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Abstract: The identification of defects in apple leaf specimens is crucial for mitigating crop loss and
maintaining harvest quality. This study investigates the applicability of an intensity detection sim-
ulation integrated optical cross-sectional modeling method for detecting defective apple leaf speci-
mens. The technique utilizes a customized 840 nm optical coherence tomography (OCT). The
method involved using a peak-intensity detection technique to analyze OCT signal intensity varia-
tions in multi-layered leaf structures. Results demonstrate potential of the method to identify mor-
phological differences between leaf specimens from healthy and infected trees and, specifically,
healthy leaf specimens from infected trees. Implementing this method enables cost savings through
timely interventions to reduce the impact of leaf defects on crop production.

Keywords: Spectral Domain Optical Coherence Tomography; Defective Apple Leaves; Intensity
Detection Simulation; Agricultural Inspection

1. Introduction

The apple (Malus domestica) is a globally significant fruit crop, widely cultivated for
its high nutritional value and diverse uses, including but not limited to fresh consump-
tion, processed products, and nutritional supplements. Its broad range of uses and health
benefits make apple production economically significant in the global agricultural sector.
Maintaining the health of apple trees is essential for sustaining both crop quality and
yield, as apples are one of the leading contributors to global fruit production. Currently,
apple ranks as the third most produced fruit worldwide as shown in Figure 1 [1].

The defectiveness of apple leaf specimens can cause significant crop loss and reduc-
tion of harvest in susceptible cultivars [2]. Most of these leaf defects frequently occur due
to various apple diseases [3]. The leaf defects cause discoloration and leaf loss, resulting
in the early dropping of fruits. Therefore, these leaf defects should be identified at an early

Eng. Proc. 2024, 6, x. https://doi.org/10.3390/xxxxx

www.mdpi.com/journal/engproc



Eng. Proc. 2024, 6, x FOR PEER REVIEW 2 of 8

stage and controlled to maintain apple yield. With the increasing demand for fruit quality
assurance and growing interest in fruit security, non-destructive, accurate, cost effective,
and reliable inspection methods have gained strong demand and attention in agriculture.
Effectively controlling leaf defects requires prompt detection methods that can identify
symptoms in their early stages.
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Figure 1. Global fruit production in 2022, showing the top 10 varieties in Million Metric Tons (MMT)
(Adapted from [4]).

Initial identification of plant diseases is mainly based on direct manual visual obser-
vation. However, it is often subjective and inaccurate, leading to improper management.
Current Early Detection Technologies (EDTs) such as Polymerase Chain Reaction (PCR)
and real-time PCR are effective for identifying pathogens through DNA amplification [5].
Despite that, they require prior knowledge of pathogen sequences and are influenced by
factors such as DNA extraction quality and reagent conditions. Although DNA sequenc-
ing is important for pathogen detection, it is limited by cost, time, technical requirements,
and infrastructure. Spectroscopy methods, such as hyperspectral imaging and Near-Infra-
red Spectroscopy (NIR), can detect disease-specific signatures but are hindered by com-
plexity and expense.

Other methods include immunological techniques such as Immunofluorescence As-
say (IFA) and Enzyme-Linked Immunosorbent Assay (ELISA), which detect pathogen-
specific antibodies or antigens, although they have limitations in sensitivity and accuracy.
Lateral Flow Immunoassay (LFIA) offers fast, field-friendly testing but lower precision,
while microscopy allows detailed examination but is time-consuming and equipment-in-
tensive. Advanced techniques such as Flow Cytometry (FCM) and Fluorescence In Situ
Hybridization (FISH) provide high sensitivity and multi-parameter analysis. However,
they face challenges such as autofluorescence, photobleaching, and high costs [6]. Sensor-
based technologies, including remote sensing, monitor environmental and physiological
conditions, though they may not detect diseases at the microscopic level [7]. Biomarkers
indicate disease stress but may not offer real-time detection.

Plant inspection technologies that enable in vivo imaging have commonly included
Magnetic Resonance Imaging (MRI), X-rays, Positron Emission Tomography (PET), and
confocal microscopy [8,9]. However, their applicability has been limited due to the low
resolution and slow image acquisition speed. Table 1 summarizes a comprehensive com-
parison of several plant disease detection methods.
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Table 1. Current Available Methods for Detecting Plant Diseases Induced by Pathogens.

Techniques

Key Features Limitations

Limited accuracy; Subjectiv-
ity; Inability to identify

Direct visual examina- Easy to perform; Special equip-  early-stage symptoms ; Re-
tion ment is not required. lies solely on visible symp-
toms that manifest late in
the disease progression
DNA Sequencing Precise pathogen de.t.ec.:tion; DiseaseLimit.ed by COS’F and time;.
management capabilities Requires technical expertise.
Widely used method; Portable; Prior knowledge of patho-
PCR Easy and efficient technique with gen DNA required; influ-
quick results; Low cost enced by DNA extraction,
Real-time PCR PCR inth real-time detection; Early in.h.ibitors, and reagent con-
detection ditions.

ELISA

Visual color change for identifica-

. Low sensitivity to bacteria.
tion; Low cost

IFA

High sensitivity; Visualizes the tar-

get distribution Subject to photobleaching.

NIR

Captures functional groups and
compounds in the visible and near- High cost and complexity
infrared region

Hyperspectral Imaging

Complex applications; Ex-

Identify disease-specific signatures pensive technology

FISH

Autofluorescence; Photo-

FCM

LFIA

High sensitivity bleaching
Multi-parameter measurement;  High cost; Produce over-
Rapid method whelming data
Lower accuracy compared
Fast and field-friendly testing to other molecular tech-
niques

Microscopy (Light and
Electron)

Offers a comprehensive examina- Time-consuming; Special
tion of plant tissues equipment required.

Sensor-based Technolo-

Remote monitoring of environmen-Not applicable at the micro-

gies tal and physiological conditions  scopic level
. Indicate disease stress to monitor . .

Biomarkers . No real-time detection
health conditions.

MRI Comparatively limited reso-

Confocal Microscopy lution for identifying finer

PET Offer in vivo imaging for plant in- details of plant disease
spection. symptoms; Longer image

X-rays acquisition times; Inherent

restrictions

Abbreviations: Deoxyribonucleic Acid (DNA), Enzyme-Linked Immunosorbent Assay (ELISA), Flu-
orescence In Situ Hybridization (FISH), Flow Cytometry (FCM), Immunofluorescence Assay (IFA),
Lateral Flow Immunoassay (LFIA), Magnetic Resonance Imaging (MRI), Near-Infrared Spectros-
copy (NIR), Polymerase Chain Reaction (PCR), Positron Emission Tomography (PET), and X-radia-

tion (X-rays).
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These potential challenges highlight the rising demand for the development of a non-
invasive optics-incorporated, high-resolution imaging method, which generates real-time
visualizations to detect plant diseases in the agriculture sector.

Among growing trends in imaging techniques, OCT is robust imaging technique ca-
pable of capturing both Two-Dimensional (2D) and Three-Dimensional (3D) images in
micrometer scale resolutions [10]. The significant imaging depth, high resolution, high
sensitivity, and rapid acquisition speed of OCT make it an effective technique, extensively
used in the past decade for identifying plant diseases, monitoring growth, and assessing
microbiological parameters [11-15]. Moreover, several reports have revealed the success-
ful applications of OCT for the morphological analysis of plant tissues, highlighting its
utility in plant disease detection [16-19].

The aim of this study was to explore the morphological differences between healthy
and defective apple leaf specimens at an initial stage. An intensity detection simulation
integrated with optical cross-sectional modeling, known as OCT, was developed as a non-
destructive imaging model that provides cross-sectional and depth-resolved quantitative
information.

2. Materials and Methods
2.1. Preparation of Plant Materials for Disease Detection

The apple leaf specimens used in the experiment were collected from apple orchards
in Sangju, Gyeongbuk Province, Korea. To investigate morphological variations, the spec-
imens were collected at random from both healthy and infected trees. The experiment was
conducted within 2 h of sample collection to preserve the biological integrity of the spec-
imens.

2.2. Optical Cross-Sectional Modeling Method

The schematic representation of the custom Spectral Domain OCT (SD-OCT) system
for optical cross-sectional modeling is illustrated in Figure 2. The system uses a broadband
laser light source (Ao = 840 nm, Exalos Ltd., Switzerland) with a Full Width at Half Maxi-
mum (FWHM) of 65 nm. The laser beam is divided into reference and sample paths using
a 50:50 optical fiber coupler. A galvanometer-based optical scanner is used for the trans-
verse scanning of leaf samples. Backscattered signals from both the sample and reference
paths are interfered with at the coupler and detected by a 4096-pixel line scan camera
(spL4096-140 km, Basler, Germany).

To distribute the light components at the detection end, a transmission-type diffrac-
tion grating with a spatial frequency of 1200 Ip/mm (Wasatch Photonics, USA) and a nom-
inal diffraction angle of 46.05° is used. A wavenumber linearization technique is applied
to enhance axial resolution and signal sensitivity, thereby improving the Signal-to-Noise
Ratio (SNR) and correcting for any distortion in the Point Spread Function (PSF). During
the scanning, cross-sectional images of the specimens are captured, focusing on healthy
samples from unaffected trees, seemingly healthy leaves from infected trees, and defective
samples from infected trees.
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Figure 2. The schematic of the optical cross-sectional modeling method.

2.3. Intensity Detection Simulation Technique

The intensity detection simulation technique was primarily developed based on the
OCT signal intensity from the amplitude scan (A-scan) depth profile, acquired through
the multi-layered structure and variations in the absorption coefficient. Figure 3 shows the
comparison of amplitude depth scans obtained from healthy (Figure 3a) and defective
(Figure 3b) apple leaf specimens. The data from each blue and red peak correspond to the
characteristics of the individual layers of the leaf specimens. The indicated AH specifies
the peak height information of healthy layers, while AW indicates the peak width infor-
mation of these layers.

aAw,

infected

Defective

Figure 3. The graphical description for intensity detection simulation technique.

For the A-scan depth profiles, a refractive index of 1.42 was used. An automated in-
tensity detection algorithm, developed with C++, was implemented to identify corre-
sponding intensity positions along the depth axis in all collected 2D OCT images. Due to
the physical characteristics of the leaf samples, the 2D OCT images were initially unflat-
tened. During the inspection phase, a cropped window containing 50 intensity signals
(OCT axial intensity lines) was applied in real-time to establish the Region of Interest
(ROI). The algorithm systematically detected the peak intensity in each A-scan line. The
identified maximum intensity positions from all 50 A-scan lines were then rearranged and
indexed linearly to create a flattened 2D OCT image. Finally, the A-scan lines within this



Eng. Proc. 2024, 6, x FOR PEER REVIEW 6 of 8

flattened 2D OCT area were combined and averaged to generate a single average signal
intensity plot, which is further detailed in the results section.

3. Results and Discussion

To characterize the morphological variations of the three leaf categories, cross-sec-
tional images were captured using OCT imaging. Figure 4 compares the models of healthy
leaves (Figure 4a), seemingly healthy leaves from infected trees (Figure 4b), and defective
leaves (Figure 4c). The rectangular regions indicate the ROl in the intensity detection sim-
ulation. In healthy specimens, distinct leaf layers are clearly visible (Figure 4a). In contrast,
the layers appear defective in seemingly healthy specimens from infected trees (Figure
4b). The third defective leaf category shows further loss of layer detail, with the formation
of a single merged layer (Figure 4c).
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Figure 4. The morphological and depth direction intensity comparison between (a) healthy leaf
specimens (b) apparently healthy leaf specimens from infected trees, and (c) defective leaf speci-
mens. Depth profile comparison showing signal peak intensity variations and layer information for
(d) healthy, (e) apparently healthy, and (f) defective leaf specimens.

Figures 4d-f show a comparative visualization of intensity detection depth profiles
for healthy, apparently healthy, and defective leaves, revealing significant variations in
peak intensity and the number of identifiable peaks. In Figure 4d, the depth profile for
healthy leaf samples shows multiple peaks, with the first peak corresponding to the top
layer of the leaf. This allows for the identification of three visible layers (layer 1 to layer
3), showing that the optical properties of healthy leaves facilitate effective imaging and
analysis. The entire leaf structure can be detected within a depth range of 100 um, indi-
cating that healthy specimens maintain their structural integrity and optical clarity. In
contrast, Figure 4e presents the depth profile for apparently healthy leaf specimens, with
a marked reduction in the number of visible layers. This finding suggests that although
these leaves appear healthy externally, underlying structural changes may be occurring,
potentially indicating early stages of infection or stress. The diminishing depth infor-
mation further emphasizes the need for careful monitoring of such specimens, as the loss
of layer detail could compromise overall leaf health and function. Figure 4f illustrates the
depth profile of defective specimens, limited to only 25 pm, indicating a significant reduc-
tion in depth range. The profiles show a pronounced merging of the leaf layers into a
single peak, indicating a loss of distinct structural integrity. This result reinforces the hy-
pothesis that defective leaves show considerable morphological changes due to disease or
environmental stress, affecting their optical properties and, consequently, their viability.



Eng. Proc. 2024, 6, x FOR PEER REVIEW 7 of 8

These qualitative and quantitative analyses demonstrate a clear correlation between
the OCT images and the intensity detection simulation depth profiles. The ability to dis-
tinguish between healthy, apparently healthy, and defective leaf specimens based on
depth profile characteristics underscores the potential of this method for early detection
of leaf defects. Implementing this technique in practical settings could enhance the accu-
racy of disease diagnosis in apple orchards, enabling timely interventions that may reduce
crop loss and improve harvest quality.

4. Conclusions

Quantitative and morphological analyses offer significant advantages for diagnostic
evaluations of plant material defects. This study investigated the capability of an intensity
detection simulation integrated with an optical cross-sectional modeling method called
OCT to assess the quality of apple leaf specimens collected from plantations in Korea. The
depth-direction intensity detections and optical cross-sectional models demonstrated that
this imaging modality effectively diagnoses and distinguishes defective apple leaf speci-
mens from healthy ones through cross-sectional thickness analysis, a distinction that is
not possible with visual inspection alone. Thus, the proposed method presents an ideal
solution for detecting defective leaf specimens, facilitating effective disease management
in apple cultivation and leading to fruitful outcomes in the agricultural industry.
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