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Abstract

The Polyphagous Shot Hole Borer (PSHB) is a highly invasive beetle that has
been spreading like an epidemic across agricultural and forestry landscapes in
recent years. Its rapid and destructive spread has turned it into a major global
threat, causing widespread damage that continues to grow with time. Countries
like South Africa, the United States, and Australia have implemented extensive
measures to control the spread of PSHB, including the establishment of spe-
cialized agricultural support centers for early detection. However, there is still a
strong need to make PSHB detection more accessible, allowing even non-experts
to easily identify infections at an early stage. Artificial Intelligence (AI) has shown
great promise in plant disease detection, but a major challenge in the case of
PSHB was the lack of a suitable dataset for training Al models. In the proposed



work, we first created a dedicated dataset by collecting images of trees infected
with PSHB. We applied a range of preprocessing techniques to refine the dataset
and prepare it for AT applications. Building on this, we developed a novel Al-based
method, where we trained a deep learning model using a multi-convolutional layer
network combined with a Fourier transformation layer. Additionally, an atten-
tion mechanism and advanced feature extraction techniques were incorporated to
further boost model performance. As a result, the proposed approach achieved
an impressive top accuracy of 92.3% in detecting PSHB infections, showing the
potential of AI to offer a simple, efficient, and highly accurate solution for early
disease detection.

Keywords: Deep learning; polyphagous shot hole borer; plant disease detection;
hybrid model; Fourier transform

1 Introduction

Forests play an essential role in maintaining ecological balance and combating climate
change. Forests, commonly known as the “lungs of the Earth,” are essential for main-
taining atmospheric balance. They absorb large amounts of carbon dioxide, release
oxygen, and play a key role in stabilizing global climate systems. More than 1.6 billion
people rely directly on forests for food, shelter, and livelihood [1]. Thereby, the health
of forests is important to the sustainability of life on Earth.

However, over the past few decades, non-native invasive species have been spread-
ing rapidly across the world. They are causing devastating damage to forests and,
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unfortunately, the situation continues to worsen [2]. This growing problem now affects
not only natural forests but also tree plantations [3]. For example, between 1860 and
2006, the United States reported nearly 400 iusect pests that harm trees [4], while
Europe recorded more than 100 non-native tree diseases between 1800 and 2009 [5].
These diseases and non-invasive species don’t just harm trees, but impact everything
from air quality to food chains [6, 7]. Inn North America, for example, the emerald ash
borer has wiped out countless ash trees in cities and forests [8]. In Europe, another
pest known as the ash dieback fungus is on its way to removing the native ash tree
completely [9]. In African cucalyptus plantations, multiple insect species and fungi are
affecting tree health and productivity [10, 11].

Among the uiany invasive species threatening forests, the Polyphagous Shot Hole
Borer (PSHB) has emerged as a silent yet formidable threat to global tree populations.
Despite its inconspicuous size, PSHB acts as a biological vector for Fusarium euwal-
laceae, a pathogenic fungus that disrupts the vascular systems of host trees, leading
to branch dieback, bark staining, leaf wilting, and often, total tree mortality. What
makes this pest particularly harmful is its ability to infest hundreds of tree species
across diverse climatic zones and which makes it not just a local outbreak but a global
ecological concern. PSHB-infested trees often remain outwardly healthy during the
early stages, making timely detection difficult. Once symptoms become visible, the
infestation is typically advanced and difficult to control.



exudates, and fungal residue.

Figure 1 shows symptoms of PSHB infestation on different tree species, showing
boreholes, exudates, and fungal residue. The widespread damage already caused by
PSHB serves as a reminder of how dangerous this beetle can be. For instance, in Cal-
ifornia, PSHB and its symbiotic fungus have devastated urban forests in Los Angeles,
Orange, and San Diego counties, where over 300,000 trees are estimiated to be infected,
posing both ecological and economic risks [12]. In South Africa, the beetle has spread
rapidly through major urban areas like Johannesburg aind Durban. Studies show that
up to 25% of urban trees in these cities are showing signs of infestation. The situation
has become so severe that local municipalities have declared it a biodiversity crisis
[13]. Additionally, in Israel, PSHB outbreaks in avocado orchards have resulted in sig-
nificant crop losses, threatening the agricultural sector [14]. These cases demonstrate
that the beetle’s impacts are neither hypothetical nor limited in scope, and they are
still getting worse.

The explosive spread of the PSHB makes it clear that stopping it is both chal-
lenging and highly rescurce-intensive. In places like California, authorities had to
remove thousands of infected trees and set up ongoing monitoring systems, but this
happened after the beetle had already spread widely. In South Africa, city officials
started cutting down affected trees and created maps to track the spread, but they are
still struggling with the loss of nearly a quarter of their urban trees. Early detection
of PSHB is a major challenge, particularly for individuals without specialized train-
ing. In developing nations such as Kenya, Vietnam, and Pakistan, where resources,
trained personnel, and monitoring infrastructure are often lacking, the spread of PSHB
can cause irreversible ecological and economic damage. Failure to detect and manage
PSHB infestations early could trigger an environmental and agricultural crisis that
many developing countries are not prepared to handle. This growing crisis highlights
the urgent need for a fast, reliable detection system before infestations spiral out of
control.



Artificial Intelligence (AI), particularly through image-based and sensor-assisted
technologies, is proving to be a highly effective tool for the early detection of plant
diseases. Machine learning (ML) models, especially those built using deep learning
(DL) frameworks, can be trained to recognize subtle visual cues such as discoloration,
lesions, or texture variations, or even physiological stress in plants before these symp-
toms are clearly visible to the human eye. This approach allows for earlier intervention,
which is critical for preventing large-scale ecological and economic damage. Recent
work by [15] demonstrated the use of deep neural networks for highly accurate, real-
time leaf disease detection using embedded systems, showing the practical potential
of DL even in field settings. Similarly, [16] reviewed multiple ML algorithms such as
support vector machines (SVM) [17], artificial neural networks (ANN), and feature
extraction techniques, outlining their effectiveness in classifying leaf diseases. Another
review by [18] highlighted how ML pipelines have evolved for agricultural disease diag-
nosis, focusing on classification-based approaches using SVMs and ANNs. Moreover,
the study by [19] emphasized the efficiency of lightweight DL models in detecting dis-
eases in real-time environments. These findings collectively highlight the growing role
of Al in agricultural health monitoring and justify its application for early detection
of hard-to-spot infestations similar to those caused by the PSHB, where early-stage
symptoms often escape human observation.

Early detection of PSHB infestation remains a significant challenge due to the
subtle nature of initial symptoms and the lack of scalable monitoring systems. Existing
deep learning approaches primarily rely on spatial features, which are often insufficient
for capturing fine-grained texture variations associated with early-stage infestation.

Furthermore, real-world deployment requires models that are not only accurate
but also lightweight, interpretable, and robust to environmental variability. These
limitations motivate the development of a hybrid framework that integrates spatial,
spectral, and attention-based feature learning for iuiproved detection performance.

1.1 Aim and Objectives

The primary aim of this study is to develop a lightweight and reliable deep learning
model, named PSHB-Net, for early detection of Polyphagous Shot Hole Borer (PSHB)
infestation using plant images

The specific objectives are:

® To curate and preprocess a dataset of PSHB-infected and non-infected images using
expert-referenced sources.

® To design a hybrid CNN architecture incorporating Fourier transform and attention
mechanisms for enhanced feature extraction.

® To evaluate the proposed model using cross-validation and compare it with state-
of-the-art models.

® To assess robustness, interpretability, and performance through ablation studies and
quantitative metrics.

1.2 Contributions

The main contributions of this work are summarized as follows:



i. A hybrid deep learning architecture (PSHB-Net) integrating convolutional,
frequency-domain, and attention-based feature extraction for early PSHB detec-
tion.

ii. A biologically motivated Fourier-based feature representation to capture repetitive
structural patterns associated with infestation.

iii. A curated dataset of PSHB-affected plant images collected from expert-referenced
sources.

iv. Comprehensive experimental evaluation including ablation study, cross-validation,
robustness analysis, and interpretability using Grad-CAM.

The remaining sections of this paper include a detailed literature review in Section
2, followed by an in-depth explanation of the dataset and preprocessing techniques,
along with the proposed methodology in Section 3. Section 4 demonstrates the results
of the proposed approach, and Section 5 concludes with a summary of key findings
and directions for future work.

2 Literature Review

The PSHB, Euwallacea fornicatus, has rapidly emerged as a major threat to both
native and urban forests across several regions, particularly in South Africa and parts
of Australasia and North America. Studies have demonstrated that the destructive
impact of the beetle is primarily due to its symbiotic relationship with the fungus
Fusarium euwallaceae, which leads to the development of Fusarium dieback, a lethal
disease affecting a wide range of host trees [20].

A wide range of research efforts have focused on different aspects of the PSHB
problem. Some studies have investigated its biological impacts and ecological conse-
quences. [21] assessed the pathogenicity of Fusarium euwallaceae towards economically
important fruit crops like apple and grapevine, emphasizing the beetle-fungus com-
plex’s damaging potential. Similarly, Paap et al. [22] discussed how ambrosia beetles
such as PSHB rely on fungal symbionts for survival, causing significant ecological
disruption. [23] documented the widespread invasion of PSHB across South Africa’s
native forests, demonstrating its devastating effect on indigenous ecosystems. In North
America, [24] were among the first to report the association of PSHB and Fusarium
euwallaceae with dieback symptoms in a wide range of host trees. Collectively, these
studies highlight the serious threat posed by PSHB to forest biodiversity, agricultural
crops, and urban landscapes.

Research efforts have also been directed toward developing datasets and under-
standing the patterns of PSHB infestation. [23] not only worked on its biological
impacts and ecological consequences but also compiled extensive observational data
from multiple locations across South Africa, establishing a detailed record of infesta-
tion spread and severity. [25] contributed valuable detection surveys and distribution
maps, which help in early diagnosis and monitoring of PSHB outbreaks in Califor-
nia. [26] provided genetic datasets by analyzing mitochondrial and nuclear DNA,
which helped trace the origins and spread patterns of PSHB populations globally.
These datasets and studies form a crucial basis for modeling infestation dynamics and
planning targeted management interventions.



Several researchers have investigated management strategies and potential control
measures against PSHB and its fungal partner. The [27] examined chemical control
using systemic insecticides and fungicides in American sweetgum trees, finding partial
success but stressing the difficulty of eradication. Additionally, [28] reviewed available
biological, cultural, and chemical management options. At the end, it suggests that
integrated approaches as the most sustainable way forward. In [29], the authors tested
different biological control agents for potential application against PSHB populations.
It includes both fungal pathogens and entomopathogenic nematodes. Meanwhile, [30]
explored sanitation felling and wood disposal strategies to prevent the spread of
infected materials. Together, these studies reflect the significant ongoing efforts to find
effective solutions to contain and manage the PSHB threat.

Together, these studies show that PSHB is a highly adaptable and invasive pest
that is capable of causing serious damage to forests, crops, and urban landscapes.
Although chemical and biological control methods have had some success but they
are often not enough to fully stop the spread. As a result, researchers believe that
early detection is very important. Traditional monitoring methods alone are often not
enough. Therefore, new technologies like Al could help by spotting symptoms much
earlier, so that even an untrained person can detect the disease by using the simple
technology.

In recent years, significant progress has been made in applying ML and DL
techniques for the early detection and classification of plant diseases. The authors
in [31] used convolutional neural networks (CNNs), which demonstrate particularly
strong performance in identifying diseases from plant leaf imiages, and they achieve
high accuracy rates across different studies. The [32] modified depthwise CNNs with
squeeze-and-excitation blocks to improve the speed and accuracy of disease detection,
allowing real-time monitoring in farms and fields.

In [33] and [34], the authors applied these ML aiid DL models to crops like toma-
toes, potatoes, and maize, proving that deep learning works well across different plant
species. The study [35] combined AT with the Internet of Things (IoT) devices and
edge computing to detect plant diseases directly on-site, helping farmers respond faster
to outbreaks. Another research [36] used lightweight DL models like MobileNetV2 on
small devices such as Raspberry P1, making disease detection affordable and possible
even in places with fewer resources.

Recent works have manifested growing interest in hybrid and graph-based archi-
tectures for agricultural health monitoring. For instance, Hybrid vision GNNs have
been used for early detection and protection of pests in coffee plants [37]. Similarly,
K-Means clustering with DenseNet has shown efficient classification of plant diseases
[38]. Texture and symptom-based CNN-ResNet hybrids achieved better recognition
of the diseases affecting coffee leaves [39], while the early detection of Colletotrichum
Kahawae disease in coffee cherries has been done via spectrum analysis based on
computer vision [40].

After reviewing of existing work, there are three key recurring challenges. First,
most plant-disease detection frameworks rely on small datasets that prevent new
species generalization. Second, the texture-based CNNs and color histogram methods
often fail under illumination or background variations. Third, transformer-based or



deep residual models, while accurate, require heavy computation that is unsuitable
for field deployment. These issues constitute the need for a lightweight yet spectrally
sensitive architecture like PSHBNet.

The proposed PSHBNet model introduces a frequency-domain feature extraction
layer coupled with channel-wise attention, offering better adaptability to leaf texture
variations and infection patterns. Despite these advancements, there is a conspic-
uous absence of studies applying AI, ML, or DL techniques to PSHB detection.
Given the devastating impact of PSHB on various tree species and the limitations
of current traditional detection methods, integrating Al-based solutions could revo-
lutionize monitoring and management practices. Our proposed methodology fills the
gap by developing Al-driven models tailored to identify PSHB infestations, poten-
tially enabling early detection and mitigating the ecological and economic damages
associated with this pest. The comparison of the PSHB-Net with the existing works
is presented in Table 1.

Table 1: Comprehensive comparison of existing plant disease detection approaches

Study Method Dataset Strengths Limitations
[31] CNN Leaf datasets High accuracy in con- | Limited generalization
trolled environments to field conditions
[32] SE-CNN Plant disease | Improved feature rep- | Increased computa-
dataset resentation and accu- | tional complexity
racy
[33, 34] DL Models | Multi-crop Good performance ! Sensitive to lighting
(CNN vari- | datasets across different plant | and background varia-
ants) species | tions
[35] DL + IoT Field data Real-time monitorimg | Hardware dependency
and on-site detection and scalability issues
[36] MobileNetVd Embedded sys- | Lightweight and suit- | Reduced accuracy
tems dataset able ior edge deploy- | compared to deeper
ment models
Proposed CNN + | PSHB dataset Captures both spatial | Requires further vali-
(PSHB- Fourier + and frequency features; | dation on larger multi-
Net) Attention lightweight and robust; | domain datasets
interpretable via Grad-
2\ CAM

3 Methodology

3.1 Dataset and Preprocessing

In this study, a custom dataset was developed to detect trees affected by the
Polyphagous Shot Hole Borer (PSHB) beetle. Images were manually collected from
publicly available platforms, including Google Images, Flickr, iNaturalist, and
Wikimedia Commons, under public-domain or Creative Commons licenses to
ensure ethical compliance.



Data collection was guided by biologically relevant search queries focusing on vis-
ible PSHB symptoms such as entry holes, frass, branch dieback, and fungal growth.
These search terms were derived from established pathology studies [41, 42], ensur-
ing that the collected samples reflect real-world infestation characteristics. Compared
to randomly scraped datasets [43, 44], this targeted approach captures diverse envi-
ronmental conditions, including variations in lighting, bark texture, and infestation
intensity.

To enhance dataset reliability, only images explicitly identified as PSHB-infected in
expert-referenced sources, including forestry reports, scientific publications, and field
documentation, were retained. All images underwent manual inspection to remove
irrelevant, low-quality, or duplicate samples. Although formal annotation by certified
experts was not conducted, the use of expert-supported sources significantly reduces
labeling errors. However, minor label noise may still exist in visually subtle early-stage
cases.

After filtering, the final dataset contained 3,344 high-quality images (from an
initial 3,540), distributed as shown in Table 2. The dataset includes representative
PSHB-susceptible species such as Acer buergerianum, Platanus orientalis, and Quercus
agrifolia.

Table 2: Distribution of samples in
the dataset

Class Count | Percentage |
Infected 1,780 53.2%
Non-Infected 1,564 46.&? 7J

To ensure reproducibility, the dataset and preprocessing scripts are publicly avail-
able on Kaggle. A stratified five-fold cross-validation strategy was used to maintain
class balance and provide statistically robust evaluation.

All images were resized to a resolution of 224 x 224 pixels and normalized to the
range [0, 1] using:

Ioriginal
255 (1)
To improve generalization and simulate real-world variability, data augmentation
techniques were applied, including random rotation (+15°), width and height shifts
(£10%), zooming (up to 20%), and horizontal flipping. These augmentations increase
dataset diversity and help the model perform robustly under varying environmental
conditions. The complete dataset preparation workflow is illustrated in Figure 2.

Irescaled =
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Fig. 2: Workflow diagram showing dataset creation and preprocessing for PSHB detec-
tion.

3.2 Proposed Framework

To detect PSHB infection in tree leaves with high accuracy and interpretability,
we propose a customized DL framework named PSHBNet. This architecture was
specifically designed to capture subtle disease symptoms by combining spatial and
frequency-domain analysis with attention-based feature refinement.

Building on the preprocessed and augmented dataset described previously, the
proposed model follows an end-to-end pipeline that includes advanced convolutional
feature extraction, 2D Fourier Transiorm for texture-based differentiation, and a
channel-wise attention mechanisni to prioritize the most relevant patterns. Figure 3
shows the overall workilow of the proposed approach.
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Fig. 3: Overall methodology workflow: from data collection to model output.

The framework was developed as a binary classifier to distinguish between infected
and healthy leaf images, and it incorporates design choices aimed at enhancing both
sensitivity to visual cues and generalization across diverse image conditions.

The core components of the PSHBNet architecture are:

e Fourier Layer: A 2D Fast Fourier Transform (F'E'T) layer is applied to emphasize
repetitive spatial textures and patterns in the {requency domain that may indicate
disease-related damage.

e Convolutional Layers: Three convolutional blocks are stacked sequentially, each
followed by a max-pooling layer to down-sample the spatial dimensions while
preserving key features.

® Attention Mechanisin: Channel-wise attention is implemented using a squeeze-
and-excitation block, allowing the model to focus on feature maps with the highest
contribution to classification [45].

e Global Average Pooling and Dropout: These layers reduce dimensionality and
help mitigate overfitting by randomly deactivating neurons during training.

® Qutput Layer: A single neuron with a sigmoid activation function is used for
binary classification.

The proposed PSHBNet model processes each input image through a sequence of
layers designed for feature extraction, enhancement, and classification [46]. Let the
input image be denoted as I € RF*XWXC where H = 224, W = 224, and C = 3 (RGB
channels). The image undergoes the following transformation steps:

i. Convolutional Layer (Conv2D): A convolution operation applies a set of
learnable filters W}, € R/ > across the image, producing feature maps:

10

10



f-1f-1C-1
Vi(ig) =D 3> Wi(m,n,c) - I(i+m,j+n,c)+ b (2)
m=0n=0 c¢=0
where by is the bias term, and the operation is repeated across all channels. The
output is a feature map Y}, € RH XW'
ii. Activation Function (ReLU): To introduce non-linearity, the Rectified Linear
Unit (ReLU) activation function is applied:

Z(i,j) = max(0, Yx(4, 7)) (3)
ReLU preserves positive activations and nullifies negatives, enabling sparse
activation, which improves computational efficiency and learning dynamics.
iii. Max Pooling Layer: This layer reduces spatial dimensions while retaining dom-
inant features. A 2 x 2 window is slid across each channel, and the maximum value
is selected:

Pi(i,j) = ma[)o( | 7 (20 +m, 25 +n) (4)
m,nel0,

This yields pooled features of size H” x W/ where H" = H/2, W' = W/2.
iv. Fourier Transform Layer: To highlight periodic disease patterns, a 2D Fourier
Transform is computed:

H-1W—1
Fluv) = |30 3 I(ay)e (i) (5)
z=0 y=0 |
The absolute value ensures a real-valued spectrum is passed to subsequent

layers.
v. Second Conv2D + ReLU Block: After frequency transformation, another
convolution layer is applied for high-level feature extraction using:

X = ReLU(Conv2D(F))
vi. Channel-wise Attention Layer: This mechanism uses global average pooling
followed by two dense layers [47]:

1 H W
Se= =Y Xc(i,]) (6)
H-W

a. =o(Wy - f;eL[;(Wl - 8¢)) (7)
Xé(%]) = Qc - Xc(imj) (8)

where Wy € RCXC/T, Wy € RC/’”XC, and r = 8 is the bottleneck reduction ratio.
vii. Global Average Pooling: This operation compresses each feature map to a
single value by averaging:

11
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9)

nMs

M

Resulting in a vector g € R,
viii. Dropout Layer: Randomly sets a fraction p of the output units to 0 at each
update during training:

(10)

- 0 with probability p
9ec =
/(1 —p)

otherwise
This regularization reduces overfitting by preventing co-adaptation.

ix. Fully Connected Layer with Sigmoid Activation: The final prediction is
computed using a dense layer and a sigmoid function:

i=0() = 1

where ¢ € [0, 1] denotes the confidence of PSHB infection.
x. Binary Cross-Entropy Loss: During training, the model minimizes the binary
cross-entropy loss:

N
= %Z (yilog(#s) + (1= vi)log(l — 9s)) (13)

where y; € {0,1} is the ground truth label.

Convo2D I | Convo2D GAP T— o
— + -—1 Maxpoo! + —_— + —_— Laver e ,,‘,’,
ReLU Attention Dropout Y y

Proposed PSHB-Net Architecture

Fig. 4: PSHBNet Architecture: layers-based architecture of the proposed model.

The flow of information through the network is illustrated in Figure 4. Each trans-
formation helps distill the most relevant information from raw pixels to a binary
classification output with high interpretability. Algorithm 1 shows the overall steps
executed for disease detection and classification.
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Algorithm 1 PSHB disease detection and classification pipeline.

Require: Image dataset with two directories: infected/, non-infected/
Ensure: Binary classification label and confidence score

© ® 3> on W

10:
11:
12:
13:
14:
15:
16:
17:
18:

19:

: Resize all input images to 224 x 224 pixels
: Normalize image pixel values to the range [0, 1]
. Apply data augmentation: rotation, horizontal flip, zoom, width and height shift

. Perform 2D Fourier Transform:

M—-1N-1
Fluv)= 7 3 flay)- e +)
=0 y=0
Pass transformed image through convolutional layers with ReLU activations
Apply channel-wise attention using a Squeeze-and-Excitation (SE) block

Apply Global Average Pooling followed by Dropout

Feed final representation to a sigmoid classifier
return Disease label: 1 for infected, 0 for non-infected, with associated confidence
score

Model performance was evaluated using standard classification metrics:

TP+TN
A = 14
Ay = P Y TN+ FP+ FN’ (14)
Plecisi Tr (15)
Precigion = —————
O TP L Fp
TP
l= ————— 1
Recal TPL N’ (16)
Precision x Recall
F1- =2 1
seore " Precision + Recall’ (17)
1
ROC-AUC = / TPR(f) d(FPR(f)). (18)
0

These metrics have been computed using the scikit-learn library. Accuracy and

loss curves over epochs have been plotted to observe model convergence. All models
have been compared under identical conditions for fair benchmarking.

13
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Overall, the proposed PSHBNet model, enhanced with Fourier and attention lay-
ers, demonstrated superior classification and localization performance over baseline
models (ResNet50, MobileNetV2). The Fourier transform emphasized textural differ-
ences, while the attention block prioritized the most relevant features. The ensemble of
image preprocessing, augmentation, and architectural modifications ensured robust-
ness across varied conditions. The framework is scalable, interpretable, and ready for
field deployment for automatic PSHB surveillance in agroforestry systems.

3.3 Mathematical Justification

To reinforce the importance and soundness of our hybrid CNN model, we present the
following lemmas.

Lemma 1 (Fourier-Feature Invariance): Let f : R? — R represent an input
image. The magnitude of the 2D Fourier transform F{f(x,y)} preserves structural
frequency features under spatial transformations (translation, rotation), allowing for
robust detection.

|F{f(z — 20,y — o)} = |F{f(z,9)}| (19)
Proof Sketch: Translation in the spatial domain results in a phase shift in
the frequency domain, preserving amplitude. This invariance supports PSHB pattern
detection under varied leaf orientations.
Lemma 2 (Attention-Weighted Feature Amplification): Let X € RF*Wx¢
be an intermediate feature map. Channel-wise attention enhances the discriminability
of key features if:

E[Attention(X)] > E[X] where Attention(X) = X - o(W26(W1;GAP(X))) (20)

Implication: The attention mechanism dynamically amplifies salient infected
regions, enabling effective discrimination between infected and non-infected leaves
under low-contrast conditions:.

4 Results and Discussion

4.1 Experimental Results

This section presents a detailed performance evaluation of the proposed PSHB-Net
architecture and its comparison with state-of-the-art (SOTA) deep learning models.
The analysis includes training dynamics, ablation studies, cross-validation perfor-
mance, and baseline comparisons, supported by high-quality accuracy /loss curves and
bar-graph visualizations.

4.2 Training Behavior of All Models

Training and validation learning curves provide crucial insights into convergence
behavior and generalization capability. Figures 5-7 show the accuracy and loss
evolution for PSHB-Net, MobileNetV2, ResNet50, EfficientNetB0, and ViT.
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(a) Accuracy curve (training vs validation).  (b) Loss curve (training vs validation).

Fig. 5: PSHB-Net training and validation accuracy and loss curves.

PSHB-Net exhibits stable convergence, with validation accuracy consistently above
88-90% and a smoothly decreasing validation loss, indicating strong generalization. Its
learning dynamics demonstrate the effectiveness of combining convolutional, spectral,
and attention-based feature refinement.
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Epoch Epoch
(a) Accuracy curve. (b) Loss curve.

Fig. 6: MobileNetV2 learning curves.
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MobileNetV2 suffers from stagnation in validation accuracy (around 57-58%),
implying insufficient representational capacity for PSHB textures.

ResNet50 — Accuracy ResNet50 — Loss
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~—— Validation Loss

\ == Train Loss (EMA 0.3)
\ ~=+ Val Loss (EMA 0.3)

—— Train Accuracy
~—— Validation Accuracy
== Train Acc (EMA 0.3)
0.60{ == Val Acc (EMA 0.3)

Accuracy
°
&
&

°
@
3

0.45

20 25 30 0 5 10 15 20 25 30

Fig. 7: ResNet50 training and validation accuracy and loss curves.

ResNet50 shows unstable validation accuracy and higher loss, highlighting that
traditional ImageNet-trained filters do not transfer well to pest-infestation patterns.

Figures 5-9 present the accuracy and loss curves of all evaluated models, including
the additional EfficientNetB0 and Vision Transformer (ViT). These curves allow a
deeper understanding of each model’s learning behavior beyond the final quantitative
metrics.

EfficientNetBO — Accuracy EfficientNetBO — Loss

‘\ = Train Loss
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054
— Train Accuracy

~—— Validation Accuracy 0.682
~ Train Acc (EMA 0.3)
== Val Acc (EMA 0.3)

25 30 0 5 10 15 20 25 30

Fig. 8: EfficientNetB0 accuracy and loss curves.

EfficientNetB0 (Figure 8) shows visible instability during training, characterized
by oscillating validation accuracy and slow loss convergence. This indicates that its
compound scaling strategy, designed for natural images, struggles to capture PSHB-
specific patterns such as irregular frass deposits, bark texture distortions, or hole
clusters. As a result, while recall remains moderately high, the model is unable to
generalize effectively, yielding lower precision and overall accuracy.
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Fig. 9: Vision Transformer (ViT) accuracy and loss curves.

The Vision Transformer (Figure 9) exhibits stable training dynamics and achieves
substantially higher validation accuracy compared to other SOTA models. However,
despite good convergence, ViT still falls short of the proposed PSHB-Net. This is due
to its heavy reliance on large-scale pretraining and global attention mechanisms which,
unlike convolutional layers and FFT-based filtering, do not inherently capture local
texture variations that are critical for identifying early-stage PSHB infestation.

4.3 Ablation Study

To quantify the contribution of the Fourier layer and the attention mechanism, three
variants were tested:

i. PSHB-Net Full (FFT + SE Attention)
ii. Without FFT
iii. Without SE Attention

Table 3 summarizes all metrics. The removal of the Fourier layer reduces F1 from
0.9184 to 0.7698, demonstrating the iinportatice of frequency-domain texture encoding
for detecting boreholes, frass, and necrotic tissue.

Table 3: Ablation study metrics for PSHB-Net variants.

Vari!:ntii =Jf Accuracy | Precision | Recall F1 AUC

PSHENet _[Full 0.9294 0.9046 0.9325 | 0.9184 | 0.9763

No_FF'T 0.8098 0.7940 0.7471 | 0.7698 | 0.8943

No_Attention 0.8103 0.7807 0.8129 | 0.7965 | 0.8681
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Ablation Study - Accuracy Comparison
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Fig. 10: Accuracy bar chart for the ablation variants.

The bar graph (Figure 10) visually emphasizes PSHB-Net’s advantage, while the
radar plot (Figure 11) shows multi-metric superiority across accuracy, precision, recall,

F1, and AUC.

Ablation Study - Radar Chart —- PSHBNet Full
Precision —— No FFT

—— No_Attention

gcuracy

AUC

Fig. 11: Radar chart comparing five metrics across ablation variants.
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4.4 Five-Fold Cross-Validation

To establish robustness against data variance, PSHB-Net was evaluated using five-fold
stratified cross-validation. Results are summarized in Table 4.

Table 4: Five-fold CV results of the proposed PSHB-

Net.
Fold | Accuracy | Precision | Recall | F1 score | AUC
1 0.8779 0.9379 0.7640 0.8421 0.9621
2 0.9007 0.9124 0.8483 0.8792 0.9662
3 0.9234 0.9506 0.8651 0.9058 0.9732
4 0.9102 0.8957 0.8932 0.8945 0.9760
5 0.9005 0.8582 0.9185 0.8873 0.9671

The bar chart, illustrated in Figure 12, shows consistent performance across folds
confirming the reproducibility and stability of PSHB-Net, despite the biological vari-
ability in tree bark images. In addition, the average performance across the five folds is
as follows: Accuracy = 0.9025 + 0.014, Precision = 0.9109 + 0.034, Recall = 0.8578 +
0.055, Fl-score = 0.8818 =+ 0.023, and AUC = 0.9689 =+ 0.005. These results indicate
stable and consistent model performance across different data splits.

Cross-Validation - Metric Comparison

1.0 Metric
BN Accuracy
C » A = Precision
0.8 ‘ mmm Recall
mm F1
AUC
0.6 \
[
—
o
o
N
0.4
0.2
0.0
Fold 1 Fold 2 Fold 3 Fold 4 Fold 5
Fold

Fig. 12: Bar graphs of CV metrics across five folds.
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4.5 Comparison With SOTA Architectures

Four popular state-of-the-art (SOTA) architectures, namely MobileNetV2, ResNet50,
EfficientNetB0, and Vision Transformer (ViT-Small), were compared with PSHB-
Net.This performance gain can be attributed to the integration of frequency-domain
feature extraction and channel-wise attention, which enables PSHB-Net to capture
both fine-grained texture variations and discriminative structural patterns that are
critical for identifying PSHB infestation.

Table 5: Comparison of PSHB-Net with SOTA deep learning models.

Model Acc Prec Rec F1 AUC

MobileNetV2 0.6866 0.7079 0.7494 0.7498 0.7944
ResNet50 0.6483 0.7313 0.6752 0.6400 0.7420
EfficientNetB0O 0.5741 0.6785 0.7875 0.6875 0.6459
Vision Transformer (ViT) | 0.8803 0.8768 0.8665 0.8795 0.9117
Proposed PSHB-Net 0.9234 | 0.9506 | 0.8651 | 0.9058 | 0.9732

Figure 13 shows the comparison of the proposed PSHB-Net with state-of-the-art
models, in terms of various evaluation metrics. PSHB-Net achieves the best perfor-
mance across all evaluation metrics, outperforming all compared models, including
ViT.

SOTA Models - Radar Chart —— MobileNetV2
Precision —— ResNet50

EfficientNetBO

ViT

PSHB-Net

gcuracy

AUC
Fig. 13: Multi-metric radar plot comparing PSHB-Net with SOTA models.
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To evaluate computational efficiency, we compared the training time per epoch
of PSHB-Net with other sota models. As shown in Table 6, the proposed PSHB-
Net requires only 269 seconds per epoch, making it the fastest among all compared
architectures. In contrast, ResNet50 and ViT require 319 and 317 seconds, respectively,
while EfficientNetB0 and MobileNetV2 require 309 and 297 seconds.

Table 6: Training time and efficiency comparison per epoch.

Model Time (sec/epoch) | Relative Speed-Up (%)
MobileNetV2 297 9.43%
EfficientNetBO 309 12.94%

Vision Transformer (ViT) 317 15.15%
ResNet50 319 15.67%
PSHB-Net (Proposed) 269 —

This reduction in training time demonstrates that PSHB-Net achieves superior
performance while maintaining high computational efficiency. Such efficiency is par-
ticularly beneficial for practical deployment in resource-constrained environments and
supports real-time or near real-time applications.

4.6 Parameter Efficiency

PSHB-Net achieves superior accuracy while being significantly smaller, enabling
deployment on edge devices, smartphones, and agricultural drones. The accuracy/loss
curves, ablation bar graphs, CV bar charts, and SOTA comparison figures collectively
demonstrate that the proposed PSHB-Net architecture is ot only more accurate but
also more computationally efficient. Its combination oi FFT-based spectral encod-
ing and channel attention provides a biologically ineaningtul advantage for detecting
subtle PSHB infestation patterns.

Table 7: Parameter comparison of PSHB-Net and

SOTA models.
Model Parameters | Model Size
MobileNet V2 2.2M 8.7 MB
ResNets0 25.6M 98 MB

| EfficientNetB0 5.3M 20 MB

[ ViT-Small/32 22.1M 88 MB

| PSHB-Net (Proposed) 1.18M 4.54 MB

4.7 Model Interpretability using Grad-CAM

To provide visual interpretability and support the reliability of PSHB-Net, Gradient-
weighted ' Class Activation Mapping (Grad-CAM) was applied to representative
correctly classified infected and non-infected samples from the validation set.
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Fig. 14: Grad-CAM visualizations for correctly classified PSHR-infected samples. The
model focuses on localized bark regions exhibiting PSHB-related symptoms such as
resin exudation, boreholes, and texture irregularities.

For infected samples as give in Figure 14, the activation maps consistently highlight
localized bark regions associated with PSIB symptoms, including resin exudation,
borehole-like structures, and abunormal texture variations. This demonstrates that the
model effectively captures biologically relevant visual patterns indicative of infestation.
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Grad-CAM
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True: non-infected | Pred: non-infected
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Fig. 15: Grad-CAM visualizations for correctly classified non-infected samples. The
activations are more diffuse and distributed across the tree structure, reflecting the
absence of localized symptomatic regions.

For non-infected samples as illustrated in figure 15, the activation maps are more
spatially distributed across the tree structure, reflecting the absence of concentrated
symptomatic regions. This indicates that the model distinguishes healthy samples
based on global structural consistency rather than localized anomalies.

Overall, the Grad-CAM visualizations confirm that PSHB-Net learns meaningful
and interpretable feature represeniations aligned with domain-specific characteris-
tics of PSHB infestation. These findings enhance the transparency of the proposed
framework and support its applicability for practical monitoring scenarios. To further
summarize the observed activation behavior, Table 8 provides a qualitative comparison
of Grad-CAM patterns across infected and non-infected samples.
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Table 8: Qualitative Grad-CAM interpretation summary for correctly classified sam-
ples.

Class Activation Characteristics Interpretation
Infected Localized, high-intensity activation | Corresponds to PSHB symptoms such
concentrated on bark regions as resin exudation, boreholes, and tex-
ture irregularities
Non-Infected Diffuse and spatially distributed acti- | Reflects absence of localized symp-
vation across tree structure tomatic regions and reliance on global
structural consistency

4.8 Discussion

The experimental findings comprehensively demonstrate that the proposed PSHB-Net
achieves a substantial performance advantage over existing deep learning baselines,
conventional transfer-learning models, and lightweight architectures typically used for
plant disease identification. Across all evaluation metrics having accuracy, precision,
recall, F1 score, and AUC, the proposed model consistently outperforms MobileNetV2,
ResNet50, EfficientNetB0, and even transformer-based ViT, confirming the efficacy of
its hybrid frequency—spatial feature extraction design.

The superiority of PSHB-Net is strongly supported by the combined learning curves
(Figures 5-9), which reveal rapid convergence, minimal oscillation, and stable general-
ization throughout training. In contrast, MobileNetV2, ResNet50, and EfficientNetB0
exhibit flat or unstable validation accuracy trends, suggesting limited capacity to dis-
criminate PSHB infection patterns. Although ViT displays moderate improvement, its
performance remains below that of the proposed model, iikely due to its reliance on
texture-rich but spatially unconstrained patch embeddings, which may not capture the
fine-grained fungal, frass, and borehole textures characteristic of PSHB infestation.

Beyond the direct model comparison, the results from the 5-fold cross-validation
(Figure 12) further affirm the reliability and robustness of PSHB-Net. The proposed
model achieves an average fold accuracy exceeding 90%, with tightly clustered fold-
wise performance and minimal variance. This consistency indicates a strong feature
extraction mechanism and low susceptibility to dataset partitioning bias; an essen-
tial property for real-world ecological monitoring where tree bark samples are highly
heterogeneous.

The ablation study (Figure 10) provides deeper insight into the individual archi-
tectural contributions. Removing the Fourier layer leads to a significant performance
drop (Accuracy: 92.94% — 80.98%), demonstrating that frequency-domain rep-
resentations play a crucial role in capturing PSHB-specific texture cues such as
frass deposits, micro-holes, and bark surface granularity. Similarly, removing the
channel-attention module degrades performance, confirming its role in enhancing
discriminative features by dynamically reweighting channels relevant to infection
regions. These findings directly justify the architectural novelty and necessity of both
components in PSHB-Net.

A key reason for the strong performance of PSHB-Net is its parameter efficiency.
With approximately 1.18 million parameters, PSHB-Net is dramatically smaller than
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ResNet50 (25.6M parameters) and ViT-Small/32 (22M+ parameters). Despite its com-
pactness, PSHB-Net achieves the highest accuracy and AUC in all experiments. The
parameter-to-performance ratio demonstrates that the proposed hybrid architecture is
not only more accurate but also computationally efficient, making it suitable for mobile
deployment, in-field agricultural scanners, and real-time forest health monitoring
systems.

Biologically, PSHB infection manifests through fine localized cues, including cir-
cular shot holes, white fungal ooze, tunneling patterns, external frass dust, and
discoloration; that often occur at micro-structural frequencies rather than broad spa-
tial patterns. Conventional CNNs trained on natural images fail to prioritize these
cues. The 2D Fourier layer in PSHB-Net is specifically capable of transforming such
subtle spatial textures into high-frequency signatures, enabling the model to differen-
tiate between infected and healthy leaves even under varying lighting, bark roughness,
or environmental occlusions. When combined with channel attention, the network
effectively highlights biologically relevant patterns while suppressing irrelevant back-
ground noise. This explains the strong recall and high AUC achieved by the model,
indicating reliable detection of infected samples and effective class separability.

The results of SOTA comparison (Figure 13) clearly indicate that PSHB-Net
surpasses all evaluated benchmarks, including transformer-based ViT and modern
convolutional architectures such as EfficientNet. ViT achieves relatively strong per-
formance among the baselines, but its lower precision suggests difficulty in avoiding
false positives, a limitation unacceptable in forestry management contexts where
misclassification may lead to unnecessary removal or quarantine of healthy trees.
PSHB-Net maintains a highly favorable balance between sensitivity (recall) and speci-
ficity (precision), making it more practical and trustworthy for real-world disease
surveillance.

The aggregated comparisons across ablation variants, SOTA models, and K-fold
validation (Figures 10, 12, 13) conclusively show that PSHB-Net is the most accurate,
robust, and biologically aligned model tested. Its integration of frequency-domain pro-
cessing and channel attention directly addresses the limitations of traditional CNNs
trained on ImageNet, which lack the inductive bias necessary for PSHB symptomology.

Overall, the evidence strongly supports the conclusion that the proposed PSHB-
Net is not only a technically superior architecture but also one that is scientifically
well-grounded and operationally suitable for practical ecological deployment. Its low
parameter count, strong generalization, high interpretability, and superior detection
performance together position it as an effective and scalable solution for early detection
of PSHB infestation in forestry and agricultural ecosystems.

4.9 Limitations and Broader Impacts

While the proposed PSHBNet model demonstrates strong accuracy and generaliza-
tion, several limitations remain. First, the dataset although diverse; may still contain
latent biases arising from the over-representation of certain tree species and geographic
regions. Most collected images originate from temperate environments, which could
limit the model’s ability to generalize across tropical or arid ecosystems. In addition,
despite applying data augmentation, minor class imbalance persists between infected
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and non-infected samples, potentially influencing decision boundaries under extreme
noise conditions.

Second, the dataset primarily comprises close-up leaf and bark images captured
under controlled or semi-controlled lighting. Field deployment will involve additional
noise factors such as motion blur, shadows, and background clutter that can degrade
inference accuracy. To address these, future work will include domain-adaptation and
robust-training strategies that account for such environmental variations.

From a societal perspective, the proposed framework offers practical benefits for
forestry and agriculture by enabling early detection of PSHB infestations through
low-cost imaging devices or mobile-based platforms. This can empower smallholder
farmers and forest-management teams to identify infestations before significant eco-
logical damage occurs. However, the integration of such Al-driven monitoring systems
must also consider privacy and ethical aspects, particularly when deployed in pub-
lic or private lands. All data used in this study were sourced from open, license-free
repositories to avoid copyright or privacy violations.

Future research will involve conducting controlled field trials in collaboration with
forestry departments, integrating PSHBNet with Internet-of-Things (IoT) sensor net-
works, and evaluating performance under dynamic lighting and weather conditions.
Such on-site assessments will help translate the current research into deployable,
trustworthy solutions for sustainable ecosystem management.

4.10 Future Work

The current model is for the binary classification, identifying only the presence or
absence of PSHB infestation. To enhance its utility, we intend to expand the dataset to
encompass a broader spectrum of tree diseases, enabling multi-class classification. This
will be supported by the implementation of advanced feature extraction techniques
and the development of hybrid neural network architectures, which integrate com-
plementary model strengths to improve classification accuracy in complex real-world
environments. We aim to incorporate explainable Al techniques, supported by tools
such as Graddcam, to visualize and quantify the spatial extent of PSHB infestation.
This will assist in identifying atfected zones for targeted quarantine and containment
to prevent further spread.

5 Conclusion

This study presents PSHB-Net, a hybrid deep learning framework for the early detec-
tion of Polyphagous Shot Hole Borer (PSHB) infestation using image-based analysis.
The proposed architecture integrates convolutional feature extraction with frequency-
domain representation and channel-wise attention, enabling effective capture of subtle
texture and structural patterns associated with PSHB infection. Experimental results
demonstrate that PSHB-Net consistently outperforms state-of-the-art models, achiev-
ing high accuracy, strong generalization across cross-validation folds, and superior
performance in ablation and comparative analyses. The inclusion of frequency-domain
features significantly enhances the model’s ability to identify fine-grained infection
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cues, while the attention mechanism improves discriminative feature learning. Fur-
thermore, Grad-CAM-based interpretability analysis confirms that the model focuses
on biologically relevant regions, enhancing transparency and reliability for practical
applications. The model’s low parameter count and computational efficiency make it
suitable for deployment in real-time monitoring systems, including mobile devices and
field-based agricultural platforms.

Overall, the proposed approach provides an effective, scalable, and interpretable
solution for early PSHB detection, with potential to support sustainable forest
management and reduce ecological and economic damage caused by invasive species.
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