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This study investigates automated plant species and disease classification using image-based machine learning models.
Specifically, our analysis is based on the idea that disease prediction is inherently dependent on plant species. We propose
two novel conditional multi-task learning (CMTL) frameworks, while comparing them to one-stage classification, two-stage
classification, and prior fusion-based CMTL approaches. We utilize a diverse dataset of 40,000 images spanning 9 plant species,
20 unique disease categories, and 33 joint species-disease classes. All frameworks were trained across multiple random seeds
under a unified protocol using fine-tuned transfer learning backbones and were evaluated using species-level, disease-level, and
joint prediction metrics. The best one-stage and two-stage frameworks achieved joint Top-1 accuracies of 94.35% and 93.38%,
respectively. Among the reimplementations of previously proposed CMTL frameworks, the highest joint Top-1 accuracy was
93.09%. Our proposed Conditional Gating (Mixture-of-Experts) and Species-Conditioned Attention frameworks both achieved
a higher joint Top-1 accuracy of 97.98%, while also achieving higher true conjoint F1-scores commonly underperforming
classes. These results suggest that explicitly modeling the dependency between plant species and diseases can improve joint
prediction performance within the evaluated dataset setting. Despite high predictive performance, the proposed frameworks
come with the trade-off of increased computational cost compared to other evaluated frameworks. Furthermore, the findings
should be interpreted in light of several limitations. Evaluation was conducted on curated, publicly available data with moderate
class imbalance mitigation. Future work should focus on external validation on additional datasets investigating causes behind
certain underperforming classes.
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Introduction

Plant diseases pose a significant threat to food security and
economic stability, causing an estimated annual loss in global
food production of 10-16% and $220 billion worth of eco-
nomic damage1. Detecting plant diseases earlier could min-
imize spread and thus prevent such large-scale losses. Tra-
ditional disease identification methods relied on manual dis-
ease diagnosis by experienced farmers or plant pathologists,
but this is time-consuming and often unavailable in remote
regions2. Technological advancements have made machine
learning and computer vision techniques feasible and practi-
cal alternatives for plant disease detection by shortening the
diagnosis period3. Due to the widespread availability of dig-
ital cameras, smartphones, and drones, plant images can be
readily captured at large scales and leveraged for automated
disease classification using machine learning models4.
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Many existing machine learning approaches can be grouped
into one-stage, two-stage, and multi-task learning (MTL)
frameworks. One-stage methods treat species-disease com-
binations as single classes, two-stage methods perform the
two tasks sequentially, and MTL jointly predicts both out-
puts. However, MTL treats the outputs as parallel tasks, where
species and disease predictions are separate. This motivates
conditional multi-task learning (CMTL).

In this study, joint plant species-disease prediction is treated
as a multi-output classification problem. Given an input im-
age x, the objective is to predict both a species label (ys) and a
disease label (yd), where ys belongs to the set of plant species
labels and yd belongs to the set of disease labels. This depen-
dency can be expressed as:

P(ys,yd | f (x)) = P(ys | f (x))P(yd | ys, f (x))

where f (x) denotes the shared feature representation ex-
tracted from the input image. This formulation reflects the
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hierarchical relationship between the tasks, where disease pre-
diction is conditioned on species information. Accordingly,
the learning objective is to jointly learn species and disease
predictions while leveraging dependencies to improve overall
prediction performance.

Although prior studies have compared one-stage, two-stage,
and CMTL approaches, most have focused on a small set of
fusion-based conditioning mechanisms. As a result, there is
limited understanding of how alternative conditioning strate-
gies perform under a unified dataset and training protocol. To
address this gap, we propose two novel CMTL architectures
that model species-disease dependencies using Conditional
Gating and Species-Conditioned Attention. We then evaluate
them against one-stage, two-stage, and existing fusion-based
CMTL approaches.

Related Work

Research on automated crop disease detection has evolved sig-
nificantly with advances in deep learning, transitioning from
single-task classification models to more structured multi-
task learning (MTL) frameworks. Table 1 summarizes rep-
resentative studies that are most relevant to the method-
ological progression from single-task classification to condi-
tional multi-task learning (CMTL). This overview highlights
that prior work largely focuses on either single-task classi-
fication, shared multi-task prediction, or fixed hierarchical
pipelines, without explicitly modeling conditional dependen-
cies between plant species and disease classes. This gap mo-
tivates the approach proposed in this study.

Early work focused mainly on applying convolutional neu-
ral networks (CNNs) or transfer learning techniques on leaf
images for plant disease classification. For example, an 8-
layer CNN on tomato disease images and a pre-trained back-
bone on grapes both achieved high accuracy of 98.40%5,6.
However, these approaches are limited to single-task disease
classification, requiring species-specific datasets and sepa-
rately trained models that increase computational complex-
ity. To address this, MTL frameworks have been introduced,
in which a single model jointly predicts the species and dis-
ease. The PlantDisease Multi-task Joint Detection Model
(PMJDM), for example, introduced a dual-branch architecture
with shared feature extraction and task-specific heads, achiev-
ing competitive performance (61.83% mAP50) on multi-label
agricultural datasets7. However, this approach relies on
detailed multi-task annotations for each image, increasing
dataset preparation costs. Other MTL-based studies have also
explored attention mechanisms and Vision Transformer back-
bones for joint classification and localization tasks8,9. While
these methods improve feature sharing, they do not explic-
itly condition disease predictions on species. In parallel, hi-
erarchical and structured prediction methods have been ex-

plored. One landmark work applied a one-stage classifica-
tion approach on the PlantVillage dataset for 38 joint species-
disease classes and achieved a high accuracy of 99.35% across
multiple crops10. A two-stage classification approach decom-
poses the problem into sequential predictions, where species
is predicted first, followed by disease classification, and this
has achieved high results such as an average accuracy of
98.33%11,12. While they reduce disease prediction complex-
ity, these approaches require multiple models and separate
training pipelines, which increases computational complexity
by requiring multiple trained components. Importantly, they
also do not enable end-to-end learning of species-disease in-
teractions within a single unified model.

More general hierarchical learning techniques such as
hierarchical softmax and label embedding have also been
proposed in computer vision and large-scale classification
tasks13,14. These methods improve efficiency or capture se-
mantic relationships between labels, but they primarily model
static label structures rather than conditional dependencies be-
tween related prediction tasks. As a result, their direct ap-
plication to plant species-disease prediction remains limited,
particularly in tasks requiring explicit conditioning of disease
prediction on species identity. Recent agricultural AI research
has explored transformer-based architectures, self-supervised
learning (SSL), and federated learning. Vision Transform-
ers and attention-based models improve feature representa-
tion for plant disease recognition by capturing long-range de-
pendencies in images15. Similarly, SSL approaches leverage
large-scale unlabeled agricultural datasets to learn robust fea-
ture embeddings prior to fine-tuning16. Federated learning
enables distributed training across decentralized agricultural
data sources while preserving privacy17. Although beneficial
for representation learning, data governance, and distributed
model training, these methods are complementary to CMTL
frameworks, which is a key focus of this study.

Finally, CMTL has emerged as a promising direction that
explicitly models the dependency between the two outputs.
Unlike standard MTL, CMTL introduces conditional mecha-
nisms that allow disease prediction to be influenced by species
information, thereby explicitly modeling dependencies be-
tween the two prediction tasks. Lee et al. compared one-
stage, two-stage, and CMTL approaches using fusion-based
conditioning mechanisms (FFS, FFC, and FiLM)18. Rather
than introducing CMTL itself, the present study extends that
line of work by proposing and evaluating alternative condi-
tioning mechanisms (gating- and attention-based) under a dif-
ferent dataset configuration and unified training protocol.

Research Scope and Contributions

The scope of this study is limited to image-based plant species
and disease classification using a subset of the PlantVillage10
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Table 1 Representative studies in plant disease detection literature

Study Model Type / Approach Primary Dataset
Images

Number of
Species

Number of
Diseases

Agarwal et al. (2020) Lightweight, 8-layer CNN 18,000 1 9
Paymode and Malode
(2022)

Transfer Learning VGG16 CNN
(Implemented twice for 2 species)

18,483 (4,062 for Grape
and 14,421 for Tomato)

2 12

Fu et al. (2025) PMJDM (Multi-Task Learning
Framework)

26,073 (with annotations
for each)

5 28

Mohanty et al. (2016) One-Stage Joint Classification 54,306 14 26
Costa et al. (2019) Two-Stage Hierarchical CNN 23,988 3 13
Lee et al. (2021) CMTL (FFS, FFC, and FiLM) 54,305 311 289

dataset containing 9 plant species and 20 disease categories.
We limit class imbalance mitigation to only class-weighted
loss functions, and we do not incorporate temporal, environ-
mental, or genomic information. Although per-class results
are provided, investigation of the causes of underperforming
classes is left for future work. The study focuses on controlled
dataset-based evaluation of MTL frameworks for joint plant
species-disease prediction.

In this study, we propose two novel CMTL frame-
works: Conditional Gating (Mixture-of-Experts) and Species-
Conditioned Attention. We present a comparative evaluation
of these frameworks alongside one-stage, two-stage, and reim-
plemented prior CMTL approaches using various pre-trained
transfer learning backbones on a unified dataset.

Methods

In this study, multiple machine learning frameworks are
trained and evaluated on the same dataset to enable compar-
ison of model performance across different classification ap-
proaches.

Dataset

This study utilizes the PlantVillage dataset, a publicly avail-
able collection of labeled plant images for plant species and
disease classification originally introduced by Mohanty et
al.10. PlantVillage is a widely used benchmark dataset with
expert-verified disease annotations. The dataset was down-
loaded on March 1, 2026 under the CC BY-SA 3.0 license
from the official GitHub repository. Only the colored image
subset was used in this work.

Because this study focuses on joint plant species-disease
prediction, which inherently relies on intra-species class vari-
ability, species containing only a single disease class or only
a “Healthy” class were excluded; this includes Orange, Blue-
berry, Raspberry, Soybean, and Squash. After this filtering,
the final dataset consists of 40,000 images spanning 9 plant

species, 20 unique disease categories (including “Healthy”),
and 33 joint species-disease classes. Figures 1 and 2 show
image distributions across species and joint species-disease
classes, respectively. Our dataset exhibits moderate class im-
balance, with class sizes ranging from 152 images to 5,357
and a median class size of 1,052 images. Also, although ac-
quisition metadata such as device type, geographic origin, and
specific lighting conditions are not provided in the original
dataset, all images were captured under varying conditions,
resulting in differences in lighting and background. They orig-
inally varied in resolution, but Figure 3 shows representative
sample images after resizing to 224×224.

Figure. 1 Distribution of image counts across the 9 species in our
dataset.

Data Preprocessing and Partitioning

We designed our preprocessing steps to ensure compatibility
with our selected pre-trained backbones. For most experi-
ments, images were resized to a consistent 224×224, while
alternative resolutions were used when required by specific
architectures. Pixel intensities were subsequently normalized
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Figure. 2 Distribution of image counts across the 33 joint
species-disease classes in our dataset.

Figure. 3 Representative healthy and diseased images across
multiple species-disease classes after resizing.

using backbone-specific preprocessing procedures. Further-
more, no data augmentation was applied during model training
to isolate performance to model design rather than augmenta-
tion strategies. Also, our dataset contains 40,000 images span-
ning 33 species-disease classes, providing a sufficiently large
dataset.

To reduce potential train-test leakage, a perceptual hash
(pHash) analysis was performed. This identified 39,978
unique image groups, meaning there are 22 duplicate images
(0.055% of the data). Dataset spitting was therefore performed
at the duplicate-group level rather than at the individual-image
level. Duplicate groups were stratified according to their joint
species-disease labels and split into training (70%), validation
(15%), and testing (15%) subsets using a random seed (42).
This method ensures that visually identical images do not span
multiple splits while maintaining joint class distributions for
valid training and evaluation.

Descriptions of the Classification Approaches

In this study, we evaluate multiple approaches for joint plant
species-disease prediction: one-stage, two-stage, and various

conditional multi-task learning (CMTL) frameworks.

One-Stage Classification Approach

First, we used the one-stage classification approach shown
in Figure 4, in which one model was trained on all 33 joint
species-disease classes. We leveraged VGG16, ResNet50, Ef-
ficientNetB0, and MobileNetV2 to fine-tune their learned fea-
tures for species and disease classification19–22. These models
were selected due to their widespread use in plant disease de-
tection literature23,24.

Figure. 4 Schematic representation of one-stage classification for
joint species-disease prediction.

For each backbone, the original ImageNet25 classification
layer was replaced with a new head comprising global average
pooling, dropout, and a 33-neuron softmax output layer.

Two-Stage Classification Approach

Next, as depicted in Figure 5, we used a two-stage classi-
fication approach in which plant species and disease classi-
fication are performed separately and sequentially. The same
backbones and fine-tuning procedure used in the one-stage ap-
proach were applied to all models in this approach.

The first stage performs species classification using transfer
learning. The second stage uses one of nine species-specific
models, each trained only on diseases valid for that species.
For inference, the first-stage species prediction determines
which second-stage model is deployed.

Conditional Multi-Task Learning (CMTL) Approaches

To explicitly model relationships between plant species
and diseases, we implemented several conditional multi-task
learning (CMTL) approaches. Unlike the one-stage and two-
stage approaches, CMTL jointly learns species and disease
classification within a shared network while allowing species-
related information to condition disease prediction.

Three frameworks were reimplemented from prior work
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Figure. 5 Schematic representation of two-stage classification for
joint species-disease prediction.

by Lee et al.18 and fine-tuned to our dataset: Feature Fu-
sion Sum (FFS), Feature Fusion Cascade (FFC), and Feature-
wise Linear Modulation (FiLM). These architectures used the
pre-trained InceptionV3 backbone26 to remain consistent with
the original framework. In addition, two novel CMTL archi-
tectures were proposed in this study: a Conditional Gating
Mixture-of-Experts framework and a Species-Conditioned At-
tention framework. Both proposed models employed a pre-
trained VGG16 backbone19 due to its strong overall perfor-
mance among the one-stage and two-stage approaches.

All CMTL models consisted of a shared feature extraction
backbone followed by two task-specific branches: a species
classification branch and a disease classification branch. The
disease branch was conditioned using species-related informa-
tion through various mechanisms.

Let h denote the backbone feature representation extracted
from an input image x. The shared representation was pro-
jected into task-specific embeddings:

ws(x) = ReLU(Wsh+bs)

wd(x) = ReLU(Wdh+bd)

where ws(x) represents the species embedding and wd(x)
represents the disease embedding, each containing 512 hid-
den units. Species classification was performed directly
from ws(x), whereas disease classification depended on the
framework-specific conditioning mechanism.

Reimplementation of Existing CMTL Architectures

Figure 6 shows the three CMTL fusion mechanisms pro-
posed by Lee et al.18: Feature Fusion Sum (FFS), Feature
Fusion Cascade (FFC), and Feature-wise Linear Modulation
(FiLM).

In all cases, species and disease embeddings are combined
to produce a species-conditioned representation that is subse-

Figure. 6 Schematic representation of CMTL for joint
species-disease prediction using FFS, FFC, and FiLM.

quently used for disease classification. All three architectures
were reimplemented using the same progressive fine-tuning
and hyperparameter selection strategy used throughout this
study to ensure consistency. Based on the formulations pro-
posed by Lee et al.18, the conditional fusion mechanisms are
defined as follows.

The FFS architecture performs conditioning through addi-
tive feature fusion. Species and disease embeddings are first
projected into a common latent space:

σ = Hσ (ws(x))

γ = Hγ(wd(x))

A conditioned representation is then computed using
element-wise addition and linear activation:

F = tanh(σ + γ)

The second reimplemented architecture utilizes cascade fu-
sion (FFC), in which disease prediction is conditioned through
feature concatenation rather than direct addition. The species
and disease embeddings are first projected into a common fea-
ture space and concatenated:

F = ReLU
(
Hβ ([σ ,γ])

)
where [σ ,γ] denotes vector concatenation and Hβ is a

learned projection layer. Unlike FFS, the FFC model learns
species-disease relationships through the concatenated repre-
sentation.

The FiLM model employs a slightly different form of con-
ditioning between the species and disease tasks, in which
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species-conditioned scaling (σ ) and shifting (β ) parameters
are learned from the species embedding:

σ = Hσ (ws(x))

β = Hβ (ws(x))

and applied to a disease representation, which is computed
as:

γ = Hγ(wd(x))

The resulting conditioned representation is then computed
as

F = σ ⊙ γ +β

where ⊙ denotes element-wise multiplication18. Thus, dis-
ease features can be selectively amplified or suppressed based
on species information18,27.

For all three proposed architectures, Lee et al.18 also ex-
plored the addition of a residual connection (-res) in their anal-
ysis. Residual connections often improve gradient flow and
stabilize training in deep neural networks20. Because the three
highest-performing architectures were FFS-res, FiLM-no-res
(without a residual connection), and FFC-res, those same vari-
ants were reimplemented in this study. For the FFS and FFC
models, the conditioned representation was combined with the
original disease embedding through an identical mapping18:

y = ReLU(F +wd(x))

where the residual connection reintroduces the original dis-
ease representation prior to disease classification. Consistent
with the prior study’s results, the FiLM framework in this
study does not have a residual connection applied.

Proposed CMTL Framework 1: Conditional Gating (MoE)

Our first proposed CMTL framework is the Conditional
Gating model incorporating a Mixture-of-Experts (MoE) ar-
chitecture, as shown in Figure 7.

Rather than relying on a single disease classifier, we train
multiple expert subnetworks to learn complementary disease
representations. The motivation for this design originates
from prior MoE research showing that expert specialization
can improve modeling of heterogeneous prediction tasks28–30.
The gating network receives both the species embedding and
species prediction probabilities. First, the gating logits (z) are
computed as:

z =Wg[ws(x), ps(x)]

where ps(x) denotes the species prediction probabilities.
A temperature-scaled softmax is then applied to obtain the
expert-selection weights:

Figure. 7 Schematic representation of CMTL for joint
species-disease prediction using Conditional Gating (MoE).

g = softmax(
z
T
)

where T denotes the temperature parameter. Temperature
scaling moderates the sharpness of the expert-selection proba-
bilities, with larger values producing smoother routing distri-
butions29,31.

The final disease representation is computed as a weighted
combination of expert outputs:

F =
N

∑
i=1

giEi

where N denotes the number of experts. During de-
velopment, multiple expert counts were evaluated: N ∈
{2,4,8,16,32}. We evaluated a logarithmic scale of powers of
two to efficiently span a wide range of model capacities while
minimizing hyperparameter optimization overhead. Based on
validation disease loss, the final configuration of four experts
was selected.

An entropy regularization term is also incorporated into the
gating network and is minimized during optimization32–34:

Lentropy =−
N

∑
i=1

gi log(gi)

which encourages lower-entropy gating distributions and
more selective expert routing. This promotes stronger expert
specialization during training by penalizing high-entropy gate
outputs.

Proposed CMTL Framework 2: Species-Conditioned Atten-
tion (SCA)

Our second proposed CMTL architecture is the Species-
Conditioned Attention (SCA) model shown in Figure 8. It
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aims to allow species information to dynamically determine
which disease features should receive greater emphasis during
classification, motivated by the observation that certain visual
disease symptoms may be more informative for specific plant
species.

Figure. 8 Schematic representation of CMTL for joint
species-disease prediction using SCA.

The species and disease embeddings were first projected
into a shared latent space and represented as two feature to-
kens:

ts = Hs(ws(x))

td = Hd(wd(x))

These tokens were concatenated into a two-token sequence,

T = [ts, td ]

which was then processed using multi-head attention
(MHA) with four attention heads35:

A = MHA(T,T,T )

A residual connection and layer normalization were subse-
quently applied to preserve disease information that may oth-
erwise be weakened during attention-based modulation20,36:

T ′ = LayerNorm(T +A)

The final conditioned disease representation was obtained
from the updated disease token:

F = T ′
d

where T ′
d denotes the disease-token component of the nor-

malized attention output.

Model Training and Fine-Tuning

Certain training settings were held constant across all frame-
works. All models were initialized using backbones pre-
trained on ImageNet25 and subsequently fine-tuned on our
dataset. Training was performed using the Adam optimizer
with early stopping based on validation loss and ReduceL-
ROnPlateau learning-rate scheduling. All experiments were
trained for a maximum of 20 epochs on an NVIDIA GeForce
RTX 4060 Laptop GPU. To quantify variability resulting
from random initialization and stochastic optimization, ev-
ery framework was trained using five random seeds (0, 1, 42,
123, and 492). Dropout was applied within the classification
heads of the networks, and early stopping (with a patience of
3 epochs) served as an additional regularization mechanism.
Weight decay was not employed.

Hyperparameters were selected through a framework-
specific grid search. We evaluated learning rates of 10−3,
10−4, and 10−5, batch sizes of 16 and 32, and dropout rates
of 0.1, 0.2, and 0.3. To balance feature preservation and do-
main adaptation, we evaluated fine-tuning configurations with
2, 10, 20, or 40 trainable backbone layers depending on the
architecture. Pre-trained backbones were also varied for the
one-stage and two-stage approaches. Final model configura-
tions were selected based on the lowest validation disease loss
(for CMTL) or lowest overall validation loss (for one-stage
and two-stage), maintaining consistency with the training op-
timization objectives.

Table 2 summarizes the final selected hyperparameter con-
figurations and backbone choices for the best-performing ver-
sion of each framework. These configurations were subse-
quently retrained across the five random seeds and were used
for all reported results.

Table 2 Final selected hyperparameter configurations and backbone
choices used for all reported results

Framework Backbone Learning
Rate

Trainable
Layers

Batch
Size

Dropout

One-Stage VGG16 10−5 2 16 0.3
Two-Stage VGG16 10−5 2 16 0.3
CMTL – FFS InceptionV3 10−5 40 16 0.3
CMTL – FFC InceptionV3 10−5 40 16 0.3
CMTL – FiLM InceptionV3 10−5 40 16 0.3
CMTL – Gating VGG16 10−5 20 16 0.3
CMTL – SCA VGG16 10−5 20 16 0.3

For the Conditional Gating (MoE) architecture, additional
framework-specific hyperparameters were explored. We eval-
uated expert counts of 2, 4, 8, 16, and 32, entropy regular-
ization coefficients (or entropy weights) of 0.001, 0.005, and
0.01, and gating temperatures of 0.5, 1, and 1.5. Based on val-
idation disease loss, the final configuration used four experts,
an entropy regularization coefficient of 0.01, and a tempera-
ture of 1.5. A validation summary across expert-count config-
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urations is provided as supplementary material.
Class imbalance was addressed through class-weighted loss

functions. For one-stage classification, class weights were
computed using the 33 joint species-disease classes. For two-
stage classification, class weights were computed separately
for the species classifier and for each species-specific disease
classifier. For the conditional multi-task learning (CMTL)
models, separate class-weight vectors were applied to the
species and disease prediction tasks.

For all CMTL architectures, species prediction and disease
prediction were learned jointly using a multi-task objective:

L = αLspecies +βLdisease

where Lspecies and Ldisease are sparse categorical cross-
entropy losses for species and disease classification, and α

and β are the loss weights controlling the tasks’ relative im-
portance. We set α= β=1 in order to be consistent with Lee et
al.18 and treat both tasks as primary objectives.

For the proposed Conditional Gating (MoE) architecture, an
additional entropy regularization term was incorporated:

L = αLspecies +βLdisease + γLentropy

where γ denotes the entropy regularization coefficient (also
referred to as the entropy weight). Because the entropy term
is added to the training objective and is minimized during op-
timization, it encourages lower-entropy gating distributions.
This promotes more selective expert routing and increased ex-
pert specialization.

Model Evaluation

To enable direct comparison across approaches, all models
were evaluated using the same species-level, disease-level,
and joint prediction metrics. Per-class precision, recall, and
F1-scores were computed for all species, diseases, and joint
species-disease classes. Additionally, we have computed
the per-joint-label F1-scores, disease-only F1-scores condi-
tional on correct species, disease-only F1-scores regardless of
species, and true conjoint F1-scores. This is provided as sup-
plementary material.

For species- and disease-level classification, precision, re-
call, weighted F1-score, macro F1-score, balanced accuracy,
and Top-1 accuracy were computed. Weighted F1-score ac-
counts for class frequency and provides an overall estimate of
performance across the dataset. Macro F1-score assigns equal
importance to each class and is therefore more sensitive to per-
formance on classes with fewer samples. Balanced accuracy
was additionally included to account for unequal class distri-
butions. Because weighted averages can obscure poor perfor-
mance on these underrepresented classes, both weighted and
macro F1-scores are reported for all approaches.

For joint plant species-disease prediction, performance was
evaluated using joint Top-1 accuracy. Joint Top-1 accuracy (or
conjoint Top-1 accuracy) requires a model to correctly predict
both the plant species and the disease label simultaneously for
a given sample; an individual prediction is counted as correct
only if both target labels match the ground truth. Addition-
ally, joint-label performance was evaluated using weighted
and macro F1-scores computed across the 33 joint species-
disease classes. This ensured that all approaches were evalu-
ated using a common prediction space.

To quantify uncertainty arising from random initialization,
metrics are reported as mean ± 95% confidence interval across
five independent training runs. Detailed per-seed and per-class
results, as well as statistical testing outputs, are provided as
supplementary material. Statistical significance between the
five CMTL frameworks was assessed using pairwise McNe-
mar tests on conjoint Top-1 predictions37. For each model
pair, accuracy differences (∆ =A-B) were averaged across
the five random seeds, and p-values were combined. Holm-
Bonferroni correction38 was applied as control for multiple
comparisons within each task.

To compare computational costs, we recorded total train-
able parameters, average training time (across the seeds), and
average inference time per image. For the two-stage frame-
work, parameters and training times are summed across its
ten models. Its inference time equals the species classifier’s
inference time plus the mean inference time of the nine dis-
ease classifiers, as only the predicted species’ disease classi-
fier model is used.

Ethical Considerations

This study does not involve human participants or personal
data. All images are from a publicly available dataset and were
leveraged in accordance with the licensing and usage guide-
lines.

Results

This section evaluates all classification approaches explored
in this study. These include a one-stage approach, a two-stage
approach, three reimplemented CMTL frameworks (Feature
Fusion Sum, FFS; Feature Fusion Cascade, FFC; and Feature-
wise Linear Modulation, FiLM), and two novel CMTL frame-
works (Conditional Gating and Species-Conditioned Atten-
tion, SCA).

Overall Predictive Performance Across Frameworks

Table 3 summarizes the predictive performance of all evalu-
ated frameworks. This allows clear comparison at the joint-,
species-, and disease- levels.
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Table 3 Mean predictive performance (±95% confidence interval across five random seeds) for all frameworks
Framework One-Stage Two-Stage FFS FFC FiLM Gating SCA
Joint Top-1 Accuracy 0.9435 ± 0.0046 0.9338 ± 0.0055 0.9309 ± 0.0075 0.9281 ± 0.0086 0.9244 ± 0.0100 0.9798 ± 0.0066 0.9798 ± 0.0074
Joint Balanced Accuracy 0.9423 ± 0.0046 0.9153 ± 0.0060 0.9111 ± 0.0118 0.9098 ± 0.0107 0.9040 ± 0.0128 0.9728 ± 0.0083 0.9740 ± 0.0099
Joint Macro F1 0.9408 ± 0.0052 0.6075 ± 0.0210 0.4880 ± 0.0317 0.4749 ± 0.0317 0.4868 ± 0.0092 0.6821 ± 0.1287 0.6623 ± 0.0607
Joint Weighted F1 0.9439 ± 0.0043 0.9407 ± 0.0047 0.9384 ± 0.0074 0.9358 ± 0.0077 0.9325 ± 0.0104 0.9819 ± 0.0053 0.9817 ± 0.0069
Species Macro F1 0.9853 ± 0.0016 0.9671 ± 0.0079 0.9782 ± 0.0093 0.9794 ± 0.0026 0.9755 ± 0.0069 0.9907 ± 0.0063 0.9899 ± 0.0074
Species Weighted F1 0.9884 ± 0.0014 0.9705 ± 0.0068 0.9814 ± 0.0087 0.9828 ± 0.0022 0.9792 ± 0.0067 0.9924 ± 0.0052 0.9913 ± 0.0067
Disease Macro F1 0.9334 ± 0.0044 0.9491 ± 0.0043 0.9384 ± 0.0051 0.9352 ± 0.0081 0.9333 ± 0.0054 0.9826 ± 0.0018 0.9840 ± 0.0020
Disease Weighted F1 0.9479 ± 0.0039 0.9620 ± 0.0022 0.9471 ± 0.0046 0.9430 ± 0.0086 0.9417 ± 0.0051 0.9856 ± 0.0024 0.9874 ± 0.0018
ECE 0.0083 ± 0.0030 0.0115 ± 0.0056 0.0136 ± 0.0137 0.0110 ± 0.0054 0.0110 ± 0.0031 0.0051 ± 0.0024 0.0055 ± 0.0032

The one-stage framework outperformed the two-stage
framework in joint Top-1 and balanced accuracy, but the two-
stage approach showed better disease-level performance, as
seen in the disease weighted F1-score. Among the three reim-
plementations of prior CMTL architectures, FFS achieved the
highest conjoint Top-1 accuracy, followed by FFC. Species-
level and disease-level metrics were generally similar across
the three fusion-based architectures, although FFS consis-
tently achieved the strongest overall performance within this
group. The proposed Conditional Gating and SCA architec-
tures achieved the strongest overall results across nearly all
evaluation metrics. Conditional Gating achieved a conjoint
Top-1 accuracy of 97.98% ± 0.66%, while SCA achieved
97.98% ± 0.74%. These values exceeded those of the one-
stage, two-stage, and fusion-based CMTL approaches. Sim-
ilar trends were observed for joint balanced accuracy and
joint weighted F1-scores. Additionally, the gap between the
joint macro F1-scores and joint weighted F1-scores across all
frameworks suggests the presence of class imbalance despite
our measures taken to mitigate it.

At the species level, both proposed architectures achieved
weighted F1-scores above 0.99, exceeding all other frame-
works. Disease-level performance followed a similar trend;
SCA achieved the highest disease weighted F1-score (0.9874
± 0.0018) and disease macro F1-score (0.9840 ± 0.0020),
while Conditional Gating achieved nearly identical results.
Regarding calibration performance, the Expected Calibration
Error (ECE), was also strong across all frameworks, but the
Conditional Gating and SCA frameworks achieved the lowest
ECE values (0.0051 ± 0.0024 and 0.0055 ± 0.0032, respec-
tively). This indicates that their predicted probabilities were
generally well aligned with observed outcomes in comparison
to the other frameworks. Overall, the proposed CMTL archi-
tectures achieved the strongest predictive performance and the
best calibration characteristics.

Computational Cost Analysis

Table 4 compares the computational characteristics of all
frameworks for analyzing complexity.

The one-stage framework required the fewest trainable pa-

rameters and the shortest average training time, while the two-
stage framework reflected much higher computational cost
due to its reliance on 10 separately trained models. Among the
reimplemented CMTL frameworks, the trainable parameter
counts ranged from about 8.7 to 9.2 million. FFC and FiLM
had the lowest inference times among all evaluated frame-
works, requiring about 23 milliseconds per image, while FFS
required 48.28. The proposed Conditional Gating and SCA
frameworks required substantially more trainable parameters
and longer training times than the other CMTL approaches.
This introduces a trade-off for the proposed frameworks: de-
spite high predictive performance across nearly all metrics,
they also come with increased computational cost.

Statistical Significance Test

Figure 9 presents pairwise comparisons among the five CMTL
frameworks using McNemar’s test37. Asterisks indicate statis-
tical significance after correction (α=0.05).

Among the reimplemented architectures, FFS generally
achieved slightly higher performance than FFC and FiLM, al-
though the magnitude of these differences was substantially
smaller than the improvements associated with the proposed
architectures. Across joint species-disease prediction, both
proposed frameworks demonstrated accuracy improvements
of approximately 0.05 over FFS, FFC, and FiLM. These dif-
ferences were consistently identified as statistically significant
across all five seed runs. In contrast, the comparison between
Conditional Gating and SCA revealed only negligible per-
formance differences. Although some pairwise comparisons
reached statistical significance, the observed accuracy differ-
ences were extremely small relative to the differences ob-
served between the proposed and reimplemented frameworks.

Commonly Underperforming Classes

To better understand performance at the disease and joint lev-
els, we have additionally computed the per-joint-label F1-
scores, disease-only F1-scores conditional on correct species,
disease-only F1-scores regardless of species, and true conjoint
F1-scores. This is provided as supplementary material. Here,
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Table 4 Comparison of total computational cost across frameworks
Framework One-Stage Two-Stage FFS FFC FiLM Gating SCA
Backbone VGG16 VGG16 InceptionV3 InceptionV3 InceptionV3 VGG16 VGG16
Total Trainable Parameters 2,376,737 23,619,626 8,712,093 9,236,893 8,974,749 17,376,645 16,831,837
Per-Image Inference Time (ms) 29.03 33.24 48.28 23.1 23.06 8.13 46.91
Total Training Time (hrs) 0.7 1.44 0.87 0.79 0.77 3.92 4.24

Figure. 9 Pairwise statistical comparison of CMTL frameworks using McNemar’s test.

Figure 10 presents true conjoint F1-scores for the lowest-
performing joint species-disease classes after averaging across
the five random seeds.

Several Tomato disease categories consistently appeared as
the most challenging classes for all evaluated frameworks.
This could be attributed to the large number of disease classes
within Tomato species or subtle visual differences that are dif-
ficult for the models to distinguish between. The one-stage
and two-stage frameworks generally exhibited the lowest per-
formance on these classes, and the reimplemented CMTL
frameworks often produced moderate improvements. On the
other hand, the proposed Conditional Gating and SCA frame-
works achieved the highest F1-scores across nearly all under-
performing joint classes. For example, although these classes
still performed worse than others, both approaches improved
performance on Tomato’s Target Spot and Tomato Mosaic
Virus relative to the other frameworks.

Discussion

This study evaluated various classification approaches for
joint plant species-disease prediction under a unified exper-
imental protocol, including two proposed conditional multi-
task learning (CMTL) frameworks. The results provide in-
sight into the advantages and trade-offs of explicitly modeling
species-disease dependencies.

Key Findings and Interpretation

The results indicate that explicitly modeling species–disease
dependencies can improve joint prediction performance rela-
tive to both one-stage and two-stage classification approaches.
While the one-stage framework achieved strong overall per-
formance and the two-stage framework produced competitive
disease-level results, both approaches treat the relationship be-
tween species and disease either implicitly or through a fixed
prediction pipeline. In contrast, the conditional multi-task
learning frameworks incorporate species information directly
into disease prediction, allowing the model to learn task inter-
actions within a unified architecture.

Among the evaluated CMTL approaches, the proposed
Conditional Gating and Species-Conditioned Attention mod-
els consistently achieved the strongest overall results, reach-
ing conjoint Top-1 accuracies of approximately 97.98%, com-
pared with 94.35% for the best one-stage model and 93.38%
for the best two-stage model. They also achieved the high-
est disease-level F1-scores and the lowest calibration errors.
These findings suggest that conditioning mechanisms based
on dynamic expert selection or attention may capture species-
specific disease characteristics more effectively than previ-
ously proposed fusion-based approaches.

Performance differences were particularly evident among
the most challenging joint species–disease classes, many of
which involved visually similar Tomato diseases. Although
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Figure. 10 Conjoint F1 performance across underperforming joint species-disease classes.

all frameworks exhibited worse performance on these classes,
the proposed architectures generally showed greater robust-
ness. This observation supports the hypothesis that explicit
conditioning can help reduce ambiguity when disease symp-
toms share overlapping visual characteristics.

The computational analysis highlights an important trade-
off. The proposed architectures achieved the highest predic-
tive performance but required substantially more parameters
and longer training times than simpler approaches. Therefore,
the choice of framework may depend on whether predictive
performance or computational efficiency is the priority.

Limitations and Future Work

Although this study is a comprehensive evaluation of several
classification approaches for joint plant species-disease pre-
diction, several limitations should be considered when inter-
preting the results. First, the models were evaluated only us-
ing stratified splits derived from a widely used, public dataset.
Although the dataset includes 40,000 images captured under
varying conditions, external validation using more test sets
and a wider variety of species (and corresponding diseases)
in future studies would allow for assessment on how well the
models generalize to unseen acquisition settings, geographic
regions, and field environments in the real world.

Second, the causes of poor performance for certain dis-
ease classes remain only partially understood. Future work
may investigate feature-level confusion between visually sim-
ilar diseases, quantify inter-class similarity, and analyze atten-
tion patterns or learned representations to better understand
whether errors arise from dataset characteristics, label defini-

tions, or limitations of the model architectures themselves.
Additionally, moderate class imbalance remained present

despite the use of class-weighted losses, as reflected by the
gap between joint macro and weighted F1-scores. Future
studies could explore alternative mitigation strategies. It may
also consider incorporation of environmental, temporal, or ge-
nomic data to provide additional context for disease predic-
tion. Finally, this study focused on comparing complete clas-
sification frameworks rather than isolating the contribution of
individual conditioning components. Future work may in-
clude targeted ablation studies to further quantify the contri-
bution of specific mechanisms.

Conclusions

This study compared one-stage classification, two-stage clas-
sification, and conditional multi-task learning (CMTL) ap-
proaches for joint plant species-disease prediction using a fil-
tered subset of PlantVillage10 containing 40,000 images, 9
plant species, 20 disease categories, and 33 joint species–
disease classes. All frameworks were evaluated under a com-
mon experimental protocol. The results show that explic-
itly modeling the conditional relationship between species
and disease improves predictive performance. The proposed
Conditional Gating and Species-Conditioned Attention frame-
works achieved the strongest overall results, outperform-
ing both conventional classification approaches and previ-
ously proposed fusion-based CMTL frameworks across joint,
species-level, and disease-level evaluation metrics.

More broadly, the findings suggest that conditional learn-
ing can be beneficial in multi-task problems where one pre-
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diction task naturally constrains another. However, the results
were obtained on a curated benchmark dataset without exter-
nal validation and should therefore be interpreted within that
context. Future work should evaluate these architectures on
larger and more diverse field-collected datasets and further in-
vestigate the sources of error among visually similar disease
classes.

Overall, this study demonstrates the potential of CMTL for
joint plant species-disease prediction and provides preliminary
evidence that gating- and attention-based conditioning mech-
anisms are promising alternatives to traditional fusion-based
approaches.

Code Availability and Supplemental Reports

The accompanying supplementary repository provides train-
ing scripts for each framework, dataset metadata, split map-
pings, per-seed and per-class evaluation metrics, a vali-
dation summary across different Conditional Gating mod-
els (varying expert counts), and the full McNemar test
outputs. This is located at https://github.com/ameya-
kella/JointPlantSpeciesDiseasePredCMTL.
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