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ABSTRACT

Accurate and timely detection of lemon leaf diseases is important for main-
taining yield and fruit quality, yet manual scouting is labor intensive and
subjective. This study explores a region-based deep learning method for
symptom localization by benchmarking Faster R-CNN with various back-
bone feature extractors, including ResNet50, ResNet101, VGG16, and Mo-
bileNetV3, on a dataset of lemon leaf diseases annotated with bounding
boxes. To ensure a fair comparison, all models are trained using iden-
tical preprocessing, augmentation, and optimization settings. They are
evaluated based on detection metrics at multiple Intersection over Union
(IoU) thresholds, which include mean Average Precision (mAP) at 0.5 to
0.95, mAP at 0.50, mAP at 0.75, average recall, and mean IoU. Soft Non-
Maximum Suppression is also applied during inference to reduce missed
detections when lesions appear close together in clusters. Results indicate
that Faster R-CNN with a ResNet50 backbone and Soft Non-Maximum
Suppression provides the best overall performance, achieving an mAP from
0.5 to 0.95 of 0.6584 and an mAP at 0.75 of 0.8052, while maintaining a
strong recall of 0.7326 and high localization quality with a mean IoU of
0.8203. To ensure trustworthy deployment, model explanations are gen-
erated using Grad-CAM and LIME. These methods demonstrate that the
detector primarily focuses on symptomatic regions instead of background
patterns. Rather than proposing a new detector architecture, this work
provides a controlled benchmark of backbone selection under a unified
Faster R-CNN pipeline. The proposed pipeline presents an effective and
interpretable solution for monitoring lemon leaf disease within the evalu-
ated dataset and experimental setting. It also offers practical guidance for
selecting backbones in region-based agricultural inspection systems.
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1. INTRODUCTION

Lemon is a high-value horticultural commodity
that supports farm income, regional agri-businesses,
and export-oriented supply chains. In many produc-
ing regions, lemons are cultivated not only for do-
mestic consumption but also for export, making yield
stability and fruit quality economically critical [1-3].
However, lemon production continually faces threats
from foliar symptoms linked to significant citrus dis-
eases and pest-pathogen complexes. In particular,
citrus greening has been widely reported as a severe
and costly threat to citrus industries, motivating re-

search into timely monitoring and management to
limit productivity losses [4, 5].

Despite the importance of early diagnosis, field
scouting and visual inspection remain the most com-
mon practices on many farms and in extension set-
tings. These manual processes are labor-intensive,
difficult to scale across large orchards, and inherently
subjective, leading to variability among inspectors
and across environmental conditions [6]. Recent ad-
vances in computer vision and deep learning have en-
abled image-based plant disease analysis with strong
performance across many crops, suggesting a prac-
tical path toward rapid screening using cameras on
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mobile phones, drones, or embedded devices [6, 7]. A
significant barrier to adoption is that high-performing
deep models are frequently perceived as black boxes.
This perception is especially troubling in agricultural
contexts, where decisions can impact pesticide ap-
plication, pruning practices, or quarantine measures,
all of which can have direct economic implications.
Explainable AI (XAI) has emerged as a critical re-
quirement for the responsible deployment of artificial
intelligence systems. It provides human-interpretable
evidence regarding the reasoning behind a model’s de-
cision to flag a leaf as diseased [8, 9].

From a methodological perspective, modern object
detection includes one-stage detectors such as YOLO
and SSD, as well as two-stage region-based detectors
such as Faster R-CNN. One-stage approaches are typ-
ically optimized for speed, whereas two-stage meth-
ods often provide stronger localization accuracy, espe-
cially when precise region-level reasoning is required
[10-12]. In agricultural imagery, symptom regions
may be small, irregular, and confounded by back-
ground clutter, motivating detectors that explicitly
reason over region proposals and pooled region fea-
tures. Faster R-CNN is a compelling framework for
lesion localization because its Region Proposal Net-
work (RPN) and detection head are trained end-to-
end and can be paired with different backbone feature
extractors while keeping the region-based detection
pipeline comparable across architectures [12].

A practical challenge in detecting leaf symptoms
is that lesions frequently appear in clusters and may
partially overlap. As a result, predictions for lesions
that are close to each other can show a significant
degree of overlap. Standard Non-Maximum Sup-
pression (NMS) selects the highest-scoring box and
removes other boxes whose Intersection over Union
(IoU) exceeds a fixed threshold. In order to eliminate
duplicate detections of the same lesion, the NMS pro-
cess entails the selection of the highest-scoring bound-
ing box and the elimination of the others. However,
this method may also result in a decrease in recall by
omitting accurate detections of adjacent lesions in re-
gions with dense symptoms. To address this problem,
we utilize Soft-NMS during inference, which reduces
the scores of overlapping boxes rather than remov-
ing them. This method enables us to preserve likely
detections, even when lesions are situated closely to-
gether. It is less reliant on a single threshold and
demonstrates greater robustness when multiple true
lesions are present in a small area [13].

This study offers a comparative analysis of Faster
R-CNN backbones for detecting lemon leaf dis-
eases, utilizing an annotated bounding-box dataset.
We benchmark ResNet50, ResNet101, VGG16, and
MobileNetV3 feature extractors under a consistent
Faster R-CNN pipeline and evaluate performance us-
ing standard detection metrics, overlap-based local-
ization measures, and deployment-oriented efficiency

indicators. To improve transparency and practitioner
trust, we further integrate XAI methods such as
Grad-CAM and LIME to visualize whether model evi-
dence aligns with pathological leaf regions rather than
background artifacts [14, 15]. The outcome is both
(i) evidence-based guidance on backbone selection for
practical deployment and (ii) an explainability-driven
workflow to support decision verification in smart
farming applications.

To clarify the scope of this paper, we emphasize
that the current study serves as a controlled bench-
marking study rather than a proposal for a new ob-
ject detector or a new explainable artificial intelli-
gence (XAI) algorithm. The main contributions of
this work are threefold: (1) a fair backbone-level
comparison of ResNet50, ResNet101, VGG16, and
MobileNetV3 under the same Faster R-CNN detec-
tion pipeline, preprocessing strategy, and optimiza-
tion setting; (2) an analysis of the benefit of Soft-NMS
for clustered lesion scenarios in lemon leaf imagery;
and (3) an explainability-assisted inspection workflow
using Grad-CAM and LIME to verify whether de-
tected instances are associated with disease-relevant
regions qualitatively. These contributions aim to offer
practical guidance for selecting models in agricultural
lesion detection, while also ensuring that the findings
are interpreted appropriately.

2. LITERATURE REVIEW

This section reviews prior work that motivates
the proposed study and clarifies its research con-
text. We first summarize deep learning approaches
for plant leaf disease analysis, emphasizing object
detection for symptom localization. We then dis-
cuss two-stage region-based detectors, focusing on
Faster R-CNN as a standard and modular framework
for benchmarking backbone feature extractors. Be-
cause agricultural lesions frequently appear in dense
or partially overlapping patterns, we also review Soft-
NMS as an inference-time improvement over standard
NMS. Next, we describe publicly available citrus and
lemon leaf datasets and identify the dataset adopted
in this work. Finally, we review XAI methods that
improve transparency and trust by providing visual
and attribution-based evidence for model decisions in
agricultural applications.

2.1 Deep learning for leaf disease detection

Deep learning has become the mainstream ap-
proach for plant leaf disease analysis because con-
volutional architectures can learn robust visual cues,
such as color changes, texture irregularities, and le-
sion boundaries, directly from raw images. Early
studies focused primarily on image-level classification
and reported strong recognition performance across
many crops and disease categories when sufficient
labeled data were available [6, 7]. Recent agricul-
tural studies have also explored image-level diag-
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Fig.1: Representative images and annotations from the Lemon Leaf Diseases dataset.

nosis under limited clean supervision; for example,
Janpuangtong and Rattanaopas proposed a multi-
round learning framework for durian leaf disease
and pest classification that enriches a small expert-
labeled dataset with noisy images collected from on-
line sources, demonstrating the potential of weakly
supervised data expansion in practical crop disease
analysis [16]. As practical needs shifted from rec-
ognizing disease presence to identifying where symp-
toms occur, many studies moved toward localization-
aware formulations. Object detection is well-suited
to this requirement because it provides both dis-
ease identification and spatial localization, support-
ing symptom verification and downstream decision-
making in smart farming.

In agricultural imagery, symptom regions may be
small, irregular, and visually confounded by back-
ground clutter. Detector performance can there-
fore be sensitive to scale variation, background com-
plexity, and class imbalance, which may increase
false positives or reduce localization accuracy [17].
Prior work suggests several practical strategies to
strengthen detection under these conditions. Multi-
scale feature aggregation, including feature pyra-
mid designs, can improve sensitivity to small ob-
jects [18]. Loss reweighting approaches can miti-
gate foreground—background imbalance during train-
ing [19]. Beyond these general improvements, a di-
rect and widely used lever is the feature extractor.
Because region descriptors depend strongly on the
backbone representation, swapping backbones offers
a controlled way to study the trade-off between ac-
curacy and computational cost without changing the
core detector formulation.

Among modern object detectors, one-stage ap-
proaches such as YOLO and SSD are designed for
high inference speed by predicting class probabili-
ties and bounding boxes directly from dense feature
maps in a single forward pass, making them attractive
for real-time monitoring and resource-constrained de-
ployment [10, 11]. In contrast, two-stage region-based
detectors such as Faster R-CNN [12] explicitly sepa-
rate proposal generation from final classification and
box refinement. This design allows the second stage
to focus computation on a smaller set of candidate
regions. It often improves localization performance,
particularly at stricter overlap criteria and in scenes
containing small or clustered targets. This distinc-
tion is especially relevant for leaf disease imagery,
where symptomatic lesions often occupy only a small

portion of the leaf surface, appear as scattered in-
stances with large intra-class variation in color and
texture, and frequently occur in proximity to one an-
other. In such cases, accurate localization is impor-
tant for symptom verification, severity assessment,
and reliable agronomic interpretation [7, 20]. Rep-
resentative examples from the Lemon Leaf Diseases
dataset, along with their corresponding annotations,
are presented in Fig. 1. This figure illustrates the
visual diversity of symptom appearances, highlights
the similarities among certain disease patterns, and
emphasizes the crucial need for accurate lesion local-
ization in disease detection.

Faster R-CNN is a widely adopted two-stage
framework that integrates an RPN with a region-
based detection head in an end-to-end trainable ar-
chitecture [12]. In Faster R-CNN, a backbone net-
work processes an input image to generate convolu-
tional feature maps. The RPN proposes candidate
regions likely to contain objects, and each proposal
is mapped to the feature maps and converted into a
fixed-length representation using Region of Interest
(ROI) pooling [21]. These region features are then
used by prediction heads to output class probabilities
and refined bounding-box coordinates. This modular
design enables Faster R-CNN to be utilized for sys-
tematic backbone benchmarking effectively. It allows
for comparisons of different feature extractors while
ensuring a consistent proposal mechanism and detec-
tion head are maintained.

A wide range of backbone families has been
adopted in region-based detectors to balance repre-
sentational power and computational cost, including
VGGJ[22], ResNet[23], Inception[24], DenseNet[25],
MobileNet[26], and EfficientNet[27]. These back-
bones differ in depth, connectivity patterns, and pa-
rameter efficiency; their feature quality can substan-
tially influence both detection accuracy (mAP) and
localization precision at higher IoU thresholds.

In addition to backbone design, inference-time
post-processing is important in dense symptom pat-
terns. NMS can remove neighboring detections too
aggressively when lesions overlap or appear close to-
gether, which reduces recall. Soft-NMS addresses this
limitation by decaying the scores of overlapping boxes
rather than discarding them outright, improving ro-
bustness in crowded scenes without retraining [13].
This property aligns well with leaf disease imagery,
in which multiple symptomatic areas may cluster on
a single leaf or appear close to one another.
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Table 1: Comparison of representative prior studies and the current work.
Study Crop Learning setting XAI Main relevance to this work
Ferentinos [7] Plant diseases Image-level classification No Establishes the effectiveness of
across Crops deep learning for plant disease
recognition.
Rauf et al. [28] Citrus fruits,  Dataset and citrus disease resource No Provides a citrus-related

leaves, and

stems analysis

for machine-learning-based disease

benchmark resource for disease
analysis.

Siam et al. [29] Lemon leaves

Dataset paper with image-level nine-  No
class classification baseline using
DenseNet-121 and data augmentation

Provides lemon-specific dataset
context and a baseline
classification benchmark relevant
to disease analysis.

Gomez-Flores Orange citrus

Dataset for citrus abnormality No

Broadens the citrus abnormality

et al. [30] leaves detection using image analysis, with detection context beyond lemon
binary masks and ROI masks leaves only.
This work Lemon leaf Faster R-CNN backbone Grad- Controlled empirical comparison
diseases benchmarking CAM, of backbone feature extractors
dataset with LIME under a unified detector pipeline

bounding-box
annotations

with Soft-NMS and qualitative
explanation analysis.

2.2 Citrus and Lemon Leaf datasets

Public datasets play a central role in enabling re-
producible evaluations and fair comparisons of plant
disease models. For citrus-related research, Rauf et
al. [28] released a widely used dataset of citrus fruits
and leaves covering multiple citrus diseases, which
has supported numerous machine learning baselines.
Recently, collections centered on lemons have been
introduced to more accurately reflect the symptom
patterns associated with lemon cultivation. Siam et
al. [29] provided a comprehensive lemon leaf dataset
with multiple disease categories and standardized im-
age resolution, while Gémez-Flores et al. [30] released
CitrusUAT for citrus leaf abnormality detection, in-
cluding diseases and nutritional deficiencies.

Although many datasets were initially developed
for image-level classification, symptom localization
requires object-level annotation to allow detectors to
learn features specific to particular regions. In this
study, we use the Lemon Leaf Diseases dataset and
Annotations [31], which provides bounding boxes for
lesion regions. Fig.1 shows representative examples
and annotations from the dataset.

2.3 Explainable AI

Trustworthy deployment in agriculture necessi-
tates not only robust detection performance but also
interpretable evidence that model decisions are based
on pathological regions rather than misleading back-
ground cues. As a result, XAI methods are in-
creasingly utilized in conjunction with deep vision
models to aid in expert validation and identify fail-
ure modes. Grad-CAM provides gradient-based vi-
sual explanations by highlighting spatial regions that
most influence a prediction [14]. LIME clarifies
model behavior by creating a locally interpretable
approximation that relies on perturbations of im-
age regions, allowing for the visualization of influ-

ential superpixels [15]. These methods are comple-
mentary in practice because they provide different
views of explanation, including gradient-based local-
ization and model-agnostic region attribution. In this
study, Grad-CAM and LIME are utilized to evaluate
whether Faster R-CNN detections target lesion re-
gions. This approach aims to enhance transparency
in reporting and boost confidence in the model’s pre-
dictions for practical applications in smart farming.

To further clarify the novelty and research gap ad-
dressed by this study, Table 1 summarizes representa-
tive prior works and contrasts them with the current
manuscript across crop focus, learning setting, use
of XAI, and overall relevance to the present objec-
tive. The table indicates that much of the earlier re-
search has focused mainly on image-level disease clas-
sification or the development of benchmark datasets
for citrus and similar crops. Although these stud-
ies provide valuable foundations for agricultural im-
age analysis, they generally do not investigate lesion-
level object detection under a unified benchmarking
protocol, nor do they examine how alternative back-
bones feature extractors influence detection perfor-
mance within the same detector architecture. Ad-
ditionally, qualitative explainability analysis is sel-
dom included in these earlier studies. The present
work focuses on detecting lemon leaf disease at the
lesion level using bounding-box annotations. It per-
forms a controlled comparison of Faster R-CNN back-
bones under consistent hyperparameter settings and
applies Soft-NMS to enhance the robustness of post-
processing. Additionally, it complements the quanti-
tative evaluation with Grad-CAM and LIME to pro-
vide qualitative insights into the behavior of the de-
tector.
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Fig.2: Overall experimental workflow of the controlled benchmarking study.

3. METHODOLOGY

This section describes the data preprocessing
pipeline and the experimental setup used to bench-
mark Faster R-CNN backbones for lemon leaf dis-
ease detection, including the evaluation protocol and
the XAI workflow. To improve clarity for readers,
we also summarize the dataset structure in Table 2,
present the overall controlled benchmarking workflow
in Fig.2, and report the shared hyperparameter set-
tings used across all compared backbones. Fig. 2 of-
fers a clear summary of the experimental procedure,
illustrating the sequence from data preprocessing to
backbone benchmarking, Soft-NMS inference, cross-
validation evaluation, and X Al-based failure analysis,
all within a unified pipeline.

3.1 Dataset Description and Summary

We conducted experiments on the Lemon Leaf Dis-
eases dataset [31]. Because the objective of this study
is lesion localization, each image is associated with
bounding-box annotations that identify symptomatic
regions. The dataset used in this work contains 900
images, 900 annotated lesion instances, and 9 dis-
ease categories, as summarized in Table 2. Reporting
these statistics is crucial because both class distri-
bution and annotation density have a direct impact
on the learning difficulty of detectors and the clar-
ity of comparative results. For preprocessing, all im-
ages were converted to a uniform format and resized
to a standard input scale to ensure consistency dur-
ing training and inference. Additionally, pixel values
were normalized using the mean and standard devi-
ation linked to the pretrained backbone weights uti-
lized in each experiment.

3.2 Data Preprocessing

To improve robustness to real-world acquisition
conditions, we applied a consistent augmentation pol-
icy across all models. The augmentation set in-
cludes geometric transformations that preserve symp-
tom structure, such as horizontal flipping and small-
angle rotations, as well as photometric transforma-
tions, such as brightness and contrast adjustments.
The data preprocessing and augmentation pipeline
was consistently maintained across all backbones, en-
suring that any variations in performance can be
linked to the backbone architecture itself, rather than
to discrepancies in input processing. This design is
central to the controlled nature of the comparison be-
cause it reduces confounding factors and allows the
observed performance differences to be interpreted

primarily in terms of feature representation quality
rather than data preparation choices.

3.3 Experimental Setup

We adopt a region-based detector following the
Faster R-CNN formulation [12]. The input image is
processed by a backbone network to generate convo-
lutional feature maps. Following this, a region pro-
posal stage creates candidate regions that may indi-
cate disease symptoms. These region proposals are
generated using a RPN. Each proposal is mapped
onto the feature maps and converted into a fixed-
length representation using ROI pooling. These re-
gion features are passed to the detection head, which
outputs a disease-class probability distribution and
refined bounding-box coordinates.

The detector is optimized using a multi-task ob-
jective function defined as:

L = Leis(p, p*) + Ap* Ly (t, 1) (1)

Here, L. denotes the classification loss for the
predicted probability p and the ground-truth label
p*. The regression loss, L.y, measures the devia-
tion between the predicted bounding-box coordinates
t and the ground-truth box parameters t*. The term
p* serves as a binary indicator, assigning a value of
1 to the foreground and 0 to the background. This
ensures that the regression penalty is applied only
to positive samples. The hyperparameter A regulates
the balance between these two objectives.

To identify the most effective architecture for
lemon leaf disease detection, we replaced only the
backbone feature extractor while keeping the de-
tection head, proposal strategy, ROI pooling, pre-
processing, and evaluation protocol fixed.  The
benchmarked backbones are ResNet50, ResNet101,
VGG16, and MobileNetV3. Each model was initial-
ized with pretraining settings and fine-tuned using
the same optimization configuration. This experi-
mental design isolates the influence of feature rep-
resentation on detection accuracy, sensitivity, local-
ization quality, and deployment efficiency.

All experiments were conducted using PyTorch
and executed on an RTX 3080 GPU. To enhance re-
producibility, a fixed random seed was employed, and
the final model checkpoint was selected based on val-
idation performance. All models were trained under
the same optimization settings to ensure a fair com-
parison: the SGD optimizer, an initial learning rate of
0.001, momentum of 0.9, weight decay of 0.0005, and
a total of 100 training epochs with a MultiStepLR
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schedule. During inference, Gaussian Soft-NMS with
a parameter of 0.5 [13] was applied, and detections
with confidence scores below 0.001 were filtered out.
The shared experimental settings are summarized in
Table 3. Using a common configuration reduces the
possibility that one backbone benefits disproportion-
ately from a specially tuned optimization setup.

Table 2: Summary of the Lemon Leaf Diseases
dataset.
Item Value
Total images 900
Annotated instances 900
Number of classes 9

Annotation format
Image source

Bounding boxes
DOI: 10.17632/jkd6t3w635.1

The evaluation of detection performance was con-
ducted using the mAP at an IoU threshold of 0.5,
along with averaged mAP across IoU thresholds rang-
ing from 0.5 to 0.95. Precision, recall, and F1-score
were calculated based on the matched predictions and
ground-truth boxes, adhering to the same IoU match-
ing criteria. The IoU was reported as a measure of
localization quality based on overlap.

In addition to overall detection metrics, class-
specific diagnostic analyses were conducted using a
confusion matrix and ROC curves, which were de-
rived from the final detector outputs following Soft-
NMS post-processing. Because each image in the
dataset contains a single annotated lesion instance,
the highest-confidence predicted bounding box in
each image was matched to the ground-truth box us-
ing an IoU threshold of 0.5. When the matched pre-
diction met this threshold, its predicted class label
was compared with the ground-truth class to fill in
the confusion matrix. Predictions that did not meet
the IoU criterion were classified as missed detections.
For ROC analysis, one-vs-rest curves were created for
each class by utilizing the confidence scores from the
matched predictions. The corresponding area under
the curve (AUC) values were then calculated to sum-
marize the separability of the classes.

Table 3: Shared training and inference settings.

Hyperparameter Setting
Optimizer SGD

Initial learning rate 0.001
Momentum 0.9

Weight decay 0.0005
Epochs 100

Learning rate schedule MultiStepLR
Soft-NMS type Gaussian

Soft-NMS o 0.5

Confidence threshold 0.001
Random seed Fixed
Framework PyTorch
GPU RTX3080

To minimize bias resulting from limited data and
ensure a fair comparison across models, we applied
the same 10-fold cross-validation protocol to all back-
bones. During each run, the dataset was divided into
mutually exclusive folds, and the performance met-
rics were aggregated across these folds to produce the
comparative results reported. This protocol helps re-
duce dependence on a single split and provides a more
reliable estimate of model behavior under the avail-
able data regime.

To support trustworthy deployment, we applied
XAI methods to interpret detection decisions. Grad-
CAM highlights spatial regions that contribute most
to a predicted class score by backpropagating gradi-
ents to convolutional feature maps [14]. LIME ex-
plains predictions by learning a locally interpretable
surrogate model based on superpixel perturbations
[15]. In this work, explanations are generated for
detected instances to verify whether the model at-
tention aligns with pathological leaf regions rather
than background artifacts. These methods serve as
qualitative post-hoc explanation tools instead of pro-
viding formal proof for causal model reasoning. In
the context of a region-based detector, they should
be interpreted as supportive visual evidence of detec-
tor focus, while recognizing that they do not provide
a complete theoretical characterization of all internal
decision processes.

3.4 Soft-NMS

NMS is a standard post-processing step in object
detection pipelines, including region-based detectors.
It removes duplicate predictions by retaining the
highest-scoring bounding box while suppressing other
boxes that overlap beyond a selected IoU threshold
[12, 21]. While this greedy strategy is effective for
many natural-image settings, it can be overly aggres-
sive in dense scenarios where multiple true instances
are close together. In lemon leaf disease imagery, le-
sions often appear in clusters or partially overlap, so
nearby true lesions can produce highly overlapping
predictions. Under these conditions, standard NMS
may suppress correct neighboring detections and re-
duce recall, even when the model proposes reasonable
bounding boxes.

To alleviate this issue, we employ Soft-NMS at in-
ference time [13]. Instead of discarding overlapping
boxes outright, Soft-NMS updates their scores using
an overlap-dependent decay, which preserves plausi-
ble detections for adjacent lesions while still down-
weighting near-duplicate boxes. In this work, we use
the Gaussian version of Soft-NMS, which decays the
confidence score s; as a smooth function of IoU:

_ ToU(M,b;)?

7 Vb, ¢ M (2)

S; = §;¢€

Here, M denotes the current highest-scoring de-
tection, b; is a neighboring candidate box, and ¢ con-
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Table 4: Performance comparison of different backbone models.

Backbone mAP@0.5:0.95 | mAP@Q50 | mAPQ75 AR mloU
ResNet50 + Soft-NMS (Proposed) 0.6584 0.9512 0.8052 0.7326 | 0.8203
ResNet50 0.6437 0.9330 0.7789 0.7226 | 0.8203
VGG16 0.6381 0.9667 0.7604 0.7006 | 0.8162
MobileNetV3 0.6380 0.9435 0.6741 0.7089 | 0.8182
ResNet101 0.3905 0.8248 0.2608 0.5369 | 0.7120

481

trols the decay strength. Boxes with higher overlap
with M receive stronger score reductions, whereas
boxes with low overlap remain largely unchanged.
This behavior is well aligned with clustered symptom
patterns because adjacent true lesions are less likely
to be eliminated prematurely and can remain in the
ranked set for final selection. Importantly, Soft-NMS
is a drop-in replacement for standard NMS, does not
require retraining, and maintains comparable com-
putational complexity while improving robustness in
dense lesion configurations [13].

3.5 Feature Pyramid Network

To improve multi-scale lesion detection, we inte-
grate a Feature Pyramid Network (FPN) with the
ResNet-50 backbone [18, 23]. Multi-scale representa-
tion is crucial for lemon leaf disease imagery because
symptoms can vary significantly, from small specks
to larger irregular patches. A single backbone layer
often fails to adequately capture all these different
sizes. FPN addresses this by constructing a pyramid
of feature maps that are both semantically strong and
spatially detailed, enabling the detector to localize
small lesions while maintaining the ability to recog-
nize larger symptomatic areas [18].

In our implementation, the FPN forms a top-down
pathway with lateral connections across the backbone
stages, where higher-level features provide rich se-
mantics and are progressively upsampled and fused
with lower-level features that preserve fine-grained
spatial detail. Specifically, we utilise pyramid lev-
els P2, P3, P4, and P5, which are generated from
the corresponding backbone features. These features
are aligned using 1x1 lateral convolutions, followed
by fusion and 3x3 convolutions to minimise aliasing
effects [18]. The resulting pyramid features are then
employed by the Region Proposal Network and the
detection head, allowing for the proposal and refine-
ment of candidate regions at the most appropriate
resolution for each lesion scale [12, 18]. The model is
therefore better equipped to detect very small lesions
and to avoid missing early indicators of disease that
may occupy only a few pixels, while still performing
reliably on larger and more diffuse symptomatic ar-
eas.

4. RESULTS AND DISCUSSION

Table 4 summarizes the detection and localization
performance for the evaluated backbone configura-

tions under a common Faster R-CNN pipeline. The
ResNet50 variant with Soft-NMS delivers the most
consistent overall results across the primary crite-
ria. It achieves the highest mAP at IoU thresholds
of 0.5 to 0.95, with a value of 0.6584. Additionally,
it demonstrates the best high-overlap accuracy, re-
flected in an mAP@O0.75 of 0.8052, and boasts the
strongest average recall at 0.7326. Relative to the
ResNet50 baseline without Soft-NMS, these gains in-
dicate that Soft-NMS preserves plausible neighboring
detections in crowded symptom regions and reduces
the loss of true positives when multiple lesions occur
close together. The improvement is most evident at
stricter overlap evaluations, which is where aggressive
suppression typically harms performance in clustered
lesion patterns.

From a technical standpoint, the results suggest
that a moderate-depth backbone offers a favorable
balance between representational strength and gen-
eralization for the present dataset. ResNet50 seems
to offer sufficiently rich features for characterizing
lesions while being easier to optimize compared to
the deeper ResNet101 configuration, given the cur-
rent data constraints. In contrast, lighter backbones
such as MobileNetV3 remain computationally attrac-
tive but show a larger drop under stricter localization
criteria, indicating weaker fine-grained boundary rep-
resentation. We emphasize that this interpretation
should be understood as an empirical finding for the
current benchmark rather than as a universal rule for
all crop-disease detection tasks.

VGG16 achieves the highest mAP@0.50, indicat-
ing its effectiveness in producing coarse detections
that satisfy a moderate overlap requirement. How-
ever, its lower mAP@OQ.75 suggests that it strug-
gles with box refinement when tighter localization
is necessary. MobileNetV3 remains competitive in
the mAP@0.5:0.95 range; nonetheless, it experiences
a more significant drop at mAP@0.75, which aligns
with reduced feature fidelity for accurately plac-
ing boundaries in small and low-contrast lesions.
ResNet101 consistently underperforms across all met-
rics. When analyzed alongside its training behavior
illustrated in Fig. 6, these results indicate overfit-
ting, as the deeper backbone fits the limited training
set well but fails to generalize to validation samples
that exhibit different lighting, texture, or appearance.

Qualitative examples in Fig. 3 further illustrate
the strengths of the proposed configuration. The de-
tector identifies symptomatic regions on leaves, even
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Fig.3: Detection results of complex backgrounds.

in the presence of background clutter, varying light-
ing conditions, and multiple affected areas on a single
leaf. This behavior is important for practical deploy-
ment because real field images rarely present clean
backgrounds, and reliable localization under such
variation supports symptom verification and down-
stream agronomic interpretation.

To minimize evaluation bias caused by limited
data, we utilize ten-fold cross-validation and aggre-
gate the performance results across the various folds.
The confusion matrix in Fig.4 indicates strong overall
class separability with relatively few errors. The re-
maining confusions are concentrated among visually
similar conditions, which is expected when diseases
share characteristics such as mottling, discoloration,
and subtle texture changes. To qualitatively examine
these errors, Fig. 5 presents representative examples
of misclassifications. It can be seen that the detector
generally identifies the leaf region accurately, while
the classification branch assigns an incorrect class la-
bel. This indicates that the primary source of error is
class-level ambiguity rather than a failure in localiza-
tion. Such confusion may stem from overlapping vi-
sual traits, including similar color patterns, textures,
and lesion distributions. These findings point to prac-
tical directions for improvement, including expanding
the dataset with more diverse field conditions and re-
fining bounding-box annotations for ambiguous lesion
boundaries.

Fig. 6 compares the optimization dynamics of dif-
ferent backbone architectures throughout the training
schedule. The MobileNetV3-based model begins with
a higher loss and shows a slower convergence rate,
whereas the ResNet50-based variants and VGG16
achieve a lower loss more quickly and maintain stabil-
ity. The proposed ResNet50 with Soft-NMS exhibits
stable convergence, which aligns with its stronger
high-overlap localization performance and higher re-

Dry Leal JUE(E 0 0 0
Spider Mites- 0 KN 10 0

0 0
0 0
Cul Virus- 0 0 o 0 0 0 0 0
£ Healthy Leaf- 0 0 0 0 0 0 0 0
3 hi 80 )
o Anthracnose- 0 0 0 0 0 0 0 0
E Sooty Mould- 0 0 0 0 0 0 0 20
Deficiency Leaf- 0 0 0 0 0 0 [Nl 10 0
Citrus Canker- 0 0 0 0 0 0 0 RN 0
Bacterial Blight- 0 0 0 0 0 0 0 [N 180
f&‘ o & h"&v o A & &
& I S T N IR
FF T NFF S & @
= Y Y F
re

Predicted Label

Fig.4: Confusion matriz of the proposed model.
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Fig.5: Ezamples of misclassified detections produced
by the proposed model.

call reported in Table 4. The mismatch between
low training loss and weak validation metrics for
ResNet101 supports the observation that increased
depth does not necessarily translate to better detec-
tion performance with limited training data.
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Fig.6: Training loss across backbone configurations.
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Fig. 7 displays receiver operating characteristic
curves that summarize class separability across differ-
ent decision thresholds. The consistently high curves
suggest that the detector retains strong discrimina-
tion capability among categories, which facilitates re-
liable screening in practical monitoring environments
where operating points can be modified to emphasize
either recall or precision.
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Fig.7: ROC curves across classes.

Finally, the interpretability results in Fig.8 pro-
vide representative explanation maps across disease
categories. The highlighted regions typically corre-
spond to visible lesion areas rather than background
structures, suggesting that the predictions are mainly
influenced by cues relevant to the disease. This evi-
dence supports practitioner trust and provides a di-
agnostic tool for analyzing failure cases, especially for
borderline predictions under challenging illumination
or when the symptoms are visually subtle. At the
same time, these maps should be viewed as qualita-
tive supportive evidence rather than conclusive proof
of detector reasoning. Their primary role in this
study is to verify whether the detector appears to
attend symptom-relevant image regions and to assist
error inspection in difficult cases.

5. CONCLUSION

This study assesses various backbone feature ex-
tractors for Faster R-CNN using a lemon leaf disease
dataset annotated with bounding boxes and follows a
unified training and evaluation protocol. Among the
tested configurations, ResNet50 with Soft-NMS pro-
vides the most reliable overall performance, achieving
an mAP@0.5:0.95 of 0.6584, an mAP@0.75 of 0.8052,
and the highest average recall of 0.7326. The results
show a strong balance between detection accuracy
and precise localization, with clear benefits when le-
sions are clustered or partially overlapping.

To support practical agricultural inspection, the
study incorporates explainable AT methods that at-
tach visual evidence to detector outputs. The ex-
planation maps typically emphasize lesion regions
and symptom textures rather than background pat-
terns, improving transparency and helping users vali-

date detections. This interpretability component also
makes it easier to inspect borderline cases and under-
stand common failure modes.

Rather than introducing a new detector architec-
ture, the present work contributes a controlled empir-
ical benchmark for backbone selection under a fixed
Faster R-CNN pipeline. The main empirical find-
ing is that, for the evaluated dataset and protocol,
a moderate-depth backbone such as ResNet50 offers
a stronger balance between feature quality, localiza-
tion precision, and generalization than either a lighter
or deeper alternative. The conclusion drawn should
be understood in the context of the current dataset
and should not be applied to all crop-disease detec-
tion scenarios without further validation.
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Curl Virus
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Fig.8: XAI maps across disease categories.
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Several limitations remain. The dataset remains
limited in diversity compared to real-world condi-
tions. Additionally, small-lesion bounding boxes may
encompass surrounding healthy tissue, which can
compromise precise localization and heighten confu-
sion among similar diseases. Future work will expand
field data across varying environments, strengthen
annotation quality, and evaluate efficient deployment
on resource-limited devices while exploring improved
multi-scale learning and class-imbalance handling to
reduce errors further. Additional validation on other
citrus datasets, orchards, and imaging conditions will
also be necessary before making claims regarding ro-
bustness and real-world deployment.
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