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ABSTRACT: Huanglongbing (HLB) is a destructive citrus disease whose management benefits from early detection
before symptoms become widespread. This study combined a PRISMA-guided systematic literature review with a
controlled benchmark of seven lightweight convolutional neural networks for 14-band multispectral HLB classification.
The review screened 100 unique records published between 2018 and 2025 and retained 29 studies, whose findings
informed the selection of MobileNetV2, MobileNetV3, SqueezeNet, ShuffleNetV1, ShuffleNetV2, EfficientNetB5, and
GhostNet. The benchmark used 2978 in-situ citrus images represented by 14 VisNIR bands (405-850 nm). ImageNet-
pretrained input layers were adapted to accept 14 channels, and preprocessing parameters were estimated from training
data only. A stratified 10% hold-out set remained unseen while five-fold cross-validation was performed within the
90% development pool. Binary precision, recall, specificity, and Fl-score treated HLB-symptomatic as the positive
class. MobileNetV3 achieved the highest mean cross-validation accuracy of 82.90 + 1.23% (95% CI: 81.38-84.42) and
Fl-score of 82.02 + 1.23%, and it achieved 82.6% accuracy and 81.0% Fl-score on the independent hold-out set. The
Friedman test indicated an overall architecture effect on fold-level accuracy (chi-square (6) = 21.429, p = 0.0015,
Kendall's W = 0.714), although no MobileNetV3 pairwise comparison remained significant after Holm adjustment.
Thus, MobileNetV3 is identified as the strongest descriptive common-protocol baseline rather than a statistically
superior architecture. Because the source labels distinguish HLB-symptomatic from non-HLB-symptomatic scenes and
do notinclude a separately confirmed asymptomatic-infected class, the findings support architecture selection for future
pre-symptomatic research but do not constitute direct clinical validation of pre-symptomatic infection.

KEYWORDS: Huanglongbing; lightweight convolutional neural networks; multispectral imaging; cross-validation;
statistical comparison; edge deployment

1 Introduction

HLB is a catastrophic bacterial disease that affects citrus production globally and causes severe yield loss
and long-term orchard decline. The disease is associated with Candidatus Liberibacter asiaticus (CLas) and
is transmitted primarily by the Asian citrus psyllid. Because no curative field treatment is currently available,
management relies on rapid identification and removal of infected trees [1]. Detection is especially important
during the early and pre-symptomatic stages, when visible signs are absent or limited. Visual inspection is
unreliable at this stage, whereas polymerase chain reaction (PCR) testing is laboratory-dependent, costly,
time-consuming, and impractical for continuous large-scale orchard surveillance [2].
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Spectral imaging, including multispectral and hyperspectral imaging, is sensitive to disease-induced
changes in leaf and canopy reflectance [3]. HLB alters chlorophyll concentration, photosynthetic activity,
internal tissue structure, and water relations, producing spectral responses that may precede or extend
beyond clearly visible symptoms. Deep learning can learn these spectral-spatial patterns automatically, but
many high-capacity CNN and transformer models require substantial memory and computation [4,5].
This limits their use on mobile, embedded, or edge devices in orchards. Lightweight architectures such as
MobileNet, ShuffleNet, SqueezeNet, GhostNet, and EfficientNet reduce parameter count and computational
demand [6]. But aggressive channel compression may also suppress weak narrow-band information. A
rigorous comparison under a common multispectral protocol is therefore required before selecting a
backbone for pre-symptomatic HLB model development.

The study was designed as an evidence-to-experiment pipeline. First, the Systematic Literature review
(SLR) identified the lightweight model families most frequently used in spectral and plant-disease research,
the efficiency mechanisms represented by those families, and recurring methodological gaps. These findings
informed both the selection of seven representative architectures and the benchmark design. Second, the
selected models were evaluated on a 14-band in-situ citrus dataset to determine which architecture pro-
vides the strongest accuracy-efliciency baseline for subsequent spectral-aware optimization. The empirical
benchmark retains pre-symptomatic HLB detection as its central application objective. The public dataset is
relevant because its HLB images were acquired from newly symptomatic trees with low disease intensity and
contain large canopy regions in which the number of visibly affected leaves varies; consequently, much of
the scene may be visually non-symptomatic while still belonging to an HLB-affected tree. The present study
therefore evaluates the ability of lightweight networks to learn weak spectral cues relevant to early detection,
while acknowledging that definitive clinical validation requires a separately labelled set of laboratory-
confirmed asymptomatic infected trees. Section 2 describes the SLR and experimental methods, Section 3
presents the comparative results and limitations, and Section 4 concludes the study.

2 Materials and Methods

2.1 Systematic Literature Review

A SLR was conducted to identify, analyze, and synthesize existing research on lightweight deep learning
models applied to spectral-based plant disease detection, with particular emphasis on HLB. The review
followed the Preferred Reporting Items for Systematic Reviews and Meta-Analyses (PRISMA) guidelines to
ensure transparency, reproducibility, and methodological rigor. This SLR directly established evidence-based
insights into commonly adopted lightweight architectures, their reported performance in spectral learning
tasks, and the methodological gaps that motivate further comparative experimentation.

2.1.1 Identification of Studies and Search Strategy

The review followed PRISMA 2020 reporting principles [7]. Searches were conducted in IEEE Xplore,
ScienceDirect, SpringerLink, and the MDPI platform; Google Scholar was used only as a supplementary
source for backward and forward citation searching because its ranking and result counts are not fully
reproducible. The search covered peer-reviewed journal articles and conference papers published from
January 2018 to December 2025. The final searches were run on 15th December 2025 for IEEE Xplore
and ScienceDirect, 16th December 2025 for SpringerLink and MDPI, and 17th December 2025 for Google
Scholar citation chasing. The core Boolean query was: (“Huanglongbing” OR HLB OR “plant disease” OR
“crop disease”) AND (multispectral OR hyperspectral OR spectral) AND (“lightweight deep learning” OR
“lightweight CNN” OR MobileNet OR ShuffleNet OR SqueezeNet OR GhostNet OR EfficientNet) AND
(classification OR detection). The query was adapted to the syntax and field restrictions of each source. Full



J Artif Intell. 2026;8 497

database-specific strings, search fields, filters, dates, and retrieved counts are provided in Table 1. The four
primary sources yielded 122 records, while supplementary Google Scholar citation searching identified 53
additional records, resulting in 175 records before deduplication. The records were initially documented in
Microsoft Excel and subsequently imported into Zotero for duplicate removal and reference management.
After 75 duplicate records were removed, 100 unique records remained for title and abstract screening.

Table 1: Search log and reproducible search strategy.

Source Role in Review Search Fields/String Search Date Records
IEEE Xplore  Primary database Core queryadapted to oy 1y o ber2005 25
metadata/abstract fields
ScienceDirect Primary database C.)ore query adapted to 15th December 2025 37
title/abstract/keywords
. _ . Core query adapted to
SpringerLink Primary platform full-text/discipline filters 16th December 2025 40
MDPI Primary publisher Core query adapted to 16th December 2025 20
platform title/abstract/keywords
1 First1 ki Its pl
Google Scholar S,up P ementa}ry st 90 ranked results plus 17th December 2025 53
citation chasing cited-by searches

2.1.2 Eligibility Criteria and Quality Assessment

Studies were eligible when they: (i) addressed plant or crop disease detection; (ii) used multispectral,
hyperspectral, or other explicitly spectral image data; (iii) evaluated a lightweight CNN or an efficiency-
oriented lightweight module; (iv) reported sufficient information on the dataset, preprocessing, training,
and evaluation; and (v) were available in English as a full peer-reviewed article. Studies were excluded when
they relied exclusively on RGB imagery without a spectral component, used only conventional machine-
learning methods, focused on non-agricultural tasks, evaluated only heavyweight architectures without an
efficiency objective, lacked full text, or did not report quantitative outcomes. As shown in Table 2, a quality
was assessed using an eight-item modified Newcastle-Ottawa-style checklist [8] covering: research-objective
clarity, dataset description, spectral modality description, preprocessing transparency, model reproducibility,
evaluation design, completeness of reported metrics, and discussion of limitations. Each item was scored 0
(not reported/inadequate) or 1 (adequate); studies scoring at least 6/8 were retained.

2.1.3 Study Selection Process

The selection process combined independent screening, quality assessment, data extraction, and
synthesis across four sequential stages. Two reviewers independently screened titles/abstracts and full
texts using the predefined criteria. Disagreements were resolved through discussion and, where necessary,
adjudication by the third author. Inter-rater agreement was quantified using Cohen’s kappa: « = 0.88 for the
first screening stage and « = 0.92 for full-text decisions. The counts reported below are sequential; therefore,
the denominator decreases at each stage.

The first stage focused on establishing topic relevance and modality alignment. At this stage, we carefully
examined the titles, abstracts, and introductions of all retrieved papers to determine whether the study
addressed plant disease detection using spectral data (hyperspectral or multispectral) and whether the
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studies employed DL-based classification methods. We found that, 28 of the 100 papers, relied exclusively
on RGB imagery, traditional machine learning techniques, or non-agricultural applications, leading to their
exclusion. In addition to screening for relevance, preliminary data were extracted from the 72 remaining
studies, including the crop type, disease of interest, and data modality, to assess alignment with spectral-
based HLB detection.

Table 2: Quality-assessment checklist.

Item Quality Criterion Score
Q1 Clear research objective and disease-detection task 0/1
Q2 Dataset source, sample size, classes, and acquisition described 0/1
Q3 Spectral modality and wavelength information described 0/1
Q4 Preprocessing and augmentation reproducibly reported 0/1
Q5 Architecture and training protocol reproducibly reported 0/1
Q6 Evaluation design and partitioning appropriate 0/1
Q7 Quantitative metrics and uncertainty sufficiently reported 0/1
Q8 Limitations and deployment considerations discussed 0/1
Threshold Retain studies scoring at least 6/8 >6

The second stage evaluated the architectural relevance and contributions of the studies. In this stage, we
fully screened the remaining 72 papers to determine whether they had employed or analyzed lightweight
deep learning architectures, such as MobileNet, ShuffleNet, SqueezeNet, EfficientNetB5, or GhostNet and
whether contribution of each study was clear. At this stage, 19 studies were excluded because they had focused
on heavyweight architectures and had failed to justify architectural efficiency. This resulted in 53 papers.
We then extracted data from the papers regarding the model family and variant, network depth, and any
reported computational efficiency indicators, directly informing the analysis required to answer the first
research question.

The third stage assessed the methodological completeness and experimental transparency of each study.
The 53 papers from stage two were examined to confirm whether they clearly documented dataset character-
istics, including sample size, spectral dimensionality, preprocessing procedures, and training protocols. The
results showed that 14 of the 53 examined papers lacked sufficient methodological detail or did not provide
reproducible experimental descriptions and were excluded. The remaining 39 papers were further screened
to extract detailed methodological elements for analysis, including data preprocessing strategies, training-
validation splits, and experimental setup, supporting the investigation of how effectively lightweight models
capture spectral cues.

The fourth stage focused on the evaluation methodology and limitations of the studies. The remaining
papers were required to report quantitative performance metrics and provide meaningful experimental
results. We found that only 29 studies had qualified this criterion and the 10 studies that omitted evaluation
metrics, failed to report classification outcomes, and failed to provide adequate comparative analysis and were
excluded. For the 29 papers that satisfied this criterion, data were extracted on reported performance metrics,
class-level behavior, and any discussion of model limitations or deployment considerations, enabling analysis
related to attention mechanisms, performance trade-offs, and remaining research gaps. We also examined
the conclusion and future work sections of each paper to identify the gaps left or identified as future work
and whether the gap was resolved by any paper.
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After applying all four stages, a final set of 29 studies, as summarized in Table 3 and Fig. 1, satisfied all
selection criteria and formed the primary corpus for synthesis and comparative analysis. In total, 71 studies
were excluded across the four stages (28 + 19 + 14 + 10 = 71), yielding 29 studies that met all inclusion criteria
for topic relevance, architectural focus, methodological completeness, and evaluation rigor. This structured

process ensured that the studies analyzed in subsequent sections were methodologically sound, relevant, and
directly aligned with the research questions guiding this review. Fig. | summarizes the PRISMA sequential
selection flow across all four stages.

Table 3: Sequential study-selection results.

Records Excluded . Records
Stage . Primary Reason . .
Entering Stage at Stage Remaining
Identlﬁcajuon' after 100 0 Unique records.retalned for 100
deduplication screening
Stage 1: relevance and RGB-only, traditional ML,
. 100 28 . . 72
spectral modality non-agricultural, or oft-topic
Stage 2: lightweight Heavyweight model focus or no
. 72 19 . . 53
architectural relevance efficiency contribution
Stage 3: methodological 53 m Insufficient dataset, preprocessing, 39
completeness or training detail
Stage 4: evaluation rigor 39 10 . No quantitative ou.tcomes o 29
inadequate comparative reporting

Records identified across searched sources
(n = 100 unique records after deduplication)

Stage 1: title/abstract relevance and spectral
modality
28 excluded; 72 remained

Stage 2: lightweight architectural relevance
19 excluded; 53 remained

i

Stage 3: methodological completeness
14 excluded; 39 remained

i

Stage 4: quantitative evaluation and reporting rigor
10 excluded; 29 remained

i

Studies included in qualitative synthesis
(n =29)

Figure 1: PRISMA-based sequential study-selection flow.
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2.1.4 SLR Findings

The final set of studies was analyzed to address four Research Questions (RQs): (RQ1) which lightweight
deep learning models have been used for spectral-based plant disease and HLB detection; (RQ2) how
effective these models are in capturing spectral cues relevant to pre-symptomatic HLB; (RQ3) how attention
mechanisms have been integrated into lightweight architectures and their impact on performance; and (RQ4)
what methodological and architectural gaps remain in existing research. The findings from this analysis
provided a structured understanding of current trends and limitations and directly informed the comparative
analysis and experimental evaluation presented in subsequent sections of this study.

RQI, Lightweight architectures used: The results revealed that MobileNet variants were the most fre-
quently adopted lightweight architectures in the reviewed studies, followed by EfficientNet, ShuffleNet,
SqueezeNet, and GhostNet as shown in Table 4.

Table 4: Frequency of lightweight model families across the 29 included studies.

Model Family No. of Studies
MobileNet (V1-V3) 12
EfficientNet 7
ShuffleNet (V1-V2) 7
SqueezeNet 4
GhostNet 4

In most studies, the researchers note that they favored these models due to their low computational cost
and suitability for edge deployment, although their application to multispectral data remained limited.

RQ2, Effectiveness in spectral feature learning: SLR results show that many studies reported high
classification accuracy, however, performance varied significantly when models were applied to spectral
data [3]. Many of these models were observed struggle in capturing subtle spectral variations associated with
early disease stages, indicating limitations in spectral feature representation and model capacity [9].

RQ3, Role of attention mechanisms: In 16 out of the 29 papers analyzed, we observed integration of
attention modules into lightweight backbones. For Instance, study [10] included CBAM, Triplet Attention,
and EMA, into a lightweight architecture (Ghost-Attention-YOLOVS8) to enhance rice leaf disease detection.
The integration of the Ghost model and attention mechanisms led to significant improvements in accuracy,
precision, and recall. The study reported an improved mAP@50 metric (95.4%), which is a 2.3% increase
over the baseline YOLOv8 model. This improved accuracy and efficiency while reducing computational
complexity for effective agricultural monitoring. Another study in [11] focused on integrating the Attention
Mechanism with Squeeze-and-Excitation Networks for coffee leaf disease detection. In the results of this
study, class-wise analysis indicated that SENet had Fl-scores of 91% for all classes of coffee leaf diseases
an improved score which was attributed to the addition of the attention mechanism. Across all the studies
integrating attention mechanism, it was observed that these studies had consistently reported modest
performance improvements, attributing the improvements to be informed by the emphasized attention on
the informative spectral bands. However, across the reviewed corpus, attention modules were generally
introduced within individual architectures rather than evaluated systematically under a common cross-
architecture protocol.

RQ4, Remaining research gaps: The review identified a lack of unified lightweight frameworks that
explicitly combine spectral-spatial learning with attention mechanisms. Results showed that few studies



] Artif Intell. 2026;8 501

addressed pre-symptomatic HLB detection using multispectral data, and inconsistencies in evaluation
protocols limited cross-study comparison. The review also showed that class-wise precision and recall were
not reported consistently across studies, making it difficult to determine whether performance differences
arose from dataset composition, training strategy, or architectural compression.

2.1.5 Translation of SLR Findings into the Benchmark Design

The benchmark was not designed independently of the review. As shown in Table 5, RQI identified the
five dominant model families and justified selecting seven representative variants. RQ2 showed that reported
performance often declined when RGB-oriented networks were exposed to spectral data, motivating direct
14-band evaluation. RQ3 showed that attention modules may improve weak-feature learning; therefore,
the present benchmark first isolates backbone behaviour before attention is introduced in the next model-
development stage. RQ4 identified inconsistent splitting, incomplete preprocessing descriptions, limited
statistical analysis, and weak deployment reporting; these gaps informed the standardized data pipeline, the
explicit development/hold-out evaluation structure, the statistical-analysis plan, and the expanded efficiency
metrics used in this study.

Table 5: Direct mapping from SLR findings to benchmark decisions.

SLR Finding Benchmark Decision

MobileNet, EfficientNet, ShuffleNet,
SqueezeNet, and GhostNet were the most

Select these five families; retain two MobileNet and two

- ShuffleNet generations to test within-family evolution
represented families

Spectral performance was less stable than Evaluate the architectures directly on all 14 VisNIR bands
RGB performance under the same input resolution and metric definitions
Attention was promising but inconsistently Establish a backbone-only baseline before adding a
evaluated uniform lightweight attention module

. . Use a two-stage development/test design, report
Evaluation and deployment reporting were 5 P &, TP

. ) uncertainty, and add FLOPs, memory, latency, and
inconsistent

throughput

2.2 Comparative Analysis of Lightweight Deep Learning Models

This section synthesizes evidence from the 29 primary studies retained after systematic screening to
critically examine how lightweight deep learning architectures have been applied to plant disease detection,
with particular emphasis on spectral-based approaches relevant to HLB. In this study, rather than cataloging
reported accuracies alone, we analyzed the studies focusing on recurring architectural strengths, failure
modes, and unresolved challenges, especially in relation to subtle spectral-spatial cues and pre-symptomatic
disease detection that motivates this study.

2.2.1 Overview of Lightweight Model Usage Trends

Across the reviewed studies, lightweight deep learning models were predominantly adopted to address
computational constraints associated with field deployment, mobile platforms, and edge devices [6,12].
Findings of this study show that most studies evaluated one or two lightweight backbones, frequently
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benchmarking them against heavier CNNs such as ResNet or VGG to demonstrate efficiency gains [13]. As
noted in Table 4, MobileNet-based architectures emerged as the most frequently used backbone.

However, this study found that while the lightweight models achieved a high overall accuracy in crop
disease detection, their performance declined when classifying crop disease using multispectral imagery.
This decline was attributed to a greater proportion of false-positive predictions, particularly in early-stage
detection where critical information is often encoded in narrow spectral bands.

2.2.2 ShuffleNet Variants

ShuffleNet architectures were identified in seven studies emphasizing efficiency-driven plant disease
recognition and lightweight deployment. We observed two variants of ShuffleNet in the reviewed studies;
ShuffleNet v1 and ShuffleNet V2. The first variant ShuffleNet V1 which was originally introduced as a high-
performance lightweight CNN by the Megvii Technology team in 2017 as simply ShuffleNet [14]. The model
introduced grouped convolutions combined with channel shuffling to reduce computational cost while
maintaining information flow across feature channels, achieving approximately 5.IM parameter count. The
researchers in [14] noted in their study that ShuffleNet achieved 80.95% in detecting lemon bruising using
hyperspectral dataset. In their study, ResNet model achieved a high accuracy of 90.47% however, the model
needed more storage and computing power to train as compared to ShuffleNet. They concluded in their
finding that ShuffleNet sacrifice its performance and generalization power in complex tasks like 3D-CNN
classifications in favor of its simplicity. We also observed that researchers in [15] proposed an improved
ShuffleNet CNN model for detecting leaf diseases in crops such as capsicum, rice, corn, tomato, and citrus.
Their findings indicate that the model achieved a 91.94% accuracy which outperformed well-known models
like ResNet50 and DenseNet20. The high accuracy was attributed to the added convolutional layers, a Feature
Pyramid Network (FPN), and a Region Proposal Network (RPN).

The other variant of ShuffleNet observed in the studies was ShuffleNet v2 with approximately 3.7M
parameters. Its architecture refined the original design of ShuffleNet by removing group convolutions,
introducing channel split operations, and enforcing practical efficiency guidelines such as equal channel
width and reduced memory access cost. These changes improved gradient flow and training stability and
resulted in modest performance gains across several application domains [16]. Researchers in [17] highlighted
that while lightweight convolutional neural networks, like ShuffleNet V2, effectively classify tomato leaf
diseases with an accuracy of 91.817%, they may struggle with early-stage or low-contrast disease detection.
This is due to the reliance on dominant spatial patterns rather than narrow spectral bands, which can
lead to the loss of weak but critical spectral signatures during aggressive feature compression. Thus, the
model’s performance may decline in detecting subtle disease symptoms. The researchers proposed utilizing
ShuffleNet V2 as the backbone and incorporating Attention mechanisms so as to improve performance when
the model is subjected to narrow spectral band images.

Another study by [18] proposed LA-ShuffleNet model which was a combination of an upgraded
ShuffleNetV2 network structure and a novel attention module named the Adaptive Pooling Attention
Module (APAM). The reported findings indicate that LA-ShuftleNet with 3.0M parameters achieved a
high accuracy compared to baseline CNN models on ImageNet dataset. They concluded that combining
lightweight design with attention module, the network can help achieve optimal performance. Other studies
like [19,20] discussed ShuffleNet V2 and highlighted that although the ShuftleNet network can learn rich
feature representations despite having fewer parameters, the basic unit of the network suffers from partial
structural redundancy, as well as poor network operation speed.
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The reported findings consistently indicated noticeable reductions in recall and class-wise accuracy
when disease symptoms were weak or spectrally subtle. This limitation was attributed to channel manipula-
tion strategies that, while computationally efficient, restricted the model’s capacity to preserve narrowband
spectral-spatial relationships. As a result, ShuftleNet variants were selected for empirical validation.

2.2.3 SqueezeNet

SqueezeNet model usage was observed in four studies out of the qualified papers in this study. This
model is commonly used as feature extractor, especially in transfer learning. SqueezeNet has approximately
1.4M parameter count making it to be used consistently in the studies likely due to its extremely compact
architecture and minimal memory footprint [11]. As noted in a study by researchers in [21]. The model
relies on fire module, which aggressively reduce channel dimensionality through squeeze layers followed
by limited expansion. The SqueezeNet architecture is built around three core design strategies and the fire
module. These strategies include replacing 3 x 3 filters to 1 x 1 filters, decreasing the number of input
channel dimensions to 3 x 3 filters, and finally applying downsample late in the network. The fire module
has 2 modules; the squeeze and the expand layers. The researchers retrained SqueezeNet and MobileNetV2
on RGB dataset with citrus diseases. The reported findings indicated that the SqueezeNet model achieved
accuracy of 96% outperforming MobileNetV2 model. Researchers in [22,23] utilized SqueezeNet in their
studies and indicated in their findings that SqueezeNet design enables rapid inference and low storage
requirements, making it attractive for deployment on highly constrained devices. However, the excessive
channel compression can reduce the model’s ability to retain discriminative spectral information across
contiguous wavelength bands. It was observed that across the qualified studies, there is no particular study
that utilized multispectral image dataset to detect crop disease. Therefore, an experiment is required to show
if the model can be able to classify diseases on multispectral band image dataset input.

2.2.4 MobileNet Variants

MobileNet architectures were the most prevalent lightweight models across the reviewed literature, with
MobileNetV2 and MobileNetV3 appearing in twelve studies. The original MobileNet introduced depthwise
separable convolutions to reduce computational cost. A variant named MobileNetV2 proposed in 2018
incorporated inverted residual blocks with linear bottlenecks, improving feature reuse and representational
efficiency [24]. In 2019, another improved variant of MobileNet was introduced with name; MobileNetV3.
This version further refined the architecture through neural architecture search (NAS), lightweight attention
integration via squeeze-and-excitation modules, and the adoption of h-swish activation functions [25]. These
variants are most used because the model architecture is flexible and comes with global hyperparameters
including width multiplier («) and Resolution multipliers (p). These global hyperparameters can be tuned
for specific latency and accuracy trade-offs.

Study [9] addresses the challenge of citrus fruit and leaf diseases by proposing an automated deep
learning-based detection model. It proposes a lightweight classifier using MobileNetV2 which was trained
on a Kaggle dataset of citrus images categorized into greening (HLB), black spot, citrus canker, and healthy
samples. Data augmentation techniques such as rotation, scaling, and flipping were applied to improve
generalization, while optimization strategies like Adam, early stopping, and learning rate reduction ensured
efficient convergence. The findings show that MobileNetV2 achieved a better performance with an overall
accuracy of 95% in detecting fruit disease and 99% in detecting leaf disease outperforming InceptionV3
and standard CNN models in both accuracy and processing speed. Researchers in [24] highlights that
MobileNetV2 as a balanced choice between accuracy and efficiency, making it a strong candidate for real-
time, resource-constrained agricultural diagnostics. They trained this model on a dataset obtained from
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Kaggle with RGB orange disease images. The findings indicate that the model yielded an overall accuracy
of 95% in detecting orange disease (Blackspot, Canker, Fresh, and Greening Citrus, using a deep learning
approach). Other studies like [26-28] also utilized MobileNetV2 in their studies and their findings indicate
that the model was able to show high accuracies in detecting citrus diseases. However, there is no specific
study that focused on detecting the citrus diseases especially before the symptoms manifest themselves. The
reviewed studies utilizing MobileNetV2 were trained on RGB images and this make them difficult to detect
diseases before symptoms becomes visible.

Other several studies reported MobileNetV3 as the strongest lightweight baseline, particularly when
applied to spectral-based plant disease detection and when augmented with attention mechanisms such
as SE or CBAM [29]. A study by [25] proposed the use of a lightweight convolutional neural network
(MobileNetV3) for the rapid detection of Citrus Huanglongbing (HLB) disease, utilizing a handheld device
capable of capturing both multicolor fluorescence and multispectral reflectance images simultaneously. The
architectural refinements in MobileNetV3 were observed to improve channel-wise feature recalibration,
contributing to enhanced discrimination of informative spectral bands. Findings indicate that MobileNetV3
model achieved an overall accuracy of 92.1% with a false negative rate of 12.1% at 33 epochs when combining
multicolor fluorescence and multispectral reflectance images as input for the detection of HLB in Navel
orange datasets. The findings also underscore that also fine-tuning MobileNetV3 through transfer learning
method demonstrated superior transferring ability compared to the reuse-model approach, achieving an
overall accuracy of 96.5% for Ponkan citrus.

Researchers in this study [30] proposed an improved MobileNetV3 network architecture specifically
designed for discerning specific agricultural diseases and pests. The improvement is noted by the addition of
Selective Convolution (ScConv) module to replace some modules in the original model. ScConv is composed
of two key components: Selective Receptive Units (SRU) and Channel-Related Units (CRU). SRU uses gating
mechanisms to selectively fuse important features, helping the model focus on crucial information and
improve representation. CRU enhances inter-channel relationships by compressing and reconstructing input
channels, strengthening correlations between them and boosting the model’s expressive power. The study
indicate that the refined network structure capitalized on the utilization of multi-level feature information
extracted from images. The new developed model was MobileNetV3 small with 2.9M trainable parameters.
The new model showed improvement from an initial accuracy of 0.867 of the original MobileNetV3 to a
higher accuracy of 0.883 in detecting agricultural diseases and pests.

Another study utilized a lightweight MobileNetV3-Tiny model, which was enhanced with a Convolu-
tional Block Attention Module (CBAM), as the core component of an IoT-enabled real-time plant disease
detection system [29]. This model was specifically chosen and optimized for deployment on resource-
constrained edge devices like Raspberry Pi. To achieve this, the MobileNetV3-Tiny model underwent
optimization techniques including quantization and pruning, which successfully reduced its size to 4.3 MB.
The findings demonstrated that the MobileNetV3-Tiny model achieved a high classification accuracy of
96.85%. Furthermore, it exhibited an efficient inference latency of 140 ms. The study highlighted that this
performance not only met the requirements for real-time detection but also outperformed baseline models
such as ResNet18 and EfficientNet-B0 in terms of computational efficiency. This indicates its suitability for
cost-effective and scalable precision agriculture solutions. Studies [31,32] also utilized MobileNetV3 model
to develop a model capable of detecting citrus crop diseases. The findings of the two studies demonstrate that
the model can effectively detect citrus diseases.
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2.2.5 EfficientNet

EfficientNet was identified in seven papers reviewed in this study. This architecture was released by
Google Research indicating that it achieves state-of-the-art accuracy with significantly fewer parameters
and faster inference than its predecessors. Its design is defined by two core breakthroughs: a baseline archi-
tecture found via Neural Architecture Search (NAS) and a scaling method called Compound Scaling [33].
EfficientNet variants simplified this design by removing computationally expensive operations to improve
deployment feasibility. Across the reviewed studies, EfficientNet consistently demonstrated improved accu-
racy and more stable training behavior compared to earlier lightweight architectures. EfficientNet-based
models were noted for their scalability and efficiency, balancing model complexity with accuracy, making
them suitable for addressing the challenges of citrus disease classification.

Researchers in [34] specifically proposed model (EfficientNet BO) for the early detection of HLB in
oranges and tomatoes pathogens. The proposed model was reported to achieve accuracy of 98% on test
data. However, this study did not explicitly mention pre-symptomatic detection of the HLB. A similar study
in [35] also proposed EfficientNet BO for citrus leaf and fruit disease detection and compared the model with
other convolutional neural network (CNN) models. They noted in their findings that, although EfficientNet
B0 achieved 80.18/% test accuracy and benefited from hyperparameter tuning and Mixup augmentation, it
showed less stable convergence and struggled with classifying certain fruit diseases, indicating its lightweight
architecture might not capture subtle visual features as effectively as other models.

EfficientNet B3 was also identified in a paper in [36]. The study utilizes the EfficientNetB3 model
for classifying four major orange tree diseases: canker, greasing, scab, and greening, achieving an overall
accuracy of 92.25%, demonstrating its effectiveness in rapid citrus disease diagnosis and management [36].
The researchers indicate in the conclusions that although the model showed superiority in accuracy, there
are some cases where model refinements is required, especially when the disease symptoms differences are
very subtle. Study [37] also utilized EfficientNetB3 for detecting diseases in orange leaves. The findings of
the study indicate that the EfficientB3 achieved an accuracy of 97.30% after 30 training rounds. This model
outperformed VGG19, demonstrating its effectiveness in early disease detection for citrus trees. Researchers
in [13] compared EfficientNet B3 with other CNN models including ResNet50, MobiNetV2, and InceptionV3.
The study utilized Citrus Plant Dataset which is a RGB dataset with a specific focus on Black spot, Scab,
Canker, Melanose, and Greening/Huanglongbing in data sets. The findings indicate that EfficientNetB3
model achieved impressive accuracies of 99.43% in training, 99.48% in validation, and 99.58% in testing,
outperforming other CNN architectures in identifying and classifying citrus plant diseases.

Another study in [38] utilized EfficientNet, specifically EfficientNet-B5 and an improved version called
EfficientNet-B5-pro, for the classification of citrus leaf diseases and nutritional deficiencies. EfficientNet-B5-
pro incorporated two main enhancements: (1) Adaptive Angular Margin (Arcface) Loss which replaces the
standard softmax loss. It maximizes classification boundaries in angular space and adds a cumulative angular
margin between features and target weights. The design aimed to enhance intra-class compactness and inter-
class variability, which is particularly beneficial given the high similarity among various citrus leaf diseases.
(2) Adversarial Weight Perturbation (AWP) Mechanism which introduces noise to model weights and inputs
during training to regularize parameters and improve the model’s robustness by flattening the weight loss
landscape, thereby reducing the generalization gap between training and test accuracy. The researchers
indicate that after comparing the classification performances of several networks (Densenet121, ResNet50,
ShuffleNetv2, Mlp-Mixer, MobileNetv3, EfficientNet-B3, and EfficientNet-B5), EfficientNet-B5 achieved the
best performance with an accuracy of 94.9%.
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2.2.6 GhostNet

GhostNet model was identified in four papers in this study. As noted in [39]. GhostNet architecture
introduces ghost feature maps generated through inexpensive linear operations, aiming to approximate
redundant features produced by standard convolutions. The study proposed a lightweight convolutional
neural network model called Gated Asymmetrical GhostNet (GA-GhostNet). This model was designed for
the automatic diagnosis of plant diseases and pests on PlantDoc dataset. It incorporated a Gated Multi-
scale Coordinate Attention (GM-CA) module to filter out noise and irrelevant information in the image,
while capturing location information of diseases and pests at different scales. The reported findings indicate
the model having 3.7M parameters demonstrated high accuracy and efficiency in identifying plant diseases
and pests. However, the evidence base for GhostNet in spectral-based plant disease detection remains
limited. Another study [40] proposed integrating GhostNet module into the backbone architecture of the
YOLOVS algorithm. This was done to reduce the number of parameters, leading to a faster computational
algorithm. The improved YOLOvVS algorithm, which included the Ghost module, aimed to enhance the
model’s detection performance and make it more responsive to leaf disease detection, especially for small
leaf targets, while also reducing computational resources. The findings of their study indicate the best
performance without transfer learning was achieved by YOLOvS8s with the Ghost module and Coordinate
Attention (CA) mechanism, yielding a mAPO0.5 score of 69.3%.

A similar study was conducted integrating GhostNet into YOLOVS8 architecture [10]. This study
focused on detection rice leaf disease. The findings indicate that the proposed model achieved significant
improvements in detection performance, with mAP@50 metric of 95.4%, representing a 2.3% increase over
the baseline YOLOV8. Researchers in [41] proposed a citrus fruit detection method named HPL-YOLOv4.
The proposed model integrated GhostNet module into YOLOv4 architecture to make it lighter. To improve
the model performance, the study applied an efficient channel attention mechanism (ECA) to enhance the
multi-scale feature weights obtained by the backbone network. The findings indicate that the proposed model
achieved an average precision (AP) value of 98.21%, and a precision rate of 93.45% and increase by 9.41% and
2.26%, respectively compared to the original YOLOv4. The improvement was informed by the integration
of GhostNet.

2.3 Environmental Setup

This section describes the environment and protocol used to benchmark lightweight CNNs for
spectral-based early and pre-symptomatic HLB detection. The experimental objective was to identify a
deployment-suitable backbone that can preserve weak spectral-spatial information in 14-band orchard
imagery. The benchmark was designed as an architecture-selection baseline; it does not replace subsequent
validation on an independently labelled cohort of laboratory-confirmed asymptomatic infected trees.

2.3.1 Dataset Description

Experiments used the public in-situ multispectral HLB dataset hosted in Recherche Data Gouv
(doi:10.57745/054NAB) [42] and described in detail by Porto et al. [43]. It contains 2978 terrestrial images
from a commercial ‘Pera Rio’ sweet-orange orchard in Sao Paulo, Brazil, acquired during two field campaigns:
1297 images from Plot A in August 2023 and 1681 images from Plot B in November 2024. A Sony Alpha
7R2 Sextuple multi-lens camera generated 14 VisNIR bands centred at 405, 430, 450, 490, 525, 550, 560, 570,
630, 650, 685, 710, 735, and 850 nm. The data are available as aligned monochromatic Tagged Image File
Format (TIFF) images and Hierarchical Data Format version 5 (HDF5) datacubes ordered by wavelength.
The two labels are HLB and non-HLB. HLB trees were identified by trained field specialists and, because
the orchard was inspected four to eight times per year and symptomatic trees were rapidly removed, most
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newly detected trees had low disease intensity, with no more than approximately 25% of the canopy visibly
affected [43]. Each image covers a large canopy area and the number of visibly symptomatic leaves varies
substantially. Consequently, HLB-labelled scenes may contain extensive visually non-symptomatic foliage,
while the 14-band representation captures visible, red-edge, and near-infrared responses that are relevant to
early physiological stress. These properties justify the dataset as a baseline for architectures intended for early
and pre-symptomatic HLB detection. Nevertheless, the dataset does not provide a separate PCR-confirmed
asymptomatic-infected class, and this limitation is stated explicitly in the Discussion.

A two-stage evaluation design was used. First, the 2978 images were divided once into a 90% devel-
opment pool (2680 images) and a 10% stratified hold-out test set (298 images). Stratification preserved the
HLB/non-HLB distribution and representation from both acquisition campaigns. Second, stratified five-fold
cross-validation was performed only within the 90% development pool: in each fold, four partitions were
used for training and one for validation. The hold-out test set was not used for preprocessing estimation,
hyperparameter decisions, checkpoint selection, or model comparison and was accessed only after the
development analysis was finalized. This clarifies that the five folds were not created from the full dataset
and did not include the independent test samples. The public release does not provide stable tree-, branch-,
or leaf-level identifiers; therefore, the split was necessarily performed at image level. The possibility that
correlated images from the same biological source or acquisition sequence occurred in different partitions
cannot be completely excluded and is treated as a limitation. A campaign-held-out analysis is recommended
as an additional robustness test before deployment claims are made.

2.3.2 Multispectral Preprocessing and 14-Channel Input Adaptation

The HDF5 datacubes were loaded in ascending wavelength order and all 14 bands were retained; no band
was removed. Residual inter-band misregistration was reduced using the dataset's ECC-based registration
workflow, after which every datacube was resized to 224 x 224 pixels using bilinear interpolation. For
each cross-validation fold, the mean and standard deviation of every spectral band were estimated from
the training partition only. The resulting per-band z-score normalization parameters were then applied
unchanged to the corresponding validation partition and to the hold-out test set, preventing information
leakage. Training-only augmentation consisted of random horizontal flipping (p = 0.5), random vertical
flipping (p = 0.5), rotations within £15°, and random resized cropping with scale 0.90-1.00. Each spatial
transformation was applied identically to all 14 bands so that spectral correspondence was preserved; RGB
colour jitter was not used. Class imbalance was handled using inverse-frequency weights in the cross-entropy
loss, calculated separately from each training fold.

The stock ImageNet models accept three-channel RGB input and therefore could not ingest the 14-band
datacubes without modification. For every architecture, the first convolution was replaced by a layer with the
same output channels, kernel size, stride, padding, and grouping configuration but with 14 input channels. To
retain transferable low-level filters, the pretrained RGB kernels were averaged across the three input channels,
repeated across the 14 spectral channels, and scaled by 3/14 to preserve the expected activation magnitude.
All remaining pretrained weights were retained, and the final classifier was replaced by a two-output layer.
This same input-adaptation rule was applied to all seven networks.

2.3.3 Lightweight Models Selected for Benchmarking

Seven models were selected because they represented the five most frequently reported lightweight
families in the 29-study SLR and captured distinct efficiency mechanisms: MobileNetV2 and MobileNetV3,
SqueezeNet, ShuftleNetV1 and ShuffleNetV2, EfficientNetB5, and GhostNet. MobileNet and ShuftleNet
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each contributed two generations so that the benchmark could examine whether later design refine-
ments improved spectral feature preservation within the same family. SqueezeNet represented aggressive
fire-module compression, GhostNet represented inexpensive generation of redundant feature maps, and Effi-
cientNetB5 provided a higher-capacity compound-scaled comparator for the accuracy-efficiency trade-oft.

The selection criteria were: (i) frequency and relevance in the qualified SLR studies; (ii) architectural
diversity; (iii) availability of reproducible PyTorch implementations and pretrained weights; and (iv) suit-
ability for assessing deployment trade-ofts. NASNet-Mobile and MNASNet were not included because they
appeared too infrequently in the eligible spectral plant-disease literature to support the same evidence-
based comparison. The seven networks collectively represent depthwise separable convolution, inverted
residual bottlenecks, channel splitting and shuftling, fire modules, compound scaling, and ghost-feature
generation. This diversity enabled the study to test whether different compression strategies preserve or
discard narrow-band information relevant to early HLB detection.

EfficientNetB5 was retained as the upper-complexity comparator rather than being described as a sub-
5-million-parameter model. Apart from the necessary 14-channel input adaptation and replacement of the
final two-class classifier, no internal blocks were altered. The benchmark therefore compared the original
backbone designs under a consistent multispectral interface.

2.3.4 Experimental Setting, Training Protocol, and Performance Evaluation Methods

Experiments were conducted on an NVIDIA V100S GPU with CUDA 12.1, Python 3.10, PyTorch 2.1,
and TorchVision 0.16. Random seeds were fixed for Python, NumPy, and PyTorch, and deterministic CUDA
behaviour was enabled where supported. The primary benchmark deliberately used the same training budget
for all architectures so that observed differences could be interpreted under a controlled protocol rather than
confounded by unequal tuning effort. This design does not imply that one hyperparameter configuration is
optimal for every model.

Five-fold cross-validation was applied only to the 90% development pool, while the 10% hold-out test
set remained untouched until final evaluation. Within each fold, model selection used validation Fl-score,
and preprocessing parameters were estimated from the training partition only. The common baseline used
Adam, a learning rate of 0.001, batch size 8, inverse-frequency weighted cross-entropy loss, and a maximum
0f100 epochs with early stopping based on validation F1. The hyper-parameters were fixed for all experiments
and are summarized in Table 6.

Table 6: Hyper-parameter setup for all models.

Parameter Common Baseline Value Reason/Constraint
Input 14 x 224 x 224 Same multispectral representation for all models
Epochs 100 maximum Common training budget
Optimizer Adam Stable baseline used in related studies
Learning rate 0.001 Controlled baseline; .architecture-speciﬁc sensitivity
analysis recommended
Batch size 8 V100S memory constraint for 14-band tensors
Loss Inverse-frequency weighted cross-entropy Addresses moderate class imbalance
Checkpoint criterion Highest validation Fl-score Avoids selecting by training accuracy
Random seeds 42 Reproducibility

The common settings were retained as the primary benchmark because the objective was to com-
pare architectural behaviour under an identical computational budget. Results are therefore described
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as common-protocol performance and not as each model's maximum attainable accuracy. The revised
manuscript explicitly separates this controlled comparison from architecture-specific optimization and
reports the latter only if the equal-budget sensitivity analysis is completed. Accuracy, precision, recall,
specificity, and Fl-score were calculated using the HLB class as the positive class.

2.3.5 Statistical Analysis and Deployment Measurements

Cross-validation metrics were summarized as the arithmetic mean and sample standard deviation
across the five paired folds. Two-sided 95% confidence intervals were calculated using the t-distribution as
mean + t (0.975,4) x SD/sqrt (5). Precision, recall, specificity, and Fl-score were computed using binary
averaging with HLB-symptomatic as the positive class; Fl-score was calculated from the corresponding
precision and recall values as 2PR/(P + R). Because the same fold assignments were shared across all
seven architectures, overall performance differences were first assessed using the Friedman test, with
Kendall's W reported as the omnibus effect size [44]. Following a significant omnibus result, exact two-
sided Wilcoxon signed-rank tests compared MobileNetV3, the highest-mean model under the common
protocol, with each alternative architecture [45] Holm adjustment controlled the family-wise error rate
across the six pairwise comparisons [46] and adjusted p < 0.05 was considered statistically significant.
The independent 10% hold-out set was used only for final descriptive verification and was not used for
model selection, hyperparameter adjustment, or statistical testing. Hold-out performance is reported using
accuracy, precision, recall, specificity, and Fl-score.

Deployment measurements were collected from the exact instantiated models using a batch size of 1
and a 14 x 224 x 224 input tensor on the NVIDIA V100S used for training. After 100 warm-up passes, 1000
synchronized inference runs were used to calculate median latency, 95th-percentile latency, and throughput.
FLOPs and MACs were computed for the same input tensor, serialized FP32 model size was measured
from the saved state dictionary, and peak allocated GPU memory was recorded with the PyTorch CUDA
memory profiler. These measurements complement parameter count because theoretical compactness does
not necessarily predict practical latency or memory-access cost.

3 Results
3.1 Comparative Experimental Results

This section presents the comparative experimental results obtained from benchmarking seven
lightweight deep learning models for early-stage HLB detection using multispectral imaging data. All results
reported in this section were obtained using the multispectral orange leaf dataset, evaluated under the hybrid
partitioning strategy described in Section 2.3.1, with final posttest performance assessed on the stratified
hold-out test set of 298 images. The evaluation focuses on classification effectiveness and computational
efficiency under identical experimental conditions, with the objective of identifying well-justified lightweight
baseline model suitable for pre-symptomatic HLB detection.

3.1.1 Cross-Validation Performance

Table 7 summarizes the five-fold cross-validation results. Values are reported as mean + SD with two-
sided 95% t-confidence intervals. All classification metrics used binary averaging with HLB-symptomatic
as the positive class, and the corrected Fl-scores were derived from the corresponding precision and
recall values.
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Table 7: Five-fold cross-validation performance under the common training protocol.

Accuracy, Precision, Recall, F1-Score, Specificity,
Model Mean + SD Mean = SD Mean + SD Mean + SD Mean + SD
[95% CI] [95% CI] [95% CI] [95% CI] [95% CI]
80.50 + 1.78 79.80 +2.25 79.10 + 0.70 79.44 + 1.38 81.20 = 1.82
MobileNetV2
obtleive [78.28,82.71]  [7700,8259]  [78.23,79.97]  [7773,8115]  [78.94, 83.46]
82.90 +1.23 82.40 +1.96 81.70 + 2.07 82.02 + 1.23 83.80 « 1.67
MobileNetV3
obtlelve [8138,84.42]  [79.96,84.83]  [79.14,84.26]  [80.49,8355]  [81.72,85.87]
74.90 + 2.22 74.20 + 317 73.40 + 2.93 73.76 + 2.34 7610 + 4.78
SqueezeNet
[72.14,77.65]  [70.26,78.14]  [69.77,77.04]  [70.85,76.67]  [70.16, 82.04]
77.00 £ 2.35 76.40 + 1.21 75.70 + 2.65 76.02  1.29 78.00 + 2.45
ShuffleNetV1
uitieNe [74.09,79.91]  [74.89,7790]  [72.40,78.99]  [74.41,7763]  [74.96, 81.05]
78.60 + 2.91 78.00 + 2.80 7730 + 2.58 77.60 + 1.68 79.50 + 1.03
ShuffleNetV2
ulifelte [74.98,8221]  [74.52,81.48]  [7410,80.50]  [75.51,79.69]  [78.23,80.78]
EfficientNetps | S170 %258 8110  2.05 80.50 + 1.10 80.78 + 0.80 82.60 + 1.17
[78.50,84.90]  [7855,83.66]  [79.14,81.86]  [7979,8177]  [8L15,84.06]
79.30 + 1.52 78.80 + 2.45 78.10 + 2.68 78.43 + 2.13 80.20 + 1.41
GhostNet

[77.41, 81.19]

[75.76, 81.84]

(74.77, 81.42]

[75.78, 81.07]

[78.45, 81.96]

3.1.2 Statistical Comparison

The Friedman test identified a statistically significant overall difference in cross-validation accuracy
among the seven architectures (chi-square (6) = 21.429, p = 0.0015) as shown in Table 8. Kendall's W was
0.714, indicating a strong omnibus architecture effect. However, none of the six MobileNetV3 pairwise
comparisons remained significant after Holm adjustment. Accordingly, MobileNetV3 had the highest mean
performance under the common protocol, but the available five-fold evidence does not support a claim that
it statistically outperformed any individual comparator. The pairwise findings should also be interpreted
cautiously because only five paired fold observations were available.

Table 8: Friedman omnibus test and Holm-adjusted Wilcoxon comparisons on fold-level accuracy.

Raw Holm-Adjusted

Comparison Statistic p-Value p-Value Interpretation

Chi-square Significant overall

Friedman omnibus (6) = 21429 0.0015 - architecture effect;

) Kendall's W = 0.714
MobileNetV3 vs. MobileNetV2 W=10 0.1250 0.375 Not significant
MobileNetV3 vs. SqueezeNet W =0.0 0.0625 0.375 Not significant
MobileNetV3 vs. ShuffleNetV1 W=0.0 0.0625 0.375 Not significant
MobileNetV3 vs. ShuftleNetV2 W =0.0 0.0625 0.375 Not significant
MobileNetV3 vs. EfficientNetB5 W=5.0 0.6250 0.625 Not significant
MobileNetV3 vs. GhostNet W =0.0 0.0625 0.375 Not significant
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MobileNetV3 recorded the highest mean cross-validation accuracy (82.90 + 1.23%; 95% CI: 81.38-84.42)
and corrected Fl-score (82.02 + 1.23%; 95% CI: 80.49-83.55). EfficientNetB5 followed with 81.70 + 2.58%
accuracy and 80.78 + 0.80% F1-score, while MobileNetV2 achieved 80.50 + 1.78% accuracy and 79.44 + 1.38%
Fl-score. SqueezeNet produced the lowest mean accuracy and Fl-score, although the confidence intervals
show substantial fold-level overlap among several models.

Fig. 2 displays the mean five-fold accuracy and corresponding 95% confidence intervals. The error
bars reinforce that the observed ranking is descriptive and that uncertainty overlaps, particularly among
MobileNetV3, EfficientNetB5, MobileNetV2, ShuffleNetV2, and GhostNet.

90.0 A

87.5 A

85.0 1

82.5 1

80.0 1

Accuracy (%)

77.5 A

75.0 A

72.5 A

70.0 A

X
xx°°"“e
1S

s N 0
N o B N : $ex%6
N
= o &€
Model

Figure 2: Mean five-fold cross-validation accuracy with 95% confidence intervals.

3.1.3 Independent Hold-Out Evaluation

As shown in Table 9, the independent hold-out results broadly reproduced the cross-validation ranking.
MobileNetV3 achieved the highest hold-out accuracy (82.6%), recall (82.2%), Fl-score (81.0%), and speci-
ficity (82.8%). EfficientNetB5 achieved 81.2% accuracy and 79.6% Fl-score, while MobileNetV2 achieved
79.9% accuracy and 78.1% Fl-score. The relative ordering of ShuffleNetV1 and ShuffleNetV2 changed slightly
on the hold-out set, but both remained below the three leading architectures. These results corroborate
MobileNetV3 as the strongest descriptive baseline under the common protocol; they do not alter the
non-significant Holm-adjusted pairwise findings from cross-validation.

3.1.4 Deployment-Oriented Performance

Table 10 compares model complexity and predictive performance. FLOPs represent the approximate
number of floating-point operations required for one inference, while MACs represent the multiply-
accumulate operations performed during convolution and other network computations. Lower FLOPs and
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MAC:s generally indicate reduced computational demand, which is important for deployment on resource-
constrained devices. MobileNetV3 achieved the highest corrected cross-validation Fl-score (82.02%) with
moderate computational cost, whereas EfficientNetB5 required substantially more operations despite only
a small improvement over some lighter models. SqueezeNet had the fewest parameters and the smallest
model size but recorded the lowest Fl-score. These results showed that parameter count, storage size and
computational workload provide complementary measures of deployment suitability. FLOPs and MACs
provide theoretical estimates of computational demand, whereas the latency, throughput and memory
measurements in Table 11 show the actual runtime behaviour on the NVIDIA V100S.

Table 9: Performance on the independent stratified hold-out test set (n = 298).

Model Accuracy (%) Precision (%) Recall (%) F1-Score (%) Spec. (%)
MobileNetV2 79.9 77.0 79.3 78.1 80.4
MobileNetV3 82.6 79.9 82.2 81.0 82.8

SqueezeNet 74.2 70.4 74.1 72.2 74.2
ShuffleNetV1 76.5 73.0 76.3 74.6 76.7
ShuffleNetV?2 78.2 75.0 77.8 76.4 78.5

EfficientNetB5 81.2 78.4 80.7 79.6 81.6
GhostNet 78.9 75.7 78.5 771 79.1

Table 10: Model complexity and corrected cross-validation Fl-score.

Model Parameters (M) FP32 Size (MB) FLOPs (G) MACs (G) F1-Score (%)
MobileNetV2 3.40 13.6 0.40 0.20 79.44
MobileNetV3 5.48 21.9 0.27 0.13 82.02

SqueezeNet 1.30 5.2 212 1.06 73.76
ShuffleNetV1 1.87 75 0.21 0.10 76.02
ShuffleNetV2 2.28 9.1 0.21 0.10 77.60
EfficientNetB5 30.39 121.6 10.39 5.19 80.78

GhostNet 5.18 20.7 0.19 0.09 78.43

Table 11: Runtime and peak-memory measurements on the NVIDIA V100S.

Model Mfr?iSfI\I/IJB) Median Latency (ms) P95 Latency (ms) Th(::gg/lg ut
MobileNetV2 487 3.24 3.51 308.6
MobileNetV3 423 2.91 3.18 343.6

SqueezeNet 512 3.47 3.82 288.2
ShuffleNetV1 356 2.18 2.43 458.7
ShuffleNetV?2 378 2.34 2.61 4274
EfficientNetB5 1389 12.76 13.42 78.4

GhostNet 401 2.67 2.94 374.5
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As shown in Table 10, MobileNetV3 combined the highest corrected cross-validation Fl-score with a
median V100S latency of 2.91 ms, a 95th-percentile latency of 3.18 ms, and peak allocated GPU memory of
423 MB. ShuffleNetV1 and ShuffleNetV2 were faster, with median latencies of 2.18 and 2.34 ms respectively,
but their classification performance was lower. EfficientNetB5 had the greatest computational demand, with
30.39 million parameters, a 121.6 MB FP32 model size, 10.39 GFLOPs, 1389 MB peak GPU memory, and
12.76 ms median latency. SqueezeNet was the smallest model by parameter count and serialized size, but
it did not provide the best latency or predictive performance. These results show that model size alone is
insufficient for field-oriented architecture selection; predictive performance, latency, and memory must be
considered jointly.

3.1.5 Training Dynamics of Lightweight Models

To analyze the learning behavior beyond final evaluation metrics, epoch-wise training accuracy,
validation accuracy, training loss, and validation loss were examined for all seven models. All networks
were trained using identical hyper-parameters under the same hardware and software conditions, ensuring
that differences in convergence and generalization behavior reflected inherent architectural properties rather
than training bias. As illustrated in Figs. 3 and 4, SqueezeNet exhibited early convergence with limited
performance gains across epochs. Between epochs 20 and 80, both training and validation accuracy increased
slowly and remained below 70%. Toward the final epochs, training accuracy increased to approximately
90%-92%, while validation accuracy saturated around 75%-77%. The widening gap between training
and validation loss indicates limited representational capacity and pronounced overfitting, particularly in
capturing subtle spectral variations associated with early HLB infection. ShuffleNetV1 showed faster initial
learning, with training accuracy rising to approximately 95%-96%, while validation accuracy stabilized near
77%-78%. Validation loss remained consistently higher than training loss throughout training, indicating
moderate overfitting and sensitivity to spectral variability. ShuffleNetV2 exhibited similar behavior, with
training accuracy approaching 96%-97% and validation accuracy plateauing around 78%-79%. How-
ever, noticeable mid-epoch fluctuations in validation accuracy and loss suggested slower stabilization of
generalization performance compared to MobileNet-based architectures.

As depicted in the results, MobileNetV2 demonstrated faster and more stable convergence than the
ShuffleNet variants. Training accuracy rapidly approached 96%, while validation accuracy stabilized near
81% with a relatively small and consistent gap. Both training and validation losses decreased smoothly with
minimal divergence, indicating stable generalization and effective learning of spectral features. On the other
hand, MobileNetV3 achieved the strongest overall learning dynamics among the evaluated models. Training
accuracy rapidly approached approximately 98%-99%, while validation accuracy increased smoothly to
around 82%-83%. The gap between training and validation curves remained minimal, with only minor
late-epoch divergence, reflecting strong representational capacity, efficient feature extraction, and stable
generalization behavior.

GhostNet model exhibited steady convergence, with training accuracy reaching approximately 96% and
validation accuracy plateauing around 79%-80%. Training and validation losses decreased gradually, with
a small but persistent divergence, suggesting slightly slower adaptation to subtle spectral cues compared to
MobileNet-based architectures. EfficientNetB5 demonstrated the fastest convergence and the most stable
validation behavior among all evaluated models. Training accuracy rapidly approached 97%, while validation
accuracy increased smoothly to approximately 81%-82%. Although convergence was slightly smoother in
the early epochs compared to MobileNetV3, minimal oscillations in validation accuracy were observed. The
gap between training and validation curves remained consistently small, and both loss curves decreased
steadily, indicating robust generalization and effective learning of spectral features. MobileNetV3 exhibited
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the most stable generalization behavior, highlighting the importance of architectural balance when learning
from high-dimensional spectral data.
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Figure 3: Training and validation accuracy curves for all models.
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Figure 4: Training and validation loss curves for all models.
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3.1.6 Confusion Matrix Analysis

Confusion matrices were examined to assess class-level behaviour on the independent hold-out set.
False negatives represent HLB-symptomatic samples predicted as non-HLB-symptomatic and are particu-
larly important because they may delay field intervention. The analysis is reported using the original binary
dataset labels rather than relabelling the classes as healthy, early-stage, or pre-symptomatic.

Fig. 5 presents the hold-out confusion matrices for the seven models. MobileNetV3 had the highest
hold-out recall (82.2%), indicating the lowest false-negative proportion among the evaluated architectures.
EfficientNetB5 and MobileNetV2 also showed comparatively balanced discrimination, whereas SqueezeNet
and the ShuffleNet variants produced lower recall and Fl-scores. These errors are consistent with the
difficulty of preserving weak spectral-spatial information in compact RGB-pretrained backbones, but the

binary labels do not permit the errors to be interpreted as direct failures on a separately confirmed
asymptomatic-infected class.
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Figure 5: Confusion matrix for all models.

3.1.7 Summary of Experimental Evidence

Across cross-validation, independent hold-out evaluation, and deployment measurements,
MobileNetV3 provided the strongest descriptive accuracy-efficiency baseline under the common training
protocol. The significant Friedman result confirms that architecture choice affected fold-level accuracy,
while the non-significant Holm-adjusted pairwise comparisons show that the available five-fold sample
does not establish statistical superiority over any individual architecture. EfficientNetB5 was competitive
but substantially more computationally demanding, and SqueezeNet and ShuffleNet variants achieved
lower predictive performance. These findings support MobileNetV3 as the baseline for subsequent

spectral-aware model development, subject to validation on independent orchards, sensors, campaigns, and
laboratory-confirmed asymptomatic samples.
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3.2 Discussion of Findings

The benchmark supports the SLR finding that lightweight architecture choice materially affects mul-
tispectral plant-disease classification under a controlled protocol. MobileNetV3 achieved the highest mean
cross-validation accuracy and Fl-score and retained the highest accuracy on the independent hold-out set.
The Friedman test demonstrated a strong overall architecture effect; however, no MobileNetV3 pairwise
comparison remained significant after Holm correction. The manuscript therefore interprets MobileNetV3 as
the highest-mean and strongest descriptive common-protocol baseline, not as a statistically superior model.

The performance pattern is consistent with architectural differences in feature reuse, channel recal-
ibration, and compression. MobileNetV3 and EfficientNetB5 achieved the strongest predictive results,
whereas the more aggressively compressed SqueezeNet and ShuffleNet configurations generally produced
lower recall and Fl-scores. Nevertheless, the overlapping confidence intervals and the small number of
paired folds limit strong architecture-level causal conclusions. In addition, the shared hyperparameters were
selected to support a controlled comparison rather than to maximize the performance of every architecture;
architecture-specific tuning could therefore change the exact ranking.

The study also demonstrates the limitations of transferring RGB-pretrained backbones to multispectral
HLB data. Although the first convolutional layers were adapted to accept all 14 bands, ImageNet pretraining
does not provide spectral priors for VisNIR relationships beyond RGB. The lower performance relative to
some RGB-based studies may therefore reflect spectral domain shift, dataset difficulty, field variability, and
model capacity rather than any single architectural weakness. The results motivate future investigation of
spectral-aware pretraining and lightweight attention, but the present benchmark does not test a uniform
added attention module and should not claim that attention caused the observed differences.

The early-detection relevance of the experiment arises from low-intensity HLB scenes and the use
of spectral bands capable of capturing weak physiological variation. However, the source labels dis-
tinguish only HLB-symptomatic and non-HLB-symptomatic scenes. They do not identify a separate
cohort of PCR-confirmed infected trees without visible symptoms. Consequently, the results establish
an architecture-selection baseline for future pre-symptomatic research rather than clinical evidence of
pre-symptomatic sensitivity.

3.3 Implications for Lightweight Spectral Model Design

The findings indicate that lightweight spectral models must balance computational reduction with
preservation of narrow-band and cross-band information. Excessive compression may improve parameter
count without improving latency and may reduce recall when disease-related cues are weak.

The SLR suggests that lightweight attention mechanisms may improve selective emphasis on informative
spectral-spatial features, but their value should be tested through controlled ablation studies using the same
backbone, split indices, and training budget. The present results provide the backbone baseline required for
such experiments.

Future model development should combine spectral-aware pretraining, transparent band-processing
procedures, architecture-specific sensitivity analysis, and deployment evaluation on representative edge
hardware. External validation should prioritize campaign-held-out, orchard-held-out, sensor-held-out, and
laboratory-confirmed asymptomatic cohorts.

3.4 Limitations and Generalizability

The empirical findings are based on one public citrus dataset acquired in a single production region
with one imaging system and two field campaigns. Generalization to other citrus cultivars, orchards,
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countries, seasons, sensors, and disease-prevalence conditions has therefore not been established. Because
stable tree-, branch-, or leaf-level identifiers were unavailable, splitting was performed at image level;
correlated samples from the same biological source could consequently occur across partitions and inflate
performance estimates.

The binary source labels do not include a separately confirmed asymptomatic-infected class, so pre-
symptomatic performance cannot be quantified directly. The use of a common hyperparameter protocol
improves comparability but does not establish each architecture’s optimal attainable performance. Statistical
inference was based on only five paired folds, limiting the power of post-hoc tests, and deployment timing was
measured on an NVIDIA V100S rather than on a representative field edge device. These constraints should
be considered when interpreting the ranking and planning external validation.

4 Conclusion

This study combined a PRISMA-guided systematic review with a controlled multispectral benchmark
of seven lightweight CNN architectures for HLB-symptomatic versus non-HLB-symptomatic classifica-
tion. The review identified the dominant model families and methodological gaps, and those findings
directly informed the architecture set, 14-band input protocol, development/hold-out partitioning, statistical
analysis, and deployment measurements.

Under the shared training protocol, MobileNetV3 achieved the highest mean five-fold accuracy
(82.90 + 1.23%) and corrected Fl-score (82.02 + 1.23%), followed by EfficientNetB5. MobileNetV3 also
achieved the highest hold-out accuracy (82.6%) and Fl-score (81.0%). The Friedman test identified a signifi-
cant overall architecture effect with a strong Kendall’s W, but no MobileNetV3 pairwise comparison remained
significant after Holm adjustment. MobileNetV3 should therefore be regarded as the strongest descriptive
baseline and favourable accuracy-efficiency compromise, not as a statistically proven superior architecture.

The conclusions are limited by the use of a single dataset, image-level partitioning, five paired
folds, V100S-based deployment measurements, and the absence of a separately labelled PCR-confirmed
asymptomatic-infected class. The benchmark supports future development of a pre-symptomatic HLB sys-
tem but does not itself demonstrate definitive pre-symptomatic detection. Subsequent work should evaluate
spectral-aware pretraining and lightweight attention through controlled ablation, optimize architectures
under equal search budgets, and validate performance across independent campaigns, orchards, sensors,
edge devices, and laboratory-confirmed asymptomatic samples.
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