localization and labels. by 
leveraging shared feature representations across tasks 
and incorporating advanced modules—such as spatial/
channel attention and multi-scale feature fusion—to en-
hance robustness. Recent studies show that integrating 
attention mechanisms into multitask networks can sig-



332 International Journal of Electrical and Computer Engineering Systems

nificantly boost disease classification accuracy, and that 
combining attention with multi-scale fusion achieves 
high accuracy while maintaining real-time processing 
speeds. Despite these advances, a unified framework 
that efficiently handles both fruit classification and dis-
ease localization with improved accuracy and real-time 
performance is still missing. This gap motivates our pro-
posed multitask Faster R-CNN framework, which is de-
scribed in detail in the following Methodology section.

3.	 MATERIALS AND METHODS

Three Fruit disease datasets were considered for this 
research, all taken from Kaggle. Table I shows the vari-
ous fruits and their corresponding diseases and Table II 
shows the distribution of images w.r.t fruit and disease. 
A sample of images was taken for both the train and test 
datasets. The training dataset comprises 263 images, 
and the test dataset comprises 65 images. The images 
were resized to a uniform dimension of 255 × 255, The 
images present in the train and test datasets were anno-
tated using the VGG annotator. Two bounding boxes are 
defined for each image - one bounding box for the fruit 
depicting the fruit type, and the other bounding box for 
the diseased portion of the fruit depicting the disease 
type. Fig. 1 shows a few sample images from the dataset 
and their corresponding annotations.

Table 1. Fruits and their Diseases

Fruit Disease

Mango Stem and Rot, Healthy, Black Mould Rot, Alternaria

Pomegranate Healthy, Cercospora, Bacterial Blight, Anthracnose, 
Alternaria

Guava Scab, Phytophthora, Stem and Rot

4.	 MULTITASK FASTER RCNN ARCHITECTURE 

Most existing fruit analysis methods use separate sin-
gle‐task models for classification or disease detection, 
rather than a joint approach. The MultiTaskFasterRCNN 
architecture, as shown in Fig. 2. is a specialized exten-
sion of the Faster R-CNN model [24] with a ResNet-50 
backbone and Feature Pyramid Network (FPN), specifi-
cally tailored for the simultaneous detection and clas-
sification of fruits and their diseases.

4.1.	 Model Overview

The model handles three fruit classes (mango, guava, 
pomegranate) and seven disease classes (Alternaria, Black 
Mould rot, Healthy, Stem and Rot, Anthracnose, Bacterial 
Blight, Cercospora, Scab, Phytophthora). It employs a uni-
fied detection head with a custom box predictor that out-
puts class-specific bounding boxes and confidence scores 
for 12 classes (including background). The architecture 
incorporates several advanced components to enhance 
performance: attention mechanisms to highlight relevant 
features, multi-scale feature fusion to capture objects at 
different scales, and disease-specific enhancements to 
identify subtle disease patterns better. The model lever-

ages transfer learning by initializing with pre-trained 
weights from a standard Faster R-CNN model and then 
fine-tuning it for the specific task of fruit disease detec-
tion. This approach combines the robust feature extrac-
tion capabilities of ResNet-50 with custom modules de-
signed to address the challenges inherent to agricultural 
disease detection, including subtle visual symptoms, vari-
ations in disease appearance, and the need to distinguish 
between healthy and infected regions.

4.2.	 Attention Mechanism

4.2.1. Channel Attention

Channel attention is a critical enhancement to the 
base Faster R-CNN architecture that enables the model 
to focus on the most discriminative feature channels 
for fruit disease detection. In agricultural image analy-
sis, various diseases exhibit unique color patterns, tex-
tures, and visual characteristics that are encoded in 
specific convolutional feature channels. The channel 
attention module explicitly models interdependen-
cies between channels, amplifying important features 
while suppressing less useful ones. 

The implementation follows a squeeze-and-excita-
tion approach, where global spatial information is first 
“squeezed” into channel descriptors via global average 
pooling, creating channel-wise statistics that capture 
the global distribution. These global features are then 
passed through a dimensionality-reduction layer (us-
ing a 1 × 1 convolution to reduce from 256 to 64 chan-
nels), followed by a ReLU activation to introduce non-
linearity. After this, the features are expanded back to 
the original dimension through another 1×1 convolu-
tion (from 64 to 256 channels), with a sigmoid activa-
tion that produces channel attention weights in the 
range [0,1]. Mathematically, for an input feature map of 
width W, height H and channels C, F ∈ R CxHxW, the chan-
nel attention process can be expressed as: 

(1)

(2)

(3)

(4)

(5)

Where z ∈ RC × 1 × 1 represents the global average 
pooled features, W1 ∈ R 64 × 256 and W2 ∈ R 256 × 64 
are the learnable parameters of the dimension reduc-
tion and expansion convolutions, δ is the ReLU activa-
tion, σ is the sigmoid function, and ⊗ denotes chan-
nel-wise multiplication where each channel is scaled 
by its corresponding attention weight.

The channel attention mechanism is particularly 
valuable for fruit disease detection because different 
diseases affect visual characteristics in distinct ways.
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Table 2. Distribution of images Fruit vs Disease (Train+Test)

Fruit
Disease

HealthyStem and 
Rot

Black 
Mould Rot Alternaria Cercospora Bacterial 

Blight Anthracnose Scab Phytophthora

Mango 26+06 25 + 05 20 + 04 --- --- --- --- --- 22 + 05

Pomegranate --- --- 24+06 24+06 24+06 24+06 --- --- 24+06

Guava 16 + 05 --- --- --- --- --- 16 + 05 22 + 05 ---

Fig.1. Annotated images of diseased mango,pomegranate and guava. For each image we have 2 bounding 
boxes- one for the fruit type and other for the disease type

Fig. 2. Model Architecture: Multi-Task Faster RCNN for simultaneous classification and detection of Fruit and 
Diseased part

For example, some may cause color changes cap-
tured in specific channels, while others may manifest 
as textural changes represented in different channels. 
By learning to emphasize the most discriminative 
channels, the model becomes more sensitive to subtle 
disease-specific features that might otherwise be over-
looked in the standard Faster R-CNN pipeline.

4.2.2. Spatial Attention

Spatial attention complements channel attention by 
focusing on ”where” to look within the feature maps, 
highlighting spatially informative regions while sup-
pressing less relevant areas. This mechanism is funda-
mental for fruit disease detection, as diseases often af-



334 International Journal of Electrical and Computer Engineering Systems

fect only specific regions of the fruit (e.g., stem-end rot 
primarily occurs near the stem, while other diseases may 
present as scattered spots across the fruit surface). Unlike 
channel attention, which operates along the channel di-
mension, spatial attention operates across spatial dimen-
sions to generate a 2D attention map that identifies the 
most informative regions in the feature representation. 
The implementation begins by aggregating channel in-
formation using a 7×7 convolutional layer that reduces 
the channel dimension to 1, effectively creating a spatial 
attention map. The large kernel size (7×7) allows the mod-
ule to consider a broader spatial context when determin-
ing region importance. The spatial attention map is batch-
normalized to stabilize training and normalize feature 
distributions, and followed by a sigmoid activation that 
produces spatial weights in the range [0,1]. For an input 
feature map F channel ∈ R C×H×W (already processed by 
channel attention), the spatial attention mechanism can 
be formulated as:

Where M ∈ R1×H×W is the spatial attention mask, 
Conv7×7 denotes a 7×7 convolution with output chan-
nel dimension 1, BN is batch normalization, σ is the sig-
moid function, and ⊗ represents element-wise multi-
plication where each spatial position in the feature 
map is weighted by its corresponding attention value. 
In the context of fruit disease detection, spatial atten-
tion helps the model focus on disease-affected regions 
that exhibit visual anomalies compared to healthy tis-
sue. For instance, when examining fruits with localized 
infections or blemishes, spatial attention can high-
light affected areas while suppressing background or 
healthy regions, thereby improving the model’s ability 
to detect and classify diseases accurately. This atten-
tion mechanism is especially valuable when diseases 
present with subtle symptoms that might be over-
looked by the model when considering the entire fruit, 
or when the disease affects only a small portion of the 
visible surface. The combination of channel and spatial 
attention creates a comprehensive attention mecha-
nism that selectively emphasizes both“what” (relevant 
feature types) and“where” (informative regions) in the 
feature maps, significantly enhancing the model’s dis-
ease detection capabilities.

4.2.3. Multi-scale Feature Fusion

The multi-scale feature fusion module integrates fea-
ture maps from multiple levels of the Feature Pyramid 
Network to capture and leverage information across 
different spatial resolutions. In fruit disease detection, 
this is crucial because diseases can appear at at differ-
ent scales, from small, localized spots to large damaged 
areas, and depending on the fruit variety and camera 
distance, fruits can appear at various sizes in images.

Feature maps P3, P4, and P5, which represent fea-
tures at high, medium, and low resolutions, respective-

ly, are first extracted from the backbone network. P4 
and P5 are upsampled using bilinear interpolation to 
match the spatial dimensions of P3 (the highest resolu-
tion) in order to facilitate direct fusion. Before fusion, 
each feature map is subjected to a level-specific 1×1 
convolution to normalize feature representations.

This fusion approach improves the model's capabil-
ity to detect disease patterns, regardless of their scale. 
By combining complementary information from differ-
ent resolution levels within the feature pyramid, it in-
creases the model's robustness to variations in imaging 
conditions and disease manifestations.

Mathematically, the multi-scale feature fusion can be 
represented as:

(7)

(8)

(9)

(10)

(11)

(12)

(6)

where:

⊕ denotes channel-wise concatenation

Conv(i) 
1x1 represents the 1 × 1 convolution operation 

for level i
BN denotes batch normalization

σ represents the ReLU activation function: 

σ(x) = max(0, x)

size(P3) refers to the spatial dimensions of feature 
map P3

4.2.4. Disease-specific Feature Enhancement

The disease-specific feature enhancement module 
optimizes features to more effectively identify subtle 
disease patterns and symptoms, which is crucial for 
precise disease classification. Agricultural diseases 
frequently exhibit subtle visual indicators that are eas-
ily overlooked by conventional object detection net-
works, requiring the implementation of specialized 
feature enhancement techniques.

The enhancement process employs a sequence of 
two 3 × 3 convolutional layers with batch normaliza-
tion and ReLU activations, creating a mini-residual net-
work that deepens the feature representation:

(13)

(14)
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where: 

Finput is the input feature map from the attention 
mechanisms

Conv(i) 
3x3 represents the i-th 3×3 convolutional opera-

tion with padding=1

BNi denotes the i-th batch normalization operation

σ represents the ReLU activation function:  
	 σ(x) = max(0,x)

Both convolutions maintain spatial dimensions:  
	 256 x 256 channels

The mathematical formulation can also be expressed 
in functional form as:

(15)

where Hdisease represents the complete disease enhance-
ment transformation:

(16)

This specialized enhancement enhances the model's 
ability to differentiate between visually similar diseases 
by highlighting disease-specific textural and color pat-
terns through a sequential process of convolution, nor-
malization, and nonlinear activation operations.

4.2.5. Forward Pass Integration

The forward pass integrates all specialized components 
into a cohesive workflow that enhances the base Faster R-
CNN architecture. During training, the process begins with 
passing the input images through the backbone network 
(ResNet-50 with FPN) to extract hierarchical feature maps. 
These features are then passed through the multi-scale 
feature fusion module, which combines information from 
P3, P4, and P5 levels to create a unified feature representa-
tion that captures objects at different scales. The channel 
and spatial attention mechanisms, which highlight the 
most informative channels and spatial regions, are then 
applied sequentially to improve the fused features. The 
enhanced features are further refined by the disease-spe-
cific enhancement module, which emphasizes patterns 
relevant to disease identification. This enhanced feature 
map is being fed into the rest of the Faster RCNN pipeline, 
including the Region Proposal Network (RPN) and the de-
tection heads. During inference, the model follows a simi-
lar path but returns detection results rather than comput-
ing losses. The forward method also includes comprehen-
sive error handling to catch and report issues during the 
forward pass, particularly when dealing with potentially 
variable agricultural image data. The method returns the 
computed losses (classification, regression, RPN classifi-
cation, and RPN regression) for training. For inference, it 
returns detection results, which include bounding boxes , 
class labels, and confidence scores.

4.2.6. Loss Function

The MultiTask FasterRCNN utilizes the standard Fast-
er RCNN multi-task loss function, combining several 

components to train both region proposal and detec-
tion aspects simultaneously. The total loss is:

(17)

Where

Lrpn_cls is the RPN classification loss

Lrpn_reg is the RPN regression loss

Lroi_cls is the ROI classification loss

Lroi_reg is the ROI regression loss

RPN is Region Proposal Network 

ROI is Region of Interest 

wrpn_cls, wrpn_reg, wroi_cls and wroi_reg are the weights of the 
respective RPN and ROI classification and regression 
losses

Each component addresses a specific aspect of the 
detection task:

RPN Classification Loss (Objectness Loss) 

(Lrpn_cls): The RPN (Region Proposal Network) classi-
fication loss is a binary cross entropy loss that deter-
mines whether each anchor box contains an object or 
is just background. This is the first stage of object de-
tection where the model learns to identify potential 
object locations.:

where yi is the ground truth (1 for object, 0 for back-
ground) ,pi is the predicted probability and Ncls is the 
number of classes.

RPN Regression Loss (Lrpn_reg) : Refines the initial an-
chor boxes to better align with actual object boundar-
ies. This loss teaches the network to adjust anchor box 
coordinates to more precisely localize objects.

where ti represents predicted box coordinates and ti* 
represents ground truth.

ROI Classification Loss (Region of Interest Classifica-
tion Loss) (Lroi_cls): Multi-class cross-entropy for fruit and 
disease classification to classify detected objects into 
specific categories (mango, pomegranate, guava, and 
various diseases). This is the second stage where the 
model determines what type of object each region 
proposal contains. :

where yic is 1 if instance i belongs to class c and 0 other-
wise, and pic is the predicted probability.

ROI Regression Loss (Bounding box Regression Loss) 
(Lroi_reg): Further refines bounding boxes for each specif-
ic class after classification. This provides class-specific 
box adjustments, as different object types may require 
different refinement strategies.
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where tic represents predicted box coordinates for class 
c and t*ic represents ground truth.

4.2.7. Dynamic Weighted Loss Function

Traditional multitask learning in object detection of-
ten suffers from an imbalance in losses, with some com-
ponents dominating the training process and leading 
to suboptimal performance across tasks. [20] Modern 
object detectors (e.g., those built on Feature Pyramid 
Networks) perform predictions at multiple feature-map 
scales but treat each scale’s loss equally during training. 
In practice, however, different scales exhibit uneven 
and fluctuating loss behaviors, leading to an objective 
imbalance where some scales dominate learning while 
others lag. In Faster R-CNN architectures, the standard 
loss function comprises four primary components: 
classification loss (Lcls), bounding box regression loss 
(Lbbox), objectness loss (Lobj), and RPN box regression 
loss (Lrpn). However, these components typically exhibit 
vastly different magnitudes and convergence charac-
teristics, with regression losses often dominating due 
to their continuous nature, while classification losses 
remain undertrained.

To address this fundamental challenge, we propose 
a dynamic loss weighting mechanism that adaptively 
adjusts loss component weights based on their relative 
contributions, convergence patterns, and temporal 
trends during training. Our approach operates on the 
principle of maintaining balanced optimization across 
all task objectives while preventing any single com-
ponent from monopolizing the learning process. The 
system continuously monitors the loss ratio for each 
component i at epoch t:

where L(t)
i represents the individual loss values and N=4 

denotes the number of loss components. Additionally, 
we compute the loss trend over a stability window k to 
capture convergence behavior:

This formulation uses overlapping windows to com-
pute the trend, where the recent window spans epochs 
(t−k+1) to t, and the comparison window spans epochs 
(t − k) to (t − 1), providing a more stable trend estimation 
with smaller time lags. The dynamic weight update mech-
anism is governed by a piecewise function that responds 
to both magnitude imbalance and convergence status:

where α = 0.1 is the primary adjustment factor for in-
creasing weights of dominating components that 
show stagnation, γ = 0.5 is a damping coefficient to 
ensure gradual adjustments, τhigh = 0.3 and τlow = 0.15 
represent the ratio thresholds for triggering weight 
modifications, and ϵ = 0.001 defines the convergence 
threshold for trend analysis.

Furthermore, to prevent total loss scale drift during 
training, we apply periodic normalization to the core 
detection components:

The final weighted loss function applies the dynamic 
weights directly to the standard Faster R-CNN loss com-
ponents:

where C = {classification, bbox regression, objectness, 
rpn bbox regression} represents the core detection loss 
components.

The proposed mechanism operates with a warmup 
period of Twarmup = 2 epochs to allow initial loss stabi-
lization before initiating adaptive adjustments, and 
employs a stability window of k = 3 epochs for reliable 
trend estimation while maintaining responsiveness to 
training dynamics.

5.	 EXPERIMENTS AND RESULTS

5.1. Experiments

The goal of this research was to prove the superiority of 
multi-task learning over single-task approaches for agri-
cultural disease detection. By simultaneously optimizing 
for fruit classification and disease identification within a 
unified Faster R-CNN framework, our model achieves 
improved performance on both tasks. We compared our 
multitask framework for fruit and disease detection and 
classification with a single-task framework for detecting 
and classifying fruit and disease separately. We comput-
ed the accuracy, precision, recall, and F1 score for each 
scenario for comparative analysis.

Our research leveraged multiple pretrained backbone 
architectures integrated with Feature Pyramid Net-
works (FPN) to identify the optimal foundation for our 
multi-task learning approach. While ResNet-50 with FPN 
served as our primary architecture due to its balanced 
performance-efficiency trade-off, we conducted a com-
prehensive evaluation across several popular backbone 
networks to empirically validate our design choices. 
Each backbone variant was integrated with our custom 
multi-task detection framework while maintaining con-
sistent parameter settings across experiments. Perfor-
mance was rigorously evaluated using accuracy, preci-
sion, recall, and F1 score—calculated separately for both 
fruit classification and disease detection. This compara-
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tive analysis as shown in Table 3 offered explanations for 
how different feature-extraction architectures affect the 
model’s ability to perform both tasks simultaneously.

5.2. Parameter Settings

In our implementation of the multi-task Faster R-CNN 
model for fruit disease detection, we configured key 
hyperparameters based on empirical testing and do-
main-specific requirements. We selected the AdamW 
optimizer with a learning rate of 0.0001 and weight de-
cay of 0.0005 to balance stable convergence with effec-
tive regularization for our complex dual-task architec-
ture. The relatively small batch size of four was chosen 
to accommodate GPU memory constraints while still 
allowing frequent weight updates, which is beneficial 
for learning the nuanced features of diseased fruit. Our 
backbone architecture uses a pre-trained ResNet-50 
with FPN to leverage transfer learning and address 
multi-scale detection challenges. The custom attention 
mechanisms use a computationally efficient bottle-
neck design (256→64→256) for channel attention and 
a 7×7 spatial attention kernel to capture appropriate 
contextual information for subtle disease symptoms. 
During evaluation, we applied a confidence threshold 
of 0.5 for balanced metrics reporting, while lowering 
the threshold to 0.3 during inference to prioritize re-
call in agricultural applications where missing diseased 
fruits could have significant consequences. This param-
eter configuration optimizes the model’s ability to si-
multaneously perform fruit identification and disease 
detection while maintaining computational efficiency.

5.3. Evaluation Results

Our multitasking Faster R-CNN model processes fruit 
images through a comprehensive pipeline that simul-
taneously detects fruits and identifies diseases. When 
an input image enters the system, it first passes through 
a ResNet-50 backbone with Feature Pyramid Network, 
which extracts hierarchical feature representations at 
multiple scales. These features are then enhanced by 
our custom-designed attention mechanisms—channel 
attention highlights relevant feature channels, while 
spatial attention emphasizes important regions within 
the feature maps.

Fig. 3. Training Loss Components vs Epochs

During inference, the model outputs bounding box-
es with associated class probabilities for both fruit cate-
gories and disease conditions. The system applies con-
fidence thresholds to filter predictions: fruit detection 
uses 0.3 to maximize recall, while disease classification 
uses 0.5 to ensure reliability in agricultural applications.

The performance metrics Accuracy, Precision, Recall 
and F1 score are used to evaluate classification results.

where 

TP = True Positives

TN =True Negatives

FP= False Positives

FN=False Negatives

The Epoch-level Training Loss as shown in Fig. 3. 
graph displays the overall training loss and it's compo-
nents measured at the epoch level across 10 complete 
training epochs. It demonstrates the model's learn-
ing curve and convergence pattern at a broader scale, 
showing how the loss steadily decreases as training 
progresses toward the minimum value of 0.1725.

The graph Fig .4 shows the evolution of dynamic loss 
weights during multi-task object detection training, 
where the system automatically rebalances loss com-
ponents based on their convergence rates and relative 
magnitudes The RPN bbox regression weight increases 
from 1.0 to 1.06 while the bbox regression weight de-
creases to 0.91, demonstrating the adaptive weight-
ing strategy that emphasizes region proposal network 
training in later epochs while reducing focus on box 
regression as spatial localization improves.

Fig. 4. Dynamic loss weights automatically 
rebalance during multi-task object detection 

training
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The Component-wise Training Loss over batches as 
shown in Fig. 5 shows how different loss components 
(total loss, classifier loss, box regression loss, objectness 
loss, and RPN box loss) decrease over training batches. 
It illustrates which components contribute most sig-
nificantly to the overall loss and how quickly each com-
ponent converges during training.

Fig. 5. Component-wise Training Loss Over Batches

The predicted and actual labels and bounding boxes 
for three images are shown in Fig. 6. The model achieves 
95.38% accuracy, 95.99% precision, and 95.91% F1 
score, demonstrating its fruit classification capabilities. 
For the more challenging task of disease detection, the 
model achieves strong performance, with an accuracy 
and recall of 83.08%, an F1 score of 83.51%, and a Preci-
sion of 89.21%. The mAP is calculated by first comput-
ing the Average Precision (AP) for each class at multiple 
IoU thresholds (0.5-0.95), where AP measures the area 
under the precision-recall curve. These AP values are 
then averaged across all IoU thresholds for each class, 
and finally averaged across all classes to obtain the 
mean Average Precision. 

Fig. 6. Showing the predicted and actual bounding boxes and labels for each fruit

Table 2. Performance Metrics Comparison Between 
SingleTask and Multi-Task Frameworks

Metric ST Fruit ST Disease MT Fruit MT Disease

Accuracy 93.85% 66.15% 93.85% 83.08%

Precision 95.14% 61.74% 94.50% 85.21%

Recall 93.85% 66.15% 93.85% 83.08%

F1 Score 93.99% 60.34% 93.55% 82.74%

The evaluation results demonstrate strong perfor-
mance in fruit detection, with a mAP of 0.752, indicat-
ing robust localization and classification. In contrast, 
disease detection achieved a lower mAP of 0.39. These 
metrics validate the effectiveness of our multitask 
learning approach.

Based on the F1 score curves shown in Fig. 7, our mul-
titask model demonstrates exceptional performance 
across both fruit classification and disease detection 
tasks. For fruit classification, the model achieves per-
fect F1 scores (1.000) for all three fruit types—mango, 
pomegranate, and guava—with the micro-average F1 
score reaching 0.985. The curves show that optimal 
performance is maintained across a relatively wide 
threshold range (approximately 0.2-0.4), indicating ro-
bust and reliable fruit detection. The disease classifica-
tion results in Fig. 8 are equally impressive, with sev-
eral disease classes achieving perfect F1 scores of 1.000 
including black mould rot, healthy samples, bacterial 
blight, scab, and phytophthora. 
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Even the more challenging disease classes, such as 
alternaria, stem and rot, anthracnose, and cercospora, 
demonstrate strong performance, with F1 scores rang-
ing from 0.833 to 0.909. The micro-average F1 score of 

Fig.7. F1 Score vs. Confidence Threshold for Fruit 
Classification
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0.887 for disease conditions classification reflects dif-
ferent model's despite the inherent complexity and 
visual similarity among specific disease symptoms. Fig. 
9 and Fig. 10 show the confusion matrix for each task 
respectively.

Fig. 8. F1 Score vs. Confidence Threshold for 
Disease Classification

Fig. 9. Fruit Confusion Matrix

Fig. 10. Disease Confusion Matrix

5.4.	 Comparison with Single-Task 
	 Framework

To determine whether the multi-task framework us-
ing Faster R-CNN improves the accuracy of fruit and 
disease detection and classification, we created single-
task frameworks with architectures similar to our multi-
task framework. These models contained a pretrained 
Faster R-CNN with ResNet-50 and FPN, along with an 
attention mechanism, and handled fruit and disease 
detection as independent tasks. The Accuracy, Preci-
sion, Recall, and F1 score for single-task and multi-task 
detection and classification of Fruit and Disease are 
shown in Table 2. 

The single-task models were trained separately on 
the same dataset, with one model dedicated to fruit 
detection and another to disease identification. 

Comparative analysis revealed that our multitask 
learning approach not only reduced computational 
overhead by combining the tasks into a unified archi-
tecture but also achieved superior performance met-
rics, particularly in disease classification, where contex-
tual information from fruit detection proved beneficial.

5.5.	 Comparison with Multiple CNN 
	 Backbones

EfficientNet-B0, ConvNeXt-Tiny, Inception-V3, and 
ResNeXt-50 (32×4d). The comparisons of the various 
backbones integrated with FPN are shown in Table 3.

Expanding, each backbone was carefully integrated 
with FPN to maintain consistent multi-scale feature 
extraction capabilities while varying the underlying 
feature extraction architecture. The results revealed sig-
nificant performance variations across backbones, with 
Resnet50 surprisingly outperforming all other architec-
tures in disease detection with 84.62% accuracy while 
maintaining an accuracy of 98.46% for fruit classification. 

In contrast, Inception--v3 and EfficientNet-B0 
achieved substantially lower disease detection perfor-
mance, with accuracies of 52\% and 34\%, respectively. 
MobileNet-v3 demonstrated a strong balance of speed 
and accuracy for both fruit and disease classification. 
The EfficientNet-B0 also achieved a very poor accuracy 
of 35.38% for fruit classification.

5.6.	 K-fold cross validation

The performance of the proposed model was evalu-
ated using three validation strategies: a single train–
test split (without K-fold), 5-fold cross-validation, and 
10-fold cross-validation. The results demonstrate clear 
differences in estimated performance depending on 
the evaluation protocol. The single-split evaluation pro-
duced the highest scores across all metrics, with Preci-
sion, Recall, Accuracy, and F1-Score all exceeding 0.984. 
However, these values are likely optimistic because a 
single split does not adequately capture variability in 
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data distribution and may therefore overestimate the 
model’s generalization capability. Table 4 and Table 5 
show the k-fold results.

In comparison, the 5-fold cross-validation results 
exhibit a moderate decline in all performance metrics 
(e.g., Precision = 0.9454, Recall = 0.9198, Accuracy = 
0.9198, F1-Score = 0.9124). Notably, the variance val-
ues for 5-fold cross-validation remain extremely low 
(0.00024–0.00037), indicating that the model performs 
consistently across folds and is not highly sensitive to 
specific data partitions.

The 10-fold cross-validation results reveal improved 
performance relative to the 5-fold evaluation, with Preci-
sion, Recall, Accuracy, and F1-Score increasing to 0.9814, 
0.9732, 0.9732, and 0.9682, respectively. This improve-

ment can be attributed to the larger proportion of train-
ing data available in each fold, enabling the model to 
learn more representative patterns. Although the vari-
ance values for 10-fold cross-validation are slightly high-
er than those of the 5-fold setting (0.00114–0.00144), 
they remain minimal, suggesting strong stability and 
robustness across different data partitions.

Overall, the cross-validation results demonstrate that 
while single-split evaluation produces inflated perfor-
mance estimates, both 5-fold and 10-fold cross-valida-
tion offer more reliable and generalizable assessments. 
Among these, 10-fold cross-validation provides the most 
balanced trade-off, yielding high performance with con-
sistently low variance, thereby serving as the most de-
pendable indicator of true model generalization.

Table 3. Performance Comparison of Different Backbones

Backbone
Fruit Disease

Accuracy Precision Recall F1-Score Accuracy Precision Recall F1-Score

ResNet-50+FPN 0.9846 0.9856 0.9846 0.9847 0.8462 0.8918 0.8462 0.8397

MobileNetV3+FPN 0.9846 0.9853 0.9846 0.9845 0.8 0.8615 0.8 0.7958

ResNet-101+FPN 0.9846 0.9853 0.9846 0.9845 0.5231 0.5074 0.5231 0.4563

EfficientNet-B0+FPN 0.3538 0.5608 0.3538 0.234 0.3385 0.3404 0.3385 0.2496

ConvNeXt-Tiny+FPN 0.8462 0.8783 0.8462 0.8168 0.6923 0.6602 0.6923 0.6502

Inception-V3+FPN 0.8462 0.8974 0.8462 0.8386 0.2308 0.2037 0.2308 0.1475

ResNeXt-50 (32×4d)+FPN 0.6308 0.7423 0.6308 0.6445 0.3385 0.2627 0.3385 0.2628

Table 4. k-fold validation results for Fruit detection

 Without 
K-fold 5 Folds Variance 

5 folds 10 Folds Variance 
10 folds

Precision 0.9853 0.9454 0.00024 0.9814 0.00114

Recall 0.9846 0.9198 0.00037 0.9732 0.00144

Accuracy 0.9846 0.9198 0.00037 0.9732 0.00144

F1 Score 0.9845 0.9124 0.00036 0.9682 0.00129

Table 5. k-fold validation results for Disease detection

 Without 
K-fold 5 Folds Variance 

5 folds 10 Folds Variance 
10 folds

Precision 0.745 0.8317 0.00293 0.8317 0.00364

Recall 0.7692 0.7719 0.00222 0.8204 0.00601

Accuracy 0.7692 0.7692 0.00222 0.8204 0.00601

F1 Score 0.7463 0.7677 0.00302 0.8081 0.00425

5.7.	 Comparison with Mask RCNN

When applying the Mask R-CNN model to the test 
dataset of 65 images, the Fruit Detection Accuracy is 
1.000, and the Disease Detection Accuracy is 0.7000. In 
contrast, with the Faster R-CNN model, the Fruit Detec-
tion Accuracy is 1.000, and the Disease Detection Ac-
curacy is 0.9000. F1 score for Mask R-CNN is 0.9355 for 
fruit detection, and for Faster R-CNN, F1 score for Fruit 
Detection is 0.9845, and for Disease Detection, Mask 
RCNN F1 score is 0.7067 and Faster RCNN F1 Score is 
0.7943. This shows that the Faster R-CNN model pro-
vides better results than Mask R-CNN.

5.8.	 Visualization

The class activation maps obtained by applying the 
Grad-CAM method to the feature maps of the three 
fruits are shown in Fig. 11. The highlights in the dis-
eased regions indicate that the model extracts features 
relevant to diseases and fruits.

6.	 CONCLUSION

In this research, we introduced a unified multi-task 
learning framework based on Faster R-CNN for simul-
taneous fruit classification and disease detection, ad-
dressing key limitations of traditional single-task mod-
els. By leveraging shared feature representations via a 
ResNet-50 + FPN backbone, multi-scale feature fusion, 
and custom attention mechanisms, our model effec-
tively reduces computational overhead and minimizes 
the need for large, task-specific datasets. Experimental 
results demonstrated outstanding fruit classification 
performance and strong disease detection metrics, vali-
dating the benefits of multi-task learning in agricultural 
applications. Despite the inherent challenges of detect-
ing subtle disease patterns, our approach achieved high 
recall rates, a crucial factor for real-world deployment. 
Overall, the proposed framework offers a robust, effi-
cient, and scalable solution for automated fruit quality 
assessment, paving the way for more intelligent, real-
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time agricultural monitoring systems. The analysis of 
loss components and, dynamic weight updates are im-
portant for the performance of multitask learning 

Future work can increase the dataset size and include 
more number of images for a wider range of fruits and 

diseases. Collecting and annotating disease data for 
a specific fruit is crucial since the model is trained on 
both,fruit and disease type simultaneously. 

Also optimizing lightweight architectures for edge 
device deployment is necessary .

(a) (b) (c)

(e)

(d)

(f ) (g) (h)

Fig.11. Visualization of Detection Results applied on Guava, Mango and Pomegranate. First row images are 
(a) Guava-Phytophthora (b) mango-black mould rot (c) Pomegranate-Cercospora (d) Mango-Stem ad Rot. 

Second row are the heatmap images for the respective images
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