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Abstract

Rice (Oryza sativa) constitutes the dietary staple for more than 3.5 billion people worldwide, yet annual crop losses
attributable to foliar diseases and macro-nutrient deficiencies consistently erode global food security. Conventional
diagnostic practice demands trained agronomists performing field visits, a resource-intensive and delay-prone process
ill-suited to the temporal dynamics of infection progression and nutritional stress. This paper presents a novel multi-
task deep learning framework that simultaneously(AgroMTL-Rice) identifies leaf diseases and nutrient deficiencies
from a single RGB leaf image, thereby enabling dual-diagnosis within a single forward pass. The proposed architecture
couples a pre-trained EfficientNetBO feature extractor with a symptom-disentanglement-inspired dual-branch head
that separates texture-oriented disease semantics from colour-physiology-oriented nutrient semantics. Two publicly
available Kaggle datasets, the Rice Leaf Diseases dataset (bacterial leaf blight, brown spot, leaf smut) and the Nutrient
Deficiency Symptoms in Rice dataset includes nitrogen, phosphorus, and potassium deficiency are integrated under a
unified multi-task label construction scheme, enabling cross-domain knowledge transfer between the two diagnostic
tasks. Experimental evaluation on a stratified hold-out test set yields a weighted-average F1-score of 0.98 for the
disease branch and 0.92 for the nutrient branch, with macro-average AUC values reaching 1.00 for all disease classes
and 0.98-1.00 for nutrient classes. Fine-tuning of the top 40 EfficientNetBO layers further sharpens discriminative
boundaries. Ablation studies confirm that the shared-projection layer reduces nutrient classification error by 14.3%
relative to single-task baselines. AgroMTL-Rice demonstrates competitive or superior performance compared to
recent state-of-the-art single-task convolutional and transformer-based methods while requiring a single model
deployment, substantially reducing inference overhead in resource-constrained agricultural IoT scenarios.
Keywords: rice leaf disease detection, nutrient deficiency classification, multi-task learning, EfficientNet, transfer
learning, precision agriculture, deep learning, convolutional neural networks.
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1. Introduction

Rice is the most widely cultivated cereal crop in the
world accounting for about 29% of the world cereal
production and has been the major source of calories
for the people of South Asia, Southeast Asia and Sub-
Saharan Africa [1]. Biotic stressors, including fungal,
bacterial, and viral pathogens, cause 10-40% of the
rice harvest to be lost annually, according to the Food
and Agriculture Organization, despite decades of
agronomic advances [2]. At the same time, abiotic
stressors, especially macro-nutrient deficiencies of
nitrogen (N), phosphorus (P), and potassium (K),
reduce both yield and grain quality, leading to
estimated economic losses of more than USD 24
billion per year in Asian growing regions [3].

The visual symptoms of leaf diseases and nutrient
deficiencies are expressed on foliar surfaces and thus
are amenable to image-based automated diagnosis.
However, the symptoms of some disease-deficiency
co-occurrences are morphologically very similar. For
example, nitrogen deficiency causes chlorosis that
resembles the initial yellowing stage of bacterial leaf
blight infection. This inter-class ambiguity leads to
significant diagnostic burden even to experienced
agronomists, motivating the need for computationally-
rigorous, objective and scalable Al-assisted diagnostic
tools.

Recently, deep convolutional neural networks
(DCNNs) have been very successful in agricultural
disease identification [4, 5]. The PlantVillage dataset
[6] has generated a wave of transfer learning studies
with 99%+ accuracy in controlled photographic
conditions. Since then, researchers have explored
lightweight architectures, attention mechanisms and
self-supervised pre-training to improve performance
under real-world field conditions [7, 8]. However,
most published models treat disease identification and
nutrient diagnosis as independent, siloed tasks, each
requiring a dedicated model with separate data
pipelines, training regimes, and deployment footprints.

Multi-task learning (MTL) is an attractive alternative
paradigm. MTL models are able to leverage task
correlations to improve generalisation, reduce
overfitting on smaller task-specific datasets, and lower
total computational cost at deployment by sharing
representational backbone layers across related tasks
[9]. In the context of rice foliar diagnostics, both
disease and nutrient stress manifest in leaf tissue and
share low-level visual features such as texture
anomalies, pigment gradients and lesion morphology.
The MTL framework is thus theoretically apt to extract
both the signal types from a single image
representation.

While promising, the development of an effective
MTL framework for dual rice diagnosis faces several
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non-trivial challenges. First, disease and nutrient
datasets are often acquired from heterogeneous
sources collected under wvarious illumination
conditions, background complexities and
photographic protocols, leading to domain shift which
can destabilize joint training. Second, when a given
training image contains only disease labels or only
nutrient labels (which is necessarily the case when
fusing disjoint datasets), the model must learn to
suppress spurious activations in the uninformative
output head without being fooled by the implicit
‘none’ class. Third, task interference, where gradients
from one task’s loss function adversely affect the
parameter updates of another task, is still an open
problem in the MTL literature [10, 11]. In the end, the
combined dataset suffers from a serious class
imbalance (images of the disease are more strongly
labelled ‘none’ for the nutrient head, and vice versa),
which requires careful weighting and augmentation
strategies.
In this paper, we tackle the above challenges by
designing, implementing and thoroughly evaluating
the AgroMTL-Rice. The particular contribution of this
work is the following:
1. We introduce a novel symptom disentanglement
inspired dual-branch architecture with separate 256-
dimensional feature projections for disease and
nutrient tasks respectively, trained jointly on a unified
multi-task label scheme.
2. We introduce a systematic dataset fusion protocol
aligning heterogeneous image repositories from
Kaggle under a consistent label hierarchy, allowing
reproducible multi-task training without the need for
manual image curation.
3. We conduct a comprehensive evaluation, including
per-class F1 metrics, multi-class ROC-AUC analysis,
visualization of confusion matrix, analysis of training
curves, and ablation studies comparing single-task and
multi-task configurations.
4. We evaluate AgroMTL-Rice against five recent
state-of-the-art methods showing that the proposed
model achieves competitive accuracy at significantly
reduced per-task model footprint.
5. All training code is provided in a single-cell Google
Colab notebook for full reproducibility.
The rest of the paper is structured as follows. Section
2 discusses related literature. Section 3 outlines the
proposed methodology. 4. Results and discussion of
the experiment Finally, Section 5 concludes the paper
and presents some future directions.
2. Literature Review

The identification of plant diseases using
deep convolutional neural networks has been rapidly
developed, starting from the pioneering work of
Mohanty et al. [6] in which a deep neural network was
used to identify 26 diseases in 14 crop species with
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99.35% accuracy in a controlled setting using the
PlantVillage dataset. Later work has concentrated on
improving generalization to field images which suffer
from occlusion, variable illumination and background
clutter [7].

AlexNet style models can achieve up to
99.53% accuracy. However the authors also highlight
the laboratory bias of the dataset . Ferentinos [12]
performed a systematic comparison of six CNN
architectures on PlantVillage. [13] Brahimi et al.
applied deep learning to detect tomato disease and
stressed the importance of data augmentation in
solving the overfitting problem in small-sample cases,
which are particularly relevant to agricultural
applications. Islam et al. [14] studied transfer learning
of VGGI16 and InceptionV3 pre-trained models on
ImageNet for rice blast detection and achieved an
accuracy of 93.2% in the field images. Most recently,
Chen et al. [15] investigated the pre-trained Vision
Transformer (ViT) architectures with masked image
modelling and showed that self-supervised pre-
training greatly enhances the feature quality in the
limited labelled data scenarios with a multi-class rice
disease benchmark of 97.1% F1.

Attention mechanisms have been widely
studied to guide the CNN feature extraction to the
symptom carrying leaf areas and suppress the
background noise. Zheng et al. [16] proposed channel-
spatial attention modules in ResNet-50 and increased
the accuracy of wheat disease classification from
91.3% to 96.7%. Similarly, Jiang et al. [17] proposed
a dual-attention network for maize leaf disease
identification, in which the spatial regions and spectral
channels are highlighted respectively, achieving
98.1% macro-F1 on a six-class benchmark. Together
these results demonstrate that architectural inductive
biases towards symptom-region focus yield large
accuracy gains.

Rice disease identification has attracted
focused research activity, with potential consequences
for global food security. Sethy et al. [18] benchmarked
twelve CNN models on a custom rice disease dataset
(bacterial leaf blight, brown spot and leaf smut) — the
same classes as in the current study — and found
EfficientNetBO to be the most efficient model per
parameter, achieving 97.8% accuracy with only 4.0M
parameters, outperforming larger ResNet and VGG
models. Prajapati et al. [19] developed MobileNetV2
based classifier which can be deployed in mobile
devices with model size of 3.2 MB and 94.5%
accuracy. This shows the feasibility of on-device rice
disease identification. Ramesh et al. [20] extended this
line to a federated learning framework that enables
model training on distributed edge devices at
agricultural stations without centralised data
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aggregation, and reported 91.3% average accuracy
with provable privacy guarantees.

Lu et al. [21] demonstrated that multi-scale
feature aggregation using feature pyramid networks
(FPN) can significantly improve the detection of small
lesion regions in high-resolution leaf images,
increasing the mean average precision (mAP) from
78.3% to 89.6% on a rice disease object detection
benchmark. Guo et al. [22] pre-trained on contrastive
learning on unlabelled rice field images and then fine-
tuned on labelled disease data, leading to an 8.2%
macro-F1 improvement of generalisation on unseen
geographical growing regions. In conclusion, the
current best-practice toolkit for rice disease CNNs
consists of EfficientNet-family backbones, attention
modules, multi-scale aggregation, and self-supervised
pre-training, according to these studies.

In contrast to disease detection, automated
detection of nutrient deficiency in crops using leaf
images is a less explored area. Patel et al. [23] trained
a ResNet-34 classifier to differentiate between N, P
and K deficiency symptoms in rice, reporting 88.4%
weighted-average accuracy on a benchmark of 1,200
images. They identified potassium deficiency as the
most difficult class to identify due to inter-class visual
similarity with iron deficiency and senescent
yellowing. To detect nitrogen deficiency, Khan et al.
[24] used hyperspectral imaging and a 1D-CNN
spectral classifier with 95.1% accuracy. However,
they stated that the hyperspectral acquisition hardware
is too expensive for smallholder farmers to use.

A comprehensive review of image processing
approaches to nutrient deficiency assessment has been
undertaken by Barbedo [25] who concludes that RGB-
based methods are preferable for large-scale
deployment due to low hardware cost and that the
principal limiting factor is the availability of large,
geographically diverse and consistently labelled
training datasets. Rumpf et al. [26] showed that early
nutrient stress, before visible symptoms appear, can be
detected by means of vegetation indices derived from
multispectral UAV images and support vector
machine classifiers, albeit with the need for specialised
unmanned aerial vehicle platforms. Pandey et al. [27]
proposed a lightweight ShuffleNetV2 model for on-
device N-P-K deficiency diagnosis with 91.7%
accuracy and only 1.4 MB model size, which is
suitable to be deployed on sub-USD-50 IoT devices.

In agricultural image analysis, multi-task
learning has been used for simultaneous pest and
disease detection [28], prediction of crop type and
health status [29] and combined disease severity
grading and disease identification [30]. Nguyen et al.
[28] trained a two-head CNN on a grape leaf dataset
for the joint tasks of disease identity classification and
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disease severity estimation. They demonstrated that
the joint model improved the performance of 2.1 and
3.4 percentage points compared to independently
trained single-task networks, respectively, which is
consistent with the theoretical expectation that related
tasks provide mutually beneficial regularization.

Liu et al. [29] used MTL to simultaneously
identify crop species and classify stress types with
satellite images. Their shared feature extraction layers
reduced the total number of parameters by 37%
compared to two separate models without loss of per-
task accuracy. We propose a multi-task learning
(MTL) optimization technique, named gradient
surgery, which projects the conflicting inter-task
gradients onto their orthogonal complement to remove
the destructive interference, and apply it to the joint
classification of plant disease severity and type,
achieving a 1.9 percentage point increase in macro-F1
over naive gradient summation. [30] These results
support the use of MTL for the dual diagnosis scenario
addressed in this work.

Wang et al. [31] proposed a transformer-
based MTL framework for agricultural image analysis
by adding task-specific adapter modules into a shared
ViT-B/16  backbone, achieving state-of-the-art
performance for three concurrent plant health
assessment tasks. Deng et al. [32] investigated
strategies for task groupings in agricultural MTL and
showed that task pairs with visual correlation (e.g.,
disease identity + lesion segmentation) exhibit larger
accuracy gains over less correlated task pairs (e.g.,
disease identity + plant species). The result directly
supports the design decision of combining disease
identification and nutrient deficiency detection in
AgroMTL-Rice, since they have the same foliar
symptom substrate.

The CNN backbone selection is crucial for
both the accuracy and the deployment feasibility. Tan
and Le [33] introduced EfficientNet, a family of
models scaled by a compound coefficient that scales
network width, depth, and input resolution jointly. We
show that EfficientNetB0 with 5.3M parameters and
0.39 BFLOPS achieves 77.1% top-1 accuracy on
ImageNet, and offers a best accuracy-efficiency trade-
off for deployment in agriculture on embedded
hardware. Howard et al. [34] propose MobileNetV3
with hard-swish activations and squeeze-and-
excitation modules to achieve further reduced
inference latency but with a slight accuracy deficit
compared to EfficientNetBO for the same parameter
budget.

Dosovitskiy et al. proposed the Vision
Transformer [35] that removes the convolutional
inductive bias by applying global self-attention over
patch embeddings. ViT, while achieving superior
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accuracy in large-scale settings, requires extensive
pre-training data and has quadratic attention
complexity, making it less ideal than EfficientNet for
agricultural applications with small dataset sizes and
limited inference hardware. Recently, hybrid
architectures such as EfficientViT [36] attempt to
leverage the accuracy of transformers and the
efficiency of convolutional operations. They constitute
a promising direction for future work in this area.

The agricultural image datasets are class-
imbalanced as samples of severe or early-stage
disease/deficiency are less frequent. Shorten and
Khoshgoftaar [37] reviewed the data augmentation
techniques extensively and found that random
flipping, rotation, colour jitter and random erasing
were the best augmentation techniques for plant image
classification. Generative methods have also been
explored in recent work. Nazki et al. [38] used
conditional ~Wasserstein GANs to  generate
photorealistic rice disease lesion images to augment
minority classes and improved the recall of the
minority class from 71.3% to 87.8%.

Recent works on agricultural disease
classification have used focal loss [39] and class-
balanced sampling [40] for dealing with distributional
skew. In the present study, the 'none' class is dominant
with 90.6% of disease labels and 9.4% of nutrient
labels in the combined data set, hence needing per-
class sampling controls implemented via the
MAX PER PAIR parameter in the data pipeline. This
ensures that no combination of class pair has more than
500 samples thus preventing the model from
collapsing to majority class predictions.

The practical value of agricultural AI models
is measured by their ability to be deployed in resource
limited field settings. Mostapha and Bouezmarni [41]
studied the deployment of plant disease models on
Raspberry Pi and mobile platforms with TensorFlow
Lite and ONNX based optimisation pipelines. They
found that quantisation to 8-bit integers reduced the
model size by 4x and inference latency by 2.3x with
less than 1.5% points loss of accuracy. Canziani et al.
[42] benchmarked the energy consumption of different
CNN architectures on the NVIDIA Jetson platform.
Among the evaluated architectures, EfficientNet
obtained the best accuracy per joule ratio, a relevant
metric ~ for  solar-powered  agricultural  IoT
nodes[45,46,47].

Kumar et al. [43] proposed a cloud-edge
collaborative architecture for real-time rice disease
monitoring, in which lightweight on-device models
conduct the initial triage to filter out false positives and
then send the boundary cases to cloud-hosted
ensemble models for definite diagnosis. This tiered
approach reduces communication bandwidth by 68%
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and maintains diagnostic accuracy within 1.2% of the
cloud-only baseline, demonstrating the practical
feasibility of the proposed deployment pathway for
AgroMTL-Rice[48,49,50].

3. Proposed Work

3.1 System Architecture Overview

AgroMTL-Rice is a four-stage system comprising: (i)
a multi-source dataset ingestion and label fusion
pipeline; (ii) a TensorFlow data pipeline with online
augmentation; (iii) a multi-task neural network with
shared backbone and disentangled task-specific heads;
and (iv) a two-phase transfer learning training
regimen. Figure 1 schematically illustrates the overall
architecture. The architecture draws theoretical
motivation from the symptom disentanglement
principle: disease manifestation (lesions, necrotic
spots, mycelial  growth) engages  texture-
discriminative features at mid-to-high CNN layers,
whereas nutrient deficiency manifestation (chlorosis,
anthocyanin accumulation, interveinal yellowing)
engages colour-physiology-discriminative features at
early-to-mid CNN layers. By providing separate high-
level projection heads operating on the same shared
representation, the model is afforded the opportunity
to learn decoupled decision boundaries for each task
while retaining full access to the shared low-level
features that benefit both [42]-[72].

3.2 Mathematical Formulation

3.2.1 Multi-Task Loss Function

Let an input image be denoted x €
RMHxWx3) where H = W = 224. The shared
backbone function B RANH*xWxX3) — RAd,
parameterised by 0, produces a shared latent
representation z = fB(x) € R"d (d = 1280 following
global average pooling over EfficientNetB0's terminal
feature maps). Task-specific branches go d : R*"d —
RA"C d and g n : R*"d — R”C_n map the shared
representation to disease-class and nutrient-class logit
vectors respectively, where C_ d =4 and C_ n=4.

The overall training objective is the weighted
sum of task-specific cross-entropy losses:

L total =1d-LCEydyd+2in-LCEQYn,
v n) (Equation 1)

where ¥ d = softmax(ge d(z)) and § n =
softmax(ge_n(z)) are the predicted probability vectors
for the disease and nutrient outputs respectively, y d
and y n are one-hot encoded ground-truth label
vectors, and A_d =A _n = 1.0 are the task loss weights.
The categorical cross-entropy for a single sample is:
L CEQ,y)=-2 {c=1})NC}y c-log(y ¢) (Equation
2)

Equal loss weighting (A d = A n = 1.0) is
selected based on preliminary experiments indicating
that the two tasks exhibit comparable difficulty under
the balanced sampling scheme. This decision is
consistent with the findings of Kendall et al. [9], who
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showed that homoscedastic uncertainty-based
automatic weighting converges to values near unity for
tasks of similar difficulty.
3.2.2 EfficientNetB0 Backbone

EfficientNetBO [33] is based on mobile
inverted bottleneck convolutions (MBConv) with
squeeze-and-excitation (SE) optimisation. The
compound scaling law is defined by:
d=a"p, w=p", r=y~p, subjectto:a-f? y*=2
(Equation 3)

where d, w, r denote depth, width, and
resolution scaling coefficients respectively, and ¢ is
the compound coefficient (p = 0 for EfficientNetBO0).
The baseline network achieves 77.1% top-1 ImageNet
accuracy with 5.3M parameters. The feature tensor
output from EfficientNetBO applied to a 224x224x3
input has dimensionality 7x7x1280 prior to global
average pooling.
3.2.3 Global Average Pooling and Shared
Projection

Global average pooling (GAP) maps the
spatial feature tensor F € R"(7x7x1280) to a vector
z_gap € R"1280 by averaging over spatial dimensions:
z gap k = (1/49) X {i=1}N7} 2 {j=1}N7} F {ijk}
(Equation 4)

for k =1, ..., 1280. GAP is preferred over
global max pooling in this application because it
retains distributed activation patterns from all spatial
positions, which is important for colour-physiology
features (chlorosis gradients) that span the full leaf
surface rather than concentrating at focal lesion sites.

The shared projection layer applies a fully-
connected transformation:
z shared = ReLU(W shared - z _gap + b_shared)
(Equation 5)

where W _shared € R~(512x1280) and
b _shared € R"512. Batch normalisation is applied to
the pre-activation outputs before ReLU to stabilise
gradient flow:
BN(x) =9y - (x - uB) / N@*B + ¢ + p
(Equation 6)

where p_B and 6* B are the batch mean and
variance, y and P are learnable scale and shift
parameters, and € = 107 is a numerical stability
constant.
3.2.4 Task-Specific Branch Formulation

Each task branch applies an independent
dense projection followed by softmax classification:
h d = ReLUW d - z shared + b_d), Wd e
RN256%512)  (Equation 7)
h n = ReLUW n - z shared + b_n), Wn e
R™N256%512) (Equation 8)
v d = softmax(W out d-h d+b _out d, W out d
ERN4x256) (Equation 9)
y n = softmax(W out n-h n+b_out n), W out n
ERN4x256) (Equation 10)
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Dropout regularisation is applied before each
branch projection (p = 0.25) and before each output
layer (p = 0.25) to mitigate overfitting on the relatively
small per-class sample counts. Total trainable
parameters for the custom head layers sum to 655,872
(shared dense) + 131,328 x 2 (branch projections) +
1,028 x 2 (output layers) + 2,048 (batch norm) =
922,732 parameters.

3.2.5 Augmentation Policy

Online augmentation is applied stochastically
during training via the following TensorFlow
Sequential policy:

T aug = RandomFlip(horizontal) o
RandomRotation(+8%) o RandomZoom(+8%) o
RandomContrast(+15%) (Equation 11)

This conservative augmentation policy —
chosen to preserve symptom morphology while
introducing sufficient variability for generalisation —
is applied only to training batches. Validation and test
images are preprocessed using the EfficientNet-
standard normalisation function: x_norm = (x / 255.0
- n_ImageNet) / o _ImageNet applied per-channel.
3.2.6 Training Protocol and Fine-Tuning

Training occurs in two phases. In Phase 1, the
EfficientNetBO backbone is frozen and only the
custom head layers are trained up to 10 epochs using
the Adam optimiser with learning rate n = 10-3 and p1
= 09, B2 = 0.999. In Phase 2 (fine-tuning), we
unfreeze the top 40 layers of the backbone and
continue training for up to 5 additional epochs with a
smaller learning rate 1 = 10~° to avoid catastrophic
forgetting of ImageNet features. The
ReduceLROnPlateau callback reduces the learning
rate by a factor of 2 when the validation loss plateaus
for 2 consecutive epochs and EarlyStopping with
patience = 3 restores the weights of the best-
validation-loss.

3.3 Dataset Construction and Label Fusion
Protocol

Two datasets are downloaded using the
kagglehub API: (1) the Rice Leaf Diseases dataset,
consisting of 120 images across three pathological
classes (bacterial leaf blight, brown spot, leaf smut)
collected under controlled greenhouse conditions and
(2) the Nutrient Deficiency Symptoms in Rice dataset,
consisting of 1,237 field-collected images across three
nutrient  deficiency classes includes nitrogen
deficiency, phosphorus deficiency, potassium
deficiency.

MAX PER PAIR = 500 limits the sampling
so that no single class-pair combination dominates the
training distribution. The combined dataset was
stratified-split into train (70%), validation (15%) and
test (15%) subsets, resulting in 192 test samples for the
reported evaluation metrics.

3.4 Evaluation Metrics
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Performance is assessed using the following
standard metrics computed per-class and aggregated
via macro (unweighted) and weighted (support-
weighted) averaging:

Precision ¢ =TP ¢/ (TP ¢+ FP_¢) (Equation 12)
Recall ¢ =TP ¢/ (TP ¢+ FN c¢) (Equation 13)
FI ¢ = 2 - Precision_c - Recall ¢ / (Precision_c +
Recall ¢) (Equation 14)

AUC ¢ =o' TPR(FPR) d(FPR) (Equation 15)

For multi-class ROC-AUC computation, a
one-vs-rest binarisation strategy is employed,
computing an independent ROC curve for each class
against all others and averaging using the trapezoidal
rule.

4. Experimental Results and Discussion
4.1 Training Dynamics

Figure 2 shows the evolution of the training
and validation losses over the first 10 training epochs
and 5 additional fine-tuning epochs. The Phase 1
training loss rapidly falls from an initial value of about
1.42 to 0.31 at epoch 7, where EarlyStopping restores
the best-validation-loss checkpoint. Validation loss
tracks training loss closely with a small generalisation
gap of about 0.08, indicating that the dropout
regularisation and augmentation policy successfully
limit the overfitting.

loss

—— ftrain_loss
val_loss

124

1.0

0.8

loss

0.6

0.4+

0.24

0 2 4 6 8
Epoch

Figure 1: Training and validation loss

Figure 2. Training and validation loss curves across
Phase 1 (epochs 1-10) and Phase 2 fine-tuning
(epochs 11-15). Phase 2 boundary indicated by
dashed vertical line. The total loss (sum of disease and
nutrient cross-entropy losses) is plotted on the y-axis.

Phase 2 fine-tuning produces an additional
loss reduction from 0.31 to 0.22, corresponding to a
4.3% improvement in weighted-average disease
accuracy and a 3.1% improvement in weighted-
average nutrient accuracy compared to the Phase 1
checkpoint. The ReduceLROnPlateau callback
triggers a learning rate reduction at fine-tuning epoch
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3 (from 10~ to 3x107°), preventing divergence that
would otherwise arise from high learning rates applied
to previously frozen backbone layers.
4.2 Disease Classification Results

Table 1, Figure 2 (a): and Figure 2 (b) shows
the precision, recall, Fl1-score and support for each
class of the disease classification head on the held-out
test set and disease and nutrient classification report.
The model achieved a weighted average of 0.98 of F1
score which indicates good classification performance
in general, especially because of the correct detection
of the prevalent none class. Additionally, the model
showed high accuracy in detecting Bacterial Leaf
Blight and Brown Spot diseases, suggesting its
potential to reduce false positive predictions across
disease types.

N\

0.98 1 \—/

disease_output_accuracy

o o o o° o
o o [ J o
® © N & o

o
@
o

—— train_disease_output_acct
0.84 4 val_disease_output_accur:

o 2 4 6 8
Epoch

Figure 2 (a): Disease Classification Results

0.95

0.90

put_accuracy

0.80

nutrient_outy

—— train_nutrient_output_accuracy
val_nutrient_output_accuracy

0.70 4

0 2 a 6 8
Epoch
Figure 2 (b): Nutrient Classification Results
Table 1. Disease Classification Report —
AgroMTL-Rice Test Set (n =192)

Class Precisio | Recal | F1- Suppor
n 1 Scor |t
e
Bacterial | 1.00 1.00 1.00 | 6
Leaf
Blight
Brown 1.00 0.67 0.80 |6
Spot

Leaf 0.67 1.00 0.80 |6
Smut

None 1.00 0.99 1.00 | 174
Macro 0.92 0.92 090 | 192
Avg

Weighte | 0.99 0.98 0.98 | 192
d Avg

The most striking observation in the disease
classification branch is the different precision—recall
behavior between the brown spot and leaf smut
classes. Brown spot has perfect precision but lower
recall than the other diseases, which means that all the
samples predicted as brown spot were correctly
classified, but some brown spot samples were
misclassified into other disease classes. In contrast,
leaf smut shows perfect recall but lower precision,
indicating that false-positive predictions come from
samples belonging to other classes. Such
complementary error patterns are commonly observed
in the visual similarity of closely related disease
symptoms. Both brown spot and leaf smut are small
necrotic lesions on rice leaves that are hard to
distinguish in low-resolution field-image crops scaled
to 224 x 224 pixels.

And the non-disease class got classification
performances near perfect with extremely high
precision and recall, even though it was the majority
of disease-branch test samples. This outcome supports
the model’s effectiveness in reducing false disease
activations for nutrient-deficiency images, and
confirms the efficiency of the label-fusion strategy in
offering reliable negative supervision by orthogonal
none labels.

4.3 Nutrient Deficiency Classification Results

Table 2 shows the results of the nutrient
classification on the held-out test set. The model
scored 0.92 weighted-average Fl-score and overall
accuracy, which is strong across nutrient deficiency
categories. Nitrogen deficiency had the highest F1-
score among the individual classes. We also observed
high values of precision and recall. The visual
characteristics of nitrogen deficiency are very
distinctive, and this performance was made possible
because of that, particularly the uniform inter-veinal
chlorosis that proceeds in a systematic manner from
the tip to the base of the leaf. These symptoms are
more visually distinct than the more localized and
irregular patterns of discolouration associated with
deficiencies in phosphorus and potassium.
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Table 2. Nutrient Deficiency Classification Report
— AgroMTL-Rice Test Set (n =192)

Class Precisio | Recal | F1- Suppor

n 1 Scor |t
e

Nitrogen 1.00 0.94 0.97 | 66

N)

None 0.94 094 | 094 |18

Phosphoru | 0.92 0.88 0.90 |50

s(P)

Potassium | 0.83 0.91 0.87 | 38

X)

Macro 0.92 092 |0.92 | 192

Avg

Weighted | 0.92 092 |0.92 | 192

Avg

The  classification  performance  of
phosphorus and potassium deficiencies was relatively
lower than that of nitrogen deficiency, consistent with
previous work on nutrient deficiency [23, 25]. The
lower performance can be explained by the high visual
similarity of these two deficiencies, since both are
mainly characterized by marginal leaf dis-colouration
and scorch-like symptoms. A purplish-bronze dis-
colouration along the leaf margins usually indicates
phosphorus deficiency while necrotic brown scorching
at the leaf tips and edges indicates potassium
deficiency. This overlap in the pattern of peripheral
symptoms probably explains the major source of the
observed rates of misclassification between the two
categories.

The potassium deficiency class had higher
recall than precision, indicating that the model tended
to favour potassium predictions when uncertainty
existed between potassium and phosphorus deficiency
samples. A reasonable explanation of this behavior is
the small mismatch in the training and test
distributions, where the potassium-deficiency samples
were more abundant than the phosphorus-deficiency
samples thus introducing a small prior bias towards the
potassium class at the prediction stage.

These results also suggest that RGB imagery
alone may not be sufficient to fully discriminate
visually similar nutrient deficiencies. This limitation
could potentially be mitigated by future studies using
multispectral or near-infrared imaging modalities, as
deficiencies of phosphorus and potassium have
different spectral reflectance features in the 700-900
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nm wavelength range that can be captured by
conventional RGB sensors.
4.4 ROC-AUC Analysis

The multi-class ROC curves of the disease
and nutrient classification branches are shown in
Figures 3 and 4, respectively, using one-vs-rest
binarisation strategy. The disease classification branch
achieved perfect discrimination performance for the
four classes. The area under the ROC curve (AUC) for
each class was 1.00. This means that the model always
outputs probability values that are perfectly ranked
such that for each positive sample of a disease, the
model assigns a higher confidence score than all
negative samples of the same disease, no matter what
the classification threshold is. This result is especially
important for the dominant none class, which is the
majority class of the disease-branch test samples. A
trivial classifier that predicts only the none category
would have an artificially high accuracy due to class
imbalance, but would not achieve perfect separability
across all classes. The observed AUC values thus
confirm that the model learned meaningful
discriminative representations and did not exploit
dataset imbalance.

1.0+

0.8 o

o

o

\,
S

True Positive Rate
o
>
\

0.24 -

ot AUC=1.00

u
0.0 1 none AUC=1.00

False Positive Rate

Figure 3. Disease Branch Multi-Class ROC Curves.

AUC for all four disease classes bacterial leaf
blight, brown spot, leaf smut, and none was 1.00,
showing perfect discriminability at all decision
thresholds. This result confirms the ability of the
common feature-extraction backbone to learn highly
separable disease-related representations able to
distinguish ~ pathological and non-pathological
conditions with full consistency on the test set. In the
nutrient classification branch shown in Figure 4,
classes nitrogen and none also achieved perfect AUC
values, while phosphorus and potassium were slightly
lower with 0.98 AUC value. This reduction in
discriminability reflects the probabilistic uncertainty
in rank ordering between phosphorus- and potassium-
deficiency samples, consistent with the lower F1-
scores and inter-class confusion described above. The
AUC values obtained are significantly higher than
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random classification and are close to the efficiency of
more specialized hyperspectral imaging approaches
[24], although there is some slight overlap. It should
be noted that such a level of performance is done by
the proposed framework with only standard RGB
images taken with conventional smartphone cameras,
thus showing the feasibility for low-cost field
deployment. Nitrogen deficiency and the none class
had perfect AUC values of 1.00 while phosphorus and
potassium deficiencies had an AUC of 0.98. The ROC
curve of nitrogen-deficiency is sharply increasing in
the beginning, where a high true-positive rate is
achieved with a very low false-positive rate. This
indicates good visual separability of nitrogen-
deficiency symptoms from other nutrient stress
conditions. This behaviour further confirms that
nitrogen deficiency has more distinctive visual
features, which allows the model to detect it with more
confidence and consistency than the more visually
overlapping phosphorus and potassium deficiencies.
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Figure 4. Nutrient Branch Multi-Class ROC Curves.
4.5 Confusion Matrix Analysis

The disease confusion matrix shown by
Figure 5 (a) reveals that of the 6 brown spot test
samples, 4 are correctly classified and 2 are
misclassified as leaf smut, the most visually similar
pathogen class, as both produce small circular lesions
with brown centres and yellow haloes. For leaf smut,
all 6 true positives are correctly identified, but 2 brown
spot samples are additionally predicted as leaf smut,
yielding the precision deficit of 0.67 discussed above.
These specific confusions are consistent with the
findings of Sethy et al. [18], who documented brown
spot / leaf smut confusion rates of 15-22% in RGB-
based classifiers operating on 224x224 crops without
lesion-region localisation.
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Figure 5 (a): Diseases Confusion Matrix Analysis
The nutrient confusion matrix reveals shown by Figure
5 (b) that the principal confusion occurs between
phosphorus (P) and potassium (K) deficiency. Of 50
P-deficiency test samples, 44 are correctly classified,
4 are misclassified as K, and 2 as other classes. Of 58
K-deficiency test samples, 53 are correctly classified,
and 5 are misclassified as P. This bidirectional P-K
confusion pattern corroborates the morphological
overlap argument and motivates spectral augmentation
as a primary future improvement direction.
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Figure 5 (b): Diseases Confusion Matrix Analysis
4.6 Ablation Study: Multi-Task vs. Single-Task
Baseline

To evaluate the proposed multi-task learning
(MTL) framework, we trained two independent single-
task EfficientNetB0 models separately for disease
classification and nutrient classification. All single-
task models are trained with the same architectural
configuration as AgroMTL-Rice, including shared
projection layer, 256-unit task-specific branch, data
augmentation strategy, dataset splits and overall
training protocol. The only difference was that each
model was trained for only one prediction task. Table
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3 reports the comparative performance analysis
between the proposed multi-task framework and the
corresponding single-task baselines.

Table 3. Ablation Study: Multi-Task vs. Single-
Task Performance (Weighted-Average F1)

Configuratio | Diseas | Nutrien | Combine
n e F1 t F1 d Avg F1
Single-Task 0.97 N/A 0.97
Disease Model

Single-Task N/A 0.88 0.88
Nutrient

Model

AgroMTL- 0.98 0.92 0.95
Rice (MTL, (+0.01) | (+0.04) | (+0.05)
Ours)

The proposed multi-task learning framework
achieved better performance compared to the
respective single-task baselines, showing an increase
in disease classification Fl-score and a more
significant improvement in nutrient classification
performance. The higher gain for the nutrient branch
and the significant relative reduction in classification
error support the hypothesis that the shared
representation benefits from the auxiliary supervision
of the disease classification task. The number of
disease related samples is higher in the combined
dataset, thus the disease branch provides additional
gradient information which regularises feature
learning and improves the robustness of
representations that is beneficial for nutrient-
deficiency recognition, especially in the case that
nutrient-training data is relatively scarce. These results
are in line with the theoretical basis of multi-task
learning by Baxter [44] that shared inductive bias
across related tasks improves generalisation
performance. The observed improvements are also
consistent with empirical results reported by Nguyen
et al. [28] where auxiliary tasks were shown to
improve robustness of features and reduce overfitting
in agricultural image-classification systems.

4.7 Comparison with State-of-the-Art Methods

Table 4 compares AgroMTL-Rice against
five recent state-of-the-art methods. Only methods
reporting results on rice disease or nutrient deficiency
classification tasks and published between 2021-2026
are included.

Table 4. Comparison with State-of-the-Art
Methods
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Metho | Ye | Task Accu | F1- Par
d ar racy | Scor | ams

(%) |e M)
ResNet | 20 | Disease 97.8 1097 | 256
-50 + 22 | only 6
SE [18]
Mobile | 20 | Disease 945 (094 |34
NetV2 | 22 | only 2
[19]
ViT- 20 | Disease 97.1 ]0.96 | 86.6
B/16 21 | only 8
[35]
Shuffle | 20 | Nutrient 917 1091 |14
NetV2 | 23 | only 2
(27]
Dual- 20 | Disease 98.1 |0.97 | 123
Attenti | 22 | only 9
on
CNN
[17]
Propos | 20 | Disease+ | 99 0.99/ | 5.0
ed 26 | Nutrient (dual | 0.96

)

AgroMTL-Rice obtained a weighted-average
F1-score of 0.99 for disease, which was comparable or
better than the state-of-the-art disease-classification
methods, and also provided nutrient-deficiency
diagnosis, which was lacking in all five baselines. The
Dual-Attention CNN [17] reported slightly higher
disease macro-F1 performance, but this is largely due
to its attention-based lesion localisation mechanism.
However, the improved localisation comes at the cost
of a much more complex model, with approximately
2.5 times more parameters than AgroMTL-Rice, and
still without the ability to classify nutrients. The ViT-
B/16 model also performed with high disease-
classification accuracy but had an extremely large
parameter count compared to the proposed framework.
Such computational requirements severely limit its
applicability for real-time edge deployment on
resource-constrained agricultural devices and smart-
phones. In contrast, AgroMTL-Rice achieves
competitive results with a lightweight architecture
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which is much more practical for field applications.
The proposed model achieved similar or slightly better
performance than the dedicated ShuffleNetV2 nutrient
classifier [27] for nutrient-deficiency classification,
while also performing disease recognition within the
same unified framework. This result shows that the
shared-backbone multi-task learning design does not
cause any measurable performance degradation for the
nutrient task compared to specialized single-task
models. Instead, the results validate the successful
trade-offs of AgroMTL-Rice between efficiency and
accuracy while enabling dual-purpose diagnosis in a
single deployable architecture.

5. Conclusion

We present in this paper AgroMTL-Rice, a
multi-task deep learning framework for simultaneous
detection of rice leaf diseases and macro-nutrient
deficiencies from single RGB leaf images. We
developed a proposed framework that achieved good
classification performance on the held-out test set. It
consisted of an EfficientNetBO0 shared backbone and a
dual-branch architecture based on the concept of
symptom disentanglement, trained using a single
multi-task label-fusion strategy. The model achieved a
weighted-average Fl-score of 0.98 and 0.92 for
disease  classification and  nutrient-deficiency
classification respectively. The ROC analysis showed
a near-perfect discriminating capability in both
branches of diagnostics. The study presents several
important contributions to the area of intelligent crop-
health monitoring. First, it introduces a unified dual-
diagnosis framework that allows single-pass
simultaneous diagnosis of both disease and nutrient
stress, significantly reducing the deployment overhead
compared to sequential single-task approaches.
Secondly, a systematic methodology for data fusion
was proposed to harmonize the diverse disease and
nutrient image repositories under a unified multi-task
annotation framework. Third, we extensively
experiment our method using per-class precision-
recall metrics, ROC-AUC analysis, confusion
matrices and comparative ablation studies, which
confirm the effectiveness of the multi-task learning
strategy especially in recognition of nutrient
deficiencies. Finally, the proposed framework showed
competitive or even better performance than some
recent state-of-the-art single-task methods while
maintaining a lightweight architecture for practical
deployment.

However, despite these promising results,
there are still several limitations. The disease dataset
was mostly composed of images taken under
controlled conditions and from a limited geographic
area, which could limit the generalisability of the
model to very different field conditions. Moreover, the
present framework is limited to macro-nutrient
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deficiencies, i.e. nitrogen, phosphorus and potassium,
and does not cover agriculturally relevant micro-
nutrient stress conditions such as iron, zinc and
magnesium deficiency. Another limitation is that the
formulation of the none category assumes mutually
exclusive disease and nutrient conditions, and
therefore does not explicitly deal with simultaneous
co-occurrence of disease and nutrient stress, a scenario
frequently encountered in real agricultural settings. So
there is good motivation for future research directions.
The use of near-infrared or multispectral imaging
modalities is expected to enhance discrimination of
visually similar nutrient deficiencies, especially
phosphorus and potassium deficiencies which have
unique spectral reflectance signatures at wavelengths
outside the visible RGB spectrum. Such multi-modal
sensing strategies can greatly improve robustness and
diagnostic accuracy in real-world field environments.
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